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ABSTRACT

Emergent constraints are quantities that are observable from current measurements and have skill pre-

dicting future climate. This study explores 19 previously proposed emergent constraints related to equilibrium

climate sensitivity (ECS; the global-average equilibrium surface temperature response to CO2 doubling).

Several constraints are shown to be closely related, emphasizing the importance for careful understanding of

proposed constraints. A new method is presented for decomposing correlation between an emergent con-

straint and ECS into terms related to physical processes and geographical regions. Using this decomposition,

one can determine whether the processes and regions explaining correlation with ECS correspond to the

physical explanation offered for the constraint. Shortwave cloud feedback is generally found to be the

dominant contributor to correlations with ECS because it is the largest source of intermodel spread in ECS. In

all cases, correlation results from interaction between a variety of terms, reflecting the complex nature of ECS

and the fact that feedback terms and forcing are themselves correlated with each other. For 4 of the 19

constraints, the originally proposed explanation for correlation is borne out by our analysis. These four

constraints all predict relatively high climate sensitivity. The credibility of six other constraints is called into

question owing to correlation with ECS coming mainly from unexpected sources and/or lack of robustness to

changes in ensembles. Another six constraints lack a testable explanation and hence cannot be confirmed. The

fact that this study casts doubt upon more constraints than it confirms highlights the need for caution when

identifying emergent constraints from small ensembles.

1. Introduction

How much will our greenhouse gas emissions warm

our planet? This is a defining question of our time. The

magnitude of this warming is usually characterized in

terms of the equilibrium climate sensitivity (ECS),

which is the global-average surface temperature re-

sponse to doubling CO2 from preindustrial conditions

and letting the planet return to equilibrium. Because the

planetary response to future changes in atmospheric

composition is difficult to determine based on observa-

tions of past and current climate (Collins et al. 2013),

ECS is often estimated using global climate models

(GCMs). Despite its importance, predictions of ECS

from different GCMs vary by a factor of 2 (Flato et al.

2013) and intermodel spread in ECS has not decreased

substantially over time (Charney et al. 1979; Knutti and

Hegerl 2008; Andrews et al. 2012; Knutti et al. 2017).

Unsurprisingly, this continued uncertainty has led to a

desire to identify models that are more trustworthy. A

natural way to do this is to assume that models that more

accurately reproduce the current climate are more likely

to capture its changes correctly. Unfortunately, models

that perform well for some metrics may perform poorly

for others (Gleckler et al. 2008), climate predictions

from skillful models do not always agree (Waugh and

Eyring 2008), and the ability to reproduce current cli-

mate does not necessarily imply predictive skill. Thus

another popular approach (which is the focus of this

paper) is to identify quantities in the current climate that

have skill at predicting future changes in GCMs. The

strength of correlation between predictor and pre-

dictand across an ensemble of GCMs is typically used to

measure the explanatory power of a potential relation-

ship. Observed values of current-climate predictors can

then be used to choose which GCMpredictions are most

credible. These current-climate predictors are com-

monly called emergent constraints.

One problem with emergent constraints is that large

intermodel correlations between current-climate and
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future-climate quantities are expected by chance in

multimodel databases (Masson and Knutti 2013; Caldwell

et al. 2014). As a result, emergent constraints without a

solid physical basis should be viewed with skepticism.

Unfortunately, most emergent constraints in the published

literature lack a satisfying physical explanation. This is

understandable because the climate system is complex

and difficult to distill into simple physical relationships.

Identifying these potential emergent constraints is an im-

portant and natural first step toward uncovering real con-

straints. Since the majority of recently proposed emergent

constraints imply more severe sensitivity to greenhouse

gases (Klein and Hall 2015), evaluating the credibility of

predictions from emergent constraints has significant so-

cietal importance.

The goal of this paper is to evaluate the credibility and

independence of previously published emergent con-

straints. Our sources of data are described in section 2

and the constraints we test are introduced in section 3.

Section 4 provides a short primer on statistical signifi-

cance of correlations before the independence of these

emergent constraints is investigated in section 5. In

section 6, a new method for decomposing correlation

between ECS and an emergent constraint is introduced

and used to understand the physical mechanisms un-

derpinning the success of each tested constraint. A dis-

cussion and conclusions follow in section 7.

2. Data

Model output used in this paper comes from phases 3

and 5 of the Coupled Model Intercomparison Project

(CMIP3 and CMIP5). These intercomparisons have been

instrumental in making output from a variety of world-

class GCMs readily available to the public (Meehl et al.

2007; Taylor et al. 2012). Effective radiative forcing values

(which include not just the direct effect of CO2 doubling,

but also the impact of all responses on time scales faster

than the global-average surface temperature response)

for CMIP3 models are taken from Table 1 of Dufresne

and Bony (2008). CMIP3 process-level feedback values

are taken from Table 1 of Soden and Held (2006). For

CMIP5 models, both forcing and feedback information

are taken from Table 1 of Caldwell et al. (2016). ECS is

then calculated from forcing F and net feedback values

l using the equilibrated top-of-atmosphere (TOA) re-

sponse to a radiative forcing perturbation:

ECS5
2F

l
. (1)

Cloud feedbacks in the tables used for CMIP3 and

CMIP5 models were computed using the adjusted cloud

radiative forcing technique (Soden et al. 2004, 2008;

Shell et al. 2008). Feedback terms unrelated to clouds

were computed by converting the relevant physical

quantities into TOA radiative perturbations using ra-

diative kernels (Held and Soden 2000; Soden et al. 2008;

Shell et al. 2008). For CMIP3, kernels were simply

multiplied by the net change in the relevant physical

quantity from Intergovernmental Panel on Climate

Change Special Report on Emissions Scenarios (SRES)

A1B simulations and normalized by global-average

surface warming to obtain feedback values. For

CMIP5 data, the Soden et al. (2008) kernels were used to

compute radiative perturbations (with respect to con-

temporaneous preindustrial control climatologies) for

each year of the 150-yr-long abrupt 43CO2 simulations.

These values were then linearly regressed against

corresponding globally averaged changes in surface

temperature DTs and feedback values are taken as the

best-fit slope. This linear regression method was pio-

neered by Gregory et al. (2004). Forcing for CMIP5

models is computed by applying the Gregory method to

net TOA radiative imbalances. CMIP3 forcings are

computed following the method of Forster and Taylor

(2006), which involved computing net feedback from

simulations where only CO2 was changed using the

Gregory method, then using this information in con-

junction with DTs and TOA radiative imbalance to de-

rive effective forcing in SRES A1B simulations.

For both CMIP3 and CMIP5 ensembles, the data used

in this study are computed without running experiments

to equilibrium. Armour et al. (2013) and Rose et al.

(2014) showed that the strength of the net feedback

depends on the background climate state. In particular,

ECS estimates tend to increase as model runs are ex-

tended (Williams et al. 2008; Winton et al. 2010;

Andrews et al. 2012, 2015). In Fig. S1 in the online

supplemental material we test the impact of temporal

variation in net feedback by repeating some of our

analysis using just the first 20 years of each 43CO2 run,

by using just years 21–150, and by using all years be-

tween 1 and 150. This figure shows that changes in

simulation period have little effect on our results. Be-

cause net feedback is likely to continue changing beyond

the 150 years evaluated here, our ECS estimates are

probably best described as ‘‘effective climate sensitiv-

ities,’’ which are underestimates of the true ECS. In

spite of the approximate nature of these values, the

difference between equilibrium and effective climate

sensitivity is probably a second-order effect [as sug-

gested by Fig. 2 of Andrews et al. (2015)] and simula-

tions that would allow us to compute something more

akin to ‘‘true’’ ECS (e.g., coupled 23CO2 simulations

extending thousands of years) are not available for most

CMIP5 models.
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ECS values from CMIP3 simulations run to equilib-

rium with fixed deep-ocean heat transports and a shal-

low ‘‘slab’’ ocean layer are available from Table 8.2 of

Randall et al. (2007); these slab ocean ECS values are

somewhat different (the correlation between slab and

SRES A1B ECS values is 0.63) but switching datasets

does not change any of our conclusions. We use SRES

A1B values for F and ECS to maintain consistency with

process-level feedback values, which are not available

for slab runs.

CMIP3 and CMIP5 data differ in several important

ways. First, water vapor feedback for CMIP3 data was

computed as the TOA radiative impact of change in

specific humidity while for CMIP5 data water vapor

feedback was computed as the TOA radiative impact of

relative humidity (RH) change [as advocated by Held

and Shell (2012)]. This change in definition requires

compensatory changes in Planck and lapse-rate feed-

backs. Using fixed-RH feedbacks has little impact on

intermodel differences of the Planck feedback (which

are small regardless of how they are calculated) but re-

duces the strong anticorrelation between water vapor

and lapse rate found in earlier studies. Additionally,

CMIP3 calculations are done on runs where both

greenhouse gases and aerosols are varying in time, while

CMIP5 simulations test only the impact of greenhouse

gas changes. These differences in treatment of CMIP3

and CMIP5 model output force us to consider CMIP3

and CMIP5 models separately in our decomposition.

For further details about how feedbacks, forcing, and

ECS are calculated for each ensemble, consult the

original data sources cited above.

3. Survey of potential emergent constraints studied

In this section we provide a short overview of each of

the 19 proposed emergent constraints analyzed in this

paper. For each constraint, we provide the following:

1) a description of the constraint (also summarized in

Table 1 for quick reference),

2) the proposed explanation for why this constraint is a

good predictor of ECS,

3) an a priori expectation of the sign and magnitude of

correlation between the predictor and ECS, and

4) an initial evaluation of each constraint based on

previous literature and correlations computed for

this study (summarized in Table 2).

Throughout the paper, each constraint is identified by

the last name of the first author on the first study pro-

posing it and constraints are described below in the or-

der they were published.

Most constraint data used here come directly from the

studies introducing that constraint. Because not allmodels

used in these previous studies provide information nec-

essary for our decomposition, we also provide correlations

in Table 2 computed using the subset of models which

provide all data we need. Correlation with a subset of

models provides a weak sense of the robustness of our

conclusions; testing on new ensembles would provide a

TABLE 1. Short description of each emergent constraint tested in this paper.

Name Description

Covey Amplitude of seasonal cycle of surface temperature

Volodin Difference between tropical and Southern Hemisphere midlatitude total cloud fraction

Trenberth Net TOA radiation averaged over the Southern Hemisphere

Fasullo D Southern Hemisphere zonal-average midtropospheric RH in the dry zone between 8.58 and 208S
Fasullo M Tropical zonal-average lower-tropospheric RH in moist-convective region

Qu BL cloud amount response to SST variations in subtropical stratocumulus regions (after removing

EIS contribution)

Klein ctp-tau Error in the distribution of cloud-top pressure and optical thickness for regions between 608N/S

Klein TCA Error in total cloud amount for regions between 608N/S

Su Error in vertically resolved tropospheric zonal-average RH between 408N and 458S
Sherwood D Strength of resolved-scale mixing between BL and lower troposphere in the tropical east Pacific and Atlantic

Sherwood S Strength of mixing between BL and lower troposphere in tropical convective regions

Sherwood LTMI Sum of Sherwood S and D constraints

Brient Shal Fraction of tropical clouds with tops below 850mb whose tops are also below 950mb

Zhai Seasonal response of BL cloud amount to SST variations in oceanic subsidence regions between

208 and 408 latitude
Tian Strength of double-ITCZ bias

Brient Alb Sensitivity of cloud albedo in tropical oceanic low-cloud regions to present-day SST variations

Lipat Latitude of the southern edge of the Hadley cell in austral summer

Siler Extent to which cloud albedo is small in warm SST regions and large in cold SST regions

Cox Strength of global-average surface temperature variations and temporal autocorrelation
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more rigorous test. Because the first five studies we con-

sider were published before CMIP5 data were available,

we are able to test them against data theywere not trained

on by computing these constraints ourselves. Constraints

that persist across ensembles are unlikely to occur by

random chance, although it is worth mentioning that

models used in CMIP5 are modified versions of models

used in earlier intercomparisons (Pennell and Reichler

2011; Knutti 2010; Knutti et al. 2013, and references

therein), so successive CMIP ensembles are not them-

selves completely independent. It is also worth noting

that a real constraint may be present in one ensemble but

not in another if the models used in those two ensembles

were structurally different. For example, an emergent

constraintmight be detected inCMIP5but notCMIP3 if it

resulted from a process that was added for the first time in

CMIP5 models. Alternatively, a constraint might appear

in CMIP3 but not CMIP5 if all developers worked to

make sure their models satisfied a constraint identified in

CMIP3, thus getting rid of all spread in that predictor

in CMIP5. While both of these scenarios are possible in

theory, it is hard to imagine how model changes between

CMIP3 and CMIP5 would affect any of the 19 constraints

considered. As a result, we use reproducibility of a con-

straint across ensembles as a measure of their credibility.

This study gathers together more previously proposed

constraints than any single previous study, but it is not

itself exhaustive. Other studies were omitted because we

were not aware of themwhile writing this paper, because

they have already been shown to not be robust to

changes in ensemble (e.g., Klocke et al. 2011), because

they propose more constraints than our analysis can

handle (Huber et al. 2011), or because computing them

for CMIP5 models was too technically challenging given

our available time (Shukla et al. 2006; Webb et al. 2015).

Our scope is also limited by our focus on ECS, which

precludes studies focused on other aspects of the climate

system (e.g., Hall and Qu 2006; Cox et al. 2013). De-

fining emergent constraints relative to specific feedbacks

rather than to a more integrative quantity like ECS

would perhaps be preferable because it makes articu-

lating a clear physical explanation for emergent rela-

tionships easier (Klein and Hall 2015). Furthermore,

because the climate system is so complex, it is hard to

believe that a single physical mechanism exists that can

explain most of the intermodel spread in climate sensi-

tivity (and therefore have very large correlation with

ECS). Nonetheless, constraints on ECS are worth pur-

suing because they have the most value at reducing cli-

mate change uncertainty. Constraints on an individual

feedback may be easier to find, but their practical utility

is limited if that feedback does not project strongly onto

ECS. We include Qu et al. (2013) in our study even

though it was not previously tested on ECS because

its mechanism (tropical low clouds) is known to be

important for ECS. We also tested the constraints

TABLE 2. Correlations of emergent constraints with ECS as reported in their original papers and as computed using the subsets of

models for which we have constraint information as well as forcing and feedback components. Except for reported values from Covey

(which used CMIP1 data), columns 2 and 3 report a single number if the study combinedCMIP3 andCMIP5models and otherwise reports

individual CMIP3 and CMIP5 values separated by a slash (/). Values in bold are significant at 90% confidence using a Student’s t test

assuming independent models (which is an overly permissive test; see text for details). An asterisk is used where no data are available.

Reported

No. of models

Reported

values

No. of CMIP3

models

CMIP3

values

No. of CMIP5

models

CMIP5

values

Covey 17 0.40 12 20.36 27 0.35

Volodin 18 / * 20.82 / * 12 20.42 27 20.60

Trenberth 13 / * 20.73 / * 12 20.56 27 20.22

Fasullo D 16 / * 20.81 / * 9 20.78 23 20.26

Fasullo M 16 / * 0.65 / * 9 0.74 23 0.15

Qu 18 / 18 * / * 11 20.61 16 20.29

Klein ctp-tau 6 / 9 * / * * * 9 20.74

Klein TCA 6 / 9 * / * * * 9 20.71
Su * / 14 * / * * * 13 0.58

Sherwood D 43 0.46 11 0.47 26 0.40

Sherwood S 43 0.50 11 0.64 26 0.37
Sherwood

LTMI

43 0.68 11 0.62 26 0.65

Brient Shal * / 21 * / * * * 21 0.38

Zhai 27 20.64 9 20.80 15 20.73
Tian 44 20.64 11 20.52 25 20.60

Brient Alb * / 29 * / 20.67 * * 28 20.71

Lipat * / 21 * / 20.48 * * 21 20.46

Siler * / 20 * / 0.54 * * 19 0.54
Cox * / 16 * / * * * 22 0.63
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proposed in Gordon and Klein (2014) and McCoy et al.

(2016), which both target high-latitude clouds, but ulti-

mately omitted them from this study because they were

poorly correlated with ECS; we take this to mean that

only constraints on tropical clouds have a strong impact

on ECS.

a. Covey

Covey et al. (2000) and Knutti et al. (2006) suggest

that the strength of the hemisphere-averaged seasonal

cycle of surface temperature may be a good proxy for

the sensitivity of the planet to greenhouse gas changes

because both are climate responses to radiative forcing

changes. Models with a larger seasonal cycle are there-

fore theorized to respond have a stronger response to

CO2 increase. Because surface air temperature is con-

trolled by many factors, some (like ocean circulation)

occurring on time scales longer than a single season, this

constraint is likely to be relatively weak.

Because Covey et al. (2000) used data from the

CMIP1 archive and Knutti et al. (2006) used data from

an ensemble of simulations using a single GCM with

perturbed tuning parameters, we compute our own

Covey values for CMIP3 and CMIP5 ensembles. For

each model, we compute the Covey value by taking the

Northern Hemisphere average of the climatological

surface temperature difference between January and

July minus a similar quantity defined over the Southern

Hemisphere. Climatological averages are computed

using all available data from 20C3M and historical

simulations (for CMIP3 and CMIP5 models, re-

spectively). As in Covey et al. (2000), no attempt was

made to correct for drift. As in all computations per-

formed for this paper, computed values are the average

over all available ensemble members. Sufficient data

(including information to compute surface temperature,

ECS, and F and l components for our decomposition)

were available for 12 CMIP3 models and 27 CMIP5

models. Covey et al. (2000) found a correlation of 10.4

between ECS and their constraint for 17 CMIP1models;

we find correlations of 20.36 and 10.35 for CMIP3 and

CMIP5 data (respectively). Lack of consistency between

ensembles suggests that the Covey constraint may not be

robust, but the size of each sample is small (a problem

with all statistical studies based on the CMIP archive)

and the correlation we are seeking is weak, so false

negatives are possible. As noted in Fasullo et al. (2015),

perturbed physics ensembles (which typically have

many more samples) may be more appropriate for

teasing out small correlations like this. Unfortunately,

relationships fromperturbed physics ensembles often do

not generalize to other collections of models (Sanderson

2011; Klocke et al. 2011; Masson and Knutti 2013).

b. Volodin

Volodin (2008) found a strong correlation in CMIP3

models between ECS and the gradient in total cloudi-

ness between the tropics (taken to be between 288N and

288S latitude) and southern midlatitudes (between 368
and 568S) for years 1980–2000. He hypothesized that

cloud response to climate change may be governed by

the same mechanisms that cause cloud fraction to de-

crease with increasing sea surface temperature (SST) as

one moves equatorward. This means that models with

stronger (more negative) latitudinal cloudiness gradi-

ents will have higher ECS. Volodin’s logic seems dubi-

ous because latitudinal variations in cloudiness are

affected not only by local SST but also by the large-scale

circulation. Nonetheless, when we compute Volodin

values for the CMIP5 archive, we find that strong neg-

ative correlation is maintained (Table 2). Because the

Volodin constraint was not trained on the CMIP5

dataset, this is a strong test of constraint robustness. A

modern variant on the Volodin approach is described in

the Siler section below.

c. Trenberth

The Southern Hemisphere averaged TOA energy

balance between 1990 and 2000 was found to be corre-

lated with ECS in CMIP3 models by Trenberth and

Fasullo (2010). Their explanation is that models tend to

predict increased cloudiness (negative cloud feedback)

over the SouthernOcean in a warmer climate, but that is

only possible because these models strongly under-

predict the extremely high observed cloud fraction in

this area. Models with more realistic clouds (and hence

less positive TOA radiative imbalance) are expected to

have less cloud increase in this area and correspondingly

higher ECS. When we calculate Trenberth values for

CMIP5 data and compute the resulting correlation with

ECS, we get a negligibly small value. Grise et al. (2015)

performed a similar calculation and arrived at the same

conclusion. Upon further investigation, Grise et al.

found that the correlation between Southern Hemi-

sphere TOA radiation and ECS in CMIP3 models came

as much from subtropical stratocumulus/trade cumulus

areas as from the Southern Ocean. Further, connection

between the SouthernOcean andECSwas found to only

occur in models with excessively reflective present-day

subtropical clouds (which includes most CMIP3 models

but only half of the CMIP5 models). The connection

between Southern Ocean and subtropical clouds seems

to be an artifact of tuning (Grise et al. 2015; Kay et al.

2016; McCoy et al. 2016). Because Southern Ocean

TOA radiation biases were not found to be well corre-

lated with ECS in the full set of CMIP5 models and
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because the physical explanation for such a correlation

is unclear, Grise et al. (2015) conclude that Southern

Ocean TOA biases are not a valid emergent constraint.

They conclude instead that Southern Hemisphere TOA

radiation is correlated with ECS primarily through

stratocumulus-to-trade-cumulus transition regions, which

have greater scope for cloud reduction when they are

more extensive in the current climate.

d. Fasullo M and D

In Fasullo and Trenberth (2012), the authors corre-

lated May–August zonal-mean present-day RH from

1980–2000 against ECS for CMIP3 models and identi-

fied the two regions of largest correlation. One of these

regions (denoted D) lies in the subtropical midtropo-

spheric dry zone between approximately 208 and 8.58S
and 440 to 350mb. The other region (denoted M) lies in

the moist convective region between 1.58S and 108N
latitude and 740 to 570mb. The physical mechanisms

governing these correlations are unclear, so it is impos-

sible to make an a priori prediction of the sign or mag-

nitude of these correlations. Because correlation with

ECS was only computed for CMIP3 models in the Fa-

sullo paper, we compute our own values of the Fasullo

metrics for the 9 CMIP3 models and 23 CMIP5 models

with sufficient data. Our correlations of M and D with

ECS are also very similar to Fasullo and Trenberth

(2012) values for CMIP3 data but have very weak

magnitude when applied to CMIP5 data. This surprising

result can be confirmed and understood by comparing

Fig. 3 herein and Fig. S4 from Fasullo and Trenberth

(2012). These figures show the correlation between ECS-

like quantities and climatological- and zonal-average

RH as a function of latitude and height for CMIP3

and CMIP5 models, respectively. While it is true that

the general structure of these plots look similar, the

M zone of positive correlation has completely dis-

appeared in the CMIP5 plot and the region of negative

correlation in the subtropics has shifted toward the

surface and has weakened relative to Fasullo’s D re-

gion. Correlations in Fasullo and Trenberth’s (2012)

Fig. S4 over the M and D boxes as defined in that paper

are consistent with the values reported in our Table 2.

Thus, while patterns of RH over the entire tropics [as

advocated by Su et al. (2014), described later] may end

up being a useful predictor of climate change, the

specific regions identified by Fasullo are almost cer-

tainly spurious.

e. Qu

Qu et al. (2013) show that global warming–induced

changes in low cloud cover (LCC) in subtropical stra-

tocumulus regions can be predicted according to

DLCC5
›LCC

›SST
DSST1

›LCC

›EIS
DEIS, (2)

where EIS is estimated inversion strength, D is the cli-

mate change signal, and ›LCC/›SST and ›LCC/›EIS

are computed from current-climate interannual vari-

ability using bivariate linear regression. This can be re-

lated to ECS by dropping the second term in Eq. (2)

[because Qu et al. (2013) found it to be less important]

and dividing through by SST:

DLCC

DSST
’

›LCC

›SST
. (3)

If DSST in stratocumulus regions is taken as a proxy for

DTS, DLCC is used as a proxy for cloud feedback, and

cloud feedback is itself used as a proxy for ECS,

›LCC/›SST from current-climate variability could be a

good emergent constraint for ECS. Each link in our

chain of logic is imperfect, but subtropical stratocumulus

are known to be a key factors for climate sensitivity

(Bony and Dufresne 2005) so we consider this potential

constraint worth testing. We do this using ›LCC/›SST

values for CMIP3 and CMIP5 taken directly from Qu

et al. (2013). Because more positive ›LCC/›SST means

more shortwave reflection to space and hence smaller

climate sensitivity, we expect (and find in Table 2) that

ECS is negatively correlated with the Qu constraint.

Bretherton and Blossey (2014) provide a physical

explanation for the Qu result based on large-eddy sim-

ulations (LES): warmer temperatures increase bound-

ary layer (BL) cloud-layer humidity fluxes for a given

liquid water path, which increases cloud-top entrain-

ment drying and hence reduces BL cloud mass and

fraction. Because this mechanism operates on time

scales much shorter than the variability sampled by Qu

et al. (2013), short- and long-term behavior should be

identical where this mechanism is dominant. Proving

that the LES-based Bretherton and Blossey mechanism

also explains the time scale invariance found in much

coarser/cruder GCM simulations analyzed by Qu et al.

(2013) is important future work.

f. Klein TCA and ctp-tau

Klein et al. (2013) provide metrics of model skill at

reproducing present-day total cloud amount (TCA) and

combined cloud-top pressure and optical depth (ctp-

tau), which are strongly correlated with cloud feedback

lCld and particularly shortwave cloud feedback lSWCld in

Cloud Feedback Model Intercomparison Project

(CFMIP)models from phases 1 and 2 (which correspond

roughly to CMIP3 and CMIP5 models, respectively).

Strangely, while correlations with cloud feedback are
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high for CFMIP1 and CFMIP2 ensembles individually,

combining ensembles results in much worse correlation.

Although not mentioned in Klein et al. (2013), Klein

TCA and ctp-tau measures were found to be strongly

correlated with ECS in CFMIP2 models but not

CFMIP1 models. Inconsistent results in different en-

sembles suggest that these constraints may be spurious

[as noted by Klein et al. (2013)]. Klein constraints are

only available for CFMIP models because they require

cloud simulator output. We only have data from nine

CMIP5 models for these constraints because not only

are we limited to CFMIP models, but we are further

limited to models that provided sufficient data for

computing feedback and forcing terms to the CMIP

archives. Small sample size limits the reliability of re-

sults using the Klein constraints. Since no physical ex-

planation for predictive skill by this constraint has been

provided, we have no a priori guess as to the sign of this

correlation. For the models available, both Klein met-

rics are among the strongest emergent constraints on

ECS tested.

g. Su

Su et al. (2014) shows that changes in tropical clouds

can be predicted by changes in the Hadley circulation in

which they are embedded. They find that the quality of a

model’s representation of the present-day Hadley cir-

culation is a good predictor of its ECS value. While it

makes sense that cloud (and hence ECS) changes would

follow Hadley cell changes, the linkage between a

model’s representation of the present-day Hadley cir-

culation and its future change is unclear. In particular,

Fig. 1 of Su et al. (2014) suggests that the relationship

between the mean state and future changes in the

Hadley cycle is complicated. This missing piece pre-

cludes an a priori prediction for the strength or sign of

the Su constraint. The Su constraint is computed by

calculating zonal average profiles from the surface to

100mb of cloud fraction and RH between 458S and 408N
for both model output and observations, then calculat-

ing measures of model quality by either taking the slope

of the regression between modeled and observed pro-

files for each latitude and averaging over latitudes or by

computing the spatial correlation between modeled and

observed values. Metrics defined with respect to RH or

cloud fraction and using the slope or spatial correlation

to calculate error provide similar skill and emergent

constraint decomposition information, so we use the

regression slope of the RHmetric (chosen because it has

greatest skill) for the remainder of this paper. Despite

the fact that Su et al. (2014) only reports results for

CMIP5 data, we do not compute this constraint for

CMIP3 data because the calculation is complicated and

requires observational data that we do not have readily

available.

The Su constraint is very similar to an earlier proposal

in Volodin (2008), who noted that the error in zonally

averaged RH over certain regions in the tropical mid-

troposphere and BL is well correlated with ECS in

CMIP3 models. We do not analyze the Volodin RH

constraint here because its methodology is unclear and it

involves observational datasets we do not have avail-

able. If the region of calculation for the Volodin con-

straint is functionally equivalent to that used by Su and

the observations used in both studies are compatible,

then the Volodin and Su studies may be taken together

as evidence that the Su constraint is valid in both CMIP3

and CMIP5 datasets.

h. Sherwood D, S, and LTMI

Sherwood et al. (2014) provide three indices of lower-

tropospheric mixing in the current climate that are

correlated with ECS. Because direct measures of lower-

tropospheric mixing are not available for most models in

the CMIP archive, these indices are somewhat indirect.

The first index (called S) is meant to measure mixing

between the BL and the lower troposphere in the con-

vective parameterizations active in the ascending branch

of the tropical overturning circulation. It is calculated as

the average of the vertical gradients between 700 and

850mb of RH and temperature (normalized to receive

equal weight and signed so smaller gradients make S

more positive) averaged over the west Pacific warm

pool. Because temperature and moisture typically de-

crease with height and mixing moves heat and moisture

upward in this region, S becomes more positive as mix-

ing between the BL and lower free troposphere in-

creases. The second index (called D) is framed in terms

of vertical differences in resolved-scale vertical velocity

with height, so it captures resolved-scale mixing. It

measures the fraction of BL air in ascending columns in

the tropical east Pacific and tropical Atlantic that leaves

the column in the midtroposphere rather than in the

upper-troposphere. The third index, called the lower-

tropospheric mixing index (LTMI), is simply the sum of

S and D.

There are several pieces to the physical explanation

for correlation between ECS and S, D, or LTMI. First,

global-average precipitation and evaporation must be

equal on multiyear time scales (because the atmo-

sphere’s ability to stockpile moisture is very limited) and

are expected to increase by about 2% for each degree

Celsius of TS warming (Held and Soden 2006). Next,

most of this precipitation comes from deep convection

(taken here to mean both parameterized and resolved-

scale events that reach from the BL to the upper
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troposphere), while shallow circulations (such as those

captured by S, D, and LTMI) tend to contribute little to

surface precipitation. As a result, deep convective pre-

cipitation is constrained by the global water and energy

budget to balance surface latent heat flux changes, but

shallow convection is not. BL ventilation by shallow

convection can be computed as the product of the

shallow-convective ventilation rate and the BL specific

humidity. BL specific humidity is expected to increase at

;7%–8% K21 following the Clausius–Clapeyron re-

lationship, so if the shallow convective mixing rate stays

constant as the climate warms (which remains to be

proven), BL ventilation will increase in the future with

corresponding reductions in BL clouds. In this case,

models with larger S, D, and LTMI should have stronger

reductions in future BL cloudiness and correspondingly

larger ECS. This yields an a priori expectation that the

correlation between the Sherwood constraints and ECS

is positive. Sherwood values in Table 2 match this ex-

pectation. Kamae et al. (2016) found that LTMI ex-

plained low cloud feedback but not ECS in a perturbed

physics ensemble. This provides some suggestion that

the Sherwood constraints may not be robust to change in

ensemble.

i. Brient cloud shallowness

Brient et al. (2016) build upon Sherwood et al. (2014)

by noting that while strengthening of shallow convective

drying acts to decrease BL clouds as the planet warms,

reductions in BL turbulent moisture flux are also im-

portant. Brient et al. argue that intermodel spread in

both of these quantities is needed to fully explain future

changes in shallow convective cloudiness. They use the

fraction of clouds below 850mb that are also below

950mb in current-climate tropical (308S–308N) weakly

subsiding (pressure velocity between 10 and 30mbday21)

ocean regions as a proxy for these effects. Models with

higher values of this shallowness index in the current cli-

mate have stronger influence by convective drying relative

to turbulent moistening and are thus expected to have

larger reductions in future clouds. While Brient et al.

(2016) provide a more complete explanation for cloud

changes in shallow-convective areas, its correlation with

ECS is only half as large as Sherwood LTMI in our study

(0.38 vs 0.65; see Table 2).

j. Zhai

Zhai et al. (2015) found that the seasonal response of

boundary layer cloud fraction to sea surface tempera-

ture in subsidence regions over the ocean between

208and 408 latitude in both hemispheres is a strong

predictor of ECS in a combination of CMIP3 and

CMIP5 models. This constraint is very similar to that of

Qu et al. (2013) but uses regions less focused on stra-

tocumulus and generally farther poleward, targets sea-

sonal instead of interannual variability, and does not

remove the component of cloud response due to EIS

changes before computing ›LCC/›SST. Nonetheless,

the physical explanation for this mechanism is identical

to that for Qu so we expect the Zhai constraint to be

negatively correlated with ECS. Of the 27 models in-

cluded in Zhai et al. (2015), 24 have sufficient feedback

and forcing information for our analysis. Correlations

using our subsets of models and separating CMIP3 and

CMIP5 yield correlations similar to those reported in

Zhai et al. (2015) (see Table 2).

k. Tian

Tian (2015) found the amplitude of erroneous con-

vergence and deep convection in the southeast Pacific

(the so-called double-ITCZ bias common in GCMs) to

be correlated with ECS in a combination of CMIP3 and

CMIP5 models. Formally, the Tian constraint is defined

as the annual mean precipitation averaged over the box

covering 08–208S, 1008–1508W. This relationship lacks a

solid explanation. The authors do note that Hwang and

Frierson (2013) found that models with stronger

Southern Ocean cloud biases tended to have a stronger

double ITCZ [although Kay et al. (2016) find this re-

lationship to only hold in models with fixed SST]; com-

bining Hwang and Frierson (2013)’s result with the

Trenberth constraint, one might predict that a stronger

double ITCZ and stronger cloud increases over the

Southern Ocean in the future (and correspondingly

weaker ECS)may both be symptoms of underprediction

in Southern Hemisphere clouds. If this was the case,

ECS should be negatively correlated with the strength of

the double ITCZ across models. Tian also cites Hirota

and Takayabu (2012) as finding that slowdown of the

Hadley circulation is stronger in models with weaker

double ITCZ bias. If this is the case, wemight expect the

Tian and Su constraints to be related. Tian data are al-

ready available for a wide variety of CMIP3 and CMIP5

models so we do not calculate our own values. Un-

surprisingly, our correlations between ECS and the Tian

constraint are similar to the value from his paper.

l. Brient cloud albedo

Brient and Schneider (2016) find that deseasonalized

current-climate shortwave cloud albedo response to SST

variations in tropical oceanic low clouds regions (de-

fined as the 25% of ocean grid cells between 308N and

308S with driest 500-mb relative humidity) is negatively

correlated with ECS in CMIP5 models. This is

essentially a variant on the Qu et al. (2013) mechanism

using a different region andmeasure of cloudiness, so we
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expect it to be correlated with Qu and Zhai constraints.

That correlation is shown in section 5 to be strong.

m. Lipat

Lipat et al. (2017) find that the present-day latitude of

the southern edge of the Hadley cell in austral summer

is a good predictor of ECS in CMIP5 models. Their ar-

gument is based on shortwave cloud radiative effect

changes in the lower midlatitudes (roughly between 288
and 488S latitude). Models whose Hadley cell does not

extend far into this region experience a large decrease in

shortwave cloud radiative effect as the Hadley cell ex-

pands, replacing very cloudy midlatitude conditions

with a less cloudy subtropical regime. Models whose

Hadley cell already extends far into the lower mid-

latitudes see less change because most of the radiatively

sensitive area is already filled with subtropics-type

clouds. As a result, we expect Hadley cell edge lati-

tude (signed so that farther south is more positive) to be

negatively correlated with ECS. This is borne out in

Table 2. Because both Lipat and Su constraints are both

related to Hadley cell representation in models, one

might expect them to be related.

n. Siler

Siler et al. (2018) generalize upon the finding of

Volodin (2008) that intermodel differences in ECS are

well predicted by the latitudinal gradient of present-day

cloudiness by showing that lcld is negatively correlated

with cloud albedo in regions of SST . 278C and is pos-

itively correlated with cloud albedo in regions with

SST , 148C, with the correlation blending smoothly

between positive and negative values in the intervening

SST range. Regions of positive and negative correlation

are hypothesized to be tied together by the need to tune

global-average cloud albedo to match observations,

which means that models with little cloud in warm re-

gions are forced to compensate by also having too much

cloud in cold regions. Like Volodin (2008), Siler et al.

argue that if cloud albedo depends on SST in a climate-

invariant way and the region of warm SST expands in

the future, present-day cloudiness could inform future

changes. Further justification for positive correlation in

cold-SST regions is provided by McCoy et al. (2015),

who note that models whose clouds glaciate at higher

temperatures in the current climate tend to have more

negative cloud feedback because warming increases

cloud liquid, which is brighter and more long-lived.

Justification for negative correlation in warm-SST re-

gions is taken from Zhao (2014), who use convective

precipitation efficiency to understand present-day

cloudiness and its changes in the future. This con-

straint is claimed to be independent of other constraints

for subtropical low clouds because it operates in both

ascending and descending regions and operates at all

levels in the troposphere.

Siler et al. (2018) distill their geographic pattern of

correlations into a single number for each model by

taking the magnitude of the projection of that model’s

cloud albedo map onto the map of multimodel correla-

tion between cloud albedo and lcld. Models with smaller

present-day cloud albedo in warm-SST regions and

larger cloud albedo in cold regions have larger values of

this index. A larger index also means greater lcld and

hence larger ECS.

Because almost all models used in Siler et al. (2018)

have the output needed for our study, our correlations in

Table 2 are almost identical to Siler’s. Interestingly,

even though the Siler constraint is more sophisticated

than Volodin, it does not produce stronger correlation.

o. Cox

Cox et al. (2018) use a simple differential equation for

surface temperature response to white-noise radiative

forcing in the presence of climate feedbacks to motivate

an emergent constraint related to the strength and au-

tocorrelation of globally averaged surface temperature

variations. Models with larger temperature variations

and stronger year-to-year autocorrelation tend to have

larger ECS. Unlike other constraints, application of the

historical temperature record to the Cox constraint im-

plies ECS values that are somewhat weaker than the

CMIP5 multimodel mean.

The Cox constraint is an interesting fit for our study

because its proposedmechanism is related to fluctuation

dissipation rather than a particular feedback process.

As a result, our decomposition cannot be used to assess

the validity of the Cox constraint. We include the Cox

study in our analysis because it is currently the subject

of great community interest and because our decom-

position illuminates the physical mechanisms control-

ling the temperature response investigated by Cox

et al. (2018).

4. Statistical significance

Most of the potential constraints described above

provide some mention that their correlations are sig-

nificant but provide few details about how this was

tested. Significance of correlations can be easily tested

either by noting that r
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
(N2 2)/(12 r2)

p
follows a t dis-

tribution (if ECS and emergent constraint values are

normally distributed) or by using bootstrapping (con-

structing randomized samples by shuffling the model

associated with each ECS or emergent-constraint value

repeatedly to build up an empirical distribution for the
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null hypothesis). Both of these approaches typically as-

sume that each model is an independent sample, but

Sanderson et al. (2015) note that a quarter to a half of

the CMIP5 models they analyzed were functionally re-

dundant. This means that the appropriate number of

degrees of freedom for these tests is significantly lower

than the number of models evaluated. This is important

because large correlations occur by chance more fre-

quently when the number of degrees of freedom is

smaller.

Low sample size makes it very difficult to say anything

definitive at all about relationships in the CMIP ar-

chives. One manifestation of this is the likelihood that

some previously proposed constraints are spurious.

Identifying such constraints is the main goal of this pa-

per. Unfortunately, small sample size also works against

the goal of identifying bad constraints in the sense that a

constraint may fail the tests in this paper not because it is

incorrect, but instead because of unlucky alignment of

available models. An anecdote puts this danger in con-

text. Initially we followed Caldwell et al. (2016) by only

using CMIP5 models that had less than 15% error in

their clear-sky radiative kernel calculations. Eventually

we decided to include all models in our analysis because

the increase in sample size was deemed worth the po-

tential for increased sampling error, particularly be-

cause cloud feedbacks are the dominant source of

correlation with ECS and their calculation is relatively

accurate and only weakly affected by kernel errors. In 17

of the 19 constraints tested here, this change in ensemble

composition had little effect. For the Qu constraint,

however, correlation dropped from 20.63 to 20.29

when all models were used. Using all models had the

opposite effect on Brient cloud shallowness (herein

Brient Shal): its correlation grew from 0.05 to 0.38.

Scatterplots for each of these relationships are pre-

sented in Fig. 1. In both cases, correlation changed be-

cause models that failed the clear-sky linearity test had

systematically different behavior than the rest of the

ensemble. Does this mean that Qu is more credible than

indicated by the rest of this study? Is Brient Shal less

credible? We interpret these findings as an indication of

the uncertainty in any correlation obtained from CMIP

data. If our results are any indication, results are robust

17/19 ’ 90% of the time and are misleading or ambig-

uous the other 10% of the time.

Another issue is that the search for emergent con-

straints naturally lends itself to trying relationships

until a strong correlation is found. This is problematic

because if one tries n relationships for significance at the

S% level there is a 12 (S/100)n probability of getting at

least one false positive relationship, and this probability

approaches 1 as n/‘. As an example, if you find one

relationship out of 5 that is significant at the 95% level,

the probability of this relationship occurring by chance

is actually 23%. And while this sort of data mining can

be done purposefully, it can also occur unconsciously

within a community. In particular, scientists are likely to

notice and report strong correlations while keeping si-

lent about their negative results. As a result, even if

researchers are conscientious about the significance of

their results on an individual level, the publication pro-

cess will overstate the significance of their work by ne-

glecting to account for unsuccessful attempts to find

FIG. 1. Scatterplot of constraint value vs ECS for CMIP5 models passing the clear-sky linearity test for radiative

kernel decomposition at the 15% level (blue) and for CMIP5 models failing this test (red). Qu is tested in the left

panel and Brient Shal in the right.
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relationships. Because it is difficult or impossible to

honestly say how many attempts were made to find a

strong correlation before achieving success, Caldwell

et al. (2014) and Klein and Hall (2015) advocate giving

up on formal significance testing and instead relying on

an undeniable physical explanation as proof of mean-

ingful correlation. That is not to say that strong corre-

lations should be ignored—finding these relationships is

the first step to understanding them—but one should

retain a healthy skepticism of relationships until they are

fully understood. To identify obviously insignificant re-

sults, relationships that pass a t test at 90% probability

assuming independence between models are shown in

bold in Table 2. Note that this test is not meant as a

measure of statistical significance, but instead is used to

identify constraints that are definitely not significant. All

constraints except Covey pass this test when using their

original data; Covey et al. (2000) themselves note that

their metric is not quite significant at 90%. With the

exception of constraints being confronted with CMIP5

data for the first time, this weak form of significance is

maintained when ensembles are subset to the models

with sufficient data to compute feedback and forcing.

5. Are emergent constraints independent?

In this section we focus on the question of whether

previously proposed constraints are truly independent,

or whether they are merely different manifestations of

the same underlying phenomenon. This is important

because as identifying emergent constraints becomes

more popular, researchers need to be careful that new

constraints are not merely repackaged versions of older

constraints. We are in a unique position to answer this

question by virtue of the large collection of previously

proposed constraints we have gathered.

Figure 2 shows correlation coefficients for all combi-

nations of emergent constraints considered. Diagonal

values are always 1 because a constraint is perfectly cor-

related with itself. Cells above the diagonal are redundant

because corr(x, y)5 corr(y, x) for any x and y and

therefore has been omitted. Constraints that are nega-

tively correlatedwithECS inTable 2 aremultiplied by21

to aid comparison. To maximize sample sizes, correla-

tions are computed using data from all available models

rather than only those for which we have feedback de-

composition information. The number of models used in

each correlation is included in parentheses within each

cell of Fig. 2. Pooling CMIP3 and CMIP5 data for these

correlations is reasonable because we are only interested

in cross-model relationships between constraints. CMIP3

and CMIP5 models are considered separately in section 6

because their decompositions differ.

Correlations that are significant at 90% using a two-

tailed t test are shown in color, with darker colors in-

dicating stronger correlations. As noted in section 4, the

probability that at least one of the 152 correlations be-

low the diagonal of Fig. 2 passes our significance test by

chance is 12 0:9152 ’ 100%. The expected number of

significant correlations by chance alone can be com-

puted by noting that significance of correlation between

a given pair of constraints is a Bernoulli trial with a 0.1

probability of success and the probability of a given

number of successful Bernoulli trials follows a bino-

mial distribution. This yields an expected value of

0:13 152’ 15, which is much smaller than the 64 sig-

nificant correlations actually found. One purely mathe-

matical reason to expect correlation between constraints

is that all constraints were chosen for their high corre-

lation with ECS, and if they all look like ECS then they

must look like each other as well. This is probably why

almost all correlations in Fig. 2 are positive (reddish). If

similarity to ECS was the only reason for correlation

between constraints, however, we might expect the

constraints best correlated with ECS to bemore strongly

correlated with each other. With the exception of Covey,

which is the most independent constraint and the worst

correlated with ECS, this does not seem to be the case.

Figure 3 shows that strong correlation with ECS does not

imply significant correlation with more or better con-

straints. In other words, mathematics alone cannot explain

the large number of significantly correlated constraints in

Fig. 2, leading us to turn now to exploration of physical

explanations for these relationships.

Overlapping groups of constraints for which we might

expect a relationship based on physical grounds are in-

dicated by colored lines and corresponding numbers in

Fig. 2. The first grouping involves Lipat, Trenberth, and

Volodin, which are all related to present-day Southern

Hemisphere cloudiness. Siler is also included in this

group because its definition is so similar to Volodin’s;

Fig. 2 shows that Volodin and Siler are correlated at 0.8.

All constraints in this group are correlated at $0:5,

suggesting that they may all be part of a single Southern

Hemisphere mechanism.

The constraints in group 2 are related to mean-state

clouds and related indicators over geographically broad

areas. Surprisingly, while Siler is well correlated with all

constraints in this group, the other constraints are not

that well correlated with each other. It seems natural

that if Siler is similar to two other constraints, those

constraints should be similar to each other. Such be-

havior is known in math as the triangle inequality, and

obeying this constraint is a requirement for all measures

of distance. Our correlation matrix does not satisfy the

triangle inequality because each correlation is based
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on a different ensemble of models. Using a single set of

models for all constraints would solve this problem but is

untenable here because we would be left with seven

models. There are also real reasons to expect mean-state

constraints to be uncorrelated. Klein TCA and ctp-tau

focus on cloud fraction and optical depth, for example,

and these two quantities can change independently.

Group 3 contains constraints based on mean-state

RH. If the locations picked by Fasullo are particularly

important, one may expect them to show up in the Su

constraint. This does not seem to be the case. Group 4

consists of Tian and Fasullo D, which both target

convection-related variables in largely overlapped re-

gions. Unsurprisingly, they are correlated at 0.6. Group

5 consists of constraints based on the ability of convec-

tion to remove moisture from the tropical boundary

layer. Sherwood D and S are uncorrelated, which

explains why LTMI 5 D 1 S explains a much larger

fraction of ECS than D or S in isolation. Brient Shal,

which was based on Sherwood’s concepts, seems to be

an unrelated constraint.

The last group focuses on current-climate response of

low clouds to variations in SST. Zhai and Brient cloud

albedo (herein Brient Alb) do seem to be related to each

other, but they are only weakly related toQu. This could

be due to unlucky sampling, but it could also be due to

differences in constraint design, including differences in

geographical region, sampling time periods, or the fact

that Qu removes the component of cloud change co-

incident with EIS. It is also interesting to note that

Volodin and Siler are strongly correlated with Brient

Alb at 0.7. Volodin/Siler and Zhai/BrientAlb are similar

in that both assume cloud changes track SST in a

climate-invariant way, so perhaps this is unsurprising.

FIG. 2. Correlation between pairs of emergent constraints. Boxes with correlations significant at 90%

using a two-tailed t test are colored, with insignificant correlations in gray. Darker shades indicate larger

correlation. Positive correlations are reddish and negative correlations are blueish. In each cell, the first

number is the correlation between quantities listed on the x and y axes. The number in parentheses is the

number of models used in this calculation. Dark boxes (high correlation) have white text and light boxes

(low correlation) have black text. The sign of emergent constraints expected to be negatively correlated

with ECS has been reversed so positive values in this plot indicate that both constraints have the same

effect on ECS. Each correlation is calculated using data from all available CMIP3 and CMIP5 models.

Colored lines and accompanying numbers reflect groups of constraints that are discussed in the text.
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The fact that Zhai and Brient use temporal variations as

their present-day measure while Volodin and Siler use

geographic variations raises interesting questions about

cloud feedback.

Because Tian cites Trenberth and Fasullo (2010) for

support, it is worth noting that the correlation between

Tian and Trenberth is 0.5. Tian also makes reference to

the strength of theHadley circulation. Su and Lipat both

measure aspects of the Hadley cell, but Su and Lipat are

not significantly correlated with Tian or with each other.

Perhaps more interesting than the blocks of expected

relationships in Fig. 2 is the region of unexpected cor-

relations. With the exception of the Covey constraint—

which is poorly correlated not only with most other

constraints, but also with ECS—these unexpected cor-

relations have similar magnitude to those found in the

expected-relationship blocks. Several unexpected cor-

relations are over 0.7 in magnitude! Of particular in-

terest is the Cox constraint. The Cox constraint is

designed to measure the response properties of global-

average surface temperature to forcing, but the feed-

back process governing that response is unclear. Cox is

very strongly correlated with Zhai and Klein TCA, and

is significantly correlated with Brient Alb, Sherwood

LTMI, and Tian. All of these constraints are related to

clouds, suggesting that clouds are the main mechanism

controlling surface temperature variations. This hy-

pothesis will be further explored in section 6.

Given the number of unexpected yet apparently sig-

nificant connections between constraints, an empirical

method for identifying groups of related constraints

seems warranted. We tried a variety of clustering

algorithms, but failure of the triangle equality makes the

results very sensitive to the definition of distance be-

tween clusters and makes the results difficult to in-

terpret. For example, should Volodin and Klein TCA be

considered synonymous with Siler because both are

correlated with Siler at 0.8? Or is Klein TCA a separate

mechanism because its correlation with Volodin is only

0.3? Larger model ensembles and/or mechanistic un-

derstandings of potential relationships are needed to

decide. In the meantime, we simply state that pairs of

constraints with large correlation in Fig. 2 are probably

related, and that understanding why is important future

work. Central to this goal is the need to understand why

each constraint has skill in predicting ECS. Doing so is

the focus of the remainder of this paper.

6. Decomposing correlations

So far we have described each of the 19 constraints and

tested them against new data where possible. We have

also looked for relationships between emergent con-

straints. In this section we describe a method for

decomposing correlation between ECS and an emergent

constraint into components associated with individual

feedback and forcing processes and into contributions

from different geographical regions. In some sense the

decomposition described here provides a bridge between

predictors of ECS and predictors of individual climate

processes by identifying the processes and regions that

contribute to correlation with ECS and by clarifying how

correlation with a particular process contributes (or is

unimportant for) correlation with ECS.

FIG. 3. (left) The number of constraints withwhich a given constraint is significantly correlated (y axis) as a function

of that constraint’s correlation with ECS (x axis). (right) Average correlation with ECS of all constraints significantly

correlated with a given constraint (y axis) as a function of that constraint’s correlation with ECS (x axis). The Covey

constraint was omitted from both plots because it was an outlier.
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a. Global-average decomposition

The first step in this decomposition is to write the net

feedback l as a sum of individual feedback terms li such

that l5�i2Pl. For the purposes of this paper, feedback
mechanisms in the set P will consist of albedo feed-

back (Alb), lapse-rate feedback (LR), water vapor

feedback (WV), Planck feedback (Pl), shortwave cloud

feedback (SW Cld), and longwave cloud feedback

(LW Cld). See Bony et al. (2006) for a primer on these

feedback mechanisms.

The next step in our decomposition is to approximate

ECS by replacing 1/l in Eq. (1) with its first-order Taylor

expansion around the multimodel mean l as described

in Caldwell et al. (2016):

ECS52
F

l
2

F 0

l
1

F

l2
�
i2P

l0
i 1E

kernel
1E

Taylor
, (4)

where overbars indicate the multimodel average and

primes indicate deviations from this average. Also, Ekernel

and ETaylor are errors due to nonlinearity in radiative

kernel calculations (computed as the difference between

ECS calculated using 2F/l vs 2F/�i2Pli) and error due

to the 1/l Taylor expansion [computed as the residual in

Eq. (4) after accounting for Ekernel]. Both error terms are

shown later to be small. In addition to causing discrep-

ancies between ECS and 2F/l2�i2Pl
0
i (as captured by

ETaylor), the Taylor approximation will result in misleading

partitioning between feedback processes unless l0
i ,,l.

As discussed in Caldwell et al. (2016), this condition is

overwhelmingly met for all li except cloud feedback.

Nonlinearity related to cloud feedback was shown in

Caldwell et al. (2016) to have a predictable andminor role

on intermodel spread in ECS.

The term on the right-hand side of Eq. (4) corre-

sponding to a given j in the set A5P< fF, const,
Ekernel, ETaylorg will be denoted by Tj. Using this short-

hand, we can partition correlation between ECS and an

arbitrary emergent constraint X into correlations with

individual feedback and forcing terms:

corr(X, ECS)5
cov

�
X,�j2ATj

�

s(X)s(ECS)

5�
j2A

cov(X,T
j
)

s(X)s(ECS)

s(T
j
)

s(T
j
)

5�
j2A

s(T
j
)

s(ECS)
corr(X ,T

j
),

(5)

where s(�) is the standard deviation operator, corr(�, �)
is the Pearson correlation coefficient, and cov(�, �) is

the covariance. The second line uses the identity

cov
�
X , � N

j51Yj

�
5�N

j51cov(X, Yj). In words, this equa-

tion says that correlation between an emergent constraint

and ECS can be interpreted as the sum of correlations

with each Tj term scaled by the relative importance of

that term to ECS variations. This means that correlation

with ECS is best achieved by being correlated with Tj

terms which contribute most strongly to var(ECS).

Decomposition of the correlation between ECS and

each emergent constraint following Eq. (5) is provided

in Fig. 4. As noted in section 2, CMIP3 data (Fig. 4a) and

CMIP5 data (Fig. 4b) differ in the following ways:

1) Only net Cld is shown in Fig. 4a because separate

SW and LW Cld components are not available

for CMIP3.

2) For CMIP3, lCld is computed as the residual between

the net feedback and the sum of noncloud feedbacks.

As a result, Ekernel is absorbed into lCld in Fig. 4a.

3) Pl, WV, and LR are computed relative to fixed specific

humidity in Fig. 4a, whereas Fig. 4b uses fixed RH.

Note that contributions from Ekernel and ETaylor are

generally small, indicating that our decomposition is

appropriate.

Cloud feedback is the main source of strong correla-

tion with ECS for most emergent constraints, particu-

larly in the CMIP3 ensemble. This can be understood by

noting that the correlation of a particularTj term in Eq. (5)

is modulated by that term’s contribution to var(ECS). The

magnitudeof theseweighting factors is presented inTable 3.

Because lCld dominates intermodel spread in ECS

(Dufresne and Bony 2008; Caldwell et al. 2016), it receives

by far the largest weighting in Table 3. Put simply, inter-

model variations in TCld are so big that they leave a strong

imprint in intermodel variations in ECS. This means that

fields that are strongly correlated with ECS are probably

correlated withTCld (and vice versa). Emergent constraints

that are more weakly correlated with ECS have more lat-

itude to obtain that correlation from other terms. This is

reflected in the fact that the constraints with little contri-

bution from clouds (e.g., Covey and Sherwood S from

CMIP5) also have relatively low correlation with ECS. The

practical implication of this finding is that the search for

emergent constraints for ECS should target mechanisms

related to cloud feedback. Note in particular that the Cox

constraint, which was not proposed as being related to

clouds at all, is strongly dominated by SW cloud feedback.

One odd feature of Table 3 is that the Cld term has

weight greater than 1. This seems to imply that strong

correlations with TCld could cause corr(X, ECS) to ex-

ceed 1. This is not the case because having a weight

greater than 1 is only possible due to anticorrelation

with other Tj terms. These anticorrelated terms can be

relied on to prevent correlations with ECS from
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exceeding their allowable bounds. Similarly, while it

may at first appear that weights imply certain relation-

ships between ECS and Tj [e.g., one might assume that

corr(X, ECS) is always greater than corr(X, TCld) be-

cause the weight for Cld is greater than 1], the potential

for anticorrelation between Tj terms means that no such

relationship exists.

This anticorrelation between Tj terms was docu-

mented in Caldwell et al. (2016). Its effect here is to

make it impossible for any potential constraint to be

correlated with ECS due to only one feedback or forcing

mechanism. For example, lCld is opposed by lLR for

almost all constraints in Fig. 4. Correlation between

processes means that Klein and Hall (2015)’s re-

quirement of ‘‘no multiple influences’’ is probably un-

workable. In light of this finding, a better criterion for a

promising emergent constraint is that correlation with

ECS should come primarily from a singleTj. The logic of

this criterion is that it is much easier to imagine a

physical explanation involving one or at most a pair of

feedback mechanisms, while a mechanism comprised

of a complex mixture of feedbacks is hard to imagine.

We will use the criterion that the dominant constraint

should be twice as large as any other term unless there

is a good physical reason to expect otherwise as a way to

screen for constraints arising from unlikely mixtures of

processes. Covey and Fasullo M fail this criterion for

both CMIP3 and CMIP5, while Sherwood S, Trenberth,

Fasullo D, Lipat, and Qu fail for CMIP5.

Influences from multiple sources seems to be more

pronounced in CMIP5 ensembles. Some of this comes

from the fact that SW and LW Cld components are in-

cluded separately for CMIP5 data but not for CMIP3

(because of lack of available data), but CMIP5 data are

more complex even when SW and LW cloud feedback

are combined. One reason for this is probably due to

increasing model complexity with time. The fact that

CMIP3 values are computed from runs that include tran-

sient aerosol changes while CMIP5 data do not also com-

plicates interpretation. Similarity between decompositions

FIG. 4. Decomposition of correlation between the emergent constraints listed on the y axis and ECS into components due to forcing and

feedback terms (identified in the legend). Constraints negatively correlated with ECS in their original paper are multiplied by21 for easy

comparison with other constraints. The correlation with ECS is the sum of positive and negative terms and is indicated for each emergent

constraint as a white dot.

TABLE 3. Values of s(Tj)/s(ECS) for each j 2 A. Weights differ for each constraint depending on the models available. Values given are

means over all constraints 61s. No value is given for CMIP3 Ekernel because closure error for CMIP3 was absorbed into ECS values.

Pl WV 1 LR Alb Cld F Ekernel ETaylor

CMIP3 0:106 0:00 0:326 0:04 0:186 0:01 1:166 0:01 0:216 0:02 0:186 0:01

CMIP5 0:126 0:02 0:436 0:05 0:326 0:06 1:226 0:06 0:626 0:04 0:456 0:05 0:256 0:02
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computed using independent ensembles would be a

useful indicator of the credibility of an emergent con-

straint, but this cannot be evaluated in this study because

of differences in the experimental design of CMIP3 and

CMIP5. One aspect of the CMIP5 results that is simpler

is the partitioning between LR andWV: in CMIP3 these

quantities oppose each other and are of roughly equal

size. When computed relative to fixed RH in CMIP5,

however, the importance of WV fades and LR is shown

to be the dominant source of correlation with ECS.

Figure 4 can be used to test whether a constraint’s

correlation with ECS is due to its proposed physical

explanation or not. This is only possible for constraints

with well-defined physical mechanisms; constraints

without an explanation cannot be tested and therefore

can never be moved beyond the potential constraint

status. Sherwood D and LTMI and Brient Shal and Alb

pass this test for both CMIP3 and CMIP5 data–they are

proposed to operate through changes in low clouds and

their correlation with ECS comes primarily through

shortwave cloud feedback. Sherwood S and Qu are also

meant to operate through shortwave cloud feedback but

gain correlation mainly through other terms for CMIP5

data. Nonrobustness between ensembles suggests these

constraints may be spurious. Further decomposition of

the SW cloud feedback term into amount and scattering

components (not shown) reveals that Qu—which was

originally framed in terms of low cloud amount

changes—is operating as intended in the sense that SW

cloud amount feedback in stratocumulus regions does

actually contribute to negative correlation with ECS but

its effect is canceled out by opposing contributions from

SW cloud scattering feedback.

b. Regional decomposition

Equation (5) can be further dissected to include geo-

graphical information. This is useful to test proposed

constraints thatare meant to target a process specific to a

particular region. To do this, we note that for each term

in Eq. (5)

s(T
j
)

s(ECS)
corr(X,T

j
)5

s(T
j
)

s(ECS)

cov
�
X,�N

k51wk
T
jk

�

s(X)s(T
j
)

5 �
N

k51

w
k
s(T

jk
)

s(ECS)
corr(X,T

jk
): (6)

In the first line of this equation, we write the correlation

as a covariance and rewrite global-averageTj as an area-

weighted average over spatial dimension k, where wk is

the area weighting for grid cell k. The second line fol-

lows logic similar to that used to derive Eq. (5). In

Eq. (6), the contribution from grid cell k is given by that

particular location’s correlation with X weighted by the

contribution of that cell’s area to the global total and the

relative importance of process i at location k to var

(ECS). Combining Eqs. (5) and (6) allows us to plot the

contribution of each feedback in each grid cell of the

model to corr(X, ECS).

This geographical decomposition is applied to se-

lected constraints in Fig. 5. These constraints were

chosen because they are relatively independent of each

other, they target different regions, and they are of

contemporary interest. Similar figures including SW and

LW cloud feedbacks separately are available in the

supporting material for all constraints. In these plots,

ECS is broken into terms due to net Cld and F, with all

other terms combined into a single plot because their

spatial variations are unimportant.

One striking feature of Fig. 5 is that the correlation

contributions for a particular Tj tend to come from the

same geographic regions for all constraints. Analogous

to the way that lSWCld dominates the global-average

contribution to ECS because it contributes most to ECS

variations, these geographic locations are most impor-

tant because their variations are the main source of

differences in the global average of theTj in question.An

example of the geographic scaling factorwks(Tjk)/s(ECS)

is presented in Fig. 6 for each term in our decomposition.

These maps differ slightly depending on the set of models

used for each constraint, but the patterns are quite similar

for all constraints. The ability to predict cloud feedback and

forcing variations in the tropical Pacific ismost important for

getting ECS right. Polar regions in the bottom row of Fig. 6

also show up as important due to snow albedo feedback.

Another interesting feature of Fig. 5 is the fact that the

spatial distribution of F contribution for each constraint

is almost perfectly opposed in the tropics by the net

cloud contribution. Anticorrelation between F and l for

simulations without aerosol changes was previously

noted for global averages by Ringer et al. (2014). This

relationship may be an artifact of the fact that we follow

Gregory et al. (2004) in computing feedback and forcing

as the slope and y intercept of the same data. This hy-

pothesis could be tested by getting F from runs with

43CO2 and present-day SST, but such analysis is outside

the scope of this paper.

While similarities in geographic structure between

constraints is interesting, the main goal of Fig. 5 is to test

proposed mechanisms. The Lipat constraint is related to

cloud changes in the SouthernHemisphere at the border

between the subtropics and midlatitudes. Geographic

decomposition of the cloud contribution from Lipat

does show more amplitude in this latitude band than

other constraints, but this region is still not the main
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source of correlation with ECS. Without understanding

how Hadley cell extent could affect future changes in

tropical cloudiness, this constraint remains unconfirmed.

Sherwood D predicts tropical low cloud changes due to

BL drying by convection. It is computed using data from

the tropical Atlantic and east Pacific, though it is unclear

whether this is the region where cloud changes are ex-

pected. It does have large correlation in the tropical east

Pacific and Atlantic, but its correlation with cloud

feedback in the west Pacific is even bigger. Brient Alb is

related to low clouds in subsiding (eastern subtropical)

oceanic regions. The magnitude of correlation in the

subtropical eastern oceans is greater than for other

constraints, but equatorial ascent-region clouds again

play an unexpectedly large role. Geographic de-

composition is also illuminating for the other con-

straints, but is relegated to the supplemental material

because the validity of the corresponding constraint can

already be assessed from the other information in

this paper.

7. Discussion and conclusions

This study provides several methods for evaluating

the credibility of a proposed emergent constraint. We

hope this work triggers an effort to evaluate new and

existing emergent constraints, discarding unreliable

constraints and developing consensus and trust around

confirmed predictors. To that end, we ask which of the

19 emergent constraints tested here are trustworthy.

Our assessment is provided in Table 4. Six constraints

(Covey, Trenberth, Fasullo D and M, Sherwood S, and

Sherwood LTMI) do not appear to be credible because

they are either not robust to change of ensemble or

their correlation with ECS is not due to their pro-

posed physical mechanism. The credibility of three

constraints—Lipat, Qu, and Cox—is ambiguous. Lipat

gains correlation with ECS from the expected region

and mechanism but gains more correlation from un-

expected sources. Similarly, Qu also gains correlation

from the expected mechanism and region but fails to

have a large correlation with ECS for the models used in

this study because of unexpected compensation from

other terms. Additionally, while Qu fails to be robust to

all changes in ensemble, it does have a large correlation

with ECS in CMIP3 and in a subset of CMIP5 models

and it is conceptually related to the Zhai and Brient Alb

constraints, which do seem tobe robust. TheCox constraint

has a physical explanation that is unrelated to particular

feedbacks and regions and hence cannot be tested in our

framework. An additional six constraints (Volodin, Siler,

Klein ctp-tau and TCA, Su, and Tian) cannot be tested

FIG. 5. Decomposition of selected emergent constraints (columns) into dominant terms (rows). Titles in bold at the top of each column

list the constraint tested and the correlation of that constraint with ECS computed as the sum of all panels in that column. Sums in the title

for each panel give the global sum of the geographic decomposition of that term following Eq. (6), which is comparable to the global-

average contribution to that term as plotted in Fig. 4.
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because they lack clear physical mechanisms. These

constraints should not be considered credible until they

are fully understood. Decomposition of these con-

straints’ correlation with ECS may prove useful in un-

covering the physical explanations for their skill (if any

exist). In this context it is interesting to note that Klein

TCA is predominantly related to tropical LW cloud

feedback, while Klein ctp-tau and Tian are related to

SW cloud feedback over a broad variety of regions and

Su is tied to cloud feedback mainly over the tropics (see

Figs. S3 and S4).

The remaining four constraints (Sherwood D, Brient

Shal, Zhai, andBrientAlb) pass all tests in this study and

thus seem credible. Worryingly, all of the studies in-

troducing these constraints note that their constraint

implies higher climate sensitivity than predicted by

giving each CMIP5 model equal weight. The Sherwood

D constraint in particular is only satisfied bymodels with

ECS greater than 3.4K, while the Sherwood S andLTMI

metrics, which themselves predict relatively high climate

sensitivity, are much closer to the centroid of CMIP

model values. While the tendency for emergent con-

straints to predict higher climate sensitivity has been

noted in the past (e.g., Tian 2015; Qu et al. 2018), the

validity of this finding has been unclear because it was

based on potential rather than credible constraints.

So what does it mean that four credible emergent

constraint studies all predict warming at the upper end

of community expectation? One interpretation is that

these studies reinforce each other’s conclusions: if all

agree, they must be right. This is an appropriate in-

terpretation if all constraints are flawed samples of the

same underlying distribution/physical process. In this

case, the more we sample the underlying distribution,

the better we will understand it. If each constraint is

instead targeting a different physical process that con-

tributes to ECS, the constraints will contribute addi-

tively toward determining ECS. In this latter case,

having one constraint predict high sensitivity and an-

other predict low sensitivity does not invalidate the

constraints; they may simply constrain different drivers

of climate sensitivity. The credible constraints identified

in this study are all related to tropical low clouds and all

except Brient Shal are shown in Fig. 2 to be significantly

correlated with each other. Zhai and Brient Alb even

share a common physical mechanism. Thus it is tempting

to view all constraints as reinforcing each other. It is,

however, unsurprising that the best emergent con-

straints would be related to tropical low clouds because

(as noted above) lSWCld has largest impact on ECS and

incident SW radiation is strongest in the tropics. There

are also many processes contributing to tropical low

cloud changes, so the credible constraints identified here

could very well be capturing different mechanisms

governing tropical cloud change. Understanding how

these constraints relate to each other is important future

work. Developing a numerical estimate of ECS by

combining constraints would be very useful, but such an

estimate will only be possible once we understand

clearly how the constituent constraints are related. As

noted by Klein and Hall (2015), a complete picture of

ECS will only emerge once we are able to constrain

every important feedback component in each important

climate regime. It is therefore desirable to focus re-

search efforts on developing constraints for individual

processes and on identifying the appropriate in-

frastructure for combining these constraints into a

coherent story.

Section 5 provides a first step toward identifying re-

lated constraints. By comparing constraint definitions

FIG. 6. Weighting function s(Tjk)/s(ECS) from Eq. (6). Weight-

ing maps differ slightly for different constraints because of changes

in available models; these maps are for Sherwood D. Cell area wk is

omitted from this plot since the plot geometry already gives less

space to smaller cells.
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and explanations as well as correlations between pairs of

constraints, we conclude that Siler and Volodin describe

the same physical mechanism, as do Zhai and Brient

Alb. Beyond these pairs, we had trouble identifying

groups of similar constraints because one constraint

would frequently be correlated with two others that

were not themselves correlated with one another. This

breakdown of the triangle inequality results from the

fact that the models available for each constraint differ

coupled with the extremely small sample size of the

CMIP archives. While the 19 constraints considered

here are definitely much more similar to each other than

expected by chance, lack of empirical methods for

grouping forces us to fall back on physical reasoning to

identify related constraints. This is difficult when the

mechanisms responsible for potential constraints are not

well understood.

It is important to stress that all conclusions in Table 4

should be considered tentative because the number of

models used in each correlation calculation is so small.

As discussed in section 4, insufficient sample size is un-

derscored by the fact that correlation for 2 of the 19

constraints changed radically when we switched from

using only models that passed the clear-sky linearity test

to using all models. This is a problem not just with our

methodology, but with all studies attempting to identify

emergent constraints from the relatively small ensem-

bles available from CMIP. This conclusion is supported

by the fact that strong correlation with ECS disappeared

in four of the five constraints in this study confronted

with new ensembles. It is interesting to note, however,

that several of these failing constraints are strongly

correlated with newer constraints that do show strong

correlations with CMIP5 data. Perhaps these original

studies do have some value, but were overtuned to their

training dataset. It is also worth noting that while our

criteria of robustness across successive CMIP genera-

tions and correlation coming mainly from a single

feedback mechanism seem like reasonable rules of

thumb, theremay be situations where real constraints do

not satisfy these criteria. In these cases, the need for an

exception should be obvious from the purported physi-

cal mechanism. Grounds for such an exception are not

clear for any of the constraints evaluated here. Another

important caveat to this study is that it focuses entirely

on correlations that only capture linear relationships,

whereas climate response may be nonlinearly related

to a present-day predictor [see appendix 2 of Covey et al.

(2000) for an example]. Compositing a predictor into an

average over models with low ECS and a separate av-

erage over models with high ECS [as done by Su et al.

(2014) and Brient et al. (2016)] may be better for iden-

tifying nonlinear emergent constraints but is not con-

ducive to our decomposition approach.
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