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ABSTRACT

UNDERSTANDING THE ABILITY OF THE SOUTHERN OCEAN TO INFLUENCE THE

SOUTHEASTERN TROPICAL PACIFIC

The tropical Pacific plays a central role in the climate system and is linked to two major chal-

lenges in climate modeling: persistent biases in simulations and large inter-model spread in pro-

jections. Emerging studies show that the Southern Ocean has a remote influence on sea surface

temperatures (SST) in the southeastern tropical Pacific through a teleconnection involving cloud

feedbacks, oceanic upwelling, climatological winds, and wind-evaporation-SST feedback. This

teleconnection has primarily been explored using perturbation experiments imposed on climate

model simulations, leaving open questions about how it manifests in observations and fully cou-

pled model outputs.

This dissertation investigates the relationship between SSTs in the Southern Ocean (SO) and

the southeastern tropical Pacific (SEP) using Coupled Model Intercomparison Project phase 6

(CMIP6) coupled model outputs. In Chapter 2, I analyze this relationship using pre-industrial

control simulations and abrupt-CO2-forced simulations from 53 CMIP6 models. I find a robust

positive SO–SEP relationship both within and across models, regardless of whether the climate

system is forced by external CO2 or not. The inter-model spread of the positive SO-SEP relation-

ship is attributed to the strength of shortwave cloud feedback and ocean heat uptake off the west

coast of South America.

In Chapter 3, I analyze 30-year SST trends over the historical period (1985–2014) using 42

CMIP6 models and multiple observational products. Most models simulate delayed warming

trends in both the SO and SEP, failing to capture the observed cooling. These warming trends

are positively related across models, even after removing the global-mean trend. Models under-

estimate both shortwave cloud feedback and ocean heat uptake variability off the west coast of
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South America, leading to opposing constraint effects: if I strengthen cloud feedback in climate

models, it would enhance the SO–SEP relationship; if I strengthen ocean heat uptake variability, it

would weaken the SO–SEP relationship. Furthermore, the strength of the SO–SEP relationship is

positively associated with equilibrium climate sensitivity, linking this teleconnection to the higher

climate sensitivity in CMIP6 models—the "hot model" problem.

In Chapter 4, I assess the SO–SEP relationship on interannual timescales using 26 CMIP6 mod-

els and observations. Both models and observations show robust positive correlations, even after

removing the effects of El Niño-Southern Oscillation (ENSO)-related variability, tropical decadal

variability, and the forced response. The constraining effects of shortwave cloud feedback and

ocean heat uptake variability remain consistent with the previous chapter. The observed SO–SEP

correlation shows that the SO-SEP relationship is underestimated in models, pointing to a domi-

nant role of cloud feedback over ocean heat uptake variability in affecting the strength of such a

relationship.

Together, these findings demonstrate that the SO–SEP relationship is an intrinsic and robust

feature of the climate system. They underscore the importance of accurately simulating both

shortwave cloud feedback and ocean heat uptake variability to improve this relationship in cli-

mate models, with implications for reducing the SST trend biases in climate simulations and for a

warmer climate in projections.
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CHAPTER 1 INTRODUCTION

If I drop an air parcel from a cliff one kilometer above the Earth’s surface, how long will it take

to reach the ground? I can solve this problem by constructing a model using kinematic equations,

assuming that gravity is the only force acting on the parcel and that its properties do not change

during the fall. Under these conditions, the answer is approximately 14 seconds. This is a simple

example of building a model to simulate the motion of an object and determine a specific outcome.

What if the problem is complicated by an upward wind from below exerting a constant force on

the air parcel? Then I would need to include additional equations—specifically, Newton’s second

law and the equation for density. My model would also require new assumptions, e.g., no forces

other than gravity and wind affect the air parcel and the parcel’s temperature and pressure remain

constant to maintain its density. What about further extending this problem to different heights in

the atmosphere, considering a much larger air parcel in the Earth’s large-scale circulation system,

and accounting for changes in temperature and pressure as the air moves? Can I still determine

the time it takes for the air to travel a certain distance? Or, can I determine how the motion and

characteristics of the air change over a specific period? Questions like these have motivated the

development of climate models of various complexities over the decades.

The first true climate model was constructed in 1969 by Manabe and Bryan, featuring a three-

dimensional coupled ocean and atmosphere model with idealized topography (Manabe and Bryan,

1969). This pioneering model considered ocean-atmosphere interactions, one of the fundamental

ingredients of the climate system, thereby marking a milestone in the development of climate mod-

els. Six years later, Manabe and Wetherald (1975) reported the first simulation of global warming

with a three-dimensional climate model that showed responses of the climate system to a doubling

of the CO2 concentration. They provided predictions—including a warmer troposphere, a cooler

stratosphere, polar amplification, and higher specific humidity—that have now been observed in

the real world. These early models were built upon decades of theoretical basis and modeling

efforts, using dynamical cores to solve physical equations and adopting parameterizations for un-
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resolved processes. They have inspired subsequent advances in climate modeling, leading to in-

clusions of land, ice, and biogeochemical processes and the improvement of each component over

time (Randall et al., 2019).

Applications of climate models typically aim to achieve two main goals: (1) simulating the

climate system as closely as possible to observations, and (2) predicting future climate as reliably

as possible. These two goals are not independent, according to the emergent constraint theory

(Hall et al., 2019). The first goal is often addressed by perturbing climate models to identify their

current limitations. For example, Kay et al. (2016) modified the shallow convection detrainment in

an atmosphere-only model to match observed values, significantly reducing long-standing short-

wave radiation biases over the Southern Ocean. The second goal generally involves conducting

statistical analyses on climate model outputs under different forcing scenarios to assess uncertain-

ties and interpret the range of projections. For example, Ceppi and Nowack (2021) demonstrated

the key role of cloud feedbacks in explaining the intermodel spread in equilibrium climate sen-

sitivity (ECS). They used observations and climate model simulations—including historical runs

and future emission scenarios from phases 5 and 6 of the Coupled Model Intercomparison Project

(CMIP)—and highlighted implications of cloud feedbacks for a likely warmer future climate.

Despite decades of development, climate models still have serious problems, raising concerns

about the fidelity of their simulations and projections. On the one hand, climate models continue

to suffer from large biases in their simulations, such as the double-Intertropical Convergence Zone

(ITCZ) bias (e.g., Tian and Dong, 2020). This bias manifests itself as erroneously excessive precip-

itation in the Southern Hemisphere tropics and has recently been linked to sea surface temperature

(SST) biases over the Southern Ocean (e.g., Hwang and Frierson, 2013; Kay et al., 2016; Kang

et al., 2018a).

The connection between the biases over the Southern Ocean and the tropics was first shown in

Hwang and Frierson (2013) using CMIP5 historical simulations, offering a new extratropical per-

spective on explaining the tropical biases. Successive studies have conducted perturbation exper-

iments across models of various complexities to test the connection between the Southern Ocean
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climate and the double-ITCZ bias. Robust improvements in the double-ITCZ bias are shown in

models of different complexities after perturbing the Southern Ocean climate by reducing short-

wave radiation influx (Mechoso et al., 2016), reducing cloud biases (Kay et al., 2016), increasing

ocean heat uptake (Hwang et al., 2017), increasing albedo (Hawcroft et al., 2017; Haywood et al.,

2016; Green and Marshall, 2017), applying thermal forcings (Kang et al., 2018b), and perturbing

heat flux divergence (Liu et al., 2020).

On the other hand, in addition to the large biases in climate simulations, climate models have

large model spreads in their projections, such as the uncertainty in ECS, which has recently been

narrowed to a likely range of 2.5°C–4.0°C (Forster et al., 2023). ECS quantifies the degrees of

equilibrium global warming in response to a doubling of atmospheric CO2. Part of its uncertainty

is linked to the spatial pattern of SST change under global warming—known as the pattern effect

(e.g., Stevens et al., 2016).

The pattern effect describes how changes in the SST pattern affect the global radiative feedback

of the climate system. It helps explain the increased (less-negative) global radiative feedback

simulated in idealized warming scenarios driven by increased CO2, which can lead to a higher ECS

(e.g., Armour et al., 2013; Andrews et al., 2015; Ceppi and Gregory, 2017). In CMIP6 models, the

increased global radiative feedback primarily originates in the eastern tropical Pacific (Dong et al.,

2020). As the eastern tropical Pacific warms and becomes warmer than the western tropical Pacific,

the tropical Pacific is expected to exhibit an "El Niño-like" warming pattern. This warming pattern

is accompanied by a positive cloud feedback in the eastern tropical Pacific, leading to reduced

shortwave reflectance due to reduced low clouds and resulting in a larger ECS as the climate system

equilibrates (e.g., Ceppi and Gregory, 2017; Andrews and Webb, 2018). The intermodel spread of

the pattern effect in CMIP6 models can be attributed to SST changes in the eastern tropical Pacific,

suggesting an important role of this region in explaining the model spread of ECS (Dong et al.,

2020).

The eastern tropical Pacific SST can be affected by the Southern Ocean, as expected given

the relationship between the Southern Ocean climate and tropical precipitation discussed above.
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In both slab-ocean and fully coupled climate models, perturbing the Southern Ocean to cool or

warm results in robust decreases or increases in eastern tropical Pacific SST, respectively. (e.g.,

Mechoso et al., 2016; Hwang et al., 2017; Kang et al., 2018b; Xiang et al., 2018; Lin et al., 2021).

In fully coupled models, Southern Ocean perturbations drive corresponding SST changes in the

eastern tropical Pacific through multiple mechanisms, including stratocumulus cloud feedbacks,

climatological winds, and oceanic upwelling along the west coast of South America, and the wind-

evaporation-SST (WES) feedback in the subtropical Pacific (Kim et al., 2022; Mechoso et al.,

2016; Kang et al., 2020; Zhang et al., 2021). This teleconnection between the Southern Ocean and

the eastern tropical Pacific elevates the importance of the Southern Ocean in climate projections,

implying a higher ECS as Southern Ocean warming accelerates with continued climate change

(Kang et al., 2023a).

In this dissertation, I investigate the relationship between the Southern Ocean and the south-

eastern tropical Pacific using CMIP6 climate model outputs. Using coupled model outputs instead

of applying perturbations on the simulated climate system avoids additional changes to the sim-

ulated climate. For example, Deser et al. (2020) isolated the effect of aerosol forcing, showing

a negative SST trend in both global-mean temperature and the eastern tropical Pacific after the

1950s. This raises the question of whether the cooling signals over the eastern tropical Pacific

in Southern Ocean perturbation experiments originate from the Southern Ocean or result from the

overall cooling of the global climate system. While existing literature mostly focuses on the eastern

tropical Pacific, this dissertation focuses on the southeastern tropical Pacific, specifically because

that is where delayed warming appears in coupled model simulations, aligning with the delayed

warming in the Southern Ocean (will be discussed in Chapters 2 and 3). Using either region in the

analysis generally does not affect my conclusions.

In Chapter 2, I analyze the relationship between the Southern Ocean and the southeastern

tropical Pacific SST measured by interannual correlations using pre-industrial control simulations

and forced simulations with an abrupt quadrupling of CO2 from CMIP6. I also investigate the effect

of four physical processes—stratocumulus cloud feedbacks, total wind speed, ocean heat uptake
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along the west coast of South America, and the WES feedback in the subtropical Pacific—on this

relationship in coupled model outputs. My results align with previous studies in highlighting the

key role of stratocumulus cloud feedbacks in controlling the strength of this relationship, while

also revealing an important role for ocean heat uptake.

In Chapter 3, I shift focus to the cross-model relationship between 30-year SST trends in the

Southern Ocean and the southeastern tropical Pacific using transient historical simulations from

CMIP6. Compared to Chapter 2, which focuses on interannual variability in idealized experi-

ments, this chapter examines the relationship between the Southern Ocean and the southeastern

tropical Pacific using multi-decadal trends in a more realistic historical climate context. The influ-

ence of stratocumulus cloud feedback and ocean heat uptake is again assessed, revealing opposing

constraints on this relationship: if I strengthen the cloud feedback in models to match observa-

tions, the Southern Ocean-southeastern tropical Pacific relationship would be strengthened; if I

strengthen the ocean heat uptake variability in models, the relationship would be weakened.

In Chapter 4, I return to interannual correlations as in Chapter 2, but using the transient his-

torical simulations as in Chapter 3, which allows a direct comparison between the simulated and

the observed Southern Ocean–southeastern tropical Pacific relationship. The constraining effects

of stratocumulus cloud feedback and ocean heat uptake remain consistent with those identified in

Chapter 3. Including observed Southern Ocean–southeastern tropical Pacific correlations reveals

the dominant role of the cloud feedback relative to the ocean heat uptake, though the latter is

non-negligible. Improving the Southern Ocean-southeastern tropical Pacific relationship solely by

enhancing the cloud feedback may lead to an overestimation of the relationship. Therefore, both

the cloud feedback and the ocean heat uptake should be jointly considered when improving the

Southern Ocean-southeastern tropical Pacific relationship in climate models.
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CHAPTER 2 THE RELATIONSHIP BETWEEN THE SOUTHERN OCEAN AND THE

SOUTHEASTERN SUBTROPICAL PACIFIC IN UNFORCED AND FORCED CLIMATE

MODEL SIMULATIONS 1

2.1 Introduction

The observed sea surface temperatures (SSTs) over the Southern Ocean and the eastern tropical

Pacific have exhibited cooling trends since the 1970s, while climate models have struggled to

reproduce such trends (e.g., Watanabe et al., 2024; Kostov et al., 2014; Rugenstein et al., 2023).

In the eastern tropical Pacific, climate models have simulated a warming trend, which could be

caused by incorrect internal variability, teleconnections, or responses to anthropogenic forcing

(e.g., Watanabe et al., 2021a; Olonscheck et al., 2020; Seager et al., 2022; Wills et al., 2022). For

example, the erroneously simulated SST trends could be related to model misrepresentation of the

Pacific trade winds, the interbasin warming pattern, the cold tongue SST, or the equatorial cloud

feedback (e.g., England et al., 2014; Kajtar et al., 2018; Zhang et al., 2019b; Seager et al., 2019;

Luo et al., 2018). Similarly, climate models have simulated a warming trend in the Southern Ocean.

The discrepancy between the modeled and observed SST trends in the Southern Ocean could be

related to incorrect simulations of internal variability, biases in Antarctic meltwater, the Southern

Annular Mode, and cloud-related shortwave radiation, or misrepresentations of modeled responses

to ozone depletion and greenhouse gas forcing (e.g., Zhang et al., 2019a; Rye et al., 2020; Purich

et al., 2016; Kostov et al., 2018; Hartmann, 2022; Yeager et al., 2023).

The warm bias over the Southern Ocean might be related to the tropical Pacific. Hwang

and Frierson (2013) linked the Southern Ocean to the tropics in Coupled Model Intercompari-

son Project Phase 5 (CMIP5) models by demonstrating an inter-model relationship between stra-

tocumulus cloud radiative forcing biases over the Southern Ocean and the double-Intertropical

Convergence Zone biases. Successively, studies have analyzed models of various complexity to

1Zheng, Y., Rugenstein, M., and Alessi, M. J. The Relationship between the Southern Ocean and the Southeastern

Subtropical Pacific in Unforced and Forced Climate Model Simulations. Accepted by Journal of Climate.
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test how thermal changes in the Southern Ocean SST drive changes in the eastern tropical Pacific

SST.

Imposed cooling on the Southern Ocean reduces the SST over the eastern tropical Pacific.

In atmospheric models coupled with a slab ocean, a Southern Ocean cooling induced by various

perturbations results in decreased SST over the eastern tropical Pacific (e.g., Hwang et al., 2017;

Kang et al., 2018a,b). In addition, Dong et al. (2022) revealed a feedback loop between the two

regions by applying a heat flux divergence from the Southern Ocean mixed layer in a slab-ocean

model: the Southern Ocean cooling propagates equatorward by climatological wind advection

which cools the eastern tropical Pacific, triggering a Rossby wave teleconnection that enhances the

Southern Hemisphere subtropical high and trade winds and further amplifies the Southern Ocean

cooling. Similarly, in fully coupled climate models, the emerged cooling over the eastern tropical

Pacific has been attributed to perturbed Southern Ocean cooling through multiple mechanisms,

including stratocumulus-SST feedbacks in the southern subtropics, climatological wind pattern and

oceanic upwelling along the west coast of South America, and the wind-evaporation-SST (WES)

feedback in the tropics (Kim et al., 2022; Mechoso et al., 2016; Kang et al., 2020; Zhang et al.,

2021; Kang et al., 2023a). However, ocean dynamics might dampen some of the tropical response

to a Southern Ocean perturbation (Kay et al., 2016; Hawcroft et al., 2017; Green and Marshall,

2017; Kang et al., 2018b). In short, studies show that the Southern Ocean cooling robustly triggers

an SST response over the eastern tropical Pacific in models with or without a dynamical ocean,

though the SST response in slab-ocean models is stronger than that in fully coupled models (e.g.,

Kang et al., 2020).

Imposed warming in the Southern Ocean increases the SST over the eastern tropical Pacific.

This teleconnection is tangentially shown in several studies without being explicitly explained.

For example, in a slab-ocean model, SSTs in the eastern tropical Pacific increased following an

imposed weakening of the ocean heat uptake in the Southern Ocean (Fig. 3 in Lin et al., 2021). In

fully coupled climate models, similarly, the eastern tropical Pacific warms in response to increased

shortwave radiation over the Southern Ocean (Fig. 13a in Yu and Pritchard, 2019; Fig. 5a in

7



Xiang et al., 2018). Whether Southern Ocean warming affects the eastern tropical Pacific via the

same pathway and efficiency as Southern Ocean cooling (as discussed in the previous paragraph)

is unknown.

Given the robust relationship between the SSTs over the Southern Ocean and the eastern trop-

ical Pacific in climate models, I hypothesize that: (1) This relationship holds in a pre-industrial

climate without external forcing (hereinafter referred to as unforced climate), when both regions

warm or cool; (2) This relationship holds in an externally forced climate by CO2 increase, when

both regions show delayed warming.

In my first hypothesis, I propose that the relationship between the Southern Ocean and the east-

ern tropical Pacific SSTs holds in a climate without external forcing when both regions warm or

cool. I base this hypothesis on the presence of climatological wind advection that transports sig-

nals from the Southern Ocean equatorward and potentially induces a connection between these two

regions, regardless of imposed warming or cooling on the Southern Ocean (e.g., Yu and Pritchard,

2019; Kim et al., 2022; Dong et al., 2022). This hypothesis is supported by a strong correlation

between SST trends over the eastern tropical Pacific and the Southern Ocean using the Last Mil-

lennium Reanalysis dataset (Dong et al., 2022), suggesting a relationship between the two regions

in a climate without external forcing.

In my second hypothesis, I argue that the delayed warming in the Southern Ocean and the east-

ern tropical Pacific, simulated in coupled climate models under increased CO2, are linked. Unlike

the observed cooling trends and the projected warming trends (e.g., Rugenstein et al., 2023; Cai

et al., 2023), the delayed warming pattern over the eastern tropical Pacific and the Southern Ocean

arises in response to an idealized, instantaneous forcing, e.g., an abrupt doubling or quadrupling of

CO2 at the start of simulations (e.g., Clement et al., 1996; Held et al., 2010; Heede and Fedorov,

2021). Under such abrupt external forcing, the climate system responds with widespread warming,

while the eastern tropical Pacific and the Southern Ocean warm less than other regions, which I

refer to as delayed warming (e.g., Senior and Mitchell, 2000; Armour et al., 2013). I would like to

emphasize that the delayed warming used here does not refer to a temporal difference of warming
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between an early and late period (e.g., Andrews et al., 2015). Rather, I use this term to describe

the spatial pattern of warming differences, i.e., the Southern Ocean and the eastern tropical Pacific

warm less than other regions (e.g., Bloch-Johnson et al., 2024; Armour et al., 2016). This delayed

warming pattern over the Southern Ocean and the eastern tropical Pacific is due to climatologi-

cal ocean circulation that induces circumpolar upwelling and transports surface water equatorward

and the equatorial upwelling of cold waters, respectively (e.g., Armour et al., 2016; Clement et al.,

1996; Held et al., 2010; Heede et al., 2020, 2021; Heede and Fedorov, 2021). Importantly, the SST

pattern over the eastern tropical Pacific can influence global radiative feedbacks and global-mean

temperature (e.g., Andrews and Webb, 2018; Dong et al., 2019; Alessi and Rugenstein, 2023). The

exact pace and magnitude of the eastern tropical Pacific warming are also relevant for global-mean

warming trends and regional climate trends such as in central American and Southwest U.S. precip-

itation (e.g., Kosaka and Xie, 2016; Seager et al., 2019; Deser et al., 2017; Alessi and Rugenstein,

2023; Dettinger et al., 1998).

I test the two hypotheses across models from the CMIP6 multi-model archive, i.e., no per-

turbations are applied to the Southern Ocean. I introduce the analyzed models and variables in

Section 2.2. While I use lag-0 correlations and regressions to represent the relationships between

the Southern Ocean and the eastern tropical Pacific, my main focus is on the teleconnections from

the Southern Ocean to the tropics. In Section 2.3, I walk through the two hypotheses and test this

directional relationship by removing dominant tropical variabilities. After analyzing the relation-

ship between the Southern Ocean and eastern tropical Pacific SSTs, I investigate the impacts of

stratocumulus cloud feedback, oceanic upwelling, WES feedback, and total wind speed on such

a relationship in Section 2.4, following the Southern Ocean teleconnection pathway proposed in

Kim et al. (2022). In Section 2.5, I discuss the implications of my findings and summarize the

results.

2.2 Model Output

I analyze model output from unforced pre-industrial control simulations (piControl) and forced

simulations with an abrupt quadrupling of CO2 (abrupt-4xCO2) across 53 CMIP6 models (sum-
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marized in Table 1). I use the abrupt-4xCO2 simulation because it has a better signal-to-noise ratio

than a doubling of CO2, and it shows only the SST response to CO2 and not other forcing agents

like aerosols (e.g., Heede and Fedorov, 2021; Hwang et al., 2024). I use annual data to remove

the seasonal cycle. The selected models have varying spatial resolutions, so I re-grid all model

output from their original spatial resolutions to 2.5° x 2.5° resolution. While all abrupt-4xCO2

simulations span 150 years, the length of piControl simulations differs among models, and I focus

on the last 150 years of piControl simulations for models with longer lengths. My results are not

sensitive to different 150-year periods selected from piControl simulations.

I analyze SST (tos; available in all selected models) in Section 3 to analyze the warming over

the Southern Ocean and the eastern tropical Pacific and their relationship. Following the methodol-

ogy of Kim et al. (2022), I calculate the stratocumulus cloud feedback from SST and the shortwave

cloud radiative effect (calculated by rsut-rsutcs; available in 48 of the selected models). I use the

net surface heat flux (calculated by rlds-rlus+rsds-rsus-hfss-hfls; available in 49 of the selected

models) to quantify ocean heat uptake along the west coast of South America. I analyze the WES

feedback based on SST, near-surface zonal wind, surface latent heat flux (hfls), and sea-level pres-

sure (psl); WES feedback can be quantified for 35 of the selected models. I analyze wind by

using near-surface total wind speed (uas, vas; available in 37 of the selected models). Detailed

definitions and calculations of the analyzed physical processes are provided in Section 4.

I analyze the effect of the Southern Ocean teleconnection on the eastern tropical Pacific within

a triangle in the southeastern subtropical Pacific region (SEP; 47°S-10°S, 180°E-71°W; shown as

the black triangle in Fig. 2.1a). This SEP region is selected based on the emergence of delayed

warming (see Section 3c), which differs from the eastern tropical Pacific regions examined in

previous studies (e.g., Kim et al., 2022; Dong et al., 2022). Extending the SEP triangle northward

to the equator does not qualitatively affect my results. The degree to which models allow the SST

signals from the Southern Ocean to penetrate to the equatorial region is strongly model-dependent

and not well understood yet. For the Southern Ocean, I focus on a sector in the South Pacific (SO;

60°S-45°S, 160°E-70°W; shown as the white box in Fig. 2.1a) due to its strongest relation with
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tropical SSTs. Expanding the SO box across the longitudinal band reveals a weaker yet similar

relationship between the SO and the SEP, consistent with the findings in Dong et al. (2022) that

the Pacific sector of the Southern Ocean has the strongest relationship with the tropical Pacific.

Table 2.1: CMIP6 models used in this study.

Institution Model Reference Institution Model Reference

CSIRO-

ARCCSS

ACCESS-CM2 Dix et al. (2019) NOAA-GFDL GFDL-CM4 Guo et al. (2018)

CSIRO ACCESS-ESM1-5 Ziehn et al. (2019) NOAA-GFDL GFDL-ESM4 Krasting et al. (2018)

AWI AWI-CM-1-1-MR Semmler et al. (2018) NASA-GISS GISS-E2-1-G NASA/GISS (2018a)

BCC BCC-CSM2-MR Xin et al. (2018) NASA-GISS GISS-E2-1-H NASA/GISS (2018b)

BCC BCC-ESM1 Zhang et al. (2018) NASA-GISS GISS-E2-2-G NASA/GISS (2019a)

CAMS CAMS-CSM1-0 Rong (2019) NASA-GISS GISS-E2-2-H NASA/GISS (2019b)

NCAR CESM2-FV2 Danabasoglu (2019a) MOHC HadGEM3-

GC31-LL

Ridley et al. (2018)

NCAR CESM2-WACCM-FV2 Danabasoglu (2019c) MOHC HadGEM3-

GC31-MM

Ridley et al. (2019)

NCAR CESM2-WACCM Danabasoglu (2019d) MPI-M ICON-ESM-LR Lorenz et al. (2021)

NCAR CESM2 Danabasoglu (2019b) INM INM-CM4-8 Volodin et al. (2019a)

THU CIESM Huang (2019) INM INM-CM5-0 Volodin et al. (2019b)

CMCC CMCC-CM2-SR5 Lovato and Peano (2020) IPSL IPSL-CM6A-LR Boucher et al. (2018)

CMCC CMCC-ESM2 Lovato et al. (2021) KIOST KIOST-ESM Kim et al. (2019)

CNRM-

CERFACS

CNRM-CM6-1 Voldoire (2018) UA MCM-UA-1-0 Stouffer (2019)

CNRM-

CERFACS

CNRM-ESM2-1 Seferian (2018) MIROC MIROC-ES2L Hajima et al. (2019a)

CCCma CanESM5-1 Swart et al. (2019b) MIROC MIROC6 Tatebe and Watanabe (2018)

CCCma CanESM5 Swart et al. (2019a) HAMMOZ-

Consortium

MPI-ESM-1-2-HAM Neubauer et al. (2019)

E3SM-Project E3SM-1-0 Bader et al. (2019) MPI-M MPI-ESM1-2-HR Jungclaus et al. (2019)

E3SM-Project E3SM-2-0-NARRM Bader et al. (2023) MPI-M MPI-ESM1-2-LR Wieners et al. (2019)

E3SM-Project E3SM-2-0 Bader et al. (2022) MRI MRI-ESM2-0 Yukimoto et al. (2019)

EC-Earth-

Consortium

EC-Earth3-AerChem EC-Earth (2020b) NUIST NESM3 Cao and Wang (2019)

EC-Earth-

Consortium

EC-Earth3-CC EC-Earth (2020a) NCC NorESM2-LM Seland et al. (2019)

EC-Earth-

Consortium

EC-Earth3-Veg-LR EC-Earth (2020c) NCC NorESM2-MM Bentsen et al. (2019)

EC-Earth-

Consortium

EC-Earth3-Veg EC-Earth (2019b) SNU SAM0-UNICON Park and Shin (2019)

EC-Earth-

Consortium

EC-Earth3 EC-Earth (2019a) MOHC UKESM1-0-LL Tang et al. (2019)

CAS FGOALS-f3-L YU (2018) MOHC UKESM1-1-LL Mulcahy et al. (2022)

FIO-QLNM FIO-ESM-2-0 Song et al. (2019)

I assess the relationship between the SO and the SEP in the: (1) unforced climate using piCon-

trol simulations; (2) forced climate with a strong CO2 increase (abrupt-4xCO2 forcing); and (3)

pattern of the forced response relative to the global-mean warming. The relationship between the
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two regions is assessed in two ways. First, I measure the relationship within each model across

time, which measures the covariation of the interannual variability of the SO and SEP SSTs over

an analyzed period. Second, I measure the relationship across models averaged over an analyzed

period, which quantifies the inter-model relationship between the long-term mean SO and SEP

SSTs.

2.3 The Relationship Between the Southern Ocean and the Southeastern Subtropical Pa-

cific

2.3.1 In an Unforced Climate

Within each model, the unforced SST over the SO and the SEP are positively correlated. With-

out external forcing, the SEP shows relatively cooler SSTs than the surrounding areas (Fig. 2.1a),

which might be attributed to the land distribution (Philander et al., 1996; Takahashi and Battisti,

2007) and a combined effect of subtropical cloud feedback and the WES feedback. Disentangling

the cause and effect of the highly coupled mechanisms—comprising wind, SST, subtropical cloud

feedback, and evaporation—remains challenging and warrants further investigation. Correlating

all grid points in the South Pacific to the SST averaged over the SEP triangle (Fig. 2.1b) and

over the SO box (Fig. 2.1c) exhibits a clear horseshoe pattern of statistically significant correla-

tions connecting the two regions, consistent with the correlation map shown in Dong et al. (2022).

This correlation measures the instantaneous relationship between the SO and the SEP SSTs, and

I recognize the effects of El Niño-Southern Oscillation (ENSO) teleconnections that could induce

a positive correlation from the tropics to the SO (as reviewed in Li et al., 2021). I tested the ef-

fect of ENSO by regressing out the SSTs averaged over the Niño 3.4 region, which reduced the

model-mean SO-SEP correlation by 25% (not shown). Hence, the relationship between the SO

and the SEP (Fig. 2.1c) is affected by ENSO but not predominantly. Furthermore, I applied a

10-year high-pass filter to remove the effect of decadal variability in the tropical Pacific on the SO

(e.g., Schneider and Deser, 2018), which showed no significant change in the model-mean SO-SEP

correlation (not shown).
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Figure 2.1: Overview of the unforced SSTs and the SO-SEP relationship in piControl. (a) Multi-model-

mean SST map averaged over 150 years. The black and white boxes represent the SEP and SO regions,

respectively. (b) Multi-model-mean correlations between unforced SSTs at each grid point and the area-

weighted average of the SEP SST. A similar correlation map between each grid point and the SO SST is

shown in (c). The correlations are calculated within each model’s 150-year annual timeseries. (d) Model

spread of the SEP and SO SST timeseries. (e) Relationship between SO and SEP SSTs across models. Each

circle represents an individual model averaged over the 150 years shown in (d).

Across models, the unforced SSTs over the SO and the SEP are also positively related. The

SO SST shows a larger model spread than the SEP SST (Fig. 2.1d), attributing to biases in ocean

stratification, cloud cover, sea ice, and westerly wind, along with other unresolved complex physi-

cal processes within the SO (e.g., Meijers, 2014; Kajtar et al., 2021; Cai et al., 2023). Models with

a warmer SO SST tend to have a warmer SEP SST, with the SO SST spread explaining 27% of

the SEP SST spread (Fig. 2.1e). Despite a relatively low R2 value, the regression slope is signifi-

cantly different from zero according to a t-test (p<0.05), and the linear fit of the regression model

is also significant according to an F-test (p<0.05), suggesting that the mean-state biases of SSTs

in the two regions are robustly related. In summary, the SO and SEP SSTs in the unforced climate
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are positively related both in single models across time (by internal variability) and across models

averaged over time (by mean-state biases), supporting my first hypothesis.

2.3.2 In a Forced Climate to abrupt-4xCO2 Forcing

Under the abrupt-4xCO2 forcing, the SO and SEP warm less than surrounding areas. SST

anomalies are calculated for each grid point by subtracting the linear regression fit of the time-

series of piControl simulations from abrupt-4xCO2 simulations. In the first 50 years following a

quadrupling of CO2, both the SO and SEP show a model-mean SST warming approximately 1K

less than that of the surrounding areas (Fig. 2.2a). This delayed warming over the SO and SEP

forms a horseshoe pattern of SST anomalies (Fig. 2.2a). Changing the length of the 50-year period

to 20-, 40- or 60-year does not affect the spatial distribution of SST anomalies and the results of

the following analyses.

Within each model, correlations between SO and SEP SST anomalies are larger than those

in piControl simulations, indicating that the relationship between the two regions is stronger due

to radiative forcing. I calculate correlations between SO and SEP SST anomalies for a sliding

window of 50 years (the silver lines in Fig. 2.2b), and I compare them to the ones calculated in

piControl simulations over the entire 150 years (the red bar in Fig. 2.2b). The correlations between

SO and SEP SST anomalies show temporal variations that peak in the first 50 years, implying a

dominant role of forced trends. As the climate system moves towards equilibrium, the 50-year

running correlations decrease until the model-mean correlation coefficient (the end value of the

black line in Fig. 2.2b) approaches the piControl value (the red dot in Fig. 2.2b). Regressing out

ENSO variability reduced the model-mean correlation by 13%, while the SO and SEP remained

strongly correlated at 0.77 (not shown). Applying a 10-year high-pass filter not only removes

tropical Pacific decadal variability but the global-mean warming trends, reducing the model-mean

correlation by 25% (not shown).

Across models, the SST anomalies over the SO and the SEP are positively related. The inter-

model spread of the SO SST anomaly is larger than that of the SEP, with both regions showing an

increase in modeled SST spread over time until the end of the simulation (Fig. 2.2c). In the first
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Figure 2.2: Overview of SST anomalies between piControl and abrupt-4xCO2 and the SO-SEP relationship

in response to an abrupt-4xCO2 forcing. (a) Multi-model-mean SST anomalies averaged over years 1-50. (b)

Temporal variations of correlations between SO and SEP SST anomalies within each model. The red circle

and error bar show the model mean and spread of correlations between SO and SEP SST in piControl, similar

to Fig. 2.1c. Lines show 50-year running correlations between SO and SEP SST anomalies in individual

models (grey) and as the model-mean (black). (c) Model spread of the SEP and SO SST anomalies. (d)

Relationships between SO and SEP SST anomalies averaged over years 1-50 (grey) and years 100-150

(black) across models. The dashed line is the 1-1 line. Each circle represents an individual model.

50 years, 87% of the models show greater warming in the SEP than in the SO (as indicated by the

points above the dashed 1-1 line in Fig. 2.2d). Over time, the SEP SST warms more in models

with stronger SO warming, as indicated by a slightly more positive regression slope in the last 50

years than that in the first 50 years (Fig. 2.2d). The strong positive relationships between SO and

SEP SST anomalies can be explained by the global-mean temperature. Global-mean warming is

used to calculate the equilibrium climate sensitivity, which quantifies the Earth system’s response

to increased CO2 and has a large uncertainty range across models (e.g., Sherwood et al., 2020). A

model with a higher climate sensitivity likely warms more in both regions (not shown), indicating a

confounding role of the global-mean warming in connecting the SO and SEP. Therefore, in the next
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section, I remove the effect of model-dependent global-mean warming and study the relationship

between the pattern of the SO and SEP SST.

2.3.3 In the pattern of the forced response

Under external forcing, local SSTs respond with varying warming rates and magnitudes across

different regions, creating a spatial pattern of SST anomalies. I isolate this SST pattern from the

global-mean SST anomaly to analyze whether the SO and the SEP are related. I calculate the

SST pattern in each model by dividing SST anomalies at each grid point by the global-mean SST

anomaly at each timestep, implying the global-mean of the SST pattern at any given timestep

equals one.

A delayed (relative to the global-mean) warming pattern emerges over the SO and the SEP

(Fig. 2.3a). It is worth noting that, unlike many experiments of the imposed cooling or warming

on the Southern Ocean that penetrates all the way into the equatorial Pacific (within 10°S-10°N;

e.g., Mechoso et al., 2016; Hwang et al., 2017; Lin et al., 2021; Kim et al., 2022; Dong et al., 2022),

the delayed warming pattern in all CMIP6 models stops at around 10°S. I choose the SEP region

based on this multi-model-mean pattern shown in Fig. 2.3a, even if it does not lie inside of the

tropical Pacific region. Extending the SEP triangle northward to the equator does not qualitatively

affect my results. The reasons why such a delayed warming does not penetrate into the equator

remain unknown and warrant further investigation.

The delayed warming pattern persists over time. SST pattern timeseries averaged over the

SO and SEP equilibrate within 10 years (Fig. 2.3d), faster than the timeseries of SST anomalies

shown in Fig. 2.2c. After reaching equilibrium, the SST pattern in the SO and SEP in most models

stay below 1K/K, indicating a delayed warming over the SO and SEP relative to the global-mean

temperature. This persistency of the delayed warming can also be seen in the scatter plot (Fig.

2.3e). In the first 50 years, all but two models (INM-CM4-8 and MCM-UA-1-0) show delayed

warming over the SO (SST pattern in SO>1.0). In the last 50 years, more than 90% of the models

still show a delayed warming over the SO and SEP. Changing the length of the 50-year period to
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20-, 40- or 60-year does not affect the spatial distribution of the SST pattern and the results of the

following analyses.
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Figure 2.3: Overview of SST pattern and SO-SEP relationships. (a) Multi-model-mean SST pattern map

averaged over years 1-50. (b) Temporal variations of correlations between the SO and SEP SSTs in each

model, similar to Fig. 2.2b but with the global-mean temperature removed from the SSTs. The red circle and

error bar show the model mean and spread of correlations between SO and SEP SSTs in piControl, from

which the global-mean temperature is also removed by dividing the unforced SSTs on each point by the

unforced global-mean SST. (c) Multi-model-mean correlations over the entire 150 years between the SST

pattern at each grid point and the area-weighted average of the SST pattern over the SO. (d) Model spread

of the SST pattern timeseries averaged over the SO and SEP. Six models show SST pattern in these two

regions smaller than -1.0 at the first time step, which are cropped to zoom in on the remaining timeseries.

(e) Relationships between the SO and SEP SSTs without global-mean temperature averaged over years 1-50

(grey) and years 100-150 (black) across models.

Within each model, the delayed warming in the SO and SEP are positively correlated. Unlike

the correlations between the SO and SEP SST anomalies (Fig. 2.2b), the correlations in Fig. 2.3b

do not peak in the first 50 years due to the removal of global-mean warming and the large model

spread in the evolutions of the SST pattern in both regions in the first 10 years (Fig. 2.3d). The

model discrepancies in the evolution of the SST pattern will be further discussed in Section 3c(1).
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As the climate system approaches equilibrium, the running correlations increase, approaching the

piControl level (Fig. 2.3b). This indicates that the correlation between the SST pattern in the

SO and SEP is driven by the internal variability after global-mean warming is removed. The

correlation map (Fig. 2.3c) resembles the one in the piControl simulation (Fig. 2.1c), but with

weaker correlations in a more confined area. Regressing out ENSO variability reduces the model-

mean SO-SEP correlation by 20%, leaving a weak correlation of 0.2. Filtering out tropical Pacific

decadal variability has little effect (not shown), indicating SO and SEP are linked on a timescale

of less than 10 years.

Across models, the delayed warming in the SO and the SEP are positively related. Models

with stronger delayed warming in the SO—i.e. more relative cooling over the SO—also display

stronger delayed warming in the SEP (Fig. 2.3d). The SST pattern timeseries in the SO exhibits a

larger model spread than that over the SEP, with both regions showing a stabilized spread within

the first 10 years (Fig. 2.3c). In the first 50 years, the spread of the SO SST accounts for only 19%

of that in the SEP (Fig. 2.3d). This low R2 value, similar to the low correlation in the first 50 years,

is due to the large model spread in the SST in the first 10 years (Fig. 2.3a). Removing the first 10

years results in an R2 value of 24%. As the model spreads decrease over time, the R2 in the last 50

years increases to 38% (Fig. 2.3d). Using the entire timeseries, the relationship between the SO

and SEP SST across models exhibits an R2 value of 30% (not shown), higher than the R2 value

in Fig. 2.1e, indicating a stronger SO-SEP relationship in a forced climate than in the unforced

climate even if the global-mean warming is removed. In summary, the delayed warming in the SO

and SEP in the forced climate without global-mean warming signals are positively related in single

models across time and across models averaged over time, supporting my second hypothesis.

Model discrepancies in SST pattern

Models differ in spatial variations and magnitude of the delayed warming pattern. I exem-

plify this model diversity by picking two models—CESM2 and EC-Earth-AerChem—based on

their distinct correlations between the SO and SEP SST in the forced climate without global-

mean warming. The model discrepancies in the SST pattern cannot be simply categorized into
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two groups, and the aim of this section is to describe the model diversity in the SST pattern and

encourage future research to explore these model discrepancies in depth.
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Figure 2.4: Examples of model discrepancy in the spatial distributions, magnitudes, and correlations of

SST pattern. The top row shows the SST pattern averaged over years 1-50. The middle row shows the SST

pattern timeseries averaged over the SO and SEP regions (note the different y-axis ranges), with the SO-SEP

correlation coefficients shown in the figure. The bottom row shows the correlations over the entire 150 years

between the SST pattern at each grid point and the area-weighted average of the SST pattern over the SO.

In the forced climate, there is a delayed warming pattern in EC-Earth-AerChem and CESM2

in the SO. In the SEP, CESM2 has a stronger delayed warming than EC-Earth-AerChem, with a

clearer horseshoe shape in the South Pacific during the first 50 years (top row in Fig. 2.4). The

relatively weak delayed warming in SEP in EC-Earth-AerChem can be attributed to SEP warming

within the first 10 years, during which SEP SST warms more than the global-mean SST anomaly.

The model-dependent temporal variations reflect different paces of SST responses to external forc-
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ing: EC-Earth-AerChem has a sensitive SEP that warms more rapidly than the global-mean SST,

while CESM2 has a SEP that warms slower than the global-mean SST under CO2 forcing. This

temporal divergence of the SST pattern timeseries contributes to the contrasting positive and neg-

ative SO-SEP correlations in CESM2 and EC-Earth-AerChem, respectively (middle row in Fig.

2.4). The correlation maps further illustrate the different spatial distributions of correlations with

the SO, with CESM2 (EC-Earth-AerChem) showing positive (negative) correlations in SEP (bot-

tom row in Fig. 2.4).

Different definitions of SST pattern

The delayed warming pattern over the SO and SEP is robust when using different methods to

calculate the SST pattern. Studies have calculated the SST pattern by dividing local SST anomalies

by the global-mean warming (hereinafter referred this method to as “division”; e.g., Armour et al.,

2013), subtracting the global-mean warming from local SST anomalies (referred to as “subtrac-

tion”; e.g., Zhou et al., 2016), or regressing local SST anomalies onto the global-mean warming

(referred to as “regression”; e.g., Andrews et al., 2015). Other studies have defined SST pattern by

differencing SST anomalies between late and early periods (e.g., Dong et al., 2019), or applying

a principal component analysis on SST anomalies (referred to as “PCA”; e.g., Xie et al., 2013).

Throughout the paper, I use "division" to calculate the SST pattern because this pattern is easy to

interpret and not sensitive to time period selection.

While the SST pattern calculated by subtraction and division exhibits similar spatial distribu-

tions of SST pattern and correlations (Fig. 2.5a and c with Fig. 2.3a and c), their SST pattern

timeseries differ. In almost all models, the "subtraction" SST pattern timeseries over the SO shows

a sharp decrease in the first 10 years, followed by a gradual increase until the end of the simula-

tion, while the SST pattern timeseries over the SEP steadily decreases over time (not shown). The

different evolutions of the SST pattern arise from different warming rates relative to the global-

mean SST, i.e., the SO SST starts with a similarly small SST value as the global-mean SST, warms

slower than the global-mean (denoted by the sharp decrease in the SST pattern timeseries), and

later catches up (denoted by the gradual increase in the SST pattern timeseries). While the di-
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vision method leads to a large spread in SST pattern timeseries during the first 10 years due to

sensitivities of warming magnitude in the SO and SEP with respect to the global-mean, the sub-

traction method introduces additional temporal variations to almost all models and complicates the

correlation results.
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Figure 2.5: Robust SST pattern and correlations between the SO and every grid point using different meth-

ods. Multi-model-mean SST pattern maps averaged over years 1-50 (similar to Fig. 2.3a) calculated using

subtraction (a), regression (b), and principle component analysis (c). See text for detailed definitions of

these methods. (d-f) Multi-model-mean correlations between the SST pattern at each grid point and the

area-weighted average of the SST pattern over the SO (similar to Fig. 2.3c), using the three methods to

define pattern.

The "regression" SST pattern is very sensitive to the selected period, especially for the SO. The

SO SST warms more slowly than the global-mean warming for less than 50 years, with this length

being highly model-dependent. This explains the absence of delayed warming over the SO in Fig.

2.5b when calculating the "regression" SST pattern over the first 50 years for all models. The cor-

relation for the "regression" SST pattern is derived from 50-year running regressions between local

and global-mean SST anomalies (Fig. 2.5e), yielding a spatial distribution of correlations similar

to that of the "division" SST pattern (Fig. 2.3c). While the correlation in the division method

measures the inter-annual covariation between the SST pattern timeseries in the SO and SEP, the

correlation in the regression method quantifies the covariation between the decadal variability of

the SST pattern timeseries. Therefore, caution is needed when comparing results based on different

methods to quantify SST pattern.
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PCA categorizes different spatial patterns of SST warming based on explained variance. The

first PC accounts for the largest variance explained (over 95% in all models), isolating a spatial

pattern of uniform warming (not shown). The second PC accounts for the second largest variance

explained (ranging from 0.3% to 1.6% across models), isolating a spatial pattern of cooling over the

SO and the SEP regions (Fig. 2.5c), consistent with the delayed warming pattern identified by other

methods. I do not use the "PCA" SST pattern further because it limits the ability to examine the

SO-SEP relationship via correlation. Specifically, as I apply PCA to the spatial covariance matrix

of SST anomalies, the second PC captures a spatial pattern where the time variations of grid points

are the second most covarying with each other. This means that after reconstructing the original

data using only the second PC and producing the "PCA" SST pattern, the temporal variabilities

in different regions (e.g., the SO and the SEP) are inherently highly correlated. Consequently,

correlating the "PCA" SST pattern timeseries between the SO and SEP would yield either 1 or -1,

depending on whether there is a delayed warming or not in grid points. The resulting model-mean

correlation at each grid point is thus a probability of models exhibiting delayed warming, rather

than measuring the covariations between the SST pattern timeseries in the SO and SEP as denoted

by correlations between the "division" SST patterns.

The delayed warming pattern emerging from different methods lies within the SO and SEP

regions, indicating robustness in its spatial distribution. However, there is a slight difference in the

spatial distribution between the SST pattern defined with respect to the global-mean temperature

("division", "subtraction", and "regression") and the "PCA" SST pattern. The delayed warming

pattern calculated relative to global-mean temperature (regardless of which method is used) does

not reach the tropics. The "PCA" delayed warming pattern penetrates into the tropics, which can be

attributed to the statistical nature of PCA. PCA captures covariations between grid points, making

the "PCA" SST pattern more comparable to the correlation maps from other methods (Fig. 2.3c

and Fig. 2.5d-e), which show positive correlations from the SO reaching into the tropics, than to

their SST pattern maps (Fig. 2.3a and Fig. 2.5a-b). Therefore, I highlight that these patterns are

not comparable on a one-to-one basis, and caution has to be taken in their physical interpretation.
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2.4 Physical drivers of the warming pattern and SO-SEP relationship

The previous sections demonstrate a robust relationship between the SO and the SEP SSTs in

the unforced climate and in a forced climate with or without global-mean warming. In this section,

I analyze the impacts of four physical drivers on the correlations between the SO and SEP SSTs

across models: the stratocumulus cloud feedback, ocean heat uptake, WES feedback, and total

wind speed. I test the pathway of the SO teleconnection proposed by Kim et al. (2022) when the SO

is perturbed to cool: cold SST anomalies over the SO are advected equatorward by climatological

wind, amplified by subtropical oceanic upwelling, the stratocumulus cloud feedback, and the WES

feedback.

2.4.1 Stratocumulus cloud feedback in the unforced and forced climate

I calculate the shortwave cloud feedback by regressing the annual local shortwave cloud ra-

diative flux at the top-of-atmosphere (downward positive) against the annual local SST across the

entire timeseries (e.g., Kim et al., 2022; Hedemann et al., 2022). This shortwave cloud feedback

serves as a proxy for the stratocumulus cloud feedback in stratocumulus-dominated regions, such

as off the west coast of South America (black box in Fig. 2.6a, b). In an unforced climate, I refer

to this feedback as "radiative restoration strength", i.e., the radiative response that restores the un-

forced climate back to its equilibrium (e.g., Rugenstein and Armour, 2021). In a forced climate,

radiation moves the climate system to a new equilibrium, so I refer to the change of radiation with

respect to the change of local SST as "cloud feedback".

Averaged over the designated box off the west coast of South America, the radiative restoration

strength (RSwSA) and the cloud feedback (CFwSA) off the west coast of South America are positive

and highly related across models (R2 = 72%; Fig. 2.6c). A positive shortwave cloud feedback

indicates an amplifying effect of stratocumulus clouds on the underlying SSTs (Fig. 2.6a, b), i.e.,

increasing SST reduces the cloud cover, resulting in less reflection of solar radiation and further

increasing the underlying SST. Expanding or shrinking the box by 5°in each direction for RSwSA

and CFwSA does not affect my results.
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Figure 2.6: Overview of physical drivers in the unforced and forced climate over the 150-year period. See

text for detailed definitions. (a) Model-mean restoration strength, with stippling indicating regions of large

model spread as standard deviation (SD) > 2.5 Wm−2K−1. (b) Model-mean shortwave cloud feedback,

stippled where SD > 2 Wm−2K−1. (c) Inter-model relationship between RSwSA and CFwSA. (d)

Model-mean ocean heat uptake in piControl, stippled where SD > 9 Wm−2. (e) Model-mean changes

in ocean heat uptake, stippled where SD > 7 Wm−2. (f) Inter-model relationship between OHUwSA

and ∆OHUwSA. (g) Model-mean WES-related unforced SST (shading) and SLP (contours). Negative

(positive) SLP contours are dashed (solid) with contour interval 60 Pa. (h) As in (g), but for anomalous

SST and SLP. (i) Inter-model relationship between WESp and ∆WESp. (j) Model-mean WES-related

unforced LH (shading) and wind (arrows). (k) As in (j), but for anomalous LH and wind. (l) Model-mean

wind in piControl, stippled where SD > 1.2 m/s. (m) Model-mean changes in wind, stippled where

SD > 0.5 m/s. (n) Relationship between WwSA and ∆WwSA across models. The thresholds of standard

deviations are subjectively selected to highlight regions with large model spread.
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2.4.2 Oceanic upwelling strength in the unforced and forced climate

Strong oceanic upwelling occurs off the west coast of South America, where the Humboldt

current induces Ekman transport, bringing cold waters up to the surface (e.g., Kämpf and Chap-

man, 2016). I calculate the net downward surface heat flux to quantify the ocean heat uptake. I

identify a region off the west coast of South America that absorbs heat in the unforced climate and

experiences reductions in ocean heat uptake in response to the abrupt-4xCO2 forcing (black box

Fig. 2.6d, e). Such a reduction in ocean heat uptake can be attributed to the warming caused by a

weakened eastern boundary current in a warming climate, which can be explained by a poleward

shift of the South Pacific subtropical high (Bograd et al., 2023). The reduction in ocean heat up-

take ranges from 1% to 108% of the unforced heat flux across models, with a model mean of 33%,

meaning the ocean still takes up heat in a warmer climate, but to a lesser extent.

Across models, the unforced ocean heat uptake in the designated box off the west coast of

South America (OHUwSA) is positively related to the anomalous ocean heat uptake within the

same area (∆OHUwSA) (R2 = 28%; Fig. 2.6f). Models with stronger ocean heat uptake in the

unforced climate have smaller reductions in response to the abrupt-4xCO2 forcing. Notably, inter-

model relationships between the unforced ocean heat uptake and its changes under CO2 forcing

are negative, globally and in most regions (not shown), following the “capacity-for-change” theory

(Kajtar et al., 2021). However, a positive relationship emerges in the OHUwSA box, with R2 >

20% in some grid points, indicating that this positive relationship does not appear by chance. The

mechanisms underlying this positive relationship may be related to the coastal upwelling system,

shortwave cloud feedback, wind, and ocean stratification. A detailed analysis is needed to identify

the cause and interplay of the many actors at play. Expanding or shrinking the box by 5°in each

direction for OHUwSA and ∆OHUwSA does not affect my results.

2.4.3 WES feedback in the unforced and forced climate

The positive WES feedback promotes interaction between tropical and extratropical regions

(e.g., Xie and Philander, 1994; Zhang et al., 2014). In this section, I follow the methodology
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of Zhang et al. (2014) to demonstrate the mechanisms of WES feedback in the South Pacific

subtropical region, which enhances the SO-SEP relationship in the unforced and forced climate.

Within the SEP region, the WES feedback is positive. Following Zhang et al. (2014), I analyze

WES-related variabilities of SST, sea-level air pressure (SLP), wind, and latent heat flux (LH)

by regressing these variables onto the normalized unforced SST timeseries averaged over a small

region in the southeast Pacific (19°S–15°S, 103°W–107°W; the green box in Fig. 2.6g-h, j-k)

for each model. The model-mean regressions between these variables and normalized unforced

SST using min-max scaling are shown in Fig. 2.6g, j. The model-mean regressions show that

when the unforced SST in this region increases, the surrounding area (the small triangle in Fig.

2.6g) experiences an increased SST and a weakened subtropical high. This induces anomalous

northwesterly winds that weaken the trade wind and reduce upward LH (Fig. 2.6j), increasing the

downward surface heat flux and further warming the SST. These results align with Zhang et al.

(2014), showing the mechanism of the positive WES feedback. Although not explicitly discussed

in Zhang et al. (2014), the selected box in the southeast Pacific needs to be small enough to avoid

averaging out spatial variations in the WES-related SST, SLP, LH, and wind, while its location

does not qualitatively affect the interplay between these physical quantities. I use the same box as

Zhang et al. (2014) to ensure comparability with their Fig. 1.

The above positive WES feedback mechanism is shown to be at work in an unforced climate.

Similar feedback processes amplify SST warming in a forced climate through the same interplay

between SST, SLP, LH, and wind. However, the global-mean warming can distort the WES feed-

back when regressing the LH anomalies onto normalized SST anomalies, which increases upward

LH in the southeast Pacific due to its dampening effect on the dominant SST warming under CO2

forcing. To address this distortion, I regress anomalies of SST, SLP, wind, and LH on the normal-

ized SST pattern, which removes the effect of global-mean warming and allows the WES feedback

mechanisms to emerge in the SEP region (Fig. 2.6h, k).

I use a simple metric—the WES parameter—to quantify the magnitude of this feedback in

the small triangular region, where increased SSTs coincide with reduced upward LH. The WES
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parameter measures the change in LH per unit change in zonal wind speed, following Vimont et al.

(2009):

WESp = LH
u

w̄2
, (2.1)

where LH is upward latent heat flux, u is zonal wind speed, and w̄2 =
√

U2 + V 2 + ŵ2, with

ŵ accounting for submonthly wind variance (Czaja et al., 2002) and being set to ŵ = 4m/s

as in Vimont et al. (2009). I calculate the WES parameter using unforced LH and wind speeds in

piControl and average it over the small triangle region (referred to as WESp). The WES parameter

under CO2 forcing is calculated in the same manner, using LH and wind speeds from the abrupt-

4xCO2 simulations (not anomalies). The difference between these two parameters, ∆WESp,

represents the change in WES feedback due to external forcing.

In response to CO2 forcing, the positive WES feedback in the South Pacific subtropical region

strengthens. In all models except GISS-E2-1-G, WESp increases by up to 1.9Ws/m2 from pi-

Control to abrupt-4xCO2 simulations, indicating that a reduced trade wind further decreases the

upward LH, leading to more SST warming. There is no significant relationship between model

spreads in WESp and ∆WESp (Fig. 2.6i).

2.4.4 Total wind speed in the unforced and forced climate

I calculate the near-surface total wind speed using the zonal and meridional wind components

(W =
√

U2 + V 2). The total wind speed near the west coast of South America is dominated

by meridional winds, transporting SST signals from the SO equatorward (e.g., Dong et al., 2022;

Kim et al., 2022). I identify a region along the west coast of South America that shows a strong

meridional wind in piControl (Fig. 2.6l), coinciding with the eastern boundary of the South Pa-

cific subtropical high (SPSH) (e.g., Flores-Aqueveque et al., 2020). Under CO2 forcing, the total

wind speed increases at the southern edge of the analyzed region (Fig. 2.6m) due to the poleward

displacement of the SPSH, which strengthens (weakens) coastal winds south (north) of 40°S (e.g.,

Rykaczewski et al., 2015). There is no correlation between total wind speed near the west coast

of South America in piControl (WwSA) and its changes under CO2 forcing (∆WwSA). Note that
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I use the total wind speed for the analyses rather than wind advection, which includes anomalous

temperature advection (V T ′ as in Dong et al. (2022); Kim et al. (2022)). This choice is due to V T ′

being unsuitable for analyses of cross-model relationships for two reasons. First, T ′ is centered

around zero, meaning the average of wind advection for each model would be zero. Second, using

T ′ introduces additional model discrepancies, as discussed in section 3c.

2.4.5 The impacts of physical drivers in an unforced climate

In the unforced climate, models agree that the SSTs over the SEP region are positively corre-

lated with the SO SST. Correlation coefficients in Fig. 2.7a replicate those shown in Fig. 2.1c. The

small model spread over the SO region is expected, as the SSTs at each grid point in the SO region

are highly correlated with the SST averaged over the SO box within each model.

To study the impacts of physical drivers on SO-SEP correlation across models, I regress the

correlations between unforced SSTs at each grid point and the SO SST (Fig. 2.7a) onto RSwSA

(Fig. 2.6a), OHUwSA (Fig. 2.6d), WESp, and WwSA (Fig. 2.6l). The regression coefficients at

each grid point are plotted in Fig. 2.7b-e, in which the stippling indicates relatively strong relation-

ships (the coefficient of determination R2 being larger than 20%). Positive regression coefficients

in the SEP region, e.g., in Fig. 2.7b, indicate that models with larger RSwSA tend to have stronger

correlations between the SO SST and SSTs in this region. Conversely, negative regression coef-

ficients in the SEP region, e.g., in Fig. 2.7c, indicate that models with smaller OHUwSA tend to

have stronger correlations between the SO SST and SSTs in this region. Based on Fig. 2.7b-e,

relationships between the four physical drivers and SO-SEP correlations are discussed below.

SO-SEP correlations in the unforced climate are positively related to RSwSA (Fig. 2.7b). The

regression coefficients reveal a horseshoe pattern of positive relationships. Note that I do not

expect high regression coefficients in the SO box since I do not anticipate RSwSA contributing to

the correlation between the SO SST and the SSTs at each grid point within the SO region. RSwSA

affects the SO-SEP correlation within the RSwSA box where the stratocumulus occurs (R2 > 20%;

Fig. 2.6a). Outside the stratocumulus region, RSwSA does not contribute to correlations between

the SO SST and the SSTs at each grid point (no stippling indicates R2 < 20%; Fig. 2.7b).
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Figure 2.7: Regressions between physical drivers and SST correlations. See the text for more explanations.

(a) Multi-model mean correlations between unforced SST at each grid point and SO SST (same as Fig.

2.1c). Stippling indicates large model spread (SD > 0.15). The thresholds of standard deviations are

subjectively selected to highlight regions with large model spread. (b) Inter-model relationships between

SST correlations at each grid point in (a) against RSwSA, stippled where R2 > 20%. (c-e) Same as (b),

but regressed against OHUwSA, WESp, and WwSA. (f) As in (a), but for correlations in the pattern of

the forced response, stippled where SD > 0.3. (g-j) Same as (b-e), but regressing SST correlations in the

pattern of the forced response against CFwSA, ∆OHUwSA, ∆WESp, and ∆WwSA.
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SO-SEP correlations in the unforced climate are negatively related to OHUwSA (Fig. 2.7c).

A similar horseshoe pattern of negative relationships is seen in the South Pacific, though with R2

values less than 20%.

SO-SEP correlations in the unforced climate are positively related to WESp (Fig. 2.7d).

The horseshoe pattern of positive relationships indicates that models with stronger WESp ex-

hibit stronger correlations between unforced SO SST and SSTs in the SEP region (R2 < 20% in

most locations).

SO-SEP correlations in the unforced climate are positively related to WwSA (Fig. 2.7e). The

horseshoe pattern of positive relationships indicates that models with stronger WwSA have stronger

correlations between unforced SO SST and SSTs in the SEP region (R2 < 20%). While Dong et al.

(2022) and Kim et al. (2022) suggested that wind advection plays a critical role in transporting the

SO SST to SEP, it is unsuitable for my cross-model analyses, as discussed in the previous section,

and is therefore not considered in this study.

In short, in an unforced climate, stronger shortwave cloud feedbacks are most robustly associ-

ated with a stronger relationship between the SO and SEP. Climatological ocean heat uptake, WES

feedback, and along-shore wind speed also contribute but are less good predictors of spread across

climate models.

2.4.6 The impacts of physical drivers in the pattern of the forced response

In a forced climate, models agree that the SST pattern (i.e., warming anomaly normalized

with the global-mean temperature; see section 3c above) over the SEP is positively correlated

with the SO (Fig. 2.7f). The large model spread in the SEP can be attributed to diverse model

representations of the delayed warming pattern (see Section 3c(1)).

Similar to the unforced climate, SO-SEP correlations in the SST pattern are positively related

to CFwSA (Fig. 2.7g). CFwSA amplifies SST anomalies transported from the SO to the SEP.

The horseshoe-shaped positive relationships in the South Pacific indicate that models with higher

CFwSA tend to have stronger SO-SEP correlations. In the SEP regions, CFwSA accounts for more
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than 20% of the model spread in correlations with the SO SST, indicating a relationship between

CFwSA and SO-SEP correlations that is not confined to the CFwSA box.

The remote effect of CFwSA on SO-SEP correlations outside of the CFwSA box might be as-

sociated with the WES feedback. Stippled locations in Fig. 2.7g overlap with the triangle region

of the WES feedback (Fig. 2.6g-h and j-k). ∆WESp is positively related to CFwSA (not shown),

presumably owing to the poleward shift of the SPSH that strengthens southwesterly winds in the

South Pacific subtropical region (Fig. 2.6m). This joint effect of the WES feedback and stratocu-

mulus cloud feedback on subtropical South Pacific SSTs was detailed in Zhang et al. (2014).

SO-SEP correlations in the SST pattern are negatively related to ∆OHUwSA (Fig. 2.7h). The

horseshoe-shaped negative relationships in the South Pacific indicate that models with a more

negative ∆OHUwSA—more reductions in OHUwSA—tend to have stronger SO-SEP correlations

outside the ∆OHUwSA box (R2 > 20%). Similar to CFwSA, the non-local effect of ∆OHUwSA on

SO-SEP correlations is associated with the strengthened southwesterly winds and stronger WES

feedback, as ∆WESp is negatively correlated with ∆OHUwSA (not shown).

SO-SEP correlations in the SST pattern are positively related to ∆WESp (Fig. 2.7i). A larger

∆WESp indicates a more amplified warming effect on SEP SST. The positive relationship be-

tween SO-SEP correlations and ∆WESp indicates that models with stronger ∆WESp tend to

have stronger SO-SEP correlations, though R2 values are less than 20% in the SEP region. My

finding indicates that ∆WESp alone does not explain the model spread of SO-SEP correlations,

and I hypothesize an indirect effect of ∆WESp on SO-SEP correlations when combined with

CFwSA and ∆OHUwSA. I acknowledge that my cross-model analysis might not be the ideal ap-

proach to identify the physical mechanisms behind the SO-SEP relationship, since they might be

highly, but differently linked within each model on different timescales and I analyze long-term

time averages across models.

SO-SEP correlations in the SST pattern are positively related to ∆WwSA (Fig. 2.7j). A larger

∆WwSA means more SO SST signals being transported equatorward by anomalous wind. The
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positive relationship between SO-SEP correlations and ∆WwSA indicates that models with stronger

∆WwSA tend to have stronger SO-SEP correlations (R2 < 20% in the SEP region).

In short, in a forced climate, stronger shortwave cloud feedbacks and larger reductions in ocean

heat uptake are most robustly associated with a stronger relationship between the SO and SEP.

Changes in WES feedback and along-shore wind speed also contribute but are less good predictors

of spread across climate models.

2.5 Summary and discussion

I analyze the relationship between the Southern Ocean and the southeastern subtropical Pacific

using 53 CMIP6 models. Building on the mechanism proposed by Kim et al. (2022), I investigate

the impacts of stratocumulus cloud feedback, ocean heat uptake, WES feedback, and total wind

speed on the correlations between the two regions. I find that:

1. In an unforced climate, the SO and SEP SSTs are positively related both in single models

across time (by internal variability; Fig. 2.1b and c) and across models averaged over time

(by their mean-state biases; Fig. 2.1e). The model spread of the SO-SEP correlations is

partially explained by the radiative restoration strength of shortwave clouds off the west

coast of South America (Fig. 2.7c), while the impacts of ocean heat uptake, WES feedback,

and total wind speed on SO-SEP correlation are weak (Fig. 2.7e, g, and i). A model with a

strong SO-SEP correlation tends to have a strong shortwave restoration strength off the west

coast of South America in the unforced climate.

2. In a forced climate, the SO and SEP SST anomalies are positively and highly correlated.

Both correlations in models through time (Fig. 2.2b) and across models (Fig. 2.2d) show a

strong relationship between the two regions in response to the abrupt-4xCO2 forcing. How-

ever, such relationships can be dominated by models’ global-mean response: a very warm

model will show strong warming in both places. This motivates subsequent analyses of the

SST pattern.
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3. A delayed warming pattern over the SO and SEP is robustly connected after removing the

global-mean warming with different methods (Fig. 2.3c and Fig. 2.5). The correlations be-

tween the SST pattern timeseries averaged over the SO and SEP are highly model-dependent

and vary differently in time (Fig. 2.3b) due to distinct temporal variations of SST pattern

timeseries (Fig. 2.4), while the relationship across models is significantly positive between

the two regions (Fig. 2.3e). The large spread in the SO-SEP correlations can be attributed

to the shortwave cloud feedback and the anomalous ocean heat uptake off the west coast of

South America (Fig. 2.7g-h), while changes in WES feedback and anomalous total wind

speed have little impacts (Fig. 2.7i-j). A model with a strong SO-SEP correlation in the SST

pattern tends to have a strong shortwave cloud feedback and a greater reduction in ocean

heat uptake in response to abrupt-4xCO2 forcing.

Other factors like Rossby-wave dynamics over the South Pacific (Dong et al., 2022) and wind

anomalies over the southern high latitude (Wang et al., 2022) also connect the two regions. I

conducted a preliminary analysis to investigate whether the SO-SEP correlation is predominantly

driven by ENSO as well as tropical Pacific decadal variability. My results suggest that the SO-SEP

relationship is dominantly influenced by extratropical climate effects on the SEP (see Section 3).

The direction of the SO-SEP relationship remains a subject of ongoing research, with a causality

analysis between the SSTs over the two regions currently being prepared by the authors.

In Section 4f, I show that a stronger CFwSA is associated with a stronger SO-SEP correlation.

Given that the majority of climate models underestimate the observed shortwave cloud feedback

over the subtropical regions (e.g., Myers et al., 2021), they may underestimate the SO-SEP tele-

connection (Kim et al., 2022; Kang et al., 2023a). However, I also show that a larger ∆OHUwSA

is associated with a stronger SO-SEP correlation. Since climate models tend to underestimate the

climatological oceanic upwelling along the coast of Peru (e.g., Fox-Kemper et al., 2021; Richter,

2015; Ma et al., 2019), I would expect this relationship to contribute to an overestimation of the

SO-SEP teleconnection in climate models. If I compare the simulated SO-SEP teleconnections

in climate models to observations, the opposing effects of underestimated RSwSA and OHUwSA
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on the SO-SEP correlation may lead us to different conclusions. As RSwSA and OHUwSA are

negatively correlated across models (not shown; R2 = 23%), i.e., models with stronger RSwSA

have smaller OHUwSA, I hypothesize that the two effects are linked in complex ways that play

out differently across climate models. I suggest that SO-SEP teleconnections be studied across a

diverse set of models until both effects and their interactions are understood.

An underestimated SO-SEP teleconnection in climate models may point to an underestimated

equilibrium climate sensitivity. My findings connect the delayed warming over the SO and the SEP,

showing that a warmer SO links to a warmer SEP. As global warming progresses, the SO is ex-

pected to show reductions in sea ice extent and warming over the deep ocean, eventually resulting

in Antarctic polar warming amplification (as reviewed in Cai et al., 2023). When Antarctic polar

amplification takes effect, given the SO-SEP teleconnection, a warmer SO implies a warmer SEP

which, according to the pattern effect theory, is a hot spot in determining the radiative feedback of

the Earth system. Warming over the eastern tropical Pacific reduces the lower tropospheric stability

and low cloud cover, resulting in a weak negative lapse rate feedback and a strong positive cloud

feedback. Consequently, the radiative feedback of the Earth system becomes less negative, indi-

cating a higher equilibrium climate sensitivity or greater warming rate (e.g., Andrews and Webb,

2018; Dong et al., 2019, 2020; Alessi and Rugenstein, 2023). Hence, if the SO-SEP teleconnec-

tion is underestimated in climate models, the projected SEP warming following the projected SO

warming might also be underestimated, implying an underestimation of equilibrium climate sensi-

tivity. Conversely, if the SO-SEP teleconnection is overestimated in climate models, the projected

SEP warming could be attributed to factors other than the SO climate. Therefore, the role of the

SO teleconnection to the tropics needs to be considered when projecting future climate.
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CHAPTER 3 CONSTRAINING THE RELATIONSHIP BETWEEN SEA SURFACE

TEMPERATURE TRENDS IN THE SOUTHERN OCEAN AND SOUTHEASTERN

TROPICAL PACIFIC OVER 1985–2014

3.1 Introduction

Since the 1970s, observed sea surface temperatures (SSTs) over the Southern Ocean and south-

eastern tropical Pacific have exhibited a cooling trend, whereas state-of-the-art coupled climate

models generally simulate a warming trend in both regions. The warming trend in the southeastern

tropical Pacific stems from errors in simulating internal variability, teleconnections, or responses

to anthropogenic forcing (e.g., Watanabe et al., 2021a; Olonscheck et al., 2020; Seager et al., 2022;

Wills et al., 2022). The warming trend in the Southern Ocean can be attributed to internal variabil-

ity or linked to biases in Antarctic meltwater and misrepresentations of key atmospheric processes,

such as the Southern Annular Mode and cloud-related shortwave radiation (e.g., Zhang et al.,

2019a; Rye et al., 2020; Purich et al., 2016; Kostov et al., 2018). Additionally, the low resolution

of climate models may hinder accurate simulations of SST trends in both regions, as the warm bias

of SST trends is reduced in high-resolution, eddy-resolving hindcasts using the Community Earth

System Model (CESM; Yeager et al. (2023)).

Growing evidence suggests that the SST trend over the southeastern tropical Pacific is affected

by the SST trend in the Southern Ocean. Studies have tested the robustness of this teleconnection

by conducting perturbation experiments in coupled climate models—either under pre-industrial

control conditions or in the presence of external CO2 forcing. The imposed cooling or warming

in the Southern Ocean leads to a decrease or increase in SSTs over the southeastern tropical Pa-

cific, respectively (e.g., Mechoso et al., 2016; Kang et al., 2020; Zhang et al., 2021; Kim et al.,

2022; Dong et al., 2022; Yu and Pritchard, 2019; Xiang et al., 2018). This teleconnection has been

invoked to relate the observed cooling trend in the southeastern tropical Pacific to that in the South-

ern Ocean. For example, Hartmann (2022) linked the Antarctic ozone hole to SST cooling trends

in both regions based on observational analyses; Kang et al. (2023b) attributed at least part of the
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observed southeastern tropical Pacific cooling trend to the Southern Ocean SST trend by restoring

simulated Southern Ocean SST anomalies in CESM historical simulations to the observed evo-

lution from 1970 to 2014, following the Southern Ocean "Pacemaker" simulation protocol. This

Southern Ocean–southeastern tropical Pacific relationship is likely underestimated in most climate

models, and improving its representation could impact equilibrium climate sensitivity and future

climate projections (Kang et al., 2023a).

The subtropical stratocumulus cloud feedback and ocean heat uptake are key factors influ-

encing the strength of the relationship between the Southern Ocean and the southeastern tropical

Pacific. Kim et al. (2022) proposed a physical pathway for the Southern Ocean teleconnection to

the tropical Pacific when the Southern Ocean is perturbed to cool. This pathway involves subtrop-

ical stratocumulus cloud feedback, climatological winds, and ocean heat uptake along the west

coast of South America, and the wind-evaporation-SST (WES) feedback in the tropics. Among

these factors, positive stratocumulus cloud feedback is the primary driver of relationship strength,

with models exhibiting stronger cloud feedback showing a greater cooling response in the south-

eastern tropical Pacific under the same Southern Ocean perturbation. Zheng et al. (Accepted)

examined this relationship and the effects of physical drivers involved in the pathway proposed

above on interannual timescales, using model outputs from pre-industrial control simulations and

forced simulations with an abrupt quadrupling of CO2 across Coupled Model Intercomparison

Project Phase 6 (CMIP6) models. Their findings confirmed the key role of subtropical stratocumu-

lus cloud feedback while also revealing the important role of ocean heat uptake in the upwelling

region, showing that models with stronger stratocumulus cloud feedback and weaker ocean heat

uptake have stronger interannual SST correlations between the Southern Ocean and the southeast-

ern tropical Pacific.

Building on the robust relationship between SST trends in the southeastern tropical Pacific

and the Southern Ocean identified in perturbation experiments and observations, I pose three key

questions:

1. Are the erroneously positive SST trends in both regions related?
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2. Are the SST trends in both regions more strongly related in models with large equilibrium

climate sensitivity?

3. Can I use the observed subtropical stratocumulus cloud feedback and ocean heat uptake

to constrain the simulated relationship between SST trends in the Southern Ocean and the

southeastern tropical Pacific?

To answer these questions, I analyze the SST trends in the Southern Ocean and the south-

eastern tropical Pacific, the subtropical stratocumulus cloud feedback, and the ocean heat uptake

off the west coast of South America from 1985 to 2014 using historical simulations from all avail-

able CMIP6 models, and I compare them with the observations. Instead of conducting perturbation

experiments on climate models, I assess the Southern Ocean–southeastern tropical Pacific relation-

ship in widely used coupled model outputs to avoid potential side effects introduced by imposed

perturbations.

3.2 Data and Methods

3.2.1 CMIP6 Climate Models, Reanalyses, and Observations

I analyze observed SST trends from the fifth generation ECMWF atmospheric reanalysis of

the global climate (ERA5) (Hersbach et al., 2023), the Extended Reconstructed SST dataset v5

(ERSSTv5) (Huang et al., 2017), the Hadley Centre Sea Ice and Sea Surface Temperature dataset

(HadISST 1.1) (Rayner et al., 2003), and the Optimum Interpolation Sea Surface Temperature

dataset (OISST v2.1) (Huang et al., 2021). To calculate stratocumulus cloud feedback, I use the

SST products listed above alongside shortwave radiation fluxes at top-of-atmosphere from the In-

ternational Satellite Cloud Climatology Project radiative flux profile product (ISCCP-FH) (Zhang

and Rossow, 2023). Ocean heat uptake is analyzed using surface radiation fluxes from the ERA5

(Hersbach et al., 2023), the Diagnosing Earth’s Energy Pathways in the Climate system dataset

(DEEP-C) (Liu and Allan, 2022), and the NOAA-CIRES-DOE Twentieth Century Reanalysis

Project version 3 (20CR) (Slivinski et al., 2019). These observational and reanalysis datasets cover

1985–2014, while there are other products that do not span the exact time period but are included
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for additional information (A.1). I use annual data for all observations and reanalyses to remove

monthly variabilities, which are likely associated with El Niño–Southern Oscillation (ENSO) and

its strong teleconnection to the Southern Ocean (e.g., Yuan, 2004; Li et al., 2021). All datasets are

linearly interpolated to a 2.5°× 2.5° spatial resolution.

I analyze simulated SST, shortwave radiation fluxes at top-of-atmosphere, and surface radiation

fluxes from historical simulations across 42 CMIP6 models (Table A.1). Similar to the observa-

tional data, I use annual means and re-grid all model outputs to a 2.5°x 2.5° resolution. My analysis

focuses on the 1985–2014 period, a 30-year period different from those used in previous studies on

historical SST trends but sharing key spatial features (Wills et al., 2022; Dong et al., 2021). Given

the relatively short period, it is hard to distinguish the forced trend from internal variability, partic-

ularly in regions with small trends (e.g., the Southern Ocean and the southeastern tropical Pacific;

Figure 3.1b). The effect of internal variability can be reduced by ensemble averaging in models

with multiple ensemble members (Table S1). However, averaging ensembles makes it incompara-

ble with the observations and reduces the number of models available for cross-model analyses. In

this study, I show results primarily based on the first ensemble member from each CMIP6 model,

while also estimating the impact of internal variability through bootstrapping analysis (see section

2.3).

I analyze the Southern Ocean–southeastern tropical Pacific relationship with implications for

the hot model problem, using ECS data from (Zelinka et al., 2020). ECS is the warming in response

to external forcing when the climate system is equilibrated, and it has shown a large inter-model

spread for decades (e.g., Knutti et al., 2017; Forster et al., 2023). The "hot model" problem refers

to the significantly higher ECS values simulated in CMIP6 than earlier phases, which can be at-

tributed to a stronger shortwave cloud feedback in the extratropics and SST trend pattern in the

tropical Pacific (Hausfather et al., 2022; Zelinka et al., 2020; Rugenstein et al., 2023).
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3.2.2 Quantification of the Southern Ocean-southeastern tropical Pacific Relationship, Short-

wave Cloud Feedback, and Ocean Heat Uptake

I quantify the relationship between SST trends in the Southern Ocean and the southeastern

tropical Pacific using regression coefficients and coefficients of determination (R2) from linear

regression analyses across CMIP6 models. This approach assesses the strength of the cross-model

relationship rather than the strength of the ones within individual models. In other words, I do

not assess whether a particular model exhibits a stronger relationship than others. Additionally,

this approach is not applicable to observed SST trends, as the size of observational products is

insufficient for obtaining a cross-observation relationship.

I calculate shortwave cloud feedback by regressing local shortwave cloud radiation flux against

local SST over 1985-2014 in observations and CMIP6 models. Shortwave cloud radiation fluxes

are computed by subtracting the clear-sky outgoing shortwave radiation flux at the top-of-atmosphere

from the total outgoing shortwave radiation flux at the top-of-atmosphere (downward positive).

Trends are included in both shortwave cloud radiation flux and SST timeseries for regression to

enable a physically interpretable assessment of the role of shortwave cloud feedback in affect-

ing the relationship between SST trends. I note that detrending these timeseries does not affect

my results, as the 30-year trends of both variables within the subtropical stratocumulus region

are small relative to their internal variability. My quantification of shortwave cloud feedback is

different from Zelinka et al. (2020), which regressed local shortwave cloud radiation flux against

global-mean SST. Nevertheless, my results are highly correlated with theirs in the subtropical stra-

tocumulus cloud region (r = 0.55; 95% confidence interval from boostrapping ensemble members

is [0.47, 0.85] ), with a stronger focus on the local coupling between shortwave cloud radiation and

SST. My shortwave cloud feedback also differs from the low-cloud sensitivity to SST calculated

by cloud controlling factor analysis (e.g., Kang et al., 2023b). The cloud controlling factor analysis

accounts for covariations between SST and other factors, isolating their effects on shortwave cloud

radiation. My study focuses on the overall variation between shortwave cloud radiation and the

underlying SST, while leaving the decomposition of other contributing factors for future work.
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I calculate the net surface heat flux (positive downward) to quantify the ocean heat uptake

in observations and CMIP6 models. I investigate the role of ocean heat uptake in the Southern

Ocean-southeastern tropical Pacific relationship by analyzing ocean heat uptake variability, which

I define as the standard deviation of ocean heat uptake over time. The 30-year trend of the ocean

heat uptake is included in this calculation for a physically interpretable assessment of its role in

affecting the Southern Ocean-southeastern tropical Pacific relationship based on SST trends. In

the upwelling region of interest, the 30-year trend in ocean heat uptake is smaller than its internal

variability in 38 out of 42 models (not shown). Therefore, whether or not the trend is removed

before calculating the standard deviation does not affect my results.

3.2.3 Bootstrapping analysis on estimating the internal variability uncertainty

I analyze the effect of internal variability using bootstrapping analysis, in which ensemble

members are resampled over 5000 iterations. Resampling applies only to models with more than

one ensemble member. For models with only one ensemble member, the same member is retained

across iterations, whereas for models with multiple ensemble members, the selected member varies

in each iteration.

The resampled ensemble members are then used for different analyses throughout the manuscript.

In Section 2, they are first used to compute the multi-model mean SST trends at each grid point, af-

ter which a subjectively chosen threshold is applied to estimate the spread in the bootstrapped SST

trend, highlighting regions where the effect of internal variability on local SST trends is large. The

second use of resampled ensemble members in Section 2 involves conducting cross-model regres-

sion analyses, where the effect of internal variability on the Southern Ocean–southeastern tropical

Pacific relationship is assessed by presenting the 95% confidence intervals of the bootstrapped re-

sults. In Section 3, the analysis mirrors that of Section 2, where thresholds of model-mean cloud

feedback and ocean heat uptake are selected to highlight regions largely affected by internal vari-

ability. In Section 4, the resampled ensemble members are used in cross-model regression analyses

with a sliding-window approach. The results from all bootstrapping iterations are included when

determining constraints, accounting for the effects of internal variability on the role of shortwave
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cloud feedback and ocean heat uptake variability. Overall, this study does not remove the effect

of internal variability (e.g., due to ENSO and other climatic variabilities) but rather provides an

estimate of the uncertainty it introduces to my results.

3.3 Global-mean SST Trend Dominating the Southern Ocean-southeastern tropical Pacific

Relationship

The observed SST over the Southern Ocean and the southeastern tropical Pacific shows a cool-

ing trend from 1985 to 2014, while the simulated SST shows a delayed warming in these regions,

consistent with Wills et al. (2022) (Figure 3.1a-b). The discrepancies between simulated and ob-

served SST trends have been discussed in previous papers (e.g., Watanabe et al., 2021a; Olonscheck

et al., 2020; Seager et al., 2022; Wills et al., 2022). I describe the small, positive SST trends over

the southeastern tropical Pacific and the Southern Ocean as "delayed warming". Note that this term

does not refer to a temporal lag in warming between an earlier and later period (e.g., Andrews et al.,

2015). Rather, it characterizes the spatial pattern of SST warming, where the Southern Ocean and

southeastern tropical Pacific warm less than the global-mean SST over this 30-year period. The

delayed warming trends in the southeastern tropical Pacific and parts of the Southern Ocean are ro-

bust across different ensemble members, as indicated by the absence of stippling in these regions. I

analyze SST trends within a triangular region over the southeastern tropical Pacific (hereinafter re-

ferred to as SEP) and a rectangular region over the Pacific sector of the Southern Ocean (hereinafter

SO). The SEP region is defined based on the delayed warming area in Figure 3.1b that overlaps

with the cooling area in Figure 3.1a. Expanding or shrinking the triangle by 5° in each direction

does not affect my results. The SO region is selected based on the cooling area in Figure 3.1a that

overlaps with the robust delayed warming area in Figure 3.1b, which also matches the Southern

Ocean region analyzed in Dong et al. (2022). Expanding the SO box across the longitudinal band

weakens its relationship with SEP but does not qualitatively change my results.

The delayed warming trends over the SO and SEP are related across models and are largely

attributed to the global-mean SST trend (Figure 3.1c). The positive cross-model relationship be-

tween SO and SEP SST trends remains robust when accounting for the confidence interval of
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Figure 3.1: Overview of annual-mean SST trends and SO-SEP relationships over 1985-2014. (a) Observed

trend map, averaged over four products (see Section 2.1 and A.1). (b) Simulated trend map, averaged over

42 CMIP6 model simulations using the first ensemble member for each model (see Table A.1). Stippling in-

dicates regions where the standard deviation (sdv.) from bootstrapping different ensemble members exceeds

0.05 K/30yr, highlighting areas of large internal variability in model-mean SST trends. (c) Relationship be-

tween SO and SEP SST trends across models, colored by global-mean SST trends. The solid line represents

the least-squares fit. Dashed lines and the shaded area denote 95% confidence intervals from bootstrapping

different ensemble members. The coefficient of determination (R2) of this relationship is displayed in the

title. Values in brackets represent the 2.5th percentile, mean, and 97.5th percentile of R2 from bootstrapping

different ensemble members. (d-f) As in (a-c), but SST trends are normalized by global-mean SST trends.

Stippling in (e) indicates sdv. from bootstrapping exceeds 0.1. The thresholds of sdv. are subjectively se-

lected for illustrative purposes.
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the internal variability uncertainty. This indicates that models with a larger warming trend over

the SEP also show a larger warming trend over SO. Coloring the scatter points by global-mean

SST trends shows that models with larger SST trends over both SO and SEP regions also tend

to have larger global-mean warming. Moreover, models overestimate the global-mean SST trend

compared to observations (Figure 3.1c). These findings suggest that SO and SEP SST trends are

closely related to global-mean SST trends, raising the question of whether the SO-SEP relationship

arises because both regions are driven by the same factor—the global-mean warming. If this is the

case, the model spread of global-mean warming would be embedded in the SO-SEP cross-model

relationship, strengthening the relationship. Therefore, I analyze SST trends in the SO and SEP

and their relationship with the effect of global-mean SST trends removed, normalizing local SST

trends by dividing them by the global-mean SST trend in every model.

Normalizing local SST trends by the global-mean trend highlights regions of cooling and de-

layed warming (Figure 3.1d-e). The normalized delayed warming trends in the SEP and SO remain

robust when accounting for the confidence interval of the internal variability uncertainty. Remov-

ing the global-mean trend has a stronger impact on the SEP SST trend than on the SO. Comparing

normalized SST trends in the SO and SEP with their absolute SST trends (A.3), the inter-model

variance of the normalized SO SST trend explained by the absolute SO SST trend is larger than

that for SEP.

The normalized SST trends over the SO and SEP are positively related across models (Figure

3.1f): models with stronger delayed warming relative to the global-mean SST trend in the SO

also simulate stronger delayed warming in the SEP. This positive relationship remains robust when

accounting for internal variability. The reduced R2 value of this relationship relative to the relation-

ship between absolute SST trends (Figure 3.1c) indicates a strengthening effect of the global-mean

SST trend on the SO-SEP relationship. Additionally, R2 of the relationship between normalized

SST trends is strongly affected by internal variability, ranging from no relationship to a relatively

strong relationship comparable to those with global-mean warming (Figure 3.1c). This positive

SO-SEP relationship is robust across five ensemble members within 26 models (A.2a), showing
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that ensemble members with stronger SO SST trend due to changes in internal variability also have

stronger SEP SST trend with the same internal variability. This internal variability-dominated pos-

itive relationship is consistent with the relationship between running 40-year SST trends in the

Southern Ocean and eastern tropical Pacific identified in the Last Millennium Reanalysis (Dong

et al., 2022). However, global-mean SST trends still play a role in such a relationship, as removing

them reduces the robustness of its sign (A.2b).

ECS affects the relationship between absolute SST trends in the SO and SEP through its posi-

tive relationship with the global-mean SST trends across models (A.4a). Models with high ECS—

the hot models—tend to simulate larger global-mean SST warming trends during the historical

period (1985–2014) and show correspondingly larger SST trends over the SO and SEP. Are hot

models also the ones with less delayed warming relative to global-mean warming in the SO and

SEP? No. After normalizing local SST trends by global-mean trends, ECS has no relationship with

the magnitude of normalized SST trends (not shown).

In this study, I do not disentangle the causal relationship between SST trends in the SO and

SEP, and I acknowledge the effects of ENSO and tropical decadal variabilities that could induce a

strong relationship from the tropics to the Southern Ocean (as reviewed in Li et al. (2021)). On the

one hand, ENSO and its related teleconnections mainly occur on interannual timescales, making

them part of the internal variability. I use bootstrapping analysis to assess the effect of internal

variability on the SO-SEP relationship, which inherently captures the impact of ENSO and its

related teleconnections on SST trends in both the SO and SEP. On the other hand, tropical decadal

variabilities affect the SO on longer timescales (e.g., Meehl et al., 2016). These effects are removed

along with global-mean SST trends, as the global-mean SST trend is largely driven by tropical SST

trends (Jiang et al., 2025). In short, the effect of tropical interannual variability is included in the

effect of internal variability assessed by bootstrapping analysis, and the effect of tropical decadal

variability is removed through global-mean SST trend normalization. As a result, I attribute the

remaining SO-SEP relationship in normalized SST trends primarily to the teleconnection from the

SO to SEP.
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3.4 Comparisons of Observed Shortwave Cloud Feedback and Ocean Heat Uptake with

CMIP6 Model Simulations

The spatial pattern of the multi-model-mean shortwave cloud feedback in CMIP6 models gen-

erally matches the observations, while the strength of the shortwave cloud feedback along the west

coast of South America is underestimated in models (Figure 3.2a-b). The model-mean shortwave

cloud feedback in this region remains robustly positive when accounting for the effect of internal

variability due to changes in models’ initial condition. Positive shortwave cloud feedback indicates

an amplifying effect on the local SST warming: as SST increases, stratocumulus cloud cover de-

creases, allowing more shortwave radiation to reach the surface and further enhancing SST warm-

ing. Averaging the shortwave cloud feedback over the west coast of South America (CFwSA), the

majority of ensembles members and models simulate a too weak CFwSA compared to the range of

observations calculated from different SST and radiation products (Figure 3.2c). In each model,

the CFwSA is less robust across different ensemble members, as the range of internal variability

is model-dependent. Some models, such as MPI-ESM1-2-LR, can simulate a negative CFwSA in

some members. Other models, like CESM2-WACCM, show a robust, strong positive CFwSA with

a small uncertainty range. Expanding or shrinking the CFwSA box by 5° in each direction does

not affect my results.

Models simulate low ocean heat uptake variability off the west coast of South America, signif-

icantly lower than observed (Figure 3.2d–e). High ocean heat uptake variability in this upwelling

region adds noise to SSTs, reducing the signal (in this case, trend)-to-noise ratio of local SST time-

series and increasing the uncertainty of SST trends. Conversely, low ocean heat uptake variability

in this region has less impact on the variability of local SST signals. Averaging the ocean heat

uptake variability over the west coast of South America (OHUwSA sdv.), the majority of models

simulate a too weak OHUwSA sdv. as compared to the range of observational products (Figure

3.2f). Expanding or shrinking the OHUwSA sdv. box by 5° in each direction does not affect my

results.
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Figure 3.2: Overview of shortwave cloud feedback and ocean heat uptake variability in South Pacific. (a)

Observed shortwave cloud feedback map. (b) Simulated shortwave cloud feedback map. Stippling indicates

sdv. from bootstrapping exceeds 0.4 W/m2/K. Averaging the shortwave cloud feedback over the west

coast of South America (the black box in a and b), (c) shows the comparison of observed CFwSA (solid

colored lines) with those in the first ensemble member from models (grey bars). Black dots on each bar

represent CFwSA from each ensemble. Dashed colored lines represent CFwSA calculated using the same

SST observational products as the solid lines, but combined with CERES radiation data. Due to the differing

temporal coverage of CERES (A.1), these dashed lines are included for informational purposes only. (d-f)

As in (a-c), but shows ocean heat uptake variability over 1985-2014. The dashed orange and blue lines

represent observed ocean heat uptake variability in the analyzed box from OAFlux and ECCO, respectively,

with different temporal coverage (A.1). Stippling in (e) indicates sdv. from bootstrapping exceeds 0.2

W/m2. The thresholds of sdv. are subjectively selected for illustrative purposes.
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In addition to ocean heat uptake variability, I also tested other ocean heat uptake–related met-

rics that might have physical impacts on SST trends. Focusing on the same upwelling region off

the west coast of South America, I first examined climatological ocean heat uptake, which acts

as a thermal buffer: higher climatological ocean heat uptake suppresses local positive SST trends.

However, its effect is associated with global-mean warming, complicating the physical interpreta-

tion of its role in the SO–SEP relationship. Furthermore, the observational range of this metric is

too broad to provide a useful constraint in the next section; therefore, it is not shown in the main

text. I also analyzed ocean heat uptake trends over 1985–2014. A positive trend has a stronger

cooling effect on local SST trends over time. However, the sign of this trend varies widely across

models and across observations, making it unsuitable for use as a constraint and therefore excluded

from the main text. Both metrics are discussed in detail in Text A.1.

3.5 Opposing constraints of observed CFwSA and OHUwSA sdv. on SO-SEP relationship

strength

In section 2, I show a robust positive cross-model relationship between SO and SEP SST trends.

In section 3, I show that most models underestimated CFwSA and OHUwSA sdv. relative to ob-

servations. Here, I further show the effects of CFwSA and OHUwSA sdv. on the R2 value of

the cross-model relationship using different subsets of models, which leads to constraints on the

strength of the cross-model SO-SEP relationship using observed CFwSA and OHUwSA sdv..

The strength of the SO-SEP relationship is positively related to CFwSA. Positive shortwave

cloud feedback amplifies local SST variability and, since trends are included in the feedback cal-

culation (Section 2.2), enhances SST trends. Models with larger CFwSA values better preserve

and amplify SST trends as they are advected from the SO to the SEP by the climatological wind,

resulting in a stronger SO–SEP relationship across these high-CFwSA models.

Grouping models by CFwSA, I show that subsets of models with higher model mean CFwSA

values show stronger SO-SEP relationships, as indicated by larger R2 values across models within

these subsets (Figure 3.3a). The model mean CFwSA values are not directly comparable to the
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observations (represented by the thin vertical lines in Figure 3.3a), as the model-means smooth out

internal variability and provide a cleaner estimate of the CFwSA than individual observations.
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Figure 3.3: Constraints of SO-SEP relationship strength using (a) CFwSA, (b) OHUwSA sdv., and (c) ECS.

The black lines represent the linear relationship between R2 values between SO and SEP SST trend (as

in Figure 3.1c) and CFwSA, OHUwSA sdv., and ECS. The red, blue, and green lines represent the linear

relationship between R2 values between normalized SO and SEP SST trend (as in Figure 3.1c) and CFwSA,

OHUwSA sdv., and ECS, respectively. A detailed example of obtaining the black line in (a) is shown in

A.5. The vertical lines in (a-b) represent observations, same as the solid lines in Figure 3.2c,f. (d) OHUwSA

sdv. versus CFwSA for all ensemble members from 42 models (dots) and observations (lines). The grey-

shaded area indicates the overlap between the observed ranges of OHUwSA standard deviation and CFwSA,

while the pink-shaded area represents the overlap between their 95% confidence intervals. The confidence

intervals were obtained from 5,000 bootstrap iterations by first resampling the temporal dimension—with

replacement—at each grid point for SST, shortwave cloud radiative flux, and net surface heat flux, and then

recalculating the shortwave cloud feedback and ocean heat uptake variability.

This positive dependence of the R2 in the SO-SEP relationship on CFwSA remains robust when

addressing three concerns: sensitivity to subset size, the effect of internal variability, and the inclu-

sion of global-mean SST trends in SO and SEP trends. First, a subset size of 15 models is chosen as

a balance between smoother results (reducing the impact of internal variability, particularly from

CFwSA) and comparability with observations (as the model-mean of larger groups becomes less
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comparable to individual observations). Changing the subset size between 5 and 35 models does

not affect the positive dependence of R2 on CFwSA. Second, this positive dependence is based

on not only the first ensemble member from each model, but is the linear fit of the R2-CFwSA

relationship across all model subsets using different ensemble members in 5000 bootstrapping it-

erations (see illustrative example in A.5). As a result, the effect of internal variability is taken into

account in such a positive dependence. Third, while the SO-SEP relationship using absolute SST

trends generally has a higher R2 (thick black line in Figure 3.3a) than using normalized SST trends

(thick red line), the positive effect of CFwSA on the SO-SEP relationship strength is independent

of global-mean SST trends. The higher R2 in SO-SEP relationship using absolute SST trends than

using normalized SST trends is consistent with the findings discussed in Chapter 3, where the

global-mean SST trend was shown to strengthen the SO-SEP relationship, as both regional SST

trends are partially driven by the same factor—the global warming.

The strength of the SO–SEP relationship is negatively related to OHUwSA sdv.. A larger

OHUwSA sdv. increases local SST variability and adds noise to SST trends. Models with higher

OHUwSA sdv. dilute more of the forced SST signal (i.e., the trend) with noise as the SST trend

is advected from the SO to the SEP by the climatological wind, resulting in a weaker SO–SEP

relationship across these high-OHUwSA sdv. models.

Grouping models by OHUwSA sdv., I find that subsets of models with larger OHUwSA sdv.

values show weaker SO-SEP relationships (smaller R2) (Figure 3.3b). This negative dependence

remains robust when accounting for the effect of internal variability due to changes in models’

initial condition, when changing the subset size between 5 and 35 models, and when including or

excluding global-mean SST trends. Comparing the black and blue lines in Figure 3.3b, the differ-

ences in R2 values between using absolute and normalized SST trends increase as OHUwSA sdv.

values increase. In subsets of models with larger OHUwSA sdv., the global-mean SST trend plays

a more important role in strengthening the SO–SEP relationship. Normalization of SST trends

removes a major component of the forced signal—the global-mean trend—thereby reducing their

signal-to-noise ratio. As a result, normalized SST trends are more vulnerable to the noise intro-
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duced by OHUwSA sdv. than absolute trends, with the difference becoming more pronounced as

OHUwSA sdv. increases.

The opposing effects of CFwSA and OHUwSA sdv. on the SO-SEP relationship lead to conflict-

ing constraints of observed CFwSA and OHUwSA sdv. on the simulated strength of the SO-SEP

relationship. If models simulated stronger CFwSA as observed, the SO–SEP relationship would be

stronger; if they simulated stronger OHUwSA sdv., the relationship would be weaker. This raises

a natural question: which effect dominates?

Before addressing this question, I first examine whether there is a cross-model relationship

between CFwSA and OHUwSA sdv.. By showing all the ensemble members and models in Figure

3.3d, no apparent relationship between these two variables is detected, suggesting that their effects

on the cross-model SO-SEP relationship can be considered independently.

Then, to determine which process dominates the SO–SEP relationship (CFwSA or OHUwSA sdv.),

I assess whether any models fall within the observational ranges for both variables, with implica-

tions for a more realistic SO-SEP relationship than other models. Most models and ensembles clus-

ter in the lower-left corner of the plot, where the constraint effects of CFwSA and OHUwSA sdv.

oppose each other. Comparing these two variables to their observations, I show that no ensem-

ble member or model simulates both CFwSA and OHUwSA sdv. within the observational range

(i.e., the grey-shaded area; Figure 3.3d). However, several ensemble members from ACCESS-

ESM1-5, CESM2, and NorESM2-MM fall within the 95% confidence interval of the observations

(i.e., the pink-shaded area), indicating a more realistic SO-SEP relationship across these models.

According to Figure 3.2c, these three models are among the top five in simulating high CFwSA,

but they do not consistently rank among the top five for OHUwSA sdv. (Figure 3.2). There-

fore, CFwSA dominates the SO–SEP relationship, with accurate simulation of CFwSA—closer to

observations—contributing more than that of OHUwSA sdv..

The SO-SEP relationship constraints for individual models can be inferred from Figure 3.3d.

For example, CESM2 overestimates CFwSA while simulating OHUwSA sdv. within the observa-

tional range. Based on Figure 3.3a-b, CESM2 likely overestimates the strength of SO-SEP rela-
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tionship due to its excessively strong CFwSA. Another example is HadGEM3-GC31-LL, which

simulates CFwSA close to observations but underestimates OHUwSA sdv.. According to the ef-

fects of CFwSA and OHUwSA sdv., HadGEM3-GC31-LL might also overestimate the strength of

SO-SEP relationship but due to its erroneously weak OHUwSA sdv..

The strength of the SO–SEP relationship is positively related to ECS, driven in part by a positive

relationship between ECS and shortwave cloud feedback (Zelinka et al., 2020). Models with higher

CFwSA tend to also simulate higher ECS (A.4b), resulting in a larger amplifying effect of the

positive CFwSA on local SST trends and leading to a stronger relationship between SST trends

in the SO and SEP. Grouping models by ECS, I find that subsets with larger ECS have a stronger

SO-SEP relationship (larger R2) (Figure 3.3c). This positive dependence of R2 in cross-model SO-

SEP relationship on ECS aligns with the speculations of Kang et al. (2023a), suggesting a larger

ECS when the simulated SO-SEP relationships in climate models are strengthened. This positive

dependence remains robust when accounting for the effect of internal variability due to changes

in models’ initial condition, when changing the subset size between 5 and 30 models, and when

including or excluding global-mean SST trends.

3.6 Summary and Discussion

I analyze the SST trends in the Southern Ocean and southeastern tropical Pacific and their

cross-model relationship using CMIP6 historical simulations over 1985-2014. Most models fail

to capture the observed cooling trends in both regions, instead showing delayed warming trends.

By using historical simulations rather than conducting perturbation experiments, I avoid applying

unrealistically large forcing to the climate system and focus on the "real world" regime.

The delayed warming trends in the Southern Ocean and southeastern tropical Pacific are re-

lated across models, largely attributed to global-mean SST trends. Removing global-mean SST

trends weakens the relationship, suggesting that global-mean warming needs to be taken into ac-

count when analyzing teleconnections in a forced climate—particularly in perturbation experi-

ments where global-mean temperature can be affected.
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I evaluate two key physical drivers in the relationship between the Southern Ocean and the

southeastern tropical Pacific: shortwave cloud feedback and ocean heat uptake variability off the

west coast of South America. Shortwave cloud feedback poses a positive influence on the rela-

tionship: models with stronger cloud feedback amplify local SST signals, helping to preserve SST

trends advected from the Southern Ocean to the southeastern tropical Pacific, thereby strengthening

the relationship between these two regions. In contrast, ocean heat uptake variability has a negative

effect: models with larger variability introduce more noise into local SST variability, adding noise

to the advected SST trends and weakening the relationship between the two regions. Most mod-

els underestimate both factors, leading to opposing observational constraints: strengthening the

simulated cloud feedback enhances the Southern Ocean-southeastern tropical Pacific relationship,

whereas increasing the simulated ocean heat uptake variability weakens it. Based on the models

that simulate cloud feedback and ocean heat uptake variability closest to observations, strength-

ening cloud feedback contributes more to a realistic Southern Ocean–southeastern tropical Pacific

relationship than strengthening ocean heat uptake variability.

I also link the Southern Ocean-southeastern tropical Pacific relationship to ECS, with impli-

cations for the hot model problem. ECS is positively related to shortwave cloud feedback off the

west coast of South America. Given the strengthening effect of cloud feedback on the South-

ern Ocean-southeastern tropical Pacific relationship, models with higher ECS tend to simulate a

stronger cross-model relationship between SST trends in these two regions.

My findings come with caveats. First, while the cross-model relationship supports the role

of shortwave cloud feedback in the Southern Ocean-southeastern tropical Pacific relationship, as

tested in perturbation experiments (e.g., Kim et al., 2022), it may not fully explain the effect of

ocean heat uptake variability. Targeted perturbation experiments in individual models remain nec-

essary to clarify the role of ocean heat uptake in this relationship. Second, I have not analyzed

the role of trend magnitude in the relationship between the Southern Ocean and the southeast-

ern tropical Pacific. Do models with larger SST trends in both regions have stronger cross-model

relationship? I speculate an affirmative answer based on the relationship between the local SST
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trend, the global-mean SST trends, and ECS. However, whether trend magnitude is linked to short-

wave cloud feedback and ocean heat uptake off the west coast of South America remains an open

question for future research. Finally, observations are problematic, particularly for ocean heat

uptake off the west coast of South America. To provide more reliable constraints and to better

understand the joint effects of shortwave cloud feedback and ocean heat uptake on the Southern

Ocean-southeastern tropical Pacific relationship, longer and more reliable observational products

are needed.
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CHAPTER 4 CONSTRAINING THE RELATIONSHIPS BETWEEN SEA SURFACE

TEMPERATURE IN THE SOUTHERN OCEAN AND SOUTHEASTERN TROPICAL

PACIFIC ON INTERANNUAL TIMESCALE

4.1 Introduction

The impacts of tropical teleconnections on the Antarctic climate are well studied. Li et al.

(2021) reviewed the mechanisms of teleconnections of tropical climate variabilities to Antarctic

climates. On interannual timescales, variations in surface warming and sea ice extent in Antarctica

are influenced to the first order by the El Niño-Southern Oscillation (ENSO) via stationary Rossby

waves and Hadley cell variations. On decadal timescale, variations in the Amundsen Sea Low and

sea ice extent near Antarctica are affected by the Interdecadal Pacific Oscillation (Meehl et al.,

2016).

The Southern Ocean climate also affects the tropical climate. Hwang and Frierson (2013)

first identified a teleconnection from the Southern Ocean to the tropics in the Coupled Model

Intercomparison Project phase 5 (CMIP), showing that models with larger shortwave cloud radia-

tive forcing biases over the Southern Ocean have stronger double-Intertropical Convergence Zone

(ITCZ) biases. Subsequent studies have tested how thermal changes in the Southern Ocean sea

surface temperature (SST) influence SST in the southeastern tropical Pacific by perturbing models

of varying complexity. In atmospheric models coupled to a slab ocean, cooling of the Southern

Ocean induced by various perturbations leads to decreased SST over the southeastern tropical Pa-

cific (e.g., Hwang et al., 2017; Kang et al., 2018a,b; Dong et al., 2022), while warming of the

Southern Ocean, imposed through weakened ocean heat uptake, results in increased SST over the

southeastern tropical Pacific (Lin et al., 2021). In fully coupled climate models, southeastern trop-

ical Pacific cooling has similarly been attributed to Southern Ocean cooling (Kim et al., 2022;

Mechoso et al., 2016; Kang et al., 2020; Zhang et al., 2021; Kang et al., 2023a), and warming

over the southeastern tropical Pacific is seen in response to increased shortwave radiation over the

Southern Ocean (Yu and Pritchard, 2019). Extending beyond idealized perturbation experiments,
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this teleconnection from the Southern Ocean to the southeastern tropical Pacific is evident in both

forced and unforced coupled climate model outputs (Chapter 2), and has been invoked to explain

the observed cooling trends in both regions (Hartmann, 2022; Kang et al., 2023b).

The subtropical stratocumulus cloud feedback and ocean heat uptake are key factors influ-

encing the strength of the relationship between the Southern Ocean and the southeastern tropical

Pacific. Kim et al. (2022) proposed a pathway for the Southern Ocean teleconnection to the tropi-

cal Pacific after cooling the Southern Ocean in eight fully coupled models. As the Southern Ocean

cools, cold SST anomalies are advected equatorward by climatological southeasterlies. On the way

to the tropics, the cold anomalies are amplified by three processes: enhanced oceanic upwelling

and a positive stratocumulus-SST feedback off the west coast of South America, and a strength-

ened wind-evaporation-SST (WES) feedback over the southeastern tropical Pacific. Among these

factors, positive stratocumulus cloud feedback was identified as the primary driver of relationship

strength, with models having stronger cloud feedback showing a greater cooling response in the

southeastern tropical Pacific under the same Southern Ocean perturbation. Chapter 2 of this disser-

tation examined the effects of these physical factors on interannual timescales, using model outputs

from pre-industrial control simulations and forced simulations with an abrupt quadrupling of CO2

across Coupled Model Intercomparison Project Phase 6 (CMIP6) models. My findings confirmed

the key role of subtropical stratocumulus cloud feedback while also revealing the equally important

role of ocean heat uptake in the upwelling region, showing that models with stronger stratocumulus

cloud feedback and weaker ocean heat uptake have stronger interannual SST correlations between

the Southern Ocean and the southeastern tropical Pacific.

Given the effect of the shortwave cloud feedback and ocean heat uptake on the Southern Ocean-

southeastern tropical Pacific relationship, I attempted to constrain the simulated cross-model re-

lationship strength between SST trends in the two regions using observed cloud feedback and

observed ocean heat uptake variability (Chapter 3). These two physical factors show opposing

constraint effects on the Southern Ocean-southeastern tropical Pacific relationship, suggesting

that strengthening the shortwave cloud feedback in climate models tends to enhance the relation-
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ship, while strengthening the ocean heat uptake variability off the west coast of South America

tends to weaken it. I assess the relationship between 30-year SST trend—i.e., a decadal-scale

relationship—across CMIP6 models, rather than within individual models. As such a relationship

cannot be measured from individual observations, the strength of this cross-model relationship

cannot be directly comparable to observations. Therefore, although I can use observed shortwave

cloud feedback and ocean heat uptake to constrain the strength of the Southern Ocean-southeastern

tropical Pacific relationship, I cannot determine which factor plays the dominant role, nor can I

conclusively identify how the relationship should be improved in climate model simulations.

In this chapter, I measure the relationship between the Southern Ocean and the southeastern

tropical Pacific on the interannual timescale within each model, using lag-0 correlations, and I

constrain the simulated correlation strength by observed cloud feedback and ocean heat uptake.

The correlation measures the instantaneous relationship between the two regions, and I acknowl-

edge the effect of tropical variability—such as ENSO and tropical decadal variability—that may

link these two regions through tropical teleconnections to the Southern Ocean. To account for this,

I also test the robustness of the Southern Ocean-southeastern tropical Pacific relationship and the

constraint effects of cloud feedback and ocean heat uptake after removing ENSO and decadal vari-

ability. I introduce the analyzed models and variables in Section 4.2. I analyze the strength of the

Southern Ocean-southeastern tropical Pacific relationship and examine the constraining effects of

observed shortwave cloud feedback and ocean heat uptake variability in Section 4.3. I discuss the

implications of my findings and summarize the results in Section 4.4.

4.2 Data and Methods

4.2.1 Reanalyses, observations, and climate models

I analyze observed SST trends from the fifth generation ECMWF atmospheric reanalysis of

the global climate (ERA5) (Hersbach et al., 2023), the Extended Reconstructed SST dataset v5

(ERSSTv5) (Huang et al., 2017), the Hadley Centre Sea Ice and Sea Surface Temperature dataset

(HadISST 1.1) (Rayner et al., 2003), and the Optimum Interpolation Sea Surface Temperature

dataset (OISST v2.1) (Huang et al., 2021). To calculate stratocumulus cloud feedback, I use
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the SST products listed above alongside shortwave radiation fluxes at top-of-atmosphere from

the International Satellite Cloud Climatology Project radiative flux profile product (ISCCP-FH)

(Zhang and Rossow, 2023). Ocean heat uptake is analyzed using surface radiation fluxes from

the ERA5 (Hersbach et al., 2023), the Diagnosing Earth’s Energy Pathways in the Climate system

dataset (DEEP-C) (Liu and Allan, 2022), and the NOAA-CIRES-DOE Twentieth Century Reanal-

ysis Project version 3 (20CR) (Slivinski et al., 2019). I use annual data from 1985 to 2014 for

all observations and reanalyses to remove monthly variabilities, which are likely associated with

El Niño–Southern Oscillation (ENSO) and its strong teleconnection to the Southern Ocean (e.g.,

Yuan, 2004; Li et al., 2021). All datasets are linearly interpolated to a 2.5°× 2.5° spatial resolution.

Table 4.1: CMIP6 historical simulations covering the period 1985-2014, with at least 5 ensemble members

available.

Model Reference Model Reference

ACCESS-CM2 Dix et al. (2019) GISS-E2-1-G NASA/GISS (2018a)

ACCESS-ESM1-5 Dix et al. (2019) GISS-E2-1-H NASA/GISS (2018b)

AWI-CM-1-1-MR Semmler et al. (2018) GISS-E2-2-G NASA/GISS (2019a)

CESM2 Danabasoglu (2019b) HadGEM3-GC31-LL Ridley et al. (2018)

CNRM-CM6-1 Voldoire (2018) INM-CM5-0 Volodin et al. (2019b)

CNRM-ESM2-1 Seferian (2018) IPSL-CM6A-LR Boucher et al. (2018)

CanESM5 Swart et al. (2019a) MIROC-ES2L Hajima et al. (2019b)

CanESM5-1 Swart et al. (2019b) MIROC6 Tatebe and Watanabe (2018)

E3SM-1-0 Bader et al. (2019) MPI-ESM1-2-HR Jungclaus et al. (2019)

EC-Earth3 EC-Earth (2019a) MPI-ESM1-2-LR Wieners et al. (2019)

EC-Earth3-CC EC-Earth (2020a) MRI-ESM2-0 Yukimoto et al. (2019)

EC-Earth3-Veg EC-Earth (2019b) NESM3 Cao and Wang (2019)

FGOALS-g3 Li (2019) UKESM1-0-LL Tang et al. (2019)

I analyze simulated SST, top-of-atmosphere shortwave radiation fluxes, and surface radiation

fluxes from historical simulations over the same 30-year period across 26 CMIP6 models, each

with at least five available ensemble members (Table 4.1). I use five ensemble members per model

to assess the roles of the forced response and internal variability in shaping the relationship be-

tween the Southern Ocean and the southeastern tropical Pacific (see details in the next subsection).

This number of ensemble members is chosen to balance a relatively clean estimate of the forced

57



response with a sufficiently large model size for comparison. Similar to the observational data, I

use annual means and re-grid all model outputs to a 2.5°x 2.5° resolution.

4.2.2 Methods

I measure the relationship between the Southern Ocean and the southeastern tropical Pacific

on interannual timescales by calculating correlations between their SST timeseries over 1985-

2014. The interannual correlations are first calculated for each ensemble member in every model,

including the influence of both the forced response and internal variability. To isolate the effect of

internal variability, I then subtract the ensemble mean from each ensemble member, eliminating

the forced response from the SST timeseries, and recalculate the interannual correlations using

ensemble anomalies in every model. In this study, I show results primarily based on the first of the

selected five ensemble members from each CMIP6 model, while also estimating the uncertainty

range of the internal variability due to changes in models’ initial condition through bootstrapping

analysis.

I apply bootstrapping analysis to the fixed set of five ensemble members from each model,

resampling ensemble members over 5000 iterations. The bootstrapping analysis is used in the

constraint-focused part of this study (Figure 4.3), which involves cross-model regression analyses.

In this context, the impact of internal variability on the constraining effects of observed shortwave

cloud feedback and ocean heat uptake variability on the simulated Southern Ocean–southeastern

tropical Pacific correlations is assessed by the 95% confidence intervals of the bootstrapped re-

sults. For interannual correlations with ENSO-related variability and tropical decadal variability

removed, the bootstrapping is applied after the removal step.

I calculate shortwave cloud feedback by regressing local shortwave cloud radiation flux against

local SST over the 30-year period from 1985 to 2014 in observations and 26 CMIP6 models.

Shortwave cloud radiation flux is computed by subtracting the clear-sky outgoing shortwave radi-

ation flux at the top-of-atmosphere from the total outgoing shortwave radiation flux at the top-of-

atmosphere (downward positive). Both the shortwave cloud radiation flux and SST timeseries are

detrended before linear regression. The spatial patterns of the shortwave cloud feedback in obser-
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vations and CMIP6 models are shown in Figure 3.2 and discussed in Chapter 3. As in Chapters

2 and 3, I calculate the regional average of shortwave cloud feedback off the west coast of South

America (CFwSA) for each ensemble member in every model, using the same regional box. When

assessing the uncertainty of internal variability in the constraining effect of observed CFwSA on

correlations between the Southern Ocean and the southeastern tropical Pacific, CFwSA values from

different ensemble members are resampled along with the corresponding interannual correlations.

I calculate the net surface heat flux to quantify the ocean heat uptake (downward positive) in

observations and CMIP6 models. I investigate the role of ocean heat uptake in the interannual

correlation between the Southern Ocean and the southeastern tropical Pacific by analyzing ocean

heat uptake variability, which is defined as the standard deviation of ocean heat uptake over time.

The 30-year trend of the ocean heat uptake is removed from the timeseries prior to the calculation

of variability. In the upwelling region of interest, the forced trend in ocean heat uptake is smaller

than its interannual variability in 23 out of 26 models (not shown). As a result, whether or not

the trend is removed before calculating the standard deviation does not affect my results. Similar

to CFwSA, I calculate the regional average of ocean heat uptake variability over the west coast

of South America (OHUwSA sdv.) for each ensemble member in every model as in Chapter 3. I

assess the uncertainty due to internal variability in its constraining effect on the Southern Ocean-

southeastern tropical Pacific correlations through the same bootstrapping procedure as in CFwSA.

To assess the effect of ENSO-related variability on the interannual correlation between the

Southern Ocean and the southeastern tropical Pacific, I regress the SSTs averaged over the Niño

3.4 region (5°S-5°N, 170°W-120°W) out of the SSTs in both the Southern Ocean and the southeast-

ern tropical Pacific before calculating the correlations. To examine the effect of tropical decadal

variability on this interannual correlation, I apply a 10-year high-pass filter to the SSTs at every

grid point before calculating correlations.
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4.3 Results

4.3.1 Interannual relationship between the Southern Ocean and the southeastern tropical Pacific

In observations, the Southern Ocean and the southeastern tropical regions are positively cor-

related. Correlating all grid points in the South Pacific to the SST averaged over the southeastern

tropical Pacific triangle (hereinafter SEP; Fig. 4.1a) and the Southern Ocean box (hereinafter SO;

Fig. 4.1b) reveals a clear horseshoe pattern of statistically significant positive correlations connect-

ing the two regions, consistent with the correlation map shown in Dong et al. (2022). The Southern

Ocean box is chosen for its strongest correlation with the SEP region, for comparability with the

results in Chapter 3 and with Dong et al. (2022). Expanding the Southern Ocean box to the entire

Pacific sector does not quantitatively affect the results. The southeastern tropical Pacific triangle is

chosen based on its strong covariation with the SO SST. Although this covariation extends toward

the equator, I focus on the southeastern tropical Pacific because the SST trend (see Chapter 3) and

SST response to external forcing (see Chapter 2) are most pronounced in this region. Extending

the triangle into the equatorial region or expanding or shrinking it by 5° in each direction does not

quantitatively change my results.

In historical simulations, SO and SEP are positively correlated. The horseshoe pattern of posi-

tive correlation remains evident and is consistent with observations (Fig. 4.1c-d). This correlation

is first calculated for each ensemble member, then averaged across fixed sets of five ensemble

members in each model, and finally averaged across models. As a result, this correlation accounts

for both the forces response—represented by the ensemble mean of each model—and internal vari-

ability in SST timeseries at each grid point. One might ask, is the positive correlation between SO

and SEP SST mainly attributed to their forced response?

The answer is no. Removing the ensemble mean prior to calculating the correlations does not

significantly reduce the correlations between SO and SEP (Fig. 4.1e-f). This indicates that the in-

terannual correlation between these two regions is mainly attributed to their interannual variability.

This result is expected, as Chapter 3 shows that these regions have relatively weak SST trends (i.e.,
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a weak forced response) compared to other regions, removing which would not significantly affect

the interannual correlations.
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Figure 4.1: Correlation maps from observations and historical climate model simulations. (a) Observed

correlations between annual SST at each grid point and the area-weighted average of the SO SST, averaged

across four observational products. The black box represents the Pacific sector of the Southern Ocean

analyzed in this study. (b) As in (a), but for correlations with the area-weighted average of the SEP SST.

The black triangle marks the southeastern tropical Pacific area analyzed in this study. (c–d) Same as (a–b),

but showing simulated correlations averaged across 26 CMIP6 models, including the forced response (i.e.,

the ensemble mean) in the SST timeseries for correlations. (e–f) As in (c–d), but with the forced response

removed from each ensemble prior to calculating correlations.

In addition to the contribution from the forced response, the interannual correlation between

SO and SEP SSTs may also be influenced by tropical variabilities such as ENSO-related tele-

connections and tropical decadal variability (e.g., Yuan, 2004; Schneider and Deser, 2018; Meehl

et al., 2016). I begin by focusing on the multi-model mean correlations. On the one hand, remov-
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ing ENSO-related variability from SO and SEP SSTs leads to a decrease in the multi-model mean

SO–SEP correlation (Fig. 4.2). This reduction reflects not only the removal of ENSO-related in-

ternal variability but also the removal of the tropical forced response, since the ensemble mean is

included at every grid point during the regressions. The impact of the tropical forced response on

SO–SEP correlations appears weaker than that of the local forced response in SO and SEP. This is

evident from the larger reduction seen in the fifth correlation (from left to right in Fig. 4.2), where

both local forced response and ENSO-related variability are removed, compared to the second

correlation, which only removes the tropical forced response and ENSO-related variability. Com-

paring the fourth and fifth correlations also shows that the ENSO-related variability has a stronger

effect on SO–SEP correlations than the local forced response.

On the other hand, applying a 10-year high-pass filter to the SO and SEP SSTs also reduces the

multi-model mean SO–SEP correlation, although to a small extent. This change is comparable to

the effect of removing the local forced response, as shown by the similarity between the third and

fourth correlations in Fig. 4.2. This result is expected, since the forced response—calculated by

averaging ensemble members that smooth out parts of internal variability of the climate system—

primarily reflects variability on longer timescales (e.g., decadal variability), which overlaps with

the low-frequency signals removed by the high-pass filter. Nevertheless, the forced response and

low-frequency internal variability are not the same. This is shown by the slightly larger reduction

in the last correlation (Fig. 4.2), where both the forced response and low-frequency variability are

removed, compared to removing either one individually.

In summary, among the three components—local forced response, ENSO-related variability,

and tropical decadal variability—ENSO-related variability has the strongest impact on the SO–SEP

correlation, while the other two have comparable but smaller effects. But overall, changes in the

multi-model mean correlation are small, indicating that the positive correlation between SO and

SEP SSTs is robust and not solely driven by tropical variability or its related teleconnections.

However, the spread across models is large and spans zero. In Fig. 4.2, the second correlation

(from left to right) shows that when the local forced response is included, the model spread in-
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creases after removing ENSO, suggesting that in some models, the positive SO–SEP correlation is

largely driven by ENSO-related variability. Removing this part of internal variability—along with

the associated tropical forced response—reduced the SO–SEP correlation. A similar result is seen

when the local forced response is excluded, as shown by the fifth correlation in Fig. 4.2. The third

correlation shows that applying a 10-year high-pass filter reduces the model spread, indicating that

strong positive SO–SEP correlations in most models are primarily driven by internal variability

on interannual timescales. The fourth correlation, which removes the forced response (i.e., the

ensemble mean), results in a similarly reduced spread. However, the combined removal of both

the forced response and low-frequency variability leads to an increased model spread, suggesting

that in some models, the positive correlation is driven by both low-frequency variability and the

forced response.
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Figure 4.2: Correlation coefficients between annual SST timeseries in SO and SEP. From left to right,

the first correlation is calculated between 30-year annual SSTs over the SO and SEP in the first ensemble

member (including the ensemble mean) in each model. The second and third correlations are calculated in

the same way as the first, but with the second excluding ENSO variability and the third applying a 10-year

high-pass filter to the SST time series, respectively. The fourth through the last correlations mirror the first

three but exclude the ensemble mean (EM) from each ensemble prior to calculating the correlations. Black

circles represent the multi-model mean of the correlations, and black lines represent the model spreads.

The red dashed line marks the model-mean SO-SEP correlation including the ensemble mean (equal to

the first black circle), and the blue dashed line marks the model-mean correlation excluding the ensemble

mean (equal to the fourth black circle). Correlations from four observational products are included for

comparison with the simulated correlations that include the ensemble mean. The grey dashed line marks

where the correlation coefficient equals zero.

Observations fall within the range of simulated SO–SEP correlations but also show a relatively

large spread. HadISST stands out as an outlier, consistently showing the highest correlation among
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all observational products and lying near the upper edge of the simulated range, while the other

three observational products cluster below the CMIP6 multi-model mean. Based on the changes in

observed SO–SEP correlations after removing ENSO-related variability and tropical decadal vari-

ability, the SO–SEP correlation in HadISST appears to be less influenced by both variabilities than

other observational products. Given the spread across observational datasets and how they respond

to the removal of ENSO and decadal variability, it remains uncertain whether the SO–SEP relation-

ships in climate models are underestimated or overestimated. To provide further insight, I examine

the role of two physical factors—shortwave cloud feedback and ocean heat uptake variability—in

constraining the SO–SEP relationship.

4.3.2 Constraining interannual correlations between the Southern Ocean and the southeastern

tropical Pacific in CMIP6 models

Models with larger SO–SEP correlations that include the forced response simulate higher

CFwSA values (Fig. 4.3a). Positive shortwave cloud feedback poses an amplifying effect on

the local SST variability: as SST increases, stratocumulus cloud cover decreases, allowing more

shortwave radiation to reach the surface and further enhancing SST warming. Models with larger

CFwSA values better preserve and amplify SST variability as they are advected from the SO to

the SEP by the climatological wind, resulting in a larger SO–SEP correlation. The coefficient of

determination (R2) for this cross-model relationship is small, with large uncertainty due to inter-

nal variability arising from changes in models’ initial condition, as indicated by the confidence

intervals from bootstrapping. When including the observed CFwSA, it is shown that most models

tend to underestimate CFwSA. The positive relationship between SO–SEP correlations and CFwSA

suggests that most models also tend to underestimate the SO–SEP correlation strength, which is

consistent with the comparison between observed and simulated SO–SEP correlations (Fig. 4.3a).

Models with larger SO–SEP correlations that include the forced response tend to have smaller

OHUwSA sdv. values (Fig. 4.3b). A large OHUwSA sdv. adds noises to local SST variabil-

ity. Models with smaller OHUwSA sdv. better preserve SST variability advected from the SO

to the SEP by the climatological wind, resulting in a stronger SO–SEP correlation. The R2 of
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Figure 4.3: Constraints from observed CFwSA and OHUwSA sdv. on simulated SO-SEP correlations with

forced response included. (a) Relationship between CFwSA and SO-SEP correlation across CMIP6 mod-

els. Black circles represent the first ensemble member from individual models, and red circles represent

observations. The grey line shows the least-squares fit to black circles. Dashed lines and the shaded area

denote 5%-95% confidence intervals from bootstrapping different ensemble members. The coefficient of

determination (R2) of this relationship is displayed in the title. Values in brackets represent the 5th per-

centile, mean, and 95th percentile of R2 from bootstrapping different ensemble members. (b) Same as (a),

but showing the cross-model relationship between OHUwSA sdv. and SO-SEP correlation. Vertical lines

represent OHUwSA reanalyses, and horizontal lines are reanalysis-based SO-SEP correlations. Red circles

represent different combinations of SST and OHUwSA reanalyses products. (c-d) Same as (a-b), but using

SO-SEP correlations with ENSO variability removed. (e-f) As in (a-b), but using SO-SEP correlations with

a 10-year highpass filter applied.
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this relationship is generally lower than that between CFwSA and SO–SEP correlation, revealing

a secondary role of OHUwSA sdv. in influencing SO–SEP correlations. Despite this negative re-

lationship, both OHUwSA sdv. and SO–SEP correlations are underestimated in climate models

relative to observations.

This raises two hypotheses: First, if the negative relationship also holds in observations, then

the key issue would be to correct the underestimation of both OHUwSA sdv. and SO–SEP correla-

tions in models. However, this hypothesis is difficult to test due to the limited availability of obser-

vational ocean heat uptake products, which often lack corresponding SST data, making regression

analysis infeasible. Second, the negative relationship across models may be questionable given the

low R2 value, with the mechanisms by which OHUwSA sdv. affects SO–SEP correlations likely

vary across models and warrant further investigation. Notably, when replacing OHUwSA sdv. with

other ocean heat uptake–related metrics—such as the climatological OHUwSA or the OHUwSA

trend—a similar negative relationship with SO–SEP correlations is found. In fact, the correlation

with the OHUwSA trend yields an R2 comparable to that of CFwSA (not shown). This indicates

that the negative relationship between SO–SEP correlations and OHUwSA is robust. However, due

to the large uncertainty in observed climatological OHUwSA and OHUwSA trend, these metrics

cannot be used for constraint and are therefore not shown.

The positive cross-model relationship between CFwSA and SO–SEP correlations remains ro-

bust after removing ENSO-related variability (Fig. 4.3c) and tropical decadal variability (Fig.

4.3e). The relationship between CFwSA and SO–SEP correlation is not primarily driven by ENSO-

related variability. Removing ENSO-related variability does not significantly change the R2 of this

relationship nor its confidence interval of internal variability. This result is expected, as CFwSA is

more likely to influence SST signals transporting from the Southern Ocean to the tropics, rather

than the reverse. Similarly, removing tropical decadal variability from SO and SEP SSTs does not

significantly change the R2, but slightly reduces the confidence interval, indicating that a small

portion of the relationship may be linked to low-frequency variability, likely the related forced
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signals (e.g., decadal SST trends) between the two regions that are mediated by cloud feedbacks

(Chapter 3; Kang et al., 2023b).

The negative cross-model relationship between OHUwSA sdv. and SO–SEP correlations re-

mains robust after removing ENSO-related variability (Fig. 4.3d), but is not robust after removing

tropical decadal variability (Fig. 4.3f). Removing ENSO-related variability increases the R2 value,

indicating that ENSO-related variability adds noise to the SO-SEP relationship. This suggests that

this relationship can be attributed to low-frequency variability, which is verified by applying a

10-year high-pass filter to SO and SEP SSTs. As a result, the sign of the relationship between

OHUwSA sdv. and SO–SEP correlations becomes highly uncertain, and the overall R2 value de-

creases.

I have shown the relationships between the two physical drivers and SO–SEP correlations that

include the forced response. The relationships based on SO–SEP correlations with the forced

response removed (i.e., after subtracting the ensemble means) are not directly comparable to ob-

servations and therefore cannot be used for observational constraints. As such, they are not shown

or discussed here.

4.4 Conclusion and discussion

I analyze the relationship between the Southern Ocean and the southeastern subtropical Pacific

across 26 CMIP6 models. I find that during the historical period from 1985 to 2014, the spatial

pattern of simulated correlations between SSTs at each grid point and the regional averages over

the SO and SEP regions is broadly consistent with observations. Both reveal a robust positive

relationship between SO and SEP SSTs on interannual timescales.

The strength of this positive SO–SEP relationship is model-dependent, as is the dominant factor

contributing to it. I examine the roles of ENSO-related variability, tropical decadal variability, and

the forced response in changing the interannual correlations between SO and SEP SSTs. In some

models, the positive correlation arises because SO and SEP SSTs are both influenced by ENSO-

related variability, while in others, it is mainly attributed to the covarying low-frequency variability

between the two regions (likely related to the relationship between SST trends discussed in Chap-
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ter 3). The contribution of the forced response is small and has minimal influence on SO–SEP

correlations in most models. Overall, the multi-model mean SO–SEP correlation remains robust

even after removing ENSO-related variability, tropical decadal variability, and the forced response.

Similarly, the observed SO–SEP relationship—and the dominant variabilities contributing to it—

varies across observational products.

The removal of ENSO-related variability—achieved by regressing out SSTs from the Niño3.4

region—and the removal of tropical decadal variability—using a 10-year high-pass filter applied to

SO and SEP SSTs—are admittedly crude and simplistic approaches. I acknowledge that applying

a 10-year high-pass filter may also unintentionally eliminate decadal-scale teleconnections from

the Southern Ocean to the tropics, such as those mediated by ocean circulation systems like the

subtropical gyre. This highlights the need for more carefully designed methodologies to isolate

and remove potential confounding signals in the SO–SEP correlations.

Global-mean SST plays an important role in strengthening the relationship between SO and

SEP SSTs, as shown in Chapters 2 and 3. However, in this chapter, I focus on the SO–SEP

relationship driven by interannual internal variability, in contrast to the relationship between forced

SST trends examined in Chapters 3. By removing each model’s ensemble mean, I effectively

remove the forced response from SST timeseries, including much of the global-mean SST signal.

This approach provides a cleaner estimate of interannual internal variability than removing the

global-mean SST alone.

Based on the mechanism proposed by Kim et al. (2022) and examined in Chapter 2 using cou-

pled model outputs, I investigate the constraining effect of observed stratocumulus cloud feedback

and ocean heat uptake variability on the simulated Southern Ocean-southeastern tropical Pacific

relationship. I find that models that underestimate stratocumulus cloud feedback also tend to un-

derestimate SO–SEP correlations. This relationship remains robust after removing ENSO-related

variability and tropical decadal variability from SO and SEP SSTs. Conversely, models that un-

derestimate ocean heat uptake variability tend to overestimate SO–SEP correlations. This negative
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relationship primarily occurs on decadal timescales, as applying a 10-year high-pass filter signifi-

cantly weakens the relationship.

Given that simulated SO–SEP correlations are generally underestimated relative to observa-

tions, the constraining effect of stratocumulus cloud feedback appears to be more influential. I

suggest that models should strengthen the SO–SEP relationship, most likely by improving the rep-

resentation of shortwave cloud feedback, given its demonstrated positive effect on the correlation.

This is consistent with the argument put forward by Kim et al. (2022) and Kang et al. (2023a). In

contrast, the physical mechanism by which ocean heat uptake influences the SO–SEP relationship

remains less clear and should be investigated in detail through targeted perturbation experiments.

Furthermore, additional observational datasets of ocean heat uptake are needed to better assess its

role in shaping the SO–SEP relationship.
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CHAPTER 5 CONCLUSION

5.1 Summary

In this dissertation, I investigate the relationship between sea surface temperatures (SSTs) in

the Southern Ocean (SO) and the southeastern tropical Pacific (SEP). In Chapter 2, I analyze the

relationship using 53 CMIP6 models in unforced pre-industrial control simulations and compare it

to the relationship in forced simulations with an abrupt quadrupling of CO2. In the pre-industrial

control simulations, SO and SEP SSTs are positively correlated, both within individual models

over time and across models averaged over time. This inter-model spread in SO–SEP correla-

tions is partially explained by the radiative restoration strength of shortwave clouds off the west

coast of South America, suggesting that models with stronger correlations tend to have stronger

shortwave cloud feedback in that region. In the forced climate simulations, SO and SEP SST

anomalies also show a strong positive correlation; however, this relationship is heavily influenced

by global-mean warming, as warmer models tend to show stronger warming in both regions. This

motivates analyses of the SST pattern, revealing a robust relationship between delayed warming in

the SO and the SEP after removing the global-mean warming through various methods. The model

spread in SO–SEP correlations is largely attributable to the spread in shortwave cloud feedback and

anomalous ocean heat uptake off the west coast of South America. Models with stronger SO–SEP

correlations in SST pattern tend to have both stronger shortwave cloud feedback and greater reduc-

tions in ocean heat uptake off the west coast of South America. This chapter extends the study of

the SO–SEP relationship beyond perturbation experiments—commonly used in prior studies—to

coupled model outputs, thereby avoiding artificial effects of unrealistically large forcing. These

findings point to the potential for constraining the SO–SEP relationship using observational data,

motivating the analysis of historical simulations presented in Chapter 3.

In Chapter 3, I examine the relationship between 30-year SST trends over the historical pe-

riod from 1985 to 2014 in the SO and the SEP using 42 CMIP6 models. Most models fail to

reproduce the observed cooling trends in both regions, instead simulating delayed warming trends
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compared to the global-mean. The erroneous positive SST trends in these regions are positively

related. Although this relationship is largely attributable to global-mean SST trends, the relation-

ship remains robustly positive after removing the global-mean warming. Building on the roles

of shortwave cloud feedback and ocean heat uptake identified in Chapter 2, I then assess the ob-

servational constraint of stratocumulus cloud feedback and ocean heat uptake variability on the

simulated SO–SEP relationship. I find that most models underestimate both factors, leading to op-

posing constraint effects: strengthening the cloud feedback strengthens the SO–SEP relationship,

while strengthening the ocean heat uptake variability weakens it. Furthermore, I link the SO–SEP

relationship to equilibrium climate sensitivity (ECS), with implications for the "hot model" prob-

lem. Models with higher ECS tend to show stronger cross-model SO–SEP relationships. This

chapter links the erroneous warming in the SEP to that in the SO under historical forcing in cli-

mate models, demonstrating the robustness of the SO–SEP relationship in the "real-world" regime.

It highlights the importance of both shortwave cloud feedback and ocean heat uptake off the west

coast of South America in improving the relationship between SST trends in these two regions in

climate models. However, due to the focus on cross-model analysis on SST trends, this chapter

does not quantify the SO–SEP relationship in observations, leaving the simulated SO-SEP relation-

ship incomparable to that in observations. This limitation motivates Chapter 4, where I investigate

the SO–SEP relationship on interannual timescales using correlations that can be measured within

each model and observations.

In Chapter 4, I analyze the SO–SEP relationship on interannual timescales during the historical

period from 1985 to 2014 using 26 CMIP6 models. I find that the spatial pattern of simulated

correlations between SSTs at each grid point and regional averages over the SO and SEP regions

is broadly consistent with observations, with both showing a robust positive relationship between

SO and SEP SSTs. However, the magnitude of correlation is model-dependent, as is the domi-

nant contributing factor. In some models, the positive correlation is primarily driven by ENSO-

related variability influencing both regions, while in others, it reflects covarying low-frequency

variability between the SO and SEP. Despite these differences, the multi-model mean SO–SEP
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correlation remains robust after removing ENSO-related variability, tropical decadal variability,

and the forced response. Similarly, the observed SO–SEP relationship and the dominant source of

variability vary across different observational products. Building on the roles of shortwave cloud

feedback and ocean heat uptake identified in Chapter 2, I examine the constraining effects of ob-

served stratocumulus cloud feedback and ocean heat uptake variability on the interannual SO–SEP

correlation. I find that models that underestimate stratocumulus cloud feedback also tend to un-

derestimate SO–SEP correlations—a relationship that remains robust even after removing ENSO-

related and decadal variability from the SSTs. Conversely, models that underestimate ocean heat

uptake variability tend to overestimate SO–SEP correlations. This negative relationship primar-

ily reflects decadal-scale processes, as it becomes significantly weaker when a 10-year high-pass

filter is applied. Given that simulated SO–SEP correlations are generally underestimated relative

to observations, the constraining effect of stratocumulus cloud feedback appears more influential,

while the role of ocean heat uptake is non-negligible. Improving the SO–SEP relationship solely

by strengthening cloud feedback may ultimately lead to an overestimated relationship. Therefore,

both cloud feedback and ocean heat uptake should be considered when improving the SO–SEP

relationship in climate models.

5.2 Outlook

The results presented in this dissertation raise several interesting questions. First, what is the

causal relationship between SSTs in the SO and the SEP, and do climate models agree on the

timescale of this relationship? Unlike perturbation experiments, where causality is more easily

identified by applying a known forcing and observing the response, disentangling causal links

in data-driven analyses is inherently challenging due to the tight coupling of physical processes

operating on similar timescales. My preliminary causality-oriented analysis suggests a lagged re-

lationship between SO and SEP SSTs on the monthly timescale. To avoid complications associated

with causality, this dissertation focuses on annual data, where monthly lags are aggregated into a

lag-0 annual relationship. Additionally, while my analysis emphasizes the teleconnection from the

SO to the SEP, I acknowledge the influence of other contributing factors, such as ENSO-related
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teleconnections, South Pacific Rossby wave dynamics, and wind anomalies over the southern high

latitudes (Schneider and Deser, 2018; Dong et al., 2022; Wang et al., 2022). I preliminarily re-

move ENSO-related and tropical decadal variability from the SSTs, showing that the annual lag-0

SO–SEP relationship is not primarily driven by either. However, a more detailed investigation is

needed to clarify the directionality of the teleconnection, for which a causality analysis will be

essential. Determining the direction of this teleconnection is critical for diagnosing the relative

influence of tropical versus extratropical variability in driving SST biases in the SEP in climate

models. Such understanding is key to improving climate projections and identifying models that

more realistically simulate relevant teleconnection processes on timescales consistent with obser-

vations.

Building on the SO–SEP causality, it is also important to explore ENSO’s potential interaction

with SEP. The causal relationship between the eastern tropical Pacific (EP) and SEP SSTs remains

a topic of ongoing debate in the ENSO research community, particularly concerning whether the

South Pacific Meridional Mode acts as a precursor to ENSO events or merely reflects ENSO’s influ-

ence (e.g., Zhang et al., 2014; Jin and Kirtman, 2009; Amaya, 2019). It is possible that the SO–SEP

teleconnection originates from ENSO—ENSO-related teleconnections influence SO SSTs, which

are subsequently advected equatorward toward the SEP. However, this hypothesis remains specu-

lative and warrants future investigation. Disentangling the relationship between EP and SEP could

also help reconcile the discrepancy between results from perturbed experiments and coupled model

outputs: the former often show SO-induced SST signals reaching into the tropics, while the latter

show the delayed warming confined to the subtropics. Moreover, it remains unclear why delayed

warming appears only in the SEP, even though SSTs across the broader EP exhibit covariability

with the Southern Ocean. This may suggest that climatological SSTs in the EP are more strongly

influenced by other processes, while the remote influence of the Southern Ocean only acts on its

internal variability.

Second, what is the role of the dynamic ocean in the teleconnection from the SO to the SEP?

This question arises from an inconsistency: my results suggest that the SO plays an important role
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in influencing future warming projections through its teleconnection to the SEP, consistent with

Kang et al. (2023a,b), whereas Green’s function studies suggest that the SO has little influence

on the Earth’s radiative feedback and climate sensitivity (e.g., Dong et al., 2021; Bloch-Johnson

et al., 2024). As noted by Bloch-Johnson et al. (2024), Green’s function methods primarily capture

atmospheric processes, while extratropical influences on global climate are often mediated by the

ocean. This implies that ocean circulation is a key factor in the SO–SEP connection. In addition,

some perturbation experiments have shown that the tropical Pacific response is muted when a dy-

namic ocean is included (e.g., Kay et al., 2016; Hawcroft et al., 2017; Green and Marshall, 2017;

Kang et al., 2018b), while other studies showed evident tropical responses following a perturbed

Southern Ocean climate in fully coupled climate models (e.g., Mechoso et al., 2016; Kim et al.,

2022; Dong et al., 2022), leaving the role of the dynamic ocean in mediating the SO–SEP telecon-

nection an open question. In this dissertation, I identify ocean heat uptake in the coastal upwelling

region off the west coast of South America as a key factor. While my analysis offers only an ini-

tial exploration of the effect of ocean circulation on SO-SEP teleconnection, my results already

reveal some issues regarding its representation in models and observations, underscoring the need

for further investigation. Targeted perturbation experiments, such as model intercomparisons of

SEP responses to SO forcing in models with and without dynamic oceans, or idealized ocean-only

experiments would be essential next steps in advancing my understanding of the ocean’s role in

this teleconnection.

Finally, what is the contribution of SO SST to warm SST biases in the SEP, relative to other lo-

cal physical processes? The SEP region exhibits a long-standing warm SST bias in climate models,

along with eastern boundary regions in other ocean basins. This bias has been attributed to underes-

timated stratocumulus cloud decks, weak alongshore winds and upwelling, and insufficient model

resolution to capture mesoscale eddies and the thermocline structure (Richter, 2015). Notably,

some of these local bias mechanisms overlap with the physical pathway of the teleconnection from

the SO to the SEP, raising questions about the relative contributions of remote versus local pro-

cesses. Based on my analysis of the SO–SEP relationship across different forcing scenarios and
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models, I can confidently say that part of SEP SST is affected by SO SST. However, quantifying its

contribution relative to local processes remains challenging due to overlapping mechanisms. One

possible approach would be to compare SEP responses to perturbations in the subtropical region

and in the Southern Ocean, following a framework similar to that used in Yu and Pritchard (2019).

After decades of climate model development, it may seem discouraging that both models and

observations still face challenges in representing key physical processes, and that many aspects of

the climate system remain not fully understood. However, from perturbation experiments to cou-

pled model simulations, and from idealized frameworks to model simulations that more closely

reflect the real-world climate system, each step brings us closer to more accurate climate simu-

lations and more reliable projections. Progress may be small, but we are closer than we were

yesterday.
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APPENDIX A SUPPORTING INFORMATION FOR CHAPTER 3

A.1 Text. Climatological ocean heat uptake and ocean heat uptake trend

Strong climatological oceanic upwelling occurs off the west coast of South America due to

Ekman transport induced by the Humboldt Current System (e.g., Kämpf and Chapman, 2016).

The spatial pattern of the multi-model mean climatological ocean heat uptake in CMIP6 models

generally matches the observation mean (A.6a-b). Averaging the climatological ocean heat uptake

over this region using the same box as in the main text (hereinafter referred to as climatological

OHUwSA), I find that models tend to underestimate the magnitude of climatological OHUwSA

(Figure A.6b-c).

Higher climatological ocean heat uptake suppresses positive SST trends advected from the

Southern Ocean (SO) to the southeastern tropical Pacific (SEP) by climatological wind, resulting in

weaker relationship between SST trends in these two regions. Grouping models by climatological

OHUwSA, the cross-model relationship between absolute SST trends in the SO and SEP shows

that subsets with larger climatological OHUwSA show a weaker SO-SEP relationship (lower R2)

(Figure A.6d), consistent with the negative dependence of R2 on OHUwSA sdv. discussed in the

main text. This negative dependence is not affected by internal variability and remains robust

across different subset sizes.

However, when SST trends are normalized by global-mean warming, this negative dependence

becomes positive: subsets with larger climatological OHUwSA show stronger cross-model rela-

tionships between normalized SST trends in SO and SEP (higher R2; Figure A.6b). Aside from

the mechanism discussed in the previous paragraph, climatological OHUwSA can also affect lo-

cal SST signals through dynamical processes, e.g., associating with coastal winds and subtropical

gyre. Models with larger climatological OHUwSA may have stronger coastal winds and subtropi-

cal gyre, enabling more effective equatorward transport of SO SST signals, thus strengthening the

SO-SEP relationship. This mechanism involves local dynamical processes that are less sensitive
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to global-mean SST trends, explaining the positive dependence after normalization (blue line in

Figure A.6b).

Overall, the constraining effect of climatological OHUwSA on the SO-SEP relationship remains

uncertain, due to its sensitivity to global-mean warming. Future studies are needed to further test

these mechanisms.

The 30-year ocean heat uptake trend in the South Pacific is overall noisy, with large uncertain-

ties coming from the large internal variability of ocean heat uptake. The heterogeneous spatial

pattern of the ocean heat uptake trend makes the simulated and observed ocean heat uptake trend

incomparable A.6e-f. A negative trend of ocean heat uptake off the west coast of South America

is simulated in some historical simulations, though with large uncertainties due to internal vari-

ability (Figure A.6g). Grouping models by OHUwSA trends, I find that subsets with more positive

OHUwSA trends show weaker SO-SEP relationships (smaller R2) across models (Figure A.6h).

This is consistent with the negative dependence of R2 on OHUwSA sdv. discussed in the main

text, as well as the negative dependence of the SO-SEP relationship R2 using absolute SST trends

on climatological OHUwSA discussed above. This negative dependence is not affected by inter-

nal variability; it remains robust when changing the subset size and when including or excluding

global-mean SST trends. However, the observational range of the OHUwSA trend is too large to

be capable of constraining the SO-SEP relationship strength.
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A.2 Figures and Table

1940 1950 1960 1970 1980 1990 2000 2010 2020
Year

 

CMIP6

CERES_EBAF-TOA_Ed4.2
ISCCP-FH.TOA

OISST v2.1
HadISST 1.1
ERSSTv5
ERA5

ECCO V4r4
OAFlux v3
20CR
DEEP-C v5
ERA5

Figure A.1: Temporal coverage of different observational products used in this study. Yellow-toned lines

represent ocean heat uptake reanalyses, blue-toned lines represent SST reanalyses, and red-toned lines rep-

resent top-of-atmosphere radiation observations. Thick black and grey lines represent historical simulations

and SSP scenario simulations from CMIP6 models, respectively. The timeline focuses on the period 1940-

2020 for illustrative purposes, while some observational products and all CMIP6 models extend beyond this

time range.
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Figure A.2: (a) Relationship between SO and SEP SST trends across five ensemble members in 26 CMIP6

models. Grey dots are the five individual ensemble members; in total, there are 5x26 dots. Solid lines

represent least-squares fits in each model across ensembles. (b) As in (a), but for the relationship between

normalized SO and SEP SST trends.
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(b) R2=0.68 [0.44, 0.64, 0.79] ACCESS-CM2
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Figure A.3: Relationship between absolute SST trend and normalized SST trend across models in (a) SO

and (b) SEP. The solid line represents the least-squares fit. Dashed lines and the shaded area denote 5%-

95% confidence intervals from bootstrapping different ensemble members. The R2 is displayed in the title.

Values in brackets represent the 5th, 50th, and 95th percentiles of R2 from bootstrapping.
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Figure A.4: Relationship between (a) ECS and global-mean SST trends and (b) ECS and CFwSA across

42 CMIP6 models using the first ensemble member. The solid line represents the least-squares fit. The R2

values are displayed in the title.
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Figure A.5: Illustrative examples for deriving values in Figure 3 of the main text. (a) Same as Figure 1c,

with green and pink dots representing subsets of 15 models with the lowest (0.85 W/m2/K) and highest

(4.96 W/m2/K) model-mean CFwSA, respectively. The green and pink lines are the least-squares fits to

these two subsets of models. (b) Consecutive overlapping subsets of 15 models are selected from a total of

42 models ranked by their CFwSA values. The first green dot represents the subset with the lowest model-

mean CFwSA (corresponding to green dots in (a)) and an R2 value of 0.37 for the cross-model SO–SEP SST

trend relationship. Black dots indicate model-mean CFwSA and corresponding R2 values across running

subsets. And the pink dot marks the highest model-mean CFwSA and its associated R2 in the SO-SEP

relationship. (c) Extends (b) to 5000 bootstrap iterations using different ensemble members. The black line

represents the least-squares fit to all scatter points, matching the black line in Figure 3a of the main text.

99



180° 120°W 60°W
80°S

40°S

0°
(a) Obs-mean climatological OHU

180° 120°W 60°W

(b) CMIP6 model-mean climatological OHU

-20
-15
-10
-5
0
5
10
15
20

OH
U 

(W
/m

2 )

180° 120°W 60°W
80°S

40°S

0°
(e) Obs-mean OHU trend

180° 120°W 60°W

(f) CMIP6 model-mean OHU trend

-6

-4

-2

0

2

4

6

OH
U 

(W
/m

2 /3
0y
r)

15 10 5 0 5
mean OHUwSA trend across

running 15 models (W/m2/30yr)

0.2

0.4

R
2  a

cr
os

s r
un

ni
ng

15
 m

od
el

s (
1)

(h)

AC
CE

SS
-C

M
2

AC
CE

SS
-E

SM
1-

5
AW

I-C
M

-1
-1

-M
R

BC
C-

CS
M

2-
M

R
CA

M
S-

CS
M

1-
0

CE
SM

2
CE

SM
2-

W
AC

CM
CI

ES
M

CM
CC

-C
M

2-
SR

5
CM

CC
-E

SM
2

CN
RM

-C
M

6-
1

CN
RM

-C
M

6-
1-

HR
CN

RM
-E

SM
2-

1
Ca

nE
SM

5
Ca

nE
SM

5-
1

E3
SM

-1
-0

EC
-E

ar
th

3
EC

-E
ar

th
3-

CC
EC

-E
ar

th
3-

Ve
g

EC
-E

ar
th

3-
Ve

g-
LR

FG
OA

LS
-f3

-L
FG

OA
LS

-g
3

GI
SS

-E
2-

1-
G

GI
SS

-E
2-

1-
H

GI
SS

-E
2-

2-
G

Ha
dG

EM
3-

GC
31

-L
L

Ha
dG

EM
3-

GC
31

-M
M

IN
M

-C
M

4-
8

IN
M

-C
M

5-
0

IP
SL

-C
M

6A
-L

R
KA

CE
-1

-0
-G

M
IR

OC
-E

S2
H

M
IR

OC
-E

S2
L

M
IR

OC
6

M
PI

-E
SM

1-
2-

HR
M

PI
-E

SM
1-

2-
LR

M
RI

-E
SM

2-
0

NE
SM

3
No

rE
SM

2-
LM

No
rE

SM
2-

M
M

Ta
iE

SM
1

UK
ES

M
1-

0-
LL

10

0

O
H
U
w
SA
tr
en
d

(W
/m

2 /3
0y
r) DEEP-C

20CR

ERA5

(g)

16 18 20 22
climatological OHUwSA across

running 15 models (W/m2)

0.2

0.3

0.4

R
2  a

cr
os

s r
un

ni
ng

15
 m

od
el

s (
1)

(d)

AC
CE

SS
-C

M
2

AC
CE

SS
-E

SM
1-

5
AW

I-C
M

-1
-1

-M
R

BC
C-

CS
M

2-
M

R
CA

M
S-

CS
M

1-
0

CE
SM

2
CE

SM
2-

W
AC

CM
CI

ES
M

CM
CC

-C
M

2-
SR

5
CM

CC
-E

SM
2

CN
RM

-C
M

6-
1

CN
RM

-C
M

6-
1-

HR
CN

RM
-E

SM
2-

1
Ca

nE
SM

5
Ca

nE
SM

5-
1

E3
SM

-1
-0

EC
-E

ar
th

3
EC

-E
ar

th
3-

CC
EC

-E
ar

th
3-

Ve
g

EC
-E

ar
th

3-
Ve

g-
LR

FG
OA

LS
-f3

-L
FG

OA
LS

-g
3

GI
SS

-E
2-

1-
G

GI
SS

-E
2-

1-
H

GI
SS

-E
2-

2-
G

Ha
dG

EM
3-

GC
31

-L
L

Ha
dG

EM
3-

GC
31

-M
M

IN
M

-C
M

4-
8

IN
M

-C
M

5-
0

IP
SL

-C
M

6A
-L

R
KA

CE
-1

-0
-G

M
IR

OC
-E

S2
H

M
IR

OC
-E

S2
L

M
IR

OC
6

M
PI

-E
SM

1-
2-

HR
M

PI
-E

SM
1-

2-
LR

M
RI

-E
SM

2-
0

NE
SM

3
No

rE
SM

2-
LM

No
rE

SM
2-

M
M

Ta
iE

SM
1

UK
ES

M
1-

0-
LL

10

20

30

Cl
im

at
ol

og
ica

l
O
H
U
w
SA

(W
/m

2 )

DEEP-C20CR
ERA5

(c)

Figure A.6: Overview of climatological OHU and OHU trend in South Pacific. (a) Observed climato-

logical OHU map over 1985-2014. (b) Simulated climatological OHU map. (c) Comparison of observed

climatological OHUwSA (solid colored lines) with those in the first ensemble member from CMIP6 models

(grey bars). Black dots on each bar represent climatological OHUwSA from each ensemble. (d) Constraints

of SO-SEP relationship strength using climatological OHUwSA. The black line represents the linear re-

lationship between R2 values of SO-SEP SST trend relationship (as in Figure 1c of the main text) and

climatological OHUwSA. The blue lines represent the linear relationship between R2 values of normalized

SO-SEP relationship (as in Figure 1c of the main text) and climatological OHUwSA. The vertical lines

represent observations the same as in (c). (e-h) Same as (a-d) but for OHUwSA trends over 1985-2014.
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Table A.1: CMIP6 historical simulations covering the period 1985-2014, and the number of ensemble

members used in this study (N). Models with asterisks are the ones do not have ECS values from the exact

ensemble members as in Zelinka et al. (2020)

Model N Reference

ACCESS-CM2 5 Dix et al. (2019)

ACCESS-ESM1-5 40 Dix et al. (2019)

AWI-CM-1-1-MR 5 Semmler et al. (2018)

BCC-CSM2-MR 3 Xin et al. (2018)

CAMS-CSM1-0 2 Rong (2019)

CESM2 11 Danabasoglu (2019b)

CESM2-WACCM 3 Danabasoglu (2019d)

CIESM 3 Huang (2019)

CMCC-CM2-SR5 1 Lovato and Peano (2020)

CMCC-ESM2 1 Lovato et al. (2021)

CNRM-CM6-1 28 Voldoire (2018)

CNRM-CM6-1-HR 1 Voldoire (2019)

CNRM-ESM2-1 10 Seferian (2018)

CanESM5 25 Swart et al. (2019a)

CanESM5-1* 47 Swart et al. (2019b)

E3SM-1-0 5 Bader et al. (2019)

EC-Earth3* 12 EC-Earth (2019a)

EC-Earth3-CC 10 EC-Earth (2020a)

EC-Earth3-Veg 7 EC-Earth (2019b)

EC-Earth3-Veg-LR 3 EC-Earth (2020c)

FGOALS-f3-L 3 YU (2018)

FGOALS-g3 6 Li (2019)

GISS-E2-1-G* 10 NASA/GISS (2018a)

GISS-E2-1-H* 5 NASA/GISS (2018b)

GISS-E2-2-G* 5 NASA/GISS (2019a)

HadGEM3-GC31-LL 5 Ridley et al. (2018)

HadGEM3-GC31-MM 4 Ridley et al. (2019)

INM-CM4-8 1 Volodin et al. (2019a)

INM-CM5-0 10 Volodin et al. (2019b)

IPSL-CM6A-LR 33 Boucher et al. (2018)

KACE-1-0-G 3 Byun et al. (2019)

MIROC-ES2H* 3 Watanabe et al. (2021b)

MIROC-ES2L 30 Hajima et al. (2019b)

MIROC6 50 Tatebe and Watanabe (2018)

MPI-ESM1-2-HR 10 Jungclaus et al. (2019)

MPI-ESM1-2-LR 37 Wieners et al. (2019)

MRI-ESM2-0 6 Yukimoto et al. (2019)

NESM3 5 Cao and Wang (2019)

NorESM2-LM 3 Seland et al. (2019)

NorESM2-MM 3 Bentsen et al. (2019)

TaiESM1 1 Lee and Liang (2020)

UKESM1-0-LL 14 Tang et al. (2019)
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