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ABSTRACT

LINKS BETWEEN CLIMATE FEEDBACKS AND THE LARGE-SCALE CIRCULATION

ACROSS IDEALIZED AND COMPLEX CLIMATE MODELS

The circulation response to anthropogenic forcing is typically considered in one of two distinct

frameworks: One that uses radiative forcings and feedbacks to investigate the thermodynamics of

the response, and another that uses circulation feedbacks and thermodynamic constraints to inves-

tigate the dynamics of the response. In this thesis, I aim to help bridge the gap between these two

frameworks by exploring direct links between climate feedbacks and the atmospheric circulation

across ensembles of experiments from idealized and complex general circulation models (GCMs).

I first demonstrate that an existing, widely-used type of idealized GCM — the dynamical core

model — has climate feedbacks that are explicitly prescribed and determined by a single parame-

ter: The thermal relaxation timescale. The dynamical core model may thus help to fill gaps in the

model hierarchies commonly used to study climate forcings and climate feedbacks. I then perform

two experiments: One that explores the influence of prescribed feedbacks on the unperturbed, cli-

matological circulation; and a second that explores their influence on the circulation response to

a horizontally uniform, global warming-like forcing perturbation. The results indicate that more

stabilizing climate feedbacks are associated with 1) a more vigorous climatological circulation

with increased thermal diffusivity, and 2) a weaker poleward displacement of the circulation in re-

sponse to the global warming-like forcing. Importantly, since the most commonly-used relaxation

timescale field resembles the real-world clear-sky feedback field, the uniform forcing perturbations

produce realistic warming patterns, with amplified warming in the tropical upper troposphere and

polar lower troposphere. The warming pattern and circulation response disappear when the relax-

ation timescale field is instead spatially uniform, demonstrating the critical role of spatially-varying

feedback processes on shaping the response to anthropogenic forcing.
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I next explore circulation-feedback relationships in more complex GCMs using results from

the most recent Coupled Model Intercomparison Projects (CMIP5 and CMIP6). Here, I estimate

climate feedbacks by regressing top-of-atmosphere radiation against surface temperature for both

1) an unperturbed pre-industrial control experiment and 2) a perturbed global warming experiment

forced by an abrupt quadrupling of CO2 concentrations. I find that across both ensembles, the

cloud component of the perturbed climate feedback is closely related to the cloud component of

the unperturbed climate feedback. Critically, the relationship is much stronger in CMIP6 than

CMIP5, contrasting with many previously proposed constraints on the perturbation response. The

relationship also explains the slow part of the CO2 response better than the fast, transient response.

In general, the strength of the relationship depends on the degree to which the spatial pattern

of the response resembles ENSO-dominated internal variability, with “El Niño-like” East Pacific

warming and related tropical cloud changes. This is consistent with fluctuation-dissipation theory:

Regions with stronger deep ocean heat exchange and weaker net feedbacks must always dominate

both 1) internal fluctuations in the global energy budget, and 2) the slow part of the response to

forcing perturbations. The stronger CMIP6 inter-model relationships are due to both an ampifi-

cation of this mechanism and higher inter-model correlations between tropical cloud changes and

extratropical cloud changes. Finally, I present emergent constraints on the slow response using a

recent observational estimate of the unperturbed cloud feedback.

I conclude by discussing some implications of these results. I consider how the relaxation

feedback framework might be further developed and reconciled with traditional climate feedbacks

to provide future research opportunities with climate model hierarchies.
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Chapter 1

Introduction

1.1 Motivation and outline

The physical processes that determine the temperature of Earth’s surface have been of scien-

tific interest for centuries (Anderson et al. 2016, Lacis et al. 2010, Mudge 1997). An insulating

greenhouse effect, caused by atmospheric absorption of infrared radiation, was first proposed in the

early 19th century (Fourier 1827, Pouillet 1838). In the late 19th century, this effect was attributed

to the greenhouse gases carbon dioxide (CO2) and water vapor (H2O) – first qualitatively by John

Tyndall (Tyndall 1861), then quantitatively by Svante Arrhenius (Arrhenius 1896). Following this

foundational work, throughout the early and middle 20th century, a growing body of research no-

ticed the possible influence of human activities on greenhouse gases and their attendant greenhouse

effects (Bolin and Eriksson 1959, Callendar 1938, Keeling 1970, Revelle and Suess 1957, Sawyer

1972). This culminated in the development of early computer models that provided rudimentary

predictions of these effects (Manabe and Wetherald 1967, 1975, Schneider and Dickinson 1974,

Sellers 1969), followed by an immensely impactful synthesis of these efforts commonly called

“The Charney Report” (Charney et al. 1979). This report identified fossil fuel burning as respon-

sible for past increases in CO2, predicted continued and substantial future increases, and estimated

the surface warming associated with an eventual doubling of CO2 at approximately 3 ± 1.5K,

marshaling an explosion of growth in the field of climate science.

Today, climate science encompasses a huge variety of phenomena beyond the essential warm-

ing effect of greenhouse gases. However, the average surface warming originally predicted by the

Charney report has remained persistently uncertain (Charney et al. 1979, Knutti et al. 2017, Roe

and Baker 2007, Sherwood et al. 2020). Much of this uncertainty propagates to the circulation

response to increasing CO2: The warming itself is connected to various hydrologic and energetic

aspects of the circulation response (e.g., Bony et al. 2013, Chadwick et al. 2019, He and Soden
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2015, Held and Soden 2006, Pendergrass and Hartmann 2014, Vecchi and Soden 2007), while

patterns and gradients in the warming are connected to dynamical aspects of the circulation re-

sponse (e.g., Brayshaw et al. 2008, Davis and Birner 2022, Grise and Polvani 2014, 2016, Held

1993, Williamson et al. 2013, Zhang et al. 2019). Some parts of the circulation response are also

dependent on opposing or time-varying thermodynamic changes, such that individual model simu-

lations may exhibit significant changes while the average across several model simulations exhibits

a very weak change (e.g., Ceppi and Shepherd 2017, Feldl et al. 2017, Heede et al. 2020, Shaw and

Voigt 2015, Shaw et al. 2016). Overall, the close relationship between temperature and circulation

responses to increasing greenhouse gas concentrations underscores the critical need to understand

and constrain their coupled interactions.

The warming response to greenhouse gas emissions is commonly assessed using the forcing-

feedback framework (Hansen et al. 1985). Under this framework, the warming induced by increas-

ing CO2 is broken down into the ratio between 1) radiative forcing perturbations, which instigate

energetic imbalances at the surface and throughout the atmospheric column, and 2) radiative cli-

mate feedbacks, which comprise the pathways used by the climate system to restore energetic

balance and adjust to the new equilibrium state (e.g., Hansen et al. 1985, Roe 2009, Rugenstein

and Armour 2021). The global average temperature change resulting from the radiative forcing and

feedback processes is typically called the climate sensitivity. While the forcing-feedback frame-

work is widely used to explore the energetics of the response, it is much less commonly used to

explore the circulation response. Instead, circulation changes are typically investigated by relating

the circulation to the background thermodynamic state through the lens of circulation feedbacks

and steady-state thermodynamic constraints (e.g., Armour et al. 2019, Butler et al. 2011, Chen

et al. 2020, Davis and Birner 2019, Held 1999, Schneider and Walker 2006, Zhang et al. 2021).

This is important, since there is also clearly a robust two-way coupling between the circulation and

the climate feedbacks themselves (e.g., Ceppi and Shepherd 2017, Lu et al. 2021, Sun et al. 2013).

The aim of this thesis is to explore direct relationships between climate feedbacks, climate

sensitivity, and the large-scale circulation. The rest of Chapter 1 surveys some of the existing lit-

2



erature on the two frameworks identified above: Forcing-feedback effects on the thermodynamic

response, and thermodynamic effects on the circulation response. Chapter 2 demonstrates that

the thermal relaxation coefficients used with dynamical core configurations of general circulation

models (GCMs) determine the response of the model to forcing perturbations. In other words, the

climate feedbacks of dynamical core models are exactly linear and can be explicitly prescribed,

allowing us to study their direct influence on the large-scale circulation. Chapter 3 uses the theory

from Chapter 2 to explore the influence of climate feedbacks on both 1) the unperturbed large-

scale circulation and 2) the circulation response to forcing perturbations. Chapter 4 provides more

traditional estimates of the climate feedback (based on surface temperature rather than prescribed

thermal relaxation timescales) using experiments from the most recent two Coupled Model Inter-

comparison Projects (CMIP5 and CMIP6; Eyring et al. 2016, Taylor et al. 2012), identifying a

strong inter-model relationship between cloud feedbacks estimated from internal variability and

cloud feedbacks estimated from increased CO2 concentrations. Chapter 5 investigates this inter-

model relationship and identifies the roles of circulation-moderated pattern effects and cloud shifts

on the strength of the relationship. Chapter 6 offers concluding remarks on the idealized and

coupled model results, then discusses possible extensions of the relaxation feedback framework

that could be used to build novel model hierarchies for studying effects of cloud feedbacks on the

circulation response to global warming.

1.2 Circulation responses

As with the thermodynamic response, understanding the circulation response to global warm-

ing requires simplified frameworks that describe the coupling between atmospheric dynamics and

atmospheric thermodynamics. The future circulation can then be predicted from the impingement

of greenhouse effects onto the thermodynamics of the framework. Figure 1.1 (bottom) depicts

these frameworks and their connections to different components of the climate system (thermody-

namic forcing-feedback frameworks are further depicted on the top of the figure; see Section 1.3).

These frameworks describe either the effects of thermodynamics on the circulation (i.e., dynam-
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ical closures and energetic constraints) or the effects of the circulation on thermodynamics (i.e.,

circulation feedbacks). Circulation feedback frameworks seek to capture the direct effects of large-

scale circulation features – namely, overturning cells and baroclinic eddies – on the background

states from which they emerge (e.g., Hoskins and Valdes 1989, Hoskins et al. 1983, Xie 1996, Xie

and Philander 1994). These include rigorous, analytic treatments for the effects of baroclinic ed-

dies on thermal stratification and troposphere depth (Held 1999, Schneider 2004, Schneider and

Walker 2006) or the maintenance of baroclinicity maxima from which the eddies are generated

(Lorenz and Hartmann 2001, 2003, Robinson 2000, Thompson and Barnes 2014). More recently,

some authors have developed forcing-feedback frameworks suitable for the atmospheric circula-

tion, in which changes to eddy-mean flow coupling are linearized against the mean flow response

(analogous to a linearization of radiation against the mean temperature response; Chen et al. 2020,

Zhang et al. 2021). Others have isolated eddy feedbacks on the tropical Hadley circulation using

mechanism-denial experiments with axisymmetric and eddy-resolving GCM simulations (Davis

and Birner 2019, 2022).

This thesis focuses on simpler thermodynamic constraints – namely, dynamical closures (Fig-

ure 1.1, bottom left), under which energy transport diffusively adjusts to changes in the background

thermodynamics; and energetic constraints (Figure 1.1, bottom right), under which energy trans-

port is constrained to balance energetic exchange at the boundaries of the atmosphere (Armour

et al. 2019). Using the diffusive perspective, enhanced tropical-subtropical upper tropospheric

warming has been shown to shift the storm track and eddy-driven jet poleward through increased

baroclinicity (Butler et al. 2010, 2011) and static stability (Lu et al. 2010, Mbengue and Schneider

2013), with subtropical heating playing an outsize role in determining this poleward shift (Baker

et al. 2017, Shaw and Tan 2018). By contrast, enhanced polar heating is associated with equator-

ward shifts through reduced baroclinicity (Baker et al. 2017, Butler et al. 2010). More recently,

cloud feedbacks have been argued to drive the large part of the poleward circulation shift pre-

dicted by coupled climate models (Ceppi and Hartmann 2016, Ceppi and Shepherd 2017, Li et al.

2019). Cloud radiative feedbacks lead to warming patterns with strong meridional gradients, while

4
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Figure 1.1: Summary of frameworks for assessing the climate system response to forcing perturba-

tions. The three boxes represent distinct components of the climate system: static energy reservoirs (i.e.,
temperature and humidity; upper left), diabatic energy exchange (i.e., radiative and turbulent fluxes; upper
right), and large-scale circulation features (i.e., eddies and overturning cells; bottom). The arrows represent
physical mechanisms associated with changes to each climate system component. The thick, zigzag arrow
represents external forcing perturbations (e.g., via greenhouse gases, sulfate aerosols, or insolation). Solid
arrows indicate causal links internal to the climate system, where changes to one component lead to changes
in another. Dashed arrows indicate associative links, where a robust diagnostic relationship exists but the
causality of the relationship is unclear. Squiggle arrows indicate links between climate system components
and the coupling mechanisms themselves.
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clear-sky radiative feedbacks lead to warming patterns with opposing meridional gradients (i.e.,

enhanced tropical upper tropospheric warming and polar lower tropospheric warming; Shaw et al.

2016). Diffusive adjustments can also explain increased moist static energy transport under global

warming, due to the strong meridional gradient in the specific humidity adjustments associated

with warming (Armour et al. 2019, Held and Soden 2006). This increase is partly compensated by

reductions in sensible heat transport, due to polar amplification reducing the near-surface temper-

ature gradients (Armour et al. 2019, Held and Soden 2006, Hwang et al. 2011).

Energetic constraints provide an even simpler perspective on the circulation response to forcing

– although this framework is mainly diagnostic rather than prognostic (Figure 1.1, bottom right;

Armour et al. 2019, Shaw et al. 2018). First, the radiative forcing from rising greenhouse gas

concentrations implies greater poleward energy transport in and of itself, due to the temperature

dependence and resulting meridional structure of the greenhouse effect change (Huang and Zhang

2014, Huang et al. 2016). Radiative feedbacks also imply strong transport changes, with tempera-

ture feedbacks associated with reduced transport and water vapor and cloud feedbacks associated

with increased transport (Huang et al. 2017, Hwang and Frierson 2010, Zelinka and Hartmann

2012). These perspectives are closely related to the diffusive perspective: In response to a forcing,

the poles warm more than the tropics through some combination of increased latent heat transport

(Armour et al. 2019) and locally weaker climate feedbacks (Henry and Merlis 2019, Pithan and

Mauritsen 2014, Stuecker et al. 2018). Energetic balance is then restored by some combination of

diffusive reductions in sensible heat transport and increased radiative cooling associated with local

climate feedbacks. Radiative constraints on meridional transport thus reflect a three-way balance

between non-uniform warming, diffusive adjustments, and climate feedbacks (Hwang et al. 2011).

Finally, radiative constraints can also be used to decompose shifts in the meridional transport max-

ima associated with global warming (Barpanda and Shaw 2017, Shaw and Voigt 2016).

Outside of the extratropics, thermodynamic constraints are also used to interpret tropical and

hydrologic responses to global warming. Many of these are built upon the canonical ∼7% /K spe-

cific humidity response to surface warming, derived from the Clausius-Clapeyron scaling between
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temperature and saturation vapor pressure (e.g., Allen and Ingram 2002, Held and Soden 2006). A

∼7% /K increase reflects the relative humidity-preserving specific humidity adjustment required

to satisfy surface energetics without dramatic changes to the circulation (Allen and Ingram 2002,

Held and Soden 2000, Schneider et al. 2010). The Clausius-Clapeyron specific humidity response

is connected to broad reductions in convective mass flux anomalies (Held and Soden 2006), along

with the “wet get wetter, dry get drier” paradigm of amplified latent heat flux divergence in dry re-

gions and latent heat flux convergence in wet regions (mainly established over broad ocean regions

rather than land; Byrne and O’Gorman 2015, Held and Soden 2006). The Clausius-Clapeyron

response can also be used to explain a part of the Hadley cell expansion associated with global

warming (Shaw and Voigt 2016). As with atmospheric humidity, global-average changes to evap-

oration and precipitation can also be understood through energetic constraints. A similarly robust

∼2% /K precipitation response to global warming (often called hydrologic sensitivity, by analogy

with climate sensitivity) arises from moderate changes to surface radiation and turbulent sensible

heat flux that constrain precipitation changes to far below the Clausius-Clapeyron scaling (Held

and Soden 2006). The exact value of this hydrologic sensitivity arises from competing effects of

a variety of time-varying radiative forcings and feedbacks associated with anthropogenic climate

change (Pendergrass 2020, Pendergrass and Hartmann 2014).

All of these thermodynamic constraint frameworks are highly idealized. For example: Baro-

clinic eddies modify the background state against which diffusive frameworks claim they propagate

(e.g., Schneider and Walker 2006), and radiative fluxes are modified by the circulation adjustments

that radiative constraints claim to govern (e.g., Armour et al. 2019). Likewise, the global average

Clausius-Clapeyron response actually reflects competing, regionally compensating changes in spe-

cific humidity (Rose and Rencurrel 2016), and is countered by modest relative humidity reductions

(Byrne and O’Gorman 2016, Sherwood et al. 2010). Nevertheless, thermodynamic constraints

have proved successful for understanding future circulation changes from simple thermodynamic

starting points, despite the seemingly intractable complexities of coupled dynamic-thermodynamic

processes (Shaw 2019). So far, most GCM experiments that leverage thermodynamic constraints
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rely upon passive cooling or heating terms that are independent from the warming response (Butler

et al. 2010, 2011, Li et al. 2019, 2020). Other experiments that permit interactivity via climate feed-

backs rely upon one-dimensional energy balance models rather than GCMs (Armour et al. 2019,

Huang and Zhang 2014, Hwang and Frierson 2010, Zelinka and Hartmann 2012). Chapter 2

presents an idealized modeling framework that lets us directly assess the role of climate feedbacks

on the large-scale circulation and its response to global warming – without relying upon idealized,

fixed-diffusivity energy balance models or non-interactive, patterned forcing terms (Shaw 2019,

Shaw and Tan 2018). Chapter 3 then discusses a set of experiment results based on this framework

and interprets the results using the diffusive and energetic constraints discussed above.

1.3 Climate feedbacks

The temperature and radiative responses to forcing perturbations are most often assessed using

forcing-feedback frameworks (Section 1.1; Figure 1.1, top). There are many variants of this frame-

work – however in general, each version expresses the energetic response to notionally constant

forcing perturbations (Figure 1.1, top right) using linearizations about the temperature response

(Figure 1.1, top left). This can be written as:

∆N −∆F −H = ∆R = λ∆T +O(∆T 2) (1.1)

where H is the forcing perturbation, ∆F is the heating by anomalous atmospheric motions, ∆N

is the anomalous energy imbalance, ∆R is the energetic response, ∆T is the temperature response

(e.g., the climate sensitivity), and λ is a linear scaling factor (e.g., the radiative climate feed-

back). The O(∆T 2) term represents the non-linear terms neglected by the linearization (e.g.,

Bloch-Johnson et al. 2021, Knutti and Rugenstein 2015). The forcing perturbation, energy imbal-

ance, and energetic response are typically evaluated with radiative flux across an upper boundary

(e.g., the tropopause or top-of-atmosphere), and the temperature response is typically evaluated

at the surface. Most simply, Equation 1.1 is a scalar function of the global average radiative re-
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sponse and global average temperature response (e.g., Hansen et al. 1985, Roe 2009, Rugenstein

and Armour 2021). However it can also be defined regionally using either 1) local radiative re-

sponses to local surface temperature (Armour et al. 2012, Boer and Yu 2003a,b, Feldl and Roe

2013a, Hedemann et al. 2022), 2) local radiative responses to zonal or global average surface tem-

perature (Andrews et al. 2015, Feldl and Roe 2013a, Hedemann et al. 2022, Senior and Mitchell

2000, Uribe et al. 2022), 3) using tropical tropospheric temperature instead of surface temperature

(Ceppi and Gregory 2017, 2019, Fueglistaler 2019, Fueglistaler and Silvers 2021), or 4) using

explicit estimates of the circulation-adjusted radiative response to regional surface temperature

change (Bloch-Johnson et al. 2020, Dong et al. 2019, 2020, Zhou et al. 2017).

While we have developed a much deeper understanding of the processes that guide radiative

forcing perturbations and radiative climate feedbacks, the uncertainty in our estimates of these

processes and their consequent effects on climate sensitivity have narrowed only slightly (Charney

et al. 1979, Masson-Delmotte et al. 2021, Roe and Baker 2007, Sherwood et al. 2020, Stocker

et al. 2013). Further complicating this picture, climate sensitivity estimates from the most recent

Coupled Climate Model Intercomparison Project (CMIP6; Eyring et al. 2016, Masson-Delmotte

et al. 2021) are substantially higher and have more inter-model spread than those derived from

the previous model inter-comparison project (CMIP5; Taylor et al. 2012, Zelinka et al. 2020).

The increased sensitivity of CMIP6 models has been attributed to more positive extratropical and

subtropical shortwave cloud feedbacks in the absence of compensating radiative forcing changes

(Lutsko et al. 2022, Zelinka et al. 2020). The marked differences in climate sensitivity estimates

between CMIP5 and CMIP6 underscore the critical need to better understand and constrain cli-

mate feedback processes. In particular, this will require a greatly improved understanding of the

circulation-mediated surface warming patterns that guide the evolution of the global-average ra-

diative response, commonly called pattern effects (Stevens et al. 2016).

A rapidly growing body of work has shown that pattern effects exert a strong influence on the

global climate feedback parameter (Andrews et al. 2015, Armour et al. 2012, Dong et al. 2020, Lee

et al. 2022, Senior and Mitchell 2000). The circulation helps guide these patterns through changes
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to the tropical Walker circulation (Heede et al. 2020, Lu et al. 2021, Merlis and Schneider 2011,

Seager et al. 2019), atmospheric teleconnections between the tropics and extratropics (Alexander

et al. 2002, Dong et al. 2022, Kay et al. 2012, Kim et al. 2022, Luongo et al. 2023), and ocean heat

update and transport adjustments (Armour et al. 2016, Clement et al. 1996, Hwang et al. 2017,

Winton et al. 2010, Zhang and Li 2014, Zhang et al. 2019). Many studies on warming pattern

effects are motivated by the discrepancy between 1) observed historical warming patterns, which

exhibit strong West Pacific warming and moderate East Pacific cooling (Chung et al. 2019, Coats

and Karnauskas 2017, Heede and Fedorov 2023), and 2) model-simulated warming patterns, which

generally exhibit increasingly amplified East Pacific warming as the climate equilibrates (Chung

et al. 2019, Dong et al. 2020, Heede and Fedorov 2021, Lee et al. 2022). Since West and East

Pacific amplification are associated with vastly different global climate feedbacks (Andrews and

Webb 2018, Andrews et al. 2015, 2022, Dong et al. 2019), this discrepancy affects inferences of

future warming from the historical record (Armour 2017, Dessler 2020, Dong et al. 2021, Marvel

et al. 2018). The future of the Pacific warming pattern (and, thus, the magnitude of expected global

warming) depends on whether the current West Pacific amplification represents a forced response

associated with increasing CO2 (Cane et al. 1997, Seager et al. 2019) or a temporary, transient

response. A transient historical West Pacific amplification might be intrinsic to the climate system

(Heede et al. 2020, 2021), or might be due to either unusual internal decadal variability (Heede

and Fedorov 2023, Olonscheck et al. 2020, Watanabe et al. 2021, Xie et al. 2016), volcanic or

anthropogenic sulfate aerosol cooling (Gregory et al. 2019, Heede and Fedorov 2021, Smith et al.

2021, Takahashi and Watanabe 2016), or locally-forced Southern Ocean cooling (Gjermundsen

et al. 2021, Hartmann 2022, Zhang et al. 2019).

To provide some intuition for the fundamental role of pattern effects on the global climate

feedback, Figure 1.2 shows results from a simple box model. The model simulates canonical

Pacific surface-warming pattern effects on the global climate feedback using three regions with

distinct climate feedbacks and distinct ocean heat uptake intensities (Rohrschneider et al. 2019).

The regions are independent, with regional feedbacks representing (for example) the local feedback
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Figure 1.2: Idealized box model for pattern effects on the global climate feedback. The gray lines
indicate the first 100 years of the temperature response for each separate region (left y-axis), calculated
from analytic solutions to the ordinary differential equation from the main text – i.e., ∆T (t) ≡ −(H/λ)(1−
exp((λ/C)t). The light gray, medium gray, and dark gray lines correspond to regions with feedbacks of
λ1 = −0.5Wm−2K−1, λ2 = −1Wm−2K−1, and λ3 = −2Wm−2K−1, respectively (see legend). The
red line indicates the effective global climate feedback parameter λ̂ at each timestep (right y-axis), defined
as the average radiative response divided by the average temperature response across the three regions – i.e.,
λ̂(t) ≡ (λ1∆T1 + λ2∆T2 + λ3∆T3)/(∆T1 + ∆T2 + ∆T3). Panel A shows a simulation with constant
ocean mixing depths of 100m. Panel B shows a simulation where the mixing depths are correlated with the
feedbacks; the light gray, medium gray, and dark gray lines correspond to mixing depths of 200m, 100m,
and 50m, respectively. Note that as far as the surface energy budget is concerned, net ocean heat uptake
is interchangeable with increased ocean heat transport divergence (e.g., Held and Soden 2006). Thus, the
increased mixing depth in the region with weak feedbacks (light gray line) may also be analogous to an
enhanced cooling effect of deep water upwelling due to advection across the steeper thermocline associated
with transient upper-ocean warming (e.g., Yang and Wang 2009).
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parameters of Armour et al. (2012) or the circulation-adjusted Green’s functions of Zhou et al.

(2017) and Dong et al. (2019). They evolve according to the simple forcing-feedback expression

C dT/dt = λ∆T + H where t is time, T is local temperature, C is the local heat capacity, λ

is the local climate feedback, and H = 7.9Wm−2 is a forcing perturbation matching a recent

estimate from CO2-quadrupling experiments (Smith et al. 2020). The regions are also coupled to a

hypothetical ocean that instantaneously mixes heat to a fixed “depth,” such that C is evaluated from

the combined heat capacities of the upper ocean and the atmospheric column (i.e., C = cwρwd +

cpps/g, where cw = 4182 J kg−1 K−1 is the specific heat capacity of water, ρw = 997 kgm−3 is the

density of water, d = 100m is the upper ocean depth, cp = 1004 J kg−1 K−1 is the atmospheric

heat capacity at constant pressure, ps = 101325 kgm−1 s−2 is the atmospheric surface pressure,

and g = 9.81m s−2 is the standard gravitational acceleration). The use of a hypothetical ocean

extends the timescale of the response to something resembling a typical 4×CO2 response (see x-

axis). Under constant mixing depth (Figure 1.2, A), the model produces initially uniform warming

followed by slow amplification in the region with weak feedbacks (A, gray lines), resulting in

a moderate pattern effect on λ̂ (A, red line, right y axis). This is analogous to homogeneous

tropical Pacific warming followed by East Pacific amplification. Under feedbacks with correlated

mixing depths (Figure 1.2, B), the model produces fast amplified warming in the region with

strong feedbacks (B, dark gray line) followed by slow amplified warming in the region with weak

feedbacks (B, light gray line), resulting in a large pattern effect on λ̂ (B, red line, right y axis). This

is analogous to West Pacific amplification followed by East Pacific amplification.

The rapidly growing literature on pattern effects and the above conceptual model results point

to the critical role of surface warming patterns on the global climate response – whether as an in-

trinsic response to increasing CO2, or through transient, external influences on warming patterns.

It also reaffirms the need to understand links between climate feedbacks and the atmospheric cir-

culation in order to constrain not just the circulation response to global warming, but also the mag-

nitude of global warming itself: The circulation influences “intrinsic” pattern effects (Figure 1.2)

by determining the magnitudes of regional climate feedbacks (e.g., by guiding circulation-adjusted
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global radiative responses to regional temperature changes; Dong et al. 2019, Zhou et al. 2017),

while the circulation influences “external” pattern effects by setting large-scale modes of decadal

variability and guiding teleconnection responses to regional, transient climate forcings (e.g., Dong

et al. 2022, Hartmann 2022, Kim et al. 2022). Chapters 4 and 5 explore these circulation effects

by comparing results across ensembles of coupled climate models. This allows us to develop con-

straints on model estimates of global climate feedbacks and test hypotheses for the role of the

global circulation on shaping global climate feedbacks.
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Chapter 2

Dynamical core: Theory

2.1 Thermal relaxation timescales

The dynamical core represents the component of any general circulation model (GCM) that

evaluates the primitive equations on a rotating sphere. Held and Suarez (1994) first proposed com-

paring dynamical cores of GCMs by replacing all entropy-increasing physics with linear relaxation

terms; the resulting simplified models are called dynamical core models. Since their pioneering

paper, dynamical core models have been used to explore a wide range of problems in extratropical

variability (e.g., Boljka et al. 2018, Chen et al. 2020), as well as the extratropical circulation re-

sponses to stratospheric cooling (Kushner and Polvani 2004, 2006), tropical heating (Butler et al.

2010, Lu et al. 2014, Mbengue and Schneider 2013, Sun et al. 2013), and variations in boundary

layer friction (Chen et al. 2007). In these two chapters, I use a dynamical core model to probe the

relationships between climate feedbacks, climate sensitivity, and the global circulation – both its

unperturbed climatology, and its response to external forcing perturbations. I accomplish this by

exploiting the close analogy between the relaxation term used in the thermodynamic equation of a

dynamical core model and the canonical definition of the climate feedback parameter.

To clarify the analogy, consider the thermodynamic equation of state for a dynamical core

atmosphere where all diabatic processes are parameterized as a linear relaxation of the temperature

field (Held and Suarez 1994):

N = F +Q = F − C

(
T − T e

τ

)
. (2.1)

Above, T is the air temperature; F is the heat transport convergence; N ≡ C(∂T/∂t) is the

transient energy imbalance; Q ≡ −C (T − T e) /τ is the thermal relaxation rate (i.e., the diabatic

heating rate), which I call the thermal forcing; T e is the equilibrium temperature; τ is the thermal

relaxation timescale; and C = cp/g is the heat capacity density (where cp is the specific heat
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capacity at constant pressure and g is the acceleration due to gravity). The units of of N , F , and

Q are Wm−2 Pa−1, and the units of C are Jm−2 Pa−1 K−1. The equilibrium temperature and

thermal relaxation timescale are both defined as a function of latitude and height (i.e., they are

zonally symmetric).

Now consider Equation 2.1 for two climate states with identical equilibrium temperature pro-

files: 1) a control climate in which the only forcing terms are the heat transport convergence F

and the thermal relaxation rate Q; and 2) a perturbed climate additionally forced by the forcing

perturbation H on the RHS of Equation 2.1. Taking the difference between these equations and

rearranging terms yields

∆N −∆F −H = ∆Q = −
C

τ
∆T (2.2)

where ∆N , ∆F , ∆Q, and ∆T are the differences in energy imbalance, heat transport conver-

gence, thermal forcing, and air temperature between the two states. Comparing Equation 2.2 to

Equation 1.1, it is clear that the ratio of the heat capacity to the thermal relaxation timescale is

analogous to the local climate feedback parameter λ in dynamical core models. I call this term the

relaxation feedback parameter λτ , defined

λτ = −
C

τ
. (2.3)

Even though λτ uniquely determines the climate feedbacks in dynamical core models, I use the

prefix “relaxation” to avoid confusion with climate feedbacks in more complex models. Impor-

tantly, since λτ is proportional to τ−1, the climate sensitivity implied by λτ is proportional to τ

(see Figure 3.4, B and Appendix A). An intuition for this proportionality can be gained as fol-

lows: If we group the forcing perturbation H into the numerator of the thermal relaxation term

−C(T − T e)/τ (Equation 2.1), it is clear that H can be equivalently expressed as the thermal

relaxation timescale-scaled equilibrium temperature perturbation ∆T e ≡ Hτ/C. Since this equi-

librium temperature perturbation is scaled by τ , and since climatological temperature is generally
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proportional to equilibrium temperature, it follows that τ must be generally proportional to climate

sensitivity.

The central difference between the feedback parameter in complex climate models (λ in Equa-

tion 1.1) and the feedback parameter in dynamical core models (λτ in Equation 2.2) is that the for-

mer is defined with surface temperature and the radiative flux across an upper boundary, whereas

the latter is defined with air temperature and the local diabatic heating. Nevertheless, the analogy

between λ and λτ is important, since it means that we can explicitly prescribe climate feedback

parameters in dynamical core models to assess the role of climate feedbacks on the atmospheric cir-

culation. The approach stands in contrast to analyses of fully coupled GCM simulations, in which

the feedback parameter cannot be prescribed a priori and must instead by diagnosed a posteriori.

2.2 Coupled model comparisons

For the dynamical core model experiments, I use three globally-averaged quantities to quantify

the sensitivity of each configuration to forcing perturbations (see Appendix A for details):

1. The reference thermal relaxation timescale τ0 = 1/ 〈1/τ〉 (Equation A.6), defined as the

inverse average of the inverse thermal relaxation timescale over the entire atmosphere (where

the single overbar denotes a horizontal average and the single angle brackets denote a vertical

average).

2. The relaxation sensitivity parameter sτ = −1/〈〈λτ 〉〉 = τ0/C0 (Equation A.6), equivalent to

the negative inverse of the horizontally averaged, vertically integrated relaxation feedback

parameter (where the double angle brackets denote a vertical integral and C0 is the heat

capacity of the full atmospheric column). This represents the climate sensitivity per unit

forcing under the assumption of spatially uniform warming.

3. The relaxation climate sensitivity ∆Tτ = −〈〈H〉〉/〈〈λτ 〉〉 = 〈〈H〉〉 τ0/C0 (Equation A.7),

equivalent to the product of the relaxation sensitivity parameter and the horizontally aver-

aged, vertically integrated forcing perturbation. This represents the climate sensitivity under
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Figure 2.1: Climate sensitivity and the thermal relaxation timescale. (black, solid) The relaxation sensi-
tivity parameter sτ as a function of the reference thermal relaxation timescale τ0 in a dynamical core model,
with the Held and Suarez (1994; hereafter HS94) configuration indicated by the plus marker. (dark gray) The
Planck climate sensitivity parameter from the HS94 configuration, using the atmosphere-average tempera-
ture as the “emission” temperature (see Appendix A and Equation A.8). (light gray) The Planck climate sen-
sitivity parameter diagnosed from the consensus of CMIP abrupt 4×CO2 experiments (s0 ≈ 0.3K /Wm−2,
∆T0 ≈ 1.2K; Zelinka et al. 2020). (blue and red) The mean (solid lines) and 5-95 percentile range (shad-
ing) net climate sensitivity parameter diagnosed from the CMIP5 (blue) and CMIP6 (red) abrupt 4×CO2

experiments (Zelinka et al. 2020). The right y-axis shows the feedback parameter λ associated with each
sensitivity parameter s (i.e., the negative inverse sensitivity parameter).

the assumption of spatially uniform warming. Empirical measures of the climate sensitivity

generally scale with ∆Tτ under the same forcing and feedback patterns (see Section 3.2 and

Figure 3.4, B).

I also use the relaxation feedback parameter λτ (Equation 1.1) to quantify the strength of the local

climate feedbacks. Specifically, I argue that λτ can be viewed as the dynamical core-equivalent

of the net radiative feedback kernel K (see Appendix A and Equation A.4). Before proceeding

with the experiment results, I consider how sτ and λτ calculated from typical configurations of

dynamical core models (see Appendix A.4) compare with more conventional derivations of the

climate sensitivity parameter and radiative feedback kernels.

Figure 2.1 shows the relationship between the relaxation sensitivity parameter sτ and the refer-

ence thermal relaxation timescale τ0 (solid black line). Under the common Held and Suarez (1994;

hereafter HS94) configuration used with dynamical core models (Appendix A.4), the relaxation
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sensitivity parameter sτ is approximately 0.2K /Wm−2 (Figure 2.1, dashed black line). This

is lower than consensus estimates from versions 5 and 6 of the Coupled Model Intercomparison

Project (CMIP), as the HS94 configuration was not designed with the goal of producing a realistic

climate sensitivity. To match the CMIP estimates, the reference relaxation timescale would need

to be on the order of 100 days rather than 20 days (Figure 2.1, blue and red lines and shading;

Zelinka et al. 2020). Notably, the HS94 relaxation sensitivity parameter is also lower than two

separate estimates of the Planck sensitivity parameter: The first obtained from CMIP simulations

of global warming (Zelinka et al. 2020), the second from applying the Stefan-Boltzmann Law to

climatological temperatures under the HS94 configuration (see Equation A.8). Both Planck esti-

mates imply a reference thermal relaxation timescale on the order of 40 days rather than 20 days

(Figure 2.1, gray lines). Figure 2.1 motivates us to study the effects of longer relaxation timescales

on the large-scale circulation (Section 3.1).

Figure 2.2 compares the latitude-height profile of the HS94 relaxation feedback parameter

λτ (Figure 2.2, D) against clear-sky temperature, specific humidity, and combined temperature-

specific humidity radiative feedback kernels (Figure 2.2, A–C; see Equation A.5) estimated by

Huang et al. (2017) from the ERA-Interim reanalysis data set (Dee et al. 2011). Figure 2.3 also

shows vertical integrals of the feedback kernels from Figure 2.2. The specific humidity radiative

kernel is scaled by the specific humidity change associated with a 1 K temperature perturbation

under constant relative humidity, consistent with the Clausius-Clapeyron relation (e.g., Held and

Soden 2006). The average magnitude of the relaxation feedback parameter given by the HS94

configuration is about 25% that of the combined temperature-specific humidity ERA-Interim ra-

diative kernel (Figure 2.2, C–D; note the separate color scales), or about 50% when the surface

temperature radiative kernel is included (compare black and solid red, Figure 2.3; note the HS94

values are scaled by 0.5). These results are more-or-less consistent with Figure 2.1 (compare black

cross with blue and red lines, right y-axis). But notably, the spatial pattern of the HS94 relaxation

feedback parameter compares favorably with that of the temperature-specific humidity radiative

kernel in the lower and middle troposphere (Figure 2.2, C–D). Both are characterized by a weakly
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Figure 2.2: Radiative feedback kernels and the thermal relaxation timescale. (A) The annual-mean
zonal-mean air temperature radiative feedback kernel KT from the ERA-Interim reanalysis data set (ERAI;
Dee et al. 2011), estimated as the top-of-atmosphere radiative response to a 1 K temperature perturbation as
a function of the latitude and height of the applied perturbation (Huang et al. 2017). The radiative response is
normalized by the average pressure thickness of the perturbed model level, and only the clear-sky component
of the response is shown (i.e., cloud radiative effects were excluded from the radiative transfer calculations;
Huang et al. 2017). Pressures above the 0.33 quantile surface pressure are masked out with gray, and
the x-axis is scaled by a sine function so that equal distances along the axis correspond to equal spherical
surface areas. (B) As in A, but for the radiative response to the specific humidity perturbations required for a
constant-relative humidity response to a 1 K temperature perturbation. This represents the specific humidity
radiative feedback kernel Kq multiplied by the Clausius-Clapeyron scaling ∂q/∂T (Equation A.5); thus, the
units also have Kelvin in the denominator. (C) As in A, but for the combined temperature-specific humidity
radiative feedback kernel KT,q (equivalent to the sum of panels A and B; Equation A.5). (D) The relaxation
feedback parameter λτ = −cp/gτ from the Held and Suarez (1994) configuration (please note the distinct
color scale).
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Figure 2.3: As in Figure 2.2 but showing vertically-integrated values. The blue lines indicate pure
temperature feedback kernels (Figure 2.2, A). The red lines indicate combined temperature and relative
humidity-preserving water vapor feedback kernels (Figure 2.2, C). The solid lines (dashed lines) include
(exclude) the surface temperature radiative kernel from Huang et al. (2017). The black line indicates the
vertically integrated relaxation feedback parameter λτ = −cp/gτ from the Held and Suarez (1994) config-
uration (scaled by 0.5).

negative feedback throughout the middle troposphere and much stronger negative feedbacks in the

lower troposphere at low latitudes.

The ERA-Interim radiative feedback kernel is locally amplified due to the combined effects of

a strong vertical gradient in the scaled specific humidity radiative kernel and a strong meridional

gradient in the temperature radiative kernel (Figure 2.2, A–B). By contrast, the HS94 relaxation

feedback parameter was locally amplified by Held and Suarez (1994) in order to match real-world

circulation statistics and thermal stratification. It is not entirely clear whether the goal of producing

a realistic steady-state climate necessarily guarantees a realistic pattern of relaxation feedback

parameters, or whether the resemblance of the HS94 relaxation feedback parameters to the clear-

sky radiative feedback kernel is a coincidence. Regardless, as shown later, the non-uniformity

of the relaxation feedback parameter turns out to play a critical role in governing the circulation

response to horizontally uniform forcing perturbations (Section 3.2).
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2.3 Experimental design

To study the effects of relaxation climate sensitivity on the large-scale circulation, I designed

two experiments. The first experiment tests the influence of relaxation climate sensitivity on the

unperturbed steady-state circulation (hereafter, the unperturbed experiment), while the second ex-

periment tests the influence of relaxation climate sensitivity on the response of the circulation to a

horizontally uniform forcing perturbation (hereafter, the perturbed experiment).

The unperturbed experiment consists of control-like simulations with relaxation climate sen-

sitivity (i.e., thermal relaxation timescales) varying across three orders of magnitude. I first ran

the model with the latitude-height fields of the equilibrium temperature and thermal relaxation

timescale configured according to HS94 (Figure 2.4, A–B; see Appendix A.4). In the HS94 con-

figuration, the equilibrium temperature T e is characterized by large meridional temperature gra-

dients, a statically neutral lapse rate at the poles, and a statically stable lapse rate at the equator

(Figure 2.4, A; Equation A.9); the thermal relaxation timescale τ is characterized by a minimum

of τmin = 4 days at the surface on the equator and a maximum of τmax = 40 days above ∼700 hPa

and at the poles (Figure 2.4, B; Equation A.10). I then perturbed the relaxation climate sensitivity

by uniformly scaling the thermal relaxation timescale τ ; the maximum relaxation timescale τmax

used with each simulation was 0.4, 1, 2, 4, 10, 20, 30, 40, 50, 60, 80, 100, 120, 160, 200, and 400

days, and the minimum relaxation timescale τmin was always one tenth the maximum relaxation

timescale τmax (consistent with HS94; Equation A.10).

A similar set of unperturbed dynamical core experiments was discussed previously (Davis

2019). However, while Davis (2019) used a wide variety of eddy-mean flow interaction frame-

works to assess the effects of forcing configurations on the circulation (including diagnostics for

eddy propagation and dissipation, metrics for energy transfer between eddies and the background

flow, and analyses of large-scale annular modes; Eliassen 1960, Lorenz 1955, Thompson and Wal-

lace 2000), the results presented in this thesis focus on the ability of simpler thermodynamic con-

straints to account for differences in the unperturbed circulation. These same frameworks are then

used to interpret model responses to forcing perturbations. Further, while Davis (2019) provided
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Figure 2.4: Dynamical core model forcing terms. Latitude-height cross-sections of the (A) equilibrium
temperature T e and (B) thermal relaxation timescale τ used to drive thermal forcing under the Held and

Suarez (1994) configuration of a dynamical core model (Equations A.9 and A.10). The light gray contours
in panel A indicate the potential temperatures θe ≡ T e(p0/p)

κ associated with the equilibrium temperature
field. (C) Vertical profile of the “global warming” thermal forcing perturbation H (Equation 2.4).

a more heuristic statement of the relationship between global relaxation timescales and global cli-

mate sensitivity, this thesis emphasizes the much closer analogy between local thermal relaxation

timescales and radiative feedback kernels. I later leverage this analogy to aid in the interpretation

of both the unperturbed and perturbed experiment results (Chapter 3) and to develop proposals for

future model hierarchy experiments with prescribed climate feedbacks (Chapter 6).

The perturbed dynamical core experiment consists of simulations with forcing perturbations

imposed upon a subset of the unperturbed simulations. Since it is not possible to increase the

optical depth or greenhouse gas concentrations of a dynamical core model, I instead perturbed

the model with a horizontally uniform, vertically decaying forcing perturbation H (Figure 2.4, C)

analogous to a greenhouse gas radiative forcing perturbation:

H = h0C

(
p

p0

)κ

(2.4)

Above, p is the pressure, p0 ≡ 105 Pa is the reference pressure, h0 is the reference heating in units

K / day, C = cp/g is the heat capacity density (see Equations 2.1 and 2.2), and κ ≡ Rd/cp is the
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Poisson constant (where Rd is the dry air gas constant). The vertical structure of the perturbation

is designed to mimic the effect of perturbing the global average surface equilibrium temperature

T
e

s (compare Equation 2.4 with Equation A.9). The reference heating h0 was set to 0.079 K / day,

such that the vertically integrated forcing perturbation is equivalent to the CMIP5 consensus for the

radiative forcing perturbation due to an instantaneous quadrupling of CO2 (Andrews et al. 2012):

〈〈H〉〉 = h0p0C(ps/p0)
κ+1(κ + 1)−1 = 7.4 W m−2, where ps = 101325Pa is the global average

surface pressure and the double angle brackets denote a vertical integral.

I used the forcing perturbation H rather than a perturbation in the global average surface equi-

librium temperature T
e

s (Equation A.9) because the magnitude of the response to any equilib-

rium temperature perturbation ∆T e is independent of relaxation climate sensitivity. It can be seen

from Equations 2.1 and 2.2 that the perturbation ∆T e leads to the feedback-dependent heating

Ĥ = −λτ∆T e. Since the magnitude of this heating is scaled by the strength of the feedback

λτ = −C/τ , the temperature response is always roughly the same. The constant heating term H is

thus more appropriate than the feedback-dependent heating term Ĥ for investigating links between

relaxation climate sensitivity and the large-scale circulation.
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Chapter 3

Dynamical core: Experiments

3.1 Unperturbed circulation

In the previous chapter, I established a framework for interpreting climate forcings and climate

feedbacks in the dynamical core model, finding that the thermal relaxation timescale τ is largely

responsible for setting the climate sensitivity of the model. I also proposed a set of simple exper-

iments for explicitly testing the influence of these feedbacks on both unperturbed global circula-

tions and perturbed responses to external forcings. I summarize the steady-state results of these

experiments using 5000-day climatological averages for a dynamical core model with moderately

high resolution (see Appendix A.4 for details).

Figure 3.1 summarizes the climatological large-scale circulation under different relaxation cli-

mate sensitivities. In general, lower relaxation climate sensitivities (i.e., shorter thermal relaxation

timescales) are associated with stronger thermal forcing (i.e., larger thermal relaxation rates; Fig-

ure 3.1, D-F, shading), increased baroclinicity (Figure 3.1, A-C, shading), intensified eddy static

energy transport (Figure 3.1, D-F, contours), and a faster jet stream (Figure 3.1, A-C, black con-

tours). That is, reducing the relaxation climate sensitivity of a dynamical core model tends to

invigorate the large-scale circulation. This relationship arises from the dual role of relaxation cli-

mate sensitivity in governing both the strength of the forcing toward the baroclinically unstable

equilibrium state (Figure 2.4, A; Equation A.9) and the amplitude of the temperature anomalies

resulting from external forcing perturbations.

For example, consider the climatological thermal forcing Q̃ in a dynamical core model (Equa-

tion 2.1):

Q̃ = −C

(
T̃ − T e

τ

)
(3.1)
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Figure 3.1: Relaxation climate sensitivity and the large-scale circulation. Average latitude-height cross-
sections from simulations with relaxation climate sensitivities (A, D) less than, (B, E) equal to, and (C,
F) greater than the Held and Suarez (1994) relaxation climate sensitivity. The top row (A–C) shows the
zonal-mean potential temperature (shading) and zonal wind (contours). The thermal relaxation timescales
are shown with gray dotted contours. The bottom row (D–F) shows the zonal-mean diabatic heating rate
(i.e., thermal relaxation rate; shading) and eddy static energy transport (contours). The relaxation sensitivity
parameters and associated reference thermal relaxation timescales are indicated above each panel.
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where the tilde indicates a climatological time average. The direct effect of reducing the relaxation

climate sensitivity (and, thus, the thermal relaxation timescale τ ) is to amplify the thermal forcing

Q̃ (Figure 3.1, D–F, shading; Figure 3.2, A, dashed line). But there is also an indirect effect, by

which reducing τ increases the meridional temperature gradient and decreases the climatological

temperature T̃ at high latitudes (Figure 3.1, A–C, shading), as the static energy transport becomes

less effective at wiping out deviations from the equilibrium state T e. Thus, the indirect effect of

reducing τ is to suppress the thermal forcing Q̃ by reducing T̃ −T e in the extratropics (Figure 3.2,

A, dotted line). Taken together, the direct effect of reducing τ dominates the indirect effect for

τ & 2 days, as the energy transport by eddies is able to sustain significant deviations from T e

(Figure 3.1, D–F, contours; Figure 3.2, A, solid line). The indirect effect is only dominant for τ . 1

day, where the energy transport is unable to sustain significant deviations from the baroclinically

unstable state T e (Figure 3.2, A, solid line). At such short timescales, the relaxation rates exceed

the maximum growth rates of baroclinic disturbances, and the energy transport shuts off.

At steady state, the static energy transport responsible for sustaining T̃ − T e must balance the

associated thermal forcing Q̃. At high latitudes, the energy transport required to balance Q̃ is dom-

inated by the eddies rather than the zonal-mean transport (compare solid medium gray and light

gray lines, Figure 3.2, B). Notably, the response of the eddy component of the transport to chang-

ing relaxation timescales does not follow a simple, constant-diffusivity closure. Instead, reduced

relaxation climate sensitivity is associated with increased static energy diffusivity (defined as the

ratio of the 850 hPa meridional static energy gradient to the vertically integrated eddy static energy

transport; compare solid and dashed medium gray lines, Figure 3.2, B). Since shorter thermal re-

laxation timescales (i.e., lower relaxation climate sensitivities) tend to amplify the thermal forcing,

and since amplified forcing must be balanced by increased energy transport, it is clear in gen-

eral that lower relaxation climate sensitivity must be associated with a more vigorous large-scale

circulation.

The influence of relaxation climate sensitivity on the large-scale circulation is manifest in two

key features of the extratropical circulation: The storm track and the eddy-driven jet. Following
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thermal relaxation rate) integrated from the storm track to the pole, where the storm track is defined as the
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to the Held and Suarez (1994; hereafter HS94) configuration, calculated as the diabatic cooling resulting
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Shaw et al. (2018), I define the storm track as the maximum vertically integrated eddy static energy

transport FE = 2πa cosφ 〈〈[v∗s∗]〉〉 (where a is the Earth radius; φ is the latitude; v is the meridional

wind; s = cpT + Φ is the static energy, where cp is the specific heat at constant pressure and Φ

is the geopotential; and the square brackets and asterisks denote the zonal average and deviations

thereof, respectively). This metric captures the same internal variations as more common storm

track metrics (see Shaw et al. 2018, Appendix A), but also lets us connect storm track changes

to the static energy budget, since the latitudinal maximum in FE must be balanced by the zonal-

mean static energy transport FM = 2πa cosφ 〈〈[v]〉〉 〈〈[s]〉〉 at the storm track and the thermal forcing

Q integrated from the storm track to the pole (Shaw et al. 2018; Figure 3.2, solid lines). Note

that stationary eddy transport is zero in the HS94 configuration of a dynamical core model since

the topography and forcing parameters are zonally uniform. Similarly, I define the eddy-driven

jet as the maximum vertically integrated eddy angular momentum flux forcing of the zonal-mean

zonal wind budget ME = ∂φ (cos
2 φ 〈〈[v∗u∗]〉〉) /a cos2 φ. This metric captures the same internal

variations as the surface wind maximum definition, but is insensitive to changes in vertical shear

within the friction layer (i.e., below ∼700 hPa; Held and Suarez 1994).

A key result is that the intensities and latitudes of the storm tracks and eddy-driven jets are both

dependent on relaxation climate sensitivity (Figure 3.2, C–D). Notably, this dependence is non-

monotonic: The storm track and eddy-driven jet intensities are maximized for relaxation climate

sensitivities around sτ ≈ 0.01K / W m−2 (i.e., τ0 ≈ 1 day; Figure 3.2, C). At these values, the

tendency of strong thermal forcing to invigorate the circulation is countered by its tendency to

suppress baroclinic eddy growth. Interestingly, the latitudes of the storm track and eddy-driven jet

are maximized for larger relaxation climate sensitivities around sτ ≈ 0.05K / W m−2 (i.e., τ0 ≈ 5

days; Figure 3.2, D). While the storm track and eddy-driven jet intensities scale mostly in tandem

across the range of sampled relaxation climate sensitivities (Figure 3.2, C), the eddy-driven jet

latitude is much more dependent on relaxation climate sensitivity than the storm track latitude

(Figure 3.2, D).
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The pronounced influence of relaxation climate sensitivity on the extratropical circulation sug-

gests that the circulation characteristics of more complex models might also be linked to their

climate sensitivity. Such relationships could be used to construct emergent constraints on multi-

model estimates of climate sensitivity (e.g., Hall et al. 2019, Klein and Hall 2015). We can test the

likelihood that a circulation characteristic might serve as a useful emergent constraint by comparing

its dependence on relaxation climate sensitivity with its dependence on equilibrium temperature.

Since equilibrium temperature is independent from relaxation climate sensitivity (Equation 2.1), a

circulation characteristic that is strongly dependent on equilibrium temperature is less likely to be

a unique indicator of climate sensitivity. A more realistic analogue for this might be circulation

differences arising from model disagreements in climatological radiative heating and cooling rates

that are independent of climate sensitivity.

To test the dependence of the circulation on equilibrium temperature, I carried out an addi-

tional experiment holding the thermal relaxation timescale fixed and running the model with sur-

face equator-pole equilibrium temperature differences ∆e
h of 10, 20, 40, 60, 90, 120, and 150 K

(Equation A.9). Figure 3.3 compares extratropical circulation characteristics from the relaxation

climate sensitivity experiment (blue lines) and equilibrium temperature experiment (orange lines)

as a function of the diabatic cooling integrated from the storm track to the pole (i.e., the black line

in Figure 3.2, B). Perturbations in equilibrium temperature clearly lead to significant responses in

both the storm track and eddy-driven jet intensity (Figure 3.3, orange lines). Importantly, a nearly

identical circulation response results from perturbations in either the equilibrium temperature or

relaxation climate sensitivity, as long as their effects on the thermal forcing constraint are identical

(compare orange and blue lines, Figure 3.3). This suggests that while relaxation climate sensitivity

plays an important role in determining the extratropical circulation, it is unlikely that circulation

intensity could be used to construct a useful emergent constraint on climate sensitivity.

By contrast, isentropic slope appears to be a potentially useful predictor of climate sensitivity

(Figure 3.3, C). Isentropic slope, defined as the meridional slope of potential temperature sur-

faces, characterizes the extent to which the background state is conducive to baroclinic instabil-
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ity (Schneider 2004, Schneider and Walker 2006). The relationship between thermal damping

timescales and isentropic slopes was noted by Zurita-Gotor (2008), and arises from the fact that

the thermal damping timescale regulates the resemblance of the mean climate to a steep-isentrope

equilibrium state (where dynamics are too slow to affect the mean temperature; Figure 2.4, A, gray

contours) versus a flat-isentrope isothermal state (where dynamics have infinite time to equilibrate

the equator with the poles). The isentropic slope relationship may also be connected to the larger

storm track-diagnosed thermal diffusivity observed with faster thermal relaxation timescales (Fig-

ure 3.2, B; Zurita-Gotor 2008). The viability of an emergent constraint based on climatological

isentropic slope is unclear, since the bulk of the uncertainty in coupled climate model estimates of

climate sensitivity is due to the effects of clouds on radiation (e.g., Caldwell et al. 2016, Dufresne

and Bony 2008, Vial et al. 2013). Nevertheless, it would be interesting to test this relationship in

the CMIP5 and CMIP6 ensembles.

In sum, Figures 3.1–3.3 demonstrate that relaxation climate sensitivity plays a central role

in governing the structure and amplitude of the large-scale circulation. Lower relaxation climate

sensitivities (i.e., shorter relaxation timescales) lead to a more vigorous extratropical circulation by

strengthening the thermal forcing. The relationship only breaks down for extremely low relaxation

climate sensitivities, under which baroclinic eddies are unable to grow. In the following section, I

explore the implications of these results for the large-scale circulation response to global warming.

3.2 Perturbed circulation

In addition to the unperturbed simulations, I carried out several perturbed “global warming”

simulations using a wide range of relaxation climate sensitivities. This was done by imposing a

horizontally uniform heating term analogous to a greenhouse gas radiative forcing perturbation

(see Section 2.3 for details). The perturbed simulations provide insight into the role of relaxation

climate sensitivity in governing the large-scale circulation response to global warming.

By construction, given the same forcing perturbation H , the dynamical core responds with

greater warming for model configurations with higher relaxation climate sensitivity (Figure 3.4,
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Figure 3.4: Relaxation climate sensitivity and the thermodynamic response to global warming. (A)
The global average vertical integral of the imposed forcing perturbation H (solid black; Equation 2.4) and
the simulated diabatic cooling response ∆Q (i.e., negative thermal relaxation response; dash-dotted red;
Equation 2.2). (B) The prescribed relaxation climate sensitivity ∆Tτ (solid black; Equation A.7) and the
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over the near-surface 900 hPa pressure level (dotted red; Equation A.2). Note that the black lines indicate
quantities prescribed a priori and the red lines indicate quantities diagnosed from simulations. The configu-
rations I explicitly tested are indicated with vertical grid lines, and the Held and Suarez (1994) configuration
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B; Figure 3.5, A–C, shading). The simulated warming scales almost linearly with respect to the

reference sensitivity parameter, whether averaged over the entire atmosphere or a near-surface

layer (Figure 3.4, B, red dashed and dotted lines). However, the magnitude of the warming deviates

slightly from that predicted by the reference sensitivity parameter (Figure 3.4, B, black solid line).

This is due to the non-zero spatial covariance between the temperature response and the relaxation

feedback parameter (compare shading and dotted contours, Figure 3.5, A–C), which decreases

the full-atmosphere effective feedback parameter λ̂τ (Equation A.1) and increases the near-surface

effective feedback parameter λ̂iτ (Equation A.2). The results described here represent steady-state

responses, since the diabatic cooling anomalies integrated over the entire atmosphere are equivalent

to the imposed forcing perturbation 〈〈H〉〉 (Figure 3.4, A, red and black lines).
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The dynamical core model captures the basic qualitative structure of the warming response

from more complex general circulation models: There is enhanced warming near the polar sur-

face, analogous to polar amplification (Figure 3.5, A–C, shading; e.g., Alexeev et al. 2005, Crook

et al. 2011, Holland and Bitz 2003, Pithan and Mauritsen 2014), and enhanced warming in the

tropical upper troposphere, analogous to moist adiabatic adjustment (Figure 3.5, A–C, shading;

e.g., Held and Soden 2000, 2006, O’Gorman and Muller 2010). The warming pattern is similar

for all simulations, but larger in magnitude for simulations with higher relaxation climate sensitiv-

ity. Importantly, when I repeat the unperturbed and perturbed experiments with spatially uniform

relaxation feedback parameters (accomplished by setting τmin = τmax; Equations 2.3 and A.10),

the warming is virtually horizontally uniform and decays with height according to H (compare

Figures 3.5 and 3.6, A–C and Figure 2.4, C).

The qualitative agreement with warming patterns from more complex models may appear sur-

prising given that the dominant physics creating these patterns (i.e., increased latent heat release,

moisture transport changes, and ice-albedo feedback) are not represented in the dynamical core

model. They come about somewhat fortuitously due to the non-uniform pattern of relaxation

feedback parameters (i.e., thermal relaxation timescales; Figure 3.5, A–C, dotted contours). In

particular, the enhanced polar lower-tropospheric warming appears to derive from meridional gra-

dients in the relaxation feedback parameter (compare shading and dotted contours, Figure 3.5,

A–C), analogous to meridional gradients in the temperature radiative kernel (Figure 2.2, A and

D). Similarly, the enhanced tropical upper-tropospheric warming appears to derive from vertical

gradients in the relaxation feedback parameter (compare shading and dotted contours, Figure 3.5,

A–C), analogous to vertical gradients in the Clausius-Clapeyron-scaled specific humidity radiative

kernel (Figure 2.2, B and D).

The warming response to the forcing perturbation H is associated with notable changes in the

large-scale circulation. The storm track and the eddy-driven jet both shift poleward, with a gen-

erally larger shift for model configurations with higher relaxation climate sensitivity (Figure 3.7,

C–D). For every climate sensitivity, the spatial pattern of the zonal wind response is characterized
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Figure 3.5: Relaxation climate sensitivity and the large-scale circulation response to global warming.

Steady-state latitude-height cross-sections from the global warming simulations with relaxation climate sen-
sitivities (A, D) less than, (B, E) equal to, and (C, F) greater than the Held and Suarez (1994) relaxation
climate sensitivity. The top row (A–C) shows the unperturbed zonal-mean potential temperature (contours)
and the temperature response to the forcing perturbation (shading). The thermal relaxation timescales are
shown with gray dotted contours. The bottom row (D–F) shows the unperturbed zonal-mean zonal wind
(contours) and the zonal wind response to the forcing perturbation (shading). The relaxation sensitivity pa-
rameters and associated reference thermal relaxation timescales are indicated above each panel.
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Figure 3.6: As in Figure 3.5, but for the experiments with uniform thermal relaxation timescales.
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by a deceleration of the equatorward flank of the eddy-driven jet and a deceleration of the upper-

level subtropical jet extension (Figure 3.5, D–F, shading). The responses scale with relaxation cli-

mate sensitivity because under a fixed pattern of relaxation feedback parameters, higher relaxation

climate sensitivity corresponds to larger horizontal temperature gradient anomalies (Figure 3.5,

A–C, shading). In the case of spatially uniform relaxation feedback parameters, where there are

no changes to the horizontal temperature gradient (Figure 3.6, A–C, shading), the zonal wind re-

sponse and poleward storm track and eddy-driven jet shifts entirely disappear (compare Figures 3.5

and 3.6, D–F; Figures 3.7 and 3.8, C–D).

The warming response is also associated with a robust reduction in storm track intensity (Fig-

ure 3.7, A–B, red lines). At first glance, the increased temperature gradients in the middle and

upper troposphere would seem to imply an increase in storm track intensity (Figure 3.5, A–C, shad-

ing). However, since the thermal relaxation coefficients are stronger in the boundary layer, changes

to the temperature gradients in the lower troposphere result in comparatively larger changes to the

thermal forcing. Thus, the lower tropospheric temperature gradients play an outsize role in de-

termining the total heat transport response. The magnitude of the response is small due to the

competing effects of the decreased lower troposphere temperature gradients and increased mid-

dle and upper troposphere temperature gradients, again analogous to more complex models (Shaw

et al. 2016). In the case of spatially uniform relaxation feedback parameters, since there is no

meridional contrast in the thermal forcing response, the storm track intensity reduction disappears

(compare Figures 3.7 and 3.8, A–B, red lines).

Notably, whereas the zonal wind response and latitude shifts depend on relaxation climate

sensitivity, the storm track intensity response does not (Figure 3.7, B, red line). This is due to

the fact that 1) the latitude-height thermal relaxation coefficient pattern (i.e., relaxation feedback

parameter pattern; Figure 2.2, D) is unchanged between model configurations (Figure 3.5, A–

C, dotted contours) and 2) the global average thermal forcing response is necessarily constant

(Figure 3.4, A, red line). While the global warming forcing perturbation always increases global

temperature and decreases near-surface meridional temperature gradients, the magnitude of the
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Figure 3.7: Relaxation climate sensitivity and the extratropical circulation response to global warm-

ing. Steady-state extratropical circulation responses as a function of the relaxation sensitivity parameter sτ
(bottom x-axis) and the reference thermal relaxation timescale τ0 (top x-axis). (A) The storm track intensity
(solid red) and eddy-driven jet strength (solid blue) for the unperturbed control experiments (faded colors)
and the perturbed global warming experiments (saturated colors). (B) The perturbed minus unperturbed
storm track intensity (dashed red) and eddy-driven jet strength (dashed blue). (C, D) As in A, B, but for the
latitudes and latitude shifts of the storm track (red) and eddy-driven jet (blue). The configurations I explicitly
tested are indicated with vertical grid lines, and the Held and Suarez (1994) configuration is indicated with
the thick vertical grid line. The storm track and eddy-driven jet are defined in Section 3.1.
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Figure 3.8: As in Figure 3.7, but for the experiments with uniform thermal relaxation timescales.

38



temperature change is scaled everywhere by the relaxation feedback parameter. Thus, the thermal

forcing response associated with the temperature change is roughly constant. Since the storm track

intensity is constrained by thermal forcing, the storm track response to the forcing perturbation

is necessarily independent of relaxation climate sensitivity and decoupled from the temperature

response. This decoupling is consistent with the differing static energy diffusivities of climates

with different relaxation climate sensitivities (Figure 3.2, B, solid and dashed medium gray lines).

The forcing perturbation H also leads to a weakening of the eddy-driven jet (Figure 3.7, A–B,

blue lines), consistent with the strong coupling between eddy-driven jet strength and storm track

intensity (Figure 3.2, C, red and blue lines). However, unlike the storm track response, the eddy-

driven jet response is generally larger for configurations with higher relaxation climate sensitivity

(Figure 3.7, B). This may come about because the eddy-driven jet strength is not energetically con-

strained, but rather determined by the structure of eddy momentum fluxes. These momentum fluxes

reflect characteristics of wave propagation and dissipation, which itself depends on meridional and

vertical temperature gradients. The larger eddy-driven jet response is then consistent with the

larger temperature pattern response found under higher relaxation climate sensitivity (Figure 3.5,

A–C, shading). Similarly, the absence of an eddy-driven jet response under spatially uniform re-

laxation feedback parameters (compare Figures 3.7 and 3.8, A–B, blue lines) is consistent with the

absence of a temperature pattern response under any corresponding relaxation climate sensitivity

(Figure 3.6, A–C, shading).

In sum, Figures 3.4–3.8 highlight the key role of the relaxation climate sensitivity in deter-

mining not only the temperature response but also the large-scale circulation response to external

forcing perturbations. Under a fixed spatial pattern of relaxation feedback parameters, the warming

response pattern is larger for higher relaxation climate sensitivity, resulting in a larger zonal wind

response and larger poleward shifts in the storm track and eddy-driven jet. By contrast, the thermal

forcing response pattern is mainly independent of relaxation climate sensitivity, resulting in a con-

stant reduction in storm track intensity. Importantly, the circulation response virtually disappears

under spatially uniform relaxation feedback parameters. This highlights the critical roles of both
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the feedback parameters and the warming response pattern in guiding the circulation response to

forcing perturbations.
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Chapter 4

Coupled models: Feedbacks

4.1 Context and motivation

Chapters 2 and 3 investigated the relationships between climate feedbacks and the global circu-

lation in an idealized GCM. In the next chapters, I extend this investigation to much more complex,

fully-coupled GCMs from the most recent two versions of the Coupled Model Intercomparison

Project (CMIP5 and CMIP6; Eyring et al. 2016, Taylor et al. 2012). Throughout these chap-

ters, I quantify climate feedbacks using the traditional forcing-feedback framework rather than the

relaxation forcing-feedback framework developed in Chapter 2. The differences between these

frameworks can be summarized as follows:

• Relaxation climate feedbacks are defined as a function of space and height, reflecting the

local sensitivity of diabatic (or “radiative”) cooling to air temperature. By construction, they

are time-invariant, and they behave identically under both externally imposed forcing pertur-

bations and perturbations generated by internal variability. In this way, relaxation feedbacks

have more in common with radiative feedback kernels than climate feedback parameters

(Appendix A.2; Kramer et al. 2019, Soden and Held 2006, Soden et al. 2008, Zelinka et al.

2012). Feedback kernels are typically used to decompose more complex radiative responses

into contributions from individual processes, and are known to be much more robust than the

fully-resolved radiative responses themselves (e.g., Soden et al. 2008, Zelinka et al. 2020).

• Traditional climate feedbacks are defined either globally (Hansen et al. 1985, Roe 2009,

Rugenstein and Armour 2021) or as a function of horizontal space (Andrews et al. 2015,

Armour et al. 2012, Hedemann et al. 2022). Unlike relaxation feedbacks, they reflect the

non-local sensitivity of top-of-atmosphere (TOA) radiation to surface temperature. Thus,

rather than arising from local relationships between temperature and energetics, they emerge

from a broad spatial distribution of energetic responses and the coupled, possibly non-linear
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Figure 4.1: Inter-model correlation between local CMIP6 perturbed and unperturbed feedbacks.

Shading indicates inter-model correlation coefficients r, while light stippling (heavy stippling) indicates r2

values above 33% (66%). The first, second, and third columns denote feedbacks calculated with Gregory
regressions against global-average surface temperature, zonal-average surface temperature, and local surface
temperature (respectively). The first, second, and third rows denote shortwave cloud feedbacks, longwave
cloud feedbacks, and combined temperature-humidity feedbacks (respectively). The temperature-humidity
feedbacks consist of the sum of the Planck, water vapor, and lapse rate feedbacks.

circulation adjustments controlling their distribution (e.g., Feldl and Roe 2013b, Williams

et al. 2023). As a consequence, traditional climate feedbacks are known to vary substantially

as a function of ocean heat uptake patterns (Liu et al. 2018a,b, Rose et al. 2014, Rugenstein

et al. 2016a), radiative forcing agents (Hansen et al. 1997, Haugstad et al. 2017, Paynter

and Frölicher 2015, Richardson et al. 2019), and perturbation response timescales (Andrews

et al. 2022, Armour et al. 2012, Gregory et al. 2004, Held et al. 2010, Williams et al. 2008).

This variation is especially pronounced for global feedbacks, but is also present for most

simple definitions of the local climate feedback (Hedemann et al. 2022).
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Given the significant uncertainty of traditional feedback definitions, any relationships between

climate feedbacks and the large-scale circulation inferred from coupled models will be harder to

interpret. The rest of this thesis therefore focuses on the feedback definitions themselves, leaving

further investigations of feedback-circulation relationships to future work. In particular, I examine

differences between local and global estimates of traditional climate feedbacks across both unper-

turbed experiments (guided by coupled atmosphere-ocean internal variability alone) and perturbed

experiments (driven by an abrupt quadrupling of CO2 concentrations). Thus unlike Chapter 3,

which used an explicit parameter to change the climate feedback, this section leverages inter-model

spread across ensembles of CMIP5 and CMIP6 experiments as an effective, emergent scaling of the

simulated climate feedback. I then investigate the mechanisms behind these emergent relationships

and their differences across each CMIP generation.

Previous research with CMIP ensembles has typically found relatively weak relationships be-

tween internal, unperturbed climate feedbacks and perturbed climate feedbacks (Lutsko 2018, Lut-

sko and Takahashi 2018). However, the idealized model results from Chapter 3 pointed to the

robustness of local relaxation climate feedbacks over global climate feedbacks diagnosed from

model experiments (Figure 3.4; Equations A.1 and A.2). Thus, an initial hypothesis informed by

the dynamical core experiments is that inter-model spread in local unperturbed climate feedbacks

might tell us more about local perturbed climate feedbacks than global versus global inter-model

relationships. Figure 4.1 tests part of this hypothesis by showing inter-model correlation coeffi-

cients between local unperturbed and perturbed climate feedbacks, using local feedbacks defined

with either local surface temperature (first column), zonal-average surface temperature (second

column), or global-average surface temperature (third column; Feldl and Roe 2013a, Hedemann

et al. 2022). The feedbacks were estimated using Gregory regressions of both unperturbed global

temperature variability and perturbed responses to abrupt CO2 quadrupling (Gregory et al. 2004),

then decomposed into contributions from cloud and non-cloud changes using radiative kernels

(Soden and Held, 2006; Soden et al., 2008; see Appendix B.1 for details).
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The results show relatively strong relationships between local unperturbed climate feedbacks

and local perturbed climate feedbacks – especially over the East Pacific (Figure 4.1; A–C). The

inter-model relationships are also stronger for feedbacks defined with local surface temperature

(Figure 4.1; right column) compared to feedbacks defined with global surface temperature (Fig-

ure 4.1; left column). This is surprising, given that local surface temperature feedbacks have

been shown to be less robust than global surface temperature feedbacks over the time-evolving

response to abrupt CO2 quadrupling (Hedemann et al. 2022). Nevertheless, in each case, only

a few regions exhibit local unperturbed-perturbed feedback correlations that are as strong as the

correlations between global average unperturbed climate feedbacks and global average perturbed

climate feedbacks (see following section, Figure 4.3, annotations). Thus, despite the mixed results

of past research, constraints based on global or regional climate feedbacks may be more promising

candidates for inferring the global climate response from internal climate variability.

4.2 Cloud feedback constraints

Figure 4.2 shows distributions of early perturbed, late perturbed, and unperturbed climate feed-

backs from each CMIP generation. The feedbacks and their cloud and non-cloud components were

estimated as in Figure 4.1 (see above). The results are also averaged across unique institutes before

computing inter-model statistics to help reduce double counting biases (Abramowitz et al. (2018),

Leduc et al. (2016); see Appendix B.2 for details). Note that the distributions in Figure 4.2 are

similar when using individual models instead of institute-averages (Figure B.4). In CMIP5, net

unperturbed climate feedbacks are typically more positive than both the early and late perturbed

feedbacks (compare pale gray to blue and red, far left, Figure 4.2). The CMIP5 perturbed feed-

backs are also spread more narrowly and less evenly than the unperturbed feedbacks. Notably, the

late perturbed feedback values are closer to the unperturbed feedbacks than the early perturbed

feedbacks (compare gray to red, far left, Figure 4.2). In CMIP6, the net unperturbed feedbacks

are slightly more negative (compare pale and dark colors, far left, Figure 4.2), while both the early

and late perturbed feedbacks are more positive (consistent with Zelinka et al. 2020). Further, inter-
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Figure 4.2: Multi-model distributions of perturbed and unperturbed climate feedback parameters.

“Violin” shapes indicate Gaussian kernel density fits to the institute-averaged feedback distributions using
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component indicated on the x axis. Blue, red, and gray indicate the early perturbed period (years 0–20), late
perturbed period (years 20–150), and unperturbed period, respectively. Pale and dark colors indicate the
CMIP5 and CMIP6 ensembles, respectively.
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model spread in the early and late perturbed feedbacks is significantly higher, while unperturbed

feedback spread is similar to CMIP5. This results in unperturbed and perturbed feedbacks span-

ning similar values in CMIP6 (dark colors, far left, Figure 4.2). Notably, differences between early

and late perturbed feedbacks also appear unchanged in CMIP6 (consistent with Dong et al. 2020).

Across both CMIP5 and CMIP6, shortwave cloud radiative effects largely drive the differences

between unperturbed and perturbed climate feedbacks (white markers, far left to center-right, Fig-

ure 4.2). Clouds also drive inter-model spread in the net feedback, with even larger shortwave

cloud spread partly compensated by longwave cloud spread (shapes, far left to center-right, Fig-

ure 4.2). While the CMIP6 unperturbed feedbacks are very similar to CMIP5 (gray, center-left to

far right, Figure 4.2), the CMIP6 perturbed feedbacks are characterized by much less non-cloud

spread and much greater cloud, shortwave cloud, and longwave cloud spread (blue and red, center-

left to far right, Figure 4.2). As a result, for CMIP6, inter-model spread in perturbed and unper-

turbed cloud feedbacks is comparable; both the early and late perturbed shortwave and longwave

cloud feedbacks occupy ranges similar to their unperturbed counterparts (dark colors, center-left

to center-right, Figure 4.2). This contrasts sharply with CMIP5, in which perturbed cloud feed-

backs are much more clustered together than unperturbed feedbacks (light colors, center-left to

center-right, Figure 4.2).

The increased perturbed feedback spread in CMIP6 is accompanied by significant changes to

inter-model relationships between unperturbed and perturbed feedbacks. I assess these relation-

ships by linearly regressing perturbed feedbacks against unperturbed feedbacks across each CMIP

generation. These coefficient represent unperturbed constraints on the response to increasing CO2.

Figure 4.3 summarizes the constraints for each CMIP generation and perturbation response time.

Individual bars indicate regression coefficients β of early and late perturbed climate feedbacks

(blue and red, Figure 4.2) against unperturbed climate feedbacks (gray, Figure 4.2); thin (thick)

whiskers indicate 95% (50%) uncertainty ranges for the regression coefficients; and annotations

indicate the percent variance explained for each regression (i.e., the squared correlation coefficient

r2). As with Figure 4.1, the results are based on institute-averages rather than individual models;
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the main effect of institute-averaging is to increase the uncertainty range (Figure B.5). For CMIP5,

the constraints on perturbed climate feedbacks are statistically indistinguishable from zero at the

95% confidence level (pale colors, far left, Figure 4.3). For CMIP6, the regression coefficients

are statistically significant, with unperturbed feedbacks explaining ∼40% of inter-model spread in

late perturbed feedbacks (dark colors, far left, Figure 4.3). The higher regression coefficients in

CMIP6 are due to both an increased correlation r between unperturbed and perturbed feedbacks

(r2 annotations, far left, Figure 4.3) and greater perturbed feedback spread σ1 (blue and red, Fig-

ure 4.2). Surprisingly, the CMIP6 constraints are more effective for late perturbed feedbacks than

early perturbed feedbacks – that is, the far-future radiative response to increasing CO2 is more

predictable from internal variability than the near-future response.

For both CMIP5 and CMIP6, the perturbed climate feedback relationships are largely due to

the cloud component (compare center-left and far right, Figure 4.3). Unperturbed cloud feedbacks

explain ∼50% of inter-model spread in perturbed cloud feedbacks across CMIP5 and CMIP6,

while non-cloud feedbacks explain very little inter-model spread (consistent with He et al. 2021).

Notably, the CMIP6 cloud constraints are stronger when considering the shortwave and longwave

components separately, while the CMIP5 cloud constraints are weaker (center-left to center-right,

Figure 4.3). As with the net constraints, the regression coefficients for the perturbed cloud feed-

backs are higher in CMIP6 than CMIP5. For the total cloud feedback, this is mainly due to greater

inter-model spread σ1 in CMIP6 (blue and red, Figure 4.2); for the shortwave and longwave com-

ponents, this is due to both greater inter-model spread σ1 and stronger inter-model correlation r

(annotations, Figure 4.3). Similarly, the late perturbed cloud feedbacks are more closely related

to internal variability than the early perturbed feedbacks. For both CMIP5 and CMIP6, this is

due to both greater inter-model spread σ1 in late perturbed feedbacks (blue and red, Figure 4.2)

and stronger correlations r between late feedbacks and unperturbed feedbacks (annotations, Fig-

ure 4.3). The difference between the early and late relationships also holds for an alternative

early-late partitioning that uses an equal number of years in each period (years 0–50 for “early”,
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100–150 for “late”; Figure 4.4). Thus, the weak constraints on the early response are not simply

due to internal variability rendering the shorter early period more uncertain.

Any investigation of similarities between unperturbed and perturbed climate feedbacks can be

used to build emergent constraints on the perturbed climate feedbacks (Caldwell et al. 2018, Hall

and Qu 2006, Hall et al. 2019, Qu et al. 2018, Williamson et al. 2021). This is typically done by

identifying “emergent” inter-model relationships between simulated future climate feedbacks and

aspects of historical warming or variability, then identifying the most plausible model-simulated

futures as those whose pasts agree with observations. In the absence of ensemble convergence onto

one solution for the future climate, emergent constraints thus seek to leverage inter-model spread

itself into reduced climate feedback uncertainty. Here, we can build emergent constraints on the

perturbed cloud feedback by combining inter-model regression coefficients from Figure 4.3 with

observational estimates of the unperturbed cloud feedback as follows (e.g., He et al. 2021, Lutsko

et al. 2021, Uribe et al. 2022):

λ̂1 = λ1 + β(λ∗

0 − λ0) (4.1)

Above, λ0 is the model-simulated unperturbed climate feedback, λ∗

0 is the observational estimate of

the unperturbed climate feedback, λ1 is the model-simulated perturbed climate feedback, λ̂1 is the

observationally-constrained perturbed climate feedback, β ≡
∑

λ′

1λ
′

0/
∑

λ′

0
2 is the inter-model

regression coefficient between unperturbed and perturbed feedbacks, and the overbars and primes

indicate multi-model averages and deviations thereof (respectively). The regression coefficients

can also be expressed as the product of an inter-model correlation coefficient r and standard devi-

ation ratio σ1/σ0 (i.e., β ≡ rσ1/σ0), where r ≡
∑

λ′

1λ
′

0/σ1σ0 and σn ≡
√∑

λ′

n
2. Thus, through

slight increases in λ1, slight decreases in λ0, significant increases in σ1, and negligible changes

in σ0, the CMIP6 feedback distributions alone (Figure 4.2) promote higher inter-model regression

coefficients (Figure 4.3) and more positive observational constraints.

Figure 4.5 evaluates Equation 4.1 using a recent observational estimate of the unperturbed

cloud feedback λobs (He et al. 2021). As expected, CMIP6 produces much higher observationally-

constrained estimates of the perturbation response than CMIP5. The CMIP6 ensemble produces
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Figure 4.5: Emergent constraints on the perturbation response from observed unperturbed cloud

feedbacks. For each panel, the x axes indicate unperturbed cloud feedbacks and the y axes indicate either
late perturbed cloud feedbacks (A, B; first row) or late effective climate sensitivity – i.e., the x-intercept of
the Gregory regression for the net radiative response to CO2 quadrupling (C, D; second row). The left and
right columns indicate the CMIP5 and CMIP6 ensembles, respectively. Individual markers indicate institute-
average results from either ensemble. The black lines indicate linear least-squares regressions, with shading
indicating 95% uncertainty bounds according to a Student’s t-distribution (assuming the regression residu-
als are normally distributed). The blue line and shading indicate the mean and 95% uncertainty bounds for
the observational unperturbed cloud feedback estimate from He et al. (2021). The pink line and shading
indicate the mean constrained estimate and 95% uncertainty bounds for the perturbation response variable,
taking into account just observational uncertainty (darker pink shading) or both observational and regression
slope uncertainty (lighter pink shading). The He et al. (2021) observational cloud feedback estimate was
evaluated over 2001–2019 using the NASA GISTEMP4 surface temperature dataset (Lenssen et al. 2019),
the CERES EBAF4.1 satellite estimates of all-sky and clear-sky radiation, (Loeb et al. 2018), and cloud
masking adjustments calculated from 1) a set of radiative feedback kernels derived from CERES observa-
tions (Kramer et al. 2019) and 2) time series of tropospheric air temperature and specific humidity estimated
by the ERA5 reanalysis
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constrains the early and late cloud perturbed feedbacks to 0.39 Wm−2 K−1 (95% CI: 0.12–0.74)

and 0.75 Wm−2 K−1 (95% CI 0.38–1.19; Figure 4.5, A, red), respectively, while the CMIP5

ensemble constrains them to only 0.17 Wm−2 K−1 (95% CI: −0.09–+0.45) and 0.44 Wm−2 K−1

(95% CI: 0.17–0.75; Figure 4.5, B, red). Notably, despite the reduced sample size arising from our

use of institute-averages rather than individual models, these constraints are less uncertain than the

constraints from He et al. (2021). This may be due to our use of 18 additional CMIP6 models or our

use of reanalysis-based radiative kernels (Huang et al. 2017) rather than satellite-based radiative

kernels (Kramer et al. 2019) for the cloud masking adjustments. Overall, however, unperturbed

cloud feedbacks in CMIP6 suggest that moderately to highly positive late cloud feedbacks are more

likely than weakly positive or negative cloud feedbacks, with a constrained 95% uncertainty range

(0.81Wm−2 K−1) that is significantly narrower than the original, unconstrained uncertainty range

(1.28Wm−2 K−1). In the following chapter, I use regional decompositions to investigate the role

of warming patterns and circulation adjustments on the constraint differences across both CMIP

generations and perturbation response times.

51



Chapter 5

Coupled models: Patterns

5.1 Context and motivation

Emergent constraints targeting different processes can lead to divergent conclusions on the

physical plausibility of particular feedback values. Several studies have pointed to strong rela-

tionships between model simulations of anthropogenically forced future warming and historical

warming (Cox et al. 2018, Nijsse et al. 2020, Tokarska et al. 2020b). These studies typically find

that 1) near-term warming is more effectively constrained than long-term warming, and 2) since

observed historical warming is on the lower end of model simulations, models with less warming

and more negative feedbacks are more consistent with observations. However, other studies have

pointed to the importance of pattern effects on the evolution of historical and future climate feed-

backs (Andrews et al. 2015, 2018, 2022, Armour et al. 2012, Gregory and Andrews 2016, Senior

and Mitchell 2000, Stevens et al. 2016, Zhou et al. 2016). These studies suggest that the relative in-

ability of coupled models to simulate historical warming patterns may render emergent constraints

based on historical warming untrustworthy (Andrews et al. 2022, Dong et al. 2021, Heede et al.

2020, Marvel et al. 2018). Adjustments to these constraints based on model-simulated regional

warming and feedback patterns produce much higher observationally-constrained climate feed-

back estimates (Andrews et al. 2018, Armour 2017, Watanabe et al. 2021). Similarly, constraints

based on cloud feedback mechanisms rather than historical warming or surface temperature often

produce higher climate feedback estimates (Bretherton and Caldwell 2020, Brient 2020, Kamae

et al. 2016, Klein and Hall 2015, Lutsko et al. 2021).

This chapter aims to bridge these two perspectives by considering how pattern effects influ-

ence the inter-model cloud feedback relationships described in Chapter 4. First, I hypothesize

a fluctuation-dissipation relation (FDR) explanation for the inter-model relationships, with the

strength of each constraint controlled by the projection of the response onto the El Niño-Southern
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Figure 5.1: Local contributions to global warming and climate feedbacks. The first row indicates aver-
age unperturbed warming patterns (A) and cloud feedback patterns (B) across CMIP5 and CMIP6 models
(see text for details). The second and third rows indicate perturbed warming patterns (C–F) and cloud
feedback patterns (G–J) for the CMIP generation and perturbation response time indicated along columns.
Shading indicates multi-model averages and contours indicate inter-model standard deviations.

Oscillation (ENSO). I test this hypothesis by decomposing ensemble average feedbacks and inter-

model constraints into regional contributions (Caldwell et al. 2018). The results are consistent with

other recent work demonstrating the dominance of ENSO-frequency variability on relationships

between internal variability and perturbed cloud feedbacks (Lutsko 2018, Lutsko and Takahashi

2018, Lutsko et al. 2021). I then discuss the critical role of pattern effects on both 1) the time

evolution of the ensemble average response to forcings (Andrews et al. 2022, Armour et al. 2012)

and 2) the strength and physical interpretation of constraints on ensemble spread. I conclude by

considering implications and recommendations for further research.

5.2 Multi-model average patterns

The above relationships between perturbed and unperturbed climate feedbacks can be under-

stood in terms of contributions from different regions. To quantify these contributions, I decom-

pose global-average temperature anomalies and global climate feedback parameters into spatial
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warming patterns σTi
and feedback patterns λi for each of the unperturbed, early perturbed, and

late perturbed periods (Andrews et al. 2015, Armour et al. 2012). The feedback patterns indicate

the local changes in radiative flux that contribute to the global climate feedback, while the warm-

ing patterns provide a qualitative interpretation of the local temperature changes that both drive

and respond to the global climate feedbacks. I define each warming pattern σTi
as a projection of

temperature anomalies T ′

i at each grid point i onto global-average temperature anomalies T ′, i.e.

σTi
=
∑

t T
′

i T
′/
√∑

t T
′2. This is similar to the common “relative” warming Gregory regression

metric
∑

t T
′

i T
′/
∑

t T
′2 (Andrews et al. 2015, Armour et al. 2012), except the units are K instead

of K/K due to a scaling by the global average temperature standard deviation σT ≡
√∑

t T
′2.

The warming patterns σTi
thereby indicate the absolute warming associated with characteristic

changes in global average temperature due to internal variability or increasing CO2. Note the

global average of each warming pattern [σTi
] = σT is equivalent to the standard deviation of the

global average temperature. Similarly, I define each feedback pattern λi as the Gregory regression

of model-simulated or kernel-derived radiative flux anomalies R′

i at each grid point i against global

average temperature anomalies T ′, i.e. λi =
∑

t R
′

i T
′/
∑

t T
′2 (Andrews et al. 2015, Hedemann

et al. 2022). Note that global averages of each feedback pattern [λi] = λ are equivalent to the

global climate feedback parameters from Figure 4.2. I interpret changes to the climate feedback

constraints across CMIP generations and perturbation response times in terms of 1) differences

in the multi-model average warming and feedback patterns (this section), and 2) changing pattern

contributions to global-average inter-model feedback spread (next section).

Figure 5.1 summarizes the multi-model average patterns (shading) and inter-model pattern

spread (contours) for both perturbed and unperturbed climate feedbacks. Across both CMIP5 and

CMIP6, unperturbed global-average temperature anomalies are associated with strongly enhanced

East Pacific warming and weaker subtropical and West Pacific warming (Figure 5.1, A). This is due

to the El Niño-Southern Oscillation (ENSO) producing warm anomalies in global-average temper-

ature by suppressing cold water upwelling in the eastern tropical Pacific (Halpert and Ropelewski

1992, McLean et al. 2009, Seager et al. 2003, Trenberth et al. 2002, 2010). The unperturbed cli-
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Figure 5.2: As in Figure 5.1 but for the unperturbed and perturbed shortwave and longwave cloud

feedbacks. Panel A and the first row indicate regression coefficients for the shortwave component of the
cloud feedback. Panel B and the second row indicate regression coefficients for the longwave component of
the cloud feedback.

mate feedbacks thus reflect the circulation changes associated with an average El Niño event – that

is, an eastward and southward shift in Pacific convection, a reversal of the zonal Walker circula-

tion, and a destabilization of the boundary layer under descending branches of the Walker cells

(Alexander et al. 2002, Bjerknes 1966, 1969, Di Lorenzo et al. 2015, Rasmusson and Carpenter

1982, Schneider et al. 2014, Seager et al. 2003). These changes manifest as positive cloud feed-

backs over both 1) the central and eastern tropical Pacific, where shallow clouds are replaced by

convective towers that reduce outgoing longwave radiation (Figure 5.1, B; Figure 5.2, A–B), and

2) the eastern subtropical Pacific and Indian oceans, where the weakened boundary layer inversion

dissipates trade and stratocumulus clouds, thereby increasing shortwave absorption (Bellomo et al.

2014, Klein and Hartmann 1993, Middlemas et al. 2019, Myers and Norris 2015, Park and Leovy

2004, Rädel et al. 2016, Scott et al. 2020, Zhu et al. 2007). There are also slightly negative un-

perturbed cloud feedbacks over the south and north central Pacific, likely due to increased shallow

clouds and large-scale descent in these regions. The positive and negative unperturbed feedback
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regions are asymmetric, resulting in a net positive global unperturbed cloud feedback (Figure 4.2,

gray).

The early perturbed warming pattern bears little resemblance to the unperturbed variability

(Figure 5.1, C, D), with weak warming over the oceans, moderate warming over land, and polar

amplification mostly confined to the northern hemisphere. There is only moderately enhanced

warming over the central tropical Pacific, indicative of the nascent (but not fully realized) El Niño-

like response. By contrast, the late perturbed warming patterns strongly resemble unperturbed

variability (Figure 5.1, E, F), with amplified warming in the eastern Pacific, suppressed warming

in the central and western extratropical Pacific, and polar amplification in both hemispheres. The

regional variations are also very similar in magnitude, despite the much smaller magnitude of

global average temperature changes under unperturbed variability (compare colorbars; Figure 5.1,

A, E, F). The cloud feedback patterns reflect these warming pattern differences; the early response

exhibits weakly positive cloud feedbacks over the central tropics (Figure 5.1, G, H), while the late

response exhibits strong patterns of negative and positive cloud feedbacks over the same parts

of the tropics and subtropics as the unperturbed patterns (compare panel B to panels I and J,

Figure 5.1). The shortwave and longwave cloud feedback patterns show that this reflects weak

increases in convective clouds over the central Pacific during the early response (Figure 5.2; C, D,

G, H), with stronger, more El Niño-like increases over the central and eastern Pacific during the

late response (Figure 5.2; E, F, I, J). The late response also exhibits positive cloud feedbacks over

the Southern Ocean and North Pacific not present during unperturbed variability (Figure 5.1, I, J).

Consistent with Figure 4.2, inter-model spread in the late perturbed patterns also resembles spread

in the unperturbed patterns better than the early perturbed patterns (gray contours, Figure 5.1), with

the greatest inter-model spread found over the central and eastern tropical Pacific (gray contours;

Figure 5.1, A–B, E–F, I–J).

Differences between the average CMIP5 and CMIP6 patterns are more subtle. The early warm-

ing patterns are nearly identical between CMIP5 and CMIP6, (Figure 5.1, C and D), while the late

CMIP6 response exhibits notably more warming in the eastern tropical and southeastern Pacific
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(Figure 5.1, E and F). The tropical and subtropical cloud feedbacks also project slightly more

strongly onto the unperturbed feedbacks in CMIP6, with more negative feedbacks in the central

subtropical Pacific and more positive feedbacks in the eastern Pacific (Figure 5.1, H and J). The

differences are clearer for the shortwave and longwave components, where CMIP6 exhibits an

amplified El Niño-like tropical feedback pattern in both the early and late response (Figure 5.2;

D, F, H, J). CMIP6 also exhibits more inter-model spread in tropical warming and tropical cloud

feedbacks than CMIP5 (contours; Figure 5.1, D, F, H, J). However, the most notable differences

between CMIP5 and CMIP6 are found in the extratropics rather than the tropics. In the early re-

sponse, CMIP6 exhibits more positive cloud feedbacks over the North Pacific and Southern Ocean;

in the late response, CMIP6 exhibits even more positive cloud feedbacks over just the Southern

Ocean (Figure 5.1, H and J). This has been attributed to reduced brightening from cloud phase

transitions and greater cloud cover reductions over extratropical oceans (Zelinka et al. 2020).

5.3 Inter-model pattern contributions

I next provide a more quantitative interpretation of pattern effects on the relationships between

perturbed and unperturbed feedbacks. Where Figure 5.1 showed ensemble average warming and

cloud feedback patterns, Figure 5.3 shows pattern contributions to inter-model relationships be-

tween unperturbed and perturbed global warming and cloud feedbacks. I define each warming

contribution αi shown in Figure 5.3 (panels A, C–F) as an inter-model regression of a warm-

ing pattern σTi
against the unperturbed standard deviation in global average temperature σT,0, i.e.

αi ≡
∑

k σ
′

Ti
σ′

T,0/
∑

k σ
′2
T,0 (where k indicates the model or institute, primes indicate deviations

from the ensemble mean, and 0 indicates the unperturbed experiment). The global average of

each warming pattern contribution [αi] = α is equivalent to an inter-model regression of perturbed

global warming σT against unperturbed global warming σT,0 (note these averages are subtracted

from the patterns in Figure 5.3). While global inter-model relationships between perturbed warm-

ing and unperturbed temperature variability are weak (r2 . 10%), the pattern relationships can

be regionally significant and an help identify similarities with temperature variability. Similarly,
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Figure 5.3: Local contributions to inter-model spread in global warming and global cloud feedbacks.

The first row indicates inter-model regressions of (A) unperturbed warming patterns onto their global aver-
age and (B) unperturbed cloud feedback patterns onto their global average (see text for details). The second
and third rows indicate inter-model regressions of (C–F) perturbed warming patterns against global aver-
age unperturbed warming and (G–J) perturbed cloud feedback patterns against global average unperturbed
cloud feedbacks for the CMIP generation and perturbation response time indicated along columns. In each
panel, shading indicates inter-model regression coefficients and contours indicate the multi-model average
patterns from Figure 5.1. For the warming pattern panels (A, C–F), the global average regression coefficient
is subtracted.
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Figure 5.4: As in Figure 5.3 but showing local contributions to inter-model spread in global cloud

feedbacks alongside local contributions to the unperturbed global cloud feedback constraints. The first
row shows regressions of cloud feedback patterns against global cloud feedbacks from the CMIP generation
and response period indicated along columns; each panel thus indicates local contributions to the global
cloud feedback spread shown in Figure 4.2. The second row is as in Figure 5.3; each panel indicates local
contributions to the regression coefficients shown in Figure 4.3. Note that panels A and B are identical by
construction.
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I define the feedback pattern contributions βi shown in Figure 5.3 (panels B, G–J) as inter-model

regressions of each feedback pattern λi onto the unperturbed global cloud feedback parameter λ0,

i.e. βi ≡
∑

k λ
′

iλ
′

0/
∑

k λ
′2
0 . The global average of each feedback pattern contribution [βi] = β

is equivalent to an inter-model regression coefficient of λ against λ0 from Figure 4.3. Also note

that the cloud feedback pattern regressions onto unperturbed global cloud feedbacks in Figure 5.3

are qualitatively similar to regressions onto the perturbed global cloud feedbacks themselves (Fig-

ure 5.4) – thus, just as the cloud feedback constraints (Figure 4.3) are influenced by perturbed cloud

feedback spread (Figure 4.2), pattern contributions to cloud feedback constraints are strongly in-

fluenced by pattern contributions to cloud feedback spread.

Across CMIP5 and CMIP6, higher global temperature variability is associated with an ampli-

fication of the El Niño-like East Pacific pattern that drives the variability (Figure 5.3, A; compare

shading and contours). Likewise, models with higher global temperature variability exhibit am-

plified El Niño-like East Pacific warming in the late perturbed response (Figure 5.3, E, F, red

shading). The East Pacific region connected to internal variability is very broad for the CMIP6

ensemble, closely matching the region driving unperturbed global temperature variability, while

it is narrower and weaker for the CMIP5 ensemble (compare A to E and F, Figure 5.3). CMIP6

also exhibits a weak relationship between early perturbed East Pacific warming and unperturbed

variability, while CMIP5 exhibits no such relationship (compare H and G, J and I; Figure 5.3).

The CMIP5 warming pattern connected to internal variability is also characterized by strong hemi-

spheric asymmetry, while the CMIP6 pattern exhibits little hemispheric asymmetry (compare C

and D, E and F, Figure 5.3).

Consistent with its role in guiding global temperature variability, the tropical Pacific domi-

nates inter-model spread in unperturbed global cloud feedbacks (Figure 5.3, B). Likewise, the

predictability of perturbed global cloud feedbacks from unperturbed cloud feedbacks largely de-

rives from tropical Pacific clouds (compare B and G–J; Figure 5.3). The tropical contributions are

stronger in the late response than the early response, especially for CMIP6 (compare H and G, J

and I, Figure 5.3). The predictability of perturbed shortwave and longwave cloud feedbacks is like-
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Figure 5.5: As in Figure 5.3 but for the shortwave and longwave cloud feedbacks. Panel A and the first
row indicate regression coefficients for the shortwave component of the cloud feedback. Panel B and the
second row indicate regression coefficients for the longwave component of the cloud feedback.

wise due to tropical clouds: Constraints on the early response are determined by clouds over the

maritime continent, corresponding to spread in the initial La Niña-like response (Figure 5.5, C, D,

G, H), while constraints on the late response are determined by clouds over the central and eastern

tropical Pacific (plus compensating negative contributions from subtropical clouds), corresponding

to spread in the eventual El Niño-like response (Figure 5.5, E, F, I, J). While the extratropics play

a smaller role on the cloud feedback constraints, the sign of contributions from Southern Ocean

clouds switches from negative to positive between CMIP5 and CMIP6 (compare G and H, I and J;

Figure 5.3).

Overall, the above results demonstrate that tropical clouds dominate both inter-model cloud

feedback spread and perturbed cloud feedback constraints. However, Southern Ocean clouds con-

tribute significantly to the different strengths of the CMIP5 and CMIP6 constraints. This is more

clearly illustrated by zonal averages: the Southern Ocean and tropics contribute comparably to the

increased predictability of the late CMIP6 response, while the Southern Ocean actually dominates

the increased predictability of the early CMIP6 response (Figure 5.6, G). Southern Ocean contri-

butions are also evident for each of the shortwave and longwave components, indicating a role for
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Figure 5.6: As in Figure 5.3 but showing zonal averages and including the shortwave and longwave

cloud feedback. Blue, red, and gray lines indicate inter-model regression coefficients for early perturbed,
late perturbed, and late minus early perturbed feedback patterns (respectively) regressed onto global un-
perturbed feedbacks. The first, second, and third rows indicate regression coefficients for CMIP5 models,
CMIP6 models, and their difference (respectively). The columns indicate the feedback components used for
the inter-model regressions.
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Figure 5.7: Inter-model relationships between perturbed tropical and Southern Ocean feedbacks.

Bars indicate correlation coefficients between full (year 0–150) perturbed climate feedbacks averaged over
1) the tropics (30◦S to 30◦N) and 2) the Southern Ocean (60◦S to 30◦S). Pale and dark colors indicate the
CMIP5 and CMIP6 ensembles, respectively. Thin whiskers (thick whiskers) indicate the 99% (90%) uncer-
tainty ranges according to two-sided student’s t tests. Annotations indicate the percent variance explained
(i.e., squared correlation coefficient r2) for the associated regression models.

both shallow and convective clouds (Figure 5.6, H–I). The role of the Southern Ocean on unper-

turbed feedback constraints may appear surprising, given that extratropical clouds contribute little

to unperturbed global cloud feedbacks (Figure 5.1, B) and the extratropical circulation responses

to El Niño are distinct from the responses to increasing CO2 (Lu et al. 2008). However, rather

than arising from direct connections to tropical variability, the enhanced CMIP6 contributions may

simply arise from strong inter-model correlations with tropical cloud feedbacks that are entirely

absent from CMIP5 (Figure 5.7). This correlation may be related to weaker negative cloud-phase

feedbacks and strengthened positive low-level cloud feedbacks over the Southern Ocean (Lutsko

et al. 2021, Zelinka et al. 2020), which could lead to cloud responses over extratropical oceans

that more closely resemble cloud responses over the tropics. The high correlation is evident for

both response timescales (not shown), consistent with the increased predictability of both early

and late cloud feedbacks in CMIP6 (Figure 4.3). The Southern Ocean contributions could also be

related to two-way teleconnections between the tropics and Southern Ocean in some CMIP6-era

models (Dong et al. 2022, Kim et al. 2022, Luongo et al. 2023). The presence of these teleconnec-
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tions in each CMIP ensemble, their effect on regional cloud feedbacks, and their consistency with

observations requires further investigation.
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Chapter 6

Conclusions and discussion

6.1 Dynamical core model

In the first part of this thesis (Chapter 2), I explored how the forcing-feedback framework can

be adapted for use with idealized general circulation models. I found that the thermal relaxation

coefficient used with dynamical core models (i.e., the relaxation feedback parameter) is analogous

to the local climate feedback parameter, and the inverse average of the thermal relaxation coef-

ficient (i.e., the relaxation sensitivity parameter) is analogous to the reference climate sensitivity

parameter. Correspondingly, the warming response to forcing perturbations is proportional to the

thermal relaxation timescale (Figure 2.1; Figure 3.4, B), and latitude-height patterns of relaxation

coefficients that resemble clear-sky radiative kernels from more complex models lead to similar

latitude-height patterns of warming (Figure 2.2; Figure 3.5, A–C). Dynamical core models are

thus effective tools for studying relationships between climate sensitivity, climate feedbacks, and

the large-scale circulation.

I then used this adapted relaxation feedback framework to identify the first-order effects of

climate feedbacks on the global circulation (Chapter 3). I found that, given the same equilib-

rium temperature and the same spatial pattern of feedbacks, lower relaxation climate sensitivity

(i.e., shorter relaxation timescales) is associated with a more vigorous large-scale circulation (Fig-

ure 3.1), including increased thermal diffusivity and stronger and more poleward storm tracks and

eddy-driven jets (Figure 3.2). Differences in the large-scale circulation under different relaxation

climate sensitivities are effectively characterized by energetic constraints: Lower relaxation cli-

mate sensitivity leads to stronger thermal forcing in the extratropics that must be balanced by

enhanced eddy static energy transport and thus stronger storm tracks in the steady-state average; in

the model, this balance is accomplished by reductions in both baroclinicity and thermal diffusiv-

ity. This suggests that expected increases in equilibrium climate sensitivity under future warming
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scenarios (e.g., Meraner et al. 2013, Senior and Mitchell 2000, Williams et al. 2008) may further

complicate a mechanistic understanding of the circulation response to warming.

I also tested the relaxation feedback framework with a horizontally uniform “global warming”

forcing perturbation (Figure 2.4, C). I found that, given the same equilibrium temperature field and

same spatial pattern of feedbacks, lower relaxation climate sensitivity leads to a largely weaker

large-scale circulation response (Figure 3.5), with less poleward displacement of the storm tracks

and eddy-driven jets (Figure 3.7, C–D). The circulation response disappears if the perturbation ex-

periment is repeated with a spatially uniform relaxation feedback parameter (compare Figures 3.5

and 3.6, D–F; Figures 3.7 and 3.8), suggesting that the circulation response to homogeneous forc-

ing perturbations is dependent on spatial inhomogeneities in the local feedback parameter and the

warming pattern resulting from those inhomogeneities. Notably, under the same latitude-height

pattern of relaxation feedback parameters (Figure 2.4, B), I found that relaxation climate sensi-

tivity has relatively little effect on the magnitude of the storm track intensity response to forcing

perturbations (Figure 3.7, A–B). This is because the eddy energy transport response is constrained

by the energy budget response, which itself is the summation of 1) a constant forcing perturbation

and 2) a mostly constant thermal forcing response arising from local temperature perturbations

that are necessarily proportional to the local feedback parameters (Equation 2.2). The storm track

intensity may thus have simpler constraints than most other aspects of the extratropical circulation.

It is important to emphasize that the latitude-height patterns of relaxation feedback parameters

used in these experiments are highly idealized (Figure 2.2, D). Instead of matching the radiative

feedback parameters from coupled GCMs (Equations A.4 and A.5), I scaled the idealized HS94

relaxation coefficients by constant factors. For greater consistency with more realistic estimates of

the radiative feedback kernel and climate sensitivity parameter (Figure 2.2, C; Figure 2.1, red and

blue lines), an alternative configuration might be obtained by 1) decreasing the depth of the bound-

ary layer, 2) increasing the average thermal relaxation timescale, and 3) increasing the meridional

equilibrium temperature gradient (to compensate for the effect of larger relaxation timescales on

circulation intensity). Nevertheless, the unadjusted HS94 configuration was sufficient to repro-
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duce the typical warming pattern generated by coupled GCMs with impressive fidelity (Figure 3.5,

A–C). This suggests that the HS94 amplified boundary layer relaxation used in nearly all modern

dynamical core model studies is as important to the maintenance of a realistic climate as it is to the

realization of a realistic response to forcing perturbations.

Past dynamical core model studies of the circulation response to global warming have used

localized heating terms to generate the warming patterns associated with spatially dependent cli-

mate feedback mechanisms (e.g., Butler et al. 2010, Lu et al. 2014, Mbengue and Schneider 2013,

Sun et al. 2013). Other studies have tested the effects of clouds on the circulation by prescribing

observational estimates of atmospheric cloud radiative effects into idealized models (Li et al. 2020,

Voigt et al. 2020). But the interpretability of these results is somewhat limited, since the pattern

and magnitude of the real-world warming response is itself determined by the circulation (e.g.,

Davis and Birner 2022, Shaw 2019, Shaw and Tan 2018). I therefore suggest that future stud-

ies use a “relaxation timescale-aware” approach to simulating global warming in dynamical core

models. Relaxation timescales encode a first-order representation of the coupling between entropy-

increasing processes and the atmospheric circulation, rather than the average diabatic heating that

results from that coupling (Shaw 2019, Shaw and Tan 2018). Thus, by using relaxation timescales

to model spatially dependent feedback mechanisms, the dynamics are given freedom to determine

the combined warming patterns and circulation adjustments ultimately generated by forcing per-

turbations. Section 6.3 provides a thorough discussion of possible future research opportunities

with the relaxation feedback framework.

6.2 Coupled models

In the second part of this thesis, I sought to identify the relationships between climate feed-

backs and the global circulation across the CMIP5 (Taylor et al. 2012) and CMIP6 (Eyring et al.

2016) coupled model ensembles. However I first wanted to identify differences in the climate feed-

back definitions themselves across different experiments and perturbation response times. In the

process, I developed emergent constraints on perturbed climate feedbacks based on unperturbed in-
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ternal variability. I found that 1) cloud feedbacks are more closely related to internal, unperturbed

variability in CMIP6 than CMIP5; 2) cloud feedbacks associated with the slow response to increas-

ing CO2 are more closely related to unperturbed variability than the fast, transient response; and

3) the relationship between internal cloud feedbacks and the feedbacks associated with increasing

CO2 is related to their projection onto (ENSO-dominated) internal global temperature variability.

Importantly, constraints based on internal variability depend only on the ability of CMIP mod-

els to simulate a realistic warming pattern and realistic cloud forcing adjustments in response to

suppressed deep water upwelling in the East Pacific cold tongue. This stands in contrast to con-

straints derived from observed global warming (Nijsse et al. 2020, Tokarska et al. 2020a), which

arguably violate a necessary condition for the validity of emergent constraints due to systematic bi-

ases in model-simulated historical warming patterns (Caldwell et al. 2018, Hall et al. 2019, Heede

et al. 2020, Marvel et al. 2018). Since observed and modeled ENSO-driven internal variability

are associated with more positive cloud feedbacks (Bellomo et al. 2014, He et al. 2021, Kolly and

Huang 2018, Middlemas et al. 2019, Rädel et al. 2016), these results suggests that negative or only

weakly positive net cloud feedbacks are difficult to reconcile with amplified East Pacific warming.

This further raises the specter of accelerated future warming if Earth’s Pacific warming pattern

shifts to align better with expectations from simple energy balance models (Figure 1.2; see caption

for details), coupled climate models (Andrews et al. 2015, 2022, Rugenstein et al. 2020), and lines

of paleoclimate evidence (Liu et al. 2019, Sherwood et al. 2020, Tierney et al. 2019, 2020) in the

coming decades to centuries.

For an emergent constraint to be robust or meaningful, we require a verifiable physical mech-

anism that can explain the inter-model relationship (Caldwell et al. 2018, Hall et al. 2019). I

hypothesize that the unperturbed feedback constraints described above can be understood through

the lens of fluctuation-dissipation relation (FDR). The FDR states that the dissipative response of a

physical system to external perturbations is related to the internal fluctuations of that system (Kubo

1966, Leith 1975). The suitability of FDR for a climate model response should depend on both 1)

the allowance of sufficient time for the dissipative response to be realized in the absence of addi-
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tional forcing, and 2) the resemblance of the dissipative response to internal modes of fluctuation.

The pattern contribution results thus bolster this hypothesis (Caldwell et al. 2018): I found that

unperturbed feedback constraints are both 1) more effective for the slow part of the response to

forcing perturbations than the fast, transient response (Figure 5.1), and 2) are largely driven by

inter-model differences in tropical warming and tropical cloud responses rather than extratropical

uncertainty (Figure 5.3).

The cloud feedback constraints described here arise despite vastly different forcings and extra-

tropical circulation responses associated with unperturbed and perturbed global warming (i.e., El

Niño-induced suppressed tropical cold water upwelling and equatorward shifts in the circulation,

versus CO2-induced suppressed outgoing longwave flux at all latitudes and poleward shifts in the

circulation Huang et al. 2016, Lu et al. 2008, Sun et al. 2013, Zhang and Huang 2014). This may

indicate distinct similarities of cloud feedback mechanisms and their sources of uncertainty across

different modes of climate forcing. Since non-cloud feedbacks are closely tied to near-surface

and extratropical processes (i.e., altered lapse rates, reduced polar surface albedo, land warming-

driven relative humidity change; Byrne and O’Gorman 2016, Colman and Soden 2021, Lambert

and Taylor 2014, Sherwood et al. 2010, Thackeray and Fletcher 2016), and since ENSO-driven

variability and greenhouse gas warming are characterized by distinct effects on the surface and in

the extratropics (He et al. 2021, Lu et al. 2008, Po-Chedley et al. 2018, Sun et al. 2013, Trenberth

et al. 2010), internal variability provides very weak constraints (Figure 4.3, far right). By contrast,

since cloud feedbacks are determined more broadly by the tropical and subtropical circulation

adjustments associated with Pacific warming (Bony and Dufresne 2005, Fasullo and Trenberth

2012, Hartmann and Larson 2002, Mackie and Byrne 2022, Schiro et al. 2022), internal variabil-

ity is able to provide much stronger constraints (Figure 4.3, center left). The distinction between

“forcing” and “response” may also become blurred under long-term warming, with the cloud re-

sponses to East Pacific warming under CO2 forcing resembling the cloud adjustments associated

with East Pacific forcing under ENSO-driven variability (Lutsko 2018, Lutsko and Takahashi 2018,

Section 6.3).
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The comparative predictability of cloud feedbacks from internal variability is encouraging for

prospects of further constraining future global warming. Clear-sky feedbacks exhibit lower spread

and are driven by a narrower array of processes that can be more easily dissected by physical theory

and existing model hierarchies (e.g., Colman and Soden 2021, Held and Soden 2000, Ingram 2013,

Jeevanjee et al. 2021a, Rose and Rencurrel 2016, Seeley and Jeevanjee 2021, Zhang et al. 2020),

while cloud feedbacks are driven by a much more complex array of dynamic and energetic pro-

cesses (e.g., Bretherton 2015, Ceppi and Hartmann 2015, Ceppi et al. 2017, Murray et al. 2021,

Myers et al. 2021, Schiro et al. 2022, Scott et al. 2020, Stephens 2005). However, this picture

is complicated by the relatively weak extratropical warming associated with internal variability

combined with the relatively stronger role of Southern Ocean clouds on both inter-model spread

and constraints in CMIP6 (Figure 5.7). More sophisticated constraints on global cloud feedbacks

will depend critically on the realism of Southern Ocean cloud responses in CMIP6 versus CMIP5

(Fiddes et al. 2022, Lutsko et al. 2021, McCoy et al. 2015, Schuddeboom and McDonald 2021,

Tan et al. 2016, Wall et al. 2022b, Zelinka et al. 2020), and may require incorporating regional

processes and other modes of internal variability to better understand non-tropical cloud feedback

spread (Ceppi and Hartmann 2015, Lutsko et al. 2022, McCoy et al. 2020, Wall and Hartmann

2015, Wall et al. 2022a). Future work should seek to build a stronger understanding of teleconnec-

tions between regional cloud responses and their interactions with warming patterns, along with

a stronger theoretical understanding of the relationships between different modes of tropical vari-

ability and simulated responses to forcing. Where possible, both of these tasks may be aided by

model hierarchy approaches (Held 2005, Jeevanjee et al. 2017, Kang et al. 2019, Maher et al.

2019, Medeiros et al. 2015, O’Gorman and Schneider 2008, Russotto and Biasutti 2020).

6.3 Interpretation

Chapter 5 was initially intended to test whether the relationships between prescribed relaxation

feedbacks and the global circulation described in Chapter 3 could help us understand inter-model

spread in more complex models. I started by quantifying climate feedbacks using a traditional,
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surface-relative forcing-feedback framework rather than the relaxation feedback framework from

Chapter 2. Ultimately, the broad differences between traditional climate feedbacks and relaxation

climate feedbacks prevented any more direct comparisons of these results. This was due to a

few key factors. First, while relaxation feedbacks are constant by construction (Figure 2.2), tra-

ditional climate feedbacks vary in their magnitude and spatial patterns depending on the CMIP

generation, perturbation response time, and whether the response is driven by internal variability

or external forcing perturbations (Section 4.1; Figure 4.2). Second, due to the remote physical

connection between surface temperature and top-of-atmosphere radiation, traditional climate feed-

backs are subject to complex, two-way interactions with the circulation that are absent from the

relaxation feedback framework (e.g., Feldl and Roe 2013b, Grise and Kelleher 2021, Grise et al.

2019, Williams et al. 2023). Finally, traditional feedbacks exhibit highly regional sources of feed-

back uncertainty, with amplified inter-model spread over the tropics and (in CMIP6) the Southern

Ocean (Figure 5.1, contours), while experiments with scaled relaxation timescales result in more

homogeneous feedback changes (Figure 2.2, D).

Overall, the substantial uncertainty associated with traditional climate feedbacks, combined

with the diverse array of processes responsible for establishing these feedbacks (see Section 4.1),

renders the interpretation of pattern effects and inter-model relationships difficult (Feldl and Roe

2013b, Kajtar et al. 2021, Stevens et al. 2016, Williams et al. 2023). This encourages us to seek

novel, alternative frameworks that 1) explicitly account for patterns and circulation adjustments

in the response, and 2) are largely robust to different forcings and constant in time. An early at-

tempt at such a framework used a simple variant of the traditional feedback based on local surface

temperature rather than global temperature (Armour et al. 2012, Boer and Yu 2003a,b, Feldl and

Roe 2013a). According to this framework, the time-dependence of the global feedback parameter

could be captured by the product of constant local feedbacks with time-varying warming patterns.

However, subsequent work found that these feedbacks are just as non-robust as feedbacks based

on global temperature (Andrews et al. 2015, Hedemann et al. 2022, Po-Chedley et al. 2018), but

without the convenient role of the latter as a spatial decomposition of the global feedback parame-
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ter (see Section 5.2). A more recent, promising framework is the Green’s function approach, under

which global, circulation-adjusted radiative responses to local temperature changes are estimated

from successive simulations with perturbed-sea surface temperature “patches” in atmosphere-only

GCMs (Bloch-Johnson et al. 2020, 2023, Dong et al. 2019, Zhou et al. 2017). Others have de-

composed the response to forcing patterns instead of warming patterns: Some have estimated the

warming and circulation responses to prescribed patches or bands with anomalous ocean heat up-

take (Liu et al. 2018a,b, Rose et al. 2014, Rugenstein et al. 2016a), while others have estimated the

responses to bands with prescribed CO2 increases (Shaw and Tan 2018, Stuecker et al. 2018) or

prescribed diabatic heating (Baker et al. 2017, Kang and Xie 2014).

The relaxation feedback framework may be an appealing alternative. Instead of linearizing the

circulation adjustments into our spatial forcing and feedback definitions (as with Green’s functions

and ocean heat uptake patterns), relaxation feedbacks take the opposite approach of entirely sepa-

rating circulation adjustments from the concept of the “climate feedback” by using local, linearized

sensitivity to local changes in temperature, humidity, and clouds (see Appendix A.2). For example,

under the relaxation feedback framework, positive polar lapse rate feedbacks and negative tropi-

cal lapse rate feedbacks arise from interactions between a freely-evolving circulation and a fixed

feedback pattern (Figure 3.5). The core assumptions of this approach are that 1) relaxation feed-

backs estimated from complex models are more linear and less sensitive to forcing and circulation

differences than traditional feedbacks, and 2) relaxation feedbacks can successfully reproduce the

large-scale responses to forcing perturbations from more complex models. While I have yet to

explicitly test the first assumption, Chapter 2 and the close analogy between relaxation feedbacks

and radiative kernels are encouraging. Radiative kernels are known to be more robust than tradi-

tional feedbacks themselves (hence the term “kernels”), and tend to produce similar breakdowns

of traditional climate feedbacks when applied to different model data (see Section 4.1; Soden et al.

2008, Zelinka et al. 2020). Likewise, Chapter 3 is encouraging for the second assumption, since the

resemblance of the Held and Suarez (1994) latitude-height relaxation feedback field to clear-sky

radiative kernels (Figure 2.2) was sufficient to reproduce the canonical latitude-height warming
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response to a forcing perturbation (Figure 3.5). Notably, Henry and Merlis (2019) also found that

linearizing the Planck response to increasing optical depth in a gray radiation model (Frierson

et al. 2006, 2007) results in similar warming patterns compared to non-linear radiation.

6.4 Reconciling the frameworks

While the relaxation feedback framework seems promising, there are important gaps between

traditional and relaxation feedbacks that must be bridged before we can use the framework to ad-

dress more complex problems. First, the role of surface-atmosphere energetic exchange in guiding

the response to forcing is difficult to interpret in the context of relaxation feedbacks. The real world

responds to increased CO2 through the combined effects of reduced radiative cooling in the tropo-

sphere and net radiative heating at the surface (Huang et al. 2016, 2017, Jeevanjee et al. 2021b,

Zhang and Huang 2014). The surface heating is subsequently communicated to the atmosphere

via turbulent sensible and latent heat fluxes and radiative exchange with the atmosphere, combined

with increased emission to space through the atmospheric window (e.g., Hartmann 2015, Petty

2006). While this surface pathway accounts for only a part of the longwave feedback, it accounts

for a large majority of the shortwave cloud and surface albedo feedbacks, since the atmosphere is

largely transparent to shortwave radiation. This is critical, since modeled responses to increasing

CO2 are driven substantially (or possibly even entirely) by shortwave energy accumulation rather

than longwave accumulation (Donohoe et al. 2014, Trenberth and Fasullo 2009).

There may be several paths forward for reconciling surface-atmosphere interactions with the

relaxation feedback framework. Most simply, if we base our relaxation feedbacks around top-

of-atmosphere (TOA) radiative responses rather than net atmospheric (i.e., TOA minus surface)

radiative responses, this may implicitly encode the missing surface-atmosphere interactions. As

described in Chapter 2, it is possible that the amplified near-surface radiative kernels inferred from

observations and assigned to the Held and Suarez (1994) configuration already reflect these miss-

ing interactions (Figure 2.2). More realistically, we might explicitly resolve surface-atmosphere

exchange within the relaxation feedback framework by 1) coupling the atmosphere with an ideal-
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ized surface that interacts with the atmosphere through turbulent heat flux parameterizations, then

2) encoding relaxation feedbacks based on both surface and top-of-atmosphere radiative responses

rather than just top-of-atmosphere responses (Huang and Zhang 2014, Huang et al. 2016, 2017).

This could also be done in a model with an explicit hydrological cycle and an ocean surface instead

of a dry model (see Section 6.5).

Second, relaxation feedbacks seem to blur some of the traditional distinctions between climate

forcings and feedbacks. The radiative forcing is typically defined as the summation of 1) a direct

radiative imbalance due to some forcing agent (e.g., CO2) and 2) an indirect radiative imbalance

due to rapid surface and atmospheric adjustments (e.g., Hansen et al. 1997, Sherwood et al. 2015).

The adjustments reflect thermodynamic and circulation changes that occur in the absence of sig-

nificant ocean surface warming; they include stratospheric cooling, tropospheric warming, land

surface warming, wind and cloud changes, and even ocean surface warming patterns (Andrews

and Forster 2008, Colman and McAvaney 2011, Gregory and Webb 2008, Hansen et al. 1997,

Rugenstein et al. 2016b, Sherwood et al. 2015, Wang and Huang 2019). By contrast, under the

relaxation feedback framework, forcing adjustments are encoded into the “feedback” part of the

climate response – tropospheric temperature simply takes on the same conceptual role as ocean

surface temperature in driving the response (Equation 2.2). Thus, the forcing term in the relax-

ation feedback framework reflects only the direct radiative effects of forcing agents rather than the

indirect effects of rapid adjustments by the surface and atmosphere.

I argue that this blurring between feedbacks and forcing adjustments may be an advantage

rather than a deficiency of the relaxation feedback framework. Since the traditional framework

was adopted, it has required assigning an increasingly diverse array of dynamic and thermody-

namic processes into the “adjustment” category (e.g., Hartmann 2015, Sherwood et al. 2015).

Rather than characterizing distinct processes, the adjustments establish the canonical warming pat-

terns and circulation changes typically associated with global warming (i.e., polar amplification,

moist adiabatic adjustment, poleward shifts in the circulation, and related cloud changes; Grise and

Polvani 2014, 2016, Rugenstein et al. 2016b, Wang and Huang 2019, Xia and Huang 2017). Thus,
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under the traditional framework, feedbacks are unable to uniquely account for either the pattern

of the response or the warming and circulation changes that best characterize the response. The

premise of top-of-atmosphere forcing also breaks down under internal variability, since energetic

exchanges within the atmosphere and between the surface are more relevant to internal variability

than the TOA energy budget (Lutsko 2018, Lutsko and Takahashi 2018, Olonscheck and Rugenstein

2023, Trenberth et al. 2010). By contrast, since relaxation forcings and feedbacks are vertically

resolved, they should be able to characterize both unperturbed variability and perturbed responses.

6.5 Future work

The surface-driven perspective of climate change expressed by traditional climate feedbacks is

an obvious first choice for linearizing the response to increasing greenhouse gases (Hansen et al.

1985, Roe 2009, Rugenstein and Armour 2021). Much of the response does seem to be driven

by the surface, given the large thermal inertia of the ocean and the importance of surface emis-

sion through the atmospheric window for balancing radiative forcing. Moreover, this perspective

is more clearly relevant for human impacts, easier to observationally constrain and describe with

energy balance models, and has led to substantial advances in our understanding of global warm-

ing. However, as climate research has matured, important deficits of this formulation have become

clear. I argue an atmosphere-driven perspective of climate change expressed by relaxation feed-

backs may serve as a useful companion to the traditional framework. Under atmosphere-driven

climate change, climate feedbacks and forcing adjustments are combined, and the ocean simply

serves as a reservoir of thermal inertia that extends the timescale and modulates the time-evolving

patterns of the response. This is more consistent with the ability of rapid forcing adjustments to

establish the primary signals of the response, and more cleanly partitions the dynamic and thermo-

dynamic adjustments associated with the response. Further, surface-relative feedbacks can be de-

rived a posteriori from model experiments employing prescribed relaxation feedbacks (Figure 3.4)

– thus, they are still compatible with the traditional framework, and may even help us better under-

stand uncertainties in both traditional climate feedbacks and the surface climate sensitivity.
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In addition to its physical advantages, the relaxation feedback framework offers promising op-

portunities for developing model hierarchies compatible with a linear, forcing-feedback perspective

of climate change. This could help fill gaps in the hierarchy commonly used by forcing-feedback

studies (Jeevanjee et al. 2017, Maher et al. 2019), which mainly consists of 1) highly idealized

energy balance models and climate model emulators, with no explicit dynamics or cloud effects

(e.g., Castruccio et al. 2014, Geoffroy et al. 2013b, Hasselmann 1976, Held et al. 2010, North et al.

1981), and 2) highly complex coupled models that explicitly simulate both dynamics and cloud ef-

fects (e.g., Eyring et al. 2016, Murphy et al. 2004, Palmer and Stevens 2019, Roe and Baker 2007,

Taylor et al. 2012). As discussed in Appendix A.2, we might encode moisture and cloud responses

within relaxation feedbacks by adding the linear component of their dependence on air tempera-

ture (or by adding parsimonious non-linear terms to the relaxation feedback expression). We might

also use relaxation feedbacks with a moist model instead of a dry dynamical core, along with 1)

an explicit hydrological cycle, 2) a slab or fully-dynamic ocean, and 3) possibly a humidity depen-

dence term added to the relaxation feedback expression. Such a model could be run with either

realistic topography or as a zonally-symmetric aquaplanet, and could be constructed from existing

idealized modeling frameworks (Monteiro et al. 2018, Rose 2018, Thatcher and Jablonowski 2016,

Vallis et al. 2018). Another option that could serve as a more advanced hierarchy member might

be to impose spectrally-derived analytic expressions for atmospheric cooling as a function of tem-

perature and humidity (Jeevanjee and Fueglistaler 2020a,b); the clear-sky relaxation feedbacks

associated with such a model could then be derived from the analytic expressions (e.g., Jeevanjee

et al. 2021a, McKim et al. 2021, Zhang et al. 2020).

As a possible first step, we could use this new hierarchy to assess the effects of model dif-

ferences in local cloud feedbacks on time-evolving surface warming patterns and circulation re-

sponses. This could be done by replacing the forcing perturbation H (Equation 2.4) with coupled

model estimates of the horizontally and vertically resolved CO2 forcing, then matching the relax-

ation feedbacks λτ to coupled model estimates of the spatially resolved feedbacks into one of our

idealized model configurations. The coupled model feedbacks might be estimated using a variety
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of techniques, including 1) simple linear regression of radiative flux divergence against temperature

(and optionally, humidity) for a given model layer, using either pre-industrial or abrupt 4×CO2 ex-

periments; 2) multiple linear regression of top-of-atmosphere or surface radiation against the verti-

cal distribution of temperature (and optionally, humidity) in a time-evolving atmospheric column;

or 3) by combining traditional radiative kernels (Soden and Held 2006, Soden et al. 2008) with

binned cloud-type radiative kernels (Kramer et al. 2019, Zelinka et al. 2012, 2016) and translating

the cloud-type kernels into physical space according to the cloud properties of individual models.

Radiative cooling and heating might then be simulated by 1) pairing the feedbacks with an ide-

alized or model-derived equilibrium temperature field T e (see Chapter 2), or 2) adding constant

radiative effects obtained from individual model climatologies to a feedback-determined devia-

tion from that climatology (calculated from the product of the feedbacks with model-simulated

temperature and humidity anomalies). I hope to further explore these possibilities in future work.
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Appendix A

Forcing-feedback metrics

A.1 Global feedback parameters

Chapter 2 establishes the close analogy between the thermal relaxation coefficient τ−1 and the

local climate feedback parameter λ. Using a procedure similar to Armour et al. (2012), we can

also average Equation 2.2 to obtain dynamical core-friendly expressions for the “effective” global

feedback parameter and global climate sensitivity.

First, suppose we define the full-atmosphere climate sensitivity 〈∆T 〉 as the temperature re-

sponse averaged over the entire atmosphere (where the single overbar denotes a horizontal average

and the single angle brackets denote a vertical average). An expression for 〈∆T 〉 can be obtained

by taking the horizontal average vertical integral of Equation 2.2 (where the double angle brackets

denote a vertical integral):

〈〈
−
C

τ
∆T

〉〉
= 〈〈λτ∆T 〉〉 = λ̂τ 〈∆T 〉 = 〈〈∆Q〉〉 = 〈〈∆N〉〉 − 〈〈H〉〉 (A.1)

In the context of the full-atmosphere response, the relaxation feedback parameter

λτ ≡ −C/τ represents the local climate feedback parameter and the response-weighted average

λ̂τ ≡ 〈〈λτ∆T 〉〉 / 〈∆T 〉 represents the effective global feedback parameter. The global average

vertical integral of the forcing perturbation H is analogous to the global average of the top-of-

atmosphere radiative forcing perturbation from Equation 1.1.

Second, suppose we define the level-i climate sensitivity ∆T i as the global average temperature

response at level i – say, the 1000 hPa pressure level. An expression for ∆T i can be obtained by

regrouping the terms used to define the local feedback parameter in Equation A.1 in an effort to

linearize the response around the temperature of level i:
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〈〈λτ∆T 〉〉

∆Ti

∆Ti = λiτ∆Ti = λ̂iτ ∆T i = 〈〈∆Q〉〉 = 〈〈∆N〉〉 − 〈〈H〉〉 (A.2)

In the context of the level-i response, the scaled relaxation feedback parameter

λiτ ≡ 〈〈λτ∆T 〉〉 /∆Ti represents the local climate feedback parameter and the response-weighted

average λ̂iτ ≡ λiτ∆Ti /∆T i represents the effective global feedback parameter. This effective

global feedback parameter is similar to λ̂τ (Equation A.1), except the associated local feedback

parameter is weighted by the temperature response from a single level rather than all levels –

analogous to a weighting by the surface temperature response ∆Ts.

Equations A.1 and A.2 represent dynamical core-equivalents of a global climate feedback anal-

ysis under spatially dependent feedbacks (e.g., Armour et al. 2012, Boer and Yu 2003a,b, Dong

et al. 2019, Feldl and Roe 2013a, Zhou et al. 2017). They express the climate sensitivity in terms

of the spatial pattern of the local feedbacks, the spatial pattern of the temperature response, and the

global average of the forcing perturbation.

A.2 Radiative feedback kernels

In more complex models, the local climate feedback parameter λ is often broken down into

the sum of component feedback parameters. These are the separate radiative responses to changes

in air temperature, specific humidity, cloud properties, surface temperature, and surface albedo

associated with the full response of the climate system to forcing perturbations (e.g., Hansen et al.

1985). Each component feedback parameter can be estimated as the product of a so-called radia-

tive feedback kernel and a climate response term (Soden and Held 2006, Soden et al. 2008). For

example, the component feedback parameter λT associated with changes in air temperature can be

expressed as follows:

λT =

〈〈
∂R

∂T

∆T

∆Ts

〉〉
=

〈〈
KT

∆T

∆Ts

〉〉
(A.3)
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where R is the top-of-atmosphere radiative flux, T is the air temperature, Ts is the surface temper-

ature, and KT ≡ ∂R/∂T is the air temperature radiative kernel. A comparison of λT from Equa-

tion A.3 with λiτ from Equation A.2 reveals that the relaxation feedback parameter λτ ≡ −C/τ is

analogous to the air temperature radiative kernel KT , with the level-i response ∆Ti standing in for

the surface response ∆Ts. This also follows from the analogy between the dynamical core ther-

mal forcing response ∆Q = λτ∆T (Equation 2.2) and the top-of-atmosphere radiative response

∆R (Equation 1.1), which itself implies that the partial derivative ∂Q/∂T = λτ is analogous to

∂R/∂T = KT .

Similar to Equation A.3, if the remaining thermodynamic properties can be expressed as a

function of air temperature, then the local feedback parameter λ can be expressed in terms of a net

radiative feedback kernel K:

λ =

〈〈
dR

dT

∆T

∆Ts

〉〉
=

〈〈
K

∆T

∆Ts

〉〉
(A.4)

where K ≡ dR/dT is the total derivative of the radiative response with respect to air tempera-

ture (i.e., including attendant changes to e.g. moisture). Again comparing λ from Equation A.4

with λiτ from Equation A.2 and noting the analogy between dQ/dT = λτ and dR/dT = KT

(Equation 2.1), λτ also appears to be analogous to the net radiative kernel K.

Equation A.4 suggests that a variety of climate feedbacks might be “encoded” in a dynamical

core model by appropriately scaling λτ . For example, consider the clear-sky radiative response to

a forcing perturbation driven by changes to air temperature and specific humidity. If we suppose

that specific humidity q always responds to changes in air temperature T according to the Clausius-

Clapeyron relation (i.e., the relative humidity is fixed; e.g., Held and Soden 2006), then an estimate

for the combined temperature-specific humidity feedback parameter can be obtained as follows:

λT,q =

〈〈
KT

∆T

∆Ts

+Kq

∆q

∆Ts

〉〉
≈

〈〈
KT

∆T

∆Ts

+Kq

∂q

∂T

∆T

∆Ts

〉〉
=

〈〈
KT,q

∆T

∆Ts

〉〉
(A.5)
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where KT is the temperature radiative kernel, Kq is the specific humidity radiative kernel, KT,q ≡

KT +Kq ∂q/∂T is the combined temperature-specific humidity radiative kernel, and ∂q/∂T rep-

resents the Clausius-Clapeyron scaling. If the latitude-height structure of the relaxation feedback

parameter λτ resembles the radiative kernel KT,q, the climate feedback due to water vapor might

be thought of as “encoded” in the dry model. Figure 2.2 compares the spatial pattern of λτ under

the HS94 configuration of a dynamical core model against the radiative kernel KT,q estimated from

a reanalysis data set.

A.3 Relaxation climate sensitivity

In more complex models, the global feedback parameter associated with changes in air tem-

perature is often broken down into two components: 1) a so-called Planck feedback parameter

λP, associated with the isothermal component of the full temperature response; and 2) a lapse rate

feedback parameter λL, associated with deviations from the isothermal response (e.g., Hartmann

2015). The climate sensitivity ∆T per unit radiative forcing H associated with the isothermal

response is generally called the reference climate sensitivity parameter, equivalent to s0 = −1/λP.

In a dynamical core model, s0 can be obtained analytically by solving Equations A.1 and A.2

for s0 = ∆T / 〈〈H〉〉 under the assumption of an isothermal response and an energy imbalance of

zero (note the same result is obtained using either Equation A.1 or Equation A.2). I call this the

relaxation climate sensitivity parameter sτ , defined as follows:

λ̂τ ≈ 〈〈λτ 〉〉 = −

〈〈
C

τ

〉〉
= −

C0

τ0

sτ = −
1

〈〈λτ 〉〉
=

τ0
C0

(A.6)

where τ0 ≡ 1/ 〈1/τ〉 is the reference thermal relaxation timescale, C0 ≡ 〈〈C〉〉 is the heat capacity

of the full atmospheric column in Jm−2 K−1, and the approximation on the first line invokes the

isothermal assumption (see Equation A.1). Figures 3.1–3.3 use τ0 and sτ to characterize the climate

sensitivity of each model configuration.
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Likewise, I call the temperature response ∆T implied by the relaxation sensitivity parameter

sτ due to the forcing perturbation H the relaxation climate sensitivity ∆Tτ , defined as follows:

∆Tτ = −
〈〈H〉〉

〈〈λτ 〉〉
= 〈〈H〉〉

τ0
C0

(A.7)

The relaxation climate sensitivity represents the climate sensitivity of a dynamical core model un-

der the assumption of an isothermal warming response (or spatially uniform feedback parameters;

see Equation A.1). Figure 3.4 compares the relaxation climate sensitivity ∆Tτ against empirical

measures of the climate sensitivity ∆T obtained from the dynamical core model simulations.

We can estimate the most physically realistic relaxation sensitivity parameter ŝτ for a given

dynamical core model configuration using the physics of the Planck feedback parameter λP. Under

the HS94 configuration (see Appendix A.4), the average temperature over the entire atmosphere is

around 〈T 〉 ≈ 250K – similar to the global average Earth emission temperature of T e ≈ 255K. If

we use 〈T 〉 as a stand-in for the emission temperature T e, then our realistic relaxation sensitivity

parameter is derived from the Stefan-Boltzmann Law as follows (e.g., Hartmann 2015):

ŝτ = −
1

λP

=



∂
(
σT

4

e

)

∂T e




−1

=
(
4σT

3

e

)
−1

≈ 0.28K /Wm−2 (A.8)

where σ is the Stefan-Boltzmann constant. Figure 2.1 compares the relaxation sensitivity parame-

ter sτ from an HS94 simulation of the dynamical core model against the realistic relaxation sensi-

tivity parameter ŝτ and a radiative kernel-derived coupled climate model estimate of the reference

sensitivity parameter s0 (Soden et al. 2008, Zelinka et al. 2020).

A.4 Model description

For the idealized model experiments described in Chapter 3, I used the spectral dynamical core

model from the Geophysical Fluid Dynamics Laboratory (GFDL). I ran the model with a spherical

harmonic truncation level of 85 and with 60 vertical hybrid levels spaced according to the European
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Center for Medium-Range Weather Forecasts (ECMWF) “L60” specification (used by ECMWF to

generate the ERA-Interim reanalysis product; Dee et al. 2011).

For each simulation, I used a simple variant of the standard HS94 model configuration. Under

HS94, the thermal relaxation rate Q = −C(T − T e)/τ is evaluated using the following analytic

expressions for the equilibrium temperature T e and the thermal relaxation timescale τ (shown in

Figure 2.4, A–B):

T e = max

{
T e
min,

(
T

e

s +∆e
h

(
1

3
− sin2 φ

)
−∆e

v cos
2 φ log

(
p

p0

))(
p

p0

)κ}
(A.9)

1

τ
=

1

τmax

+

(
1

τmin

−
1

τmax

)
max

{
0,

σ − σb

1− σb

}
cos4(φ) (A.10)

Above, φ is latitude, p is pressure, and σ ≡ p/ps is the sigma height coordinate, where ps is

the instantaneous surface pressure; σb = 0.7 is the sigma coordinate representing the top of the

boundary layer; τmax = 40 days is the maximum thermal relaxation timescale, realized everywhere

above σb; τmin = 4 days is the minimum thermal relaxation timescale, realized at the surface on

the equator; T e
min = 200K is the isothermal stratospheric equilibrium temperature; T

e

s = 300K

is the global average surface equilibrium temperature; ∆e
h = 60K is the equator-pole equilibrium

temperature difference at the surface; ∆e
v = 10K controls the magnitude of the equilibrium static

stability in the tropics; p0 ≡ 105 Pa is the reference pressure; and κ ≡ Rd/cp is the Poisson

constant, where Rd is the dry air gas constant and cp is the specific heat at constant pressure.

I ran each simulation for either 5500 days or 7500 days, with the first 500 days discarded to

account for model spin-up. I compiled climatological averages from the remaining days. Since

every forcing configuration was hemispherically symmetric, I used northern-southern hemisphere

averages of the climatological averages to increase the effective sample size. For most of the

simulations, I initialized the model with “cold starts” by imposing randomized small-amplitude

vorticity perturbations on an isothermal initial state. However, the spin-up time for cold starts

was often longer than 500 days for simulations with long thermal relaxation timescales and small

meridional equilibrium temperature gradients. Therefore, I used “warm starts” for configurations
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with τmax > 40 days or ∆e
h < 60K (their HS94 values). A “warm start” consisted of initializing

the model with the final state of the preceding simulation in the same experiment. For example, I

began the τmax = 100 day simulation with the final timestep from the τmax = 40 day simulation,

the τmax = 200 day simulation with the final timestep from the τmax = 100 day simulation,

etc. This considerably reduced the spin-up period as diagnosed from time series of extratropical

circulation metrics (not shown). The resulting steady-state climates were also no different from

climates obtained with cold start initializations – the same steady-state solutions were just obtained

more quickly. The simulations that required warm starts were also subject to long timescales

of extratropical circulation variability. Therefore, to better resolve the steady-state responses to

forcing perturbations, I ran the unperturbed and perturbed simulations with τmax > 40 days for an

extra 2000 days (7500 days instead of 5500 days).
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Appendix B

Coupled models

B.1 Forcing-feedback metrics

For the results shown in Chapters 4 and 5, I used 59 models from CMIP6 and 30 models from

CMIP5 (see Tables B.1 and B.2 for the full lists). To characterize the forcing-feedback behavior of

each model, I used the first ensemble member from its pre-industrial experiment and the first en-

semble member from its abrupt 4×CO2 experiment (these were typically r1i1p1f1 for CMIP6 and

r1i1p1 for CMIP5; see Tables B.1 and B.2). The pre-industrial experiments used constant radiative

forcing agents representative of the period prior to the industrial revolution (Eyring et al. 2016,

Taylor et al. 2012); I call the feedbacks estimated from these experiments unperturbed climate

feedbacks. The abrupt 4×CO2 experiments were initialized from year zero of the pre-industrial

experiments with a constant, uniformly quadrupled CO2 perturbation; I call the feedbacks esti-

mated from these experiments perturbed climate feedbacks. To separately characterize the fast and

slow components of the quadrupled CO2 response, I further divided the corresponding 150-year

experiment results into separate early (years 0–20) and late (years 20–150) periods (following An-

drews et al. 2015, Geoffroy et al. 2013a, Held et al. 2010). I calculated each climate term and

each feedback term using monthly-averages from the relevant experiment mapped onto a standard

5◦×5◦ longitude-latitude grid using an area-conservative weighting scheme (Hanke et al. 2016).

I estimated unperturbed, early perturbed, and late perturbed climate feedbacks from each time

series using the Gregory regression method (Gregory et al. 2004). This consisted of linearly re-

gressing annual anomalies in top-of-atmosphere radiative flux R against anomalies in surface tem-

perature T , with anomalies always taken relative to the monthly 150-year pre-industrial climatol-

ogy. The resulting least-squares regression coefficients represent estimates of the global climate

feedback parameter and can be written λ ≡
∑

t R
′T ′/

∑
t T

′2, where t indicates time and primes

indicate deviations from the average anomaly (Gregory et al. 2004). The x- and y-intercepts of
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Table B.1: The CMIP6 models used in this thesis. Institute indicates the standard or abbreviated
institute_id for each modeling center. Loc. indicates the ISO-3166-1 country or location code of
the center (e.g., AU for Australia, CN for China, FR for France). Num. indicates the number of models
used from the center. Model(s) lists the individual models selected from each center. Member(s) lists the
“flagship” ensemble members selected from each pre-industrial and abrupt 4×CO2 experiment (generally
matching the ensemble members used in Zelinka et al. 2020). Note that parentheses indicate two distinct
ensemble member identifiers selected from the pre-industrial ensemble and its branching abrupt 4×CO2

ensemble(s). Where there are no parentheses, the same identifier was selected from both ensembles. I used
the parent_variant_label metadata to ensure that the selected abrupt 4×CO2 ensemble members
were always branched directly from the selected pre-industrial ensemble members.

Institute Loc. Num. Model(s) Member(s)

AS TW 1 TaiESM1 r1i1p1f1

AWI DE 1 AWI-CM-1-1-MR r1i1p1f1

BCC CN 2 BCC-ESM1 r1i1pf11
BCC-CSM2-MR r1i1p1f1

CAMS CN 1 CAMS-CSM1-0 r1i1p1f1

CAS CN 3 CAS-ESM2-0 r1i1p1f1
FGOALS-g3 r1i1p1f1
FGOALS-f3-L r1i1p1f1

CCCma CA 2 CanESM5-1 r1i1p1f1
CanESM5 r1i1p1f1

CMCC IT 2 CMCC-ESM2 r1i1p1f1
CMCC-CM2-SR5 r1i1p1f1

CNRM FR 3 CNRM-ESM2-1 r1i1p1f2
CNRM-CM6-1-HR r1i1p1f2
CNRM-CM6-1 r1i1p1f2

CSIRO AU 2 ACCESS-ESM1-5 r1i1p1f1
ACCESS-CM2 r1i1p1f1

E3SM US 2 E3SM-2-0 r1i1p1f1
E3SM-1-0 r1i1p1f1

EC-Earth EU 5 EC-Earth3 r(1,8)i1p1f1
EC-Earth3-AerChem r1i1p1f1
EC-Earth3-CC r1i1p1f1
EC-Earth3-Veg-LR r1i1p1f1
EC-Earth3-Veg r1i1p1f1

GFDL US 2 GFDL-ESM4 r1i1p1f1
GFDL-CM4 r1i1p1f1

GISS US 4 GISS-E2-2-H r1i1p1f1
GISS-E2-2-G r1i1p1f1
GISS-E2-1-H r1i1p1f1
GISS-E2-1-G r1i1p1f1

Institute Loc. Num. Model(s) Member(s)

IITM IN 1 IITM-ESM r1i1p1f1

INM RU 2 INM-CM5-0 r1i1p1f1
INM-CM4-8 r1i1p1f1

IPSL FR 2 IPSL-CM5A2-INCA r1i1p1f1
IPSL-CM6A-LR r1i1p1f1

KIOST KR 1 KIOST-ESM r1i1p1f1

KMA KR 1 KACE-1-0-G r1i1p1f1

MIROC JP 3 MIROC-ES2H r1i1p4f2
MIROC-ES2L r1i1p1f2
MIROC6 r1i1p1f1

MOHC UK 4 UKESM1-1-LL r1i1p1f2
UKESM1-0-LL r1i1p1f2
HadGEM3-GC31-MM r1i1p1f(1,3)
HadGEM3-GC31-LL r1i1p1f(1,3)

MPI DE 4 MPI-ESM1-2-HR r1i1p1f1
MPI-ESM1-2-LR r1i1p1f1
MPI-ESM-1-2-HAM r1i1p1f1
ICON-ESM-LR r1i1p1f1

MRI JP 1 MRI-ESM2-0 r1i1p1f1

NCAR US 4 CESM2-WACCM r1i1p1f1
CESM2-WACCM-FV2 r1i1p1f1
CESM2 r1i1p1f1
CESM2-FV2 r1i1p1f1

NCC NO 3 NorESM2-MM r1i1p1f1
NorESM2-LM r1i1p1f1
NorCPM1 r1i1p1f1

NUIST CN 1 NESM3 r1i1p1f1

SNU KR 1 SAM0-UNICON r1i1p1f1

THU CN 1 CIESM r1i1p1f1
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Table B.2: The CMIP5 models used in this thesis. See Table B.1 for details.

Institute Loc. Num. Model(s) Member(s)

BCC CN 2 bcc-csm1-1-m r1i1p1
bcc-csm1-1 r1i1p1

BNU CN 1 BNU-ESM r1i1p1

CAS CN 2 FGOALS-g2 r1i1p1
FGOALS-s2 r1i1p1

CCCma CA 1 CanESM2 r1i1p1

CNRM FR 1 CNRM-CM5-2 r1i1p1
CNRM-CM5 r1i1p1

CSIRO AU 3 ACCESS1-3 r1i1p1
ACCESS1-0 r1i1p1
CSIRO-Mk3-6-0 r1i1p1

GFDL US 3 GFDL-ESM2M r1i1p1
GFDL-ESM2G r1i1p1
GFDL-CM3 r1i1p1

GISS US 2 GISS-E2-H r1i1p1
GISS-E2-R r1i1p1

INM RU 1 inmcm4 r1i1p1

IPSL FR 3 IPSL-CM5A-MR r1i1p1
IPSL-CM5A-LR r1i1p1
IPSL-CM5B-LR r1i1p1

MIROC JP 2 MIROC-ESM r1i1p1
MIROC5 r1i1p1

MOHC UK 1 HadGEM2-ES r1i1p1

MPI DE 3 MPI-ESM-MR r1i1p1
MPI-ESM-LR r1i1p1
MPI-ESM-P r1i1p1

MRI JP 1 MRI-CGCM3 r1i1p1

NCAR US 1 CCSM4 r1i1p1

NCC NO 2 NorESM1-M r1i1p1
NorESM1-ME r1i1p1
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each Gregory regression provide estimates of the climate sensitivity and radiative forcing pertur-

bation. The quadrupled-CO2 regression results for each model and institute-average are shown in

Figures B.1 and B.2. The results are very similar to another recent multi-model analysis (Zelinka

et al. (2020); Figure B.3).

I used the radiative kernel technique to break down each climate feedback parameter into sep-

arate process-level components (Held and Shell 2012, Shell et al. 2008, Soden and Held 2006,

Soden et al. 2008). I started by interpolating a set of reanalysis-based surface temperature, air tem-

perature, specific humidity, and surface albedo kernels (Huang et al. 2017) onto the 5◦×5◦ grid and

pressure levels I used for the CMIP data. Then, for each experiment, I estimated the time-evolving

radiative response to anomalous surface and atmosphere conditions from the products of the ker-

nels with their corresponding, time-evolving state variables (note that the specific humidity kernels

were scaled logarithmically; Soden and Held 2006, Soden et al. 2008). For the air temperature and

specific humidity responses, I weighted the kernel products by pressure level thickness and verti-

cally integrated to a monthly-varying tropopause (defined as the pressure level of the −2 K / km

lapse rate estimated from linear interpolation across pseudoheights; Reichler et al. 2003). Finally,

I used Gregory regressions with combinations of the annual-average model-simulated fluxes and

kernel-derived fluxes to estimate the feedback components (Soden and Held 2006, Soden et al.

2008). For the cloud feedbacks, I used the model-simulated shortwave and longwave cloud radia-

tive effects adjusted by the time-evolving shortwave and longwave cloud masking implied by the

kernels (Soden et al. 2008). For the non-cloud feedbacks, I used the residual of the net feedback

and the cloud feedback.

Figure B.3 compares the quadrupled-CO2 Gregory regression computed for this thesis (y-axis)

to the results from Zelinka et al., 2020 (x-axis). As we used the same general methodology (Zelinka

et al. 2020) and the same radiative kernels (Huang et al. 2017), the results from this thesis are in

very close agreement with Zelinka et al. (2020). There are only minor differences in the Planck

feedback, associated with its very narrow range of inter-model spread (Figure B.3, I); the relative

humidity feedback, possibly arising from minor differences in our vertical integration schemes

131



2 1 0
feedback (Wm 2 K 1)

IITM-ESM
CAMS-CSM1-0

GISS-E2-R
GISS-E2-2-G
NorESM2-MM

MIROC5
GISS-E2-H

MIROC-ES2H
MIROC-ES2L

INM-CM5-0
inmcm4

GISS-E2-1-G
MPI-ESM1-2-LR

INM-CM4-8
MIROC6

GFDL-ESM2G
MPI-ESM-1-2-HAM

GISS-E2-2-H
GFDL-ESM2M
FGOALS-f3-L
GFDL-ESM4
NorESM2-LM
bcc-csm1-1-m

MPI-ESM-P
MPI-ESM1-2-HR

FGOALS-g3
AWI-CM-1-1-MR

CCSM4
MRI-CGCM3

MPI-ESM-MR
bcc-csm1-1

GISS-E2-1-H
MPI-ESM-LR
NorESM1-ME

ICON-ESM-LR
CNRM-CM5
NorESM1-M

NorCPM1
MRI-ESM2-0

SAM0-UNICON
CMCC-ESM2
CNRM-CM5-2

CMCC-CM2-SR5
BCC-CSM2-MR

CanESM2
IPSL-CM5B-LR

EC-Earth3-AerChem
CAS-ESM2-0

BNU-ESM
BCC-ESM1
KIOST-ESM
MIROC-ESM
FGOALS-s2

TaiESM1
NESM3

CNRM-CM6-1-HR
EC-Earth3

IPSL-CM5A2-INCA
FGOALS-g2
ACCESS1-3

IPSL-CM5A-MR
GFDL-CM4

EC-Earth3-Veg
EC-Earth3-CC

IPSL-CM5A-LR
IPSL-CM6A-LR

GFDL-CM3
E3SM-2-0

ACCESS1-0
EC-Earth3-Veg-LR
ACCESS-ESM1-5

CNRM-CM6-1
HadGEM2-ES
ACCESS-CM2

CIESM
CESM2-WACCM

UKESM1-0-LL
KACE-1-0-G

UKESM1-1-LL
CanESM5

CanESM5-1
HadGEM3-GC31-MM

CNRM-ESM2-1
CESM2

HadGEM3-GC31-LL
E3SM-1-0

CSIRO-Mk3-6-0
CESM2-WACCM-FV2

CESM2-FV2

Net feedbackA.

0 5 10 15
climate sensitivity (K)

INM-CM4-8
INM-CM5-0
inmcm4
GISS-E2-R
GFDL-ESM2G
CAMS-CSM1-0
GISS-E2-2-G
IITM-ESM
GISS-E2-H
GFDL-ESM2M
NorESM2-MM
GISS-E2-2-H
MIROC-ES2H
NorESM2-LM
MIROC6
GISS-E2-1-G
IPSL-CM5B-LR
GFDL-ESM4
MIROC-ES2L
MRI-CGCM3
MIROC5
NorESM1-M
MPI-ESM-1-2-HAM
MPI-ESM1-2-HR
bcc-csm1-1
bcc-csm1-1-m
MPI-ESM1-2-LR
CCSM4
FGOALS-g3
NorESM1-ME
FGOALS-f3-L
GISS-E2-1-H
AWI-CM-1-1-MR
NorCPM1
BCC-CSM2-MR
MRI-ESM2-0
CNRM-CM5
BCC-ESM1
MPI-ESM-P
KIOST-ESM
MPI-ESM-MR
FGOALS-g2
CAS-ESM2-0
CNRM-CM5-2
MPI-ESM-LR
ICON-ESM-LR
ACCESS1-3
CMCC-ESM2
CMCC-CM2-SR5
SAM0-UNICON
CanESM2
EC-Earth3-AerChem
IPSL-CM5A2-INCA
GFDL-CM4
ACCESS1-0
ACCESS-ESM1-5
GFDL-CM3
EC-Earth3
E3SM-2-0
BNU-ESM
IPSL-CM5A-LR
IPSL-CM5A-MR
EC-Earth3-CC
EC-Earth3-Veg-LR
CSIRO-Mk3-6-0
EC-Earth3-Veg
FGOALS-s2
HadGEM2-ES
TaiESM1
CNRM-CM6-1-HR
IPSL-CM6A-LR
NESM3
ACCESS-CM2
MIROC-ESM
CESM2-WACCM
CNRM-ESM2-1
CESM2-WACCM-FV2
CNRM-CM6-1
KACE-1-0-G
CESM2
CESM2-FV2
UKESM1-1-LL
UKESM1-0-LL
E3SM-1-0
HadGEM3-GC31-MM
HadGEM3-GC31-LL
CIESM
CanESM5-1
CanESM5

Effective climate
sensitivityB.

0 5 10
forcing (Wm 2)

CSIRO-Mk3-6-0
IPSL-CM5B-LR
INM-CM4-8
FGOALS-g2
CESM2-FV2
ACCESS-ESM1-5
ACCESS1-3
ACCESS1-0
INM-CM5-0
CESM2-WACCM-FV2
GFDL-CM3
inmcm4
E3SM-2-0
CNRM-ESM2-1
KIOST-ESM
BCC-ESM1
IPSL-CM5A2-INCA
EC-Earth3-Veg-LR
NorESM1-M
HadGEM2-ES
BCC-CSM2-MR
GFDL-CM4
IPSL-CM5A-LR
GFDL-ESM2M
EC-Earth3-CC
GFDL-ESM2G
NorCPM1
MRI-CGCM3
CESM2-WACCM
CAS-ESM2-0
CESM2
IPSL-CM5A-MR
E3SM-1-0
NorESM1-ME
NorESM2-LM
ACCESS-CM2
MRI-ESM2-0
EC-Earth3-Veg
EC-Earth3
KACE-1-0-G
bcc-csm1-1
IPSL-CM6A-LR
HadGEM3-GC31-LL
UKESM1-1-LL
HadGEM3-GC31-MM
CCSM4
GFDL-ESM4
GISS-E2-1-H
GISS-E2-2-H
FGOALS-g3
CanESM5-1
EC-Earth3-AerChem
CNRM-CM6-1
GISS-E2-R
UKESM1-0-LL
CNRM-CM5
CNRM-CM5-2
MPI-ESM1-2-HR
bcc-csm1-1-m
CanESM5
GISS-E2-H
CMCC-CM2-SR5
BNU-ESM
CanESM2
FGOALS-s2
GISS-E2-2-G
MIROC6
AWI-CM-1-1-MR
CMCC-ESM2
CNRM-CM6-1-HR
TaiESM1
GISS-E2-1-G
NorESM2-MM
NESM3
CIESM
SAM0-UNICON
MIROC-ES2H
ICON-ESM-LR
FGOALS-f3-L
CAMS-CSM1-0
MPI-ESM-1-2-HAM
MPI-ESM-MR
MPI-ESM-LR
MIROC-ES2L
MPI-ESM1-2-LR
MIROC-ESM
MPI-ESM-P
MIROC5
IITM-ESM

Net forcingC.

CMIP5
matching CMIP6
non-matching CMIP6

Figure B.1: Forcing-feedback analysis results for CMIP5 and CMIP6 abrupt 4×CO2 experiments

(see also Figure B.4). Light shading (dark shading) indicates models from CMIP5 (CMIP6). Hatching is
used for CMIP6 models published by institutes that did not publish models in CMIP5. For each institute, a
slightly darker shade is used for the first model listed in Tables B.1 and B.2, and a slightly lighter shade is
used for any remaining models.
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Figure B.2: As in Figure B.1 but showing institute-averages instead of individual models (see also

Figure B.6). Annotations indicate the institute names and country codes from Tables B.1 and B.2.
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(Figure B.3, K); and the albedo feedback, possibly arising from the initial remapping to a 5◦×5◦

grid (Figure B.3, F).

B.2 Institute averaging

Owing to shared model components, the climate states simulated by models across CMIP en-

sembles are not expected or designed to be wholly independent (Abramowitz and Bishop 2015,

Abramowitz et al. 2018, Knutti 2010, Knutti et al. 2010, Masson and Knutti 2011, Tebaldi and

Knutti 2007). Throughout Chapters 4 and 5, to help reduce biases on inter-model statistics aris-

ing from inter-model dependencies, I employed an institutional democracy scheme. Compared

to the traditional model democracy scheme, in which each model result is treated as an indepen-

dent sample, institutional democracy treats each group of models from the same modeling institute

and CMIP generation as an independent sample by averaging their output together before com-

puting ensemble statistics (Abramowitz et al. 2018, Leduc et al. 2016). This helps reduce double

counting biases, where the degrees of freedom on inter-model statistics are underestimated due

to giving single results from models with more published variants higher weight. While institu-

tional democracy does not perfectly account for model similarities within the CMIP ensembles

(Abramowitz et al. 2018, Kuma 2023), it provides a minimal and reasonable first-order correction

to the effect of model double counting on inter-model statistics (Abramowitz et al. 2018, Leduc

et al. 2016, Masson and Knutti 2011, Pennell and Reichler 2011).

The underlying assumption of institutional democracy is that model results from the same in-

stitute are closer together than model results from different institutes. To test this assumption,

I use a bootstrapping approach. On average, within institute groups of more than one model,

the quadrupled-CO2 effective climate sensitivity spans 1.18 K with a standard deviation of 0.55 K.

Only a handful of institute groups have quadrupled-CO2 responses that span more than 2 K (GFDL,

IPSL, and MIROC in CMIP5; GFDL and E3SM in CMIP6). By comparison, for 100 000 random

arrangements of the same models into the same distribution of group sizes, the average group spans

3.03 K and has a standard deviation of 1.34 K. Notably, the average spread of the random groups is
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Figure B.3: Comparison of abrupt 4×CO2 forcing-feedback analysis from this thesis to analysis from

Zelinka et al. (2020). For each panel, the model estimates from Zelinka et al. (2020) are indicated on the
x axis and the estimates from this thesis are indicated on the y axis. The black dashed lines indicate the
1:1 relationship. The red lines indicate the linear least-squares regressions, with shading indicating 95%
uncertainty bounds according to a Student’s t-distribution (assuming the regression residuals are normally
distributed). The bottom-right annotations indicate the variance explained by the fits. The units are K for
the effective climate sensitivity (A), Wm−2 for the effective forcing (B), and Wm−2K−1 for all feedback
terms (C–L). Note that the x and y axes of the feedback panels (C–L) are scaled to have identical width in
Wm−2K−1.
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larger than virtually all of the CMIP6 institute groups and all but two of the CMIP5 institute groups

(GFDL and MIROC). Further, the standard deviation across CMIP5 and CMIP6 institute-averages

(1.89 K) is only slightly lower than the standard deviation across individual models (1.99 K), sug-

gesting that institute-averaging does not reduce the overall ensemble spread. I found very similar

results for the climate feedback parameters (not shown). Figure B.1 is qualitatively consistent

with this analysis; model results from the same institute and CMIP generation are generally found

near one another, and the ensemble spreads are similar to Figure B.2. These results highlight the

comparative similarity of models belonging to the same institute and the suitability of institute-

averaging for reducing double counting biases.

To quantify the effect of institute-averaging on the ensemble statistics shown in this thesis,

Figures B.4 and B.5 reproduce Figures 4.2 and 4.3 using models as independent samples instead

of institutes. Compared to Figure 4.2, the spread differences in Figure B.4 between CMIP gener-

ations, perturbation response times, and feedback components are largely similar – although the

effects of a few outlier models are more noticeable. Likewise, the regression coefficient magni-

tudes and percents variance explained in Figure B.5 are largely similar to Figure 4.3. However,

the 50% and 95% confidence intervals on the regression coefficients are substantially reduced

when models are used as independent samples (Figure B.5). The reduction is especially large

for the CMIP6 ensemble, for which institutes publish as many as five variants of the same model

(Table B.1). This suggests that the primary effect of treating models instead of institutes as inde-

pendent samples is to produce misleadingly-narrow confidence intervals on inter-model statistics.

It also demonstrates that the results presented in this thesis are robust to the methodological choice

of institute-averaging.

B.3 Institute grouping

The CMIP6 ensemble includes models published by several new institutes that did not partic-

ipate in CMIP5. Some of these models are closely related to other CMIP6 models developed by

CMIP5-era institutes (raising further double counting concerns), while others include more robust
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changes or were even created from scratch (Kuma 2023). To further address shared model compo-

nents, and to test whether differences between CMIP5 and CMIP6 are driven by the introduction of

new institutes or updates from existing institutes, I split the CMIP6 ensemble into two groups. The

first group, called matching CMIP6, consists of institutes that published pre-industrial and abrupt

4×CO2 experiments in CMIP5 with the output required for feedback analysis. The second group,

called non-matching CMIP6, consists of institutes that did not publish the requisite experiments or

output in CMIP5. The resulting three ensembles have a similar number of institutes – CMIP5 has

16 institutes and 30 models; matching CMIP6 has 15 institutes and 41 models; and non-matching

CMIP6 has 12 institutes and 18 models (see Tables B.1 and B.2).

Figures B.6 and B.7 reproduce Figures 4.2 and 4.3 using institute-averages across the CMIP5

ensemble and the separate matching and non-matching CMIP6 ensembles. In general, the notable

differences between CMIP5 and CMIP6 are also evident for each separate CMIP6 group. While

there are some differences between the CMIP6 groups, they tend to be smaller than the differences

between the full CMIP5 and CMIP6 ensembles. Compared to CMIP5, the CMIP6 groups are

characterized by 1) slightly more positive perturbed feedbacks with greater inter-model spread,

and 2) slightly more negative unperturbed feedbacks with equal inter-model spread, with most

of these changes driven by the cloud component (Figures 4.2 and B.6). Likewise, the perturbed

feedbacks of each CMIP6 group are more predictable from the unperturbed feedbacks, again due

to the cloud component (Figures 4.3 and B.7). There are a few notable differences between the

CMIP6 groups, with non-matching CMIP6 models exhibiting somewhat more positive and more

predictable perturbed cloud feedbacks (Figures B.6 and B.7). However, the broad consistency of

the CMIP6 results described in this thesis with both the matching and non-matching CMIP6 groups

suggests that differences in inter-model statistics between CMIP5 and CMIP6 are not an artifact of

model similarities or structural changes to the CMIP ensemble. Instead, they appear to be driven

by updates to the underlying numerics and parameterizations of CMIP5-era models.
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Figure B.4: As in Figure 4.2 but using individual models instead of institute averages.
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Figure B.6: As in Figure 4.2 but using two separate groups of CMIP6 institutes.
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139



Appendix C

Software and data availability

The dynamical core model used in this thesis is available in its original form online via the Geo-

physical Fluid Dynamics Laboratory (https://www.gfdl.noaa.gov/fms/). A version of the model

with modifications for the experiments described in this thesis, along with the code I used to con-

duct the experiments, is published on Github (https://github.com/lukelbd/gfdl-fms, https://github.

com/lukelbd/drycore).

The CMIP6 and CMIP5 data used in this thesis were obtained online via the Earth System

Grid Federation (ESGF; https://esgf.llnl.gov) using the public ESGF python API (https://github.

com/ESGF/esgf-pyclient). The code I used to systematically download up-to-date model data and

perform climatology and forcing-feedback calculations is published on Github (https://github.com/

lukelbd/cmip-data).

The Huang et al. (2017) radiative kernels shown in Figure 2.2 and used for feedback esti-

mates throughout Chapter 4 were obtained online via Mendeley Data (https://doi.org/10.17632/

3drx8fmmz9.1). The Zelinka et al. (2020) climate sensitivity, climate feedback, and radiative forc-

ing estimates shown in Figures 2.1 and B.3 were obtained online via Zenodo (https://doi.org/10.

5281/zenodo.5206851).

This thesis also benefited from several open-source software packages: NetCDF Operators

(NCO) and Climate Data Operators (CDO), used to process the dynamical core and coupled model

data (https://nco.sourceforge.net, https://code.mpimet.mpg.de/projects/cdo/); the python packages

numpy, pandas, xarray, and pint, used to derive physical quantities and inter-model statistics (https:

//numpy.org, https://pandas.pydata.org, https://xarray.pydata.org, https://pint.readthedocs.io); and

the python packages matplotlib, cartopy, and proplot, used to produce figures for this thesis (https:

//matplotlib.org, https://scitools.org.uk/cartopy, https://proplot.readthedocs.io).
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