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Abstract  24 

Global radiative feedbacks have been found to vary in global climate model (GCM) simulations. 25 

Atmospheric GCMs (AGCMs) driven with historical patterns of sea-surface temperatures (SST) 26 

and sea-ice concentrations produce radiative feedbacks that trend toward more negative values, 27 

implying low climate sensitivity, over recent decades. Freely-evolving coupled GCMs driven by 28 

increasing CO2 produce radiative feedbacks that trend toward more positive values, implying 29 

increasing climate sensitivity, in the future. While this time-variation in feedbacks has been linked 30 

to evolving SST patterns, the role of particular regions has not been quantified. Here, a Green’s 31 

function is derived from a suite of simulations within an AGCM (NCAR’s CAM4), allowing an 32 

attribution of global feedback changes to surface warming in each region.  33 

 34 

The results highlight the radiative response to surface warming in ascent regions of the western 35 

tropical Pacific as the dominant control on global radiative feedback changes. Historical warming 36 

from the 1950s to 2000s preferentially occurred in the western Pacific, yielding a strong global 37 

outgoing radiative response at the top of atmosphere (TOA) and thus a strongly negative global 38 

feedback. Long-term warming in coupled GCMs occurs preferentially in tropical descent regions 39 

and in high latitudes, where surface warming yields small global TOA radiation change but large 40 

global surface air temperature change, and thus a less-negative global feedback. These results 41 

illuminate the importance of determining mechanisms of warm pool warming for understanding 42 

how feedbacks have varied historically and will evolve in the future.  43 

 44 

 45 

 46 
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1. Introduction  47 

In the traditional global energy budget framework (e.g., Gregory et al. 2004; Andrews et al. 2012), 48 

the net global top-of-atmosphere (TOA) radiation imbalance, 𝛥𝑄, is given by the sum of the 49 

radiative forcing (𝛥𝐹), and the radiative response (𝜆𝛥𝑇) to a change in global surface temperature:  50 

𝛥𝑄 = 	𝛥𝐹 + 	𝜆𝛥𝑇,																																																																					(1) 51 

where 𝛥𝑇 is the change in global-mean near-surface air temperature; 𝜆 (units of Wm-2K-1) is the 52 

radiative feedback parameter, representing the efficiency with which the climate system can damp 53 

an energetic imbalance by emitting more radiation to space in proportion to surface warming. It is 54 

the sum of Planck response and feedbacks associated with changing atmospheric lapse rate, water 55 

vapor, clouds and surface albedo. The net global feedback parameter has to be negative in a stable 56 

climate; a more negative value implying that the Earth needs to warm less to balance an imposed 57 

radiative forcing. Quantifying the net radiative feedback is important because it determines the 58 

equilibrium climate sensitivity (ECS) – the steady-state (𝛥𝑄 = 0) global-mean near-surface air 59 

temperature change in response to a doubling of atmospheric CO2 concentration. That is, 60 

ECS = 	−𝛥𝐹2×/𝜆56 , where 𝛥𝐹2×  is the effective radiative forcing from CO2 doubling and 𝜆56 61 

represents the net radiative feedback acting in that equilibrium state. Historical energy budget 62 

constraints are commonly used to estimate climate sensitivity (e.g., Otto et al. 2013; Knutti et al. 63 

2017), producing an inferred climate sensitivity (ICS):  64 

ICS = −
𝛥𝐹2×
𝜆 	,																																																																								(2) 65 

where 𝜆 represents the radiative feedbacks associated with transient warming. The use of ICS to 66 

estimate ECS depends crucially on the assumption that radiative feedbacks in the distant future 67 

will have the same value as those in operation today, i.e., that 𝜆 at any given time is equal to 𝜆56 68 
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(Armour et al. 2013; Armour 2017; Proistosescu and Huybers. 2017; Marvel et al. 2018; Andrews 69 

et al. 2018).  70 

 71 

However, this assumption generally does not hold within simulations using state-of-the-art global 72 

climate models (GCMs). Fully-coupled GCMs driven by increased CO2 forcing tend to show 𝜆 73 

evolving toward less-negative values, implying a higher value of ICS (Murphy 1995; Senior and 74 

Mitchell 2000; Andrews et al. 2012; Williams et al. 2008; Winton et al. 2010; Armour et al. 2013; 75 

Andrews et al. 2015; Ceppi and Gregory 2017; Armour 2017; Proistosescu and Huybers 2017; 76 

Marvel et al. 2018). On the other hand, atmospheric GCMs (AGCMs) driven with observed 77 

historical sea-surface temperature (SST) and sea-ice concentration (SIC) patterns show that 𝜆 can 78 

vary substantially between decades and that it tends to evolve towards more-negative values over 79 

the course of the 20th century, corresponding to lower values of ICS, in the latter part of the 80 

historical record (Gregory and Andrews 2016; Zhou et al. 2016; Silvers et al. 2018; Andrews et al. 81 

2018; Marvel et al. 2018). Consequentially, extrapolating feedback values from historical 82 

constraints leads to ICS estimates that are biased low compared to ECS values projected by fully 83 

coupled models (Andrews et al. 2018; Marvel et al. 2018).  84 

 85 

We illustrate both historical and future feedback changes here (Fig. 1) from two prescribed-SST 86 

simulations within NCAR’s Community Atmosphere Model version 4.0 (CAM4; Neale et al. 87 

2010), the atmospheric component of the Community Climate System Model version 4.0 88 

(CCSM4). The historical simulation, hereafter referred to as the Historical run, shows the results 89 

of CAM4 forced by observed historical SST/SIC patterns (Hurrell et al. 2008, see Table 1). The 90 

future simulation, hereafter referred to as the 4´CO2 run, shows the results of CAM4 driven by the 91 
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evolving SST/SIC anomaly patterns (relative to pre-industrial) produced by the freely-running 92 

parent coupled GCM (CCSM4) under abrupt CO2 quadrupling, performed as part of the Coupled 93 

Model Intercomparison Project Phase 5 (CMIP5). In both experiments, all forcing agents (aerosols, 94 

greenhouse gases, etc.) are fixed to a present-day (year 2000) level (i.e., 𝛥𝐹 = 0). This allows us 95 

to diagnose radiative feedbacks directly from changes in global TOA radiation and near-surface 96 

air temperature (TAS), and to attribute any feedback changes to evolving SST/SIC patterns. (See 97 

Table 1 for additional details.)  98 

 99 

Before moving to the results, we note that prescribed-SST simulations are useful for linearly 100 

separating the effective radiative forcing from the radiative response to warming (i.e., the radiative 101 

feedbacks). Previous studies indicate that prescribed-SST simulations within atmosphere-only 102 

models can accurately capture the feedback changes in coupled versions of the same models 103 

(Ringer et al. 2014; Andrews et al. 2015; Haugstad et al. 2017). Here we follow the Radiative 104 

Forcing Model Intercomparison Project (RFMIP; Pincus et al. 2016) protocol by fixing SSTs at 105 

pre-industrial values to calculate the effective forcing of CO2 quadrupling (i.e., CMIP5’s 106 

sstClim4xCO2 simulation), and the Cloud Feedback Model Intercomparison Project (CFMIP; 107 

Webb et al. 2017) protocol by fixing CO2 and other atmospheric constituents to evaluate the 108 

radiative response to prescribed SST changes (our Historical and 4´CO2 runs). We have validated 109 

that the linear sum of the radiative forcing and the radiative response to warming (in the 4´CO2 110 

run) well approximates the net TOA radiation change produced by fully-coupled version of 111 

CCSM4 in response to abrupt CO2 quadrupling, with a global-mean error of 11% (not shown).  112 

 113 
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Fig. 1 shows that, in both Historical and 4´CO2 simulations, net TOA radiation becomes 114 

increasingly negative with time as increasing TAS drives enhanced outgoing radiative fluxes (Fig. 115 

1). However, the radiative feedback parameter, calculated as annual-global-mean net TOA flux 116 

change divided by annual-global-mean TAS change, becomes more negative with time in the 117 

Historical simulation, relative to mid-century (1950s) values, and becomes less negative with time 118 

in the 4´CO2 run (Fig. 1 c, f). From Eq. (2), these feedback values give low ICS in recent decades 119 

in the Historical run, but higher ICS in the future in the 4´CO2 run, consistent with aforementioned 120 

previous studies (e.g., Armour 2017, Proistosescu and Huybers 2017, Andrews et al. 2018, Marvel 121 

et al. 2018). Importantly, this different feedback behavior between historical and future warming 122 

occurs within the exact same AGCM and thus arises only from the different SST/SIC patterns in 123 

the two simulations. A key question is, what about the historical and future warming patterns drives 124 

these distinct feedback changes?  125 

 126 

Recent studies have argued that feedbacks are sensitive to evolving spatial patterns of surface 127 

warming and have offered some interpretations on regional mechanisms, yet there exists no 128 

quantitative attribution of the importance of different regions and different mechanisms to this so-129 

called pattern effect (Stevens et al. 2016). Armour et al. (2013) proposed a local feedback 130 

framework, wherein local TOA radiation change is assumed to be determined by only local surface 131 

warming. The net global feedback then varies as the evolving pattern of surface warming modifies 132 

the spatial weighting of constant local feedbacks. However, this local feedback framework has 133 

been challenged by recent studies pointing to the importance of remote warming on tropospheric 134 

stability and low cloud changes, particularly within the tropics (Rose et al. 2014; Rose and Rayborn 135 

2016; Zhou et al. 2016; Mauritsen 2016; Ceppi and Gregory 2017; Andrews et al. 2015; Andrews 136 
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and Webb 2018; Zhou et al. 2017; Silvers et al. 2018). For example, Zhou et al. (2016) linked the 137 

strength of the cloud feedback to the strength of the zonal SST gradient in the tropical Pacific 138 

Ocean. In this view, the increasingly negative cloud feedback in recent decades of the historical 139 

record can be linked to the cooling in the east Pacific relative to the west Pacific, which gives rise 140 

to increased lower tropospheric stability, thereby increasing low cloud amount and reflected 141 

shortwave (SW) radiation. The change in this east-west Pacific SST gradient also appears to be 142 

important for long-term feedback changes under CO2 forcing, which favors east Pacific warming 143 

that would instead reduce low clouds and drive positive cloud feedback (Andrews et al. 2015; 144 

Ceppi and Gregory 2017; Andrews and Webb 2018; Zhou et al. 2017). In addition to the tropical 145 

Pacific, Silvers et al. (2018) suggested an important role for trade wind regions as a whole, 146 

including the tropical Atlantic. Yet other studies argued that it is the slow emergence of Southern 147 

Ocean warming (Armour et al. 2016) that gives rise to more positive feedbacks on centennial 148 

timescales (Senior and Mitchell 2000; Winton et al. 2010; Armour et al. 2013; Li et al. 2013; Rose 149 

et al. 2014; Rose and Rayborn 2016; Rugenstein et al. 2016).  150 

 151 

In Fig. 2, we show the changes in SST patterns from the early period to the late period in our two 152 

AGCM simulations. That is, the SSTs averaged over the 2000s minus that over the 1950s in the 153 

Historical run, and the SSTs averaged over the last 20 years minus that over the first 20 years in 154 

the 4´CO2 run. Both the zonal (east – west) Pacific SST gradient and meridional (extratropics –155 

tropics) SST gradient are decreased in the 4´CO2 run relative to the Historical run, with strong 156 

warming emerging at the east Pacific and high latitude at both poles under CO2 forcing but not yet 157 

in the historical record. Some physical mechanisms of feedback changes associated with warming 158 

in these key regions have been discussed separately in earlier studies; however, still missing is a 159 
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comprehensive approach to quantify the relative contribution of each of the individual regions to 160 

the total change in global feedbacks.  161 

 162 

Hence, the primary goals of this study are to attribute global feedback changes to specific regions 163 

of surface warming, and to understand the drivers of feedback changes both historically and in the 164 

future. To do that, we use a Green’s function approach to study the effect of regional SSTs on net 165 

TOA radiation, TAS, and feedbacks, respectively. The paper is organized as follows: section 2 166 

proposes a global feedback framework and a Green’s function approach. Section 3 illustrate the 167 

structure of the Green’s function by showing the global response to localized warming. Section 4 168 

validates the Green’s function approach within the above AGCM simulations. Section 5 attributes 169 

global feedback change to regional warming, for the Historical run and the 4´CO2 run. Section 6 170 

discusses the caveats and broader implications.  171 

 172 

2.  Formulating feedback dependence on warming patterns   173 

The Green’s function approach assumes that the climate response to a prescribed large-scale 174 

SST/SIC pattern is a linear combination of the responses to prescribed SST/SIC changes at each 175 

location. This enables us to estimate TOA radiation response and TAS response to any specific 176 

global SST pattern, based on the sensitivity of the responses to regional SST change (section 2a). 177 

We derive the Green’s function by computing the dependence of TOA radiation and TAS on 178 

regional SST/SIC anomalies, from a suite of simulations within CAM4, each with a localized patch 179 

of SST and/or SIC anomalies (section 2b).  180 

 181 

a. Global feedback framework 182 
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By convention, the net global radiative feedback is defined as the change in global-mean net TOA 183 

radiative response (𝐑) to warming divided by the change in global-mean TAS (𝐓): 184 

𝜆 𝑡 = 	
𝐑
𝐓
	,																																																																								(3) 185 

where the overbar denotes the area-weighted global means; 𝐑 represents a vector of changes in 186 

local net TOA flux (𝐑 = ∆𝑅?,… , ∆𝑅A ); 𝐓 represents a vector of changes in local TAS (𝐓 =187 

∆𝑇?, … , ∆𝑇A ); n denotes the total number of grid points in the global domain. We define all local 188 

responses as a function of time-dependent global SST changes (𝐒𝐒𝐓(𝑡) = 	 ∆𝑆𝑆𝑇?, … , ∆𝑆𝑆𝑇A ). 189 

That is, for any grid box i, the local radiation change (∆𝑅D) and the local TAS change (∆𝑇D) can be 190 

expressed by a first-order Taylor series with respect to SST change at all grid boxes j over the 191 

ocean domain:  192 

∆𝑅D =
𝜕𝑅D
𝜕𝑆𝑆𝑇F

A

FG?

∆𝑆𝑆𝑇F +	𝜀I,			∆𝑇D =
𝜕𝑇D
𝜕𝑆𝑆𝑇F

A

FG?

∆𝑆𝑆𝑇F +	𝜀J,																						(4) 193 

where the error term 𝜀I and 𝜀J come from potential nonlinearities or residuals that are independent 194 

of SSTs. We can then rewrite the vector of TOA radiation change as  195 

𝐑 = 𝓙𝐑	𝐒𝐒𝐓 𝑡 ,																																																																(5) 196 

where 𝓙𝑹 is a Jacobian matrix, representing the sensitivity of regional ∆𝑅 on regional ∆𝑆𝑆𝑇:  197 

𝓙𝑹 =

𝜕𝑅?
𝜕𝑆𝑆𝑇?

⋯
𝜕𝑅?
𝜕𝑆𝑆𝑇A

⋮ ⋱ ⋮
𝜕𝑅A
𝜕𝑆𝑆𝑇?

⋯
𝜕𝑅A
𝜕𝑆𝑆𝑇A

.																																																				(6) 198 

Likewise, the vector of TAS change can also be reformulated as  199 

	𝐓 = 𝓙𝑻	𝐒𝐒𝐓 𝑡 	,																																																															(7) 200 

where 𝓙𝑻 is the Jacobian of regional ∆𝑇 with respect to regional ∆𝑆𝑆𝑇: 201 
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𝓙𝑻 =

𝜕𝑇?
𝜕𝑆𝑆𝑇?

⋯
𝜕𝑇?
𝜕𝑆𝑆𝑇A

⋮ ⋱ ⋮
𝜕𝑇A
𝜕𝑆𝑆𝑇?

⋯
𝜕𝑇A
𝜕𝑆𝑆𝑇A

.																																																				(8) 202 

Once we calculated each components of the Jacobians (see next section), substituting Eq. (5) and 203 

Eq. (7) into Eq. (3) gives us the final formulation of time-varying global feedback:  204 

𝜆 𝑡 = 	
𝓙𝑹	𝐒𝐒𝐓 𝑡
𝓙𝑻	𝐒𝐒𝐓 𝑡

	.																																																													(9) 205 

 206 

In this framework, global radiative feedbacks are determined by (i) the sensitivity of local and 207 

remote TOA radiation and TAS responses to regional SST changes (i.e., the Jacobians 𝓙𝑹 and 𝓙𝑻, 208 

quantifying the “state dependence”), and (ii) time-varying global SST changes (i.e., 𝐓𝐒𝐒𝐓 𝑡 , 209 

quantifying the “time dependence”). That is, the apparent time-variation of radiative feedbacks 210 

arises from their time-invariant dependence on the SST/SIC state which itself evolves over time 211 

(Armour et al. 2013; Stevens et al. 2016; Rose and Rayborn 2016; Proistosescu and Huybers 2017; 212 

Goosse et al., 2018). This framework enables us to systematically examine the change in feedback 213 

in response to the spatial and temporal evolution of SSTs.  214 

 215 

b. The Green’s function and experiment design  216 

We derive the sensitivity Jacobians 𝓙𝑹 and 𝓙𝑻 from a suite of AGCM simulations within CAM4, 217 

following the set-up in Zhou et al. (2017), who employed a Green’s function approach to study the 218 

dependence of cloud feedback on SSTs over global ice-free regions using CAM5.3 (Neale at al., 219 

2012). Here, we extend the analysis to include sea-ice covered regions, examine the net feedback, 220 

and also decompose total feedback changes into individual components by use of radiative kernels 221 

(Shell et al. 2008).  222 
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 223 

Using CAM4 at 1.9° latitude ́  2.5° longitude resolution, we performed 137 fixed-SST simulations, 224 

each with a localized patch of anomalous SST and/or SIC (Fig. 3). All simulations are run for 40 225 

years, branched from the 5th year of a control simulation (noted as the Control run), which is run 226 

for 45 years (Table 1). The Control run uses monthly varying observed climatological SST/SIC at 227 

present-day level (averaged over years 1982-2001), and all forcing agents are held constant at year 228 

2000 levels. For each experiment, we add a single patch of warm SST anomaly to the monthly 229 

climatology, following the form proposed by Barsugli and Sardeshmukh (2002) and used by Zhou 230 

et al. (2017) as:  231 

∆𝑆𝑆𝑇 𝑙𝑎𝑡, 𝑙𝑜𝑛 = 	𝐴	𝑐𝑜𝑠2
𝜋
2
𝑙𝑎𝑡 − 𝑙𝑎𝑡`
𝑙𝑎𝑡a

𝑐𝑜𝑠2
𝜋
2
𝑙𝑜𝑛 − 𝑙𝑜𝑛`
𝑙𝑜𝑛a

,																											(10) 232 

where A is the amplitude of the SST anomaly; subscript p denotes the center point of the patch and 233 

subscript w denotes the half-width of the patch. Each SST patch is confined within a rectangular 234 

area (𝑙𝑎𝑡` ± 𝑙𝑜𝑛a, 𝑙𝑎𝑡` ± 𝑙𝑜𝑛a). To cover the global ocean areas efficiently, we set 𝑙𝑜𝑛a = 40° 235 

for all patches, and set different 𝑙𝑎𝑡a as follows: 𝑙𝑎𝑡a = 15°	in tropical regions (|𝑙𝑎𝑡`| ≤ 30°) 236 

and 𝑙𝑎𝑡a = 25° in polar regions (50° ≤ |𝑙𝑎𝑡`| ≤ 70°); patches in mid-latitudes (30° < |𝑙𝑎𝑡`| <237 

50°) are set to have 𝑙𝑎𝑡a = 15° on the equatorial side and 𝑙𝑎𝑡a = 25° on the polar side of the 238 

center point, to be consistent with adjacent patches. All patches are staggered to each other by half-239 

width. 240 

 241 

We set the amplitude of SST anomaly A to 1.5 K for all patches except for polar patches, where 242 

we increase A to 3 K, in order to increase the statistical significance of the response to high latitude 243 

warming. The amplitudes of our warming patches are smaller than those in Zhou et al. (2017) 244 

(where A was +4K for warm anomaly and -4K for cold anomaly), but our simulations are carried 245 
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out with a longer period (40 years each instead of 6 years each). In addition, we perturb SIC along 246 

with SSTs within regions covered by sea ice: SIC anomalies within each individual patch follow 247 

the same cosine hump as Eq. (10), with the amplitude of SIC anomaly A being -20% (SIC is set to 248 

be zero wherever the adjusted SIC falls below 0).  249 

  250 

By analyzing the response from single-patch experiments, we are able to calculate each component 251 

of the sensitivity Jacobians (𝓙𝑹DF =
gIh
giiJj

 and 𝓙𝑻DF =
gJh
giiJj

). The calculation is similar to that of 252 

Zhou et al. (2017), but we apply the Jacobian formulation to both net TOA radiation and TAS, 253 

while Zhou et al. (2017) only applied the Green’s function to TOA radiation from clouds. The net 254 

TOA radiation response and TAS response used to calculate the Jacobians are the anomalies 255 

relative to the Control run averaged over the last 39 years (excluding the first year to allow for 256 

atmospheric adjustment). In calculating the Jacobians, grid boxes whose anomalies are not 257 

statistically different from zero at 99% confidence level are set to zero. This is necessary because 258 

these insignificant responses are primarily noise due to the limited run time (40 years) of 259 

experiments. Removing these weak responses may introduce a small bias in the mean response, 260 

but it reduces noise and increases the accuracy of the Green’s function.  We calculate the sensitivity 261 

of local radiative response to SST change within a certain patch p as: 262 

𝜕𝑅D
𝜕𝑆𝑆𝑇F `

= 	
∆𝑅D
∆𝑆𝑆𝑇

𝑎F
𝑎`
,																																																											(11) 263 

where ∆𝑅D  is net TOA flux anomaly in grid box i; ∆𝑆𝑆𝑇  is the area-weighted averaged SST 264 

anomaly over the patch p; 𝑎F is the surface area of the grid box j inside the patch p; and 𝑎` is the 265 

total ocean area of the patch p. The fact that grid i and j are two independent points enables this 266 

formulation to capture the remote effects of SST change. Given that one grid box is covered by up 267 
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to 8 patches staggered to each other, weighting all associated patches based on the value of SST 268 

anomaly leads to the final form of  gIh
giiJj

:  269 

𝜕𝑅D
𝜕𝑆𝑆𝑇F

=
∆𝑆𝑆𝑇F

𝜕𝑅D
𝜕𝑆𝑆𝑇F `

`

∆𝑆𝑆𝑇F`
,																																																	(12)	 270 

where ∆𝑆𝑆𝑇F is the SST anomaly in the grid j within the patch p, and the summation is over all 271 

patches that cover the grid j. We can thus derive all components in the sensitivity Jacobians 𝓙𝑹 272 

and 𝓙𝑻  (𝓙𝑻  follows the same procedures by replacing ∆𝑅  with ∆𝑇), and then reconstruct the 273 

feedback response to any given SST patterns, assuming that the responses added linearly (we will 274 

verify this assumption in the following section).  275 

 276 

Although not explicit, this approach includes the effect of sea-ice changes, since SIC anomalies 277 

are prescribed proportional to SST anomalies at the rate of -20% per 3K within sea-ice covered 278 

regions. This parameterized rate with respect to SST change, however, may not accurately capture 279 

the actual sea-ice changes in global surface warming patterns. Therefore, we add supplementary 280 

terms to Eq. (9) to calibrate responses to a given SST/SIC anomaly pattern, namely, 𝐑∗ and 𝐓∗, a 281 

vector of changes in local net TOA flux and a vector of changes in local TAS that both are 282 

associated with sea-ice underestimate. 𝐑∗ and 𝐓∗ are defined as:  283 

𝐑∗ = 𝓙𝑹∗𝐒𝐈𝐂∗ 𝑡 , 𝐓∗ = 𝓙𝑻∗𝐒𝐈𝐂∗ 𝑡 ,																																											(13) 284 

where 𝐒𝐈𝐂∗ 𝑡 = ∆𝑆𝐼𝐶?∗, … , ∆𝑆𝐼𝐶A∗ , is a vector representing local sea-ice changes in a particular 285 

warming pattern that are not captured by the Green’s function. That is, the offset between the SIC 286 

changes in the given anomaly pattern and the reconstructed SIC changes proportional to SST 287 

anomalies.  𝓙𝑹∗ and 	𝓙𝑻∗ are the sensitivity Jacobians calculated with respect to SIC change: 288 
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𝓙𝑹∗ = 	

𝜕𝑅?
𝜕𝑆𝐼𝐶?

⋯ 0

⋮ ⋱ ⋮

0 ⋯
𝜕𝑅A
𝜕𝑆𝐼𝐶A

,																																																							(14) 289 

	𝓙𝑻∗ = 	

𝜕𝑇?
𝜕𝑆𝐼𝐶?

⋯ 0

⋮ ⋱ ⋮

0 ⋯
𝜕𝑇A
𝜕𝑆𝐼𝐶A

.																																																					(15)	 290 

Unlike the aforementioned full Jacobians, 𝓙𝑹∗ and 	𝓙𝑻∗ contains only diagonal terms, i.e., gIh
gipqj

=291 

0, gJh
gipqj

= 0	 𝑖𝑓	𝑖 ≠ 𝑗 , representing local TOA radiation and local TAS responses to local SIC 292 

change. This is motivated by the fact that the response to SIC change is largely localized (see Fig. 293 

4d). This formulation also allows us to keep track of the state dependence of feedback on global 294 

SST patterns. Finally, we reconstruct the global radiative feedback as  295 

𝜆 𝑡 = 	
𝓙𝑹	𝐒𝐒𝐓 𝑡 + 𝛼𝓙𝑹∗𝐒𝐈𝐂∗ 𝑡
𝓙𝑻	𝐒𝐒𝐓 𝑡 + 𝛼𝓙𝑻∗𝐒𝐈𝐂∗ 𝑡 	

,																																														(16)	 296 

where 𝛼 is 0.1, a coefficient scaling up the response to SIC changes in order to compensate the 297 

underestimate of SIC in the Green’s function. Since we found that the global TOA radiation 298 

response is insensitive to 𝛼, the value of 𝛼 is tuned to maximize the Green’s function’s ability in 299 

reproducing surface warming response particularly at high latitude. The supplementary terms 300 

(𝛼𝓙𝑹∗𝐒𝐈𝐂∗ 𝑡 , 𝛼𝓙𝑻∗𝐒𝐈𝐂∗ 𝑡  in Eq. (16) only serve to improve the accuracy of the Green’s 301 

function as in Eq. (9), considering potential SIC underestimates. The difference between the 302 

reconstructed responses using Eq. (9) versus that using Eq. (16) are not significant and only limited 303 

to regional TAS response in sea-ice covered regions.  304 

 305 
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To estimate the annual mean response using Eq. (16), we first calculate 3-month seasonal means 306 

and then average across the year. This is necessary because, although the SST/SIC anomalies 307 

imposed are constant over a year, the response to the SST/SIC forcing varies as the mean state 308 

changes over the seasonal cycle. For example, shortwave radiation change in response to SIC 309 

change is more significant in summer months. We found that using annual means without taking 310 

into account the seasonal cycle leads to bias both locally and globally; however, using monthly 311 

means also introduces errors as it does not capture the portion of the TOA radiation response that 312 

is lagged relative to the surface warming. Therefore, we average to four seasonal-mean Jacobians 313 

(DJF/MAM/JJA/SON) to produce all annual-averaged responses.   314 

 315 

Finally, it should be noted that the radiative feedback parameter defined in this study does not 316 

include the direct response (e.g., land warming) to radiative forcing by CO2 increase, as 𝛥𝐹2w in 317 

Eq. (2) is the effective radiative forcing (i.e., including rapid adjustments). The change in feedback 318 

arises only from the change in SST/SIC boundary forcing, which allows us to track the sensitivity 319 

of feedbacks to evolving spatial patterns of SSTs.  320 

 321 

3. Global response to localized warming  322 

We compare responses to four warming patches within several key regions highlighted in previous 323 

studies (e.g., Andrews and Webb 2018; Zhou et al. 2017): the west Pacific, the east Pacific, and 324 

high latitudes in the Northern Hemisphere (NH) and the Southern Hemisphere (SH) (Fig. 4). 325 

Importantly, SST warming in the western Pacific (a region of tropical ascent) drives strong remote 326 

responses on a global scale, while the responses to SST warming in the other three regions are 327 

more confined locally. For the west Pacific patch (Fig. 4a), warming is communicated to the upper 328 
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troposphere, which warms the whole troposphere across all latitudes (Fig. 4a, bottom panel), 329 

causing a large increase in outgoing radiation at the TOA. Furthermore, the patch of warming 330 

locally decreases tropospheric stability, measured here as estimated inversion strength (EIS), but 331 

increases EIS remotely over tropical marine low clouds regions, yielding an increase in global low 332 

cloud cover (LCC) which enhances the global SW reflection (Wood and Bretherton 2006). In 333 

contrast, surface warming in the east Pacific patch and high-latitude patches results in atmospheric 334 

warming that is trapped within the boundary layer and decreases local EIS and LCC, leading to a 335 

weakly positive TOA radiation change that is limited to local scale (Fig. 4 b, c, d). Overall, the 336 

global-mean TOA radiation and TAS responses to the west Pacific patch are about an order of 337 

magnitude greater than the responses to the three other patches.  338 

 339 

The difference between NH and SH polar patches reveals another feature in net TOA radiation and 340 

LCC: the SH polar patch has a negative TOA radiation change and a positive LCC change (Fig. 341 

4d), which is the result of local sea-ice change. The NH polar patch is applied to a region of open 342 

water, where surface warming decreases local EIS and local LCC, resulting in a positive TOA 343 

radiation change. However, the SH polar patch is located in the region partially covered by sea ice. 344 

When sea ice is forced to melt, new open water enhances heat and moisture transport in the 345 

boundary layer, and therefore generates positive LCC change, which reflects more TOA radiative 346 

flux (Wall et al. 2017; Goosse et al. 2018). However, this sea-ice effect has only a small impact on 347 

the global scale.   348 

 349 

Next, we show the global-mean response to unit SST warming in each grid box (Fig. 5). The 350 

annual-global-mean net TOA radiation change and annual-global-mean TAS change to each grid 351 



 17 

of SST warming (Fig. 5a and 5b, respectively) are calculated from seasonal Jacobians 𝓙𝑹 and 𝓙𝑻. 352 

Dividing the global TOA response by the global TAS response provides a qualitative sense of how 353 

the global feedback changes in response to a localized warming in each grid box (Fig. 5c). 354 

Consistent with Fig. 4, surface warming in tropical ascent regions has the strongest remote effect, 355 

driving large increases in outgoing TOA radiation and thus large negative feedbacks. Surface 356 

warming in tropical descent regions drives a relatively weaker increase in outgoing radiation, or 357 

even a decrease, thus producing more positive feedback values, consistent with previous studies 358 

(e.g., Andrews and Webb 2018; Ceppi and Gregory 2017; Zhou et al. 2017). High-latitude 359 

warming plays an important role in global TAS change, but contributes little to global TOA 360 

radiation change, leading to feedback values near zero.  361 

 362 

We further partition the net TOA radiation response into individual components by use of radiative 363 

kernels (Shell et al. 2008) (Fig. 5d – i). The large net negative radiation response to warming in 364 

tropical ascent regions arises from Planck radiation, lapse rate (LR), and cloud SW radiation 365 

changes. The net positive radiation response to warming in descent regions is dominated by cloud 366 

SW radiation changes. The Planck response (Fig. 5d) largely mirrors the response of global TAS 367 

to local warming (Fig. 5b), as it must: it is negative in response to warming everywhere but the 368 

magnitude is larger in response to warming in the western Pacific as opposed to all other regions. 369 

The patterns of LR change (Fig. 5e) and water vapor change (Fig. 5f) are consistent with those 370 

proposed by Andrews and Webb (2018) and Ceppi and Gregory (2017). While radiation changes 371 

with LR and water vapor partially cancel when summed, the net value here is not zero and instead 372 

shows a pattern similar to the LR change (not shown), indicating a stronger radiative response 373 

associated with LR changes. The pattern of cloud SW changes (Fig. 5g), which dominates the net 374 
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TOA radiation pattern, suggests that LCC plays an important role in changing global TOA 375 

radiation. The global surface albedo change (Fig. 5i) is negligible everywhere, arising from the 376 

fact that sea-ice albedo changes result in localized TOA radiation changes.  377 

 378 

4. Green’s function validation   379 

Before moving to the final step of applying the Jacobians to attribute feedback changes to regional 380 

warming, we validate the Green’s function approach. First, we perform a linearity test by imposing 381 

two SST patches in a simulation simultaneously – one in the tropical west Pacific and one in the 382 

tropical east Pacific (noted as the Two-Patch run, Fig. 6a). The CAM4-produced output in this 383 

Two-Patch run is then compared to the linear sum of the response to two corresponding single 384 

patches (Fig. 6b). We find a remarkable similarity in spatial patterns for all responses of interests 385 

with spatial correlations higher than 90%, and nearly-identical global-mean responses (shown in 386 

Fig. 6). This test speaks to the strong linearity in the model’s responses, supporting the assumption 387 

that the response to a large-scale SST pattern can be estimated as the sum of responses to each of 388 

the SST forcing point. Additional two-patch tests performed within other regions also exhibit a 389 

strong linearity (not shown).  390 

 391 

Next, we convolve the SST patterns from the Historical run and the 4´CO2 run with the Green’s 392 

function, and compare the reconstructed response with the CAM4-produced response (Fig. 7). For 393 

both runs, the Green’s function reproduces the inter-annual variability and overall magnitude of 394 

global net TOA radiation, TAS, and radiative feedback. We note an offset in global-mean TOA 395 

radiation and radiative feedback in the 4´CO2 run; we will discuss reasons of this potential 396 

nonlinearity in section 6b. Despite this relatively small offset for the 4´CO2 simulation, the 397 
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Green’s function reconstruction captures most of the feedback changes seen in both simulations. 398 

We interpret these results as a validation of the robustness of the Green’s function approach, 399 

allowing us to proceed with attributing feedback changes to regional warming patterns.  400 

 401 

5. Attributing global feedback changes to regional warming  402 

The selected patches in section 3 (Fig. 4) reveal an important property in the climate system: 403 

temperature and radiation changes depend on both local and remote surface warming. In this 404 

section, we identify where the changes in TOA radiation and TAS originate using the global-mean 405 

net TOA radiation change (∆𝑅xyz{|yD) and global-mean TAS change (∆𝑇xyz{|yD) that are associated 406 

with SST and SIC perturbations in any grid box i in a particular warming pattern: 407 

∆𝑅xyz{|yD = 	
𝜕𝑅xyz{|y
𝜕𝑆𝑆𝑇D

∆𝑆𝑆𝑇D + 𝛼
𝜕𝑅∗xyz{|y
𝜕𝑆𝐼𝐶D

∆𝑆𝐼𝐶D∗,																																							(17) 408 

∆𝑇xyz{|yD = 	
𝜕𝑇xyz{|y
𝜕𝑆𝑆𝑇D

∆𝑆𝑆𝑇D + 𝛼
𝜕𝑇∗xyz{|y
𝜕𝑆𝐼𝐶D

∆𝑆𝐼𝐶D∗.																																								(18) 409 

gI}~���~
giiJh

 and 
gJ}~���~
giiJh

 are global-mean net TOA radiation change and global-mean TAS change to 410 

unit SST change in grid box i (Fig. 5a and 5b), respectively. ∆𝑆𝑆𝑇D is SST anomaly at grid box i 411 

in a particular warming pattern; 
gI∗}~���~
gipqh

 and 
gJ∗}~���~
gipqh

 are global-mean net TOA radiation change 412 

and global-mean TAS change to unit SIC change in grid box i if i is covered by sea ice. ∆𝑆𝐼𝐶D∗ is 413 

residual SIC anomaly in this warming pattern that is not fully captured by the Green’s function. 414 

Eq. (17) and Eq. (18) are consistent with Eq. (16), but the second terms on the right-hand-side in 415 

these two equations are in fact close to zero, as the Jacobians with respect to SIC (𝓙𝑹∗ and 𝓙𝑻∗) 416 

only represent local SIC effect and become negligible when averaged over the globe. Overall, 417 
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∆𝑅xyz{|yD  and ∆𝑇xyz{|yD  represent the contribution from local SST change to global averaged 418 

change in TOA radiation and TAS, given a specific surface warming pattern.  419 

 420 

We first show ∆𝑅xyz{|yD  and ∆𝑇xyz{|yD  for the Historical run (Fig. 8), using the SST and SIC 421 

change averaged over the 1950s and the 2000s, relative to the pre-industrial level (i.e., relative to 422 

the 1850-1890 average). The most striking finding is that the more negative TOA radiation in the 423 

2000s is predominately due to SST change in tropical ascent regions (Fig. 8d). While many studies 424 

(e.g., Andrews and Webb 2018; Zhou et al. 2016) focus on the zonal SST gradient with preferential 425 

cooling in the eastern Pacific in this period, our result highlights the role of the western Pacific in 426 

driving most of the change in global TOA radiation. This arises for two reasons: (i) stronger surface 427 

warming in this region relative to the rest of the world oceans over the recent decades (Fig. 8b); 428 

(ii) stronger global radiative response to surface warming from this region driven by the deep 429 

convection (Fig. 5a). Overall, comparing the 1950s and the 2000s, the primary change in both 430 

global-mean TOA radiation and TAS from the early period to the late period is due to warming in 431 

tropical ascent regions.  432 

 433 

Next, we show the same analysis for the 4´CO2 run (Fig. 9), comparing the first 20 years in the 434 

simulation to the last 20 years. In this case, although global SSTs evolve toward a pattern with 435 

more warming in the eastern Pacific and high latitudes, the western Pacific is still the dominant 436 

contribution to the global TOA radiation change (Fig. 9, d), in both the early and late period. 437 

However, the evolution of the contribution to global TAS change shows a different behavior: SST 438 

warming outside of the deep convective regions, although contributing little in the early period, 439 

plays an ever-increasing role in global TAS change in the latter period (Fig. 9, e, f).   440 
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 441 

The attribution analysis for the two simulations can be summarized as follows: (i) in both runs, the 442 

change in global TOA radiation is dominated by the radiative response to warming in tropical 443 

ascent regions; (ii) this does not hold true for TAS, however, which has substantial contributions 444 

from all other regions. Based on these findings, we propose a guiding approximation:  445 

𝜆(𝑡) ≈ 	
∆𝑅xyz{|y_��

∆𝑇xyz{|y_�� + ∆𝑇xyz{|y_z��5�
	,																																													 19  446 

where ∆𝑅xyz{|y_�� and ∆𝑇xyz{|y_�� respectively denote global-mean net TOA radiation change 447 

and TAS change that are attributed to surface warming in the warm pool (WP) region, and 448 

∆𝑇xyz{|y_z��5� denotes global-mean TAS change that is attributed to surface warming in all other 449 

oceans outside of the WP. The WP region is defined here as broad deep convective areas in Indo-450 

Pacific Ocean within 30°S - 30°N and 50°E - 160°W (shown as the grey box in Fig. 8 and Fig. 9) 451 

capturing the region with the most negative values of ∆𝑅xyz{|yD (panels c and d in Figs. 8 and 9). 452 

From this approximation, we can then reformulate the global radiative feedback as  453 

𝜆(𝑡) 	= 	
𝜆��

1 + 𝛾(𝑡)	,																																																														(20) 454 

where 𝜆�� = ∆𝑅xyz{|y_��/∆𝑇xyz{|y_��  denotes a nominal and constant value of feedback 455 

associated with the WP warming, and 𝛾(𝑡) is given by 456 

𝛾(𝑡) = 	
∆𝑇xyz{|y_z��5�
∆𝑇xyz{|y_��

.																																																									(21) 457 

𝛾(𝑡) is the “warm pool (WP) warming ratio”, representing the ratio of the contribution to global 458 

TAS change from surface warming in all ocean areas outside of the WP relative to the contribution 459 

from surface warming within the WP region.  460 

 461 
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In this formulation (Eq. 19-21), we first approximate global-mean TOA radiation change to a 462 

response to SST change in the WP region alone (Eq. 19); the time-variation of feedback can then 463 

be explained solely by the evolution of 𝛾 (Eq. 20), which compares how regional warming affects 464 

global TAS change (Eq. 21). When 𝛾  decreases with time, meaning that the WP warming 465 

contributes more to global-mean TAS change, the strength of net global radiative feedback will be 466 

larger, i.e., a more negative value. This is because the surface warming in the WP is communicated 467 

to the free troposphere, driving more outgoing radiation to space that efficiently damps the heating, 468 

thus leading to a more negative feedback. In contrast, when 𝛾 increases with time, meaning that 469 

warming outside of the WP features more in global-mean TAS change, then the feedback will be 470 

smaller in magnitude, i.e., a less negative value. This is because the local surface warming in 471 

tropical descent regions and high latitudes tends to be constrained near the surface, driving much 472 

smaller changes in global TOA radiation, and resulting in a less negative feedback (Zhou et al. 473 

2017; Andrews and Webb 2018).  474 

 475 

In Fig. 10, we show the evolution of 𝛾 calculated using Eq. (21) for the Historical run and the 476 

4´CO2 run, and compare the evolution of the net feedbacks with the approximated feedbacks 477 

calculated by Eq. (19). In both the historical warming and future warming simulations, the 478 

evolution of 𝛾 is responsible for the time-dependence in the strength of the global feedback, and 479 

the approximated feedback captures the main trend of the net feedback changes throughout the 480 

whole period. The radiation change induced by the east Pacific warming and all other oceans 481 

outside of the WP plays a minor role in feedback evolution. This is consistent with the assumption 482 

that surface warming in the WP region controls the change in global TOA radiation, and the 483 

evolution of global radiative feedbacks is thus due to the evolution of 𝛾.  484 
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 485 

In summary, applying the Green’s function approach we are able to isolate the effect of regional 486 

warming on global TOA radiation, TAS, and feedback changes, respectively, for different time 487 

periods. In contrast to previous studies that focus on the tropical east – west Pacific SST gradient 488 

or high-latitude – tropics SST gradient, our study pinpoints the relative importance of the western 489 

Pacific as the dominant driver of changes in global TOA radiation. We also propose that global 490 

feedback changes track the ratio of the contribution to global TAS change from regional surface 491 

warming in the WP region relative to the contribution from warming in all other regions. This is 492 

particularly useful for understanding the trend toward a less-negative global radiative feedback 493 

with high-latitude warming on long timescales as seen in our 4´CO2 simulation and in previous 494 

studies (Winton et al. 2010; Li et al. 2013; Rose et al. 2013; Rose and Rayborn 2016; Rugenstein 495 

et al. 2016). While previous arguments have been focused on the radiation change coming from 496 

this warming pattern, our results offer the interpretation that the trend toward a less-negative 497 

radiative feedback can be attributed to the change in global surface temperature with little change 498 

in global TOA radiation (i.e., an increasing denominator in Eq. (19) associated with an increase in 499 

the WP warming ratio 𝛾).  500 

 501 

6. Discussion  502 

There are two possible caveats to the results presented: the sensitivity of the results to the strength 503 

of cloud feedback in the AGCM we used, and the potential reasons for the noticeable nonlinearity 504 

in radiative response seen in the 4´CO2 run (Fig. 7 d, f).  505 

 506 

a. Comparison with CAM5  507 
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The model we used in this study (CAM4) to construct the Green’s function is known to lack an 508 

accurate representation of LCC sensitivity to local SST changes, and therefore potentially leads to 509 

less positive cloud feedback associated with warming in tropical descent regions (e.g., Gettelman 510 

et al. 2012; Park et al. 2014). We thus compare the CAM4 Green’s function to that of CAM5 511 

(using output from the simulations of Zhou et al. 2017), which has an improved capacity to 512 

simulate LCC response to both local SST change and tropospheric stability change (Park et al. 513 

2014). Fig. 11 shows the comparison of global-mean cloud radiative effect (CRE) and global-mean 514 

net TOA radiation to each grid of unit SST warming. (CRE is defined as the difference between 515 

net TOA radiation and clear-sky net TOA radiation). The patterns are consistent between the two 516 

models, although CAM4 has greater CRE and net TOA radiation response to SST warming in the 517 

warm pool region.  518 

 519 

To test the robustness of our results concerning the processes responsible for the time-variation of 520 

global feedbacks, we repeat the calculations of Eq. (19) but using the CAM5 Green’s function. We 521 

find that feedback approximation, using only the global-mean TOA radiative response to SST 522 

change in the WP region, still captures most of the temporal variations in the net feedback in both 523 

the Historical run (Fig. 11e) and the 4´CO2 run (Fig. 11f). This agreement between CAM4 and 524 

CAM5 suggest that the key result of this study – that warming in the western tropical Pacific 525 

dominates global feedback changes for historical and future warming – is robust across models 526 

with different cloud parameterizations.  527 

 528 

b. Nonlinearity in the 4´CO2 simulation 529 
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In section 4, we found that the global-mean TOA radiation, and thus radiative feedback, 530 

reconstructed from the Green’s function was offset from those in the 4´CO2 run (Fig. 7 d, f). Note 531 

that these two predictions are both based on prescribed-SST simulations with the same mean state, 532 

therefore the disagreement here suggests a nonlinear behavior in climate response and a caveat for 533 

the use of the Green’s function approach. This offset appears in the first few decades, and then 534 

remains relatively constant over the rest of the simulation. We consider several hypotheses that 535 

could account for this nonlinearity.   536 

 537 

The first hypothesis is that there may be a nonlinearity in global-mean TOA radiation change that 538 

is associated with global-mean temperature change (e.g., Bloch-Johnson et al. 2015). This would 539 

result in a residual between the Green’s function reconstruction and model output, hereafter noted 540 

as ∆𝑅�5�, that should scale as a quadratic function of global-mean temperature: 𝑏𝛥𝑇2,where b has 541 

unit of Wm-2K-2 (Bloch-Johnson et al. 2015). That is, the feedback (∆𝑅/∆𝑇), instead of being 542 

constant, may increase with global-mean temperature (Meraner et al. 2013; Block and Mauritsen 543 

2013). If this holds, we would expect ∆𝑅�5� = 	𝑏𝛥𝑇2, or ∆𝑅�5�/∆𝑇 = 	𝑏∆𝑇. Comparing ∆𝑅�5� 544 

from the 4´CO2 simulation to that expected based on b values found in other model simulations 545 

(Meraner et al. 2013; Roe and Armour, 2011) shows that this nonlinearity does not appear to 546 

explain the residual (Fig. 12). Instead, ∆𝑅�5�  appears to show three separate regimes as time 547 

evolves: the first 1-2 years, the first few decades, and the longer time scale in the rest of 150 years. 548 

This seems more consistent with the three modes of evolving warming patterns proposed by 549 

Proistosescu and Huybers (2017). Only the second mode shows a nonlinear-like behavior, yet the 550 

best-fitting value of b (approximately 0.17 Wm-2K-2) is well above the maximum value (0.06 Wm-551 
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2K-2) found in previous studies (Roe and Armour 2011). Moreover, after the first few decades, 552 

∆𝑅�5� no longer fits the expected nonlinear relationship.  553 

 554 

While the global-mean temperature nonlinearity does not explain the residual, it is possible that 555 

there could be a nonlinearity associated with local temperature change. That is, the error in global-556 

mean TOA radiation estimate could arise from the local SST changes in the simulation being 557 

substantially larger than the SST anomalies we imposed to derive the Green’s function. To test 558 

this possibility, we perform an additional 30 year-long simulation, in which the SST/SIC anomalies 559 

have the same spatial pattern as in the last 30 years of the 4´CO2 run, but the magnitude of the 560 

anomalies is reduced by 5/6 at all locations such that the global-mean SSTs are comparable to that 561 

of the last 30 years of the Historical run (hereafter, the ReducedSST run). In this simulation (see 562 

Fig. 7, blue lines), the offset between the CAM4-produced response (Fig. 7d, blue solid line) and 563 

Green’s function reconstructed response (Fig. 7d, blue dashed line) still remains, suggesting that 564 

the magnitude of local temperature is not the reason leading to the error.  565 

 566 

A third possibility is that the nonlinearity in global-mean radiation arises from the spatial pattern 567 

of SST/SIC changes in the 4´CO2 simulation. For example, this relatively uniform warming 568 

pattern in the climate system may introduce spatially-smoothed response in convection and 569 

circulation, yet this smoothing effect is missing in the Green’s function since the global response 570 

is linearly summed from the responses to regional forcings that may, for instance, shift convection 571 

considerably within the tropics. Indeed, an offset in global TOA radiation of similar magnitude is 572 

found in an additional simulation within CAM4 where we impose a uniform warming pattern 573 

(1.5K SST perturbation globally). With the uniform warming, the Green’s function derived TOA 574 
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radiation changes have much more spatial variance and have a more negative global mean 575 

compared to the changes as simulated directly by the model. Yet this offset is much weaker in an 576 

additional simulation with regionally-uniform warming (1.5K SST perturbation over 160°W - 577 

50°E, 45°S-45°N). Hence, we postulate that the smooth spatial pattern of surface warming 578 

predicted under CO2 quadrupling may be responsible for the nonlinearity, suggesting an important 579 

caveat and a limitation for the use of Green’s function approaches to quantify future feedback 580 

changes.  581 

 582 

7. Conclusion  583 

Here we have examined the historical and future evolution of global radiative feedbacks within 584 

two AGCM simulations. Feedbacks trend toward more negative values over time for historical 585 

warming, yet trend toward more positive values over time under 4´CO2. To quantify the impact 586 

of regional SST anomalies on global TOA radiation and TAS, we derived a Green’s function from 587 

a suit of patch simulations within CAM4, permitting the attribution of feedback changes to surface 588 

warming in each region.  589 

 590 

The results first highlight the radiative response to surface warming in tropical ascent regions as 591 

the dominant control of global TOA radiation change both in the past and in the future. We propose 592 

that, to a good approximation, global radiative feedback changes track the “warm pool warming 593 

ratio” (𝛾), defined here as the ratio of contribution to global TAS change from surface warming in 594 

the regions outside of the WP relative to the contribution from warming in the WP region alone. 595 

We found that historical TAS changes from the 1950s to 2000s are preferentially attributed to SST 596 

changes in the warm pool, i.e.,	𝛾 is small over recent decades. This surface warming pattern yields 597 
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a strong global outgoing radiative response at TOA that can efficiently damp the surface heating, 598 

therefore producing a very negative global feedback. The projected future change in global TAS, 599 

on the other hand, features more warming in regions outside of deep convective regions, i.e., 𝛾 600 

increases by time. Surface warming from these regions such as the eastern Pacific Ocean and 601 

Southern Ocean, yields locally amplified warming effects but limited global TOA radiation 602 

changes, thus leading to a less-negative global feedback in the projected (future) climate.  603 

 604 

Comparing our results from CAM4 to those based on the CAM5 Green’s function of Zhou et al. 605 

(2017) shows that while the cloud radiative response is somewhat different between the two 606 

models, there is consistency between CAM4 and CAM5 regarding the regions of importance for 607 

the temporal change in global radiative feedbacks, in both the historical record and future 608 

projections of climate change. An expanded inter-model comparison using the Green’s function 609 

approach from multiple GCMs would be valuable. We also examined potential reasons for the 610 

nonlinearity seen in the 4´CO2 simulation. The specific mechanism is not clearly understood, but 611 

we propose that it might arise from the relatively uniform spatial pattern of SSTs in this simulation, 612 

which produces rather uniform radiative response that is not captured by the linearized Green’s 613 

function.   614 

 615 

This study highlights the importance of warm pool warming relative to the rest of the world oceans 616 

for the evolution of global radiative feedbacks, both historically and in the future under CO2 617 

forcing. A key question is thus whether the western Pacific will continue to warm quickly relative 618 

to the rest of the world oceans, as we have seen in observations to date, or whether it will warm 619 

by relatively less in the future, as GCMs predict. These results suggest that only in the case that 620 
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the western Pacific warming keeps warming at a greater place than the rest of the global oceans 621 

can we expect ICS to remain as low as that derived from recent energy budget constraints (e.g., 622 

Otto et al. 2013; Lewis and Curry 2015; 2018; Armour 2017; Knutti et al. 2017). If GCMs are 623 

accurate in their projection that the western Pacific warming will not keep pace with the eastern 624 

Pacific and high latitude warming, then we can expect a less negative feedback, and a higher value 625 

of ICS, in the future.  626 

 627 
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Table 1. List of experiments performed in this study.  770 

 771 

Experiments Run time SST/SIC input Description of anomaly defined in 

this study 

Control  45 years Monthly-varying observed climatology 

at the present-day level (averaged over 

years 1982-2001), from CAM4 model 

defaults (available at 
http://www.cesm.ucar.edu/models/cesm

1.2/cam/docs/ug5_3/ch03.html) 

 

Patch 

Simulations 

40 years Each with a patch of warm SST 

anomaly and/or SIC anomaly added to 

the monthly-varying observed 

climatology used in the Control run 

The model outputs averaged over the 

last 39 years relative to the Control 

run’s outputs averaged over the entire 

45 years. 

Historical  165 years 

(year 1850-

2014) 

Monthly-varying observed historical 

SST/SIC (Hurrell et al. 2008) 

(The CAM4 default time series data is 

available at 

http://www.cesm.ucar.edu/models/cesm

1.2/cam/docs/ug5_3/ch03.html) 

The model outputs spanning over 
years 1900-2014 relative to the 
outputs averaged over years 1850-
1890 in the same simulation   

4´CO2  150 years Monthly SST/SIC anomalies from 

CCSM4 Abrupt4´CO2 experiment 

relative to its piControl experiment in 

CMIP5, added to the monthly-varying 

observed climatology (used in the 

Control run) 

The model outputs spanning over the 

entire 150 years relative to the 

Control run’s outputs averaged over 

the entire 45 years.  

ReducedSST  

 

30 years  As same as the last 30 years of the 

4´CO2 run, except the global-mean 

magnitude is reduced to be comparable 

to that of the last 30 years of the 

Historical run  

The model outputs spanning over the 

entire 30 years relative to the Control 

run’s outputs averaged over the entire 

45 years. 

 772 

 773 
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 774 

Figure 1: Evolution of global-mean response of (a, d) net TOA radiation (Wm-2), (b, e) near-surface 775 

air temperature (K) and (c, f) global feedback (Wm-2K-1) from (left column) the Historical run and 776 

(right column) the 4´CO2 run. The black lines denote annual mean values, and the blue lines denote 777 

10-years running averages. The feedback parameter (c, f) is calculated as annual-global-mean net 778 

TOA flux change (a, d) divided by annual-global-mean TAS change (b, e).  779 

 780 

 781 

Annual mean 
10-years average  
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 782 

Figure 2: The pattern of SST changes (K) between the late period and the early period, (a) in the 783 

Historical run (SSTs averaged over the recent decade 1996-2005 minus those over the midcentury 784 

1956-1965); and (b) in the 4´CO2 run (SSTs averaged over last 20 years minus those over the first 785 

20 years).  Note the color scales in (a) and (b) are different.  786 
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 787 

Figure 3: Geographic location of SST patches. Black and red dots denote the center of all patches. 788 

The contour denoting the half-amplitude (i.e., 1.5 K for polar patches and 0.75 K for other patches) 789 

of each of the red patches is shown, demarking approximately half the size of the patch. The half-790 

amplitude contour for the patches labeled by the black dots are not shown.  791 

 792 
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 793 

 794 

Figure 4:  Response to selected SST patches. The patches are identified by the black contour (half-795 

amplitude contour) in the panels in the top row, imposed in (a) the tropical west Pacific, (b) the 796 

tropical east Pacific, (c) the Northern Hemisphere high latitude, and (d) the Southern Hemisphere 797 

high latitude. From top to bottom: changes in near-surface air temperature DT (K), net TOA 798 

radiation DR (Wm-2), estimated inversion strength DEIS (K), low cloud cover DLCC (%) and 799 

zonal-mean temperature DTzonal-mean (K). Shown in each panel is the anomalies from each 800 



 42 

experiment averaged over the last 39 years relative to the Control run. The area-weighted global 801 

mean of each response is shown at the top of each plot, except for the zonal mean temperature 802 

change DTzonal-mean (bottom row). Note that the amplitude of SST anomalies imposed in polar 803 

patches (c, d) is as twice as that imposed in the tropical patches (a, b).   804 

 805 

 806 

 807 

 808 

 809 

 810 
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 811 

Figure 5: Response of annual and global-mean of (a) net TOA radiation, (b) near-surface air 812 

temperature, and (c) feedback to unit SST warming in each grid box. The units are Wm-2/K, K/K, 813 

Wm-2/K, respectively. The global-mean TOA radiation change shown in (a) is decomposed using 814 

radiative kernels into contributions due to (d) Planck, (e) lapse rate, (f) water vapor, (g) cloud SW 815 

radiation, (h) cloud LW radiation, and (i) albedo changes. The units for panel (d) - (i) are the same 816 

as the panel (a), Wm-2/K.  817 

 818 

 819 
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 820 

Figure 6: Linearity test with two warming patches in the tropics. The left column (a) shows 821 

response from the Two-Patch simulation, in which two warming patches are imposed 822 

simultaneously: one in the tropical west Pacific, and one in the tropical east Pacific (the patches 823 

are identified by the black contour in the panels in the top row). The right column (b) shows the 824 

linear sum of responses from two individual simulations, each with a single patch of SST 825 

anomalies. Shown in each panel is the anomalies from each experiment averaged over the last 39 826 
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years relative to the Control run. From top to bottom: near-surface air temperature DT (K), net 827 

TOA radiation DR (Wm-2), estimated inversion strength DEIS (K), and low cloud cover DLCC (%).  828 
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 838 

 839 

 840 
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 841 

Figure 7: Comparison of the response from CAM4 simulations and the response from the Green’s 842 

function. The left column shows results for the Historical run, the right column shows results for 843 

the 4´CO2 run. From top to bottom: net TOA radiation (Wm-2), near-surface air temperature (K), 844 

and global feedback (Wm-2 K-1). The black solid lines denote the response from the CAM4 model, 845 

the red solid lines denote the response from the Green’s function reconstruction. The blue lines 846 

denote the response from the 30-years ReducedSST run, in which SST/SIC keeps the same pattern 847 

as the 4´CO2 run, but the magnitude of global-mean SST/SIC is reduced by 5/6 to be same as the 848 

last 30 years of the Historical run. The solid blue line denotes the response from the model, and 849 

the dashed blue line denotes the response from the Green’s function. (see Table 1 and section 6b 850 
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for more details.) All the blue lines are running 10 years averages; the black and red lines are 851 

annual averages.  852 

 853 

 854 

 855 

 856 

 857 
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 858 

Figure 8: Global-mean response to each grid box of actual SST change in the Historical warming 859 

pattern. The left column is the averaged response over the 1950s, the right column is the averaged 860 

response over the 2000s. (a) and (b) are the SST changes (K) relative to the pre-industrial level 861 

(i.e., values averaged over years 1850-1890). (c) and (d) denote the global-mean net TOA radiation 862 

response attributed to each grid of SST change (∆𝑅xyz{|yD, unit of Wm-2). (e) and (f) denote the 863 
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global-mean surface air temperature change attributed to each grid of SST change (∆𝑇xyz{|yD, unit 864 

of K). The grey box indicates the area defined as the warm pool in Eq. (19) - Eq. (21) in section 5.  865 

 866 

 867 

 868 

 869 
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 871 

Figure 9: Same as Fig. 8, expect for the 4´CO2 run. The responses shown are taken as the 872 

anomalies relative to the Control run. The left column is averaged response over the first 20 years, 873 

the right column is averaged response over the last 20 years.  874 
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 875 

Figure 10: Evolution of radiative feedbacks estimated from the Green’s function (a, c) and WP 876 

warming ratio 𝛾 (b, d), for the Historical run (left column) and for the 4´CO2 run. In panel (a) and 877 

(c), the black line (“Net”) denotes net feedback, the blue line (“WP only”) denotes the 878 

approximated feedback calculated by Eq. (19), i.e., the global-mean radiation change is 879 

approximated to the radiative response to the warm pool warming alone. The red line (“EP only”) 880 

shows the estimated feedback using the radiative response to surface warming in the east Pacific 881 

alone, i.e., 
∆I}~���~_��

∆J}~���~_���∆J}~���~_�����
. The orange line (“Rest”) shows the estimated feedback using 882 

the radiative response to surface warming in the rest of the globe, i.e., 
∆I}~���~_�����

∆J}~���~_���∆J}~���~_�����
. In 883 

panel (b) and (d), 𝛾 is calculated as ∆𝑇xyz{|y_z��5�/∆𝑇xyz{|y_�� (Eq. 21), both terms are 10-years 884 

running averages.   885 
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Figure 11: Comparison of results from this study with those from the CAM5 Green’s function in 887 

Zhou et al. (2017). Panel (a, b) shows global-mean cloud radiative effect (CRE) change to unit 888 

SST warming in each grid box (unit: Wm-2/K). Panel (c, d) shows global-mean net TOA radiation 889 

change to a unit SST warming in each grid box (unit: Wm-2/K). The left column shows results 890 

from CAM4 (this study), the right column shows results from CAM5 (Zhou et al. 2017). Note that 891 

panel (c) is identical to panel (a) in Fig. 5. Panel (e, f) show the evolution of feedbacks estimated 892 

from the CAM5 Green’s function, for (e) the Historical run and for (f) the 4´CO2 run, to be 893 

compared to in Fig 10 (a, c). The “Net” feedback is estimated using the Green’s function from 894 

Zhou et al. (2017). Note that CRE is slightly different to Rcloud used in Zhou et al. (2017); it is 895 

defined as the difference between net TOA radiation and clearsky net TOA radiation, without 896 

removing the cloud masking effect. 897 
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 909 

Figure 12: Nonlinear TOA radiation residual (∆𝑅�5�) from the 4´CO2 simulation. ∆𝑅�5�	is the 910 

difference in global-mean net TOA radiation produced by model and those produced by the 911 

Green’s function (unit: Wm-2). Panel (a) shows the relationship of ∆𝑅�5� against global-mean TAS 912 

change (DT, unit: K); panel (b) shows the relationship of ∆𝑅�5�/DT (Wm-2K-1) against DT. The 913 

black dots are running 10-years averages from the 4´CO2 simulation. The red lines in panel (a) 914 

and panel (b) denote quadratic relationship ∆𝑅�5� = 𝑏∆𝑇2  and linear relationship ∆𝑅�5�/∆𝑇 =915 

	𝑏∆𝑇, respectively, using b of 0.03 Wm-2K-2 (from Meraner et al. 2013), 0.06 Wm-2K-2 (from Roe 916 

and Armour, 2011), and 0.17 Wm-2K-2 (best-fitting for the data points over the first few decades). 917 


