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The pattern effect and its implications for climate sensitivity

Yue Dong

Chair of the Supervisory Committee:

Dr. David S. Battisti

Department of Atmospheric Sciences

Radiative feedbacks depend on the spatial pattern of sea-surface temperatures (SSTs)

and thus can change over time as SST patterns evolve – the so-called pattern effect. The

radiative feedbacks within atmospheric general circulation models (AGCMs) forced by his-

torical observed SST patterns are generally more negative than those within fully-coupled

GCMs forced with increasing CO2, yielding to a lower value of equilibrium climate sensitiv-

ity (ECS) estimates from historical energy budget constraints. The anomalously negative

radiative feedbacks are traced to the observed SST pattern over recent decades, featuring

enhanced warming the tropical western Pacific and broad cooling in the tropical eastern Pa-

cific and part of the Southern Ocean, which tends to strengthen lower tropospheric stability

and enhance tropical low cloud cover.

In Chapter 1, I first describe the global-mean energy budget framework underlying the

modern estimates of ECS and radiative feedbacks, and common approaches to quantify the

global energy budget in GCMs and in observations. Then I introduce the pattern effect and

its implications for ECS estimates. Last, I summarize the overarching research questions

that motivate this thesis.

In Chapter 2, I examine inter-model differences in the magnitude of the pattern effect,

the source of their differences, and how these differences contribute to the spread in ECS

within CMIP5 and CMIP6 models. The results show that the inter-model spread in ECS is

dominated by the spread in radiative response on fast timescales (mainly reflecting different



atmospheric physics) rather than by the spread in feedback evolution over time (governed

by evolving SST patterns).

In Chapter 3, I assess ECS and radiative feedbacks derived from historical energy budget

constraints within historical simulations of CMIP6 GCMs, and compare them with those

from observed energy budget constraints and those from long-term GCM simulations forced

by CO2 quadrupling. The results show that historical energy budget constraints gener-

ally underestimate values of ECS from CO2 quadrupling, owing to the pattern effect. The

observation-based ECS estimates are even lower than those from GCM historical simula-

tions, due to discrepancies between modeled and observed historical SST patterns.

In Chapter 4, I explore the causes of the observed tropical Pacific SST pattern, and

particularly focus on linking the tropical Pacific SSTs with the observed Southern Ocean

climate change. I find that there is a two-way teleconnection between the tropical Pacific

and the Southern Ocean via atmospheric pathways, associated with regional atmospheric

circulations instead of zonal-mean energetic constraints as previously proposed. The results

highlight potential impacts on the tropics from the extratropical climate changes that have

occurred over the instrumental record.

In Chapter 5, I discuss implications of this study and open research questions inferred

from the results of this study.
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Chapter 1

INTRODUCTION

The first calculation of the global climate change due to an increase in CO2 that made

use of an idealized climate model was the ground breaking paper of Manabe and Wetherald

in 1967. Nearly a half century of further research by the climate community has led to

a public awareness about climate change due to to anthropogenic emissions of greenhouse

gases (GHG). Yet, how much the Earth would warm in response to GHG forcing remains a

key question in climate science.

This warming is often quantified in terms of the Equilibrium Climate Sensitivity (ECS),

defined as the equilibrium global surface temperature change in response to a doubling of

atmospheric CO2 concentration relative to pre-industrial levels. Manabe and Wetherald

(1967) estimated a value of climate sensitivity of 2.3◦C within their idealized radiative-

convective model. The Intergovernmental Panel on Climate Change (IPCC)’s 5th assess-

ment report (Flato et al., 2014), based in part on the estimates of state-of-the-art global

climate models (GCMs), reported a likely range (66% confidence) in ECS values of 1.5–

4.5◦C. This range was narrowed down to 2.6–3.9◦C in a recent WCRP report (Sherwood

et al., 2020), which used a Bayesian approach to combine multiple lines of observational

evidence. The updated range of ECS values is also reported in the IPCC AR6 published

this year (Forster et al., 2021), with a best estimate of 3◦C within the likely range of

2.5–4.0◦C. While the initial estimate of Manabe and Wetherald (1967) appeared to be in

good agreement with modern estimates, substantial uncertainty still exists in the estimated

values of ECS. In particular, some of the latest generation of GCMs participated in the

Coupled Model Intercomparison Project phase 6 (CMIP6) produce values of ECS beyond

5◦C (Zelinka et al., 2020), raising a debate of whether such a high value of ECS is realistic.

Before going to the details of physical processes that govern the uncertainty in ECS

estimates, one might ask: why do we care about the equilibrium response, which would
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take thousands of years to fully emerge? Indeed, estimates of transient climate change in

the near future may seem to be more informative and intuitive to policy makers and public.

However, most of the spread in model-projected global warming in the 21st century under

realistic emission scenarios has been found to be explained by ECS (Grose et al., 2018;

Sherwood et al., 2020). This suggests that ECS is a good predictor of future warming. A

better understanding of ECS will lead to a better constraint on both the 21st century and

equilibrium climate change.

Uncertainty in ECS estimates arises primarily from uncertainty in radiative feedbacks

– a quantity representing the efficiency with which the climate system radiates energy to

space in response to surface warming. When a radiative forcing (∆F ), for instance from

CO2 increase, is imposed to the climate, the change in the global energy balance can be

formulated as Gregory et al. (2004):

∆N = ∆F + λ∆T, (1.1)

where ∆N is global-mean top of atmosphere (TOA) radiation imbalance (approximately

equal to ocean heat uptake), and the Earth’s radiative response is taken to be proportional

to the change in global-mean near-surface air temperature (∆T ) where λ is called the

radiative feedback parameter. As such, λ represents the amount of outgoing radiative

fluxes per unit of global surface warming. The net λ is the sum of Planck response and

feedbacks associated with changes in the atmospheric lapse rate, water vapor, clouds and

surface albedo. Here I follow the convention of defining λ to be negative for a stable climate,

with a more-negative λ implying that the Earth needs to warm less to balance an imposed

positive radiative forcing. When a new equilibrium state is achieved (i.e., ∆N = 0), the

temperature change at that equilibrium state can be inferred from the imposed forcing ∆F

and the net equilibrium radiative feedback λ. In this manner, ECS can be represented as:

ECS = −F 2x

λeq
, (1.2)

where F 2x is the effective radiative forcing due to a doubling of CO2 and λeq is the net

radiative feedback acting in the equilibrium state. While F 2x is now well quantified (Forster

et al., 2021), constraining values of λ remains a challenger for ECS estimates.
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Estimates of the net radiative feedback and ECS can be derived from multiple lines of

evidence (Sherwood et al., 2020). A common approach to estimate λ and ECS within fully-

coupled GCMs is to make use of simulations forced by abrupt CO2 quadrupling (“abrupt-

4xCO2”). Because the abrupt-4xCO2 simulations are generally run for only 150 years,

values of ECS estimated from these non-equilibrium simulations are often referred to as an

effective climate sensitivity (EffCS), assuming that the radiative feedback at the transient

state would remain constant to equilibrium. Another widely used approach to estimate λ

and ECS is to make use of historical energy budget. Over a given historical period with

sufficient observations, the global energy budget (Eq. 1.1) gives us:

λ =
∆N − ∆F

∆T
, (1.3)

where ∆ denotes changes between two historical states. This approach also provides con-

straints on EffCS estimates. However, estimates of EffCS from observed historical energy

budget constraints have been found to be substantially lower than those from GCM abrupt-

4xCO2 simulations (Forster, 2016; Otto et al., 2013; Sherwood et al., 2020). This discrep-

ancy raises an important question: do GCMs overestimate future warming?

In fact, the mismatch between GCM-based estimates and observation-based estimates

is greatly reduced when using atmospheric GCMs (AGCMs) forced by the observed sea-

surface temperature (SST) and sea-ice concentration (SIC). Values of EffCS from these

AGCM prescribed-SST simulations are well in line with those from observed energy budget

constraints, but lower than those from their counterpart fully-coupled models forced by

CO2 quadrupling (Andrews et al., 2018; Gregory and Andrews, 2016). The difference in the

EffCS estimates between AGCM prescribed-SST simulations and their coupled counterpart

abrupt-4xCO2 simulations is thus due to differences between observed and modeled SST

patterns (Fig. 1.1), which drive different radiative feedbacks. Indeed, the observed SST

trends over recent decades exhibit a pattern that is not seen in the fully-coupled climate

models under historical forcings, featuring enhanced warming in the tropical west Pacific

and broad cooling in the eastern Pacific and part of the Southern Ocean (Fig. 1.1a).

In contrast, abrupt-4xCO2 simulations generally project an equilibrium warming pattern

characterized by enhanced warming in the tropical eastern Pacific and Southern Ocean
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Figure 1.1: Observed historical and modelded near-equilibrium SST patterns. (a) Observed
pattern of annual-mean SST trends (K/decade) over 1979–2019, from the average of four
observational datasets: HadISST1, AMIPII, COBE-SST2, ERSSTv5. (b) CMIP6 abrupt-
4xCO2 SST trend pattern. The SST trends are calculated from the mean of 31 CMIP6
models, over the 150yrs of the simulations.

relative to the tropical western Pacific (Fig. 1.1b). The different warming patterns in

observations and simulations induce different radiative feedbacks. As the surface warming

pattern evolves with time, the radiative feedbacks also change with time, violating the key

assumption often applied in the literature that radiative feedbacks are constant over time.

These findings suggest that estimates of EffCS and λ derived from transient states may lead

to a biased constraint on the true equilibrium ECS and λeq, owing to changes in surface

warming patterns – this is referred to as the pattern effect (Stevens et al., 2016).

What physical processes account for the differences in the net feedback strength? My

Master Thesis work (Dong et al., 2019) investigated this question using a Green’s func-

tion approach. The Green’s function is derived from a suite of prescribed-SST simulations

within the Community Atmosphere Model version 4 (CAM4), each with a localized patch

of SST and/or SIC anomalies. The Green’s function allows us to attribute changes in the

global energy budget as well as λ to SST changes in each region. The results highlight the

preeminent impact of surface warming in ascent regions of the tropical western Pacific on

global TOA radiation change (Fig. 1.2a). Over the tropical western Pacific, where the sur-
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Figure 1.2: The results of the Green’s function. Response of global-mean (a) net TOA
radiation, (b) near-surface air temperature, and (c) net radiative feedback per unit local
SST warming in each grid box. Adapted from Dong et al. (2019).

face is tightly coupled to the free troposphere by deep convection, surface warming directly

enhances upper tropospheric warming, leading to strengthened lower tropospheric stabil-

ity over other regions. In turn, the enhanced stability causes a strong negative lapse-rate

feedback and a negative cloud feedback over low-cloud regions, resulting in more efficient

radiative damping at TOA (a more-negative λ). On the other hand, the weaker coupling

between surface and upper troposphere warming in extratropics results in a weak TOA ra-

diation response to surface warming and decreased lower tropospheric stability, leading to a

weaker negative lapse-rate feedback and a more-positive cloud feedback, and therefore, an

inefficient radiative damping (a less-negative λ). Therefore, changes in λ can be traced to

changes in the ratio of surface warming over the tropical western Pacific relative to all other

oceans (Fig. 1.2c). The observed historical warming pattern over recent decades features

more warming in the tropical western Pacific and delayed warming or cooling in the rest

of the global oceans, which favors a more-negative λ and lower EffCS. Yet the projected

equilibrium warming pattern highlights more warming in the eastern Pacific and Southern

Ocean relative to the western Pacific, which favors a less-negative λ and higher EffCS. The

key importance of warm pool warming for TOA radiation changes is also supported by

observational evidence (Ceppi and Gregory, 2017; Fueglistaler, 2019; Zhou et al., 2016).

Having established a physical mechanism for how the pattern effect within a single
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atmospheric model, my PhD work seeks to develop a more comprehensive understanding

on the pattern effect in both multi-model ensembles and observations, as well as their

implications on future climate projections. The next three chapters of this dissertation

address the following questions from different aspects:

1. My Master Thesis work and other previous studies have shown that estimates of λ

and EffCS within an individual model depend on the pattern of SST changes. How does

the pattern effect differ across CMIP5 and CMIP6 GCMs? Furthermore, to

what extent does the pattern effect contribute to the model spread in ECS

estimates? To address these questions, I will describe an inter-model comparison work in

Chapter 2, where I examine the pattern effect and their contribution to ECS estimates in

CMIP5 and CMIP6 models.

2. Published studies have shown that EffCS values from abrupt-4xCO2 simulations are

larger than values of EffCS derived from observed historical energy budget constraints.

Does this imply that the models are overly sensitive? How do the estimates

of EffCS from historical simulations compare with those from observations? To

address these questions, I will describe a study focused on the historical energy budget

constraints on EffCS estimates within a subset of CMIP6 models in Chapter 3.

3. The observed pattern of SST trends in the tropical Pacific over recent decades has

profound impacts on both global and regional climate change, while the underlying causes

of the observed SST pattern remain unclear. Is the observed La Niña-like of tropical

SST connected to the observed cooling trends in the Southern Ocean? If so,

what is the leading mechanism for this extratropics-to-tropics teleconnection?

Moreover, what implications does this teleconnection have on our interpreta-

tions of the observed and projected global SST patterns, and thus on EffCS? To

address these questions, I will describe a study using a hierarchy of model simulations in

Chapter 4, where I investigate the pathways linking the Southern Ocean to tropical Pacific

SSTs.
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Chapter 2

INTER-MODEL SPREAD IN THE PATTERN EFFECT AND ITS
CONTRIBUTION TO CLIMATE SENSITIVITY IN CMIP5 AND

CMIP6 MODELS

(This chapter is published as Dong, Y., Armour, K. C., Zelinka, M. D., Proistosescu, C.,

Battisti, D. S., Zhou, C., Andrews, T. (2020). Intermodel spread in the pattern effect and

its contribution to climate sensitivity in CMIP5 and CMIP6 models. Journal of Climate,

33(18), 7755-7775.)

Abstract

Radiative feedbacks depend on the spatial patterns of sea-surface temperature (SST) and

thus can change over time as SST patterns evolve – the so-called “pattern effect”. This

study investigates inter-model differences in the magnitude of the pattern effect and how

these differences contribute to the spread in effective equilibrium climate sensitivity (ECS)

within CMIP5 and CMIP6 models. Effective ECS in CMIP5 estimated from 150-year-

long abrupt4xCO2 simulations is on average 10% higher than that estimated from the early

portion (first 50 years) of those simulations which serves as an analog for historical warming;

this difference is reduced to 7% on average in CMIP6. The (negative) net radiative feedback

weakens over the course of the abrupt4xCO2 simulations in the vast majority of CMIP5

and CMIP6 models, but this weakening is less dramatic on average in CMIP6. For both

ensembles, the total variance in the effective ECS is found to be dominated by the spread

in radiative response on fast timescales, rather than the spread in feedback changes. Using

Green’s functions derived from two AGCMs shows that the spread in feedbacks on fast

timescales may be primarily due to differences in atmospheric model physics, whereas the

spread in feedback evolution is primarily governed by differences in SST patterns. Inter-

model spread in feedback evolution is well explained by differences in the relative warming in

the West Pacific warm-pool regions for the CMIP5 models, but this relation fails to explain
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differences across the CMIP6 models, suggesting that a stronger sensitivity of extratropical

clouds to surface warming may also contribute to feedback changes in CMIP6.

2.1 Introduction

Uncertainty in estimates of equilibrium climate sensitivity (ECS) – the equilibrium

surface temperature change in response to a doubling of CO2 above pre-industrial levels –

has long been linked to uncertainty in the radiative feedbacks (λ) that govern the efficiency

with which the climate system radiates energy to space per degree of surface warming. The

strength of λ is intrinsically set by black-body radiation, which is further modulated by

radiative feedbacks associated with changes in atmospheric lapse rate, water vapor, surface

albedo, and clouds. Among these, the cloud feedback has been found to be the primary

source of ECS uncertainty (Caldwell et al., 2018, 2016; Ceppi et al., 2017; Dufresne and

Bony, 2008; Soden and Held, 2006; Webb et al., 2013, 2006; Zelinka et al., 2020, 2016). The

low-cloud feedback is particularly uncertain (Ceppi et al., 2017; Webb et al., 2006), leading

to tremendous efforts in the community to constrain it (Bony et al., 2006)).

Within global climate models (GCMs), ECS is often estimated based on a standard

linear framework for global energy balance:

N = F + λT, (2.1)

ECS = T eq = −F 2x

λeq
, (2.2)

where F is the effective radiative forcing (with F 2x representing forcing from CO2 doubling),

and where the subscript eq denotes the equilibrium state when N approaches zero. All

variables represent global-mean anomalies with respect to a pre-industrial state. A useful

method to derive λ and ECS from simulations of abrupt CO2 doubling or quadrupling was

proposed by Gregory et al. (2004), regressing net TOA radiation imbalance (N) against

surface-air-temperature change (T ) (hereafter referred to as “Gregory N − T regression”,

with the graphical illustration of this regression referred to as a “Gregory plot”). This

method has been widely used to provide estimates of λ (regression slope), F 2x (from the y-

axis intercept), and ECS (from the x-axis intercept), but is only valid under the assumption
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that λ is constant over time, i.e., λ = λeq at any given time. This general assumption may be

violated for several reasons. For example, a discrepancy between λ and λeq may arise from

nonlinear state-dependence of some feedbacks on global-mean or local temperature (Bloch-

Johnson et al., 2015, 2021). For instance, sea-ice albedo feedback will become less-positive

as the amount of sea ice decreases with warming (Goosse et al., 2018) while the water vapor

feedback (Meraner et al., 2013) and cloud feedback (Caballero and Huber, 2013) may both

become more positive with warming. Most importantly, the majority of GCMs in Coupled

Model Intercomparison Project phases 5 and 6 (CMIP5 and CMIP6) exhibit a weakening

of the negative net feedback as time evolves after CO2 forcing is imposed, indicated by

a curvature in the Gregory N − T regression (Andrews et al., 2015; Armour et al., 2013;

Lewis and Curry, 2018; Proistosescu and Huybers, 2017). The time-dependence of λ has

been found to arise primarily from its dependence on the spatial pattern of sea-surface

temperature (SST), which itself can evolve over time (Andrews et al., 2018; Armour et al.,

2013; Ceppi and Gregory, 2017; Dong et al., 2019; Haugstad et al., 2017; Zhou et al., 2016)

– the so-called “pattern effect” (Stevens et al., 2016). An important implication is that the

climate sensitivity inferred from the historical energy budget is biased low compared to the

climate sensitivity estimated over longer timescales under CO2 forcing due to the evolution

of surface warming patterns (Andrews et al., 2018; Armour, 2017; Dong et al., 2019; Gregory

et al., 2020; Marvel et al., 2018; Proistosescu and Huybers, 2017; Rugenstein et al., 2020).

What is less-well understood, however, is what sets the magnitude of the inter-model spread

in the degree of feedback curvature in the Gregory regression (Andrews et al., 2015; Armour,

2017; Ceppi and Gregory, 2017). Moreover, the contribution of model spread in feedback

curvature to the model spread in ECS estimates has not yet been quantified. This work

addresses these two key issues in both CMIP5 and CMIP6 models.

We first present an overview of net feedbacks in CMIP5 and CMIP6 models by showing

the Gregory N − T regression for the 150-yr-long simulations of abrupt CO2 quadrupling

(hereafter abrupt4xCO2) (Fig. 2.1). Following Andrews et al. (2015), we calculate radiative

feedbacks based on regression over a fast time-scale (years 1-20) and over a slow time-scale

(years 21-150), noted hereafter as λ1-20 and λ21-150, respectively. We calculate values of N

and T in each model with respect to their pre-industrial control simulations (piControl)
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after accounting for drift by subtracting the linear regression of piControl values over time

segment corresponding to the abrupt4xCO2 simulation, following Forster et al. (2013) and

Armour (2017). All of the anomalies used in this study are annual-mean quantities. Note

that we use year 20 to separate the fast response on decadal timescales from the slow

response on centennial timescales, following many existing studies, but results are insensitive

to the year chosen (Andrews et al., 2015). ECS estimated using the regression method over

the course of abrupt4xCO2 simulations is often referred to as the effective equilibrium

climate sensitivity (Andrews et al., 2018, 2015; Andrews and Webb, 2018; Gregory et al.,

2020), as it presumably differs from the true ECS of the Earth system that would be found by

equilibrating over multiple millennia (Rugenstein et al., 2020). In this study, we use several

measures of the effective ECS derived from extrapolation of the Gregory N − T regressions

to the x-axis (divided by two to account for CO2 quadrupling) and distinguish them with a

subscript denoting the years over which the regression was performed. Specifically, we use

ECS1-20, ECS21-150 and ECS1-150, corresponding to values derived from the regressions over

years 1–20, years 21–150, and years 1–150, respectively. Of these three, ECS21-150 provides

the most accurate estimate of the true ECS in 8 GCMs analyzed by R(Rugenstein et al.,

2020), so we will make this approximation and refer the effective ECS of each model to their

ECS21-150 values here.

Fig. 2.1 shows that for both CMIP5 and CMIP6, the ensemble-mean (negative) net

feedback weakens towards the longer timescales. That is, there is a positive change in the

(negative) net feedback (∆λ = λ21-150 −λ1-20 > 0) across 23 of 24 CMIP5 models and 26 of

29 CMIP6 models, indicating that ECS1-20 is nearly always smaller than ECS21-150 in both

CMIP5 and CMIP6. Comparing the two ensembles, we find that ECS1-20 and ECS21-150

on average are higher in CMIP6 relative to CMIP5, although they have larger variance in

CMIP6 (Fig. 2.1; Tables 2.1, 2.2). Several up-to-date studies of individual CMIP6 models

(Gettelman et al. 2019 for CESM2, Golaz et al. 2019 for E3SM; Sellar et al. 2019 for

UKESM1; Bodas-Salcedo et al. 2019 for HadGEM3; Andrews et al. 2019 for HadGEM3-

GC3.1 and UKESM1) report that the higher values of ECS in their models are largely due to

stronger positive cloud feedbacks, which is recently confirmed to be a common feature in the

CMIP6 ensemble by Zelinka et al. (2020). Here, by quantifying λ on different timescales, we
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Figure 2.1: (a, b) Gregory plots for (a) CMIP5 and (b) CMIP6: annual-mean change in
global-mean net TOA radiation (Wm−2) against annual-mean change in global-mean surface
air temperature (K) from abrupt4xCO2 experiments. Gray dots denote each year from each
model, black dots denote each year of multi-model means. Thin (thick) lines show regression
fits for years 1–20 (blue) and for years 21–150 (red) for each model (multi-model means).
The slope of blue line represents feedback parameter on the fast time-scale (λ1-20), and the
slope of red line represents feedback parameter on the longer time-scale (λ21-150). (c, d,
e, f) Box plots of λ1-20 (Wm−2K−1), ∆λ (Wm−2K−1), ECS1-20 (K) and ECS21-150 (K) in
CMIP5 (left) and CMIP6 (right) models. The box indicates interquartile range (IQR), the
whiskers indicate 1.5*IQR range, the dashed line inside box indicates the median value, for
each quantity.
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find that both λ1-20 (feedback strength on the fast timescale) and λ21-150 (feedback change

over time) are, on average, different in CMIP6 relative to CMIP5 (Fig. 2.1). Key questions

are: (i) how do λ1-20 and ∆λ contribute to the spread in ECS across models and between

CMIP5 and CMIP6 ensembles, and how does the pattern effect over historical period change

from CMIP5 to CMIP6, (ii) what causes the differences in ∆λ across models and between

CMIP5 and CMIP6 ensembles, and (iii) what physical mechanisms govern λ1-20 and ∆λ?

Motivated by the three questions, we assess the effective ECS, λ1-20 and ∆λ within 24

CMIP5 models and 29 CMIP6 models. In section 2.2, we investigate the source of model

spread in the effective ECS relating the radiative response on fast timescale and the pattern

effect on slow timescale, and also estimate the ECS bias relative to historical estimates

in both ensembles. In section 2.3, we compare the ensemble-mean ∆λ in the CMIP5 and

CMIP6 models. In section 2.4, we investigate the inter-model spread in λ1-20 and ∆λ

separately, and track down the key regions of the pattern effect that are most responsible

for driving the spread in ∆λ across the CMIP5 and CMIP6 models.

2.2 The contribution of the pattern effect to the variance of ECS estimates

Fig. 2.1d shows that ∆λ is on average smaller in CMIP6 models (0.4 Wm−2K−1) than

in CMIP5 models (0.53 Wm−2K−1), despite the fact that ECS21-150 is on average higher in

CMIP6 (Fig. 2.1f) (corresponding to an overall less-negative λ). That is, higher CMIP6-

mean effective ECS is not coming from a stronger pattern effect (it is weaker, in fact); it

is likely due to less-negative feedbacks on the fast timescale and stronger radiative forcing

(Zelinka et al., 2020). However, there remains the possibility that inter-model spread in

∆λ may contribute to the spread in effective ECS. Therefore, we first estimate the degree

to which ∆λ affects the spread in ECS21-150 across models (subsection 2.2.1). Then we

use abrupt4xCO2 simulations as an analog for historical warming (following Lewis and

Curry 2018) to estimate the degree to which the pattern effect causes historical estimates

of effective ECS to be less than ECS21-150 (or ECS1-150) in CMIP5 and CMIP6 models

(subsection 2.2.2).
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2.2.1 Correlation between ECS21-150 and ECS1-20

Previous studies (Caldwell et al., 2016; Dufresne and Bony, 2008) partitioning ECS

into components associated with radiative feedbacks and radiative forcing have identified

feedbacks as the dominant source of the ECS spread across models. To estimate the relative

roles of λ1-20 and ∆λ in setting ECS, we evaluate the correlation between ECS21-150 and

ECS1-20. Without any pattern effect induced variance, ECS21-150 and ECS1-20 would be

highly correlated.

The correlation (r2) between ECS21-150 and ECS1-20 is 0.69 in CMIP5 and 0.70 in CMIP6,

respectively; both correlations are statistically significant at 95% confidence level. This

indicates that the total variance of ECS21-150 can be primarily explained by the spread in

the radiative response on fast timescales, even without considering the feedback evolution

due to the pattern effect. The degree to which feedbacks change over time (∆λ) thus

explains, at most, 30% of the total variance in ECS in both model ensembles, given the fact

that λ1-20 and ∆λ are weakly correlated (r2 = 0.3 for CMIP5 and r2 = 0.2 for CMIP6).

These results suggest that the differences in feedback evolution on longer timescales

contribute much less to the spread in ECS21-150 than do the differences in feedbacks on the

fast timescales (λ1-20), even though this measure of ECS here is based on the latter period

of the abrupt4xCO2 simulations (years 21-150). However, it is worth noting that in both

ensemble-means and in individual models, ∆λ is generally positive (23 of 24 CMIP5 models

and 26 of 29 CMIP6 models), ECS21-150 is nearly always greater than that derived from

early portion of the simulation (ECS1-20). Thus, while λ1-20 is the major driver of variance

in ECS, ignoring ∆λ and using an assumption of time-invariant feedbacks would lead to a

low estimate of the true ECS (as estimated here by ECS21-150).

2.2.2 ECS-to-ECShist ratio

As many studies have shown, the value of ECS estimated from historical energy budget

constraints is lower than that based on the behavior of fully-coupled and atmosphere-only

GCM simulations (Andrews et al., 2018; Armour, 2017; Gregory et al., 2020; Lewis and

Curry, 2018; Marvel et al., 2018; Proistosescu and Huybers, 2017). Multiple factors have
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contributed to the spatial pattern of warming, and thus the pattern effect, over the historical

period, including the inherent timescales of ocean adjustment to radiative forcings (Armour,

2017; Marvel et al., 2016; Proistosescu and Huybers, 2017) as well as unforced internal

climate variability (Andrews et al., 2018; Marvel et al., 2018). The distinction between

forced and unforced pattern effects is further discussed in Dessler (2020). In this subsection,

we consider how the forced pattern effect may bias values of ECS inferred from historical

warming based on the behavior of the CMIP5 and CMIP6 models’ response to CO2 forcing.

Following Armour (2017) and Andrews et al. (2018), we rewrite Eq. (2.2) as:

ECS = −F 2x

λeq
= − F 2x

λhist + λ′
, (2.3)

where λhist is the feedback parameter estimated from historical energy budget constraints,

λ′ is the change in feedback at the equilibrium state relative to the historical period. Using

λhist based on historical energy budgets, one can make an estimate of climate sensitivity

(termed ECShist herein):

ECShist = − F 2x

λhist
, (2.4)

which will underestimate the value of ECS if λ′ > 0. Note that while λ′ is expected to

have the same sign of ∆λ (positive in most GCMs), their magnitudes will be smaller. ∆λ

is defined as the change in feedbacks between the first 20 years and the last 130 years of

abrupt4xCO2 simulations, whereas λ′ is defined in terms of how feedbacks will change from

historical warming to equilibrium warming under CO2 forcing. Armour (2017) (hereafter

A17) and Lewis and Curry (2018) (hereafter LC18) proposed a ratio of ECS to ECShist (here-

after “ECS-to-ECShist ratio”) to quantify the difference in ECS estimates, and reported the

CMIP5-mean ECS-to-ECShist ratio as 1.095 (LC18) or 1.26 (A17). The difference between

these estimates is attributed to the differences in the method and timescale of regression

used and to differences in assumptions about how CO2 forcing scales with CO2 concentration

(LC18).

Ideally, estimates of λhist and ECShist require accurate estimates of historical energy

budgets from observations or GCM simulations with all historical forcing agents included

(e.g. historical simulations). In the latter case, additional simulations with the same his-

torical forcings but fixed SSTs are needed to diagnose the magnitude of forcing, namely,
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the Radiative Forcing Model Intercomparion Project (RFMIP; Pincus et al. 2016). Given

the absence of the RFMIP simulations for the majority of the current CMIP5 and CMIP6

models, several ways to approximate ECShist are proposed, for example, using abrupt4xCO2

or 1pctCO2 simulations as an analog for historical warming (A17, LC18), or estimating his-

torical forcings based on empirical scaling (Gregory et al., 2020). Here, following LC18, we

make use of the early portion of abrupt4xCO2 simulations as a historical analog to estimate

ECShist by regressing N against T over years 2–50 of each model’s abrupt4xCO2 simulation.

We also calculate F 2x by scaling the y-axis intercept of the regression of N against T over

years 2–10. Long-term ECS here is estimated from the regression of N against T over years

21–150 (equal to ECShist), which is the same period used in both A17 and LC18, but using

Deming regression to be consistent with LC18 for comparison. We also provide the results

using a more conventional estimate of ECS derived from the N − T regression over years

1-150 (ECS1-150; shown in parenthesis in Table 2.3).

The results of individual CMIP6 models and ensemble-means are shown in Table 2.3.

The pattern-effect induced feedback evolution from the historical period to equilibrium (λ′)

is on average weaker in CMIP6 models (0.06 Wm−2K−1) relative to CMIP5 models (0.092

Wm−2K−1), so that the ECS-to-ECShist ratio is also reduced in the CMIP6 ensemble-

mean (6%) compared to the CMIP5 ensemble-mean (9.5%; consistent with LC18). This

suggests that the latest generation of GCMs produce an overall smaller ECS-to-ECShist ratio,

consistent with results above that the pattern effect is slightly smaller in the abrupt4xCO2

simulations. However, there remains a large spread across CMIP6 models: λ′ varies from

0.3 Wm−2K−1 to -0.23 Wm−2K−1, corresponding to ECS values that are 40% higher to

12% lower than ECShist.

We note an important caveat of this analysis regarding the calculation of ECShist. Mak-

ing use of abrupt4xCO2 simulations as an analog for the historical energy budget is a

useful approach as it enables inter-model comparison, but it may produce different values

of ECShist than those estimated from historical simulations which include a more realistic

time-evolution of CO2 and non-CO2 forcings as well as an unforced pattern effect (Andrews

et al., 2019; Gregory et al., 2020; Marvel et al., 2016). For example, Andrews et al. (2019)

found that ECShist within historical simulations of HadGEM3-GC3.1-LL is 4.7K, with a
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ECS-to-ECShist ratio of 1.21. For comparison, using HadGEM3-GC3.1-LL’s abrupt4xCO2

simulation, our calculation gives an ECShist of 5.2 K, and an ECS-to-ECShist ratio of 1.08

(Table 2.3), suggesting that the values reported here may underestimate the historical forced

pattern effect. However, as our main focus is to provide information on the difference in

pattern effect between the CMIP5 and CMIP6 ensembles, rather than to provide a definitive

ECShist metric for each model. Future work employing RFMIP simulations to accurately

quantify radiative feedbacks in the historical simulations of CMIP6 models is needed to shed

light on this in greater detail.

2.3 The consistency and difference in ensemble-mean ∆λ between CMIP5 and
CMIP6

Even though ∆λ does not contribute as much as λ1-20 to the inter-model spread in ECS,

it substantially affects ECS estimates for both CMIP5-mean and CMIP6-mean projections

(comparing ECS1-20 to ECS21-150 in Figs. 2.1ef). In this section, we first compare the

global-mean ∆λ and its individual components partitioned by radiative kernels. We then

examine the spatial patterns of ensemble-mean ∆λ from CMIP5 and CMIP6 models. A

comparison of SST patterns is also provided to aid in uncovering the causes of ensemble

differences.

Fig. 2.2 shows global-mean net ∆λ and its individual components associated with

changes in atmospheric temperature, water vapor, lapse rate, surface albedo and clouds,

estimated using radiative kernels (Huang et al., 2017b) as described in Zelinka et al. (2020).

We calculate the cloud feedback using radiative kernels by removing cloud masking effects

from the temperature-mediated change in net cloud radiative effect. An overall consistency

between CMIP5 and CMIP6 is found in the fact that the dominant contribution to the

ensemble-mean ∆λ comes from the net cloud component (∆λCLD), followed by the sum

of lapse rate (∆λLR) and water vapor (∆λWV) components. Both CMIP5 and CMIP6

have a large spread in the net ∆λ, primarily owing to the spread in ∆λCLD. However, the

(positive) ensemble-mean net ∆λ is slightly smaller in CMIP6, primarily due to a smaller

surface-albedo feedback change (∆λALB), particularly from the Northern Hemisphere (NH).

We next show the spatial patterns of ensemble-mean feedbacks for the CMIP5 and



17

Figure 2.2: ∆λ for each individual CMIP5 models (blue circles), CMIP6 models (orange
circles), and their multi-model means (black circles), decomposed into contributions of (from
left to right) Planck (PL), surface-albedo (ALB), the sum of lapse-rate (LR) and water
vapor (WV), net cloud (CLD), and residual (RES), respectively. The ∆λALB is further
broken down into contributions from Northern Hemisphere and Southern Hemisphere. The
differences between CMIP5-means and CMIP6-means are printed at the bottom, with red
numbers highlighting multi-model means that are significantly different (p<0.05)
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CMIP6 models (Figs. 2.3, 2.4). The feedback patterns are first calculated for each model

by regressing the corresponding local N against global-mean T over the two separate time

periods, and then averaging across models. The patterns of local contributions to the net

feedback change are qualitatively consistent between the two ensemble-means (Figs. 3, 4,

the first row). That is, the positive changes in the net feedback primarily come from the

tropical eastern Pacific. This is a region where a cool ocean and a strong capping inversion

promote ubiquitous low clouds in the climatology. Because warmer surface temperatures

and weaker low-level stability in this region both reduce low cloud cover, delayed warming

in this region will yield a less-negative feedback during the approach toward equilibrium

(Ceppi and Gregory, 2017; Zhou et al., 2016). Indeed, among all individual components,

cloud feedback and lapse-rate feedback contribute the most to the positive change in the

net feedback over this region in both CMIP5 and CMIP6. The major difference between the

two ensembles lies in the Arctic, where positive surface-albedo feedback strengthens with

time in the CMIP5 models (Fig. 2.3 bottom row) but weakens over time in the CMIP6

models (Fig. 2.4 bottom row), consistent with the regional attribution results in Fig. 2.2.

Changes in the strength of the surface-albedo feedback may arise from changes in the

sensitivity of local albedo to local surface temperature (a nonlinear state-dependence, e.g.,

Goosse et al. 2018), or from differences in surface warming patterns acting on constant lo-

cal surface-albedo feedbacks (e.g., Armour et al. 2013), or from a combination of these two

factors. The state-dependence can be identified through changes in the local surface-albedo

feedback, which is defined by regressing local N onto local T (rather than global T ), assum-

ing that the local surface-albedo feedback is independent of the pattern of surface warming.

We found that the local surface-albedo feedback over the Arctic slightly strengthens over

time in both ensembles, indicating a nonlinear state-dependence, but that the change in

local surface-albedo feedback from fast to slow timescale is nearly identical in the CMIP5

and CMIP6 multi-model means. Moreover, while this nonlinear state-dependence induced

strengthening of the local surface-albedo feedback over time may enhance the strengthening

of the Arctic surface-albedo feedback within CMIP5 (Fig. 2.3 bottom row), it opposes to

the weakening of the Arctic surface-albedo feedback within CMIP6 (Fig. 2.4 bottom row),

suggesting that ∆λALB is primarily governed by changing warming patterns rather than by
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Figure 2.3: CMIP5 ensemble-mean spatial patterns of the local radiative feedback compo-
nents (calculated by regressing the local N against global-mean T ). (top to bottom) net
feedback, net cloud feedback, lapse-rate feedback, water-vapor feedback, Planck feedback,
surface-albedo feedback, on (left) years 1-20 and (middle) years 21-150 time-scales, and
(right) the change (late minus early).
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Figure 2.4: Same as Figure 2.3, except for CMIP6 ensemble means.
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Figure 2.5: Spatial patterns of SST changes (SST ∗) over (top to bottom) years 1-20, years
21-150, and their changes (late minus early), for (left) CMIP5 multi-model mean, (middle)
CMIP6 multi-model mean, and (right) the difference (CMIP6 minus CMIP5). The values of
SST* are calculated as the regression slope of local SST changes against global-mean SST
changes, such that the global mean of panels (a, b, d, e) is one by construction. Note that
the color scales in the left two columns and in the right column are different.

local state-dependence. Indeed, the relative warming in the Arctic over the first 20 years

is stronger in CMIP6 than CMIP5 (Fig. 2.5c), but it becomes weaker over the following

decades in CMIP6 relative to CMIP5 (Fig. 2.5f). As a result of this change in the rate

of Arctic warming, the Arctic surface-albedo feedback on average weakens over time (i.e.

negative ∆λALB) within CMIP6 models (Fig. 2.4), which overcomes the positive ∆λALB

arising from enhanced warming of the Southern Ocean on the slow timescale (Fig. 2.4 bot-

tom row), leading to a slightly negative value of global-mean ∆λALB and an overall smaller

value of global-mean ∆λ in CMIP6 models (Fig. 2.2).
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2.4 The source of the inter-model spread in ∆λ across CMIP5 and CMIP6

We next move away from the multi-model mean perspective, to consider why individual

models have different values of ∆λ. We find it conceptually helpful to consider that radiative

feedbacks and their changes may be influenced by both atmospheric model physics and SST

patterns. To separate the two factors, we make use of radiative feedback “Green’s functions”

(Dong et al., 2019; Zhou et al., 2017), which will be introduced in subsection 2.4.1. In

subsection 2.4.2 and subsection 2.4.3, we investigate the major source of the inter-model

spread in ∆λ across the CMIP5 and CMIP6 models, respectively.

2.4.1 Green’s functions

To separate the effect of SST patterns and the effect of model physics, we use radiative

feedback Green’s functions, as they predict the radiative response based solely on SST

anomaly patterns, given the atmospheric physics of the parent model from which they were

derived. The basis of a Green’s function is a Jacobian matrix, representing the sensitivity of

any regional response to regional SST anomalies, which consists of both local and nonlocal

effects of changes in SST. The full Jacobian is calculated from a series of prescribed-SST

simulations within an AGCM, each with a single patch of SST anomalies on the top of

climatological SSTs. Then, convolving the Jacobian with a global SST anomaly pattern

can predict the global response to the given SST pattern, based on the assumption of

spatial linearity, which has been shown to be a good approximation (Dong et al., 2019;

Zhou et al., 2017). Hence, applying the Green’s functions linearly separates the differences

in SST patterns and the differences in the sensitivity of radiative feedbacks on SST patterns.

Here we employ two Green’s functions: one derived from the Community Atmosphere

Model version 5 (CAM5) by Zhou et al. (2017), and one derived from CAM4 by Dong

et al. (2019). The major difference between CAM4 and CAM5 Green’s functions lies in

the representation of cloud properties within the two models, which are reported to be

more realistic in CAM5 (Kay et al., 2012), although both models exhibit large biases in

the subtropical marine boundary layer cloud regimes. Throughout this study, we use the 2-

dimensional global-mean Jacobians (denoted as JX , the sensitivity of a global-mean response
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X to each grid of SST anomalies), for computational efficiency because our focus is on global-

mean quantities. To compute feedback parameters from the Green’s functions, we first

reconstruct annual global-mean net TOA radiative response (R) and surface air temperature

response (T ) by convolving the Green’s functions JX with each model’s annual-mean global

SST change (SST(r)),

X = JX · SST (r), (2.5)

where X can be any response (e.g. R, T ), SST(r) denotes global pattern of SST anomalies.

Then λ1-20, λ21-150, and ∆λ are calculated following the same regressions used to process

model outputs. Note that the Green’s function can only predict the TOA radiative response

R(= λT ), which is different to the net TOA radiation imbalance (N) in fully-coupled GCMs,

because the latter includes the effective radiative forcing of CO2 quadrupling F 4x: N =

F 4x + R. Indeed, the effective radiative forcing also varies slightly across models; but it is

abruptly imposed and held constant over time. Therefore, while radiative forcing matters

for ECS itself, its absence does not cause any inconsistency in the estimates of feedbacks

(defined as the regression slope in Gregory plots) between Green’s functions and the GCM

simulations.

2.4.2 Inter-model spread in ∆λ across CMIP5 models

We first show the comparison of feedbacks from CMIP5 GCMs and those reconstructed

by the CAM4/CAM5 Green’s functions (Fig. 2.6). Both Green’s functions poorly capture

λ1-20 but approximately reproduce GCM values of ∆λ, suggesting that λ1-20 and ∆λ are

governed by different processes. The failure of the Green’s functions in reconstructing λ1-20

may come from several factors, for example, the Green’s functions fail to account for the

radiative response to land warming which emerges generally on fast timescales. However,

we favor the interpretation that the spread in λ1-20 is primarily determined by each model’s

atmospheric physics (e.g., cloud parameterizations). Therefore, the radiative responses from

each model cannot be captured by Green’s functions derived from either CAM4 or CAM5,

which have distinct atmospheric physics. On the other hand, the fact that both Green’s

functions more accurately reproduce ∆λ than λ1-20, even though they are built from different
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models, suggests that the spread in λ1-20 arises primarily from the changes in SST patterns

and is largely insensitive to model physics.

We next investigate what regions of SSTs drive the inter-model spread in ∆λ across

the CMIP5 models. Previous studies have pointed out the importance of tropical warming

through changing cloud and lapse-rate feedbacks. Zhou et al. (2016) proposed the role of the

tropical eastern Pacific, where relative cooling in recent decades is thought to be responsible

for driving an increase in local low cloud and a more-negative cloud feedback. Andrews and

Webb (2017) further established a mechanism associated with east-west tropical Pacific SST

gradient that governs the change in tropospheric stability, and therefore the change in low

clouds and lapse rate. Silvers et al. (2018) highlighted changes in low clouds throughout

the tropics beyond the traditional stratocumulus regimes in driving decadal variability of

feedbacks over the historical period. Recently, Dong et al. (2019) proposed that ∆λ tracks

the ratio of warming in the West Pacific warm-pool (WP) regions relative to warming in

the rest of global ocean areas γ). Here we test this mechanism by examining the correlation

of ∆λ against the proposed WP warming ratio change (∆λ) across models.

To calculate ∆γ for all CMIP5 and CMIP6 models, we define WP regions in this study as

grid cells within 30◦S–30◦N, 30◦E–160◦W that have an upward vertical velocity at 500hPa

(ω500) in the piControl simulation. Unlike the fixed rectangular area in the west Pacific used

in Dong et al. (2019), this updated metric takes into account mean-state biases, ensuring

that in each model the WP regions capture the radiative responses in regions of deep

convection. Note that results using the fixed region in Dong et al. (2019) are similar to

those shown here. We also simplify γ to be the WP SST warming relative to global-mean

surface air temperature changes, calculated as the regression slope of the averaged SST over

the selected WP regions against global-mean T , over the two time periods used throughout

this study (years 1-20 for γ1-20, years 21-150 for γ21-150, and ∆γ = γ21-150 − γ1-20).

Fig. 2.7a shows that ∆λ is well correlated with ∆γ for CMIP5 models (with r2 = 0.63).

Although many approximations are made in the derivation (Dong et al., 2019), the simple

metric ∆γ, which includes no information about radiative response, explains over 60% of the

variance in CMIP5 ∆λ. The physical mechanism, as discussed in Dong et al. (2019), is the

preeminent impact of WP warming on global TOA radiation change via deep convection.
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Figure 2.6: Comparison of (top) λ1-20 and (bottom) ∆λ from CMIP5 models and those from
(left) CAM4 Green’s function, (right) CAM5 Green’s function, respectively. Gray lines are
y = x reference line. Variance explained is noted in the bottom right corner of each panel.
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Figure 2.7: The relation between the change in net feedback (∆λ) and the change in the
West Pacific warm-pool warming ratio (∆γ), for (left) CMIP5 models and (right) CMIP6
models. The linear fit for CMIP5 models is plotted as the black line in the left panel, and
the grey dashed line in the right panel. Variance explained is noted in the lower left corner
of each panel.
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Over the WP regions, where the surface is tightly coupled to the free troposphere by deep

convection, surface warming directly enhances upper tropospheric warming. This leads to

a stronger negative lapse-rate feedback and a more-negative cloud feedback over low-cloud

regions caused by increased lower tropospheric stability, which together promotes a more

efficient radiative damping at TOA. On the other hand, the weaker coupling between surface

and upper troposphere in all other regions results in a weak TOA radiation response to

surface warming. This leads to a weaker negative lapse-rate feedback, and a more-positive

low-cloud feedback, hence, resulting in an inefficient radiative damping (see Dong et al.

2019, Figs. 2.4, 2.5). The key importance of warm pool warming for TOA radiation changes

is also supported by observational evidence (Ceppi and Gregory, 2017; Fueglistaler, 2019;

Zhou et al., 2016).

To further demonstrate the proposed mechanism, we select three representative models

that have large positive ∆λ (GISS-E2-R), small positive ∆λ (IPSL-CM5B-LR), and small

negative ∆λ (CNRM-CM5), respectively (Fig. 2.8). ∆λ is demonstrated as the degree of

curvature in the Gregory plots for each model (Figs. 2.8 a-c). We then show their SST

warming patterns defined as local SST changes regressed against global-mean SST changes,

denoted by SST* (Figs. 2.8 d-l). In this context, values above 1 (in red) indicate local

warming exceeding the global-mean warming in the given period, and values below 1 (in

blue) indicate local warming weaker than the global-mean warming. In GISS-E2-R, the

warm-pool regions warm up relatively quickly during the first 20 years, but warming in the

warm pool does not keep pace with warming in other oceans (e.g. the Southern Ocean) over

the last 130 years. This sharp transition of surface warming from tropical ascent regions to

all other regions is responsible for the large ∆λ. In IPSL-CM5B-LR, the WP region does

not warm substantially faster than the global average warming on the fast timescale, so that

the change in the relative warming over WP regions is weaker, leading to a smaller ∆λ. In

CNRM-CM5, the WP region warms relatively fast on the longer timescales, leading to a

nearly zero change in WP region in contrast to the other two models, driving a negative

∆λ. This comparison shows that the CMIP5 values of ∆λ can be well characterized by the

ratio of warm-pool to global-mean warming (Fig. 2.7a), suggesting an important role of

tropical convective regions in modulating the strength of radiative feedbacks in CMIP5.
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Figure 2.8: Gregory plots (top) and patterns of SST changes (bottom three rows) for (left)
GISS-E2-R, (middle) IPSL-CM5B-LR, and (right) CNRM-CM5. (a – c) Colored lines show
regression fits for years 1-20 (blue) and for years 21-150 (red). (d – i) plots show the
regression slope of local SST changes against global-mean SST changes over (d –f) years
1-20, (g-i) years 21- 150, and (j-i) the change between the two time periods (later minus
early). The hatchings highlight the warm-pool ascent regions in each model.
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2.4.3 Inter-model spread in ∆λ across CMIP6 models

For CMIP6 models, we first repeat the analysis applying the WP warming ratio. In-

terestingly, the above theory does not seem to hold as well for CMIP6 models (Fig. 2.7b),

suggesting that the ∆λ spread in the latest models may not directly trace to relative warm-

pool warming. One may ask whether this is because the deep convection in other regions

(e.g. Atlantic Ocean warm-pool regions) carry more weight in the CMIP6 ensemble. To

identify where is the key region for driving feedback changes, we regress global-mean ∆λ

onto local ∆SST ∗ (the change in the relative warming rate from fast to slow timescale)

across CMIP5 and CMIP6 models, respectively, and evaluate the local correlation coeffi-

cient (r). Note that SST ∗is calculated as the local SST change relative to global-mean SST

change, and ∆ is defined as the late period (years 21-150) minus the early period (years

1-20).

The resulting correlation maps (r) are shown in Fig. 2.9. The positive correlation

indicates that models that have stronger positive global-mean ∆λ tend to show a locally

delayed warming as approaching to equilibrium, whereas the negative correlation indicates

that models that have stronger positive global-mean ∆λ tend to show a local warming

predominately on the fast timescale. The magnitude of correlation coefficient illustrates the

degree to which the inter-model spread in ∆λ correlates with the differences in local warming

rates. For example, Fig. 2.9a shows a strong negative correlation over Indo-Pacific deep

convective regions, which indicates that in the CMIP5 models, ∆λ is primarily governed

by the difference in the relative warming in the West Pacific warm-pool regions where

greater warming on the fast timescale gives rise to a stronger positive ∆λ. This is achieved

mostly through ∆λCLD (Fig. 2.9c) and ∆λLR (Fig. 2.9g). However, the results from the

CMIP6 models highlight the tropical Indian ocean, the equatorial eastern Pacific, and the

SH midlatitudes (Fig. 2.9b), which are mostly reflected in the pattern of ∆λCLD (Fig.

2.9d). This comparison suggests that the CMIP5 values of ∆λ may be primarily dominated

by surface warming in the broad tropical convective regions, whereas the CMIP6 values

of ∆λ may be influenced more by surface warming in the tropical subsidence regions and

extratropics. Indeed, we found that about half of the variance in ∆λ in CMIP5 ensemble
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Figure 2.9: Correlation coefficients (r) for local regression of global-mean ∆λ against local
∆SST ∗ (local SST warming rate relative to global-mean SST change) across (left) CMIP5
models and (right) CMIP6 models. Top to bottom: net ∆λ, cloud ∆λ, surface-albedo ∆λ,
lapse rate ∆λ, and water vapor ∆λ. Hatchings mark grids where correlations are significant
(i.e., p¡0.05).
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can be explained by the change in the estimated inversion strength (EIS) per unit of global

warming, whereas the variance in ∆λ explained by the EIS change in CMIP6 ensemble

is slightly decreased (r2 = 0.4). Moreover, we found that both Green’s functions fail to

reproduce CMIP6 ∆λ (not shown), even though they largely capture ∆λ in CMIP5 models

(Figs. 2.6c, d). Multiple factors may contribute to the inability of the CAM4/CAM5

Green’s functions to capture the behavior of CMIP6 models, and we consider two of them

here.

Firstly, we consider the possibility that the CAM4/CAM5 Green’s functions cannot

capture feedback changes in the CMIP6 models, even assuming that the radiative response

to SST patterns remain linear (section 2.4.1). That is, the CMIP6 models may be sys-

tematically different from the CMIP5 models from which the Green’s functions are built.

One example is the modifications made to extratropical clouds in CMIP6 models, whose

feedbacks have strengthened in CMIP6 owing to changes in their sensitivities to local en-

vironmental conditions (Zelinka et al., 2020). These changes may give rise to a different

dependence of cloud feedbacks on SST pattern, presumably with stronger cloud radiative

response to Southern Ocean warming. In this case, the global TOA radiation change may no

longer be dominated by the tropical warm-pool warming as seen in CAM4 Green’s function

for example (see Dong et al. 2019 Fig. 2.11), but could instead also be strongly influenced

by the Southern Ocean warming. As a result, the delayed Southern Ocean warming would

yield a stronger pattern effect on the cloud feedback (i.e. a greater positive ∆λCLD). Indeed,

the Southern Ocean is highlighted in the CMIP6’s result in Fig. 2.9d with a stronger posi-

tive correlation, suggesting a stronger sensitivity of cloud feedback on the Southern Ocean

warming rate. If this is the case, new Green’s functions with up-to-date GCMs may better

capture the causes of feedback changes in CMIP6 models.

Apart from extratropical clouds, changes in CMIP6 models may also yield a different

radiative response to the equatorial eastern Pacific, where delayed warming seems to drive

a negative ∆λ corresponding to a strengthening of global-mean (negative) feedback over

time (Fig. 2.9b). However, there also remains a possibility that the correlation between

the equatorial eastern Pacific warming and ∆λ is not causal but comes about through

correlations between the eastern Pacific and SH extratropical warming rates, for instance.
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Specific mechanisms need to be further uncovered.

A second possibility comes from the potential nonlinear state-dependence of feedbacks

in the CMIP6 models, in which case the Green’s functions can no longer apply as they

rely on linear estimation. In particular, we consider a well-documented nonlinearity in

the extratropical mixed-phase cloud feedback. The negative mixed-phase cloud feedback

arises from the brightening of the clouds as they become increasingly composed of liquid

droplets with warming. Therefore, it depends on the mean-state of ice/liquid fraction of

the clouds, with more ice in the initial state leading to a stronger negative-feedback with

warming (McCoy et al., 2015; Storelvmo et al., 2015; Tsushima et al., 2006). Many CMIP6

models now have higher climatological cloud liquid water fractions, in better agreement

with observations (Bodas-Salcedo et al., 2019; Gettelman et al., 2019; Zelinka et al., 2020).

Bjordal et al. (2020) shows that in CESM2, with the inclusion of a new mixed-phase ice

nucleation scheme, the negative mixed-phase cloud feedback weakens with warming from the

first 20 years to the last 20 years of abrupt4xCO2 simulation, particularly over the Southern

Ocean, as the amount of ice decreases allowing for no further phase change to happen (see

their Fig. 2.3). This weakening towards longer timescales in their simulations leads to a

positive ∆λCLD over the Southern Ocean, which is primarily driven by the nonlinear state-

dependence rather than by the pattern effect. If this case holds more generally across the

CMIP6 models, the nonlinear state-dependence of ∆λCLD on the Southern Ocean warming

may never be captured by any Green’s functions, as the method relies on linear estimation.

In summary, we found the CMIP5 and CMIP6 ensembles on average highlight different

regions where surface warming can influence the magnitude of global-mean ∆λ (Fig. 2.9).

In CMIP5, inter-model differences in ∆λ are overall driven by inter-model differences in the

surface warming rates over the West Pacific warm-pool region, where surface warming has

strong remote impact on global TOA radiation changes (Dong et al., 2019). In CMIP6, inter-

model differences in ∆λ (and the cloud component ∆λCLD in particular) appear to have

more contributions from SH extratropical warming and tropical eastern Pacific warming.

Specific physical mechanisms are under investigation. Here we speculate that the stronger

sensitivity of feedbacks on the delayed extratropical warming may result either from a

stronger pattern effect (stronger cloud radiative response to surface warming in this region),
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or from a nonlinear state-dependence of extratropical cloud feedback on the mean-state of

the liquid fraction in the clouds.

2.5 Conclusion

In this study, we investigated the changes in radiative feedbacks over time and their

contributions to climate sensitivity from abrupt4xCO2 simulations within 24 CMIP5 GCMs

and 29 CMIP6 models. Comprehensive comparisons were made between the two CMIP

generations and between individual models. To examine the time-variation of feedbacks, we

derived feedback parameters from the Gregory regressions between the net TOA radiation

imbalance and surface air temperature change over years 1–20 as λ1-20 and years 21–150 as

λ21-150, and use ∆λ(= λ21-150–λ1-20) to represent the feedback changes over time.

We found that on average the effective ECS derived from the regression is higher and

∆λ is smaller in CMIP6 relative to CMIP5. We then evaluated the correlation between

ECS21-150 (derived from years 21-150; featuring long-term response) and ECS1-20 (derived

from years 1-20; featuring fast response governed primarily by λ1-20). The correlation (r2)

is 0.69 for CMIP5 and 0.70 for CMIP6, suggesting that the variance in ECS (as estimated

by ECS21-150) is dominated by the differences in radiative response on the fast timescale,

rather than the differences in ∆λ. This also explains the fact that a greater ∆λ generally

leads to a greater effective ECS within individual climate models, yet the higher effective

ECS in the CMIP6 models occurs despite smaller ∆λ. We also compared the ECS-to-

ECShist ratio between CMIP5 and CMIP6, where ECShist is estimated from years 2-50 of

abrupt4xCO2 simulations as an analog for historical warming. We found the difference

in feedback estimates between the short-term abrupt4xCO2 (as the proxy for historical

energy budget) and the long-term abrupt4xCO2 (as the proxy for equilibrium state) is

on average smaller in CMIP6, and the CMIP6-mean ECS-to-ECShist ratio is also slightly

reduced, on average, relative to CMIP5, suggesting a weaker forced pattern effect in CMIP6

abrupt4xCO2 simulations. Further work employing fully-coupled historical simulation and

RFMIP simulations are expected to provide a more accurate estimate on historical energy

budget and the role of unforced pattern effect by internal variability over the historical

period.
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Although the spread in ∆λ contributes less to the spread in ECS than does atmospheric

model physics, understanding the magnitude of ∆λ and the pattern effect is still of a great

importance to constrain ECS on longer timescales. By comparing the multi-model mean ∆λ

in the CMIP5 and CMIP6 models, we see great similarities in the spatial patterns of ∆λ,

highlighting the cold tongue regions with delayed warming. An overall smaller ensemble-

mean ∆λ in the CMIP6 models is primarily due to the difference in surface-albedo feedback

over the Arctic. While the positive Arctic surface-albedo feedback generally strengthens

with time in CMIP5, it weakens over time in CMIP6, compensating the global-mean change

in surface-albedo feedback. This is caused primarily by changes in surface warming patterns

in CMIP6, which feature rapid Arctic warming on the fast timescale followed by slow Arctic

warming on the slow timescale. But we caution that the differences between ensemble-mean

∆λ are not statistically significant given the large spread across models, and the results may

be subject to change as more models come in.

Because both model physics and surface warming patterns are important for driving ∆λ,

we employ Green’s functions to isolate their contributions and investigate why individual

models produce different ∆λ. The Green’s functions used in this study are derived from two

GCMs, which intrinsically represent the given model physics of CAM4 or CAM5 but can

be independently applied to different SST anomaly patterns. When applied to the CMIP5

models, the Green’s functions reproduce ∆λ well but cannot capture λ1-20, suggesting that

∆λ is primarily set by the differences in warming patterns, while λ1-20 is presumably deter-

mined by the differences in model physics. Building upon Dong et al. (2019)), the spread

in ∆λ is found to be well correlated with the change in the warm-pool warming ratio, de-

fined as the relative ocean warming from warm-pool ascent regions to global-mean surface

air warming. Across CMIP5 models, this simple metric is able to explain over 60% vari-

ance of ∆λ. Models showing greater ∆λ generally have West Pacific warm-pool regions

warming up more quickly than the rest of world oceans on the fast timescale, but more

slowly on longer timescales. This transition, on the other hand, is less significant in models

that produce smaller ∆λ. Regression of global-mean ∆λ against local warming rates also

highlights the West Pacific warm-pool regions as the dominant control driving ∆λ variance

across CMIP5 models, consistent with recent observations identifying the warm-pool as a
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key region controlling global radiation (e.g., Fueglistaler 2019).

However, the correlation analysis across CMIP6 models show a different spatial distri-

bution, with SH extratropics and equatorial eastern Pacific being highlighted in addition

to the West Pacific warm-pool regions, suggesting that the CMIP6 values of ∆λ may not

be dominated by tropical warm-pool warming. The specific mechanism needs to be further

uncovered; we speculate here that it may be partly attributable to a stronger sensitivity

of extratropical clouds to surface warming. Future studies employing Green’s function ap-

proach built from the CMIP6 models may bring more insights on investigating the pattern

effect within the latest generation of GCMs, but will have limitations in the case that

nonlinear state-dependence of feedbacks also contributes to the changes in feedbacks with

time.
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Table 2.1: Estimates of feedback parameter and effective climate sensitivity from
abrupt4xCO2 simulations for the CMIP6 GCMs and their multi-model mean. Left to right:
feedback parameter over the fast time scale (λ1-20); feedback parameter over the longer time
scale (λ21-150); feedback evolution (∆λ = λ21-150–λ1-20); effective climate sensitivity from re-
gressions over years 1-20 (ECS1-20); effective climate sensitivity from regressions over years
21-150 (ECS21-150). The unit for feedback parameters and feedback change is Wm−2K−1;
for ECS1-20 and ECS21-150, the unit is K. All regressions are calculated using the ordinary
least squares regression method.

CMIP6 MODEL λ1-20 λ21-150 ∆λ ECS1-20 ECS21-150

ACCESS-CM2 -1.1 -0.5 0.6 3.75 5.41

ACCESS-ESM1-5 -1.14 -0.42 0.73 3.07 4.93

BCC-CSM2-MR -1.26 -0.63 0.64 2.85 3.5

BCC-ESM1 -1.25 -0.74 0.51 2.78 3.5

CAMS-CSM1-0 -1.94 -1.71 0.24 2.23 2.31

CESM2-WACCM -1.11 -0.48 0.63 3.65 5.49

CNRM-CM6-1 -0.92 -0.81 0.1 4.29 4.76

CNRM-ESM2-1 -0.49 -0.58 -0.09 5.7 4.91

CanESM5 -0.69 -0.62 0.08 5.44 5.75

E3SM-1-0 -0.77 -0.47 0.3 4.78 5.77

EC-Earth3-Veg -1.12 -0.7 0.42 3.57 4.45

EC-Earth3 -1.12 -0.7 0.42 3.57 4.45

GFDL-CM4 -1.44 -0.59 0.85 2.94 4.4

GFDL-ESM4 -1.36 -1.46 -0.1 2.71 2.63

GISS-E2-1-G -1.46 -1.2 0.26 2.74 2.87

GISS-E2-1-H -1.26 -1.08 0.17 2.95 3.15

HadGEM3-GC31-LL -0.82 -0.58 0.24 4.72 5.73

INM-CM4-8 -1.8 -0.98 0.82 1.74 1.91

INM-CM5-0 -1.7 -1.09 0.6 1.85 2.02

IPSL-CM6A-LR -1.01 -0.65 0.36 3.86 4.76

MIROC-ES2L -1.48 -1.94 -0.46 2.69 2.53

MIROC6 -1.63 -1.44 0.19 2.4 2.59

MPI-ESM1-2-HR -1.51 -0.81 0.7 2.77 3.34

MRI-ESM2-0 -1.45 -0.85 0.6 2.75 3.41

NESM3 -0.94 -0.79 0.15 4.27 4.72

NorESM2-LM -2.06 -0.83 1.23 2.24 2.98

SAM0-UNICON -1.16 -0.74 0.42 3.6 4.19

UKESM1-0-LL -0.79 -0.63 0.17 4.84 5.49

Mean (median) -1.24 (-1.19) -0.84 (-0.74) 0.4 (0.42) 3.4 (3.07) 4.08 (4.4)

Standard deviation 0.37 0.38 0.34 1.01 1.27
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Table 2.2: Same as Table 2.1, except for the CMIP5 models.

CMIP5 MODEL λ1-20 λ21-150 ∆λ ECS1-20 ECS21-150

ACCESS1-0 -1.15 -0.57 0.57 3.1 4.3

ACCESS1-3 -1.17 -0.5 0.67 2.92 4.36

bcc-csm1-1 -1.49 -0.87 0.62 2.54 3

bcc-csm1-1-m -1.42 -0.91 0.51 2.71 3.05

CanESM2 -1.23 -0.89 0.33 3.4 3.85

CCSM4 -1.57 -0.89 0.69 2.6 3.2

CNRM-CM5 -1.06 -1.24 -0.19 3.38 3.18

CSIRO-Mk3-6-0 -1.25 -0.4 0.85 2.84 5.03

GFDL-CM3 -1.19 -0.61 0.58 3.11 4.3

GFDL-ESM2G -1.51 -0.64 0.87 2.32 3.02

GFDL-ESM2M -1.48 -0.99 0.49 2.42 2.68

GISS-E2-H -1.86 -1.4 0.46 2.21 2.39

GISS-E2-R -2.47 -1.3 1.17 1.88 2.31

HadGEM2-ES -0.83 -0.34 0.49 4.01 6.02

inmcm4 -1.5 -1.26 0.23 2.04 2.16

IPSL-CM5A-LR -0.89 -0.62 0.27 3.77 4.44

IPSL-CM5A-MR -0.91 -0.62 0.29 3.85 4.52

IPSL-CM5B-LR -1.29 -0.79 0.5 2.35 2.79

MIROC5 -1.66 -1.3 0.36 2.64 2.84

MPI-ESM-LR -1.38 -0.87 0.51 3.32 3.89

MPI-ESM-MR -1.48 -0.88 0.59 3.16 3.73

MPI-ESM-P -1.57 -0.96 0.61 3.13 3.68

MRI-CGCM3 -1.56 -1.13 0.43 2.31 2.66

NorESM1-M -1.61 -0.77 0.85 2.34 3.18

Mean(median) -1.40(-1.45) -0.86(-0.88) 0.53(0.51) 2.85(2.78) 3.52(3.19)

Standard deviation 0.35 0.3 0.27 0.58 0.95
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Table 2.3: Estimates of ECShist, ECS-to-ECShist ratio and λ′ (λ change from historical
period to equilibrium) for individual CMIP6 models and ensemble-means of CMIP5 and
CMIP6, to be compared with Table S2 in Lewis and Curry (2018). For ECS-to-ECShist

ratio and λ′, the results shown are calculated with the values of effective ECS derived from
regressions over years 21-150 (or years 1-150), using the Deming regression method.

ECS-to-ECShist ratio λ′

CMIP6 MODEL ECShist yrs 21-150 (yrs 1-150) yrs 21-150 (yrs 1-150)

ACCESS-CM2 4.05 1.28 (1.13) 0.22(0.12)

ACCESS-ESM1-5 3.13 1.41 (1.19) 0.31 (0.17)

BCC-CSM2-MR 2.81 1.06 (1.04) 0.06 (0.05)

BCC-ESM1 3.05 1.07 (1.05) 0.07 (0.05)

CAMS-CSM1-0 2.19 0.98 (1.02) -0.04 (0.03)

CESM2 4.16 1.4 (1.21) 0.32 (0.2)

CESM2-WACCM 3.9 1.32 (1.17) 0.25 (0.15)

CNRM-CM6-1 4.72 0.96 (1.02) -0.03 (0.02)

CNRM-ESM2-1 4.52 0.91 (1.02) -0.06 (0.01)

CanESM5 5.33 1.05 (1.04) 0.03 (0.03)

E3SM-1-0 4.91 1.1 (1.07) 0.06 (0.04)

EC-Earth3 3.87 1.09 (1.1) 0.08 (0.09)

EC-Earth3-Veg 3.91 1.08 (1.09) 0.07 (0.08)

GFDL-CM4 3.16 1.12 (1.14) 0.13 (0.16)

GFDL-ESM4 2.55 0.88 (0.98) -0.2 (-0.02)

GISS-E2-1-G 2.57 1 (1.03) 0 (0.04)

GISS-E2-1-H 2.95 0.99 (1.02) -0.01 (0.03)

HadGEM3-GC31-LL 5.24 1.08 (1.05) 0.06 (0.04)

INM-CM4-8 1.74 1.05 (1.04) 0.09 (0.07)

INM-CM5-0 1.84 1 (1.02) 0 (0.04)

IPSL-CM6A-LR 4.31 1.01 (1.02) 0.01 (0.02)

MIROC-ES2L 2.62 0.88 (1.02) -0.23 (-0.04)

MIROC6 2.37 0.95 (1.03) -0.09 (0.05)

MPI-ESM1-2-HR 2.63 1.18 (1.11) 0.23 (0.15)

MRI-ESM2-0 2.68 1.09 (1.11) 0.11 (0.13)

NESM3 4.78 0.91 (0.96) -0.08 (-0.04)

NorESM2-LM 1.88 1.1 (1.16) 0.22 (0.34)

SAM0-UNICON 3.38 1.05 (1.06) 0.06 (0.06)

UKESM1-0-LL 5.12 1.06 (1.04) 0.05 (0.03)

CMIP6 mean 3.46 1.07 (1.07) 0.06 (0.07)

CMIP6 std 1.08 0.13 (0.06) 0.13 (0.08)

CMIP5 mean 2.807 1.095 (1.073) 0.092 (0.086)

CMIP5 std 0.59 0.134 (0.063) 0.141 (0.069)
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Chapter 3

BIASED ESTIMATES OF EQUILIBRIUM CLIMATE SENSITIVITY
AND TRANSIENT CLIMATE RESPONSE DERIVED FROM

HISTORICAL CMIP6 SIMULATIONS

(This chapter in currently in press as: Dong, Y., Armour, K. C., Proistosescu, C., An-

drews, T., Battisti, D. S., Forster, P. M., et al. (2021). Biased estimates of Equilibrium

Climate Sensitivity and Transient Climate Response derived from historical CMIP6 simula-

tions. Geophysical Research Letters, 48, e2021GL095778. https://doi.org/10.1029/2021GL095778)

Abstract

This study assesses the effective climate sensitivity (EffCS) and transient climate response

(TCR) derived from global energy budget constraints within historical simulations of 8

CMIP6 global climate models (GCMs). These calculations are enabled by use of the Radia-

tive Forcing Model Intercomparison Project (RFMIP) simulations, which permit accurate

quantification of the radiative forcing. Long-term historical energy budget constraints gen-

erally underestimate EffCS from CO2 quadrupling and TCR from CO2 ramping, owing to

changes in radiative feedbacks and changes in ocean heat uptake efficiency. Atmospheric

GCMs forced by observed warming patterns produce lower values of EffCS that are more in

line with those inferred from observed historical energy budget constraints. The differences

in the EffCS estimates from historical energy budget constraints of models and observa-

tions are traced to discrepancies between modeled and observed historical surface warming

patterns.

3.1 Introduction

Equilibrium climate sensitivity (ECS) and transient climate response (TCR) are two

fundamental metrics for evaluating climate change projections. ECS represents the equilib-

rium global surface warming in response to a doubling of atmospheric CO2 concentration
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relative to pre-industrial levels. Although idealized, ECS has been found to explain most

of the spread in projected 21st century global temperature change under realistic emission

scenarios (Grose et al., 2018; Sherwood et al., 2020). TCR represents the transient surface

warming at the time of CO2 doubling under an idealized 1% per year CO2 increase. As a

measure of transient response, TCR is better constrained and is also informative about the

projected degree of global warming in the coming century.

In principle, ECS and TCR can be inferred from the global energy balance framework

(Gregory et al., 2004):

∆N = ∆F + λ∆T, (3.1)

where ∆N is the global-mean top-of-atmosphere (TOA) radiation anomaly (approximately

equal to ocean heat uptake), ∆F is the effective radiative forcing (ERF; Myhre et al. 2013),

∆T is the global-mean surface air temperature anomaly, and λ is the net radiative feedback

parameter (negative for a stable climate). By definition, ECS = −F 2x/λeq, where F 2x is

the ERF from CO2 doubling, and λeq is the radiative feedback when a new equilibrium is

reached (∆N = 0). Ideally, ECS can be estimated from equilibrium states within global

climate models (GCM) forced by an abrupt CO2 doubling (abrupt-2xCO2) or CO2 qua-

drupling (abrupt-4xCO2), after sufficiently long integration (Rugenstein et al., 2020). In

practice, ECS is often extrapolated from a linear regression of ∆N against ∆T for the first

150yrs of abrupt-4xCO2 simulations (Gregory et al., 2004). This extrapolation generally

underestimates the true ECS due to changes in the net radiative feedback as climate equili-

brates (Dunne et al., 2020; Rugenstein et al., 2020), owing to time-evolving surface warming

patterns (Andrews et al., 2015; Armour et al., 2013; Dong et al., 2020), and nonlinear mean-

state dependence of radiative feedbacks (Bloch-Johnson et al., 2015, 2021; Caballero and

Huber, 2013). Therefore, we refer the ECS values estimated from these non-equilibrium

states to as an effective climate sensitivity (EffCS) (Andrews et al., 2015; Sherwood et al.,

2020):

EffCS = −F 2x

λeff
, (3.2)

assuming the effective radiative feedback (λeff) at a transient state remains constant to
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equilibrium. We use EffCS4xCO2 to refer to ECS estimates from abrupt-4xCO2 simulations

(through regressions of annual-mean ∆N against ∆T for the first 150yrs; data from Zelinka

et al. (2020)), and use EffCShis to refer to ECS estimates from historical energy budget

constraints (see more details in section 3.3).

TCR is commonly calculated as the global-mean surface air temperature change aver-

aged over a 20-year period centered on year 70 of the 1pctCO2 simulations where CO2

concentration is doubled (referred to as TCR1pct here). The values of TCR can also be es-

timated from historical energy budget constraints (see more details in Section 4), in which

case we refer to it as TCRhis.

Estimates of EffCShis and TCRhis from observed energy budget constraints have been

found to be lower than values of ECS and TCR inferred from other lines of observational and

proxy evidence (Forster et al., 2021; Sherwood et al., 2020). However, AOGCMs have also

been found to produce values of EffCShis and TCRhis that are lower than their corresponding

values of EffCS4xCO2 and TCR1pct, at least within the few models tested (Winton et al.

2020 for GFDL-CM4; Andrews et al. 2019 for HadGEM3-GC3.1-LL; Dessler et al. 2018 for

MPI-ESM1.1). The limited number of model studies reflects the fact that the time-varying

historical ERF (∆F in Eq.3.1) is not often diagnosed, precluding accurate calculation of

radiative feedback and thus EffCShis and TCRhis. Some other studies have instead used

abrupt-4xCO2 or 1pctCO2 simulations as a surrogate for historical warming (Armour, 2017;

Dong et al., 2020; Lewis and Curry, 2018; Proistosescu and Huybers, 2017), or used a rough

estimate of historical ERF taken from IPCC AR5 (Myhre et al., 2013) for CMIP5 AOGCMs

(Gregory et al., 2020; Marvel et al., 2018). These approaches generally find that EffCS4xCO2

is larger than EffCShis, but it is unclear how accurate their estimates are given that they

do not use model-specific estimates of historical ERF.

This work is thus motivated by two key questions: (1) how robust is the finding that

values of EffCS4xCO2 and TCR1pct are higher than values of EffCShis and TCRhis estimated

using historical energy budget constraints? (2) How do the estimates of EffCShis and TCRhis

from models compare to those from observations? The answers to these questions have

major implications for how the historical record informs future climate projections. Here

we employ simulations of the Radiative Forcing Model Intercomparison Project (RFMIP)
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(Pincus et al., 2016), which provide the time series of historical ERF for 8 CMIP6 AOGCMs

(section 2). With ERF in hand, we assess EffCShis and TCRhis values within historical

simulations, and compare to the corresponding values of EffCS4xCO2 and TCR1pct within

models and the estimates from observations.

3.2 Data

3.2.1 Historical Effective Radiative Forcing from RFMIP Simulations

The ERF includes rapid adjustments from the atmosphere in response to changes in

CO2 or other forcing agents (Myhre et al., 2013). It can be quantified from the TOA radia-

tion changes within atmosphere-only GCM (AGCM) simulations wherein forcing agents are

changed while SST and sea-ice concentration (SIC) fields are fixed at pre-industrial values

(Forster et al., 2016). Here we make use of the fixed-SST simulations of RFMIP that are

currently available for 8 CMIP6 models (CanESM5, CNRM-CM6-1, GFDL-CM4, GISS-E2-

1-G, HadGEM3-GC31-LL, IPSL-CM6A-LR, MIROC6, NorESM2-LM). The timeseries of

historical ERF is calculated as the difference of net TOA radiative flux between a 30-year

control run (piClim-control), where all forcing agents are fixed to pre-industrial levels, and a

forcing run (piClim-histall), where time-varying atmospheric concentrations of all historical

forcing agents are imposed. ERF from a single group of forcing agents (e.g., greenhouse

gases, anthropogenic aerosols, natural forcings including volcanoes and solar variability)

can also be estimated using single-forcing runs of RFMIP (piClim-histghg, piClim-histaer,

piClim-histnat, respectively). We also estimate ERF of CO2 doubling, F 2x, from RFMIP

piClim-4xCO2 simulations, where CO2 is abruptly quadrupled and held constant for 30yrs

while SST and SIC fields are fixed. F 2x is computed from the TOA radiation changes of the

30yr-average (scaled by 1/2 to estimate the forcing for CO2 doubling from CO2 quadrupling

simulations). For all RFMIP simulations, the ensemble mean is used when more than one

member of the simulation exist.

Note that the TOA radiation flux changes derived from the fixed-SST simulations in-

cludes the effect of temperature changes over land and sea ice, which should be considered as

part of the radiative response rather than ERF. We remove this portion of radiative effects
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by subtracting off the global-mean surface air temperature change scaled by each model’s

radiative feedback parameter from its abrupt-4xCO2 simulation – the method proposed in

Hansen et al. (2005). Recent studies find advantages in several new correction methods,

such as fixing both SST and land-surface temperatures in AGCM (Andrews et al., 2021),

or using surface temperature radiative kernels (Smith et al., 2020). We choose to apply the

Hansen et al. (2005) method here because it is a widely used method and readily improves

ERF estimates using the available output of the RFMIP simulations. All the historical

ERFs are calculated as global and annual means, spanning the period 1850 – 2014 (the

same interval of fully-coupled historical simulations).

3.2.2 Historical simulations of AOGCMs and AGCMs

Within historical simulations of AOGCMs, we compute global mean N and T from the

mean of all available ensemble members, in attempt to reduce noises from internal variability.

Except for GFDL-CM4 (1 member), NorESM2-LM (3 members), and HadGEM3-GC31-LL

(4 members), the rest of models have more than 30 historical ensemble members available.

The annual mean changes of N and T with respect to the preindustrial control simulations

(piControl) are computed by subtracting the linear regression of piControl values over time

segment corresponding to the abrupt4xCO2 simulation, following Armour (2017); Forster

et al. (2013). Note that ∆N , ∆F , and ∆T in the energy budget framework (Eq. 3.1) can

also be defined as differences between two specific historical states. We will elaborate these

historical periods over which we compute the historical energy balance in the following two

sections. In order to examine the contributions of individual forcing agents to historical cli-

mate change, we also employ single-forcing historical simulations (hist-GHG, hist-aer, hist-

nat), described by the Detection and Attribution Model Intercomparison Project (DAMIP)

(Gillett et al., 2016), where only one type of forcing agent is changed while all other forcing

agents are fixed at preindustrial levels.

Results from the coupled AOGCMs are compared to two sets of AGCM simulations.

One is called “amip” simulation, a CMIP6 DECK experiment (Eyring et al., 2016) where

AGCMs are forced by time-evolving observed SST and SIC fields and by time-varying
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historical forcing agents. While amip simulations are available for all of the 8 CMIP6 models

assessed here, they are performed only over 1979–2015. The other one is called “amip-

piForcing” simulation, described by the Cloud Feedback Model Intercomparison Project

(CFMIP) (Webb et al., 2017), where AGCMs are forced by the same observed SST and SIC

fields over 1870–2014, except all radiative forcing agents are fixed at pre-industrial levels.

In section 3. we show EffCS estimates from both amip and amip-piForcing runs, which are

generally consistent with each other. A caveat is that only 6 out of 8 models used have

amip-piForcing experiments available (CanESM5, CNRM-CM6-1, GFDL-CM4, HadGEM3-

GC31-LL, IPSL-CM6A-LR, MIROC6). For both sets of AGCM simulations we only use the

first realization of each model, given that most of the variability in TOA radiative fluxes

comes about through variations in SSTs which are the same in these AGCM simulations.

3.3 Historical Energy Budget Constraints on Radiative Feedbacks and EffCS

In the energy budget framework, EffCShis can be written as:

EffCShis = −F 2x

λhis
, (3.3)

where the historical effective radiative feedback parameter (λhis) is given by:

λhis =
∆N − ∆F

∆T
. (3.4)

For the historical and amip simulations, we calculate λhis and EffCShis use ∆N and ∆T

taken from those simulations combined with ∆F from each model’s RFMIP simulation. For

the amip-piForcing simulations, which have constant forcing, we calculate λhis and EffCShis

only using ∆N and ∆T taken from those simulations (i.e., ∆F = 0).

We first show historical variations in λhis, calculated by a linear regression form of Eq.

3.4 in a sliding 30-year window. We find remarkable differences in decadal-scale radiative

feedbacks between historical simulations (black line in Fig. 3.1a) and amip-piForcing sim-

ulations (blue line in Fig. 3.1a). While natural variability may have played a dominant

role in the first half of the 20th century, where net ERF was relatively small (Fig. 3.2), the

discrepancy between AOGCMs and AGCMs persists throughout the full historical period



45

towards early 21st century. Notably, λhis in the amip-piForcing simulations of AGCMs (de-

noted as “amipPF” in Fig. 3.1) trends toward more-negative values since 1970s to present,

consistent with earlier studies using CMIP5 models (Andrews et al., 2018; Dong et al., 2019;

Gregory et al., 2020; Silvers et al., 2018), whereas in the historical simulations of AOGCMs,

λhis trends slightly toward more-positive values, and by the end of the century becomes

comparable to the values of λ4xCO2 from abrupt-4xCO2 runs. During the second half of

the century, λhis values from AOGCMs track those in hist-GHG simulations (red line), sug-

gesting the simulated feedbacks are primarily driven by GHG forcing, which has dominated

global net ERF over this period (Fig. 3.2).

We next assess EffCShis from energy budget constraints within the historical simulations

of the AOGCMs and the AGCMs. To compute the energy budget in Eqs. 3.3 and 3.4, the

time interval over which anomalies (∆) are calculated needs to be carefully chosen to avoid

short-term variability and effects of volcanic eruptions (Lewis and Curry 2014; Forster 2016).

Previous studies have often used two methods: (1) taking finite differences between a base

period and a final period (Lewis and Curry, 2015, 2018; Sherwood et al., 2020; Winton et al.,

2020); or (2) using regression over the full period of interest (Andrews et al., 2019; Gregory

et al., 2020). Since we are comparing EffCS between AOGCMs and AGCMs (including amip

simulations which are only available from 1979 onwards), we choose to use the regression

method here. That is, the λhis used to compute EffCShis (Eq. 3.3) is calculated via ordinary

least squares regression of Eq. 3.4, over two periods of our interest: the full historical period

1870–2014 (Fig. 3.1b), and the recent decades of the Satellite Era 1979–2014 (Fig. 3.1c).

3.3.1 EffCShis from Long-term Historical Energy Budget (1870–2014)

The values of EffCShis inferred from long-term energy budget in historical simulations

are generally lower than EffCS4xCO2 from abrupt-4xCO2 simulations (Fig. 3.1b). As noted

above, the difference between EffCShis and EffCS4xCO2 has been documented in a few mod-

els. For GFDL-CM4, Winton et al. (2020) found an EffCShis of 1.8K and an EffCS4xCO2 of

4K (EffCS4xCO2 = 5K if using yrs 51-300 of the model’s extended abrupt-4xCO2 simula-

tion). For HadGEM3-GC3.1-LL, Andrews et al. (2019) found an effective F 2x of 3.49 Wm−2
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Figure 3.1: (a) Time series of the estimated λhis. Thick lines denote multi-model means,
shadings denote one standard deviation across models. The box plot on the right denotes
the interquartile range (box) and the mean value (red line) of λ4xCO2 across 8 models. (b,
c) EffCS estimated from the energy budget of (b) full historical record (1870–2014) and
(c) recent decades (1979–2014). The outlined colored bars on the right in (b, c) denote
the multi-model mean values of EffCS from corresponding simulations, with error bars
indicating one standard deviation across models. The white hatched bar in (b) denotes the
median EffCShis value of 2.5K based on observed energy budget changes reported in IPCC
AR6 (Forster et al., 2021), with the error bars denoting 5-95% range of 1.6 – 4.8 K. Models
listed (from the left to right) are: CanESM5, CNRM-CM6-1, GFDL-CM4, GISS-E2-1-G,
HadGEM3-GC31-LL, IPSL-CM6A-LR, MIROC6, NorESM2-LM.
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Figure 3.2: Time series of historical effective radiative forcing estimated from RFMIP sim-
ulations. Thick lines denote multi-model means, shadings denote one standard deviation
across models.

and a historical feedback of 0.86 Wm−2K−1 (average of 4 ensembles), implying an EffCShis

of 4.1K, in contrast to the model’s EffCS4xCO2 of 5.5K. Here we show that, within 6 out of 8

CMIP6 AOGCMs assessed, historical energy budget constraints underestimate EffCS4xCO2

from CO2 quadrupling. Values of EffCShis range from 4.6% above to 35.6% below values of

EffCS4xCO2, with an average of 12.6% below across these 8 models (Table 3.1). Averaging

over all these 8 AOGCMs that are currently available, EffCShis is 3.54 K (±1.17K; one stan-

dard deviation across models, unless noted elsewhere) and EffCS4xCO2 is 4.05K (±1.46 K),

corresponding to an averaged λhis of -1.16 Wm−2K−1 (±0.37 Wm−2K−1) and λ4xCO2 (from

the regression of 150yrs abrupt-4xCO2 simulations) of -0.97 Wm−2K−1 (±0.34 Wm−2K−1),

respectively. Lower values of EffCShis are found in AGCM amip-piForcing experiments over

the same historical period, with a mean EffCShis value of 2.51K (±0.35K) across 6 available

models, which is lower than the mean EffCS4xCO2 value of 4.52 K (±1.04 K) across the same

6 models by 44%. Using the Winton et al. (2020) method, i.e., taking ∆N , ∆T and ∆F as

differences between 1869 – 1882 and 1995 – 2014, yields nearly the same result: the mean
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value of EffCShis is 3.42 K (±1.24 K) from historical simulations across all 8 AOGCMs and

2.54 K (±0.4 K) from amip-piForcing simulations across 6 available AGCMs.

The EffCS and radiative feedback differences between historical energy budget con-

straints and CO2 quadrupling in models arise primarily from differences between historical

and near-equilibrium warming patterns (Fig. 3.3). Under CO2 quadrupling, AOGCMs gen-

erally project an equilibrium warming pattern featuring polar amplification and weakened

tropical Pacific west-east SST gradient (Fig. 3.2c) (Andrews et al., 2015; Andrews and

Webb, 2018; Ceppi and Gregory, 2017; Dong et al., 2020); whereas the SST trend pattern

in historical simulations are more spatially uniform (Fig. 3.3a). It has been argued that the

projected enhancement of warming in the tropical eastern Pacific relative to the tropical

western Pacific in models tends to weaken the lower tropospheric stability, thereby weak-

ening the negative low cloud feedback and negative lapse-rate feedback, producing a higher

EffCS (Andrews and Webb, 2018; Ceppi and Gregory, 2017; Dong et al., 2019; Zhou et al.,

2016). In contrast, the relatively uniform tropical warming patterns simulated in historical

simulations would maintain negative cloud feedback and therefore lower EffCS. The fact

that EffCShis estimates from amip-piForcing simulations are even lower can be traced to

their SST patterns prescribed from observations, featuring slightly enhanced warming in

the Indo-Pacific Ocean and delayed warming in both the eastern Pacific Ocean and part of

the Southern Ocean (Dong et al., 2020, 2019; Silvers et al., 2018; Zhou et al., 2016).

The historical pattern effect that leads to lower values of EffCShis may partially result

from various non-CO2 forcing agents that have operated in the historical period (Forster,

2016; Marvel et al., 2016). Gregory et al. (2020) suggest that volcanic forcing may bias the

estimate of EffCS from CO2 quadrupling by causing different surface warming patterns in

CMIP5 models. Winton et al. (2020) find that a large portion of the EffCShis underestimate

in GFDL-CM4 is attributable to its large efficacy of aerosol forcing. To test this possibility

within other CMIP6 models, we make use of the DAMIP non-GHG forcing simulations,

namely, hist-aer and hist-nat (Fig. 3.4). Within all but one model, natural forcing (vol-

canoes and solar variability) alone produces even lower values of EffCShis than those from

historical simulations (i.e., a larger historical pattern effect). In comparison, when forced

by anthropogenic aerosol forcing alone, four models show a larger historical pattern effect
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Figure 3.3: Historical and equilibrium SST trend patterns. SST linear trends over (a)
1870–2014, (b)1979–2014, and (c) 150 years of abrupt-4xCO2 simulations, calculated via
OLS regressions of annual-mean SST against time. The observed SST trend patterns in (a,
b) are calculated using AMIPII dataset (Hurrell et al., 2008).
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Figure 3.4: Similar to Fig. 3.1b, except EffCShis estimates are from historical energy budget
constraints within historical non-GHG simulations. Yellow bars denote the values of EffCShis

from simulations forced solely with anthropogenic aerosol forcing (hist-aer), and green bars
denote the values of EffCShis from simulations forced solely with natural forcing (hist-nat).
Note that GFDL-CM4 currently does not have single-forcing historical simulations available.

while three models show a reduced pattern effect. These results suggest that non-GHG

forcing may largely account for the historical pattern effect, though the impact of aerosol

forcing is less robust across models.

3.3.2 EffCShis from Recent Energy Budget (1979–2014)

Having quantified the long-term historical energy budget constraint on EffCS, we next

focus on the most recent decades 1979–2014 (Fig. 3.1c), where observations of global SSTs

have been improved by satellite products and better in situ sampling. This is also the period

where GHG forcing has increased dramatically while aerosol forcing trends are relatively

small (Fig. 3.2). With stronger ERF having operated over this period, nearly all coupled

AOGCMs produce higher values of EffCShis, with a multi-model mean EffCShis of 4.06K

(corresponding to a mean radiative feedback of -1.02 Wm−2K−1), comparable to the mean
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EffCS4xCO2 of 4.05K.

Does this imply that the historical pattern effect is weak in recent decades? In fact,

the EffCShis values over this period from all 8 AOGCMs are substantially higher than the

values from their AGCM counterparts driven by observed warming patterns within amip

and amip-piForcing simulations (Fig. 3.1c). Averaging over all these AGCMs, the mean

EffCShis and the corresponding λhis from amip simulations is 2.07 K (±0.57 K) and -1.92

Wm−2K−1 (±0.58 Wm−2K−1), respectively. Note that EffCShis estimates from amip runs

are slightly higher than those from amip-piForcing runs, potentially due to minor biases

in the estimates of ERF from RFMIP fixed-SST simulations (Andrews et al., 2021), but

the difference between these two AGCM simulations is much smaller than the difference

between AOGCM historical simulations and AGCM prescribed-SST simulations.

The EffCShis difference between AOGCMs and their counterpart AGCMs can be traced

to the difference between modeled and observed SST patterns over recent decades. The

ensemble-mean SST trend pattern in historical simulations of AOGCMs fails to capture

many key features in observations (Fig. 3.3b), including the pronounced cooling trends over

the eastern Pacific and Southern Ocean. The enhanced tropical Pacific zonal SST gradient

has been linked to the observed increase in low clouds over the stratocumulus deck, which

contributes to a more-negative radiative feedback and lower EffCS (Ceppi and Gregory,

2017; Dong et al., 2019; Fueglistaler, 2019; Zhou et al., 2016). The Southern Ocean SSTs

have also been found to have large impacts on low-cloud feedbacks over the Southern Ocean

and therefore EffCS (Dong et al., 2020; Gjermundsen et al., 2021). Moreover, potential

teleconnections from the Southern Ocean to the tropical Pacific may also contribute to the

observed changes in the tropical cloud feedback and lower EffCS over this period (Hwang

et al., 2017; Kang et al., 2020).

A few studies have argued that the observed tropical Pacific SST pattern may be driven

by aerosol forcing (Takahashi and Watanabe, 2016) or volcanic forcings (Gregory et al.,

2020). Using the DAMIP simulations, we found that the SST trend patterns driven by

anthropogenic aerosol forcing and natural forcing are indeed more spatially heterogeneous,

with some models showing weak cooling in the tropical eastern Pacific (Fig. 3.5). However,

the cooling trends produced in these non-GHG simulations are much weaker than that ob-
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served, and are generally overwhelmed by the warming trends in AOGCMs forced by GHG

forcing only(Fig. 3.5a). It is also possible that the observed warming pattern in part results

from natural variability. For example, Watanabe et al. (2021) found that the observed equa-

torial Pacific west-east SST gradient over a longer period (1951-2010) lies within the range

of large ensembles of model simulations. However, such regional analyses may be insufficient

to explain the observed SST trend pattern beyond the equatorial Pacific, and their results

may be sensitive to the time interval selected. We have examined EffCShis and the equatorial

Pacific zonal SST gradient for all individual members of historical simulations. We define

the zonal SST gradient following Watanabe et al. (2021): the difference between the eastern

Pacific (180◦–80◦W, 5◦S–5◦N) and the western Pacific (110◦E–180◦, 5◦S–5◦N). But we cal-

culate SST linear trends over 1979–2014 instead of 1951–2010. Over these recent decades,

nearly all of the 201 ensemble members fail to capture the low EffCShis values from the

corresponding amip simulations and the observed zonal SST gradient (Fig. 3.6), suggesting

a significant discrepancy in the pattern effect between AOGCMs and observations.

Our results on the historical energy budget constraints suggest that EffCShis estimates

from historical simulations generally underestimate EffCS4xCO2 from CO2 quadrupling due

to the pattern effect. However, the historical pattern effect is relatively small over recent

decades in AOGCMs, owing to the fact that their historical warming patterns over re-

cent decades are not substantially different from their equilibrium warming patterns. The

potential causes of the recent observed SST trend pattern are the focus of Chapter 4.

3.4 Historical Energy Budget Constraints on TCR

In the energy budget framework, TCR can be inferred from sufficiently long-term his-

torical record where ∆T increases approximately proportional to ∆F :

TCRhis = ∆T
F 2x

∆F
. (3.5)

Under the global energy framework (Eq. 3.1), TCRhis is governed by both historical radia-

tive feedback (λhis) and ocean heat uptake (OHU) efficiency (κhis), with the relationship

between these approximated as (Gregory et al., 2015; Gregory and Forster, 2008; Gregory



53

Figure 3.5: Similar to Figure 3.3(b), patterns of SST linear trends over 1979–2014 from
(a)hist-GHG, (b)hist-aer, (c)hist-nat simulations.
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Figure 3.6: (a - h) EffCShis from 1979–2014 of all available members of historical simulations
(black bar) and amip simulations (red line) for each of the eight models. (i) The tropical
Pacific zonal SST gradient (∆SSTW-E) over 1979–2014 defined inWatanabe et al. (2021)
from all models historical ensemble members (blue bars) and observations (red shading).
The observations include four datasets: HadISST1 (Rayner et al., 2003), AMIPII (Hurrell
et al., 2008), COBE-SST2 (Hirahara et al., 2014), ERSSTv5 (Huang et al., 2017a). The
red shading denotes the mean ∆SSTW-E ±1 standard deviation across four observational
datasets. The number in the top right corner in each panel denotes the number of total
model ensembles plotted.



55

and Mitchell, 1997; Raper et al., 2002):

TCRhis =
F 2x

κhis − λhis
, (3.6)

where κhis is defined as:

κhis =
∆N

∆T
. (3.7)

Here we calculate TCRhis from historical simulations using Eq. 3.5, where anomalies (∆)

are averaged over 1995 – 2014 relative to 1869 – 1882. This period is chosen to cover a

sufficiently long time of historical record, and also to be largely consistent with several

recent studies (Lewis and Curry, 2018; Winton et al., 2020). As noted above, Winton et al.

(2020) found a TCRhis of 1.27K for GFDL-CM4, lower than the model’s TCR1pct of 2.05K.

Here we find that 7 out 8 AOGCMs assessed here are consistent with GFDL-CM4 – the

historical energy budget constraint underestimates TCR values from 1pctCO2 simulations

(Fig. 3.7a). Values of TCRhis range from 9.7% above to 32.2% below values of TCR1pct, with

an average of 13% below across all 8 models. The mean TCRhis value across 8 AOGCMs is

1.81K (±0.51K), lower than the mean TCR1pct value of 2.08K (±0.43K).

As shown in Eq. 3.6, the difference between TCRhis and TCR1pct could arise from

changes in radiative feedbacks and/or changes in OHU efficiency over time (Gregory et al.,

2015). To separate these two factors, we estimate λ and κ from historical and 1pctCO2

simulations, following Eq. 3.4 and Eq. 3.7, respectively. For historical estimates, ∆N ,

∆T and ∆F are taken as finite differences between 1995 - 2014 and 1869 - 1882. For

1pctCO2 estimates, ∆N and ∆T are from the 20-year period centered on year 70 of the

simulation when CO2 is doubled; ∆F at the time of CO2 doubling is approximated by F 2x,

with a caveat that the true F 2x in 1pctCO2 simulations was found slightly non-logarithmic

(Gregory et al., 2020, 2015).

In all models, κhis is larger than κ1pct, which could contribute to the lower values of

TCRhis relative to TCR1pct (Fig. 3.7b). The difference between κhis and κhis could arise,

for instance, from changes in Atlantic meridional overturning circulation or Southern Ocean

meridional overturning circulation, driven by historical non-CO2 forcings (e.g., aerosol forc-

ing or ozone-depleting substances). On the other hand, the difference between λhis and

λ1pct varies by models (Fig. 3.7c). Two models show λhis more negative than λ1pct, along



56

Figure 3.7: (a) TCR estimates from historical energy budget constraints and 1pctCO2
simulations. Black bars denote TCRhis values from fully-coupled historical simulations.
Red bars denote TCR1pct values from 1pctCO2 simulations. The white hatched bar denotes
the best estimate of TCRhis of 1.32K based on observed energy budget changes reported by
Lewis and Curry (2018), with a 17-83% range of 1.1-1.65K. (b) Ocean heat uptake efficiency
and (c) radiative feedback from historical and 1pctCO2 simulations of all eight AOGCMs.
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with their large κhis, suggesting that the lower values of TCRhis in these models are owing

to changes in both radiative feedbacks and OHU efficiency. The rest of the models show

λhis either very close to or slightly less negative than λ1pct, suggesting a dominant role of

changes in κ.

In summary, we find an overall underestimate of TCR of about 0.2K using historical

energy budget constraints within AOGCMs compared to that estimated in 1pctCO2 simu-

lations, owing to the combination of more-negative radiative feedback and/or larger OHU

efficiency during the historical period. The differences in λ and κ between historical and

1pctCO2 are largely ameliorated when using hist-GHG simulations (Fig. 3.8), suggesting

that the underestimate of TCRhis is mostly driven by historical non-GHG forcings. These

results suggest that as time evolves and CO2 forcing increases, the weakening of both ra-

diative feedback and OHU efficiency could lead to higher values of TCR than those inferred

from historical energy budget constraints.
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Figure 3.8: Same as Fig. 3.7, except in (a) yellow bars denote TCRhis values from hist-GHG
simulations, and in (b, c) κhis and λhis values from hist-GHG simulations
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3.5 Discussions and Conclusions

In the previous two sections, we have compared estimates of EffCS and TCR between

different simulations of coupled and atmosphere-only GCMs. How do the model results

compare to values of EffCShis and TCRhis from observations, and what implications do the

results have for our interpretation of the observed energy budget constraints?

In Figs. 1 and 3 we show that the reported values of EffCShis and TCRhis from observa-

tions are much lower than the values of EffCS4xCO2 and TCR1pct from CMIP6 models. For

an observation-based estimate of EffCShis, we use values reported in IPCC AR6 (Forster

et al., 2021): a median value of 2.5K and 5–95% range of 1.6–4.8K based on observed

energy budget changes from 1850 - 1900 to 2006 – 2019 (Fig. 3.1b). For TCR, we use

values reported by Lewis and Curry (2018): a median value of 1.32K and a 17—83% range

of 1.1–1.65 K based on observed energy budget changes over 1869 – 1882 to 1995 – 2016

(Fig. 3.7). Values of EffCShis from AGCM simulations forced by observed SST patterns

are well in line with observation-based values of EffCShis, despite the fact that the values of

EffCShis and EffCS4xCO2 from their counterpart AOGCMs are both higher. The difference

between estimates of EffCS4xCO2 from abrupt-4xCO2 simulations and estimates of EffCShis

from AGCM simulations with observed surface warming is thus owing to changes in SST

patterns with time. It implies that if nature evolves towards equilibrium in the way that

AOGCMs project, we should expect higher values of EffCS and TCR (i.e., evolving toward

EffCS4xCO2 and TCR1pct) in the future than those inferred from observed energy budget

constraints.

Our findings are broadly consistent with earlier studies focusing on two individual CMIP6

models (Andrews et al., 2019; Winton et al., 2020): historical energy budget constraints gen-

erally (within 6 out of 8 AOGCMs) underestimate the values of EffCS from CO2 quadrupling

and TCR from CO2 ramping. The underestimate of EffCShis is owing to differences in ra-

diative feedbacks induced by the pattern effect; the underestimate of TCRhis is owing to a

combination of differences in both radiative feedbacks and ocean heat uptake efficiency. Us-

ing observations, historical energy budget constraints provide even lower values of EffCShis

and TCRhis, which are in line with the values from AGCMs forced by observed surface
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warming. Accounting the pattern effect and assuming the observed SST pattern will evolve

towards the projected equilibrium warming pattern, the observed historical energy budget

may provide a biased-low constraint on EffCS and TCR.

That said, the projections by GCMs are confounded by not only uncertainties associated

with atmospheric physics, e.g., cloud feedbacks (Sherwood et al., 2020; Webb et al., 2013;

Zelinka et al., 2020), but also an open question: how reliable are model projections of future

SST patterns? Coupled AOGCMs generally fail to reproduce the observed historical SST

pattern, which led to an inconsistency between EffCS estimates from coupled historical

runs and those from amip runs and observations. If the observed SST trend pattern is

caused by natural variability, which will reverse sign in the coming decades according to

AOGCM projections (Watanabe et al., 2021), then the higher values of EffCS and TCR

found within AOGCMs may be more informative about near-future climate change under

continued CO2 forcing. If the recently observed SST trend pattern is a result of model

biases in the response to GHG forcing (Coats and Karnauskas, 2017; Seager et al., 2019),

the lower values of EffCShis and TCRhis from observations may persist over the coming

decades, in which case 21st century warming may be lower than that projected even by

GCMs with realistic ECS values. This work suggests that both understanding the causes

of the recent observed surface warming pattern and making accurate projections of future

warming patterns are important for constraining transient and near-equilibrium climate

change.
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Table 3.1: Estimates of radiative feedback parameter, EffCS and TCR. For λhis and EffCShis

estimates derived from model historical energy budget constraints, values in the parenthesis
are calculated from linear regression over 1979–2014, values outside of the parenthesis are
calculated from linear regression over 1870–2014. λ4xCO2 and EffCS4xCO2 from abrupt-
4xCO2 simulations are calculated from regressions of ∆N against ∆T over 150yrs of the
simulations. TCRhis values from historical simulations are calculated by taking differences
between 1995–2014 and 1869–1882. (Note that multi-model mean is calculated by averaging
over all 8 models, except for amip-piForcing estimates, in which case multi-model mean is
average of 6 available models)

Feedback parameter [Wm−2K−1] EffCS [K] TCR [K]

Models amipPF amip historical 4xCO2 amipPF amip historical 4xCO2 historical 1pctCO2

CanESM5 -1.46(-2.10) (-1.46) -0.72(-0.66) -0.65 2.49(1.74) (2.50) 5.11(5.51) 5.64 2.60 2.75

CNRM-CM6-1 -1.26(-1.76) (-1.21) -0.75(-0.67) -0.74 3.01(2.16) (3.13) 5.04(5.68) 4.90 2.45 2.23

GFDL-CM4 -1.90(-2.84) (-2.44) -1.55(-1.40) -0.82 2.04(1.37) (1.6) 2.51(2.77) 3.89 1.39 2.05

GISS-E2-1-G N/A (-1.64) -1.26(-1.20) -1.45 N/A (2.01) 2.61(2.76) 2.71 1.44 1.66

HadGEM3-GC31-LL -1.33(-1.93) (-1.72) -0.82(-0.64) -0.63 2.92(2.00) (2.26) 4.74(6.08) 5.55 1.76 2.47

IPSL-CM6A-LR -1.64(-2.64) (-1.96) -1.07(-0.89) -0.75 2.30(1.42) (1.93) 3.54(4.28) 4.56 2.16 2.39

MIROC6 -1.50(-2.04) (-1.75) -1.26(-1.11) -1.40 2.30(1.69) (1.96) 2.72(3.10) 2.60 1.55 1.58

NorESM2-LM N/A (-3.17) -1.82(-1.60) -1.34 N/A (1.18) 2.05(2.32) 2.56 1.15 1.48

Multi-model mean -1.52(-2.22) (-1.92) -1.16(-1.02) -0.97 2.51(1.73) (2.07) 3.54(4.06) 4.05 1.81 2.08
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Chapter 4

TWO-WAY TELECONNECTIONS BETWEEN THE SOUTHERN
OCEAN AND THE TROPICAL PACIFIC VIA A DYNAMIC

FEEDBACK

Abstract

Despite substantial global-mean warming, decadal-scale surface cooling has occurred in

both the tropical eastern Pacific and Southern Ocean over the past 40 years, influencing

not only regional climates but also the estimates of climate sensitivity. Using a paleo-

reconstruction dataset of the past 2000 years, we find that sea-surface temperatures (SSTs)

over the tropical eastern Pacific and part of the Southern Ocean near the southeast Pacific

closely co-vary with each other on decadal timescales. While the tropical forcing on the

extratropics has been extensively studied in the literature, here we focus on the other

direction of the teleconnection, and ask: is the observed tropical eastern Pacific cooling

connected to the observed Southern Ocean cooling?

Earlier studies proposed a zonal-mean energetic constraint as the leading atmospheric

pathway, linking the response of the tropical Pacific to changes in the Southern Ocean.

Using a slab-ocean model, we find that the tropical Pacific SST response to an imposed

Southern Ocean surface heat flux (qflux) forcing is sensitive to the longitudinal location of

that forcing, suggesting an atmospheric pathway associated with regional dynamics. The

transient responses show that an imposed Southern Ocean cooling first propagates into

the tropics by mean-wind advection. Once the tropical Pacific SSTs are perturbed, this

tropical SST forcing can drive remote changes to the sea-level pressure and surface winds in

the extratropics that are conducive to further enhancing the tropical cooling. These results

suggest a mutually-interactive teleconnection between the tropical Pacific and the Southern

Ocean through atmospheric circulations, and highlight potential impacts on the tropics from

the extratropical climate changes that have occurred over the instrumental record.
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4.1 Introduction

Observed global sea-surface temperatures (SST) have exhibited a unique pattern of

warming trends since the 1980s: despite global-mean warming induced by the greenhouse

gas (GHG) forcing, a broad cooling trend has occured in the tropical eastern Pacific and

Southern Ocean (Fig. 4.1). In the tropical Pacific, the enhanced west-east SST zonal gradi-

ent was also associated with a strengthening of the Walker circulation along with strength-

ened trade winds (England et al., 2014; Kociuba and Power, 2015; L’Heureux et al., 2013).

Around Antarctic, the observed surface cooling of the Southern Ocean was accompanied

by an expansion of sea ice (Fan et al., 2014; Polvani and Smith, 2013; Turner et al., 2013),

surface freshening, as well as a positive trend in the Southern Annular Mode (SAM) with

intensified and poleward shift of surface westerly winds (Marshall, 2003; Thompson and

Solomon, 2002). This observed SST trend pattern has had critical impacts not only on

local climates such as tropical precipitation (Held and Soden, 2006), but also on the global

warming rate (Kosaka and Xie, 2013) and the estimates of equilibrium climate sensitivity

(ECS) and cloud feedbacks (Andrews et al. 2018; Zhou et al. 2016; Dong et al. 2019;

Gregory et al. 2020; and also Chapter 3).

Correctly simulating the observed surface cooling trends in the tropical eastern Pacific

and the Southern Ocean remains challenging for global climate models (GCMs) (Coats and

Karnauskas, 2017; Fyfe et al., 2013; Kociuba and Power, 2015; Luo et al., 2018; Rye et al.,

2020). The fact that GCMs under historical forcings tend to produce warming trends or less-

cooling trends over these regions call into question the fidelity of model projections under

continued CO2 forcing (Plesca et al., 2018), including the equilibrium warming pattern

with enhanced warming in the tropical eastern Pacific and Southern Ocean (Andrews et al.,

2015; Dong et al., 2020; Heede et al., 2020; Li et al., 2013). More importantly, this projected

equilibrium warming pattern is thought to give rise to a less-negative radiative feedback,

and therefore higher values of ECS estimates than those inferred from recent observations

(e.g., Andrews et al. 2018; Marvel et al. 2018; also see Chapter 3).

Yet the causes of the model-observation discrepancy remain unclear. The observed

tropical Pacific SST trend pattern over the last few decades could arise from the Pacific
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decadal natural variability (England et al., 2014; Kosaka and Xie, 2013; Watanabe et al.,

2021) or could be in part influenced by the Atlantic multi-decadal variability through inter-

basin teleconnection (Kajtar et al., 2018; Kucharski et al., 2015; Li et al., 2016; McGregor

et al., 2018, 2014; Meehl et al., 2021; Wang, 2006). The observed tropical Pacific SST

trend pattern could also be triggered by external forcings, such as anthropogenic aerosol

forcing (Heede and Fedorov, 2021; Smith et al., 2016; Takahashi and Watanabe, 2016)

or CO2 forcing (Seager et al., 2019), which could be misrepresented by models due to

model biases (Coats and Karnauskas, 2018; Kohyama et al., 2017; Seager et al., 2019).

Similarly, the surface cooling of the Southern Ocean could result from freshwater input

from retreating Antarctic ice sheets that reduces the ocean stratification (Bintanja et al.,

2013; Bronselaer et al., 2018; Purich et al., 2018; Rye et al., 2020), from intensified surface

westerlies associated with the positive SAM (Holland and Kwok, 2012; Purich et al., 2016),

or from internal variability (Cabré et al., 2017; Latif et al., 2013; Zhang et al., 2019). While

the mean ocean circulation has been proposed to largely account for the delayed Southern

Ocean warming in response to GHG forcing (Armour et al., 2016), to what extent the

observed surface cooling in the Southern Ocean is caused by external forcing or internal

variability remains unclear.

Although there is no consensus on what has caused the observed cooling in the tropical

eastern Pacific and the Southern Ocean respectively, the two locations could be connected

through teleconnections. The tropical forcing on the extratropics has long been appreciated

in the literature though an “atmospheric bridge” via Rossby wave trains generated from

changes in the tropical convection (Ding et al., 2012; Li et al., 2021; L’Heureux and Thomp-

son, 2006; Meehl et al., 2016; Trenberth et al., 1998). The tropical response to extratropical

forcing has also been shown in previous studies, with two leading mechanisms proposed to

account for different pathways: an atmospheric pathway through zonal-mean energetic con-

straints and an oceanic pathway through mean ocean circulation. The former is developed

from aquaplanet slab-ocean simulations, where tropical precipitation and Walker circula-

tion are found to respond to extratropical thermal forcing via anomalous cross-equatorial

atmospheric heat transport, required by zonal-mean energy budget constraints (Hwang and

Frierson, 2013; Hwang et al., 2017; Kang et al., 2009, 2008, 2020). The latter is often studied
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Figure 4.1: (a) Observed annual-mean SST (shading) and 10m surface wind (arrows) trends
over 1979–2019 from ERSSTv5b (Huang et al. (2017a)) and ERA5 Reanalysis data, respec-
tively. (b) Running 40yr-trend of SSTs averaged over the tropical EP region (10◦S–10◦N,
160◦W–80◦W) and SO region (62◦S–47◦S,140◦W–70◦W) from the Last Millennium Reanal-
ysis dataset (Tardif et al., 2019). The SSTs are detrended and 30yr low-pass-filtered before
computing the trends. (c, d) The composite-mean SST trend patterns associated with sig-
nificant EP cooling (c) or SO cooling (d). The EP and SO regions are illustrated by the
black patches in panels a, c and d.
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using paleoclimate records and atmosphere-ocean coupled models, where the temperature

changes of the tropical upwelled waters are traced to the temperature changes of the extra-

tropical subducted waters, through mean advection of subtropical cells (Burls and Fedorov,

2014; Fedorov et al., 2015; Gu and Philander, 1997; Heede et al., 2020).

Indeed, we find that SSTs over these two key regions (patches in Fig. 4.1) closely

co-vary with each other on decadal timescales in the past 2000 years in a paleo dataset

- the Last Millennium Reanalysis version 2.0 (LMR) (Tardif et al., 2019). This paleo

reconstruction dataset is derived from the Last Millennium simulations of the Community

Climate System Model version 4 (CCSM4), combined with proxy data and linear forward

models. In Fig. 4.1b, we show the running 40-yr trends of annual-mean reconstructed SSTs

that have been detrended and 30-yr low-pass filtered, averaged over the tropical eastern

Pacific (10◦–10◦N, 160◦W–80◦W, hereafter denoted as “EP”) and part of the Southern

Ocean that has cooled the most in recent decades (62◦S–47◦S, 140◦W–70◦W, hereafter

“SO”). Both regions exhibit low-frequency variabilities that resemble each other at a high

correlation of 0.78. We then build SST composite maps of EP warming/cooling decades and

SO warming/cooling decades, to look into potential connections between these two regions.

Specifically, for EP composites, we average the 40-yr trend maps of global SSTs over the

40-yr periods where EP warming or cooling trends exceed two standard deviation. Taking

the difference between the warming and cooling composite-mean SST trend maps (cooling

minus warming) illustrates how global SSTs change when the EP region substantially cools

on decadal timescales (Fig. 4.1c). Same process is applied for the SO composite based

on SO 40-yr SST trends (Fig. 4.1d). The mean SST trend maps of EP composite and

SO composite show a remarkable similarity (Figs.4.1 c, d), with cooling co-occurred in both

regions, as expected from the high correlation in Fig. 4.1b. More interestingly, this common

pattern broadly resembles the pattern of observed SST trends in the Pacific over the past

40yrs (Fig. 4.1a), both highlighting the cooling in the tropical eastern Pacific and part of

the Southern Ocean near the southeast Pacific.

These findings suggest that the observed decadal cooling trends in the tropical Pacific

and the Southern Ocean may be mutually connected with each other and that there may

be a two-way teleconnection between these two regions. While the teleconnection from the
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tropics to the extratropics has been well established, what is less understood is how the

Southern Ocean SSTs influence the tropical Pacific SSTs if this direction of the telecon-

nection also exists. Thus, the key questions that we aim to answer in this study are: is

the observed tropical eastern Pacific cooling connected to the observed Southern Ocean

cooling? If so, what is the mechanism for the two-way teleconnection between these two

regions? Furthermore, what implications does this teleconnection have on our interpreta-

tion of the recent and future global warming patterns? In the following section, we first

describe our idealized simulations using a slab-ocean model to study the Southern Ocean-

to-tropics teleconnections. In section 4.3, we propose a new mechanism for the two-way

teleconnection between the tropical Pacific and Southern Ocean, with a dynamic feedback

through atmospheric circulations. In section 4.4, we show our proposed atmospheric path-

way operated in two recently-published studies using fully-coupled models with presence of

dynamical oceans. In section 4.5, we summarize the paper and discuss potential caveats

and implications of this work.

4.2 Idealized Southern Ocean thermal forcing experiments within a slab-ocean
model

4.2.1 Model setup and experiment design

We first investigate the pathways linking tropical Pacific SST changes and Southern

Ocean SST changes using a slab-ocean model prescribed with anomalous ocean heat flux

convergence (“qflux”). We use a slab-ocean version of the Community Atmospheric Model

version 4 (CAM4), with a uniform and annual-mean mixed-layer depth of 50m. The hori-

zontal resolution of CAM4 is 1.9◦ latitude × 2.5◦ longitude. There is no interactive ocean

dynamics in this mixed-layer slab-ocean model, which allows us to separate atmospheric pro-

cesses and air-sea thermal coupling from the fully coupled system. In section 4.4, we further

examine the atmospheric pathways we found in the slab-ocean model in two fully-coupled

model studies.

We first perform a control run and two experiments with anomalous qflux imposed in

the EP and SO regions – the two regions where SSTs may be mutually connected based on

recent observations and the LMR dataset of the last two millenniums. Both the control run
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and the experiments have all radiative forcing agents fixed at year 2000 level. For the control

run, we use an annual-mean qflux climatology constructed from a pre-industrial control run

of the parent fully-coupled model CCSM4, which has been nudged to reproduce the observed

tropical SST mean-state through adding an annual-cycle of additional surface heat fluxes,

known as the “flux correction” technique (Hu and Fedorov, 2018; Zhang et al., 2018). This

adjustment largely reduces the common biases of model mean states, such as too-cold bias of

cold tongue SSTs (Capotondi et al., 2020), too-excessive precipitation off the equator known

as the “double Intertropical Convergence Zone (ITCZ)” problem (Li and Xie, 2014), and

the bias in the cross-equatorial winds (Hu and Fedorov, 2018). Deriving qflux climatology

from the flux-corrected fully-coupled control run thus provides a relatively realistic tropical

mean state of SST, precipitation and surface winds in the slab-ocean model we used (Fig.

4.2a). A caveat is that we only apply this observation-corrected qflux to open waters; for

regions where sea ice exists, we use a qflux climatology calculated from a freely-evolved

pre-industrial control run of the fully-coupled CCSM4, while keeping the global-mean qflux

climatology to be zero (no net gain or loss of heat).

For the qflux-perturbed experiments, we add a constant qflux anomaly of 20 Wm−2

(i.e., a heat flux divergence from the mixed layer) on top of the qflux control climatology

over the EP or SO patch. As we artificially impose a constant heat sink to the model, the

energy in the model is not conserved, the global-mean SSTs are expected to cool towards

a new equilibrium to balance the net heat loss. Note that we impose the qflux forcing in

the localized regions rather than in zonal bands as in previous studies (Hwang et al., 2017;

Kang et al., 2008, 2020; Stuecker et al., 2020), which allows us to investigate mechanisms

associated with regional dynamics in a more-realistic configuration. We run both the control

and qflux-perturbed simulations for 60 years, and use the last 30-yr averages to compute

the equilibrium responses.

4.2.2 Teleconnections between the EP and SO regions in slab-ocean simulations

As expected, the qflux forcing imposed in the EP patch drives remote SST changes ex-

tended to the extratropics, yielding SST cooling near the SO patch in the southeast Pacific
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Figure 4.2: (a) Mean state climate of the slab-ocean control run. Shading denotes SSTs;
arrows denote surface winds, white contour denotes 6mm/day mean precipitation. (b, c)
SST response to the qflux anomaly imposed in the tropical eastern Pacific (“EP”) or the
Southern Ocean (“SO”), respectively. The location of the qflux forcing is illustrated by the
black patch.
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(Fig. 4.2b). In turn, the qflux forcing imposed in the SO patch also drives substantial trop-

ical cooling, with more cooling in the eastern Pacific than in the western Pacific, producing

a La Niña-like tropical SST pattern (Fig. 4.2c). The above two simulations are consistent

with the results of the LMR dataset – the tropical eastern Pacific and the Southern Ocean

near the southeast Pacific can be influenced by each other. Moreover, the results from the

slab-ocean model suggest that the teleconnection between these regions can be established

through atmospheric pathways without ocean circulations.

The prevailing atmospheric pathway proposed for the extratropics-to-tropics telecon-

nection is linked to a zonal-mean energetic constraint, derived from idealized simulations

with zonal-mean extratropical thermal forcing (Hwang et al., 2017; Kang et al., 2008, 2020).

That is, an anomalous inter-hemispheric gradient in radiative forcing is expected to induce

anomalous cross-equatorial atmospheric heat transport, accomplished via Hadley cell ad-

justment. As a result, the ITCZ tends to shift towards warmer hemisphere, along with

changes in the surface winds and zonal SST contrast through wind-evaporation-SST (WES)

feedback (Xie and Philander, 1994).

To test this theory, we next show three similar slab-ocean experiments, with the same

zonal-mean qflux forcing imposed on the same latitudes (55◦S–35◦S) but over different

longitude bands. Here we add a uniform qflux anomaly of 15 Wm−2 (heat flux divergence

from the mixed layer) in the southwest Pacific (130◦E–170◦W), southeast Pacific (140◦W–

80◦W) and south Atlantic (60◦W–0◦). These patches are located slightly north of the SO

patch shown previously, to avoid potential impacts of changes to the sea-ice edge. All three

patch-simulations are run for 60 years, following the same setup described in the previous

section.

In all cases, the imposed qflux forcing drives broad surface cooling and precipitation

increase in the northern branch of the ITCZ, consistent with previous studies (Hwang et al.,

2017; Kang et al., 2020). The zonal-mean precipitation changes (Fig. 4.3g) and zonal-mean

SST changes (Fig. 4.3h) are similar across cases, suggesting that the zonal-mean climate

changes are indeed largely determined by the zonal-mean forcing. However, the spatial

patterns of tropical SST changes vary by case. The tropical eastern Pacific cools much more

than the tropical western Pacific in response to the qflux forcing imposed in the southeast
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Figure 4.3: Responses to qflux anomaly imposed in the southwest Pacific (left), southeast
Pacific (middle) and south Atlantic (right). (a-c) Changes in SST (shading) and surface
winds (arrows). (d-f) Changes in precipitation. Pink lines denote the mean-state precipi-
tation of 6 mm/day from control run (same as the white contour in Fig. 4.2a). (g) zonal
mean changes of precipitation. (h) zonal mean changes of SST. (i) Changes of SST in the
equatorial Pacific averaged over 5◦S – 5◦N.

Pacific (Fig. 4.3b), but this La Niña-like pattern is less prominent in the other two runs

(Figs. 4.3a, c), suggesting that the Southern Ocean – tropics teleconnection is not solely

dependent on the zonal mean forcing. More interestingly, the strongest teleconnection to the

tropical Pacific is from the southeast Pacific, which is also the region in the Southern Ocean

that is most influenced by the tropical qflux forcing (Fig. 4.2b) and where observations have

showed the greatest cooling trends since 1980 (Fig. 4.1a). A key question is: why does this

region produce a particularly strong Southern Ocean – tropical Pacific teleconnection?
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4.3 Mechanisms for the Southern Ocean – tropical Pacific atmospheric tele-
connection

4.3.1 Slab-ocean transient responses highlight the role of atmospheric circulations

To understand how the tropical Pacific SST response to the SEP qflux forcing has

developed, next we look into the time-evolution of transient responses. We performed an

ensemble of 20 members with the same SEP qflux forcing; each is branched from a different

day of January in the control run and is run for 6 years. We present results from the average

of the 20 ensemble members, to reduce noise from random natural variability.

Fig. 4.4 shows that the Southern Ocean SSTs over the patch of qflux forcing cool

substantially, with relatively little cooling outside the patch, over the first 2 years. But

by year 3, the cooling signal begins to reach into the tropical Pacific, forming a weak

contrast in zonal SST changes. Despite substantial SST changes in the tropical eastern

Pacific, there is not much significant change to the surface winds over the tropical Pacific.

This hints to the leading process that contributes to the teleconnection at this early stage

– advection by climatological mean winds. The mean-state surface westerlies over the

southeast Pacific patch blow towards the Andes in high latitudes, but deflect into trade

winds blowing off the coast in lower latitudes (Fig. 4.2a), which can efficiently advect surface

temperature anomalies from the southeast Pacific to the tropical eastern Pacific. Note that

the tropics have only cooled weakly up to this point, suggesting that this advection process

only accounts for a small portion of the ultimate tropical cooling response to the Southern

Ocean qflux forcing.

This first stage of the mean-wind advection is followed by a more substantial tropical

Pacific cooling. Beginning in year 4, a massive cooling develops in the eastern Pacific which

extends to the central and western Pacific, associated with an anomalous cold advection

by strengthened trade winds. The strengthening of the trade winds is traced to changes in

the circulation, featuring a high sea-level pressure (SLP) anomaly in the Southern Hemi-

sphere (SH) subtropical high. The patterns of tropical Pacific SSTs, surface winds and the

subtropical SLP observed in year 4 broadly persist to equilibrium (Fig. 4.4). This result

reveals another stage that accounts for the major part of the tropical responses towards
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Figure 4.4: Annual mean changes of SST and surface winds (left) and SLP (right) in the
first 6 years averaged over the 20 ensemble members with the southeast Pacific qflux. The
bottom panels show the equilibrium responses (from a single equilibrium run averaged over
years 31-60).
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equilibrium: the deepening of the subtropical high SLP strengthens surface winds, which

enhances the tropical surface cooling by increasing evaporation via the WES feedback.

From these transient responses, we observe two stages of the development of tropical

Pacific cooling in response to the southeast Pacific qflux forcing. First, a small portion of

the extratropical cooling in the southeast Pacific region can propagate to the tropical eastern

Pacific through advection by climatological mean winds. Second, the tropical cooling can

be amplified by the strengthened trade winds, which are driven by the high SLP anomalies

in the subtropics. What remains unclear is: what caused the change in the subtropical

SLP that is key to this teleconnection? Specifically, is the SLP change a direct response to

the imposed Southern Ocean cooling, or does it arise due to the tropical SST change that

emerges prior to the SLP change?

4.3.2 Prescribed-SST simulations trace the circulation changes to tropical SST forcing

To investigate the impacts of regional SST changes on the subtropical SLP, in this

section we use a set of prescribed-SST simulations, where we prescribe the annual-mean

equilibrium SST anomalies induced by the SEP qflux forcing onto different regions sepa-

rately. We use the atmospheric component of the coupled model, CAM4, where SST and

sea-ice concentration are prescribed but the atmosphere can freely adjust. Consistent with

the coupled slab-ocean simulations, the prescribed-SST simulations also used a modern-day

observed SST climatology, and all radiative forcing agents are fixed at year 2000 level. Both

the control run and experiments with regional SST anomalies are run for 15 years; the

responses are averaged over the last 10 years.

In the first simulation, we prescribe SST anomalies only within the SEP patch, while

keeping the rest of global oceans unchanged (Fig. 4.5a). We find that this extratropical

SST forcing only drives local-scale SLP changes, without much remote influence on the

subtropical SLP or tropical surface winds. In the second simulation, we instead prescribe

SST anomalies within the tropical Pacific (20◦S–20◦N, 120◦E–80◦W), with most of the

cooling in the eastern pacific (Fig. 4.5b). This tropical SST forcing, in stark contrast

to the extratropical SST forcing, drives significant responses at global scale that are even



75

Figure 4.5: Prescribed SST simulations and their responses. (a-c) Prescribed SST anomalies
in the southeast Pacific, the tropical Pacific, and global oceans except the tropical Pacific,
respectively. (d-f) SLP and surface winds responses to the corresponding SST forcing.
All the SST anomalies are taken from the annual-mean equilibrium SST changes in the
southeast Pacific qflux experiment (Fig. 4.4 bottom left panel). The tropical Pacific is
defined within 120◦E – 80◦W, 20◦S – 20◦N.

extended to the poles. Notably, it produces a pattern of SLP and surface winds resembling

the pattern of transient climate response starting in year 4 of the SEP slab-ocean run (Fig.

4.4), featuring high SLP anomalies in the subtropics and strengthened southeasterlies in

the subtropical and tropical eastern Pacific. Moreover, this tropical Pacific SST forcing

also enhances surface westerlies in the southeast Pacific, which could drive more surface

cooling over there, as shown in the EP slab-ocean run (Fig. 4.2b). All these tropics-

forced extratropical circulation changes have been documented in the literature, through

the well-established Rossby wave dynamics (Ding et al., 2011; Li et al., 2021; Meehl et al.,

2016; Yuan et al., 2018). To further illustrate the comparison between tropical Pacific SST

forcing and extratropical SST forcing, we provide another simulation where we prescribe

SST anomalies all over the global oceans except the tropical Pacific (Fig. 4.5c). This broad

extratropical SST forcing (also includes some tropical regions in the Indian Ocean and the

Atlantic Ocean) has little impact on the SH subtropical SLP in the Pacific sector, and even

produces the opposite sign of tropical surface winds.
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From the prescribed SST simulations, we identify that the key process of the telecon-

nection in the slab-ocean runs – the changes to the subtropical SLP and surface winds – are

not directly forced by the cooling in the Southern Ocean, but largely forced by the tropical

Pacific SST cooling, which themselves can be triggered by the Southern Ocean SST changes

through mean-winds advection.

4.3.3 A dynamic positive feedback on the teleconnection

Putting all the evidence together, we propose a two-way teleconnection between the

Southern Ocean and tropical Pacific with a dynamic feedback. First, the Southern Ocean

cooling near the southeast Pacific can penetrate into the tropical eastern Pacific through

advection by climatological mean winds. Once the tropical Pacific SSTs have changed with

more cooling in the eastern Pacific, this tropical SST pattern with anomalous convection

heating can produce remote changes to the circulation through Rossby wave dynamics.

These tropics-forced extratropical circulation changes include: (1) high SLP anomalies over

the SH subtropical high near the Andes, which can strengthen the trade winds in the central

and eastern Pacific, and therefore enhance surface cooling in the tropical Pacific; (2) low SLP

anomalies over the Amundsen Sea Low, which can strengthen surface westerlies over there,

enhancing surface cooling in the Southern Ocean, and amplifying the whole teleconnection

process. Both of these processes act as a positive feedback on the tropical Pacific response

to the Southern Ocean forcing. This positive feedback can also be observed in the transient

zonal-mean SST response to the imposed qflux forcing (Fig. 4.6). Starting in year 2, the

Southern Ocean SST cooling gradually propagates towards the tropics. Once the tropical

SSTs substantially changed around year 3, it immediately amplifies the Southern Ocean

cooling and also the tropical cooling itself through the teleconnection.

Has this proposed “dynamic feedback” occurred in observations over the past 40 years?

In Fig. 4.7a, we show the 40-yr trend of annual-mean SLP over 1979–2019 from ERA5

reanalysis data (Hersbach et al., 2020). The observed SLP trend pattern highlights positive

SLP trends over the SH subtropical high, and negative trends over the Amundsen Sea

Low, along with strengthened trade winds in the tropical eastern Pacific and strengthened
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Figure 4.6: Monthly zonal-mean SST response to southeast Pacific qflux forcing over the
first 6 years. The dashed lines illustrate the region of the imposed qflux forcing (55◦S –
35◦S).
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westerlies in the SEP region of the Southern Ocean (Fig. 4.1a) – consistent with the results

of our simulations. Moreover, the composite-mean SLP trend patterns from the LMR

dataset (Figs. 4.7bc), associated with significant cooling trends in the EP and SO regions

respectively (Figs. 4.1cd), also show similar features in the subtropics and the Amundsen

Sea. These findings suggest that the tropics-forced circulation change, a key process in our

proposed two-way teleconnection, has indeed occurred in observations, together with the

surface cooling in both tropical eastern Pacific and Southern Ocean.

In summary, based on the simulations we presented so far (Figs. 4.2, 4.4 and 4.5), we

argue that there is a two-way teleconnection between the tropical Pacific and the Southern

Ocean. The tropical Pacific SST forcing can drive remote changes to the Southern Ocean

SSTs, and also subtropical SLP changes that are conducive to amplifying the tropical SST

changes; whereas the Southern Ocean SST forcing can also trigger the teleconnection to

the tropical Pacific through advection by mean-state winds. This two-way teleconnection

implies that the observed decadal-scale surface cooling in the tropical eastern Pacific and

Southern Ocean may be mutually connected and amplified by each other.

However, these findings are insufficient to determine whether the observed teleconnection

is activated by the tropical change or the Southern Ocean change in the first place, and

whether the initial surface cooling (over either of these two regions) is driven by internal

variability or anthropogenic forcings. While the underlying causes of the observed SST

trend patterns remain to be further investigated, in the following two sections, we discuss

one possible perspective that the observed tropical Pacific cooling trends may be traced to

recent changes in the Southern Ocean.

4.4 Tropical Pacific SST response to Southern Ocean non-thermal forcings in
fully-coupled simulations

Having established a mechanism for the two-way atmospheric teleconnection between

the tropical Pacific and the Southern Ocean, next we focus on two recently published studies

that applied non-thermal forcings over the Southern Ocean in fully-coupled GCMs, which

account for the effects of Antarctic freshwater discharge (section 4.4.1) and intensified winds

over the Southern Ocean (section 4.4.2). By showing the results of tropical SST responses in
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Figure 4.7: (a) Observed annual-mean SLP trends over 1979–2019 from ERA5 Reanalysis.
(b, c) Composite mean of 40yr SLP trends, associated with significant cooling trends in the
EP and SO regions respectively (consistent with Figures 4.1cd).
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these studies, we address two questions: does the atmospheric teleconnection found in our

slab-ocean results also exist in a fully-coupled configuration with the presence of dynamic

oceans? What implications does this teleconnection have on the observed and projected

warming patterns?

4.4.1 The impacts of Southern Ocean freshwater input

First, we show a set of so-called freshwater “hosing” experiments using the fully-coupled

Community Earth System Model version 1 with the Community Atmosphere Model version

5 (CESM1-CAM5), provided by Sadai et al. (2020). These simulations account for fresh-

water input from Antarctic ice sheet melting over the 21st century – a process that is not

represented in CMIP5 and CMIP6 GCMs. Here we present results from two simulations of

Sadai et al. (2020): a control run and a hosing run; both are forced under representative con-

centration pathway (RCP) 8.5 scenario over 2005–2100. The control run, using the default

model setup, only has freshwater input less than 0.2 sverdrup throughout the 21st century;

while the hosing run adds additional time-variant and spatially-distributed meltwater and

ice discharge from Antarctic ice sheets into the Southern Ocean surface (see more details in

Sadai et al. 2021). The total amount of the added freshwater input, provided by an offline

ice sheet model forced by the same RCP8.5 scenario, reaches to 1 sverdrup at the end of

the 21st century (see Fig. 1B in Sadai et al. 2021).

Fig. 4.8 shows the SST and SLP trend maps over the 21st century from the control

run and the hosing run of Sadai et al. (2020). While the RCP8.5 forcing results in a

considerable amount of warming nearly all over the globe in the control run (Fig. 4.8a),

the imposed freshwater input in the hosing run substantially cools the Southern Ocean

surface temperatures against global warming (Fig.4.8 c). The addition of the freshwater

input also leads to an expansion of sea ice and reduced global-mean surface temperatures as

described in Sadai et al. (2020), consistent with earlier studies employing different models

with additional freshwater forcing (Bronselaer et al., 2018; Purich et al., 2018; Rye et al.,

2020). The Antarctic-freshwater induced Southern Ocean surface cooling in this hosing run

is further transported to the tropics, mostly manifested in the eastern Pacific, forming a La
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Niña-like warming pattern. Accompanying with the surface temperature teleconnection is

a deepening of the SH subtropical high near the Andes (Fig. 4.8f), which could enhance the

tropical surface cooling as discussed earlier. Although we cannot rule out the possibility that

the presented teleconnection may also come about through oceanic pathways, these fully-

coupled simulations show that our proposed atmospheric pathway can effectively operate

with the presence of dynamic oceans, and that the teleconnection in the fully-coupled model

is similar to our slab-ocean results.

Although the results of Sadai et al. (2020) may depend on the model used, it has impor-

tant implications for understanding the recent and future global surface warming patterns.

A growing body of literature has suggested that the Antarctic freshwater forcing may be

(at least partially) responsible for the observed surface cooling and sea-ice expansion over

the Southern Ocean (Bintanja et al., 2013; Bronselaer et al., 2018; Purich et al., 2018; Rye

et al., 2020). This Southern-Ocean originated surface cooling, based on the teleconnection

mechanism we proposed and the results of Sadai et al. (2020), may further transport to the

tropics, driving tropical Pacific cooling mostly in the eastern Pacific. This theory provides

another plausible explanation for the observed cooling trends in the tropical eastern Pacific

and Southern Ocean though atmospheric teleconnections.
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Figure 4.8: SST (left column) and SLP (right column) linear trends over 2005– 2100 from (a)
CESM1 RCP8.5 control run and (b) CESM1 Antarctic hosing run with additional freshwater
input from the Antarctic ice sheet. Both simulations are under RCP8.5 forcing scenario.
(e, f) The difference between the control run and the hosing run that reflects the response
to the imposed freshwater forcing. Both simulations are provided by Sadai et al. (2020)
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4.4.2 The impacts of Southern Ocean winds

Next, we show an ensemble of Southern Ocean wind-nudging experiments over 1979-

2018 (Fig. 4.9), provided by Blanchard-Wrigglesworth et al. (2021). These experiments

are performed also using the fully-coupled CESM1-CAM5. All simulations are run under

historical radiative forcing from 1979 to 2005 and RCP 8.5 forcing from 2006-2018, consistent

with the CESM1 Large Ensemble simulations (LENS; Kay et al. 2015). We present results

from the mean of five ensemble members available now (three were newly added after

the publication of Blanchard-Wrigglesworth et al. 2021); each member is initiated from a

different LENS member from 1 January 1980.

The novelty of these wind-nudging experiments is that, throughout the full period, zonal

and meridional winds poleward of 45◦S in the SH were nudged to 6-hourly ERA-Interim

Reanalysis data (Dee et al., 2011) from 850hPa to the top of model (see more details

in Blanchard-Wrigglesworth et al. 2021). Thus, these simulations are directly nudged to

reproduce the observed strengthening of the westerly winds over the Southern Ocean, which

is generally underestimated in LENS (see Fig. 3 in Blanchard-Wrigglesworth et al. 2021).

Furthermore, because the model has to maintain thermal wind balance by increasing SLP

gradient in the SH extratropics in response to the intensified polar winds, these wind-

nudging experiments also produce positive SLP trend anomalies near the SH subtropical

high compared to LENS, largely resembling the observed SLP trend pattern (Fig. 4.9d).

With the high SLP anomalies in the SH subtropics, these wind-nudging experiments

surprisingly produce cooling trends in the tropical eastern Pacific, which is not seen in the

LENS ensemble-mean, despite the fact that no Southern Ocean SST forcing were directly

applied. Although the wind forcing induces some cooling in the Southern Ocean (Fig. 9e),

this cooling is much weaker than that observed. Therefore, without strong Southern Ocean

cooling to initiate the teleconnection, the tropical eastern Pacific cooling response must be

caused by extratropical circulation changes, that is, the second phase of the teleconnection

we found in our slab-ocean results: the high SLP anomalies in the subtropics enhance trade

winds which further cools the tropical eastern Pacific SSTs. Indeed, in the tropical eastern

Pacific, overlying the anomalous surface cooling is the strengthened trade winds in these
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wind-nudging experiments (Fig. 9d), which are not found in the LENS ensemble-mean.

Although these wind-nudging experiments only capture part of the mechanism we pro-

posed, the fact that the teleconnection can be established without initial Southern Ocean

SST forcing suggests a dominant role of atmospheric circulation (the extratropical SLP)

changes in linking the Southern Ocean to the tropical Pacific. Moreover, the results of these

fully-coupled simulations suggest that atmospheric forcing can sufficiently drive atmospheric

teleconnections even with the presence of dynamical oceans.
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Figure 4.9: SST (left column) and SLP (right colum) linear trends over 1979–2018 from
(a, b) CESM1 LENS ensemble mean and (c, d) CESM1 wind-nudging experiments (aver-
age of 5 realizations), and (e, f) the difference between the wind-nudging experiments and
LENS that reflects the response to the imposed Southern Ocean winds. The wind-nudging
experiments are provided by Blanchard-Wrigglesworth et al. (2021)), where the whole col-
umn of atmospheric winds poleward of 45◦S (the black lines in c, d) were nudged towards
ERA-Interim reanalysis.
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4.5 Summary and Discussions

Using a set of slab-ocean simulations and fixed-SST simulations, we found that there

is a two-way teleconnection between the tropical Pacific and the Southern Ocean. An

imposed Southern Ocean cooling can first propagate into the tropics through advection

by climatological mean winds over the southeast Pacific. Once the tropical Pacific SSTs

have perturbed, this tropical SST forcing can drive remote changes to the extratropical

circulation, including high SLP anomalies in the SH subtropical high and low SLP anomalies

in the Amundsen Sea Low, yielding strengthened trade winds in the tropics and strengthened

surface westerlies in the Southern Ocean. These circulation changes are conducive to further

enhancing the surface cooling via the WES feedback in both the tropical eastern Pacific

and the southeast Pacific of the Southern Ocean. That is, the tropics-forced circulation

changes exert a positive feedback on the two-way teleconnection process. These circulation

changes along with the SST changes in the tropical Pacific and the Southern Ocean have

also occurred in recent observations and in a paleo reconstruction of the past 2000 years.

Although we did not discuss potential oceanic pathways, we have shown significant

tropical Pacific SST responses to changes in the Southern Ocean in two sets of fully-coupled

simulations driven by the proposed mechanism. One is the freshwater hosing experiments

provided by Sadai et al. (2020), where Southern Ocean SSTs are changed owing to the

addition of freshwater input from Antarctic ice sheets. The other is the wind-nudging

experiment provided by Blanchard-Wrigglesworth et al. (2021), where the extratropical

circulations are changed through nudging the polar winds to observations. Both studies

show a La Niña-like tropical SST response with more cooling in the tropical eastern Pacific.

The results of these two studies qualitatively corroborate the proposed atmospheric pathway

in a fully-coupled configuration linking the tropical Pacific response to Southern Ocean

forcings; the quantitative impacts of dynamic oceans on this atmospheric teleconnection

need to be further examined.

Although the proposed atmospheric pathway is not sufficient to determine whether the

observed SST trend pattern has initially resulted from a tropical cooling or Southern Ocean

cooling, we have discussed one possibility that the observed tropical eastern Pacific cooling
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trends may be traced to Southern Ocean surface cooling induced by the Antarctic freshwater

input. Several earlier studies have suggested that the freshwater discharge from retreating

Antarctic ice sheet may be largely responsible for the observed Southern Ocean surface

cooling over the recent decades, and may potentially drive muted surface warming over the

Southern Ocean in future. If this is the case, the freshwater-driven surface cooling in the

Southern Ocean could be teleconnected to the tropics, driving surface cooling in the tropical

eastern Pacific as seen in Sadai et al. (2020), which would have greater global impacts. This

hypothesis provides a new perspective to the current understanding of the observed tropical

Pacific SST trend pattern, accounting for the impacts from the Southern Ocean through

atmospheric teleconnections. The results may lead an impetus to revisit the projected long-

term warming pattern with enhanced warming in both the Southern Ocean and tropical

eastern Pacific from current GCMs, which have no representation of freshwater fluxes.

Meanwhile, we also acknowledge two caveats to our results. First, the results we pre-

sented may be sensitive to the model and forcing used in this study. In the slab-ocean sim-

ulations, we used an arbitrary qflux forcing (uniform 15 Wm−2 at each grid box), though

additional simulations with a qflux forcing ranging from 5–20 Wm−2 led to the same con-

clusion (not shown). A stronger idealized thermal forcing in the SH extratropics is also

found effective in driving tropical Pacific SST response in other various slab-ocean models

(Kang et al., 2020). However, we note a recent “pacemaker” study by Zhang et al. (2021)

using CESM1, where the Southern Ocean SSTs are nudged to time-varying observed SST

anomalies over 1979–2013, yet produced little change in the tropical Pacific SST trend pat-

tern. We speculate that the results of little tropical Pacific SST response in Zhang et al.

(2021) may be owing to the fact that the imposed Southern Ocean cooling is too small

to generate significant teleconnection responses in this model. Note that the surface heat

fluxes added in Zhang et al. (2021) led to an averaged Southern Ocean (poleward of 40◦S)

surface cooling of only 0.2◦C over the full nudging period, while in our slab-ocean runs, the

qflux forcing imposed within the southeast Pacific region alone led to an averaged Southern

Ocean SST cooling of 0.8◦C. Moreover, in Sadai et al. (2020) which used the same model

CESM1, the imposed freshwater forcing led to a Southern Ocean cooling of up to 3◦C over

the 21st century. As we shown in Fig. 4.4, only part of the Southern Ocean SST cooling can
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be transported to the tropics by mean-wind advection in the initial step. Thus, although

the Southern Ocean SSTs are nudged towards observed values in Zhang et al. (2021), it is

possible that the imposed Southern Ocean cooling is too small in this particular model to

trigger the first step of the teleconnection. Additionally, the lack of the second step of the

teleconnection (i.e., increased subtropical SLP and strengthened tropical winds) in Zhang

et al. (2021) may in part also due to model biases in the tropical mean state, which is largely

corrected in our slab-ocean runs. The impacts of model mean-state biases on the Southern

ocean - tropics teleconection remain to be further investigated.

Another caveat of this study is the radiative effect of low clouds. Several recent studies

have found that low clouds over the tropical eastern Pacific stratocumulus deck play a domi-

nant role in the zonal-mean heat transport and therefore extratropics-tropics teleconnection

(Chen et al., 2021; Hwang et al., 2017; Kang et al., 2020; Shin et al., 2021). A surface cool-

ing over the tropical eastern Pacific tends to increase local low clouds, which can efficiently

reflect incoming solar radiation back to space and therefore further cool the surface – a pos-

itive feedback associated with cloud radiative effects (CRE). Indeed, in our Southern-Ocean

qflux simulations, we also observed increases in low cloud cover and enhanced reflection of

shortwave radiative fluxes at the top of atmosphere over the tropical eastern Pacific, along

with SST cooling over there (not shown). While the impacts of CRE warrant further quan-

tification, we argue that this SST-clouds coupling is initially activated by changes in the

tropical Pacific SSTs, which themselves are driven by the imposed Southern Ocean cooling

via mean-winds advection. As shown in Fig. 4.4, the qflux forcing imposed in the south

Atlantic and southwest Pacific produce weaker tropical eastern Pacific cooling and less low-

clouds increases (not shown) than the qflux forcing in the southeast Pacific, even though

the cloud physics is unchanged in the model. This is owing to a less-efficient “trigger”, i.e.,

the advection by mean winds near the southeast Pacific, in these two simulations. Thus,

although the CRE of low clouds could amplify the tropical eastern Pacific cooling, the initial

teleconnection by mean winds is essential to the tropical SST changes.

Understanding how the observed SST trend pattern has developed and how it will evolve

in the future is crucial to climate change projections. In this study, we have investigated the

possibility that the observed tropical eastern Pacific cooling is connected to the observed
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Southern Ocean cooling through a dynamic atmospheric pathway. This mechanism provides

a new perspective to our understanding of the tropical response to extratropical forcing,

accounting for the regional dynamics and atmospheric circulations. It also raises a possibility

that model deficiencies in reproducing the observed tropical Pacific warming pattern may

be traced to model deficiencies in accurately representing changes in the Southern Ocean,

such as Antarctic freshwater input. If the freshwater input did have large impact on polar

and tropical climates as some models suggested, revisiting the current GCM projections

on global surface warming patterns and improving polar climate representations may be

essential.
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Chapter 5

CONCLUSIONS

In Chapter 2, I examined the pattern effect in CMIP5 and CMIP6 models, and confirmed

that in most models feedbacks become less negative as SST patterns evolve. Using the

Green’s function that I developed in my Master Thesis (Dong et al., 2019), I found that the

inter-model spread in the pattern effect is primarily governed by different SST patterns in

CMIP5 models (less so in CMIP6 models). The results imply that if the observed warming

pattern will indeed trend towards GCMs generally projected, we should expect higher values

of EffCS than those derived from transient warming states.

However, in Chapter 3, I found that there is a substantial discrepancy between modeled

and observed SST patterns over recent decades. In particular, fully-coupled GCMs under

historical forcings fail to reproduce the observed cooling trends in the tropical eastern Pacific

and the Southern Ocean, which leads to biased estimates of EffCS from historical simula-

tions compared to those from observed historical energy budget constraints. Therefore,

understanding the causes of the recent observed warming pattern and making accurate pro-

jections of future warming patterns are important for constraining transient and equilibrium

climate change.

Thus, in Chapter 4, I investigated the causes of the observed tropical Pacific SST pattern,

focusing on the impacts from the Southern Ocean, and asked whether the observed decadal

cooling in these two regions are connected. I found that there is a two-way atmospheric

teleconnection between the tropical Pacific and the Southern Ocean, where atmospheric

circulations exert a positive feedback in building the teleconnection. These results imply

that model deficiencies in reproducing the observed tropical Pacific SST pattern may be

traced to model deficiencies in correctly representing changes in the Southern Ocean. One

of the possible drivers I discussed in Chapter 4 was freshwater input from Antarctic ice

sheet melting, which is not included in CMIP5 and CMIP6 GCMs but proposed to be
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largely responsible for the observed Southern Ocean cooling.

The above chapters altogether point to the importance of understanding the causes

of the observed global surface warming pattern and the model-observation discrepancy in

the recent surface warming pattern. Yet there still remain a number of open questions.

For example, I explored the possibility that the observed tropical cooling was caused (in

part) by teleconnections from the Southern Ocean cooling driven by Antarctic freshwater

forcing, using results from one model (CESM1). How reliable are the results based on this

single model? If the tropical SST response to Antarctic freshwater forcing varies by model,

would different tropical SST results mostly stem from model differences in the Southern

Ocean (e.g., ocean circulations) or the tropics (e.g., tropical mean state winds, tropical

cloud feedbacks)? Moreover, does accounting for freshwater input in a model change the

model projected near-equilibrium warming pattern and the model’s ECS? Regarding these

questions, an inter-model comparison study (with the same amount of freshwater input for

example) would be valuable to assess the remote impacts of Antarctic freshwater forcing

through teleconnections.

In summary, understanding the extent to which the recent observed surface warming

pattern was caused by external forcing or internal variability, and how local processes and

remote teleconnections respectively influenced the global surface warming pattern has im-

portant implications for climate science. The answers would not only benefit model devel-

opment, but would improve our understanding of climate dynamics and better constrain

future climate projections under GHG forcing.
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Myhre, G., Shindell, D., Bréon, F., Collins, W., Fuglestvedt, J., Huang, J., et al. (2013).

Anthropogenic and natural radiative forcing. Climate Change 2013: The Physical Science

Basis. Contribution of Working Group I to the Sixth Assessment Report of the Intergov-

ernmental Panel on Climate Change, pages 659–740.

Otto, A., Otto, F. E., Boucher, O., Church, J., Hegerl, G., Forster, P. M., et al. (2013).

Energy budget constraints on climate response. Nature Geoscience, 6(6):415–416.

Pincus, R., Forster, P. M., and Stevens, B. (2016). The Radiative Forcing Model Inter-

comparison Project (RFMIP): experimental protocol for CMIP6. Geoscientific Model

Development, 9(9):3447–3460.



104
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