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Abstract

Different climate models predict different amounts of future warming over the 21st
century. Such uncertainty of future warming projections can be narrowed down by
emergent constraints identified based on the relationships between projected warming
across climate models and observable features of simulated past climate or climate
change.

For global means of projected 21st-century warming, using the observed historical
global mean near-surface air temperature (GSAT) trend as a constraint results in a
relatively low warming relative to unconstrained projections. Using climatological
cloud metrics, robusthistorical predictors with reduced influence ofinternal variability,
to constrain future warming produces a relatively high warming. Such different ranges
of constrained projections can be likely explained by the influence ofinternal variability
in the constraint. By removing the unforced internal variability in historical GSAT
trends, this study identifies a relatively higher 21st-century warming range than a
constrained projection based on the raw GSAT trend, and brings GSAT trend
constrained projections into much closer agreement with projections constrained using
climatological cloud metrics. Regarding regional constraint of projected 2 1st-century
warming, this study demonstrates the skill of global metrics relative to regional ones,
and justifies the climatology cloud metrics alone can robustly constrain regional
warming over extratropical Northern Hemisphere.
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Figure AD.S6 The correlation coefficient between historical GSAT trend (based on
differentinitial years and the different final years) and future projected warming
between 1995-2014 and 2081-2100 under SSP5-8.5. The y-axis represents the start
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difference between panel (b) and (a). The shading areas in panel (c) represent two
correlation coefficients that are significantly different from each other at level 0.05.
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Chapter 1. Introduction

Climate projections are generally based on results from multiple climate or Earth
System Model simulations [e.g. the Coupled Model Intercomparison Project Phase 6
(CMIP6), (Eyring et al. 2016)]. There are three main sources of uncertainty in model
projections of climate change (Hawkins and Sutton 2009): that due to uncertainty in
future anthropogenic forcings scenario uncertainty, due to internal climate variability,
and due to uncertainty in the model difference of physical climate response. Projected
future baseline emissions depend on the economic development processes, and societal
choices (Riahi et al. 2017). Internal variability can be estimated by uncertainties from
multiple initial condition ensembles of a single specific model. Multi-model ensembles
canserveasa way of probing inter-model differences. For a specified emission scenario,
the projection uncertainty based on multi-model ensembles is an obstacle to making
confident and accurate future climate projections as models may not have equally
plausible consistency with evidence from observations, theory, or process
understanding (Caldwell et al. 2018; Jimenez-de-la-Cuesta; Mauritsen 2019; Nijsse et
al. 2020; Tokarska et al. 2020). The multi-model mean may be biased relative to actual
climate change when a number of models have systematic errors, or many closely
related models are included. In addition, the spread in projected warming (e.g. in
CMIP6) is too large to inform climate policies (Lee etal. 2021). Hence, it is important
to narrow the raw spread of model ensembles. The so-called emergent constraints
approach is designed to reduce the model spread by examining the collective behavior
that emerges unexpectedly in climate model ensembles such as those assembled for the
CMIPS5/CMIP6. Specifically, emergent constraints rely on there being a physically
explainable empirical relationship between an observable model metric over the
historical period and future model projections (Hall and Qu 2005; Allen et al.2002).
This connection is applied to constrain projections using a range of statistical
approaches, including linear regression, weights, detection and attribution methods and
Bayesian methods (Allen et al. 2000; Bindoff'etal. 2014; Gillett et al. 2021; Stott and
Kettleborough 2002; Stottetal. 2006; Brunneretal. 2020a; Brunneretal. 2020c¢; Knutti
et al. 2017; Nijsse et al. 2020; Tokarska et al. 2020; Renoult et al. 2020; Ribes et al.
2021b; Ribes etal. 2022; Rougier etal. 2013).

This dissertation explores ways to constrain the uncertainty of future global mean
warming (Chapter 2), assesses its sensitivity to different historical predictors (Chapter
3), investigates observationally constrained warming over regional scales (Chapter 4),
and develops an interpretation of the relatively low constrained future global mean
warming derived by constraining with the historical warming trend (Chapter 5). The
specific research questions addressed are explicitly stated at the beginning of each
chapter.

The following four sections in this chapter (Section 1.1- Section 1.4) serve as
background information about the observationally-constrained future projections, and
provide a brief review of the current literature relevant to this topic.



1.1 Constraining uncertainty of future global mean warming using the past
warming trend

The global temperature change is approximately proportional to the radiative forcing
and models with stronger climate feedbacks exhibit more warming in both the past and
the future. Many studies rely on this concept to suggest future warming based on past
warming (Jimenez-de-la-Cuesta and Mauritsen 2019; Nijsse et al. 2020; Tokarska et al.
2020). The relation between past and future warming is often obscured by time-varying
climate feedbacks and uncertain aerosol forcing, especially in the historical period
(Nijsse et al. 2020; Tokarska et al. 2020). However, this inter-model correlation
(between past and future warming) has become significant over recent decades due to
the greenhouse gas induced warming dominating the observed warming with a small
aerosol-induced temperature change. Therefore, historical warming can theoretically
serve as constraint to narrow the uncertainty of future warming, which is also
dominated by greenhouse gases. For example, Nijsse et al (2020) find a robust
correlation between post-1970s warming and transient climate response (TCR) in the
CMIP6 and CMIP5 models. As the observational record continues to lengthen,
observed warming trends for the post-1970s period could be a good metric to constrain
projected warming. Recently, Tokarska et al. (2020) applied a regression-based
approach to constraina lower future warmingrelative to unconstrained projections from
CMIP6 simulations using observed warming trendsas a constraint. In Chapter 2, [ apply
a complementary weighting-based approach to constrain 215t century warming using
the CMIP6 archive. My study evaluates the performance of a weighting method using
a historical warming metric and compares with unweighted results. The results of
Chapter 2 are published as Liang et al. (2020).

1.2. The sensitivity of constrained projected warming to different historical
predictors

Model differences in simulated changes of shortwave reflection by low-level clouds in
the tropics and midlatitudes dominate the uncertainties in equilibrium climate
sensitivity (ECS) in past multi-model intercomparisons (Brient and Schneider 2016;
Vial et al. 2013). Therefore, cloud related properties are promising for use as an
emergent constraint. Caldwell et al. (2018) use a feedback decomposition analysis to
evaluate the performance of several emergent constraints on ECS and show that only
four of nineteen cloud constraints on ECS proposed in the literature can be considered
physically credible.

As discussed in Section 1.1, recent analyses using the historical surface air temperature
warming trend as a constraint favor low climate sensitivity models (Nijsse et al. 2020;
Tokarska etal. 2020). However, higher climate sensitivity models are generally found
to be in better agreement with observational constraints using cloud related metrics
(Bretherton and Caldwell 2020; Brient and Schneider 2016; Caldwell et al. 2018; Zhai
et al. 2015). In Chapter 3, I examine differences in projected warming based on these
two constraints, and conduct a thorough comparison between cloud- and surface



temperature-based constraints in the observational constraint framework. The results of
Chapter 3 are published as Liang et al. (2022)

1.3. Constraining climate model responses with observations over regional scales

Many studies show that large intermodel differences exist in modeling the magnitude
of regional warming under climate change (Davy and Outten 2020; Lehner et al. 2020),
but only a few attempts have been made to apply observational constraints at the
regional scale where uncertainties are large (Brunner et al. 2019; Brunner et al. 2020a;
Hegerletal. 2021). However, Brunner et al. (2020c) and Hegerl et al. (2021) point out
that diverse lines ofevidence (e.g. different metrics as well as differentapproaches give
different projections) lead to diverging constraints; and suggest that additional work is
needed to understand how the underlying differences between methods lead to such
disagreements.

In Chapter 4, I evaluate and constrain the projected surface air temperature averaged
over sub-continental regions in the extratropical Northern Hemisphere, based on a set
of potential constraints including global average climate metrics related to climate
sensitivity as well as a series ofregional climate metrics previously usedin the literature.
Theresults of Chapter4 coresponding to Chapter 4 are submitted as Liang etal. (2023a).

1.4. The reasons for lower future constrained global mean warming by applying
the historical warming trend as a constraint

There are some discrepancies in constrained projections with different metrics, e.g.
higher climate sensitivity models are generally found to be in better agreement with
observational constraints using cloud related metrics, while the historical surface air
temperature warming trend finds the high sensitivity models to be less consistent and
suggests that they might overestimate the future warming trend (Nijsse et al. 2020;
Tokarska etal. 2020). However, constrained projections can be biased due to a strong
influence of internal variability on the observed historical warming trend. In Chapter 5,
we assess the influence of unforced internal variability on the past warming trend, and
remove the influence of unforced internal variability in this predictor when using it as
an emergent constraint. The results of Chapter 5 coresponding to Chapter 5 will be
submitted as Liang etal. (2023b).

1.5. Structure of this dissertation

This dissertation explores the observationally constrained projections over global and
regional scales, as specified in the Chapter 2-5.

Each of these four research areas is explained in more depth in the subsequent Chapters
2,3,4 and 5, respectively. Each chapter contains motivation, specific research questions,
methods and preliminary results that are relevant for each project. Chapter 2-5 in this



dissertation investigated key aspects of constraining model uncertainty of projected
warming, focusing on the performance of historical metrics as well as the role of
internal variability in constrained projections. Notably, the understanding of the impact
and importance of accounting for internal climate variability on the constrained
projections evolved overthe course of my research. Chapter2 reflects my understanding
of internal variability at the time when Liang et al. (2020) was published, which
subsequently evolved towards a view that gives internal climate variability much
greater importance as in Chapter 5. The general conclusions are reported in Chapter 6.



Chapter 2. Climate model projections of 215t century global warming
constrained using the observed warming trend

This chapter has been published as:

Liang, Y., Gillett, N. P., & Monahan, A. H. (2020). Climate model projections of 21st
century global warming constrained using the observed warming trend. Geophysical
Research Letters, 47(12), e2019GL086757.

2.1 Introduction and motivation

Uncertainties in climate model projections of future climate change result from the use
of different emissions scenarios, model imperfections, and natural variability (Deser et
al. 2012; Knutti and Sedlacek 2013; Knutti et al. 2017). The Fifth Assessment Report
(ARS5) ofthe Intergovernmental Panel on Climate Change (IPCC) included a range of
model projections of long-term warming without any performance-based weighting
(Collins etal. 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 scenario simulations in CMIP6 were coordinated by the
ScenarioMIP project (O'Neill et al. 2016), and are driven by anew 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 equilibrium climate sensitivity (ECS) compared with previous
versions of these models in CMIP5 (Gettelman etal. 2019; Sellar et al. 2019; Swart et
al. 2019; Voldoire etal. 2019; Zelinka et al. 2020a), 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 etal. 2019a; Gillett 2015; Knutti etal. 2017; Lorenz et al. 2018). In addition,
CMIP6 includes multiple versions of similar models with differing resolution or
differing model components. Itmay notbe appropriate to use the arithmetic multimodel
mean across all models given that the multimodel ensemble includes multiple closely-
related versions of some models, which are notindependent (Knuttietal. 2013; Masson;
Knutti 2011b). Here we apply a weighting method defined by (Knutti et al. 2017),
following Sanderson etal. (2015a,2015b;2017). This method weights climate model
simulations based on performance and independence (Brunner et al. 2019a; 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'seaice and temperature meanstate, variability and trends, showing thatthe weighting



reduces model spread and projects a more rapid sea ice decline than the unweighted
ensemble.

A recent study by Jiminez-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
temperature 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 and Mauritsen 2019; Nijsse et al. 2020). The aerosol cooling exhibited an
increase up until around 1970, with strong differences in forcing and response between
models, 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
and 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
215t century warming, weighting simulations based on their historical temperature
trends. In Section 2.2 we describe the data sets and the methods used. Our results are
shown in Section 2.3. 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 2.4 contains a summary and conclusions.

2.2 Data and methods

2.2.1 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, including
multiple initial condition ensembles for individual models are considered in our
analysis. Thirty models with up to 50 ensemble members each are included in the
analysis (see Table AA.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.

2.2.2 Observations

The HadCRUT4 dataset 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 and Oliver 2006; C3S 2017). In our model
analysis we generally consider globally-complete GSAT rather than using blended near-
surface air temperature over land and ice and SST over the ocean masked with
observational coverage as in HaddCRUT4 (GMST). We calculated both the multi-model
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
multi-model 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 estimate 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 ERAS (C3S, 2017) to calculate the
difference in simulated and reanalysis climatologies (Text AA.SI).

2.2.3 Imperfect model test

In order to compare the performance of the weighting method compared with
unweighted averages, we conduct 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
predictthis ‘truth’. We also consider probabilistic validation of the imperfectmodel 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 models. 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.

2.2.4 Weighting Method

The weighting method used in this study is described by Knutti et al. (2017) and is

based on Sanderson etal. (2015a, 2015b). The weights w; (defined for each ensemble

member for each model) account for both model performance and interdependence:
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In the numerator of Eqn (2.1), D; is the distance of model i to observations. The
parameter op controls how strongly model performance is weighted. For large values



of op the weight given to each model is approximately equal. Small values of this
parameter imply a more stringent constraint, putting mostofthe weighton a few models.
In the denominator of Eqn (2.1), M is the number of simulations, S;; is the distance
between models i and j, and o, the parameter that controls how strongly models are

penalized due to similarity to othermodels (Knuttiet al. 2017; Lorenz etal. 2018). Both
D; and §;; areevaluated here as absolute differences in 1970-2014 temperature trends

(simulated and observed for D;, pairs of simulated for S;;) normalized by their median
across models. The method we use to calculate o, (Text AA.S1) is that proposed by

Brunner etal. (2019a), and the method we use to calculate the shape parameter op is
that described by Knuttietal. (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 determining 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 selection process repeated 5000 times (note that
models with small ensembles less effectively sample the range of internal variability).
For each random set of realizations, we determine op as described in Text S2 of
Appendix 1. 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 AA.S2). In this
sensitivity analysis, the ensemble mean is used in the distance measure D; 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 combines 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 performance of the
weighting method, we compare results with those obtained by giving equal weight to
each model.

2.3 Results

2.3.1 Selection of time period

The primary quantity thatwe use to weightmodels 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 multi-model ensemble (Text S4 in
Appendix 1; Figure 2.1a; the correlation coefficient is 0.80). This correlation has the
highest such correlation out of a range of time periods we considered (Text S4 in



Appendix 1). 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 and Mauritsen 2019;
Nijsse et al. 2020).



10
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Figure 2.1 (a) Scatterplotof projected 2081-2100 warmingrelative to 1995-2014 under
the SSP5-8.5 scenario againstsimulated 1970-2014 trends in GSAT. Colors correspond
to those used in panel b. Observed GSAT trends as in black dashed line. Inset
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probability density function (PDF) for correlation cofficient between GSAT trend and
future warming based on 5000 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% rangg,
and the vertical tick shows the mean. (b) Comparison of simulated (coloured 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 members in each model.

We also evaluate the correlation coefficient between the GSAT trend and future
warming, randomly sampling one ensemble member per model (and repeating this
process 5000 times; Text S4 in Appendix 1). The corner plot of Figure 2.1a shows the
distribution of correlation values. The correlation is always relatively high, with amean
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 2.1b 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 climate 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 CanESMS, UKESM1 and CESM-WACCM show trends
that are significantly higher than observed GSAT trends at the 5% level, based on a t-
test.

2.3.2 Evaluation of the weighting method
2.3.2.1 Imperfect model test

In orderto evaluate the performance ofthe 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 in Appendix 1). 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 (7) between pseudo observations and statistical model predictions (Fig 2.2).
This procedure is repeated for 5000 random samples from the full set of model
simulations. As shown in Figure 2.2a-b, the weighted results using the GSAT trend
show better performance than the unweighted results both for the historical period and
future projections, as measured by both correlation and RMSE. The mean RMSE
difference across the 5000 samples is 0.004 K/y for the historical trend, and 0.04 K and
0.12K respectively for projected changes in 2041-2060 and 2081-2100). Compared
with unweighted projections, the weighting method results in robustly large and
positive correlation coefficients between pseudo observations and mean predicted
warming (Figure 2.2¢). While the correlation 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-
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observations, the ensemble of remaining models will tend to have weaker trends than
average across the full ensemble and vice versa. Itis evident from Figure 2.2 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 (Fig AA.S2,Table AA.S4).
This result is strongly influenced by the small number of models with high climate
sensitivity and large ensembles.
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Figure 2. 2 Reductions in RMSE due to the application of the weighting approach, and
correlations between mean weighted projections and pseudo-observations based on an
imperfectmodel testwith one ensemble member randomly selected per model (repeated
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5000 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, 2081-2100and 1970-2014. The mean estimated correlation coefficient is
0.97 (P <0.01 for all 5000 samples) for the historical period, 0.40 (94% of 5000
samples show P <0.1) for 2041-2060, and 0.42 (98% of 5000 samples show P <0.1)
for 2081-2100. The correlation coefficients of unweighted predicted means versus
pseudo observation for all periods are always close to -1.

Repeating these calculations using the RMSD of gridded SAT (Text S6 in Appendix 1),
we find that this quantity is not as useful as the GSAT trend for constraining future
warming with historicalrecords. Therefore, we focus on the GSAT trend as our primary
metric to apply the observational constraint.

2.3.3 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 in
Appendix 1), 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
5000 times.

Figure AA.S4a and Figure AA.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 thatthe unweighted prediction, in which one
of 29 models is withheld and the CDF is constructed based on the remaining models
with equal weight given to each model, is expected to perform well on this metric: If
the validation were 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 in Appendix 1).
Qualtitatively similar results were obtained (Fig AA.SS).

2.34 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
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the weighting method performs well on uncertainty estimation, the weights obtained
from the observed and simulated GSAT trends over the historical period by Eqn (2.1)
can be applied to climate change projections for which we do not have observational
estimates. Figure 2.3a-d 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 2.3¢). Table S6 provides the 5-95% range and mean
projection values for the four scenarios in each of three periods (2021-2040, 204 1-2060
and 2081-2100), all computed as the average of the 5000 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
a mean of 3.82 K (3.90K) in the high emission scenario SSP5-8.5 and 1.03 K (1.11 K)
in the low emission scenario SSP1-2.6in2081-2100. The lower boundsofthe 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 95 percentiles of
warming estimated from the CDF of the observationally constrained distribution (upper
bound of green shaded band in Figure 2.3¢, or values in Table AA.S6), are substantially
lower than the corresponding unweighted values (upper bound of black shaded band in
Figure 2.3e, 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 (Figure 2.3c-d); the widths of the distributions are
reduced substantially by weighting.



cumulative frequency

cumulative frequency

Probability density
o

o o [y
@ =) o
) 1 .

I
'S
L

0.2

o
o

—
O
-~

Probability density

o o =
o ) [=]
1 .

b
=
L

0.2

0.0

(a) CDF for weighting and unweighted method from SSP1-2.6

w
L

= \Weighting with trend
g = Unweighted

T T T T T T T
0.50 0.75 1.00 1.25 150 175 2.00

CDF for weighting and unweighted method from SSP3-7.0

T
2.25

o
|

% ~fmaan 95%

T T T T T
2.0 25 3.0 3.5 4.0 4.5

5.0
GSAT change between 1995-2014 and 2081-2100(K)
(e) SSP1-26

GSAT change relative to 1995-2014 (K)

SSP2-4.5

16

CDF for weighting and unweighted method from SSP2-4.5

5 -~
5
6 /’ n 5%
A\
/I, \\
0-
1
I
1.0 4
0.8+
0.6 1
0.4 4
0.24
0.0 T T T T
1.0 1.5 2.0 2.5 3.0 3.5
CDF for weighting and unweighted method from SSP5-8.5
5 =
N
Yo /kan 5%
r A
I \
’ \
oA

0.0

T T T T T T
2.5 3.0 3.5 4.0 4.5 5.0 5.5 6.0
GSAT change between 1995-2014 and 2081-2100(K)

SSP3-7.0 SSP5-8.5
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2100 in each of four scenarios (Panel a-d), both constrained by observations (green)
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ensemble member per model. Unconstrained projections (black) are obtained giving
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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 corresponding5-95%ranges, and the vertical ticks show the corresponding
means. The upper parts of panels (a-d) show the PDF of the 5! percentile , mean
(dashed) and 95t 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 (grey) results for
other projection periods. The green (black) tick marks show the corresponding means
of weighted (unweighted) results.

We also constrain projections using all ensemble members by calculating weights by
Eqn(2.1)based on the ensemble mean foreach model (TextS2 in Appendix 1)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 AA.S6, Figure AA.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 AA.S6).
As well, the model weights obtained from a compound metric involving boththe GSAT
trend and gridded SAT are close to weights obtained from the GSAT trend (Figure
AA.S7).

2.4 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 forcing between models (Flynn and
Mauritsen. 2020), and for this reason historical warming trends have not generally been
used as a constraint 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 observational 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
and Mauritsen 2019; Nijsse et al. 2020) and future warming in scenarios in which
radiative forcing is dominated by further greenhouse 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
simulations 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
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sampling individual members from each ensemble. We find appreciable 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 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 which have arealistic historical simulation also have realistic future projections
(Brunner et al. 2019a; Knutti et al. 2017; Lorenz et al. 2018; Lukas et al. 2019), we
evaluate the weighting method in an imperfectmodel testand 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 5000 single-member per
model samples, we find that the method gives 26% (25%) narrower best estimate
confidence limits than the unweighted ensemble, with a correlation 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 95t percentile warming in all cases. For example, we find best-
estimate observationally-constrained 5-95% warming ranges of2.72-4.77 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-
5.34Kand 0.47-1.87K for2081-2100. Forthe 2021-2040period, 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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Chapter 3. Emergent Constraints on CMIP6 Climate Warming Projections:
Contrasting Cloud- and Surface Temperature-Based Constraints

This chapter has been published as:

Liang, Y., Gillett, N. P., & Monahan, A. H. (2022). Emergent Constraints on CMIP6
Climate Warming Projections: Contrasting Cloud-and Surface Temperature—Based
Constraints. Journal of Climate, 35(6), 1809-1824.

3.1 Introduction and motivation

While multi-model mean global warming projections for comparable scenarios are
similar for CMIP6 and CMIP5, some climate models in the current-generation CMIP6
ensemble project large 215t century warming and exhibit high climate sensitivity
(Gettelmanetal. 2019; Sellar etal. 2019; Swartet al. 2019; Voldoire etal. 2019), which
is outside of the range of comparable CMIPS projections (Meehl et al. 2020). Due to
the emergence of more and higher climate sensitivity models, the CMIP6 multi-model
ensemble simulates a larger spread of projected warming than CMIP5 (Nijsse et al.
2020; Tokarska et al. 2020). High levels of projected 215t century warming in CMIP6
models are associated with high equilibrium climate sensitivity (ECS), although there
is some scatter in the relationship (Tokarska et al., 2020). Model differences in
simulated changes of shortwave reflection by low-level clouds (particularly in the
tropics and midlatitudes) in response to climate change have been found to dominate
the uncertainties in global warming projections in past intercomparisons (Brient and
Schneider 2016; Vial et al. 2013). For example, Brient and Schneider (2016) point out
that mostofthe variance of CMIP5 models’ ECS can be explained by model differences
in low cloud-induced shortwave reflection over tropical oceans. Recent studies provide
evidence that changes to the representation of cloud processes in CMIP6 models result
in simulations in better agreement with satellite datasets in the midlatitudes than prior
generations of models (Myers et al. 2021). However, there is a broad spread in cloud
feedbacks in CMIP6 resulting in a broad range of climate sensitivity (Schlund et al.
2020; Zelinka et al. 2020b).

Statistical methods combining observations and model simulations are an effective
approach to constraining projected warming and climate sensitivity. For example,
Sherwood etal (2020) consider multiple lines of evidence, including historical warming
and the paleoclimate record as well as process understanding of feedbacks, to estimate
the effective climate sensitivity using a Bayesian framework. Ribes et al (2021a) use
climate models to provide a prior on the forced response and use the observational
record to obtain its posterior distribution. Hattab et al (2019) use a principal component
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regression method and discuss the selection of a robust set of observable predictors to
estimate climate sensitivity.

The application of emergent constraints is an effective way to narrow the projected
warming spread (Bretherton and Caldwell 2020; Nijsse et al. 2020; Tokarska et al.
2020). An emergent relationship between an observable quantity in the historical or
present period and a quantity related to the future climate (for example, 215t century
warming) can serve as the basis to constrain projections. The emergent relationship is
usually motivated by physical understanding of a process driving climate feedbacks,
and observational estimates must exist to distinguish models with a realistic
representation of the process from those with a less realistic representation (Bretherton;
Caldwell 2020; Meehl et al. 2020; Tokarska et al. 2020). For an emergent constraint to
be robust, a clear physical mechanism is required: statistical analyses in Caldwell et al.
(2014) show that large correlations across models between past climate variables and
future projections can occur by chance. Considering 11 metrics to constrain ECS from
both CMIP5 and CMIP6 simulations, Schlund et al (2020) find that most cloud metrics
first identified using CMIP5 data show a weaker emergent constraint in CMIP6. Other
lines of evidence further demonstrate that not all of these metrics are robust. In
particular, Caldwell et al. (2018) use a feedback decomposition analysis to evaluate the
performance of several emergent constraints on ECS and show that only four of
nineteen cloud constraints on ECS proposed in the literature can be considered credible.
Emergent constraints using certain cloud diagnostics have resulted in higher climate
sensitivity than those obtained from unconstrained ensembles. Zhai et al. (2015)
constrain ECS using the sensitivity of extratropical low cloud fraction to the seasonal
cycle of sea surface temperature (SST), showing that the relatively high climate
sensitivity models in CMIP3 and CMIPS5 are more consistent with observed values of
this metric than models with relatively low climate sensitivity. By combining
information from several cloud-related metrics, Brethertonand Caldwell (2020) predict
a larger constrained mean of ECS in CMIPS5 than that of the raw ensemble.

Although higher or medium climate sensitivity models in CMIP5 and CMIP6 are
generally found to be in better agreement with observational constraints using cloud
related metrics, recentanalyses using the historical global mean surface air temperature
warming trend as a constraint find the high sensitivity models to be less consistent and
suggest that they might overestimate the future warming trend (Chapter 2; Nijsse et al.
2020; Tokarska et al. 2020). The preferential weighting of low warming projections
when using the recent warming trend as a constraint is at least partially result of the so-
called sea surface temperature pattern effect (associated with warming in the westem
equatorial Pacific Ocean and cooling in the eastern equatorial Pacific Ocean since about
1980), which has been shown to have a strong effect on the observed global mean near-
surface air temperature (GSAT) trend in recent decades (Andrews et al. 2018; Dong et
al. 2020; Gregory et al. 2020; Zhou et al. 2016; Zhou et al. 2021). An increase in the
zonal gradient of SST across the low latitudes of the Pacific Ocean has resulted in more
low cloud coverage over the eastern part of the basin and a global-scale cooling effect
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due to the increased reflection of incoming shortwave radiation. As this pattern effect
of east-west tropical Pacific SST gradient is more likely a result of internal variability
rather than a long-term warming response, this cooling pattern isnotexpected to persist
(Forster et al. 2021; Watanabe et al. 2021). The recent Assessment Report of the
Intergovernmental Panel on Climate Change assigns a medium confidence of observed
changes in the pattern effect resulting from internal variability (Forster et al., 2021).
For the future changes of this pattern effect, there is medium confidence that the
observed strengthening of the east-west SST gradient is temporary and will transition
to a weaking of the SST gradient on centennial timescales. This SST pattern is not
captured well by the CMIP5 or CMIP6 ensembles (Olonscheck et al. 2020). Compared
with CMIP5, Olonscheck etal (2020) found thatthe use of much larger initial condition
ensembles of CMIP6 models does capture the observed cooling pattern, indicating that
the absence of the pattern effect in the CMIP5 and CMIP6 ensembles can be partly
interpreted as a sampling bias. Therefore, the relatively low observed trend potentially
induced by internal variability will favor low climate sensitivity models and may result
in spuriously low warming projections when applying the observed GSAT trend as a
constraint.

While past studies have focused on the use of cloud metrics to constrain ECS
(Bretherton and Caldwell 2020; Brientand Schneider2016; Brientetal. 2016; Caldwell
etal. 2018; Quetal. 2014; Zhai et al. 2015), it is unclear how effectively cloud metrics
constrain the transient projected climate warming which is most relevant for adaptation
and mitigation planning. This fact motivates us to investigate the use of cloud metrics
to constrain CMIP6 projections of 215t century warming under various SSP scenarios.

A number of issues regarding the development and implementation of emergent
constraints remain outstanding. Although previous studies provide evidence of clear
relationships between physically-based cloud metrics and projected warming, the
relative performance of cloud metrics as constraints compared with historical warming
as a constraint is unclear. In particular, the relative impacts of the internal variability on
the uncertainty range of constrained projections are unclear for different categories of
metrics. Furthermore, as models in the CMIP6 archive share components the
simulations they produce may not be statistically independent. The impact of this
potential dependence needs to be addressed when assessing the performance of the
metrics. Finally, different methods for applying constraints have been proposed. For
example, some studies weight models based on their performance compared to
observations (Brunner et al. 2019a; Brunner et al. 2020a, 2020b; Knutti et al. 2017;
Lorenz etal. 2018; Sanderson etal. 2015a,2015b; Sanderson et al. 2017) while others
use linear regression based approaches (Cox etal. 2018; Hall et al. 2019; Nijsse et al.
2020; Schlund et al. 2020; Thackeray and Hall 2019; Tokarska et al. 2020). A direct
comparison of these two approaches is needed.

To address these questions, in this paper we contrast the application of cloud metrics
with the application of the global surface air temperature trend as emergent constraints
on CMIP6 projected warming, and apply a multivariate linear regression model to make
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observationally-constrained projections of 215t century warming. We first apply a step-
wise approach to select the most effective linear regression model from a subset of
physically-based metrics. The selected linear model is then evaluated in a cross-
validated imperfect model test. We then use the linear regression model to constrain
projected 215t century GSAT changes from CMIP6 simulations. Potential model
dependence is taken into account during both processes of metric selection and
warming projection constraint, and different approaches to applying the constraints
(weighting vs. linear regression) are directly compared.

3.2 Data and methods

3.2.1 Modelsimulations

We use output from 26 global climate models participating in CMIP6 (Table 3.1). We
calculate the various metrics considered (Section 3.2.2) usinghistorical simulations and
then use observations with the emergent constraint approach to predict GSAT changes
in 2081-2100relative to 1995-2014 under SSP5-8.5 and SSP1-2.6 scenarios (O'Neill et
al. 2016; Riahi et al. 2017). For those models which contributed initial condition
ensembles, we consider all ensemble members individually (we sample one random
realization per model 10000 times, as outlined in Section 3.2.4) in order to assess the
contribution of internal variability, and to not bias results toward models with
particularly large ensembles.

Table 3. 1 CMIP6 Historical, SSP1-2.6, and SSP5-8.5 simulations used in this study.
The number of ensemble members provided for each forcing senario is indicated in
the second through the fourth columns.

Model name Historical SSP1-2.6 SSP5-8.5
ACCESS-CM2 1 1 1
ACCESS-ESM1 1 1 1
BCC-CSM2-MR 3 1 1
CAMS-CSM1-0 2 2 2
CanESM5 50 50 50
CESM2 6 1 2
CESM2-WACCM 3 1 1
CNRM-CM6-1 10 6 6
CNRM-CM6-1-HR 1 1 1
CNRM-ESM2-1 5 5 5
EC-Earth3 3 3 3
FGOALS-f3-L 3 1 1
FGOALS-g3 1 1 1
GISS-E2-1-G 1 1 1
HadGEM3-GC31-LL 4 1 1
IPSL-CM6A-LR 16 3 5
KACE-1-0-G 3 2 2
MIROC-ES2L 3 1 1
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MIROC6 9 3 3
MPI-ESM1-2-HR 5 1 1
MPI-ESM1-2-LR 8 8 8
MRI-ESM2-0 4 1 1
NESM3 5 2 2
NorESM2-LM 3 1 1
NorESM2-MM 3 1 1
UKESM1-0-LL 8 5 4

3.2.2 Emergent constraint metrics considered

We consider five potential metrics for constraining GSAT projections: four cloud -
related diagnostics and the historical GSAT trend. Caldwell et al (2018) considered
nineteen cloud-based metrics proposed in the literature, and found that four have both
clear physical connections with cloud feedbacks and significant correlations with ECS
in CMIP5. Here, we consider these four cloud-related metrics as potential emergent
constraints on 215t century CMIP6 warming projections. Descriptions of these cloud
metrics follow.

a. Marine Boundary Layer Cloud (MBLC) metric

The sensitivity of monthly marine boundary layer cloud (MBLC) fraction to the
seasonal cycle of SST between 20°and 40°latitude in the Southern and Northem
Hemisphere is well correlated with ECS across CMIP3 and CMIP5 models (Zhai et al.
2015). The fraction of MBLC is defined as the low cloud coverage (below 700 hPa) in
subsidence regions (indicated by monthly climatologies of 500 hPa vertical velocity)
overoceans between 20°and 40°latitude in the both Hemisphere with arandom-overlap
assumption (Manabe; Strickler 1964; Ramanathan et al. 1983; Stephens 1984). The
MBLC metric a is defined as the regression slope in

(MBLC (mon)) = a(SST(mon))+ 5, mon = 1,2...,12 (3.1)

The overbarand angle brackets in equation(3.1) representthe monthly climatology and
spatial average, respectively. This definition of the metric is similar that of Qu et al
(2014) but uses a region which is further poleward, and focuses on monthly
climatologies rather than interannual variations to reduce the uncertainty from intemal
variability. With future climate warming, an enhanced vertical humidity gradient
between the marine boundary layer (MBL) and the free troposphere in subsidence
regions can lead to greater in-cloud buoyancy and stronger production of turbulent
kinetic energy in the MBL. This above process results in a weaker temperature
inversion in the MBL which can decrease low cloud formation (Bretherton 2015; Rieck
et al. 2012; Sherwood etal. 2014; Vial et al. 2016). As described in Zhai et al. (2015),
The sensitivity of MBLC fraction to seasonal SST changes is similar to its sensitivity
to centennial SST changes. The different model sensitivities of MBLC fraction to SST
changes on centennial timescales account for much of the intermodel variation of
climate sensitivity. Furthermore, as mentioned in Section 3.1, the larger shortwave
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cloud feedback in the CMIP6 ensemble relative to the CMIP5 ensemble on average can
be attributed to the changes in the simulation of mid-latitude, mixed-phase clouds
[especially in Southern Hemisphere (Zelinka et al. 2020a)]. These facts provide the
motivation for applying the MBLC metric as an observational constraint. For the
observed value of the MBLC metric, we use the value reported by Zhai et al. (2015) of
-1.2840.19 %/K (mean +- 1 std), estimated over the period 2006-2010.

b. Brientcloud albedo (BCA) metric

The Brient cloud albedo metric measures the sensitivity of the anomalies of shortwave
cloud albedo to SST changes overthe tropical oceans (Brientand Schneider, 2016). The
regions considered are the monthly-varying driest quartile of ocean grid cells between
30°S and 30°N, based on 500 hPa relative humidity. In climate models, the sensitivity
of the tropical low cloud albedo to the underlying surface temperature in the present-
day climate correlates with the strength of the shortwave tropical low cloud feedback
and with future projected warming. Thus, the sensitivity of the variation of tropical low
cloud reflection to changes of SST in the present climate can be used as an emergent
constraint on future GSAT changes (Brient and Schneider, 2016). A significant
correlation between this metric and ECS has been found in CMIP6 simulations
(Schlund et al. 2020).

c. Lower tropospheric mixing index (LTMI)

Sherwood etal. (2014) developed three metrics to measure lower tropospheric mixing:
Sherwood S, Sherwood D and lower tropospheric mixing index (LTMI), all of which
are correlated with CMIP5 projected warming. The Sherwood S metric quantifies
climatological small-scale mixing in the tropical lower free troposphere. The Sherwood
D metric quantifies the large-scale mixing over the tropical lower troposphere. LTMI is
defined as the sum of Sherwood D and S metrics (Sherwood et al. 2014). Climate
models with stronger vertical moisture mixing in the lower troposhere tend to have a
larger increase of moisture mixing with climate warming, which could decrease the
bounday layer clouds because of the stronger convective drying under climate change
(Sherwood et al. 2014). Sherwood et al. (2014) demonstrated that S, D and LTMI
metrics are correlated with equilibrium climate sensitivity across climate models
because of this link to low cloud feedbacks. Schlund et al (2020) consider all three
metrics as potential constraints, and show that only LTMI is significantly correlated
with ECS in both CMIP5 and CMIP6 simulations. Therefore, in our study, we take
LTMI as a potential constraint.

d. Brientcloud shallowness (BCS) metric
Brient et al. (2016) introduced the BCS metric of cloud shallowness:
_ Chso (32)
')/ =
(CFgs0 + CFoso)

which is defined in terms of the cloud fractions below 900 hPa (C Fy5() and below 800
hPa (C Fg5o) over weakly subsiding tropical ocean regions (vertical velocity between 10
and 30 hPa day!). Following Brient et al. (2016), CFy5, is obtained by the mass-
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weighted cloud fractions between 1000 and 900 hPa (between 900 and 800 hPa for
CFgsp).

Models that have shallower clouds over weakly subsiding tropical regions (a large
BCYS) in the historical period tend to have more influence by convective drying of the
planetary boundary layer relative to turbulent moistening under climate warming,
which further decreases low cloud cover and leads to a larger positive low cloud
feedback. The detailed physical mechanism is rather complicated, involving different
partially cancelling effects, and is described in detail in Brient et al. (2016). Further
evidence of the relation of BCS to cloud feedbacks comes from a sensitivity test
considering the lateral entrainment rate of shallow convection in MPI-ESM (Mauritsen;
Roeckner 2020). Mauritsen and Roeckner (2020) found that weak lateral entrainment
rates lead to more stratiform clouds within the boundary layer (larger BCS), and that
convection-induced drying leads to a stronger reduction of low cloud fraction under
climate warming and a higher equilibriumclimate sensitivity. Asour observational BCS
value, we use the value based on CALIPSO/GOCOP data reported by Bretherton and
Caldwell. (2020): 45%+3% over 2006—-2012.

e. GSAT trend (GT) metric

Past warming simulated by climate models is well-correlated with future climate
warming, especially for the 1970-2014 period (Chapter 2; Brunner et al. 2020b;
Jimenez-de-la-Cuesta and Mauritsen 2019; Nijsse et al. 2020; Tokarska et al. 2020).
The high correlation between GT over 1970-2014 and projected warming emerges
because of the small change of aerosol forcing relative to the dominant contribution
from greenhouse gases over this period. In our analysis, we use HaddCRUTS (Morice et
al. 2021), which is spatially infilled, to compute the observational temperature trend
(0.018+0.001 K/y, estimated over the period 1970-2014. Quoted observational
uncertainty is the 5-95% range across the 200-member HadCRUTS ensemble).

3.2.3 Linear regression and step-wise metric selection

Our aim is to integrate information from all the metrics we consider to constrain
projected warming based on CMIP6 models. Our primary method for doing this uses
multivariate linear regression with step-wise selection (Senftleben et al. 2020),
described in detail in Appendix 2.1.1. To avoid usingmultiple metrics describing related
processes in a linear regression model, we use a step-wise regression method to select
a subset of metrics. A risk of using all possible metrics in a single linear regression
model is the possibility of overfitting resulting from spurious relations between
historical metrics and future projections (Bracegirdle and Stephenson 2012). We apply
an iterative approach combining forward selection with backward elimination to build
a multiple regression model that can best project future GSAT changes (Storch; Zwiers
1999). Specifically, this approach adds and eliminates variables iteratively to the linear
regression model, stopping when the explained sum of squares (ESS) does not change
significantly based on an F test (with significance level p = 0.1). An alternative model
weighting approach (Brunner et al. 2019a; Brunner et al. 2020a; Knutti et al. 2017,
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Lorenz et al. 2018; Sanderson et al. 2015a, 2015b; Sanderson et al. 2017) to
constraining the ensemble is presented in Appendix 2.1.2.

3.2.4 Sampling from initial condition ensembles and uncertain observational values

About half of the models participating in CMIP6 provide ensembles of multiple initial-
condition realizations. While all available ensemble members could be used together to
derive an observationally-constrained distribution, this approach would give us no
information about the influence of intra-ensemble variability on our results. As well, if
we were to follow this approach, those models with larger initial condition ensembles
would have a stronger influence on our results. Therefore, when applying the linear
regression model or weighting approach, we generate the constrained projections using
one randomly-selected ensemble member per model. To evaluate the influence of
internal variability in the historical simulations on constrained projections, we repeat
this process 10,000 times. This sampling approach is applied to all aspects of'this study,
including the imperfect model test and probabilistic validation (both described in
section 3.2.5), and observationally constrained projections. For observationally
constrained projections, along with random sampling from the initial condition
ensembles, we also sample the observed quantities (X, in Appendix 2.1 Eq 4) within
their uncertainty ranges (assuming Gaussian distributions with means and standard
deviations quoted above). For each random selection of ensemble members and each
realization of the observations, we calculate a PDF of future GSAT change. We then
average these PDFs together to calculate an overall PDF, from which we calculatea 5-
95% range of future warming (Appendix 2.1.1).

The random selection of individual model realizations is important for our analysis
because internal variability contributes considerable uncertainty to observational
constraints, especially for metrics based on trends (Chapter 2). The CMIP6 archive
provides much larger initial condition ensembles than CMIP5, allowing us to better
estimate the contribution of internal variability to projected uncertainty. Note that this
sampling process can only partly account for internal variability because approximately
half the models used only have a single ensemble member. To estimate the effect of
undersampling internal variability, we artificially reduce the number of models with
multiple ensemble members in observational constraints to test whether projection
statistics are convergent as more multiple ensemble models are included . We find that
for our main analysis using the full CMIP6 ensemble, the effects of internal variability
may be underestimated in observational constraints using the GSAT trend metric, but
this is not the case when applying climatologically-based cloud metrics (Text S3 and
Figure AB.S5).

3.2.5 Imperfect model test

We apply a cross-validated imperfect model test to assess the performance of the
emergent constraint approaches, comparing the linear regression and weighting
approaches, as well as the metrics used in these approaches (Brunner et al. 2020b;
Chapter 2). We first choose one model to act as ‘pseudo-observations’ (the ‘truth’in the
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imperfect model test context), and then apply emergent constraint approaches with all
remaining models to predict this ‘truth’. This procedure is repeated taking each model
in turn as “truth’. We use probabilistic validation of the imperfect model test to assess
the uncertainty estimates resulting from the emergent constraints. Across all models,
we note the relative frequency with which pseudo-observations lie in each quintile of
the imperfect model constrained projection (0—20%, 20—40%, etc.). If the constraining
approach provides well-calibrated uncertainty estimates, the relative frequency within
each quintile should be close to 0.2 (Chapter 2). We also calculate the coverage
frequency, defined as the percentage of pseudo-observations lying in the constrained 5-
95% predicted uncertainty range. If the uncertainty estimates work well, close to 90%
of pseudo-observations should fall in the 5-95% predicted uncertainty range.

There is an implicit assumption underlying our approach that cloud feedbacks not
directly constrained in our study are not systematically biased in CMIP6 models. As
will be demonstrated in Section 3.3.4, the agreement of constrained historical GSAT
temperature evolution with observations provides evidence that the effects of any such
systematic bias are limited.

3.3 Results

3.3.1 Metric performance

Based on the ECS results of previous studies discussed in Section 3.2.2, we take the
BCS, BCA, LTMI and MBLC metrics as our potential cloud-related constraints. Since
the GSAT trend metric has been widely considered as an observational constraint on
projections, we also compare constrained projections obtained solely from the cloud
constraints with those using both the cloud constraints and the GT. We now evaluate
how well these observable metrics are correlated with 215t century warming using
CMIP6 simulations. As shown in Fig 3.1, projected warming is significantly correlated
with BCA, MBLC, and GT, such that the p-values are smaller than 0.05 across the
internal variability sampling distribution (Section 3.2.4). In contrast, the LTMIand BCS
correlations are weaker, with p-values larger than p =0.05. These results are similar to
those of Schlund et al (Schlund et al. 2020), who found that LTMI does not provide a
strong emergent constraint for ECS in CMIP6 (in contrast to CMIPS5). The spread of
correlation coefficients isnarrower for BCS, LTMI and MBLC than BCA or GT metrics.
The larger spread in BCA and GT reflects a larger contribution of internal variability in
contrast to the other metrics.
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5-95% percentile of correlation cofficient for constraints and future
warming(S5P5-8.5) in 2081-2100 (base period 1995-2014)
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Figure 3. 1 Correlation coefficients between potential observational constraints and
projected warming. 5-95% uncertainty range and mean of correlation coefficients
between potential constraints, evaluated from historical simulations, and simulated
warming in response to the SSP5-8.5 scenario in 2081-2100 (relative to the reference
period 1995-2014) based on 10,000 random samples from the initial condition
ensembles (Section 2.4). The p-values of the mean correlation coefficients for BCA,
GT, MBLC, BCS and LTMI are 0.004, 0.0007, 0.005, 0.13 and 0.32, respectively. The
horizontal grey line represents the correlation value that is significant at the 0.05 level
with the number of degrees of freedom estimated based on the number of independent
models (Appendix 1.3). For display purposes, the signs of the MBLC metric and BCA
correlations have been reversed.

3.3.2 Step-wise regression

We now investigate which combination of metrics produces the most effective emergent
constraint. We first construct a regression model using only cloud metrics. The step -
wise regression approach we use adds (or removes) the most (or the least) important
term in the linear regression model at each step, based on the results of F tests (Fig 3.2,
Fig 3.3). For each step that requires calculation of an F statistic (Fig 3 b-d), we account
for the effects of model dependence by using 20 as the effective number of independent
models (Appendix 2.1.3). Following the flowchart outlining the step-wise procedure
(Fig 3.2), we first build a single variable linear model with the MBLC metric because
of all cloud metrics it produces the largest ESS value (Fig 3.3a). In step 2, we build a
two-variable linear model adding the BCS metric because this is the only cloud metric
that results in a significant increase in ESS relative to the MBLC metric regression
model. As shown in Fig 3.3b, the lower 5t percentile of the F statistic range for
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‘MBLC+BCS VS MBLC’ is greater than the critical F value which indicates a
significant improvement to the linear regression model using the MBLC and BCS
metrics relative to the MBLC metric only. For the other two choices ‘MBLC+BCAVS
MBLC’ and ‘MBLCHLTMI VS MBLC’, the upper 95t percentile of the F statistic is
smaller than the critical F-value, indicating that these two combinations should not be
considered further.

In step 3 of the procedure (Fig 3.3¢c), we carry out a backward selection step by
removing the MBLC metric. Estimates of the resulting F-statistic are always
significantly larger than the critical F values (irrespective of internal variability or
changes in the effective number ofdegrees of freedom, Appendix 2.1.3), indicating that
the model with both MBLC and BCS metrics has significantly larger ESS compared
with the linear model including BCS only. Therefore, the MBLC and BCS metrics are
retained in the linear model in step 3.

Three-variable linear models are considered in step 4. There is no significant
improvement in the fit of the combination MBLC+BCS+LTMI or MBLC+BCS+BCA
relative to MBLC+BCS. The upper 95% percentile of the F-statistic in
MBLC+BCS+LTMI versus MBLC+BCS and the upper 90t percentile ofthe F-statistic
in MBLC+BCS+BCA versus MBLC+BCS are smaller than the critical F-value. While
the internal variability induced range of the MBLC+BCS+BCA versus MBLC+BCS F-
statistic crosses the critical F-value, the median value is much smaller. Hence, all three-
variable linear models fail to increase the ESS significantly compared with the model
using MBLC and BCS metrics (Fig 3.3d). Results from a sensitivity test addressing
potential model dependence by varying the degrees of freedom to compute the F
statistic (Appendix 2.1.3, Fig AB.S3) obtain the same set of step-wise selected metrics.
Therefore, we use the MBLC and BCS metrics as constraints in our cloud metric based
multiple diagnostic linear regression model to predict the GSAT changes in 2081-2100
under SSP5-8.5. We also carried out the step-wise selection on SSP1-2.6 (not shown)
and get the same selected metrics as for SSP5-8.5.
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Figure 3. 3 5-95% uncertainty range and mean of F statistics at each step in the step-

wise regression including only cloud metrics. Th
critical F values at the 0.1 level. As discussed in

e horizonal dotted lines represent
Section 3.2.4, the 5-95% uncertainty

ranges are generated by randomly sampling from the initial condition ensembles. For
step 2 to step 4 in Fig 3.3, the vertical lines represent the F statistics obtained taking a
value of 20 as number of statistical degrees of freedom, based on an estimate of the
number of independent models in the CMIP6 ensemble (Appendix 2.2.1.3, Text S1).

Since the GT metric has been widely applied as an observational constraint in previous
studies, we repeat the previous analysis including the GT metric in our stepwise

regression (Fig AB.S4 of Appendix 2.2). The

resulting regression model uses the
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MBLC and GT metrics as constraints. A schematic of the cloud metrics entering our
final regression models is provided in Fig 3.4. Although we do consider the use of GT,
our main focus in the subsequent is on the use of the two metrics MBLC and BCS in
our constraining process, since these two metrics are less influenced by internal
variability than GSAT (also see section 3.3.3) and result in the linear regression model
with best predictive power.

To further illustrate the statistical relationship between the metrics considered and
projected GSAT changes in the CMIP6 simulations, Fig 3.5 shows scatter plots of each
ofthe GT, MBLC and BCS metrics with late 215t century warming. These scatter plots
each use only a single, randomly-determined ensemble member for each model to
calculate the metric and the projected warming. Fig 3.5 also presents the observed
values of the metrics (with uncertainty ranges). For the MBLC metric, models near the
centre ofthe range of simulated GSAT changes are in bestagreement with observations.
These results suggest that applying the MBLC metric will not shift the centre of the
distribution much relative to the unconstrained ensemble, consistent with previous
studies of constraints on ECS (Bretherton and Caldwell 2020; Caldwell et al. 2014;
Schlund etal. 2020;Sherwood et al. 2014). In contrast, observed values of the GT and
BCS metrics are towards the low end of the range of simulated values. This fact is also
in agreement with previous studies (Bretherton and Caldwell 2020; Brient et al. 2016;
Nijsse et al. 2020; Tokarska et al. 2020).

a Present day climate b Warmer climate
500 hPa 500 hPa
700 hPa 700 hPa
lSubSAdence | ‘Subsidence
1000 hPa 1000 hPa
NANANANANAAAAAA NANANANANAAAAAA

Figure 3. 4 Schematic plot showing the physical basis of BCS and MBLC metrics. For
the BCS metric, models which have a stronger convective control of cloud coverin
subsidence regions in the current climate tend to have shallower clouds, and tend to
have a larger reduction in cloud cover associated with strengthened convective drying
as the climate warms. For the MBLC metric, models with a larger decrease of MBLC
fractioninresponse to the SST warming at seasonal scale tend to have a larger decrease
of MBLC fraction to SST warming at the centennial scale. MBLC and BCS metrics
focus respectively on mid-latitude and tropical low-level clouds. Both these metrics are
calculated over subsidence regions overthe ocean. Detailed definitions of these selected
metrics are in Section 3.2.2.
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Figure 3. 5 Scatter plots showing relationships between selected constraints and
projected warming. GT, MBLC (x-axis reversed), and BCS metrics are respectively
shown in panels a, b and c. For illustration, one ensemble member per model is used.
The correlation coefficientsand p-values(relative to anull hypothesis of no correlation)
are reported in the bottom right corner of each panel. The vertical lines show the
observational values with means in solid and standard deviation in shadow. The dashed
lines in each panel show the 66% confidence interval of the linear regression model
[Appendix 2.1 eq (5)-eq (7)].

3.3.3 Imperfect model evaluation of constrained warming

Before presenting results of projected warming constrained by observations, we
evaluate the performance of the emergent constraint approach in an imperfect model
setting (Section 3.2.5), based on values of the root mean square error (RMSE)
improvement (relative to the unconstrained ensemble) and correlation coefficient (7),
both calculated using the pseudo-observations and the means of the constrained
imperfectmodel ensemble (Fig 3.6). We presentlinear regression results for each ofthe
metrics separately; and linear regression and weighting results for the two pairs of
metrics resulting from the stepwise selection procedure. The linearregression approach
performs better than the weighting approach, resulting in larger values of both the
correlation coefficient and the RMSE reduction (Fig 3.6).

Consistent with the results of the stepwise selection procedure, the linear regression
models using only a single metric do not result in constraints as effective as those using
two metrics (with the exception of GT, which has median correlation and RMSE
reduction values similar to the combination of MBLC and BCS metrics). On average,
the constrained projections based on the combination of MBLC and GSAT metrics
performs slightly better than those based on the MBLC and BCS metrics. However, the
uncertainty ranges (from the initial condition sampling) of both correlation coefficient
and RMSE improvementare much wider for MBLC and GSAT metrics than for MBLC
and BCS metrics, reflecting the substantially larger internal variability in GSAT
estimates. As the slight improvement in performance of the combination of the MBLC
and GSAT metrics comes with a substantial increase in uncertainty and risk of biases
from using the GSAT metric due to poor representation of the pattern effect in CMIP6
models, these results suggest that the more robust constraints based on the cloud-based
MBLC and BCS metrics should be preferred. Similar to SSP 5-8.5 described above, the
robustness of the MBLC and BCS metrics was determined for SSP1-2.6 using an
imperfect model test (not shown).
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Figure 3. 6 Evaluation of constraining approaches with stepwise selected constraints
using an imperfect model test. Panel (a) shows correlations between predicted means
of constrained projections and pseudo-observations. Panel (b) shows reductions in
RMSE of constrained projections compared to unconstrained projections. The
performance of the liner regression model is shown in green bars and the performance
of the weighting method is shown in red bars, using stepwise selected metrics. Please
note that the 5-95% uncertainty ranges (vertical bars) and means (dots) in panel (a)-(b)
are a result of initial condition sampling.

To test whether the linear regression method with the selected metrics provides reliable
uncertainty estimates, we conduct a probabilistic validation (Section 3.2.5). Fig 3.7a
shows the results of this analysis for 2081-2100 under SSP5-8.5 with the uncertainty
estimated by assuming Gaussian regression residuals (Appendix 2.1.1.1). Also shown
in Fig 3.7a are the results for the unconstrained ensemble. Similar to the unconstrained
projection, the MBLC and BCS metric linear regression model produces relative
frequencies of approximately 0.2 in each quintile (Fig 3.7a). As shown in Fig 3.7b, the
average fraction of pseudo-observations lying within the 5-95% uncertainty range
predicted by linear regression with the assumption of Gaussian residuals is close to
90%, and the range of this fraction due to sampling internal variability is narrow. These
results indicate that the assumption of Gaussian regression residuals results in an
accurate coverage probability.
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Figure 3. 7 Histograms show the relative frequency with which the true 215t century
warming in the individual SSP5-8.5 simulations lies within each of five quintiles of
projected warming derived using the unconstrained and MBLC+BCS constrained
approachesin an imperfect model test, aggregated across all models. Bars denote the
median of the 10,000 single-member per model samples. The 1 standard deviation
rangesare denoted in error bars foreach quintile. Note that the constrained distributions
are slightly narrower than that the unconstrained distributions. (b) The frequency of the
fraction of pseudo-observations lyingin the 5-95% constrained uncertainty range across
10,000 samples. The blue bars and red dot show the frequency and the mean of 10,000
samples, respectively.

3.3.4 Observational contraints

Based on the imperfect model analyses presented above, we now apply the observed
metrics to constrain warming projections usingthe linear regressionapproach assuming
Gaussian residuals. As described in Section 3.2.4, we account for internal variability
and observational uncertainty by constructing the regression models using one
randomly selected ensemble member per model (Fig 3.8) with one random realization
of the observations sampled from the estimated distribution and repeatin g this process
10,000 times. The undersampling of internal variability resulting from the factthatonly
12 models of SSP 5-8.5 have multiple ensemble members available is potentially
important for GT but negligible for climatologically-based cloud metrics (Section
3.2.4). Throughout these calculations we use the value 20 as the effective number of
independent models in the CMIP6 ensemble (Appendix 2.1.1.3).

96%
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Scatter plot for GT metric and future warming with SSP5-8.5 PDFs for observationally constrained uncertainty
at 2081-2100 (base period 1995-2014)
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Figure 3. 8 Schematic plot to illustrate how observationally-constrained projections of
warming are obtained using the GSAT trend metric with our Monte Carlo approach.
The scatter plot on the left shows projected warming against historical warming in
individual CMIP6 simulations, with one ensemble member chosenatrandom from each
model. Two representative random samples of ensemble members and observations are
illustrated in red and green. The associated regression relation (solid line and associated
dashed lines show the linear regression model with corresponding 90% prediction
interval), together with a realization of the observations (vertical dashed line), sampled
fromwithin its uncertainty range, is used to infera PDF of projected warming, as shown
in the right panel. The process is repeated 10000 times, and the corresponding PDFs
are averaged to obtain the constrained projection (refer to Appendix 2.2.1.1).

Before applying the observational constraint to future climate change, we investigate
how the metrics we are considering constrain historical warming in the CMIP6 models
(Fig 3.9). Both the GT metric and the MBLC/BCS metric pair result in constrained
historical warming consistent with observations, such that the observed GSAT always
falls within the constrained 5-95% uncertainty range. This result demonstrates that the
linearregression approach with the selected metrics can capture the historical warming,
and increases confidence in the constrained future warming results. This is further
evidence that the constrained distribution using the MBLC and BCS metrics is the
absence of a systematic bias relative to observations.
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20 year running mean of GSAT changes with two
class of constraints (base period:1961-1990)
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Figure 3. 9 Constrained 20-year moving average GSAT anomalies derived using the
linear regression approach with each of the cloud metrics and with the GSAT trend,
compared to observations (based period: 1961-1990). The observational record we use
is HadCRUTS5 (spatially infilled version). The x-axis shows the centre of the 20-year
averaging period. The green (GSAT trend) and grey (cloud metrics: MBLC and BCS)
shadows show 5-95% constrained uncertainty ranges with solid lines showing the best
estimates. We account for internal variability and observational uncertainty by
constructing the regression models using one randomly selected ensemble member per
model and using observed quantities sampled from their uncertainty ranges (assuming
Gaussian distributions with meansand standard deviations quoted in section 3.2.2) and
then repeating this 10,000 times.

Constraining projections of 215t century warming under SSP5-8.5 using the GT metric
alone in the linear regression model produces lower values of the mean and 5%
percentile of the warming distribution than either the unconstrained estimate or the
constrained estimate using cloud metrics (Fig 3.10 and Table 3.2; Chapter 2; Nijsse et
al 2020; Tokarska et al 2020). The 5-95% uncertainty ranges of both sets of constrained
projections are narrower than that of the unconstrained ensemble.

Relative to the unconstrained ensemble, the constrained projections using the cloud
metrics result in an increase in the 5t percentile of warming and a decrease in the 95%
percentile, with little effect on the mean. Specifically: with the cloud metric weighting
the unconstrained 5-95% uncertainty range of warming in 2081-2100 relative to 1995-
2014 under SSP5-8.5 of 2.34-5.81K is narrowed to 2.84-5.12K. Assuming that the
models are independent slightly decreases this range (Text S1 in Appendix 2.2, Table
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3.2, and Table AB.2.S1).
Similar results are found for the projection of 215t century warming under the SSP 1-
2.6 scenario (Tables AB.2.S1). Weighting by the cloud metrics reduces the 5-95%

uncertainty range from 0.38-2.04 K to 0.60-1.70 K, and reduces the mean from 1.30 to
1.15 K.

PDF for constrained and unconstrained results from SSP5-8.5
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Figure 3. 10 PDFs of constrained and unconstrained GSAT changes between 2081-
2100 and 1995-2014 under SSP5-8.5. The bottom panel shows the predicted
distribution of GSAT changes constrained using the GSAT trend (blue), constrained
using cloud metrics (green) and the unconstrained distribution (black). The shadows
around these PDF curves displays the contribution of internal variability and
observational uncertainty, estimated by sampling one ensemble member per model and
sampling the observed quantities within their uncertainty ranges (assuming Gaussian
distributions with means and standard deviations quoted in section 3.2.2) 10,000 times.
The solid curves correspond to the mean of these 10,000 samples. The upper horizonal
bars display the respective 5-95% projected ranges and means (numerical values are
givenin Table 3.2) correspondingto the mean solid curves (the theoretical basis for this
calculation is shown in eq (3.8) of Appendix 2.1.1.1). These results are obtained
assuming a value of 20 for the number of statistical degrees of freedom of the CMIP6
ensemble (Appendix 2.1.1.3).
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Table 3. 2 Best estimates and 5-95% uncertainty ranges of projected warming using
SSP5-8.5 for GSAT changes between 1995-2014 and 2081-2100. When calculating
constrained uncertainty, we use a value of 20 as independent model amount in the
CMIP6 ensemble (Appendix2.1.1.3).

Metrics Projected warming (5-95%, units: K)
SSP5-8.5 SSP1-2.6
Unconstrained 4.08 (2.34,5.81) 1.30 (0.38,2.04)
GT 3.76 (2.42,5.11) 1.09 (0.33,1.85)
MBLC+BCS 3.99 (2.84,5.12) 1.15(0.60, 1.70)

3.4 Summary and discussion

Previous studies have demonstrated the existence of physically meaningful
relationships between equilibrium climate sensitivity and low-level cloud metrics
across CMIP5 and CMIP6 models (Brient and Schneider 2016; Brient et al. 2016;
Caldwell et al. 2018; Caldwell et al. 2016; Schlund et al. 2020; Zelinka et al. 2020a;
Zhai et al. 2015). These relationships enable us to constrain future warming using
observed values of these metrics in a complementary approach to the use of the
observed GSAT trend as a constraint. We have applied two cloud metrics, a marine
boundary layer cloud (MBLC) metric (Zhai et al. 2015) and Brient cloud shallowness
(Brient et al. 2016), obtained from a larger set of physically-motivated cloud metrics
using a step-wise selection process, to constrain future warming under two different
scenarios SSP 1-2.6 and SSP 5-8.5. In developing the emergent constraints, we have
compared two differentapproaches: linearregression (Cox etal. 2018; Karpechko etal.
2013; Nijsse et al. 2020; Senftleben et al. 2020; Tokarska etal. 2020) and a weighting
method (Brunner etal. 2019a; Brunner et al. 2020a, 2020b; Knutti et al. 2017; Lorenz
et al. 2018; Sanderson et al. 2015a, 2015b; Sanderson et al. 2017). Using a cross-
validated imperfect model test across available CMIP6 models, we find that for the
problem considered the linear regression approach produces more effective constraints
than the weighting approach.

The cloud metrics we use to constrain future warming have less uncertainty which
mightbe due to the reduced effectofinternal variability than the GSAT trend often used
to constrain warming projections (Chapter 2; Nijsse et al. 2020; Tokarska et al. 2020).
As a result, the robustness of constrained projections based on cloud metrics is
improved compared to those based on the GSAT trend metric. Furthermore, the SST
pattern effect (Andrews et al. 2018; Watanabe etal. 2021; Zhou etal. 2016; Zhou et al.
2021) is known to affect climate sensitivity but is not captured well in the CMIP6
archive, perhaps due to undersampling of internal variability (Forster et al. 2021;
Olonscheck et al. 2020; Watanabe et al. 2021). These considerations support the use of
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the cloud metric rather than the GSAT trend for constraining future warming.

We account for observational uncertainty and internal variability in our analysis by

sampling from the estimated distribution of observational uncertainty and sampling

individual members from initial condition ensembles when constructing

observationally constrained projections. Applying the multiple observed cloud metrics

as constraints to future GSAT changes, we find that for both SSP1-2.6 and SSP5-8.5

scenarios the projected warming uncertainty ranges are considerably narrower relative

to unconstrained simulations, with little change in mean warming (Fig 3.10, Fig AB.S7).
We also find that observationally constrained projections using climatological cloud

metrics have substantially reduced prediction uncertainty associated with internal

variability in historical simulations relative to constrained projections using the GSAT
trend. Furthermore, our study provides evidence for increasing the lower bound of the

warming range of CMIP6 projections, as well as lowering the upper bound. This result

differs from constrained projections based on the GSAT trend alone, which exhibita
substantial decrease in the upper bound and the mean of the projection range, but little

change in the lower bound (Chapter 2; Brunneretal. 2020b; Caldwell etal. 2018; Nijsse

et al. 2020; Tokarska et al. 2020).

Our study provides a framework to apply multiple metrics to constrain future warming
which is also appropriate for constrained projections of equilibrium climate sensitivity.
Our results imply that the mean climate sensitivity of the CMIP6 ensemble may not in
fact be biased high as some studies have suggested, and that uncertainties in projected
warming can be considerably narrowed using physically reasonable cloud constraints.
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Chapter 4. Observationally-constrained projections of 215t century regional
warming in the extratropical Northern Hemisphere

This chapter has been reviewed as:

Liang, Y., Gillett, N. P., & Monahan, A. H. (2023a). Observationally-constrained
projections of 21st century regional warming in the extratropical Northern
Hemisphere. (In review)

4.1 Introduction and motivation

Projected climate warming locally or regionally is more useful for informing adaptation
planning than projected global mean warming. In the Intergovernmental Panel on
Climate Change Sixth Assessment report (IPCC AR6) projections of global mean
warming, ocean temperature andsea level were derivedusing observational constraints,
rather than being directly taken from the raw ensemble of climate models. However,
the report assessed that for other quantities, including projections of regional warming,
‘such robust methods do not yet exist to constrain the projections’ (Lee etal. 2021).

Several approaches have been applied to constrain regional climate projections. These
include: weighting each model’s projection based on the model’s performance
reproducing observations (Chapter 2&3; Brunner et al. 2019a; Brunner et al. 2020c;
Knutti et al. 2017; Lorenz et al. 2018; Merrifield et al. 2020; Sanderson etal. 201 5a;
Sanderson et al. 2017); rescaling model projections based on a scaling factor that gives
the best fit between simulated historical climate change and observations, as derived
from detection and attribution methods (Allen etal. 2000; Bindoff et al. 2014; Gillett
etal. 2021; Stott; Kettleborough 2002; Stott et al. 2006); Bayesian methods that update
a prior distribution in light of new information provided by observations (Renoult et al.
2020; Ribes etal. 2021a; Ribes etal. 2022; Rougier etal. 2013); and linear regression
approaches (Chapter 3; Nijsse et al. 2020; Tokarska et al. 2020). The observational
constraints should be based on robust and physically-based connections between
observable constraints in historical simulations and future projected climate change
across multi-model ensembles. Such approaches havebeen foundto be an effective way
to constrain uncertainty in projections of global as well as regional warming Chapter
2&3; Thackeray; Hall 2019; Tokarska et al. 2020; Williamson and Sansom 2019)

Two types of constraint metrics have most commonly been applied in previous studies
of constrained regional projections: regional metrics based on the climate of the region
whose warming is being projected (Brunner et al. 2019b; Brunner et al. 2020c; Knutti
etal. 2017; Lorenz et al. 2018; Ribes et al. 2022; Senftleben etal. 2020), and global-
scale metrics (Hu etal. 2021; Ribes etal. 2022). The application of regional metrics to
narrow the spread of future projections is based on the assumption that any over- or
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under-estimation of the mean, trend or variability of the current climate in a region is
most closely related to measures of projected future climate change in that region
(Lorenz et al. 2018; Thackeray and Hall 2019). A number of regional climate metrics

have been proposed as possible constraints on future warming (Brunner et al. 2019a;

Brunner et al. 2020a; Brunner et al. 2020c; Lorenz et al. 2018; MacDougall et al. 2017,

Senftleben etal. 2020). However, using a large number of possible regional constraints

in a single statistical model can increase the risk of overfitting which results from
spurious or non-physical emergentrelations. Other risks of constrained projections exist.
For example, the impact of internal variability could weaken the emergent relations,

and structural errors in the relationships could produce overconfident results

(Sanderson et al. 2021; Schlund et al. 2020). Two approaches can be considered to

assess these concerns. A systematic metric selection process can avoid the redundancy
of using multiple metrics describing closely-related processes (Chapter 3; Senftleben et
al. 2020) and reduce the potential for overfitting. Secondly, the performance of
constrained projections based on a range of constraints can be evaluated using model-
as-truth approaches in a so-called imperfect model test (Brunner et al. 20 19a; Brunner
et al. 2020a; Brunner et al. 2020c; Chapter 2&3).

As discussed in Chapter 10 of IPCC AR6 (Doblas-Reyes etal. 2021), it has long been
known that the pattern of projected warming in individual models stays approximately
constant over time such that regional mean warming is approximately proportional to
that ofthe global mean (Tebaldiand Arblaster2014). Hence global constraints may also
be used to constrain regional warming. Compared with regional constraints, the use of
global constraints may reduce the effect of internal variability but may ignore the
potential advantages of accounting for regional information (Ribes et al. 2022). The
application of global metrics to constrain regional warming also disregards any
relationship between inter-model differences in the spatial pattern of projected warming
and inter-model differences in the pattern of warming or other climate variables in the
past. To assess the relative performance of global and regional constraints we therefore
compare prediction skills using these two types of metrics within a consistent
evaluation framework.

In particular, this study evaluates the performance of global metrics alone relative to a
combination of global and regional metrics as constraints on CMIP6 regional warming
projections over extratropical Northern Hemisphere regions. We first apply metric
selection strategies to select the most robust and effective regression model based on a
set of regional and global metrics from the CMIP6 ensemble. We contrast the
performance of the metrics selected by this approach with the performance of global
metrics alone in a cross-validated test using simulations from both CMIP6 (which were
used for metric selection) and CMIPS. Although these analyses are performed on
different regions individually, our focus is on those predictors which produce robust
and effective constraints across the extratropical Northern Hemisphere. Finally, we
use the resulting linear regression models based on CMIP6 simulations, together with
observed metrics to constrain projected 21s5-century regional warming over sub-
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continental land regions in the extratropical Northern Hemisphere.

4.2 Data and Methods

a. Region definitions, model simulations

In this study, we consider mid- and high-latitude Northern Hemisphere IPCC AR6
reference land regions [Fig 4.1; Iturbide et al. (2020)] and calculate area averages over
these regions separately to compute regional metrics and projected regional warming.
To make a consistent comparison in the evaluation process, we use a subset of models
for which all the metrics are available. For the cross-validated imperfect model test
evaluation (Section 4.3a-b), we use all available individual realizations (Table 4.1) to
produce both raw and constrained projections of future warming. For the imperfect
model test (described in detail in Section 4.2d), the projected warming is calculated for
2081-2100 relative to base period 1995-2014 (the base period for CMIP5 is extended
by RCP 8.5 for 2006-2014), respectively considering the RCP 8.5 and SSP 5-8.5
scenarios for CMIP5 and CMIP6 simulations. The observationally constrained
projections using CMIP6 multi model ensembles (Table AC.2.S1) are based on 2081-
2100 relative to 1995-2014 [the same base period as in AR6 (Lee et al. 2021)] with SSP
5-8.5 and SSP 1-2.6 scenarios (Section 4.3c), for consistency with IPCC AR6 (Lee et
al.,2021).
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Figure 4. 1 The regions used in this study (lturbide etal. 2020).

N.W.North-America [NWN]
N. Europe [NEU]
W.Siberia [WSB]

Tibetan-Plateau [TIB]

N.E.North-America [NEN]
W.C. Europe [WCE]
E.Siberia [ESB]
E.Asia [EAS]

W.North-America [WNA]
Mediterranean [MED]
Russian-Far-East [RFE]

C.North-America [CNA]
E. Europe [EEU]
W.C.Asia [WCA]

Table 4. 1 List of CMIP6 Historical and SSP5-8.5; and CMIP5 Historical and RCP8.5
simulations used in this paper. The numbers of ensemble members used for each
experimentare listed in the second, the third, the fifth and the sixth columns. We used

all simulations for which the necessary model output was available.

Model name Historical = SSP5-8.5 Model name Historical RCP 8.5
ACCESS-CM2 1 1 ACCESS1-0 3 1
ACCESS-ESM1 1 1 ACCESSI-3 3 1
BCC-CSM2-MR 3 1 BCC-CSM1-1 3 1
CanESM5 50 50 CanESM2 5 5
CESM2 6 2 CCSM4 6 1
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CNRM-CM6-1 10 6 CNRM-CM5 1 5
CNRM-ESM2-1 5 CSIRO-Mk3-6-0 1 1
FGOALS-f3-L 3 1 FGOALS-g2 1 1
FGOALS-g3 1 1 GFDL-CM3 1 4
HadGEM3-GC31-LL 4 1 HadGEM2-CC 1 1
IPSL-CM6A-LR 16 5 IPSL-CM5A-MR 3 1
KACE-1-0-G 3 2 IPSL-CMS5A-LR 6 2
MIROC-ES2L 3 1 IPSL-CM5B-LR 1 1
MIROC6 9 3 MIROC-ESM 3 1
MPI-ESM1-2-HR 5 1 MPI-ESM-P 2 1
MPI-ESM1-2-LR 8 8 MRI-ESM 1 1 1
MRI-ESM2-0 4 1 NorESM1-M 4 2
NorESM2-LM 3 1 NorESM1-ME 1 1
NorESM2-MM 3 1

UKESM1-0-LL 8 4

b. Global and regional metrics

We use a suite of global and regional metrics computed from the CMIP6 and CMIP5
multi-model ensembles (describedin detail in Table 4.2). The cloud metrics are selected
based on their physical connection to shortwave low-level cloud feedback which drives
much of the spread in climate sensitivity between models (Zelinka et al. 2020). Several
constraints based on the low-level cloud feedback have been proposed to constrain
global mean projected warming (Bretherton and Caldwell 2020; Brient and Schneider
2016; Caldwell et al. 2018; Zhai et al. 2015). Chapter 3 compared the performance of
regression models using combinations of the four cloud metrics identified as having the
strongest physical basis by Caldwell et al. (2018) to constrain the global mean surface
air temperature trend, and demonstrated that a multivariate linear regression model
using two climatological cloud metrics performed best in projections of global mean
warming (both in terms of cross-validated skill and robustness to internal variability).
The first of these two cloud metrics is defined as the regression coefficient of monthly
marine boundary layer cloud (MBLC) fraction against SST changes across the seasonal
cycle over the ocean for both 20°-40°N and 20°-40° S (denoted the MBLC metric, Zhai
etal. 2015). The second cloud metric characterizes cloud shallowness defined based on
the ratio of cloud fraction below 900 hPa to that below 800 hPa over weakly subsiding
tropical ocean regions (the BCS metric; Brient & Schneider 2016). We consider both
of these global, climatologically-based cloud metrics in the present study. In addition,
since the global mean near-surface air temperature (GSAT) trend over past decades is
well correlated with future climate warming across climate models, we take the 1970-
2014 GSAT trend as an alternative global metric. A relatively long 1970-2014 period is
used for GSAT trend calculation to suppress the influence of internal variability. As
aerosol forcing has not changed much over this period, the GSAT trend over this period
is driven by greenhouse gas emissions, similar to future changes. Because local climate
responses to changes in external forcing are found to vary approximately linearly with
global mean temperature changes such that the pattern of warming remains stable
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(Tebaldi and Arblaster 2014), there is a clear physical basis for constraining regional
warming by applying global metrics. While the effect of the cloud metrics on regional
warming will be mediated through GSAT changes, the results of Chapter 3 suggest that
the climatological cloud metrics may produce more robust constraints than the GSAT
trend because of the much greater internal variability of the latter.

Consistent with other regional constraint studies (Brunner et al. 2019a; Lorenz et al.
2018; Senftleben et al. 2020), we also evaluate the performance of regression models
using the set of regional metrics defined in Lorenz et al. (2018) (Table 4.2). For each
variable used as a regional metric, we calculate the climatology (the time mean), the
linear trend, and the variability (the standard deviation), all based on the area average
of the historical variable over the same regions used for the projected warming. Based
on the influence of the surface energy budget on near surface air temperature (Lorenz
etal. 2018), we consider several regional metrics related to radiation (surface upwelling
longwave flux in air (RLUS) and surface downwelling shortwave flux in air (RSDS)),
to the sensible heat flux (HFSS), and to the latent heat flux (HFLS) (Seneviratne et al.
2010). Horizontal advection of air masses and vertical motion causing adiabatic
warming or cooling can influence regional warming (Meehl; Tebaldi 2004; Zhang et al.
2022). We therefore follow Lorenz et al. (2018) to use sea level pressure (PSL) as a
potential predictor. Finally, we also consider precipitation (PR) as a regional constrant
since earlier studies have shown that antecedent precipitation can be used as a proxy
for evapotranspiration and can influence temperatures in certain regions (Hirschi and
Seneviratne 2010; Mueller and Seneviratne 2012).

Table 4.2 Shortdescriptions of eachmetric used asaconstraintin this study. The global
metrics (labelled as G) are MBLC, BCS and GSAT trend, while the rest of the metrics
(labelled as R) are regional. The regional metrics are defined as the climatology, trend
and variability of the area-averaged quantities, as described in Section 4.2b. The global
(except GSAT trend) and regional metrics are calculated using data from 1980 to 2005
for both CMIP5 and CMIP6 ensembles in imperfect model test.

Name Description Category

Zhaiet al. (Zhai et al. 2015) defined the MBLC metric.
The regression coefficient of seasonal cycle of monthly
marine boundary layercloud fraction to SST (sea surface
temperature) changes overlatitude band 0£20°to 40° for
MBLC . : G
both hemispheres. The marine boundary layercloud
fraction is obtained fromthe low cloud coverage (below
700 hPa) in subsidence regions (measured by monthly

climatologies of 500 hPa vertical velocity)
Brientet al. (Brientet al. 2016) defined the BCS metric of
cloud shallowness. It is defined as the ratio of cloud
BCS fractionsbelow 900 hPato that below 800 hPa over G
weakly subsiding tropical ocean regions (indicated by

vertical velocity between 10 and 30 hPaday™!).
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Global mean near surface air temperature trend in 1970-

GSAT trend 2014 G
HFLS Surface upward latent heat flux R
HFSS Surface upward sensible heat flux R
HUSS Near-surface specific humidity R

TAS Near-surface air temperature R
PR Precipitation flux R
PSL Air pressure at sea level R
RLUS Surface upwelling longwave flux in air R
RSDS Surface downwelling shortwave flux in air R

c. Observational constraint method and metric selection process

The main method used to constrain projections in this study is linear regression
(described in Section 4.2e¢), which was evaluated for global mean temperature
projections in Chapter 3. Two approaches are considered for selecting the metrics used
for the constraint: the Lasso (least absolute shrinkage and selection operator) regression
approach and the step-wise selection approach. These methods are described in Section
1 of the Appendix 3.1. For comparison with the linear regression approach, we also
consider a model weighting approach (Section 2 of Appendix 3.1) proposed by
Sanderson et al. (2015a, 2015b; 2017). We consider both linear regression and
weighting approaches since both have been used frequently in the literature and as the
different constraint methods rely on different assumptions. The weighting method
assumes that models that can reproduce observations well will produce more accurate
projections, while the linear regression approach is based on an emergent statistical
relationship between historical metrics and projections. We evaluate and contrast the
performance of these two standard observational constraint methods based on an
imperfect model test (Section 4.2d). Finally, we contrast the performance of regression
models based on global metrics alone with the performance of regression models based
on both global and regional metrics.

d. Evaluation of the constrained projections

To assess the accuracy of the constraint approaches, we apply a cross-validated
imperfect model test in which each model serves in turn as pseudo-observations which
are used to constrain projections by all other models, evaluating the performance of
metrics chosen based on several different measures (described below). This evaluation
process has several advantages. Within the collection of CMIP models considered, we
can contrast the accuracy of global metrics with the performance of constraints
involving regional metrics. We are also able to assess the impact of internal variability
on projections constrained using different metrics.

To test the robustness of the constraints and reduce the potential for model overfitting,
we apply the metric selection process to the CMIP6 archive, and then use the selected
metrics in an imperfect model test using the CMIP5 archive.
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To account for the impact of internal variability, we base our constraints on one
ensemble member randomly drawn from each model and repeat this random process
five thousand times in the imperfect model test evaluation and observational constraint
process. This approach allows us to reduce the effect of large differences in the number
of realizations among different models that would be present considering ensemble
means, and also allows us to estimate the impact of internal variability in the model
simulations on our constrained projections by sampling across ensemble members. We
also carry out a sensitivity test to assess if our constrained results are biased due to a
limited number of models having ensembles of more than one member (detailed
description are in Section 4.2e and Text S1 in Appendix 3.2).

In our imperfect model test, we evaluate the accuracy of the constrained mean
projection using two measures. First, the correlation coefficient is calculated between
constrained projections and the pseudo-observations. Because the correlation
coefficient does not consider the relative magnitude of the variations, we cannot rule
out that our constraining framework gives systematically biased projections even if the
correlation is very close to +1. Hence, we also evaluate the reduction in RMSE defined
as the difference of the root mean square error between unconstrained means and
pseudo-observations from the root mean square error between constrained means and
pseudo-observations. Increased accuracy of the constrained means relative to the
unconstrained means is reflected in a high positive correlation coefficient as well as a
positive value of the reduction of RMSE. Note that we use the unconstrained model
ensemble as a baseline because this is a frequently used approach to climate projection,
assuming that the real world and climate models are exchangeable.

An additional desirable property of the constrained projections is that they should have
narrow uncertainty ranges, and these uncertainty ranges should be reliable. For each
sample from the set of initial condition ensembles, the uncertainty range on the
constrained projectionis derived using the approachdescribed in Section 4.2¢) for each
pseudo-observation, and the width between the 95th percentile and the 5th percentile is
calculated. The mean width is then calculated across all pseudo-observations. We then
compute the 5%-95% range of all constrained widths by repeating the sampling of
individual ensemble members from all models 5000 times. The reliability of the
constrained uncertainty ranges is measured by the ratio of pseudo-observations that lie
within the constrained uncertainty ranges to the total number of pseudo-observations.
The uncertainty ranges estimated are more reliable the closer the ratio of pseudo-
observations that lie in the constrained 5%-95% uncertainty range is to 90%. The
constrained width and coverage fraction are also used to assess the quality of different
metrics chosen.

e. Observationally constrained uncertainty estimate

To construct the constrained projected warming using linear regression, we use the
following steps. As in Eqn. (4.1), letthe observable, constraining variable be X andy
its corresponding target variable (future regional mean warming in our case). The
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number of rows in X or y is the number of climate models we use. We then use
ordinary least-squares regression to fit the linear model, assuming the real world and
model simulations are exchangeable:
4.1
y=a+X'B “.1)
Applying the linear regression model with observational estimates X, of metrics
chosen yields a constrained best estimate of regional projected warming y, (Hooper
and Zellner 1961; Karpechko et al. 2013; Senftleben et al. 2020),
Yo=a+XB (4.2)

where the scalar @ and the vector B are the multiple regression coefficients.
Assuming Gaussian residuals for predicting constrainedregional warming changes (y)
given X, the probability density function (PDF; Hooper and Zellner 1961) for y is

(y=90)?
(71X0) = = exp (- 22)

pylXo \/T‘Tyzo p 202 (4.3)
where

o5 = s2(1 + Xq(XTX)~1X,) 4.4)
and

1 M ~
s?= M-p—1 Zmzl()’m - Ym)z 4.5)

In Eqn. (4.5), M denotes the number of models for CMIP6 archive and p is the
number of metrics chosen.

Our method considers different contributions to constrained uncertainty as in Simpson
et al. (Simpson et al. 2021). To account for the contribution of internal variability in
constraints and the contribution of observed uncertainty to constrained uncertainty, we
sample over internal variability by drawing one ensemble member from each model
randomly and drawing Xy from a distribution representing observational uncertainty to
estimate the regression coefficients o and f, and repeat this process 5000 times. The
regression model parameter uncertainty is accounted for in our regression model
uncertainty, which corresponds to the second term in the brackets in Eqn. (4.4) above.
Because our study uses one ensemble member per model [y, in Eqn. (4.5)] rather than
ensemble means, the internal variability in the future contributes to the variance in the
regression residuals, as represented by Eqn. (4.5). Besides internal variability in the
projections, other factors contributing to spread of constrained uncertainty, such as
modeluncertainty, will also contribute to the variancein the regression residuals in Eqn.
(4.5). Hence the unexplained component of the variance is also accounted for in
constrained uncertainty.

Each of the 5000 samples yields a PDF of constrained projections with a particular



50

mean (¢) and standard deviation (o). Multiplying the joint distribution of these two
statistics f (u,0) by the conditional distribution f(y|u,0) obtained from the constraints,
and then integrating over u and g, gives us a population estimate g (y) of the marginal
distribution of the projected warming:

9 =[] f&lw o)f (,0)d,dy (4.6)

Sampling ¢ and o from their joint distribution and then averaging the resulting
conditional distributions of y gives a sample estimate of this population mean
distribution. We then estimate constrained uncertainty based on the estimate of g ().

We also test if our constrained uncertainty estimated by our one ensemble member per
model sampling strategy (described in Section 4.2d) is biased due to a limited number
of models having ensembles of more than one member (Text S1 in Appendix 3.2). We
conduct a sensitivity test based on two sets of synthetic data. We construct the first set
of data by producing synthetic 50-member ensembles for both historical predictor and
future predictand of each model by assuming Gaussian distributions for all members of
the multi-model ensemble. The Gaussian distributions are centered on the ensemble
means of individual models with standard deviation taken from CanESMS. The second
set of data is generated in the same way as the first set but for each model the ensemble
size is the same as in Table 4.2. The constrained PDFs obtained from each set of
synthetic data (Section 4.2d) are then compared. The synthetic test indicates that the
limited ensemble sizes available do nothave much effecton ourresulting PDF by using
potential metrics. More detailed information is provided in supplementary Text S1 in
Appendix 3.2.

4.3 Results

a. Strength of emergentrelations

We first investigate the strength of the statistical relationship between projected
regional warming and the global and regional metrics by computing their correlation
coefficients. We evaluate the correlation coefficient between each current climate
metric and projected regional warming for each region in simulations from both CMIP6
(Fig 4.2) and CMIP5 (Fig AC.S2), sampling over both models and internal variability.
We sample over models by selecting (with replacement) 20 CMIP6 models (18 CMIP5
models) from the available multi-model ensemble, and we subsequently sample over
internal variability by choosing one ensemble member at random for each model
Sampling over models can account for the limited number of available models and
assess the increased chance of spuriously high correlation coefficients from a small
sample of models. We take a 90% confidence interval on the correlation coefficient
which does not intersect zero as implying a statistically significant correlation.

For CMIP6, the GSAT trend and cloud metrics MBLC and BCS generally correlate
well with regional mean warming across the most regions (Fig 4.2). The correlation
coefficient values for the BCS metric are not as large as GSAT trend or MBLC,
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especially for the EEU, MED, RFE and WCA regions. For CMIP5, correlation
coefficients with these metrics are somewhat weaker, especially for MBLC (Fig AC.S2)
over GIC, TIB and EAS region, although the sign ofthe correlation coefficients remains
the same.

By contrast, the Lorenz et al. (2018) regional metrics do not in general exhibit
consistent significant correlations with projected warming across regions, especially
the climatological mean and standard deviation metrics (Fig 4.2 and Fig AC.S2). While
some trend-based regional metrics show statistically significant correlations in some
regions (for example TAS and RLUS), there are many differences between regional
correlation values in CMIP5 and CMIP6, indicating non-robustness of the statistical
relationships. Our study does not sample over models in subsequent analyses, because
we account for uncertainty related to the limited sample size of models as in in eq (4.4).

Correlation between projected regional warming and global and regional metrics

Trend-based regional metrics

-
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Figure 4. 2 Correlation coefficient between historical predictors and future regional
warmingby applyingbootstrap resamplingover models and initial condition ensembles
(1000 times). 5-95% uncertainty ranges are shown. The sign of the correlation
coefficient of MBLC is reversed. The bottom row refersto regions as defined in Figure
4.1 and metrics defined in Table 4.2

b. Imperfect model evaluation of constraints

Although our initial analysis (Figure 4.2) suggests that regional metrics are less likely
to provide robust constraints on future regional warming, it is still possible that
combinations of regional and/or global metrics might outperform global metrics alone.
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Therefore we evaluate the performance of constrained projections produced using
linear regression using metrics chosen from the set of global metrics and regional
metrics (Table 4.2) and using both Lasso and stepwise-selection approaches (the
selected predictors are shown in Fig AC.S3). Fig 4.3 shows the resulting constrained
means as measured by the correlation coefficient and reduction in RMSE (cf. Section
4.2d). Consistent with results for global mean warming projections (Chapter 3), the
linearregression method (red bars in Fig 4.3a-b) gives more accurate constrained means
than the Sanderson weighting approach (blue bars in Fig 4.3a-b) across regions, both
using the same global cloud-based constraints MBLC and BCS. With only one
exception (TIB), the Sanderson weighting approach giveslower correlation coefficients
and a lower reduction of RMSE than the linear regression approach across all regions
examined (Fig 4.3 a-b). Based on this result, we use the linear regression approach for
the remainder of the study.

While the performance of the Lasso and step-wise metric selection are similar for
CMIP6 (Fig 4.3 c-d), when tested with models from CMIP5 (Fig 4.3 e-f), the metrics
chosen with the Lasso approach generally perform better than those chosen with the
step-wise selection approach across most regions, based on correlation and reduction
of RMSE values. This result shows that applying step-wise metric selection rather than
Lasso increases the possibility of overfitting. Therefore, we use the Lasso approach for
the rest of this evaluation.

There are several clear pieces of evidence that show a lack of robustness of constrained
projections using regional metrics relative to those using global metrics. First, the split
sample test shows that overfitting may occur when using regional metrics. As shown in
Fig 4.3e-f, for the split sample tests, the global metrics generally out-perform the
regional metrics, even those selected based on Lasso. Furthermore, the split sample test
shows the emergence of overfitting in more regions when using regional metrics, with
several regions showing increases in RMSE. This effect also happens with global cloud
metrics, but only in the TIB region, suggesting an inconsistent warming pattern across
models in this region. Second, the choice of regional constraints varies depending on
the metric selection approach. As shown in Fig AC.S3, different regional metrics are
selected by the different methods without consistency across regions while global
metrics are consistently selected. In addition, as shown in Fig 4.3c¢-f, the in-sample and
split sample correlation coefficient and reduction in RMSE from the imperfect model
test display a large spread when involving regional metrics. However, the ranges for
global metrics are much narrower (especially for cloud metrics), indicating a much
greater influence of internal variability using regional metrics.

The GSAT trend metrics do not outperform cloud metrics across regions, particularly
in the split sample test, and the application of the GSAT trend metric displays a larger
influence of internal variability. In addition, the GSAT trend metric is not chosen for
most regions in the metric selection process (Fig AC.S3), while cloud metrics are
chosen for most regions, indicating the cloud metrics are more robust over Northem
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Hemisphere regions. For these reasons, we use cloud metrics in the rest of this study.
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Figure 4. 3 Imperfectmodel testof the accuracy of the constrained temperature changes
for 2081-2100 relative to 1995-2014 using SSP5-8.5 for CMIP6 and RCP 8.5 for
CMIP5. The left panels show correlation coefficients calculated between pseudo-
observations and projected means and the right panels show the RMSE reduction
calculated as the RMSE of unconstrained means relative to pseudo-observations minus
the RMSE of constrained means relative to pseudo-observations. a) and b) compare the
regression and Sanderson weighting approaches using cloud metrics and CMIP6 data.
c¢) and d) compare the performance of different sets of metrics using the regression
approach and CMIP6 data, and e) and f) show the same comparison using CMIP5 data.
Bars show the 5t-95th percentile range across 5000 samples, sampling across model
ensemble members. The black dashed line in the left panel plots show the critical value
of the correlation coefficient that is significant at the 0.05 level (one-sided) for CMIP5
and CMIP6 respectively. The black dashed line in the right panel plots shows the
threshold value of 0 representing no improvement based on the metrics chosen. All
color bars shown in the plot are based on the linear regression method described in
Section 4.2e except the dark blue bars which are based on Sanderson weighting
approach using MBLC and BCS constraints.

We further evaluate the constrained uncertainty range in projected regional temperature
change estimated using cloud metrics alone or using both global and regional metrics.
Using the imperfect model test, we assess whether the constraining process can reduce
the uncertainty range (Fig 4.4) and evaluate if the estimation of constrained uncertainty
is reliable (Fig 4.5). As shown in Fig 4.4, linear regression models including both
regional and global metrics produce narrower uncertainty ranges than those based
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solely on global metrics for almost all regions in the in-sample test. However, for the
split sample test, uncertainties are not systematically narrower whenusing both re gional
and global metrics. Use of cloud constraints substantially and robustly reduces the
projected uncertainty range relative to unconstrained projections across regions in both
in-sample and split sample analyses. As shown in Fig 4.5, the constrained uncertainty
estimated using cloud constraints shows areasonable coverage ratio of around 90% (the
ratio of pseudo-observations that lie in the constrained uncertainty range) across most
regions. Relative to the in-sample results, metrics involving regional constraints show
reduced performance of the coverage ratio in many regions in the split sample test.

Width of 5-95 uncertainty range in imperfect model test using CMIP6
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Figure 4. 4 Widths of constrained and unconstrained 5%-95% ensemble uncertainty
ranges in projected regional warming. The bars show 5t-95t percentile ranges of
ensemble widths based on 5000 random selections of model ensemble members.
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Figure 4. 5 Evaluation of the reliability of the uncertainty estimates on the constrained
projections. The upper panel shows the percentage of pseudo-observations lying within
constrained uncertainty ranges (or coverage ratio) for the in-sample test based on
CMIP6 simulations and the lower panel shows corresponding results for the split
sample test based on CMIP5 simulations. The bars show 5-95th percentile ranges based
on 5000 samplesof initial condition ensembles. The bars in black represent constrained
projections using Lasso selected metrics and the bars in green represent constrained
projections using cloud metrics.

Finally, we use the imperfect model test to evaluate the application of cloud metrics to
constrain 2081-2100 warming under SSP1-2.6 (Fig AC.S4 -S6). Based on the analysis
of constrained SSP 5-8.5 projections, we only uses cloud metrics. We find that with the
exception of only one region (TIB), applying cloud constraints with SSP1-2.6 output
results in substantial improvements relative to unconstrained projections in the mean
(Fig AC.S4), and the width of the constrained projection distribution (Fig AC.S5), with
reliable constrained uncertainty estimates (Fig AC.S6).

c. Observationally constrained projections

The evaluation process described in Section 4.3a-b shows that constrained projections
based on cloud metrics alone are more accurate, robust, and reliable than those which
also use regional metrics. They are also effective in reducing the widths of projected
temperature change ranges. Following the procedure described in Section 4.2e, we
accordingly use cloud metrics with observed MBLC reported by Zhai et al. (2015) of
—1.28% =+ 0.19% K-! (derived from 2006-2010), and observed BCS reported by Brient
et al. (2016) of 45% = 3% (mean *+ std, derived from 2006-2012) to obtain
observationally-constrained projections accounting for internal variability and

observational uncertainty. This calculation was carried out separately for each 20-yr
period beginning with 2015-2034 and ending with 2081-2100.

The observational constraint using cloud metrics substantially reduces the uncertainty
range for all individual regions relative to the unconstrained uncertainty range from the
raw CMIP6 ensembles under both SSP 5-8.5 (Fig 4.6) and SSP 1-2.6 forcing (Fig 4.7).
Table AC.S2 provides the 5-95% range and mean projection values for the two
scenarios in 2081-2100. Specifically, the application of observational constraints to
projections under both SSP 5-8.5 and SSP 1-2.6 results in a decrease in the 95%
percentile and an increase in the 5™ percentile, with little change in the multi-model
ensemble mean projections in all regions. Under rising emissions (SSP 5-8.5, Fig 4.6),
the period of most substantial reductions of uncertainty for most regions appears after
2050 as GHG emissions are particularly large at that time in this scenario. This result
is consistent with the previously constrained projections of global mean warming
Chapter 3). Under strongly declining emissions (SSP 1-2.6, Fig 4.7), our
observationally constrained framework still works well to narrow the projected
warming range even though global mean temperature stabilizes, again providing more
confident regional warming projections.



Projections (K) Projections (K) Projections (K)

Projections (K)

56

GIC NWN NEN WNA CNA
10.0 10.0 10.0 10.0
¥ 7.5 ¥ 7.5 ¥ 75 ¥ 754
w w w w
=4 =4 = =
S 5.0 2 5.0 L2 5.0 2 5.0
G G ] G
Z £z Z L2
g 2.5 g 2.54F g 2.5 g 2.5-1
o o 10 o ! (- by
0.0 - 0.0 | 0.0 0.0 4
T T T T T T T T T T T T T T T
2025 2050 2075 2025 2050 2075 2025 2050 2075 2025 2050 2075 2025 2050 2075
Year Year Year Year Year
ENA NEU WCE EEU MED
10.0 10.0 10.0 10.0 10.0
7.5 1 ¥ 754 ¥ 754 ¥ 754 ¥ 754
v v [ [
= = = =
5.0 - S 5.0 1 S 5.0 S 5.0 A S 5.0+
S ¥ S . g
L £ L2 L2
2.5 1 e 2.5 o 2.5 o 2547 o 2.54
4 a o a i a . a T
0.0 1] ] ] 0.0 13 ] ] 0.0 ] ] ] 0.0 1 ] ] 0.0 ] ]
2025 2050 2075 2025 2050 2075 2025 2050 2075 2025 2050 2075 2025 2050 2075
Year Year Year Year Year
RAR WSB ESB RFE WCA
10.0 10.0 10.0 10.0 10.0
7.5 ¥ 7.5 - ¥ 7.5 ¥ 75 ¥ 7.5
v v 1] 1]
c c c c
5.0 - S 5.0 2 5.0 2 5.0 A 2 5.0
S S 5 G
L £ L - L
2.5 7 g 2514 g 2.5- o 25 S 2.5+
o ' o o - o ’
0.0 4 ! . 0.0 ¢ ! ! 0.0 . ! 0.0 4] ! ! 0.0 ! !
2025 2050 2075 2025 2050 2075 2025 2050 2075 2025 2050 2075 2025 2050 2075
Year Year Year Year Year
ECA TIB EAS Global
10.0 10.0 10.0 10.0
7.5 ¥ 7.5 1 ¥ 7.5 ¥ 75
w w w
c c =}
5.0 7 S 5.0 2 5.0 2 5.0
S = ]
L L L -
2.5 1 S 2.5 o 2.51 g 2.5 —— Constrained
o o o .
) ! L —— Unconstrained
0.0 4 ! ! 0.0 ! . 0.0 ! ! 0.0 4 . !
2025 2050 2075 2025 2050 2075 2025 2050 2075 2025 2050 2075
Year Year Year Year

Figure 4. 6 20-year moving average of regional mean near-surface air temperature
anomalies (based period:1995-2014) in CMIP6 future projections (SSP5-8.5). The red
solid lines show the 5-95% uncertainty range of raw CMIP6 projections and green solid
linesshow the constrained uncertainty range. The dashed lines show the ensemble mean
estimates of constrained and unconstrained projections. The times shown on the x-axis
are the central years of each 20-year moving average starting from 2015-2034 and ends
at 2081-2100.
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Figure 4.7 As in Fig 4.6, but for SSP1-2.6.

We present the percentage reductions in late 215t century warming uncertainty for each
region and both SSPs in Fig 4.8, corresponding to the observationally constrained
results shown in Figs 4.6 and 4.7. The observational constraint reduces the SSP 5-8.5
5-95% range for individual regions by 18% to 40% relative to the unconstrained width,
andreduces the SSP 1-2.6 unconstrained 5-95%range by 17%to 44%. For both SSPs,
the regional percentage reductions in uncertainty are close to that for the global mean
(34%). Given that the relative size of internal variability is expected to be larger on
regional scales, this result suggests that uncertainties in the regional constrained
projections, like the global meanprojections, are dominated by model uncertainty rather
than internal variability.

Compared with SSP 5-8.5, most regions involved in this study show somewhat smaller
relative reductions (constrained width relative to unconstrained width) in projected
temperature change using SSP 1-2.6, with the exceptions of CNA, ENA and RFE. In
some regions (GIC, NEU, ECA, TIB and RFE), the effectiveness of the emergent
constraint using cloud constraints is worse than the rest of the Northern Hemisphere
regions. The relatively weak constraint over these regions may be due to stronger
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internal variability or model differences in future regional warming that are more
strongly driven by model differences unrelated to tropical and subtropical clouds (e.g.
ice albedo feedback and lapse rate feedback, etc.).

SSP 5-8.5

Figure 4. 8 The percentage decrease in the 5-95% uncertainty width due to application
of the observational constraints. The constrained and unconstrained widthsare derived
from Fig. 4.6 and 7 for the 2081-2100 of the 21t century relative to 1995-2014. The
upper panel is for SSP 5-8.5 and the lower panel is for SSP 1-2.6.

4.4 Summary and discussion

Other than for Europe (Brunneretal. 2019b; Brunneretal. 2020a; Brunneretal. 2020c),
few attempts have been made to observationally constrain projected temperature
changes at a regional scale. While IPCC AR6 presented observationally constrained
projections of global mean warming, no such constraints were applied to regional
warming because ‘robust methods do not yet exist to constrain the projections’ (Lee et
al.2021).

Using both CMIP5 and CMIP6 simulations, we consider a large number of different
regional metrics proposed by previous studies (Brunneretal. 2019a; Lorenz etal. 2018;
Senftleben et al. 2020), in addition to a set of global metrics used in previous studies
to constrain global temperature changes (Chapter 3; Ribes etal. 2021b; Tokarska et al.
2020). To evaluate and contrast the performance of metrics chosen, we apply a cross-
validated imperfect model test. In this evaluation, each model serves in turn as pseudo-
observations to constrain projections by all other models, testing how well the future
warming in one model can be predicted based on outputs from the other models in the
ensemble. The effects of internal variability are accounted for by repeatedly sampling
individual members from initial condition ensembles.
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Including physically-motivated regional constraints in addition to global ones should
improve the constrained projections if the regional metrics provide information to
constrain local warming beyond thatin the global metrics and are not strongly impacted
by internal variability. However, we find that constraining regional temperature
projections using regionally-derived metrics introduces the risk of overfitting of the
statistical model, and that the resulting projections are more strongly influenced by
internal variability. We further show that while the performance of constraints varies
across regions, the evaluation process gives us confidence in the accuracy, robustness
and reliability of global-scale cloud metrics to observationally constrain regional
warming projections. Overall, the cloud metrics result in more robust constrained
projections than projections based on regional constraints.

Using observed global-scale cloud metrics we find substantially reduced uncertainties
in projected warming for Northern Hemisphere regions compared to unconstrained
projections. Our study shows that constraining CMIP6 projections under SSP 5-8.5 and
SSP 1-2.6 scenariosresults in an increase in the lower bound and a decrease in the upper
bound of the warming range with generally little change in mean projected warming.
Furthermore, our results show there are reductions of 18-40% for SSP 5-8.5 and 17-44%
for SSP 1-2.6 in the uncertainty range of projected warming across regions relative to
unconstrained projections.

The accuracy of the constrained projections is generally high over most regions of
extratropical Northern Hemisphere, but the accuracy is lower over the TIB region, and
the reduction in uncertainty range is smallest there. The relatively poor performance of
applying global cloud metrics over this region may be due to model differences in
regional warming being driven by local processes that are independent of global
warming.

Our study provides regional warming projections which the cross-validated imperfect
model test indicates should be accurate, robust, and reliable. These results represent a
step forward in metric performance evaluation relative to previous studies applying
observational constraints to regional projections. The narrower constrained uncertainty
ranges produced by our observationally constrained framework are relevant to climate
change policy and adaptation decisions — for example, planning decisions based on the
need to avoid particular temperature thresholds.
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Chapter 5. Constraining uncertainties in projected warming using the past
global warming trend with the pattern effect removed

This chapter will be submitted as:

Liang, Y., Gillett, N. P., & Monahan, A. H. (2023b). Narrowing uncertainties in
projected warming by constraining using the past global warming trend with the
pattern effect removed (In preparation)

5.1 Introduction and motivation

Future climate change uncertainties based on climate model projections are driven by
the choice of different emissions scenarios, uncertainties in the response to external
forcing, and internal variability (Deser et al. 2012). An emergent constraint framework
based on inter-model correlation between observable metrics in historical simulations
and future projected climate provides an effective way to narrow the uncertainty of
multi-model projections (Chapter 2&3; Brient and Schneider 2016; Brient et al. 2016;
Brunner et al. 2019a; Brunner et al. 2020a; Caldwell et al. 2018; Nijsse et al. 2020;
Tokarska etal. 2020; Zhai etal. 2015). Emergent constraints relies on physically-based
emergent relations between an observational constraint and the projected warming
response to anthropogenic forcing. As an example, past work has highlighted the
relevance of simulated warming over recent decades to intermodel variability in
simulations of future global warming (Brient and Schneider 2016; Brient et al. 2016;
Sanderson etal. 2021). An underlying assumption of an emergent constraint based on
the past warming trend is that the emergent relation identified in the models is
exchangeable to the real world.

For future long-term global mean warming projections, the past global mean near-
surface warming trend can serve as a promising constraint. Since both metrics are based
on the response of global mean temperature to increasing GHGs, we would expecta
strong correlation across multimodel ensembles given consistent forcing changes from
historical to future periods (Nijsse et al. 2020; Sanderson et al. 2021; Tokarska et al.
2020). However, past warming trend constraints are sensitive to the impact of internal
variability (Chapter 3; Maher et al. 2020; Po-Chedley et al. 2022; Schwarzwald and
Lenssen 2022; Vincent et al. 2015). The past warming trend is therefore not a purely
forced response and resulting constrained projections could be biased by the strong
influence of internal variability in observations (Chapter3 ; Po-Chedley et al. 2022).

Analysis suggests there is a lower recent warming trend (particularly since 1980s) in
observations compared with most CMIP6 model simulations (Tokarska et al. 2020).
This fact can be partially understood as the product of internal variability driven by the
so-called pattern effect (associated with warming in the western equatorial Pacific
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Ocean and cooling in the eastern equatorial Pacific Ocean) (Watanabe etal. 2021; Zhou
et al. 2016). Prior studies point out that the relatively cold SST pattern of the eastem
tropical pacific (ETP) can exert a substantial negative cloud radiative feedback to
reduce global top of atmosphere (TOA) energy budget and GSAT warming (Andrews
et al. 2018; Dong etal. 2020; Gregory etal. 2020; Zhou etal. 2016). However, CMIP
models generally fail to capture the observed SST pattern over this region (Olonscheck
et al. 2020; Fyfe and Gillett 2014). Dong et al. (2022) hypothesize systematic model
biases exist over tropical eastern Pacific and the Southern Ocean, and it can be partly
due to the lack of realistic meltwater forcing over the Antarctic in the transient climate
warming.

However, a single initial condition large ensemble does show a broad range of SST
pattern over tropical ocean that can resemble the observed SST pattern (Watanabe et al.
2021). This fact suggests that the relatively cold ETP pattern as observed could be a
rare realization of internal variability, which is in principle captured by models with
adequate ensemble size. Therefore, the relatively low observed GSAT trend potentially
induced by internal variability will favor low climate sensitivity models and tend to
result in relatively low constrained warming projections when applying GSAT trend as
predictor. This fact motivates some studies to estimate the forced response after removal
of'internal variability, for use as a constraint on projected warming. For example, Ribes
et al. (2022) estimate regional constrained warming over France using the estimated
forced response of global and France temperature change as the historical predictor. Po-
Chedley etal. (2022) find a relatively large constrained equilibrium climate sensitivity
(ECS) using the historical warming trend in the tropical tropospheric region with
internal variability removed as a constraint.

Here, we test and apply a framework to separate externally forced warming from
unforced internal variability in the past warming trend in both model simulations and
observations. First, we identify and regress out the unforced internal variability in the
GSAT trend due to the ETP pattern effect. Then, we evaluate and contrast the
performance of past GSAT trend as a constraint with and without internal variability
reduced. Finally, we contrast and use past GSAT trend with and without internal
variability reduced as constraints to estimate projected warming.

5.2 Data and methods

5.2.1 Model data and observation

The predictand in this study is the GSAT change in 2081-2100 relative to 1995-2014
based on CMIP6 model simulations using both SSP 5-8.5 and SSP 1-2.6. This study

considers the historical GSAT trend over the period 1970-2022. The historical period
1970-2022 is used for calculating the past warming trend is because the GSAT trend
response to aerosol changes over this period is relatively small compared with other
longer periods, so thatthe dominantexternal forcingis due to greenhouse gases changes
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(Chapter 2). In addition, the 53-year period reduces the influence of decadal to multi-
decadal internal variability. We also consider the GSAT trend over the relatively shorter
period 1993-2012 as a sensitivity analysis to account for a strong influence of intemal
variability. The period 1993-2012 is selected for calculating the GSAT trend because
there is a trend towards cold patterns of SST over the ETP region over this period (Fyfe
and Gillett2014) [ETP is defined as the region east of the dateline and between 20° S
and 20° N as in (Kosaka; Xie 2013)]. The CMIP6 model simulations used to calculate
GSAT trend (based on near-surface air temperature) and ETP trend (based on SST) are
shown in Table AD.S1, while the corresponding observed GSAT trend and ETP trend
are derived from HadCRUTS5 (Morice etal. 2021) and ERSST V5 (Huang etal. 2017)
respectively.

5.2.2 Constrained uncertainty estimates and imperfect model test for evaluation

The emergent constraint on projected warming is obtained using linear regression as
described below. We firstapply ordinary least-squares regression (OLR) to fitthe linear

model y = a + XT B. The historical predictor is denoted by X and future predictand

is represented by y. The numberof rowsin X andy is equal to the number M of climate
models used. By introducing observational estimates X, of the predictor into the
linear regression model, the best estimate of projected warming due to the constraint is
denoted by y,. Assuming Gaussian regression error, the future constrained projection
is the PDF (Hooper and Zellner 1961; Karpechko et al. 2013; Senftleben et al. 2020)

(y—370)2
(VX)) = ——ex (— )

pPYiXo \/T";%o p 202 (5.1
where

a5, = s*(1 + X5 (X" X) " Xo) (5.2)
and

1 M ~
7= 555 ToneiOn = I 3

We sample one realization from each model in the above analysis to get a PDF based
oneqn (5.1). To avoid the under-sampling of internal variability and to account for the
contribution of observed uncertainty to the constrained uncertainty, we draw one
ensemble member from each model randomly before estimating the regression
coefficients, while we sample an observed value drawn from the HadCRUTS 200-
member ensemble (Morice etal. 2021) to account for observed uncertainty. Our study
does this random process 5000 times to exhaust the choices of internal variability and
to account for observed uncertainty. We then average the resulting 5000 distributions to
get the final constrained distribution to estimate constrained uncertainty (the
justifications of averaging PDFs are shown in Text S1 in Appendix 4).
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We apply a cross-validated imperfect model test (Chapter 2) , in which each model
serves in turn as pseudo-observations and is used to constrain projections by all other
models, to evaluate the performance of constraints. The evaluation is based on values
of the root mean square error (RMSE) improvement (relative to the unconstrained
ensemble) and correlationcoefficient (), both calculatedusing the pseudo-observations
and the means of the constrained imperfect model ensemble. We also consider
probabilistic validation of the imperfect model test (Chapter 2) to assess if the
constrained framework can avoid producing overconfident projections. We note
whether pseudo-observations lie within the 5-95% constrained uncertainty range for
each projection, across all models. Ideally, 90% of the pseudo-observations would lie
in the constrained uncertainty in this test.

5.2.3 Removing the unforced internal variability due to ETP SST trend from
GSAT trend

There are two steps to remove the internal variability in the GSAT trend that is

congruent with variations in ETP SST. Firstly, to obtain a regression relationship

between unforced variations in GSAT and unforced variations in ETP, we regress out
the difference of forced responseover ETPregion betweenmodels based on the relation

between models’ ensemble mean ETP trend and models’ climate sensitivity (the models’
climate sensitivities are represented by ECS, coming from Zelinka et al. (2020)).

Secondly, we remove the unforced internal variability in the GSAT trend in

observations and each simulation by applying this regression relationship to regress out
the unforced ETP variability. The regression model in this step is built up by regressing
GSAT trend against ETP trend (with model difference of forced response removed),

across all CMIP6 realizations.

5.3 Results

5.3.1 Observed and simulated ETP SST pattern

The SST pattern in the eastern tropical Pacific plays an important role in global mean
warming (Andrews etal. 2018; Dongetal. 2020; Gregory etal. 2020; Zhouetal. 2016) .
A strong cooling trend was observed over the eastern Tropical Pacific from 1993-2012,
asin Fig 5.1 (a). The observed ETP SST trend [(Fig 5.1 (a)] can be reproduced in some
individual realizations of CMIP6 models, e.g. the realization ‘r7ilp1{2’ of MIROC-
ES2L. Overall, these models show abroad range of patterns over this region, with either
negative or positive ETP SST trends found in different model realizations as the
examples shown in Fig 5.1 (b) -(c). Over the 20-years period1993-2012, most model
realizations producea positive warmingtrend overthe ETP, indicating thatthe observed
trend is relatively unlikely from the perspective ofthe CMIP6 simulation spread (Figure
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5.1d). As shown in the uncertainty ranges in Fig 5.1 (d), individual models with large
ensembles can largely cover the CMIP6 model spread (with either negative or positive
ETP SST trends in a single model), suggesting the internal variability is an important
contributor to the variability of warming trend over ETP region. Compared to a similar
analysis butbased on CMIP5 realizations conducted by Fyfe and Gillett (2014), CMIP6
realizations exhibit a wider range of ETP trends and more CMIP6 realizations are
consistent with observed ETP trend. This indicates the larger number of initial-
condition ensembles in CMIP6 can provide broader decadal variability to capture
observed ETP trend. Also, as assessed in Chapter 3 of IPCC AR6 (Eyring et al. 2021),
decadal variability over the Pacific Ocean in CMIP6 models indicate an improved
performance (both for spatial structure and magnitude) than CMIPS. Both facts shows
that the increased ensemble size of CMIP6 allows for it to better resemble observations,
suggesting that the ETP cold pattern in observations is probably a rare realization of
internal variability that can be consistent with the modelled ETP trends. Notably,
another interpretation for this modelled-observed difference is due to the systematically
simulated error. For example, the lack of Southern Ocean cooling due to the forcing of
Antarctic meltwater are hypothetically exist in the transient climate simulations, results
in relatively warm SST pattern over ETP region (Dong et al. 2022). Our study focuses
on the role of internal variability in observed and simulated ETP trend and assess its’
influence on GSAT trend (outlined next).
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Figure 5. 1 Observed and simulated patterns of SST trends over the period 1993-2012.
Panel (a-c) show patterns of SST trend in observation, the ensemble member ‘r7ilp1f2’
of MIROC-ES2L and the ensemble member ‘r10ilp1f1° of CESM2, respectively. Panel
(d) shows the PDF of ETP trend in the CMIP6 multi-model ensemble. The PDF is
drawn by randomly samplingone random ensemble per model 5000times (by assuming
Gaussian distribution of CMIP6 multi-model ensemble). The solid black curve is the
mean of the 5000 samples while the grey shading shows the minimum to maximum
range of these 5000 samples. The colored dots in panel (d) correspond to Panel (a), (b)
and (c) respectively. The horizonal bars show the ensemble range (minimum to
maximum) of trend for individual model CanESM5 and MIROCS6.

5.3.2 GSAT trend with the impact of the unforced ETP internal variability
removed

We remove the contribution of ETP-related internal variability to the historical GSAT
trend in 1970-2022 as well as 1993-2012. The removal procedure includes two major
steps, and assumes that the observed and modelled trends are drawn from the same
distribution of internal variability.

The first step is to estimate unforced internal variability over ETP region for the set of
model realizations. As in Fig AD.S1, the ensemble mean of ETP trend is moderately
correlated with ECS across CMIP6 models (correlation coefficient » =0.45, p = 0.04).
This connection indicates that part of the variance of ETP trend across the multi-model
ensemble can be explained by model differences in forced response. Assuming no bias
between observedclimate sensitivity and the mean ECS of CMIP6 models, we estimate
the unforced ETP trend [x-axis in Fig 5.2(a)] at the mean value of models’ ECS by
regressing out the model differences in forced response based on the inter-model
relationship between ensemble mean of ETP trend and ECS (Fig AD.S1).

As shown in Fig 5.2(a), the variability of the GSAT trend is tightly connected with the
unforced ETP trend (»=0.52, p = 0), indicating that part of GSAT variance can be
explained by internal variability from ETP region. The positive correlation reveals that
a warm ETP pattern tends to increase the GSAT trend and a cold ETP pattern tends to
decrease it, consistent with the physical interpretation of pattern effect discussed in the
literature (Dong et al. 2020; Kosaka and Xie 2013; Zhou et al. 2016). Fig 5.2(a) also
shows that the observed trend falls within the distribution of simulated trends, though
the observed ETP trend is rather small compared with most model realizations.

The second step is to remove unforced internal variability in GSAT trend associated
with ETP influence. Based on the regression relationship identified in Fig 5.2(a), we
estimate the GSAT trend at the mean value of ETP trend by regressing out the variability
of GSAT trend due to unforced ETP internal variability. As shown in Fig 5.2(b), the
observed GSAT trend with unforced ETP trend removed approaches the median of the
model simulations. The observed GSAT trend increases (red vertical line relative to
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blue vertical line) due to the removal of the relatively cold impact arisen from ETP
region [Fig 5.2(a)]. In addition, the variance of simulated GSAT trend is slightly
reduced after removing unforced internal variability [the red PDF relative to the blue
PDF in Fig 5.2(b)].

Repeating these calculations using 1993-2012 as the period for GSAT trend (Fig AD.S2
and Fig AD.S3), we find similar results to those described above.

(b) PDF of GSAT trend with and without pattern effect

(a) r=0.52,p=0.0, N=205
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Figure 5. 2 Removing the influence of unforced ETP internal variability on GSAT
trend. Panel (a) indicates the relation between the raw GSAT trend and ETP trend (with
the forced response removed; mentioned in Fig AD.S1 and Section 5.3.2). The black
regression line is estimated from all model realizations (black dots). The black ellipse
contains 90% of the probability of the joint distribution (assuming a Gaussian
distribution). Panel (b) indicates simulations (shown in PDFs) and observations (shown
in vertical line) of raw GSAT trend (in blue lines) and of GSAT trend with ETP SST
trend removed (in red lines).

5.3.3 Performance of GSAT trend as a constraint

Removing internal variability in GSAT trend from unforced ETP variability is
hypothesized to enhance the emergent relationship between predictor and predictand.
The stronger emergent relationship is expected because the signal of forced response is
extracted in the historical GSAT trend which should be well correlated with future long-
term projected warming. As shown in Fig 5.3, the 1970-2022 GSAT trend (same results
but for 1993-2012 are shown in Fig AD.S4) with the pattern effect removed is more
correlated with future warming in the global average [Fig 5.3(a)] and in each grid box
[Fig5. 3 (b)], compared with the raw GSAT trend as the predictor.
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Figure 5. 3 Intermodel correlation between GSAT trend (based on 1970-2022) and
projected warming under SSP 5-8.5 (based on 2081-2100 relative to 1995-2014). Panel
(a) shows the correlation between historical GSAT trend and projected GSAT changes
aross all models. Correlations are based on 5000 random selections of one ensemble
per model. Panel (b) shows the intermodel correlation between GSAT trend and
projected warming of each grid box (an average across 5000 random selections). The
black dashed line in the leftpanel plotshows the critical value of correlation coefficient
that is significantatthe 0.05 level. The white shadingin panel (b) represents correlation
coefficients are not significant at the 0.05 level.

To assess which predictor is more predictive for constrained projections and assess if
the predictor chosen produces overconfident projections, we also apply a cross-
validated imperfect model test. Our results from the imperfect model test show that
constrained projections using the GSAT trend with unforced internal variability reduced
resultin more accurate mean projections relative to pseudo-observations (red solid lines
versus blue solid lines; Fig 5.4 a,b) and anarrower constrained 5-95% uncertainty range
than applying raw GSAT trend as a predictor (Fig 5.4 ¢). A probabilistic validation (Fig
5.4 d) shows no evidence of overconfident constrained projections by applying GSAT
trend metrics, because around 90% percent of pseudo-observations lie in the
constrained uncertainty range resulting from both predictors.
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Figure 5. 4 Imperfect model test of constrained projections of warmingin 2081-2100
relative to 1995-2014 under SSP5-8.5. Panel (a) shows distributions of correlation
coefficient between pseudo-observations and constrained projected mean. Panel (b)
shows distributions of RMSE reduction calculated as the RMSE of the unconstrained
mean relative to pseudo-observations minus the RMSE of the constrained mean relative
to pseudo-observations. The distributions in Panel (a) and (b) are based on 5000 random
samples of one ensemble member from each model. The black dashed line in panel (a)
shows the critical value of correlation coefficient that is significantat the 0.05 level.
The black dashed line in panel (b) shows the threshold O representing no improvement
from due to the constraint. Panel (c) shows the width (95% percentile minus 5%
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percentile) of the constrained uncertainty range. The bars show the 5-95% percentile
range of 5000 random samples. Panel (d) shows an evaluation of the reliability of
constrained uncertainty. The bars show 5-95™ percentiles of 5000 random draws of one
ensemble member per model from the ensembles.

5.3.4 Observationally constrained future GSAT changes

We now apply the observed predictor to constrain warming projections using the linear
regression approach described in Section 5.2.2. The period 1970-2022 is chosen as the
optimal period for calculating predictor GSAT trend due to its strong correlation with
projected warming and relatively long duration, which reduces the impact of internal
variability (Text S2 in Appendix 4).

For constrained projections based on SSP 5-8.5, the raw GSAT trend metric constrains
the 5-95% range to 2.38-4.73 K while the range constrained by the GSAT trend metric
with the pattern effectremovedis 3.2-5.07 K, relative to for the unconstrained ensemble
2.34-5.81K (Fig 5.5). For constrained projections based on SSP 1-2.6, the raw GSAT
trend metric constrains the 5-95% range to 0.32- 1.62 K while the range constrained by
the GSAT trend metric with pattern effect removed is 0.73-1.87 K, relative to for the
unconstrained ensemble 0.37- 2.04 K (Fig AD.S5).

The GSAT trend metric without the unforced ETP variability results in a greater
constrained mean, larger constrained 5% and 95% bound, and reduced 5-95%
uncertainty range compared to projections constrained using the raw GSAT trend metric.
The constrained projections using the GSAT trend without the unforced ETP variability
indicate closer agreement with the projections constrained based on cloud metrics
(Chapter 3). As for the constrained width of 5-95% range, due to the stronger emergent
relation arising from the reduction of unforced internal variability associated with the
ETP pattern effect in the historical GSAT trend, a narrower uncertainty range is
estimated relative to the constrained uncertainty using the raw GSAT trend metric.
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Figure 5. 5 PDFs of constrained and unconstrained projected GSAT changes in 2081-
2100 (SSP 5-8.5) relative to 1995-2014. The blue curve shows constrained projections
using the raw GSAT trend, while the black curve shows the unconstrained projections.
The red curve shows constrained projections using the GSAT trend with the ETP
unforced internal variability removed. The green dashed curve shows constrained
projections using climatological cloud metrics from Chapter 3. The distributions are
generated by sampling over internal variability and observational uncertainty as
described in Section 5.2.2.

5.4 Discussion and Conclusion

The warming trend since the 1970s has been dominated by the effects of greenhouse
gas increases and simulated warming trends over this period are closely correlated with
future warming across models. Such relationship enables us to apply historical GSAT
trend as a predictor to constrain projected warming over the 215 century. However, the
GSAT trend obtained from the historical period is sensitive to internal variability,
weakening the emergent relationship with future warming. A strong cold SST trend in
Eastern Tropical Pacific was observed between 1993 and 2012, resulting in a reduction
of the GSAT trend due to the so-called pattern effect. Much of the difference between
simulated and observed historical GSAT trends are due to the associated unforced
internal variability.

We identify a large variability of ETP trend across model simulations and a strong



71

connection between ETP and GSAT warming in CMIP6 model simulations. Hence, to
produce a more robustemergent constraint, we remove the variability in the GSAT trend
correlated with unforced variability in the ETP. The observed GSAT trend over the
1970-2022 period with unforced internal variability removed is close to the CMIP6
multi-model mean trend, in contrast with the fact that most raw model simulations
overestimate the observed GSAT trend over this period. Assessing the emergent
relationship with an imperfect model test, we find improved projectionskill by applying
past GSAT trend with the unforced internal variability removed.

Applying emergent constraints to projected warming using the observed historical
GSAT trend as a constraint, we find a stronger constrained projected warming and a
narrower uncertainty range using GSAT trend withoutunforced internal variability (due
to ETP variability) compared with constrained projections using the raw GSAT trend.
Compared with unconstrained 5-95% uncertainty range of 2081-2100 warming based
on SSP5-8.5, the constrained 5-95% uncertainty range is reduced by 46% based on the
metric of 1970-2022 GSAT trend with internal variability reduced, by 38% based on
climatology cloud metrics, and by 32% based on the metric of raw 1970-2022 GSAT
trend. Using the metric of 1970-2022 GSAT trend with internal variability reduced
results in 22% narrower 5-95% uncertainty from [IPCC AR6 assessed range based on
observational constraint approach [Chapter 4 of AR6. (Lee et al. 2021)]. The
constrained projections using the GSAT trend with internal variability reduced is more
consistent with the results using climatological cloud metrics as constraint (Chapter 3),
indicating that predictors with reduced influence of internal variability result in more
robust constrained projections.

Using a relatively longer period (e.g. 1970-2022 relative to 1970-2014 in Chapter 2)
for the calculation of historical GSAT trend can reduce the influence of internal
variability in emergent relationship, which can result in a narrower constrained
uncertainty range. However, even for the relatively long period (e.g. 1970-2022),
decadal and multi-decadal internal variability cannot be ignored with respect to forced
response at historical period. This fact reflects on the 21% narrower constrained
uncertainty range using 1970-2022 GSAT trend (with reduced internal variability)
relative to using raw 1970-2022 GSAT trend, for 2081-2100 warming projection based
on SSP5-8.5.

It should be noted that inherent advantages of GSAT trend metric exist for use as an
emergent constraint. The constraint of GSAT trend is expected to combine all the
individual feedbacks for the GSAT warming response, whereas the emergent constraint
using metrics relying on the single type of feedback mechanism (e.g. cloud feedback
related- cloud metrics) should assume all other feedback are unbiased. This assumption
for single line of evidence is likely to produce overconfident constrained projections,
which should be evaluated based on a set of additional cross-validated test (as in
Chapter 3). This study assumes the exchangeability between models’ simulations and
the real world. If models have a systematic bias [e.g. due to misrepresented Antarctic
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meltwater (Dong et al. 2022)], it could be another caveat for improving the confidence
of future constrained projections. In addition, our approach relies on the good
representation of models in capturing the relationship between tropical Pacific SST
pattern and TOA energy budget and GSAT warming.

Our study provides a framework to reduce the influence of unforced internal variability
in emergent constraints of future warming. The past warming trend for the constrained
projections will benefit from the longer historical record. Our results imply that the
future climate warming inferred by past warming trend in previous studies (e.g. Chapter
2) may be biased low due to the unforced internal variability in observations.
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Chapter 6. Summary and Conclusions

Emergent constraints are based on relationships between projected warming and
observable featuresof'simulated past climate, across climate models. Such a framework
can be used to derive constrained projections of future warming, which have narrower
uncertainties than those derived directly from an ensemble of climate models. This
framework is highly policy-relevant, and it has been widely used in the Sixth
Assessment Report of the Intergovernmental Panel on Climate Change (IPCC AR6) to
provide robust future warming projections.

The work presented in this dissertation addressed four key aspects of the emergent
constraint global and regional warming. The key conclusions, their significance, and
contributions to advancement of knowledge resulting from each projectare summarized
in the Section 6.1. The final Section 6.2 provides overall summary and directions for
future research.

6.1 Summary and Significance of Key Findings

6.1.1 Chapter 2: Summary and significance of key findings

The 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 19702014
trend in global mean temperature is well-correlated with projected future warming
across the CMIP6 multimodel ensemble.

Chapter 2 first evaluates 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 to projected warming using the observed 19702014 GSAT trend
as a constraint, Chapter 2 finds 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 unconstrainedranges of2.48—
5.34 K and 0.47-1.87 K for 2081-2100. For the large-forcing scenarios SSP3-7.0 and
SSP5-8.5, the range of the 95th percentile warming across single-member per model
samples is substantially reduced by weighting, relative to the unweighted range.

6.1.2 Chapter 3: Summary and significance of key findings

Chapter 3 indicates that the projected warming is well correlated with tropical and
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subtropical low-level cloud properties. These physically meaningful relations enable us
to use observed cloud properties to constrain future climate warming. Chapter 3
develops multivariate linear regression models with metrics selected from a set of
potential constraints based on a stepwise selection approach. The resulting linear
regression model using two low-cloud metrics shows better cross-validated results than
regression models that use single metrics as constraints.

Application of a regression model using the low-cloud metrics to constrainclimate
projections results in similar estimates of the mean, but substantially narrower
uncertainty ranges, of projected twenty-first-century warming when compared with
unconstrained simulations. Chapter 3 provides evidence for a higher lower bound of
the projected warming range than that obtained from constrained projections based on
the past global-mean temperature trend. Consideration of the impact of the sea surface
temperature pattern effect on the recent observed warming trend, which is not well
captured in the CMIP6 ensemble, indicates that the relatively low projected warming
resulting from the global-mean temperature trend constraint may not be reliable and
provides further justification for the use of climatologically based cloud metrics to
constrain projections.

6.1.3 Chapter 4: Summary and significance of key findings

Few attempts have been made to apply emergent constraint at the regional scale where
uncertainties are large. Chapter 4 develops and applies multivariate linear regression
models for the projection of surface air temperature averaged over sub-continental
regions in the extratropical Northern Hemisphere,based on a set of potential constraints
including tropical and subtropical low-level cloud metrics as well as a series of regional
climate metrics previously used in the literature.

Based on cross-validated evaluation and compared with unconstrained projections, the
projections constrained using low-level cloud metrics exhibit more accurate best
estimate projections, narrower uncertainty ranges and more reliable uncertainty
estimates in most Northern Hemisphere regions except the Tibetan Plateau. Compared
with unconstrained projections, application ofthe approach to climate projections based
on Shared Socioeconomic Pathway (SSP) 1-2.6 and SSP 5-8.5 using observed low-
cloud metrics results in considerably narrower 5-95% uncertainty ranges of 21st-
century warming over sub-continental Northern Hemisphere land regions.

6.1.4 Chapter 5: Summary and significance of key findings
There is large unforced internal variability of sea surface temperature (SST) trend over
the eastern tropical pacific (ETP) which is well correlated with the global warming

trend. The strong cooling in the ETP in observations induces a global-scale cooling, yet
most realizations in the CMIP6 multi-model ensemble cannot reproduce it.
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By removing the unforced internal variability associated with variation in the ETP in
observed and simulated GSAT trends, Chapter 5 finds an enhanced correlation between
GSAT trends and projected warming and improved results in an imperfect model test.
Chapter 5 shows a relatively higher 21st century warming than a constrained projection
based on the raw GSAT trend, and brings constrained projections into much closer
agreement with projections constrained using climatological cloud metrics.

6.2. Synthesis of Results and Future Directions

6.2.1 Synthesis of Results

The work presented in this dissertation addressed key aspects of constraining model
uncertainty of projected warming, focusing on the role of internal variability as well as
the performance of historical metrics in constrained projections. Overall, this study
demonstrates a path to substantially narrowinguncertainties in projected warming. This
study has thoroughly investigated many aspects of constraint, including sensitivity of
constrained projections to the constraint method, the choice of constraints, the removal
of internal variability in constraint and application on global and regional scales. This
study ends up with a narrower range of projected warming at both regional and global
scales.

My study builds up an evaluation framework called cross validated test to assess the
performance of emergent constraint methods chosen as well as the performance of
historical metrics in use. The evaluation framework accounts for internal variability by
sampling over different realizations, to assess the important role of internal variability
in historical constraint for constraining process. Our study also provides a framework
to reduce the influence of unforced internal variability, to provide a strong emergent
relationship.

The fundamental contribution that my work has provided is that harmonized projected
warming ranges can be obtained even using very different constraints when intemal
variability is properly accounted for. Previous studies do show a range of constrained
projections by applying different constraints. For example, models with strongly
positive low-cloud feedback are more consistent with observed constraint related to
low-cloud feedback than models with weakly positive ornegative feedback, suggesting
a relatively higher constrained warming thanunconstrained (Brientand Schneider 2016;
Vial etal. 2013; Zhai et al. 2015). By contrast, studies focusing on past warming trend
as well as Earth’s energy budget generally point toward a lower constrained warming
(Otto et al. 2013; Nijsse et al. 2020; Tokarska etal. 2020). My study investigates the
influence of internal variability in the past warming trend as constraint and our results
imply that the future climate warming inferred by past warming trend in previous
studies may be biased low due to the unforced internal variability in observations.
Consistent constrained projections are found using physically reasonable cloud
constraints (with overconfidence issues properly assessed) as well as past warming
trend with internal variability reduced.



76

The evaluation of constrained process and the consistency by applyinglines of evidence
(e.g. pastwarming trend with internal variability reduced and climatology cloud metrics)
in emergent constraint justify the confidence of very narrow constrained uncertainty
range of 215t century warming that this study provides.

In general, these four studies confirm the robustness by accounting for internal
variability in predictors and wide applicability of observational constraint framework,
and its policy-relevant implications for limiting global and regional mean warming to
a given emission scenario. The refined evaluation framework developed in this research
can provide some reference for the assessment of climate projections, to better
understand the reliability of applying a variety of constrained approaches and potential
constraints. The constrained projections produced by this research can feed adaptation
planning for a series of activities and provides justification for urgent climate action.

6.2.2 Future directions

Further work will focus on regional warming constraints. Involving regional metrics
with regionally physically-motivated basis and the use of GSAT trend with internal
variability reduced (e.g. GSAT trend with ETP variability removed), could perhaps
produce more accurate and robust constrained projections for regional constraints.
Future works will consider the development and improvement to the conceptional
framework used to apply emergent constraint (e.g. plan to use total least squares
regression as one of constraining method to deal with the issue of internal of variability
in predictor). Future works will also benefit from upcoming CMIP7 by models with
more initial-condition ensembles, to better estimate the contribution of forced response
and internal variability in historical predictors. In addition, as the observed record gets
longer and longer in the future, my study expects constrained warming to get narrower
and narrower.
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This supporting information lists the CMIP6 models (Table AA.S1) and weighting
model parameters (Table AA.S2) that we used in this study, the correlation between
historical trends and projected warming for different initial years (Table AA.S3), results
from imperfect model tests (Table AA.S4, S5), projected values based on the two
weighting methods (Table AA.S6), and presents extra text and figures supporting our

results.

Table AA.S1 CMIP6 model runs for each Shared Socioeconomic Pathway (SSP) used
in this study. For future projections, a complete set of simulations is not available for

all models.

Number of model runs for each scenario

Model name Historical SSP1-2.6 SSP2-4.5 SSP3-7.0 SSP5-8.5
1 ACCESS-CM2 1 1 1 1 1
2 ACCESS-ESM1 1 1 1 1 1
3 BCC-CSM2-MR 3 1 1 1 1
4 CAMS-CSM1 2 2 2 2 2
5 CanESMS5 50 50 50 50 50
6 CESM2 6 1 1 2 2
7 CESM2-WACCM 3 1 1 1 1
8 CNRM-CM6-1 10 6 6 6 6
9 CNRM-ESM2-1 5 5 5 5 5
10 CNRM-CM6-1-HR 1 1 1 1 1
11 EC-Earth3 3 7 6 7 3
12 EC-Earth3-Veg 3 3 3 3 3
13 FGOALS-f3-L 3 1 1 1 1
14 FGOALS-g3 1 1 1 1 1
15 FIO-ESM-2-0 3 3 3 3 3
16 GFDL-ESM4 1 1 1 1 1
17 HadGEM3-GC31-LL 4 1 1 1 -
18 INM-CMS5-0 8 1 1 1 1
19 INM-CM4-8 1 1 1 1 1
20 I[PSL-CM6A-LR 16 3 5 10 5
21 KACE-1-0-G 3 2 2 2 2
22 MCM-UA-1-0 2 1 1 1 1
23 MIROC6 9 3 3 3 3
24 MIROC-ES2L 3 1 1 1 1
25 MPI-ESM1-2-HR 5 1 1 5 1
26 MPI-ESM1-2-LR 8 8 8 8 8
27 MRI-ESM2-0 4 1 1 5 1
28 NESM3 5 2 2 - 2
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29 NorESM2-LM 3 1 1 1 1
30 UKESM1-0-LL 8 5 5 5 4

Table AA.S2 Weighting model parameters (64 and ag) for GSAT trend (m1), root-
mean-square-difference (RMSD) of gridded SAT (m2) and the compound metric (m3)
for different periods used in this study, derived based on ensemble means.

og4(ml)of2081- o4(m2) of2081- 04(m3) of2081-
Scenarios 2100/2041-2060/2021- 2100/2041-2060/2021-  2100/2041-2060/2021-
2040 2040 2040
SSP1-2.6 0.52/0.47/0.51 0.38/0.36/0.37 0.46/0.43/0.45
SSP2-4.5 0.58/0.57/0.53 0.40/0.38/0.37 0.45/0.43/0.41
SSP3-7.0 0.61/0.51/0.57 0.39/0.38/0.41 0.42/0.40/0.42
SSP5-8.5 0.72*/0.62*/0.60 0.42/0.43/0.42 0.58%/0.56/0.58

Since o values are calculated for each metric from the historical period, we have a
single o, for each metric: g5 (m1)=1.17, g5 (m2)=0.77, g, (m3)=0.81.
* While a4 is generally taken as the lowest value which gives the expected 90%
coverage rate in an imperfect model test, in these cases the 90% coverage rate is not
met for any value of a4 , so we select the minimum o, that can get the maximum
coverage (the maximum coverages are more than 85% for these cases).

Table AA.S3 Correlation (r) between historical trends and projected warming (2081-
2100 versus 1995-2014) under SSP5-8.5 for different trend periods : 1850-2014, 1960-
2014,1970-2014,1980-2014 and 1990-2014. All p values for correlations listed in
the table are less than 0.0001.

Hl’)set::;al 1850-2014 1950-2014 1960-2014 1970-2014 1980-2014 1990-2014
1
r 0.43 0.69 0.76 0.80 0.78 0.79

Table AA.S4 Correlation (r) and root-mean-square-error (RMSE) from the imperfect
model test computed, based on different metrics, for SSP5-8.5 in 2041-2060 and
2081-2100. Values outside brackets are computed using ensemble means from each
model, while values in brackets are means across 5000 single-member per model
random samples.

RMSE (units: K) for weighted

Metric r for weighted projections vs pseudo projections vs pseudo
observations for2041-2060/2081-2100 observations for 2041-2060/
2081-2100
GSAT trend 0.60%* (0.42%%)/0.52** (0.44**) 0.47(0.37)/1.03(0.85)
RMSD of gridded SAT 0.54%%* (0.32%)/0.54%* (0.45%*%*) 0.46 (0.38)/0.95 (0.83)

Compound metric 0.57%* (0.46%%)/0.61** (0.43**) 0.45 (0.37)/0.92 (0.85)
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Unweighted -0.99%* (-1.0%%)/-1.0 ** (-1 .0%*) 0.65 (0.42)/1.42 (0.95)

**represent p value is less than 0.05, *represent p value is less than 0.1 but greater than
0.05.

Table AA.S5 Correlation (r) between the mean weighted projection and truth based
on imperfect model test for two different metrics for the period of 2041-2060 from
SSP5-8.5. We randomly select one member per model to do the imperfect model test.
The third column shows the results when we remove one duplicated model for models
from asingle institution.

r for pseudo observation  r for pseudo observation vs weighted

Metric vs weighted projection projection (removing one duplicated
(for all models available) model for models from same institution)
RMSD of gridded SAT 0.32% 0.21
GSAT trend 0.42%* 0.41%*
*indicates p value is less than 0.05, *indicates p value is less than 0.1 but greater than

0.05

Table AA.S6 Projected mean warming and 5-95% confidence ranges based on the
weighting method and unweighted simulations for four SSP scenarios (units: K). The
results for random selection on weighted and unweighted are best estimates from the

5000 samples.
Mean and 5-95" confidence ranges of prediction
Weighted Weighted
(with one Weighted (weighting
- Unweighted randomly Unweighted (weighting using ensemble
ime Scenarios (onerandomly selected . using mean per model
period selected member per (equal weight ensmeble and compound
for each .
member per model; mean of each metric)
model) weighting model) model and
using GSAT GSAT trend)
Trend)
SSP12.6 0.71 (0.38, 0.68(0.39, 0.71(0.39, 0.67 (0.38, 0.67 (0.39,
) 1.08) 0.95) 1.11) 0.86) 0.87)
SSP2.4.5 0.74 (0.40, 0.71 (0.41, 0.74 (0.40, 0.69 (0.39, 0.69 (0.38,
2021- ' 1.17) 0.96) 1.18) 0.88) 0.87)
2040 SSP3.7.0 0.72 (0.39, 0.69 (0.40, 0.72 (0.39, 0.68 (0.40, 0.72 (0.41,
' 1.14) 0.97) 1.18) 0.94) 0.94)
SSP5.8 5 0.83(0.43, 0.80(0.48, 0.83(0.53, 0.79 (0.46, 0.80 (0.46,

1.25) 1.06) 1.25) 1.05) 1.05)
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seplae 102 (044 0.96(051, 1.02(0.56,  0.92(0.60, 0.93 (0.60,
P 161) 1.52) 1.61) 1.23) 1.28)
sspras 1270080, 1.22(0.83, 1.27(0.82,  1.16(0.83, 1.17 (0.83,
2041- 1.91) 1.68) 1.96) 1.42) 1.46)
2060 sspazo 141091, 1.36 (0.93, 1.41(0.93,  1.31(0.91, 1.40 (1.04,
2.18) 1.83) 2.24) 1.81) 1.80)
seps.gs  169(1.03, 1.64 (1.10, 1.69 (1.16,  1.60(1.16, 1.62 (1.16,
2.45) 2.08) 2.50) 2.05) 2.05)
ssplae 111047, 1.03 (0.52, 1.11(0.57,  0.96(0.57, 0.97 (0.57,
1.87) 1.66) 1.87) 1.51) 1.52)
2081- seprgs 204131, 1.97 (1.32, 2.04(1.31,  1.87(1.37, 1.89 (1.37,
2100 2.93) 2.65) 2.96) 2.61) 2.63)
separ g 3-08(2.06, 3.01(2.15, 3.08(2.05,  2.87(2.23, 3.08 (2.29,
4.57) 3.91) 4.69) 3.81) 3.75)
seps.gs  390(248, 3.82(2.72, 3.90 (2.60,  3.68(2.81, 3.75(2.91,
5.34) 4.77) 5.68) 4.78) 4.78)

Text S1 Calculation of independence weighting parameter

We apply the method proposed by Brunner (2019a) to estimate the weighting model

.2
Si

parameter g, for the independence weights (wd; = 1+ Z%bie_”sz ; denominator

from Eqn2.1) using the information from models with ensemble size exceeding one.
Initially, we use only a single ensemble member ofamodelto calculate wd; forarange
of o values. We then add the other available members in turn for model j with more
than one ensemble member and keep other models still with one member and calculate

the independence weights (wd, ind) again. Since ideally allmodels are independent with

each other and all ensemble members of'a given model are similar, wd; will ideally
increase by the number N; of new ensemble members of model j added

. i 2
( measured by y; = mean; [Wd}"d(as) +N; — demd(as)] ), but other models’

weights  should ideally  remain  the same ( measured by u, =

. —_ 2 .
Mean; {meani[wdﬁ‘} (o5) — Wdil;L;-i (o5)] }). We select og to get the minimum error

term 1=y + Hy.

Text S2  Calculation details of the weighting method using the observational
constraint

a. Constraining projections with observations using one randomly-selected
ensemble member per model
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Step1: Randomly select one ensemble member per model. Add the historical trend to
the list HI, and future temperature change from the same ensemble member to the list
S1 (eg. rlilp1fl in both historical and future periods).

Step2: Apply H1 and S1 to determine op from Eqn (2.1) by the imperfect model test.
For our targeted op in the range (0-3), 90% of the pseudo-observations should lie in
the 5-95% predicted range, and we select the minimum opvalue that meets this
requirement. If 90% coverage cannot be obtained, we use the smallest o, with the
largest coverage value (Brunner etal. 2019a; Knutti etal. 2017; Lorenzet al. 2018).

Step3: Estimate the Cumulative Distribution Function (CDF) for S1 with weights
calculated by Eqn (2.1) with H1 and the observed GSAT trend, and then compute 5%,
95% and mean values from the CDF.

Step4: Repeat Step 1-3 5000 times to build the samples of 5%, 95%, mean value and
CDF curve.

b. Constraining projections with observations using the ensemble mean of each
model

To minimize the effect of internal variability on model weights and apply all ensemble
members for weighting, we also calculate weights using Eqn. (2.1) with the distance
measure based on the ensemble mean for each model and then give equal weight to
each ensemble member, weighting individual ensemble members by the inverse of the
ensemble size. In addition to GSAT trend differences, we also cosnsider weighting
based on the RMSD of gridded SAT and a metric which combines temperature trend
and RMSD of gridded SAT with equal weight in the distance metric. The method we
used to calculate g is described in Text S1. To determine op, we use an imperfect
model test similar to that described in Section 2.3, in which we calculate the weights
for a range of different op values using each model as a pseudo-observation in tum
and examine if the pseudo-observations lie within the 5th —95t% percentile range for our
target prediction (e.g., GSAT warming in 2081-2100 in SSP5-8.5). We select the
minimum value of g, for which the coverage ratio is 90% (Brunner et al. 2019a;
Knuttietal. 2017; Lorenzetal. 2018). Since o varies between future periods for each
SSP, we use different o, for different periods and SSPs when computing weights.
Table S2 shows the op and o values which we calculate using ensemble means in
this study.

Text S3 Calculation on RMSD of gridded SAT
RMSD of gridded SAT metric is calculated by inter-model distance or model-

observation distance using gridded near-surface air temperature (SAT). We first
interpolate each model to a common resolution of 2.5°x2.5°. Then, the global gridded
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SAT from model i, time period 1979-2014, is selected. The climatological mean of the
global gridded SAT is calculated over the period 1979-2014. The point-to-point
distance from model i to the other model j or the point-to-point distance from model
[ to the observations is computed and a distance metric d is calculated as the area
weighted root-mean-squared difference. Finally, the distance metric based on RMSD
of gridded SAT in its final form is normalized by the median over all models.

Text S4 Selection of time period

In order to maximise the strength of the statistical relationship between past trends and
future changes in the CMIP6 models, we vary the date range over which trends are
calculated. Holding the final year fixed at 2014, the last year in the CMIP6 historical
simulation, we calculate the correlation (7) between historical trends and projected
warming between 1995-2014 and2081-2100under SSP5-8.5 for differentinitial years :
1850-2014,1960-2014,1970-2014,1980-2014 and 1990-2014.In  this calculation we
consider all ensemble members from all models. The period 1970-2014 shows the
strongest correlation (Table S3) of past trends and future changes.

Also, we randomly pick one member per model and then calculate the correlation based
on the simulated GSAT trend and future warming (using the SSP5-8.5 scenario) from
the corresponding sample of model members, repeating this operation 5000 times (the
corner plot of Figure 2.1a shows the distribution of correlation values.).

Figures S1 (a)and (b) respectively show the inter-model distance matrix and model-
observation distance values based on RMSD of gridded SAT. Models from the same

institutions show similar gridded SAT climatologies, with relatively small distances

(CESM2-WACCM/CESM2, CNRM-ESM2/CNRM-CM6-1, EC-Earth/EC-Earth3-Veg,
INN-CM4-8/INN-CM5-0, MPI-ESM1-2-HR/MPI-ESM1-2-LR, and MIROC-
ES2L/MIROCS6). Based on the comparisons on Figure 1b and Figure S1b, we find no

strong relationship between models with good performance at simulating the GSAT

trend and those with small RMSD of gridded SAT.

Text S5 Imperfect model test using one randomly-selected ensemble member per
model

a. For2041-2060and 2081-2100 with SSP5-8.5:

Stepl and Step2: same as Stepl and Step2 in Text S2

Step3: Apply imperfect model test (withholding one model in turn by treating this
model as pseudo-observation, and use the remaining models to predict the pseudo-
observation) on H1 and S1 by Eqn (2.1), from which correlation coefficient and
RMSE between pseudo observations and predicted means can be computed.

Step4: Repeat step 1-3 5000 times to build the samples of correlation coefficient and
RMSE.
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b. For historical simulation:

Stepl: Randomly select one member per model with historical trend to form a list H1.

Step2: Apply H1 to determine g, by an imperfect model test (for our targeted op
in a range of different op values, 90% pseudo observation should lie in 5-95%
predicted range of models, and we select the minimum opvalue that meet this
requirement. If 90% coverage cannot be obtained, we will apply smallest o, with the
most coverage value).

Step3: Apply the imperfect model test on HI by Eqn (2.1) to get the correlation
coefficientand RMSE.

Step4: Repeat step 1-3 5000 times
Text S6 Imperfect model test using using ensemble means

For the imperfect model test of weighting scheme, each ensemble member will actin
turn as a pseudo-observation, and the weighting method is applied using the ensemble
mean of each model. Ensemble members from the model whose historical simulation
is being used as pseudo-observations are excluded in the calculation.

As expected, when the weighting approach is used to predict historical warming in the
simulation treated as pseudo-observations, there is a close correspondance between the
mean predicted warming trend and the true trend across simulations (green dots in
Figure S2a). The cases in which the approach is not able to capture the simulated trends
aswell correspond to those simulations which warm the most strongly and least strongly.
This is to be expected, since any weighted average of warming trends across remaining
models is expected to underestimate the warming trend magnitude in simulations from
the model with the largest and smallest trends.

We also consider the imperfect model test using a metric based on RMSD of gridded
SAT (blue dots in Figure S3) and a compound metric combining GSAT trend and
RMSD ofgridded SAT (red dots in Figure S3). The compound metric and RMSD -based
metric show improved averages relative to unweighted results (based on correlation and
RMSE; Figure S3 ; Table S4). However, the improvement using RMSD of SAT is
largely a consequence of different models from the same institutions having similar
SAT climatologies. We demonstrate this fact using an imperfect model test (Table S5)
with one ensemble member per model for 2041-2060 (SSP5-8.5). When one of a pair
of models from the same institution with very close RMSD of gridded GSAT (Figure
Sla) is used as the pseudo-observations, the other will be assigned relatively heavy
weight . When we remove one model from each pair from the same instution, the
correlation coefficient for the metric RMSD of gridded GSAT declines from 0.32 (P =
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0.09)t00.21 (P=0.32). Suchadecreasedoes notoccur forthe metric based on GSAT
trend (Table S5).

TextS7 Evaluation by probabilistic validation

a. Probabilistic validation using one randomly-selected ensemble member per

model

For probabilistic validation of results based on randomsingle-member per ensemble
samples, we first apply the imperfect model test for each selection. We noted in
which quintile of the projection (0-20%, 20-40%, etc) pseudo-observations lie for
each projection, acrossall models foreachselectionand repeat the random selection
5000 times. The green and black bars in Figure S4 show the median of the 5000
single-member per model samples. The error bars show the corresponding +/-1
standard deviation ranges of each quintile.

b. Probabilistic validation using the ensemble mean for each model.

Probabilistic validation of weighting using the ensemble mean for each model is
also based on the imperfect model test (see description as Text S6 ). In a imperfect
modeltest, again, we noted in which quintile ofthe projection (0-20%, 20-40%, etc)
pseudo-observations lie for each projection, across all models. Relative frequency
calculations are scaled to account for differences in ensemble size between models
[eg. when one member of a M-member ensemble acts as pseudo observation, the
count number in the coresponding quintile will increase by 1/M ]. In order to
increase the sample of predictions for probabilistic validation, we note that in the
50-member ensemble of CanESMS5, no correlation (r = -0.11, p = 0.47) is found
between the 1970-2014 trend and the 2081-2100 vs 1995-2014 warming across this
single-model ensemble. Internal variability includes a range of interannual and
interdecadal processes (e.g. ENSO, AMO, and the PDO), which will not be
correlated between different ensemble members. As a result, the internal variability
in the earlier period is uncorrelated with that in the later period. Each realisation of
projected 215t century warming from a given model is therefore equally probable
given each realisation ofits 1970-2014 trend, and therefore we use every possible
combination of historical trend and future warming change for each model. This
approach substantially increases the sample size, which should help with the
probabilistic validation (Daines et al. 2016). Figure S5a and Figure S5b show the
results of the probabilistic validation applied to mid-century and end-of-century
projections respectively under SSP5-8.5. The frequency with which the pseudo-
observations lie in each quintile of the unweighted Cumulative Distribution
Function (CDF) is shown in black, and the frequency with which the pseudo-
observations lie in each quintile of the narrower weighted CDF is shown in green.
Overall the weighting approach gives approximately equal relative frequencies in
each quintile, similar to the unweighted prediction.
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Figure AA.S1 (a) Inter-model RMSD in 1979-2014 mean gridded SAT (units: K). Each
row and column represents a single climate model. Warm colors represent larger
distance, while closer distances shown by cool colors. (b) Model and observation
distance (units: K). Each bar represents asingle climate model, the length of bar depend
on the members’ range. Models with large RMSD means far distance to observation,
vice versa. The numbers marked at the bottom of each bar for panel b represent number
of member in each model.
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Figure AA.S2 Imperfect model test using ensemble means compared with the
unweighted ensemble (green and black circles respectively) for historical (Panel a) and
future periods 0f 2041-2060 (Panel b) and 2081-2100 (Panel c¢). In each plot, the x-axis
represents pseudo observations and the y-axis represents the mean value predicted by
the corresponding method. The orange line denotes the 1:1 line for which the predicted
value is equal to pseudo-observations. The green and black lines are respectively linear
least-squares fits for the weighting method and unweighted simulations. The values
of correlation and RMSE for pseudo observations versus predicted means in this plot

can be found in Table S4.
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Figure AA.S3 Similar to Fig S2 but for the compound metric (red dots) and metric
RMSD of gridded SAT (blue dots). The values of correlation and RMSE for pseudo
observations versus predicted means in this plot can be found in Table S4.
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Figure AA.S4 Probabilistic validation using one randomly-selected ensemble member
per model. Histograms show the relative frequency with which the true 21t century
warming in the individual SSP5-8.5 simulation lies within each of five quintiles of
projected warming derived using the weighting method and unweighted approaches in
an imperfect model test, aggregated across all models. Bars denote the median of the
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5000 single-member per model samples. Figure S4a and Figure S4b show results for
2041-2060 and 2081-2100 respectively, relative to the 1995-2014 base period. The
greenand black bars correspondto the weightingmethod and unweighted model output.
The error bars show +/-1 standard deviation ranges for each quintile. Note that the 5th-
95th percentile range of the weighted distribution is about 25% smaller than that of the
unweighted distribution.
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Figure AA.S5 Probabilistic validation using ensemble means for the weighting.
Histograms show the relative frequency with which true 21st century warming in the
individual SSP5-8.5 simulation lies within each of five quintiles of projected warming
derived using the weighting method and unweighted approachesin an imperfect model
test, aggregated across all models. Relative frequency is weighted such that each model
has equal weight irrespective of ensemble size. Figure S5a and Figure S5b show results
for 2041-2060 and 2081-2100 warming respectively, relative to the 1995-2014 base
period. Note thatthe 5th-95th percentile range of the weighted distribution is about 25%
smaller than that of the unweighted distribution.
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Figure AA.S6 Distributions of projected GSAT warming between 1995-2014 and
2081-2100 in each of four scenarios (Panel a-d), both constrained by observations
(green) and unconstrained (black). Unconstrained projections are derived based on
ensemble means of models, with equal weights given to each model. The weights for
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the weighting method are calculated based on the corresponding ensemble mean of
models’ historical GSAT trends, and then give equal weights to ensemble members.
Horizontal green and black lines show the corresponding 5-95%ranges, and the vertical
ticks show the corresponding means. Panel e shows 5-95% ranges of weighting (green
shadow) and unweighted results (grey shadow) for other projection periods. The green
(black) solid line show the corresponding means of weighting (unweighted) results.
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Figure AA.S7 The models weights obtained by metric GSAT trend (circles) and
compound metric (squares) from SSP5-8.5. Model weights are calculated by ensemble
mean of each model. The orange line represents equal weights.
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Appendix B
2.1 Materials and methods

2.1.1 Linear regression method

The regression model used to implement the emergent constraints of future GSAT
changes is

y=a+X'B (3)

where y is the vector of modelled future GSAT change (each element corresponding
to a different model), the vector a and the vector g are the multiple regression
parameters, and the metrics form the matrix X (XTis the transpose of X, the matrix
which includes all metrics for all models. The number of rows in XTis the number of
climate models we use; the number of columns is the number of metrics we select). We
estimate & and B as @ and f using ordinary least squares regression, with X and y
taken from CMIP6 models (using single randomly drawn members from each model
with an initial condition ensemble; Section 3.2.4). Applying observational estimates
X of the corresponding selected metrics (sampled from the observational uncertainty)
with the linear regression model yields a multi-diagnostic constraint y, (Karpechko et
al. 2013; Senftlebenetal. 2020):

Yo= &+ X(\B (4)

If we assume Gaussian residuals as in previous studies (Schlund et al. 2020; Tokarska
et al. 2020), the probability density function (PDF) for projected GSAT changes (y),
given observation, X is

_ 1 _(y_f/o)2>
p(y'Xo)‘J;y%eXp( 202 5)

where
o5 = s2(1 +Xq(XTX)"1X,) (6)
and
1 M ~
2= DneaOm = Im)? (7)

The derivation of Eqn.(6) is provided in Hooper and Zellner (1961). In Eqn.(7), M is
the number of models and p denotes the number of metrics included in the regression;
n is equal to the value of 26 when we take the full number of models, otherwise n is
equal to the value 0f 20 by accounting for model dependence (Appendix 2.1.3).

As described in section 3.2.4, we assess the effect of internal variability by taking one
random selection of one ensemble member per model and simultaneously drawing one
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random choice of each observed metric from our estimate of the observed distribution.
We repeatthis process 10000 times, and derive 10000 estimates ofthe PDF ofprojected
warming (shown as shading in Fig 3.10). We next demonstrate that the sample mean of
these PDFs (shown as solid lines in Fig 3.10) is an estimate of the population estimate
of the PDF of projected warming.

When our study samples over initial condition ensembles, each sample gives us a
distribution of projected GSAT change (noted as x in equation §) with a particular
mean (p) and standard deviation (). Hence, multiplying the joint distribution of these
two statistics f(u, o), by a conditional distribution f (x|, o), and then integrating
over u and o, gives us a population estimate p(x) of the marginal pdf of projected
GSAT changes.

8
p(x) =f fxlw o) f(u,0) du do ®)
Based on our sampling strategy, each derived PDF with its corresponding value of
and o is equally probable. Sampling p and o from their joint distribution and then
averaging the resulting conditional distributions of x gives a sample estimate of this
population mean distribution (solid curves of constrained PDFs).

2.1.2 Weighting method

To relate our results to those of Chapter 2, we consider a weighting method based on
(Sanderson etal. 2015a,2015b) and Knutti etal. (2017) as an alternative approach for
deriving observationally constrained projections. We first define

Di?
=
%p

SE ©)

We then obtain W, a vector of weights for each model, by normalizing w; by the sum
of w;. In equation (9), M is the number of models considered, D; is the difference
between the simulated value of the metric from model i and the observed value, and
Sij is the difference between models i and j for the selected metric. When we weight
models with multiple metrics, we calculate D; and S;; giving equal weights to each
metric after normalizing each metric by the median across models. The parameter
o regulates the degree to which model similarities are penalized in the weights, and
op regulatesthe effectofmodel performanceon the weights (Knuttietal. 2017; Lorenz
et al. 2018). We calculate g, and o, based on approaches proposed by Knutti et al.
(2017), Lorenz etal. (2018) and Brunner et al. (2019a) (Text S1 and S2). In contrast to
the linear regression approach, this approach weights model projections based not only
on their goodness of fit to historical observations but also based on similarity between
models. The model weights obtained using Eq (9) not only yield the constrained multi-
model mean, but also are used to weight models to obtain a multi-model distribution
for the constrained uncertainty range (Section 3.2.5).


https://agupubs.onlinelibrary.wiley.com/doi/full/10.1029/2019GL086757#grl60609-disp-0001
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2.1.3 Model dependence

Models from different institutions may share model components, and some individual
modelling centres produce multiple closely related model versions. As a result, the

individual members of the multimodel ensemble are not expected to be independent.

This interdependence is accounted for in the weighting approach by downweighting
models thatare similar in their historical simulations. For the linearregression approach,
the number of independent models must be estimated in order to determine the number
degrees of freedom in the regression. To this end, we assess model dependence using
the “model genealogy” method (Masson; Knutti 2011a). To build up the CMIP6 model
genealogy, we apply a hierarchical clustering method (Brunner et al. 2020a; Knutti et
al. 2013; Masson; Knutti 2011a) implemented by the linkage function in Python SciPy.

The intermodel distance is defined as the area weighted mean square difference in near-
surface air temperature averaged over 1970-2014 on a 1° grid between two models. We
determine the number of independent models by comparing inter-model distances with
inter-ensemble member distances in a model genealogy approach (Text S1, Fig S1 and
Fig S2). Based on the results of this analysis, in Section 3.3.2 — 3.3.4 the number of
independent models considered in the linear regression approach is set to 20 rather than
the full number of models. The sensitivity of the stepwise selection procedure to the

number of statistical degrees of freedom used is presented in Fig S3 and S4.
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2.2 Supplementary information

Table AB.2. S 1 As Table 3.2, but derived using a value for the number of statistical
degrees of freedom equal to the total number of models.

Metrics Projected warming (5-95%, units: K)
SSP5-8.5 SSP1-2.6
Unconstrained 4.08 (2.53,5.62) 1.30(0.46, 1.95)
GT 3.76 (2.59,4.93) 1.08 (0.42,1.75)
MBLC+BCS 3.99 (3.01,5.02) 1.15(0.67,1.62)

Text S1 Calculation of independence weighting parameter and number of
statistical degrees of freedom

The parameter g, in the weighting approach controls the importance of model
similarity in the weighting. We estimate o, for the independence weight (1 +

52

Z%ﬁie_?s%; the denominator of eq 9 in Appendix 2.1.2) by a method proposed by
(Brunneretal. 2019b) [more details in TextS1 of Chapter 2]. We then calculate squared
differences across models for the metrics considered and then normalize these by their
respective medians. We then give equal weights to each metric to obtain S;;. Applying
the method of Brunner et al. (2019), we obtain o= 0.61 for the weighting approach
including MBLC and GT metrics, and o, = 0.82 for the weighting approach including
MBLC and BCS metrics. We can use g as a threshold to determine the number of
independent models based on a model genealogy. Since the model genealogy is based
on pairs of model-model distance calculated using a spatially-distributed variable, we
calculate a model-model distance matrix using the climatological near-surface air
temperature field over the 1970-2014 period (Fig S1). We then calculate o4 (65=0.58)
as described in Brunner et al. (2019a) based on gridded near surface air temperature.
Using the model-model distance matrix (FigS1), we then build up the model genealogy
(details described in Appendix 2.1.3), asshown in Fig S2. Using this result we estimate
a value of 20 for the number of statistical degrees of freedom in the CMIP6 ensemble.

Text S2 Weighting method with selected constraints
Step 1: We randomly pick one ensemble member per model for the historical simulation
and pick the same ensemble member for the SSP scenario simulation.

Step 2: We then apply an imperfect model test to determine o, from Eq 9 in the
manuscript using the historical simulation of GSAT changes. As described in previous
studies (Brunner etal. 2019a; Knutti etal. 2017; Lorenz etal. 2018), we expect 90% of
the pseudo-observations to lie within the 5-95% projected range for the selected op
[more details in Text S2 of Chapter 2].

Step 3: We apply the observed quantities to the weighting approach (Eq 9 in
100
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manuscript) using historical simulations to weight models, and then apply the weights
to projected GSAT changes from each model to estimate projected ranges and the
weighted mean.

Step 4: We repeat Steps 1-3 10,000 times.

Text S3 Sampling over internal variability.

Since 14 0of26 models only have one ensemble member, the process ofrandom selection
of one ensemble per model (described in Section 3.2.4) can only partially account for
internal variability.

To investigate how well our random selection approach can estimate the distribution of
internal variability, we carry out the following analysis:

Step 1: We first artificially set all ensemble sizes to one (through random selection of
individual realizations from models providing more than one ensemble member).

Step 2: We randomly replace a number M of the models with all available ensemble
members (varying M=1,2,3...12 in turn) and repeat the sampling calculation described
in Section 3.2.4 to account for internal variability. We apply the observational constraint
with the best estimate of the observed quantity described in Appendix 1.1 Eq (5) to see
if the width of the predicted PDFs of 5t and 95% percentiles of GSAT changes
converges by the time we have included all available ensembles.

Step3: We then repeat Step 2 1000 times and get the mean uncertainty of the sampling
range foreach M. As shown in Fig S5, the uncertainty contributed by internal variability
is still increasing with M (especially the 95t percentiles of ensemblespread) for metrics
involving the GSAT trend. This result implies that the effects of internal variability are
underestimated compared to the case where multi-member ensembles were available
for all models. However, this is not the case for cloud metrics which remain stable
regardless of how many model ensemble members are chosen.
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Figure AB.S1 Model-model distance matrix normalized by its median for gridded
annual mean surface air temperature over the period of 1970-2014 (see details in Text
S2 and Appendix 3.1.3).
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T

m

Generalised distance

Figure AB.S2 Model family tree for all 26 CMIP6 models used in this study. Models
branchingfurtherto the rightare more independent. Fig S2 is based on the model-model
distance matrix shown in Fig S1 calculated from gridded near-surface air temperature.
The dashed vertical line represents the independence shape parameter and is used to
determine models that are independent or not (Brunner etal. 2020b). The gray shading
represents an estimate of internal variability calculated from the median of distance
between pairs of initial-condition realizations taken from the same model.
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Figure AB.S3 Similar to Fig 3.3 but for F statistics calculated with a range of numbers of
degrees of freedom. For each class of F statistic in the same color bar, the bars
correspond to numbers of degrees of freedom ranging from the full number of models
(topmost bar) to half the number of models (bottommost bar). The horizontal dashed
lines represent the F statistics with effective degree of freedom determined from the
models’ genealogy (Appendix 3.1.3, Text S2), as also displayed in Figure 3.3. The
vertical red shaded areas representcritical Fvaluesatthe 0.1 level for the corresponding

range of degrees of freedom.
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Figure AB.S4 As in Fig S3 but with the stepwise selection based on low cloud and
GSAT trend metrics.
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Uncertainty estimation using different numbers of models
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Figure AB.S5 An assessment of how well the effects of internal variability are
accounted forinourstudy, asdescribed in TextS4. We first artificially setall ensemble
sizes to one. We then select M models, with, M=1,2,3...12 in turn, from the set of
models with ensemble size greater than one, and repeat the sampling calculation
(described in Section 3.2.4) to get the distribution width (maximum minus minimum)
of observationally constrained 5 (in black) and 95t (in red) percentiles. For each
number of models,we show the mean across the samplingrange. Solid lines correspond
to MBLC and GSAT trend metrics, dashed lines to MBLC and BCS metrics.

106



PDF for constrained and unconstrained results from SSP5-8.5
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Figure AB.S6 Similar to Fig 3.9, exceptusinganumber of statistical degrees of freedom

equal to the number of models in the CMIP6 ensemble.
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Figure AB.S7 Similar to Fig3. 9, but for SSP 1-2.6.
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Appendix C

3.1 Materials and methods
3.1.1 Metric selection strategy

3.1.1.1 Stepwise selection process

One approach to selecting regional metrics applies a stepwise selection process to each
region separately. The pool of potential metrics for the stepwise selection process is
shown in Table 4.2, and includes global and regional metrics together. For each of the
regional metrics we consider the trend of time series, the climatology (mean of time
series) and the variability (standard deviation of detrended time series). We use
ensemble means of potential metrics and regional projected warming for models that
have more than one ensemble member to apply the stepwise selection process. We
apply a standard process of forward stepwise selection using the Akaike Information
Criterion [AIC] to build up a multivariate regression model that can be the best model
with combination of predictability and robustness for the future regional warming. The
following steps are used:
(1) We first approximate the response variable y of regional warming with a
constant by building up a regression model with an intercept only.
(2) We then successively add individual metrics into the regression model.
(3) At each step, the added metric is the one that best improves the accuracy
(measured by the AIC) in prediction of the response variable y.

In summary, the 'best’ one can be chosen which has the lowest AIC from a selection of
candidate models. The step wise selection process will terminate when the AIC
increases with the addition of more metrics.

3.1.1.2 Lasso (least absolute shrinkage and selection operator) regression
approach

Based on ordinary least squares (OLS), the Lasso approach (eq 7) adds a penalty term
to the residual sum of squares (RSS). The Lasso approach applies the multiple linear
regression approach used in the main study, but removes metrics to minimize a cost
function which s represented here

n k
B =arggmin [) (yi— (Bo+xiB)" +2 ) 1A )
i=1 i=1

Ineq (7), n represents sample size, which is the number of models in this study, while
k represents the number of regression coefficients corresponding to the number of
metrics. y; is the modelled future regional warming change (each i correspondsto a
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different CMIP6 model), and the metrics form the x;, the vector which includes all
metrics. B is the vector of regression coefficients determined by eq (7). S, represents
an intercept term in the regression model. With optimal 1, some of the B; coefficients
are reduced to 0. In this way, the Lasso serves as a metric selection approach.

A range of A are tested to select the optimal 4 using cross-validation. The following

steps are involved in the cross-validation for a given value of A:

e Separation of data into a test and a training set

e Estimating regression coefficients with models from the training set

e Obtainingpredicted values in the test set using the regression coefficients estimated
from the training set

e Calculating mean squared prediction error (MSPE) between predicted values and
true values in the test set

This study applies k-fold (in our study, k=5) cross-validation. In the 5-fold cross-
validation, the data are separated into equal parts where each part will serve as the test
set (one of the 5-fold) in turn and the rest of data is training set. We average MSPE
across all the folds and end up with the optimal 2 with a lowest average MSPE.

3.1.2 Weighting approaches

We also apply the Sanderson weighting approach to constrain projections (Sanderson
et al. 2015a, 2015b) . We define

Wi = 5.2 @)

In equation (8), M denotes to the number of models in use, D; quantifies the difference

between the observation and the model simulation of the metric from model i, and
Sij quantifies the difference between models i and j for the metric considered. o, and

o, are the parameters determining the effect of model performance and the degree of
model similarities on the model weights respectively (Knutti etal. 2017; Lorenz et al.
2018). We estimate g; and op using the approach described in previous studies
(Brunner et al. 2019b; Brunner et al. 2020a; Brunner et al. 2020c¢; Knutti et al. 2017;
Lorenz et al. 2018). Based on Eq (8), by normalizing w; by the sum of w;, we can
obtain a vector of weights W, containing weights for each model. More details are
presented in Chapter 3.

3.2 Supplementary information

Text S1.
We carry out a synthetic data experiment to test whether our uncertainties are
underestimated due to the availability of only a single ensemble member from many
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CMIP6 models. The steps of our synthetic data experiment are described in the
following paragraphs.

Stepl: Build 50-member synthetic ensembles of the observable metrics and projected
warming for each model, centered on the corresponding means for each model, and
sampled from a Gaussian distribution with standard deviation equal to that of the
CanESMS5 large ensemble.

Step 2: Sample one ensemble member per model from these synthetic 50-member
ensembles and generate a PDF. Repeat this process 5000 times, and average (the same
sampling approach as used in Section 4.2d). The resulting averaged PDF is shown as
the red solid PDF in Fig S1.

Step 3: Drawing from the 50-member ensembles, pick the same number of ensemble
members for each model as are actually available (Table S1) and use them in the
remainder of this step. Apply the same sampling method as in Step2 to sample
individual ensemble members from this subset and generate an average PDF (blue
dashed lines).

Step 4: Repeat Step 3 using a different subset of ensemble members.

Our results in Fig S1 show that the red dashed line is close to the blue dashed lines,
suggesting that the limited ensemble sizes available do not have much effect on our
resulting PDF, using MBLC as a predictor for projected warming in the Northern West
North America (NWN) region. We also applied the Step 1 to Step 5 for other regions
and similar conclusions were obtained.

Table AC.2. S 1 CMIP6 Historical, SSP1-2.6 and SSP5-8.5 simulations used in this
study. The number of ensemble members provided for each forcing senario is
indicated in the second through the fourth columns.

Model name Historical SSP1-2.6 SSP5-8.5
ACCESS-CM2 1 1 1
ACCESS-ESM1 1 1 1
BCC-CSM2-MR 3 1 1
CAMS-CSM1-0 2 2 2
CanESM5 50 50 50
CESM2 1 2
CESM2-WACCM 3 1 1
CNRM-CM6-1 10 6 6
CNRM-CM6-1-HR 1 1 1
CNRM-ESM2-1 5 5 5
EC-Earth3 3 3 3
FGOALS-f3-L 3 1 1
FGOALS-g3 1 1 1
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GISS-E2-1-G
HadGEM3-GC31-LL
IPSL-CM6A-LR
KACE-1-0-G
MIROC-ES2L
MIROC6
MPI-ESM1-2-HR
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Table AC.2. S 2 Projected mean warming and 5-95% confidence ranges based on the

constrained and unconstrained projections for two SSP scenarios over 2081 -2100

relative to 1995-2014 (units: K).

Scenarios

Regions

Mean and 5-95th confidence ranges

Unconstrained

Constrained

Regions

Mean and 5-95th confidence ranges

Unconstrained

Constrained

SSP1-2.6
SSP5-8.5

GIC

1.80(-0.74,4 34)
6.40 (2.88,9.90)

1.50 (-0.46,3.48)
6.08(3.52,8.63)

NWN

2.51(0.39,4.63)
7.57(3.92,11.20)

2.40(0.88,3.92)
7.35(4.99,9.70)

SSP1-2.6
SSP5-8.5

NEN

2.61(0.36,4.85)
8.53 (4.64,12.41)

2.48(1.01,3.96)
8.38(5.92,10.84)

WNA

1.71(0.49,2.92)
543 (3.31,7.54)

1.66(0.80,2.52)
531(3.92,6.71)

SSP1-2.6
SSP5-8.5

CNA

1.82(0.56,3.06)
5.83(3.68,7.98)

1.80(1.04,2.55)
572(4.27,7.17)

ENA

1.67 (0.58,2.75)
5.24(3.24,7.22)

1.68 (1.06,2.29)
5.19(3.87,6.50)

SSP1-2.6
SSP5-8.5

NEU

1.35(-0.24,2.95)
4.46(2.08,6.85)

1.17(-0.03,2.39)
4.27(2.48,6.04)

WCE

1.52(0.17,2.87)
5.17(2.82,7.51)

1.45(0.45,2.43)
5.09 (3.64,6.55)

SSP1-2.6
SSP5-8.5

EEU

1.95(0.41,3.48)
6.49 (3.65,9.32)

1.85(0.84,2.87)
6.39 (4.69,8.10)

MED

1.40(0.47,2.32)
4.79(3.19,6.39)

1.35(0.66,2.05)
4.71(3.60,5.81)

SSP1-2.6
SSP5-8.5

3.21(0.33,5.94)
9.44(5.09,13.74)

2.93(1.03,4.83)
9.13 (6.27,12.00)

WSB

2.10(0.60,3.58)
7.01(3.99,10.02)

2.01(1.06,2.97)
6.88(5.06,8.72)

SSP1-2.6
SSP5-8.5

ESB

2.02(0.53,3.49)
6.80(3.87,9.73)

1.96 (0.88,3.04)
6.70 (4.73,8.65)

2.36(0.50,4.20)
6.77 (3.68,9.86)

2.28(0.89,3.66)
6.63 (4.29,8.98)

SSP1-2.6
SSP5-8.5

WCA

1.63(0.63,2.63)
5.77 (3.60,7.94)

1.55(0.89,2.21)
5.64(4.12,7.15)

ECA

1.69(0.70,2.68)
6.09 (3.69,8.50)

1.63(0.87,2.38)
5.92 (4.24,7.60)

SSP1-2.6
SSP5-8.5

TIB

1.64(0.70,2.57)
5.86(3.51,8.19)

1.56(0.79,2.34)
5.66(3.75,7.57)

EAS

1.61(0.65,2.57)
4.84(2.97,6.71)

1.59(0.95,2.23)
4.77(3.59,45.95)
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Warming in region NWN in 2081-2100 baed on
SSP 5-8.5, constrained using Cloud metrics
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Figure AC.S1 Constrained warming in synthetic data experiment (described in Text
S1). The PDFs are constrained projections for global mean surface air temperature
change (2081-2100 relative to 1995-2014 under SSP 5-8.5) by applying MBLC and
BCS over NWN (N.W.North-America). The dashed red PDF is derived using the
approach used in the main manuscript, but sampling from synthetic 50-member
ensembles from each model (see Step 2 of Text S1). The blue PDFs are derived from
the same data, but first restricting ensemble sizes for each model to the number of
simulations actually available (see Step 3 of Text S1).
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Correlation between projected regional warming and global and regional metrics

Trend-based regional metrics

Figure AC.S3 The predictors selected for each region based on the metric selection
process. Panel (a) indicates predictors selected by the Lasso selection strategy and Panel
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Correlation coefficient

Improvement (K)

1.0
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(b) indicates predictors selected by the stepwise selection strategy. Predictors are
described in Table 4.2. Markers in red indicate global metrics while the markers in
black, blue and green indicate trend-based, climatology-based and standard-deviation-

based regional metrics respectively.

Correlation coefficient

0.8

0.6 1

0.4 -

0.2 A

0.0

1.0

0.8

0.6

0.4 1

0.2 1

0.0

Reductmn in RMSE
sile uwN NEM wﬂh CNA EuP- MEY ch EEV MED RAR wsﬁ EsB RFE WCA

Regions

Figure AC.S4 As in Fig 4.3, but for CMIP6 SSP 1-2.6 using cloud metrics.
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Figure AC.S5 As in Fig 4.4, but for CMIP6 SSP 1-2.6 using cloud metrics.
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Percentage of pseudo-observations lying within calculated 5-95% uncertainty ranges (CMIP6)
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Figure AC.S6 As in Fig 4.5, but for CMIP6 SSP 1-2.6 using cloud metrics.
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Appendix D

Text S1. As described in Section 5.2.2, our study samples over initial condition
ensembles. Each sample gives us a distribution of projected GSAT change [noted as y
in below Eq. (1)] with a particular mean () and standard deviation (g). Hence,
multiplying the joint distribution of these two statistics f(u, o), by a conditional
distribution f(y|«, ), and then integrating over x and o, gives us a population estimate
p(y) of the marginal PDF of projected GSAT changes:

p) = J] fOlu,0)f(w,0)dudo (1)

Based on our sampling strategy, each derived PDF with its corresponding value of u
and o is equally probable. Sampling ¢ and ¢ from their joint distribution and then
averaging the resulting conditional distributions of y gives a sample estimate of this
population mean distribution.

Text S2. In order to determine the optimal time period to minimize the influence of
internal variability and maximize the strength of the statistical relationship between past
trends and future changes in the CMIP6 models, we vary the date range over which
trends are calculated. We calculate the correlation (7) between historical trends (based
on differentinitial years and the final years) and projected warmingbetween 1995-2014
and 2081-2100 under SSP5-8.5. In this calculation, we consider the first ensemble
member of each model. The corresponding results are shown in Fig AD.S6.

As in Fig S6 (a), the early periods (e.g when we hold the end year at 1999 and vary the
start year) do not indicate a strong emergent relationship, probably due to large inter-
model differences in the response to aerosol emissions changes over these periods
which are expected to confound such a relationship (Chapter 2;Jimenez-de-la-Cuesta;
Mauritsen2019; Nijsse et al. 2020). Holding the end year close to the present (e.g. 2014
or 2022) and making the start year after the in the 1970s or later results in strong
correlation coefficient except for the periods 1999-2014/2022 and 2014-2022, which
are too short, with a strong influence of internal variability. Likely since the GSAT
response to uncertain aerosol forcing is relatively constant over this period (Chapter 2;
Nijsse et al. 2020), the GSAT trend from the 1970s to the present is better correlated
with future projected warming compared with the centennial trend (e.g. 1850-2022). As
shown in Fig S6 (b) and (c), by reducing the internal variability, removing the ETP-
congruentpartofthe GSAT trend results in a stronger correlation coefficient, especially
for GSAT trends calculated over a relatively short period (e.g. 1999-2014, 1999-2022
and 2014-2022).

The periods for GSAT trend with ETP variability removed that give optimal correlation
coefficient are 1970-2022 (with correlation coefficient 0.82), 1984-2014 (0.83), 1984-
2022 (0.81), and 1999-2022 (0.81). These periods all show strong correlation between
past trends and future changes across models. Considering the long period is expected
to reduce the influence of internal variability (and we note that results shown in Figure
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S6 are based on a single ensemble member), we therefore take 1970-2022 as the optimal
period to constrain future warming (section 5.3.4). For comparison, we also compare
with the results over a relatively short period, 1993-2012, over which the variability of
ETP trend is expected to play an event stronger role.

Table AD.S1 List of CMIP6 Historical, SSP5-8.5 and SSP1-2.6 simulationsused in this
paper. The numbers of ensemble members used for each experiment are listed in the
second, the third and the fourth columns. We use all simulations for which the necessary
model output was available. For the historical trend based on 1970-2022, we use the
same set of simulations throughout, and discard historical simulations for which a
corresponding SSP simulations is not available

Model name Historical SSP5-8.5 SSP1-2.6
ACCESS-CM2 1 1 1
ACCESS-ESM1 10 10 10
BCC-CSM2-MR 3 1 1
CanESM5 50 50 50
CAMS-CSM1-0 1 1
CAS-ESM2-0 2 2
CESM2 6 2 2
CNRM-CM6-1 10 6 6
CNRM-ESM2-1 5 5 5
FGOALS-f3-L 3 1 1
FGOALS-g3 1 1 1
GFDL-ESM4 1 1 1
GISS-E2-1-G 13 13 13
GISS-E2-1-H 10 10 10
HadGEM3-GC31-LL 4 4
HadGEM3-GC31-MM 4 4
INM-CM35-0 1 1 1
IPSL-CM6A-LR 32 7 7
KACE-1-0-G 2 2
MIROC-ES2L 7 7 7
MIROC6 50 50 50
MPI-ESM1-2-HR 5 1 1
MPI-ESM1-2-LR 8 8 8
MRI-ESM2-0 6 6 6
NESM3 4 4 4
NorESM2-LM 3 1 1
NorESM2-MM 3 1 1
UKESM1-0-LL 8 4 4
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r=0.45,p=0.04, N=22
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Figure AD.S1 Scatter plot showing ensemble mean of 1970-2022 ETP trend versus
ECS for each model, and the corresponding regression fit. ‘r’ represents the correlation
coefficient between ECS and the ETP trend across the multi-model ensemble with the
corresponding ‘p’ value, while ‘N’ represent the number of climate models in use.
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Figure AD.S2 Similar to Fig S1, but for the period of 1993-2012.
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Figure AD.S3 As Fig 5.2 but for the period 1993-2012.
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Figure AD.S4 As Fig 5.3 but for the period of 1993-2012.
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PDF of constrained uncertaity for future projection from SSP 1-2.6
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Figure AD.S5 As Fig 5.5 but based on SSP 1-2.6.
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Figure AD.S6 The correlation coefficient between the historical GSAT trend (based on
different initial years and the different final years) and future projected warming
(between 1995-2014 and 2081-2100 under SSP5-8.5), based on one ensmeble per
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model. The y-axis represents the start years while the x-axis represents the end years.
Panel (a) shows the correlation coefficient between raw GSAT trend and projected
warming while panel (b) shows the correlation coefficient between GSAT trend with
ETP variability removed. Panel (c) shows the difference between panel (b) and (a). The

shading areas in panel (c) represent two correlation coefficients that are significantly
different from each other at the p=0.05 level.
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