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ABSTRACT 17 

The role of cloud feedbacks in Arctic amplification (AA) of anthropogenic warming 18 

remains unclear. Traditional feedback analysis diagnoses the net cloud feedback as strongly 19 

positive in the tropics but either weak or negative in the Arctic, suggesting that AA would be 20 

amplified if cloud feedbacks were suppressed. However, in cloud-locking experiments using 21 

the slab ocean version of the Energy Exascale Earth System Model (E3SM), we find that 22 

suppressing cloud feedbacks results in a substantial decrease in AA under greenhouse gas 23 

forcing. We show that the increase in AA from cloud feedbacks arises from two main 24 

mechanisms: 1) the additional energy contributed by positive cloud feedbacks in the tropics 25 

leads to increased poleward moist atmospheric heat transport (AHT) which then amplifies 26 

Arctic warming; 2) the additional Arctic warming is amplified by positive non-cloud feedbacks 27 

in the region, altogether making extra-polar cloud feedbacks amplify AA. We also find that 28 

cloud changes can modify the strength of non-cloud feedback, which has a small effect on 29 

Arctic warming. We further validate the role of cloud feedbacks in AA using a moist energy 30 

balance model, which demonstrates that interactions of cloud feedbacks with moist AHT and 31 

other positive feedbacks dominate their influence on the pattern of surface warming. Moreover, 32 

the predicted AA shows little variation when the effect of cloud feedbacks on non-cloud 33 

feedback is considered. These results demonstrate that traditional attributions of AA, based on 34 

local feedback analysis, overlook key interactions between extra-polar cloud changes, 35 

poleward AHT, and non-cloud feedbacks in the Arctic. 36 

 37 

1. Introduction 38 

Analysis of observations (Serreze et al. 2009; Screen and Simmonds 2010; Collins et al. 39 

2013) and climate model simulations (Manabe and Stouffer 1980; Holland and Bitz 2003; 40 

Taylor et al. 2021) show that the Arctic experiences greater surface warming than other regions 41 

under increased greenhouse gas forcing – a phenomenon known as Arctic amplification (AA). 42 

Many mechanisms have been proposed to explain this amplified warming in the Arctic (e.g., 43 

Pithan and Mauritsen 2014; Singh et al. 2017; Stuecker et al. 2018; Hahn et al. 2021; Feldl and 44 

Merlis 2021), involving both local processes and changes in poleward energy transports. 45 

Currently there is no consensus on the main driver of AA as many different processes have 46 

been proposed to play a role (e.g., Forster et al. 2021).  47 
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In addition, the uncertainty in Arctic warming projections exceeds that of any other region, 48 

in part owing to challenges in accurately quantifying cloud feedbacks (Bonan et al. 2018; 49 

Zelinka et al. 2020; Hahn et al. 2021; Previdi et al. 2021). Significant uncertainties persist 50 

regarding cloud properties and their radiative effects in polar regions (Randall et al. 1998; 51 

Shupe and Intrieri 2004; Kay and Gettelman 2009; Boeke and Taylor 2016; Kato et al. 2018). 52 

Given that the poles are the regions most sensitive to greenhouse gas forcing (Boeke and Taylor 53 

2018; Constable et al. 2022; González-Herrero et al. 2024), it is crucial to determine how clouds 54 

respond to climate change and whether these changes will enhance or dampen warming in the 55 

Arctic and consequently AA.  56 

Previous studies have employed various methods to assess the impact of cloud feedbacks 57 

on AA. For instance, several studies (Pithan and Maurisen 2014; Goosse et al. 2018; Hahn et 58 

al. 2021) used a radiative feedback analysis and found that cloud feedbacks slightly reduce AA 59 

in climate models. They argued that this occurs because the net cloud feedback is strongly 60 

positive in the tropics but either weak or negative in the Arctic. In contrast, Vavrus (2004) 61 

compared two simulations—one with and one without changes in cloud fraction under 2×CO2 62 

forcing in an atmosphere–slab ocean model—and found that cloud feedbacks amplify AA. 63 

Meanwhile, Middlemas et al. (2020) used a cloud locking method in the coupled Community 64 

Earth System Model (CESM) and found that the influence of cloud feedbacks increased both 65 

global and Arctic warming by approximately the same amount, around 25%, thus concluding 66 

that cloud feedbacks did not substantially contribute to AA. These findings show the 67 

complexity and ongoing uncertainty about the role of cloud feedbacks in AA.  68 

The discrepancies between the conclusions of these studies can be partially attributed to 69 

the use of different methods to assess the contribution of cloud feedbacks. For example, 70 

traditional feedback analysis methods, such as that employed by Hahn et al. (2021), use a linear 71 

diagnostic framework and thus do not capture the interactions between cloud feedbacks, non-72 

cloud feedbacks, and atmospheric heat transport (AHT). Cloud locking methods offer a distinct 73 

advantage over this traditional feedback analysis in that cloud locking not only eliminates cloud 74 

feedbacks but also interrupts their interactions with non-cloud feedbacks and AHT (Vavrus 75 

2004; Mauritsen et al. 2013; Grise et al. 2019; Middlemas et al. 2019; Harrop et al. 2024). 76 

Since local feedbacks influence meridional temperature gradients and local radiation, they must 77 

also influence AHT (e.g., Hwang and Frierson 2010; Hwang et al. 2011; Armour et al. 2019). 78 

Thus, the coupling between AHT and local feedbacks is important for understanding AA 79 
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(Huang et al. 2017). The cloud locking approach provides a comprehensive assessment of the 80 

role of cloud feedbacks in AA, but a key question is how to reconcile its findings with 81 

traditional feedback analyses. 82 

In this study, we examine the role of cloud feedbacks in AA using cloud locking techniques 83 

in both a comprehensive global climate model (GCM) and a moist energy balance model 84 

(MEBM) that includes the interactions between feedbacks and AHT. We also apply traditional 85 

feedback analyses, and compare the findings between the two approaches to demonstrate that 86 

extra-polar cloud feedbacks (i.e., cloud feedbacks outside the Arctic) play a key role in driving 87 

AA through their interactions with AHT and non-cloud feedbacks in the Arctic.  88 

 89 

2. Model and experiments 90 

The comprehensive GCM we employ here is the Slab Ocean Model (SOM) version of the 91 

Energy Exascale Earth System Model version 2 (E3SMv2-SOM; Golaz et al. 2022; Garuba et 92 

al. 2024). E3SMv2 is a state-of-the-art climate model that includes the E3SM Atmosphere 93 

Model (EAM; Rasch et al. 2019), the E3SM Land Model (ELM), the Model for Prediction 94 

Across Scales ocean model (MPAS-O), and the MPAS sea ice model (MPAS-SI) (Petersen et 95 

al. 2019). E3SMv2-SOM has a 110 km atmosphere with 72 layers, 165 km land, 0.5° river 96 

routing model, and an ocean and sea ice with mesh spacing varying between 60 km in the mid-97 

latitudes and 30 km at the equator and poles (Golaz et al. 2022). In the E3SMv2-SOM 98 

configuration, the dynamic MPAS-O model component is replaced with the SOM component, 99 

and other model components are identical with the E3SMv2. E3SMv2-SOM effectively 100 

reproduces the baseline climate of the fully coupled simulations of E3SMv2 experiments 101 

(Garuba et al. 2024), including temperature, precipitation, and sea ice concentration.  102 

We perform an initial pre-industrial control simulation of the E3SMv2-SOM using the 103 

ocean heat transport convergence (referred to as q-flux) and mixed layer depth (MLD) obtained 104 

from a fully coupled, high-resolution simulation of an earlier version of E3SM (E3SMv1-HR; 105 

Caldwell et al. 2019). Since the ocean heat transport is overall too strong in that simulation, 106 

applying the q-flux directly within E3SMv2-SOM results in a warmer mean climate compared 107 

to the HadISST climatology of 1870-1900 (17.4°C vs. 13.7°C; Rayner et al. 2003). To address 108 

this, we conduct a set of sensitivity tests and find that reducing the q-flux values at each grid 109 

point by 40% significantly reduces the warm bias. We then use an iterative equilibration 110 
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approach (Wang et al. 2019) to fine-tune the q-flux, resulting in a sea surface temperature (SST) 111 

climatology that closely matches the HadISST climatology (Rayner et al., 2003). The E3SMv2-112 

SOM simulation using this fine-tuned q-flux defines the pre-industrial control climatology for 113 

this study. 114 

Branched from this pre-industrial control simulation, we perform two pairs of E3SMv2-115 

SOM simulations (Table 1) to evaluate the role of clouds in the climate response to greenhouse 116 

gas forcing. We first integrate a pair of simulations with pre-industrial and quadrupled CO2 117 

levels (A1 and A4; Table 1). We refer to this pair as “cloud-active” simulations because clouds 118 

are allowed to actively evolve with and influence the climate state. We integrate a second pair 119 

of simulations that are similar to the first pair, except that the cloud optical properties are 120 

replaced by pre-industrial values taken from the pre-industrial control simulation everywhere 121 

on the globe and at all vertical levels (L1 and L4; Table 1). Specifically, the cloud optical 122 

properties from the last three years of the pre-industrial control simulation are saved at an 123 

hourly frequency and are prescribed to L1 and L4 on an hourly basis during radiative transfer 124 

calculations. This “cloud locking” technique disables cloud radiative feedbacks (see Harrop et 125 

al. 2024 for more details about the method), and thus we refer to this pair as “cloud-locked” 126 

simulations. The role of cloud feedbacks in the climate response to CO2 forcing can be 127 

quantified by comparing the response of simulations with active (A4 minus A1) and locked 128 

clouds (L4 minus L1). All the simulations are 50 years in length, and we use the last 30 years 129 

for analyses. 130 

Table 1: Model experiments 131 

Name Length (Yrs) CO2 level Cloud condition 

Cloud-active 

A1 50 1×CO2 Active 

A4 50 4×CO2 Active 

Cloud-locked 

L1 50 1×CO2 Locked to A1 

L4 50 4×CO2 Locked to A1 

 132 

3. Results 133 
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a. Surface Temperature Response 134 

In response to CO2 quadrupling (4×CO2), the surface temperature increases everywhere 135 

with amplified warming at both poles in both cloud-active and cloud-locked simulations (Fig. 136 

1a). The global mean surface warming in the cloud-locked simulation (4.81 K) is only half as 137 

large as that in the cloud-active simulation (8.72 K1). While the magnitude of surface warming 138 

is reduced everywhere when clouds are locked, the most substantial warming reduction occurs 139 

in the Arctic where cloud locking reduces warming by around 11 K (Figs. 1a-c). The 140 

amplification index (defined as zonal-mean surface warming normalized by global-mean 141 

surface warming) also shows that the impact of interactive cloud changes is most significant in 142 

the Arctic, where AA (defined as the ratio of surface warming average north of 60°N to global 143 

surface warming) increases from 1.72 to 1.98 (an increase of ~15%) when cloud feedbacks are 144 

included (black line in Fig. 1d). If an alternative definition of AA is applied, defined as the 145 

ratio of surface warming between the Arctic (60°N-90°N) and the tropics (30°S-30°N), the AA 146 

increase from 2.17 to 2.58 when cloud feedbacks are included (an increase of ~19%). These 147 

results are consistent with those of Vavrus (2004) who also found that cloud feedbacks enhance 148 

AA. 149 

 150 

Fig. 1. Changes of surface temperature (K) in response to 4×CO2 in (a) cloud-active and (b) cloud-151 

locked simulations. (c) Changes of zonal mean surface temperature in cloud-active (black) and cloud-locked 152 

(gray) simulations, with area weighted global mean indicated by the numbers. (d) Changes of amplification 153 

(zonal-mean surface warming normalized by global-mean surface warming) in cloud-active (black) and 154 

cloud-locked (gray) simulations. Latitude axes in (c) and (d) are area weighted. 155 

 156 

 
1
 The Equilibrium Climate Sensitivity (ECS) of the E3SMv2-SOM estimated in this study (4.36 K) differs 

slightly from the value reported by Garuba et al. (2024) for E3SMv2-SOM (4.5 K), likely due to slight 

differences in the prescribed q-flux. 
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b. Cloud Feedback diagnoses and correction 157 

To examine how the various radiative feedbacks in E3SM contribute to AA, we use a 158 

radiative kernel analysis. The radiative kernels used here are calculated from CESM1-CAM5 159 

(Pendergrass et al. 2018). We also test the results of using ERA kernel (Huang et al. 2017) and 160 

the results are qualitatively similar. We find that, compared to the surface albedo kernel in 161 

Huang et al. (2017), the surface albedo kernel derived from CESM1-CAM5 agrees better with 162 

the one estimated from the climatological radiative fields in E3SM using an idealized isotropic 163 

radiation model (Donohoe et al. 2020a) applied in the Arctic region (Figure A1), indicating 164 

that the CESM1-CAM5 kernels are more appropriate for use in calculating the surface-albedo 165 

feedback in the E3SM. Additionally, the errors in the clear-sky kernel decomposition are 166 

smaller than 15% of the magnitude of both the clear-sky longwave and shortwave (Figure A2) 167 

and satisfy the clear-sky linearity test (Caldwell et al. 2016). In addition, we use an adjusted 168 

Cloud Radiative Effect (CRE) method to calculate the cloud feedbacks (Soden et al. 2008; 169 

Shell et al. 2008): 170 

𝛿𝑅𝑐 = ∆𝐶𝑅𝐸 + (𝐾𝑇
0 − 𝐾𝑇)∆𝑇 + (𝐾𝑊

0 − 𝐾𝑊)∆𝑊 + (𝐾𝑎
0 − 𝐾𝑎)∆𝑎 + (ERF0 − ERF)    (1) 171 

where 𝛿𝑅𝑐 is the cloud feedbacks; ∆𝐶𝑅𝐸 is the CRE, defined as the difference in the top-of-172 

atmosphere radiation between all-sky and clear-sky conditions (e.g., Charlock and Ramanathan 173 

1985); 𝐾𝑥 are the all-sky kernels (where x=T, W, a, corresponding to the temperature, water 174 

vapor, and albedo kernels, respectively), defined as the ratio of the all-sky radiative flux change 175 

at the top-of-atmosphere due to specific variables to the perturbation in those variables; ERF 176 

is the effective radiative forcing for 4×CO2 in all-sky conditions; 𝐾𝑥
0 and ERF0 represents the 177 

correspond values in clear-sky conditions; ∆𝑥 represent the changes in the climate variables in 178 

response to greenhouse gas forcing in E3SM. The last four terms on the right-hand side of Eq. 179 

(1) represent the effects of cloud masking on non-cloud feedbacks (i.e., temperature, water 180 

vapor, and surface albedo) and radiative forcing (i.e., ERF), which are added to the change in 181 

CRE to estimate cloud feedbacks. We derive the ERF of 4×CO2 from fixed-SST experiments 182 

using E3SMv2 (Qin et al. 2024). 183 

Figure 2 shows the local cloud feedbacks diagnosed according to equation (1) (i.e., the local 184 

top-of-atmosphere radiation response due to cloud changes per degree of local surface 185 

temperature change) in both the E3SM cloud-active and cloud-locked simulations. In the cloud-186 

active simulation, the net cloud feedback is positive in the tropics but negative in the Arctic, 187 

with a global mean of 0.57 W m⁻² K⁻¹. This feedback analysis suggests that the net cloud 188 
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feedback should, on its own, act to reduce AA, which conflicts with the simulated increase in 189 

AA when cloud feedbacks are active (Fig. 1d). A possible reason for this conflict is that cloud 190 

feedbacks affect surface temperature not only through directly influencing top-of-atmosphere 191 

radiation but also by influencing AHT and interacting with other, non-cloud feedbacks. We 192 

will discuss these processes in detail in the following subsections.  193 

We can also use the cloud-locked simulations to assess the accuracy of the adjusted CRE 194 

method (Eq. (1)). By construction, the diagnosed cloud feedback in the cloud-locked simulation 195 

should be zero everywhere, with zero global mean. However, contrary to this expectation, we 196 

find that it is slightly negative everywhere, with a global mean of -0.33 W m⁻² K⁻¹. The negative 197 

values stem from SW cloud effects in the polar regions and LW cloud effects in extra-polar 198 

regions (Fig. 2b). This suggests that the cloud masking correction still leaves an error margin 199 

in diagnosing cloud feedbacks with radiative kernels. 200 

While a full accounting of the cause of this kernel-derived cloud feedback error is beyond 201 

the scope of this study, the result in Fig. 2b suggests a path for its correction. Assuming that 202 

the error is the same in both the cloud-active and cloud-locked simulations, we can correct the 203 

cloud feedback in each simulation by subtracting off this term (represented by the negative 204 

adjusted CRE in cloud-locked simulation shown in Figure 2b); we refer to these as “corrected 205 

cloud feedbacks”. After applying this correction, we obtain zero cloud feedbacks in the cloud-206 

locked simulation (by construction) and more-positive cloud feedbacks in the cloud-active 207 

simulation. The corrected cloud feedback in E3SM is broadly positive except in the tropics and 208 

weakly positive in the Arctic, with a global mean of 0.90 W m⁻² K⁻¹ (Figure 2c). The global 209 

mean value and the overall patterns of the corrected cloud feedback closely matches those 210 

derived using the Cloud Radiative Kernel (CRK) method (Zelinka et al. 2012; Fig. A3), which 211 

more effectively captures key aspects of cloud feedback, particularly in the Arctic, as it is less 212 

affected by surface albedo changes (Coulbury and Tan 2024). Hence, the agreement between 213 

the corrected cloud feedbacks and those derived from the CRK method increases our 214 

confidence in this correction method. In the following analyses, 'cloud feedback' refers to the 215 

corrected cloud feedback. 216 

Next, we quantify the cloud and other feedbacks’ contributions to AA following the 217 

commonly-used warming contribution analysis (Pithan and Mauritsen 2014; Goosse et al. 218 

2018; Hahn et al. 2021). 219 
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 220 

Fig. 2. Spatial patterns of local cloud feedbacks within E3SM (a) cloud-active and (b) cloud-locked 221 

simulations. (c) is the corrected cloud feedbacks in cloud-active simulation. The right-side panels are the 222 

zonal mean net cloud feedback (black) and its longwave (LW, red) and shortwave (SW, blue) components. 223 

 224 

c. Warming Contribution 225 

The warming contribution analysis provides an estimate of the degree to which each 226 

feedback process and AHT convergence contributes to regional warming (and thus to AA). By 227 

comparing the warming contributions of non-cloud feedbacks and AHT between the cloud-228 

active and cloud-locked simulations in E3SM, we can assess the indirect impacts of interactive 229 

clouds on temperature response.  230 

Following Hanh et al. (2021), the change in surface temperature (∆𝑇) can be attributed to 231 

contributions from ERF, the Planck response (𝜆𝑝
′ ), radiative feedbacks (𝜆𝑥), the anomalies in 232 

atmospheric heat transport convergence (−∆∇ ∙ AHT), and a residual term (res): 233 
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∆𝑇 = −
ERF

𝜆𝑝
̅̅ ̅

−
𝜆𝑝

′ ∆𝑇

𝜆𝑝
̅̅ ̅

−
∑ 𝜆𝑥∆𝑇𝑥≠𝑝

𝜆𝑝
̅̅ ̅

−
∆∇ ∙ AHT

𝜆𝑝
̅̅ ̅

−
𝑟𝑒𝑠

𝜆𝑝
̅̅ ̅

                             (2) 234 

where 𝜆𝑝
̅̅ ̅ is the global- and annual-mean Planck feedback; 𝜆𝑝

′  is the location deviation in the 235 

Planck feedback from 𝜆𝑝
̅̅ ̅ ; and 𝜆𝑥 represents other radiative feedback parameters (including 236 

water vapor, lapse-rate, surface albedo, and cloud feedbacks), the cloud feedbacks are 237 

calculated following section 3b, and all the non-cloud feedbacks are calculated by multiplying 238 

the climate variable's response to 4xCO₂ (∆𝑥) by the corresponding radiative kernel (𝐾𝑥) and 239 

then normalizing by the local surface temperature response: 240 

𝜆𝑥(𝑟) =
𝐾𝑥(𝑟)∆𝑥

∆𝑇(𝑟)
                                                                (3) 241 

where 𝑟 = (𝑙𝑎𝑡𝑖𝑡𝑢𝑑𝑒, 𝑙𝑜𝑛𝑔𝑖𝑡𝑢𝑑𝑒) . Again, we use the CESM1-CAM5 (Pendergrass et al. 242 

2018) kernel to calculate the feedbacks and ERF derived from the E3SM fixed SST 243 

experiments (Qin et al. 2024). The change in atmospheric heat transport convergence, ∇ ∙ AHT, 244 

can be partitioned into moist (∇ ∙ AHTm) and dry (∇ ∙ AHTd) components (Donohoe et al. 245 

2020b; Hahn et al. 2021). By comparing the warming amplitudes and their contributing 246 

components between the Arctic (60°N-90°N) and the tropics (30°S-30°N), we can identify the 247 

drivers of AA. 248 

The results from the cloud-active simulation are consistent with previous studies (Pithan 249 

and Mauritsen 2014; Goosse et al. 2018; Hahn et al. 2021), showing that the key contributors 250 

to AA are the lapse-rate, surface-albedo, and Planck feedbacks, as well as moist AHT 251 

convergence (see the four dots in the upper left of Fig. 3a). Dry AHT convergence has a 252 

negative contribution to AA that largely compensates the contribution of moist AHT 253 

convergence, resulting in a near-zero net contribution from total AHT convergence. Before 254 

correcting the cloud feedbacks following the method described in 2.1b, both the cloud 255 

feedbacks and the residual term show a relatively weak negative contribution to AA (cyan and 256 

yellow circles in Fig. 3a), consistent with Hahn et al. (2021). However, the corrected cloud 257 

feedback, in combination with temperature response, contributes slightly positively to AA 258 

(cyan dot in Fig. 3a). To be specific, although positive cloud feedbacks (𝜆𝑐, Fig. 2c) are stronger 259 

in the tropics than in the Arctic, the surface warming (∆𝑇, Fig. 1c) is greater in the Arctic than 260 

in the tropics. This difference in surface warming overcomes the difference in the feedback 261 

parameter, resulting in the warming contribution of cloud feedbacks (𝜆𝑐∆𝑇) being greater in 262 

the Arctic. In addition, since the total temperature response remains unchanged, correcting the 263 
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cloud feedback introduces a change in the residual term. The corrected residual term, which 264 

includes all unidentified and nonlinear processes, now exhibits a stronger cooling effect in the 265 

Arctic (yellow dot in Fig. 3a). The cooling effect of the residual term in the Arctic is consistent 266 

with the negative radiation change caused by the nonlinear effect of surface-albedo feedback 267 

and cloud-albedo coupling effect identified in previous studies (Huang et al. 2021).  268 

 269 

Fig. 3 Contributions of each local feedback and atmospheric forcing to warming (K) in response to 270 

abrupt CO2 quadrupling for the tropics relative to the Arctic in E3SM (a) cloud-active and (b) cloud-locked 271 

simulations. Warming contributions are shown for the lapse-rate (LR), surface-albedo (A), water-vapor 272 

(WV), Planck (P) and cloud (C) feedback, the effective radiative forcing (CO2), change in moist AHT 273 

convergence (AHTm); change in dry AHT convergence (AHTd) and residual term (Res). The open circle 274 

shows the result before cloud feedback correction. 275 

 276 

The cloud-locked simulation shows that when clouds are suppressed, the contribution of 277 

the (corrected) cloud feedback to AA is reduced to zero, as expected. Moreover, the 278 

contributions of all other feedbacks and processes also change significantly in response to cloud 279 

locking (Fig. 3b). Specifically, the contributions of lapse-rate, surface-albedo, Planck 280 

feedbacks, and moist AHT convergence to AA all decrease in the cloud-locked simulation 281 

(compare Fig. 3b with Fig. 3a). This suggests that cloud feedbacks influence surface 282 

temperature not only directly by changing local top-of-atmosphere radiation, but also indirectly 283 

by affecting AHT and the warming contributions of other, non-cloud feedbacks. According to 284 

Eq. (2), the warming contribution of a specific feedback is determined by both the feedback 285 

parameter (𝜆𝑥) and the local temperature response (∆𝑇). Therefore, changes in both the local 286 

feedback parameter and the local temperature response can influence the magnitude of the 287 

warming contribution from that feedback. To determine whether the reduced contribution of 288 

lapse-rate, surface-albedo, and Planck feedbacks to AA when clouds are locked is due to 289 
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changes in the local feedback parameters or simply to reduced local warming, we next examine 290 

how these feedback parameters respond to locked clouds. 291 

d. Local Feedbacks 292 

By applying our feedback analysis to both cloud-active and cloud-locked simulations, we 293 

evaluate how cloud responses influence non-cloud feedbacks. Figure 4 compares the zonal-294 

mean local feedback parameters between the cloud-active and cloud-locked simulations. The 295 

results indicate that suppressing cloud responses modifies the strength of local non-cloud 296 

feedbacks, making the water-vapor feedback less positive and the lapse-rate feedback less 297 

negative in the tropics. The largest changes in water-vapor feedback occur in the Northern 298 

Hemisphere, while those of the lapse-rate feedback occur in the Southern Hemisphere. At the 299 

same time, the surface albedo feedback becomes more positive in the polar regions when clouds 300 

are locked (Fig. 4c). The reduced water-vapor and lapse-rate feedbacks when clouds are locked 301 

are consistent with findings from previous studies (Mauritsen et al. 2013; Middlemas et al. 302 

2020). The global-mean changes in water-vapor and lapse-rate feedback parameters largely 303 

cancel each other out. Thus, the influence of cloud changes on non-cloud feedbacks is primarily 304 

manifested as an enhancement of local surface-albedo feedbacks in the polar regions when 305 

clouds are locked. 306 

 307 

Fig. 4 Zonal-mean local feedbacks within E3SM (a) cloud-active and (b) cloud-locked simulations. (c) 308 

Changes in zonal-mean local non-cloud feedbacks caused by cloud locking. Latitude axes are presented in 309 

equal-area increments in all figures. 310 

 311 

To investigate the mechanisms by which cloud responses drive changes in water vapor and 312 

lapse-rate feedbacks, we compare the vertical structure of temperature and specific humidity 313 

responses between the cloud-active and cloud-locked simulations (Fig. 5). It is important to 314 

note that, to be consistent with local feedback diagnoses, we normalize the vertical temperature 315 

and humidity responses by the local surface temperature response. We find that locking clouds 316 
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weakens tropical upper tropospheric warming per degree of local surface warming (Fig. 5c), 317 

resulting in weaker negative lapse-rate feedbacks (Fig. 4c). This is consistent with Voigt and 318 

Shaw (2015), who found that radiative changes due to clouds warm the upper troposphere. 319 

Correspondingly, reduced tropospheric warming leads to a smaller increase in humidity (Fig. 320 

5f), consistent with the decrease in water-vapor feedbacks in the cloud-locked simulation (Fig. 321 

4c). For the surface-albedo feedback, we examine the sea ice response in both the cloud-active 322 

and cloud-locked experiments. The cloud-locked simulation exhibits greater change in sea ice 323 

concentration per degree of local surface warming (Fig. 6), consistent with the stronger surface-324 

albedo feedback parameters in polar regions. This enhanced ice loss may result from nonlinear 325 

interactions between sea ice and cloud changes, as cloud-albedo coupling can produce a 326 

negative radiative response in polar regions (Huang et al. 2021), which is absent in the cloud-327 

locked simulation.  328 

Overall, the changes in local non-cloud feedbacks caused by cloud locking are small (Fig. 329 

4c). The enhanced surface-albedo feedback in the Arctic region caused by cloud locking acts 330 

to weakly compensate the substantial reduction in Arctic warming in the cloud-locked 331 

simulation (Fig. 1c), while lapse-rate and water-vapor feedbacks play little role. It is thus the 332 

changes in local temperature response (acting on a near-constant set of local feedbacks) that 333 

drive the differences in the warming contributions from non-cloud feedbacks to AA between 334 

cloud-active and cloud-locked simulations. Since local cloud feedbacks are strongly positive 335 

in the tropics but only weakly positive in the Arctic, it is likely that tropical cloud feedbacks 336 

influence Arctic warming through changes in AHT. Therefore, in the following section, we 337 

examine the impact of cloud locking on the response of AHT, considering both its moist and 338 

dry components. 339 

 340 

Fig. 5 Changes in zonal-mean vertical temperature structure per degree local surface temperature change 341 

(K K-1) within E3SM (a) cloud-active simulation, (b) cloud-locked simulation and (c) their difference. (d)-342 

(e) like (a)-(c) but for the change in the zonal-mean logarithm of the specific humidity per degree local 343 

surface temperature change (K-1). 344 
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 345 

 346 

Fig. 6 Changes in Arctic sea ice concentration per degree local surface temperature change (K-1) within 347 

E3SM (a) cloud-active simulation, (b) cloud-locked simulation and (c) their difference. (d)-(e) is the same 348 

as (a)-(c) for the Antarctic. 349 

 350 

e. Atmospheric Heat Transport 351 

Following Donohoe et al. (2020b), the total AHT and moist AHT are calculated as the 352 

meridional integral of the net atmospheric heat flux (sum of energy fluxes at the surface and 353 

top-of-atmosphere) and atmospheric latent heat flux (energy fluxes associated with surface 354 

evaporation minus precipitation), respectively. The dry component of AHT is then derived as 355 

the difference between the total AHT and the moist component.  356 

There is an increase in northward moist AHT into the Arctic in both the cloud-active and 357 

cloud-locked simulations under 4×CO2 (blue lines in Figs. 7a and 7b), consistent with the 358 

positive contributions of moist AHT to AA (purple dot in Fig. 3). The enhanced Arctic warming 359 

weakens the equator-to-pole temperature gradient leading to a reduction in atmospheric dry 360 

static energy transport that can exceed the increase in atmospheric latent heat transport, 361 

resulting in a small change in the total AHT across 60°N in both simulations (black lines in 362 

Figs. 7a and 7b). This suggests that the moist AHT acts as a driver of AA, whereas the dry 363 

AHT adjusts in response to AA (Armour et al. 2019; Hahn et al. 2021). Hence, we mainly focus 364 

on how cloud feedbacks modify AA through their impact on the response of moist AHT. 365 

Poleward moist AHT anomalies is substantially larger when clouds are active (compare 366 

blue line in Figs. 7a and 7b), as positive cloud feedbacks in the tropics and mid-latitudes act to 367 
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increase warming locally, enhancing the meridional energy and moisture gradient and 368 

intensifying poleward moisture transport (e.g., Roe et al. 2015; Stuecker et al. 2018; Armour 369 

et al. 2019). In turn, increased poleward moist AHT due to extra-polar cloud feedbacks (blue 370 

line in Fig. 7c) acts to warm the Arctic. Hence, the impact of cloud feedbacks on moist AHT 371 

partially explains enhanced Arctic warming when cloud changes are included. This additional 372 

Arctic warming, driven by increased northward moist AHT, is further amplified by local 373 

positive feedbacks in the Arctic. Thus the processes governing cloud-induced changes in AA 374 

cannot be studied in isolation, as changes in the local feedbacks, temperature and moisture 375 

gradients, and atmospheric heat transport are tightly coupled (e.g., Hwang et al. 2011).  376 

 377 

Fig. 7 Changes in atmospheric heat transport (AHT; PW) within E3SM (a) cloud-active simulation and 378 

(b) cloud-locked simulation, and (c) the difference in AHT change between cloud-active and cloud-locked 379 

simulation: total AHT (black), moist AHT (blue) and dry AHT (red).   380 

 381 

So far we have found that extra-polar cloud feedbacks drive AA through two primary 382 

mechanisms: (1) positive cloud feedbacks in the tropics and mid-latitudes contribute to local 383 

warming, in turn leading to increased poleward moist AHT which then contributes to Arctic 384 

warming; (2) the additional Arctic warming is amplified by positive non-cloud feedbacks in 385 

the region (such as the surface albedo feedback), altogether making extra-polar cloud feedbacks 386 

amplify AA. We also found that changes in atmospheric temperature and moisture owing to 387 
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cloud changes can modify the strength of local non-cloud feedbacks at all latitudes, which has 388 

a small effect on Arctic warming. The combined effect of these mechanisms leads to increased 389 

warming contributions from AHT and non-cloud feedbacks to AA when cloud feedbacks are 390 

active, as indicated by the shifts in all points between Figs. 3a and 3b. The traditional warming 391 

contribution analysis substantially underestimates the role of cloud feedbacks in driving AA 392 

since it neglects these interactions. In GCM simulations, these processes are all coupled and 393 

act together, making it challenging to disentangle their individual effects. 394 

The above analysis still relies on diagnostic interpretation of the cloud-active and cloud-395 

locking simulations. To further investigate the interaction between cloud feedbacks and AHT, 396 

we turn to the moist energy balance model (MEBM), which allows us to isolate the response 397 

of AHT to cloud feedbacks while leaving non-cloud feedbacks unchanged. This framework 398 

allows us to validate our E3SM-based diagnoses of the role of cloud feedbacks in AA. 399 

 400 

f. Moist Energy Balance Model 401 

We employ an MEBM that has been shown to accurately capture changes in zonal-mean 402 

temperature and AHT in response to CO2 forcing as simulated by GCMs (Roe et al. 2015; Siler 403 

et al. 2018; Merlis and Henry 2018; Armour et al. 2019; Bonan et al. 2023). MEBMs have been 404 

widely used to explore the relative contributions of individual radiative feedbacks to the spatial 405 

structure of temperature changes under global warming because they represent the non-local 406 

influence of feedbacks via changes in AHT (Hwang and Frierson 2010; Hwang et al. 2011; 407 

Roe et al. 2015; Bonan et al. 2018; Beer and Eisenman 2022). In the context of the slab ocean 408 

model simulations used in this analysis, in which oceanic heat transport is held fixed, the 409 

equilibrium atmospheric energy budget can be expressed as a balance between anomalous top-410 

of-atmosphere radiation (including contributions from radiative forcing and radiative 411 

feedbacks) and anomalous AHT divergence: 412 

ERF(𝑥) + 𝜆(𝑥)∆𝑇(𝑥) = ∆∇ ∙ AHT(𝑥)                                            (4) 413 

where ERF is the effective radiative forcing for 4×CO2, 𝜆  is the total radiative feedback 414 

parameter, ∆𝑇 is the surface temperature response to the forcing, ∆∇ ∙ AHT is the anomalous 415 

AHT divergence, 𝑥 is the sine of latitude. We use an MEBM that has been developed and 416 

validated in previous studies (Roe et al. 2015; Siler et al. 2018; Bonan et al. 2018; Armour et 417 

al. 2019; Beer and Eisenman 2022). In this MEBM, the AHT is approximated as the down-418 
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gradient diffusion of moist static energy (MSE; ℎ), AHT = −𝐷∇ ∙ ℎ. Hence, the anomalous 419 

AHT divergence is given by: 420 

∆∇ ∙ AHT(𝑥) = −𝐷∇ ∙ ∆ℎ = −𝐷
𝑑

𝑑𝑥
[(1 − 𝑥)2

𝑑∆ℎ

𝑑𝑥
]                                    (5) 421 

where D is a constant diffusion coefficient and ∇ ∙ ∆ℎ represents the gradient of the anomalous 422 

MSE, where ∆ℎ = 𝑐𝑝∆𝑇 + 𝐿𝑣∆𝑞, 𝑐𝑝 is the specific heat of air (𝑐𝑝 = 1005 𝐽 𝑘𝑔−1 𝐾−1), 𝐿𝑣 is 423 

the latent heat of vaporization (𝐿𝑣 = 2.5 × 106 𝐽 𝑘𝑔−1), ∆𝑇 and ∆𝑞 are the changes in near-424 

surface air temperature and specific humidity, respectively. ∆𝑞  is calculated using the 425 

Clausius–Clapeyron relation and is a function of ∆𝑇 (for fixed relative humidity of 80%). We 426 

use a diffusion coefficient of 𝐷 = 2.6 × 10−4 𝑘𝑔 𝑚−2 𝑠−1  taken from previous studies 427 

(Hwang and Frierson 2010; Roe et al. 2015; Beer and Eisenman 2022). 428 

Equations (4) and (5) constitute the MEBM that can be used to solve for the surface 429 

temperature response pattern ∆𝑇(𝑥)  given specific meridional structures of forcing and 430 

feedback. Using the ERF and feedback values (𝜆, gray line in Fig. 9a) from the E3SM cloud-431 

active simulation, the MEBM predicts a surface warming pattern that closely matches that in 432 

the E3SM cloud-active simulation everywhere except in the Southern Ocean (compare blue 433 

and black lines in Fig. 8a); the Southern Ocean discrepancy is a known issue of MEBM that 434 

remains not fully understood (Siler et al. 2018; Armour et al. 2019; Ge et al. 2024). Similarly, 435 

by applying the ERF and feedback values (𝜆∗ , red line in Fig. 9a) from the cloud-locked 436 

simulation, the MEBM predicts a surface warming pattern that closely matches that in the 437 

E3SM cloud-locked simulation except in the Southern Ocean (compare blue and black lines in 438 

Fig. 8b). 439 

The effect of specific feedbacks on the surface temperature response can be examined using 440 

a 'feedback locking' approach in the MEBM (Beer and Eisenman 2022). For example, to 441 

examine the impact of cloud feedbacks on temperature response, we run the MEBM with the 442 

cloud feedbacks parameter subtracted from the total feedback (𝜆 − 𝜆𝑐𝑙𝑜𝑢𝑑, yellow line in Fig. 443 

9a). The surface temperature response attributed to cloud feedbacks is then obtained by 444 

comparing the results of the full MEBM, where all feedbacks are active, with the cloud-locked 445 

MEBM, where the cloud feedbacks are excluded. The predicted ∆𝑇  with cloud feedback 446 

excluded in the MEBM (while the non-cloud feedbacks remain unchanged) shows a similar 447 

pattern but a slightly weaker magnitude compared to the E3SM cloud-locked simulation results 448 

(compare blue and black lines in Fig. 8c). This suggests that the 'cloud locking' approach in the 449 
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MEBM can capture most of the processes simulated in the GCM cloud-locked simulation. 450 

However, some differences remain, due to the impact of cloud feedbacks on non-cloud 451 

feedbacks (blue line in Fig. 9a) that is not accounted for in the MEBM feedback locking 452 

method.  453 

 454 

Fig. 8 (a) Predicted surface temperature response in MEBM with total feedbacks from E3SM cloud-455 

active simulation (blue) and surface temperature response in the E3SM cloud-active simulation (black); (b) 456 

Same as (a) but for E3SM cloud-locked simulation; (c) Predicted surface temperature response in MEBM 457 

with non-cloud feedbacks from E3SM cloud-active simulation (blue) and surface temperature response in 458 

the E3SM cloud-locked simulation (black, same as the black line in (b)). 459 

 460 

In a comparison of the surface temperature response attributed to cloud feedbacks (i.e., 461 

warming contribution of cloud feedbacks) from different approaches, we find that the warming 462 

contribution from cloud feedbacks using traditional feedback analysis (∆𝑇𝑐𝑙𝑜𝑢𝑑1, green line in 463 

Fig. 9b) differs significantly from the contribution estimated using the E3SM cloud lock 464 

experiments (∆𝑇𝑐𝑙𝑜𝑢𝑑
∗ , black line in Fig. 9b). The primary reason for this discrepancy is that the 465 

cloud feedbacks affect surface temperature not only through their  direct impact on local 466 

radiation (which can be captured by the traditional feedback analysis), but also through their 467 

impact on non-local warming through their influence on AHT and on other, non-cloud 468 

feedbacks. When the interactions between cloud responses and AHT and other feedbacks are 469 

included, the ‘cloud locking’ method in MEBM (∆𝑇𝑐𝑙𝑜𝑢𝑑2, yellow line in Fig. 9b) captures 470 

most of the cloud feedbacks-induced temperature responses observed in the E3SM cloud-471 

locked simulation north of 30°S (black line in Fig. 9b). Furthermore, when the influence of 472 
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cloud feedbacks on the strength of non-cloud feedbacks is considered (where we run the 473 

MEBM with 𝜆∗ taken from E3SM cloud-locked simulation, instead of (𝜆 − 𝜆𝑐𝑙𝑜𝑢𝑑) from E3SM 474 

cloud-active simulation), the MEBM ‘cloud locking’ method yields a temperature response 475 

(∆𝑇𝑐𝑙𝑜𝑢𝑑3, red line in Fig. 9b) that aligns more closely with the meridional structure of ∆𝑇 from 476 

E3SM cloud-locked simulation, except in the Southern Ocean, where the MEBM performs less 477 

accurately. The difference between 𝜆∗   and 𝜆 − 𝜆𝑐𝑙𝑜𝑢𝑑  (blue line in Fig. 9a) and the 478 

corresponding difference between ∆𝑇𝑐𝑙𝑜𝑢𝑑3 and ∆𝑇𝑐𝑙𝑜𝑢𝑑2 (blue line in Fig. 9b) are due to the 479 

influences of cloud changes on non-cloud feedbacks. These effects lead to cooling at all 480 

latitudes, reducing global warming by approximately 14% and Arctic warming by 10%, which 481 

acts to slightly enhance AA. 482 

 483 

Fig. 9 (a) Total feedback parameter (λ; gray) and cloud feedback parameter (λcloud; green) from the E3SM 484 

cloud-active simulation; the feedback parameter when the cloud feedback is locked but other feedback 485 

remain unchanged (λ-λcloud; yellow), and the feedback parameter from the E3SM cloud-locked simulation 486 

(λ*; red), with the difference between the two (i.e., non-cloud feedbacks change caused by cloud changes) 487 

also indicated (blue). (b) Warming contribution of cloud feedback derived from different methods: the 488 

traditional feedback analysis ( ∆𝑇𝑐𝑙𝑜𝑢𝑑1 ; green); MEBM feedback locking analysis ( ∆𝑇𝑐𝑙𝑜𝑢𝑑2 ; yellow); 489 

modified MEBM feedback locking analysis (∆𝑇𝑐𝑙𝑜𝑢𝑑3 ; red); the difference between two MEBM results 490 

(∆𝑇𝑐𝑙𝑜𝑢𝑑3- ∆𝑇𝑐𝑙𝑜𝑢𝑑2; blue) ; E3SM cloud locking method (∆𝑇𝑐𝑙𝑜𝑢𝑑
∗ ; black). 491 

 492 

To further quantify the contribution of interactions between cloud feedbacks and AHT, as 493 

well as between cloud feedbacks and other feedbacks to AA, we decompose the warming 494 

contribution of cloud feedbacks that is derived from MEBM (both ∆𝑇𝑐𝑙𝑜𝑢𝑑2 and ∆𝑇𝑐𝑙𝑜𝑢𝑑3) into 495 

three components (following Beer and Eisenman 2022), each owning to: (1) cloud feedbacks 496 
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themselves using traditional feedback analysis; (2) interactions between the cloud feedbacks 497 

induced warming and other climate feedbacks (referred to as feedback interactions); and (3) 498 

interactions between the cloud feedbacks and AHT (referred to as AHT interactions). These 499 

three contributions can be calculated as follows: 500 

∆𝑇𝑐𝑙𝑜𝑢𝑑2 = ∆𝑇𝑐𝑙𝑜𝑢𝑑1 +
(𝜆−𝜆𝑐𝑙𝑜𝑢𝑑)∆𝑇𝑐𝑙𝑜𝑢𝑑2

−𝜆𝑝
+

∆∇∙AHT−∆∇∙AHT−𝑐𝑙𝑜𝑢𝑑2

−𝜆𝑝
                      (6) 501 

∆𝑇𝑐𝑙𝑜𝑢𝑑3 = ∆𝑇𝑐𝑙𝑜𝑢𝑑1 +
𝜆∗∆𝑇𝑐𝑙𝑜𝑢𝑑3

−𝜆𝑝
+

∆∇∙AHT−∆∇∙AHT−𝑐𝑙𝑜𝑢𝑑3

−𝜆𝑝
                            (7) 502 

In addition, the contributions of AHT interactions can be partitioned into moist and dry 503 

components following Siler et al. (2018) and Armour et al. (2019). Equations (6) and (7) 504 

represent the decompositions when the effect of cloud feedbacks on non-cloud feedbacks is not 505 

considered and when it is considered, respectively. The difference between these two 506 

decompositions in (6) and (7) gives the warming contribution from changes in non-cloud 507 

feedbacks caused by cloud feedbacks through the three processes outlined above.  508 

As shown previously, the warming contribution of cloud feedbacks is slightly positive to 509 

AA in the traditional feedback analysis (blue bars in Fig. 10). However, this alone is 510 

insufficient to explain the significant influence of cloud feedbacks on AA. The dominant 511 

influence of cloud feedbacks on AA arises from their interaction with other feedbacks and 512 

interaction with the moist AHT (green and yellow bars in Fig. 10), while the cloud-induced 513 

interaction with dry AHT warms the tropics but cools the Arctic (red bars in Fig. 10). Moreover, 514 

the contrast in warming contributions between Arctic and tropical regions show little variation 515 

when the effects of cloud feedbacks on non-cloud feedback parameters are considered (not 516 

shown), indicating that the contribution of changes in non-cloud feedback parameters to AA is 517 

relatively small.  518 

 519 

Fig. 10 Decomposition of warming contribution of cloud feedback (Total) into contributions from the 520 

individual contribution of the cloud feedbacks alone, interactions with other feedbacks, and interactions with 521 

AHT (both its moist and dry components) in tropics (30°S–30°N) and polar (60°N–90°N).  522 
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 523 

4. Summary and discussion 524 

This study investigates the role of cloud feedback in Arctic amplification (AA) using cloud 525 

locking techniques within the Energy Exascale Earth System Model (E3SM) and a moist 526 

energy balance model (MEBM). By comparing the climate response in simulations with and 527 

without active cloud changes in response to 4×CO2, we find that cloud feedbacks substantially 528 

enhance AA under greenhouse gas forcing. This contrasts with the results of traditional 529 

feedback analyses, which suggest that cloud feedbacks contribute minimally or negatively to 530 

AA.  531 

The role of cloud feedbacks in driving AA is substantially underestimated in the traditional 532 

warming contribution analysis because it only captures the direct impact of cloud feedbacks on 533 

local radiation. In contrast, the strong positive contribution of cloud feedbacks to AA is 534 

achieved through indirect mechanisms. We identify two key mechanisms through which cloud 535 

feedbacks contribute indirectly to AA: (1) Positive cloud feedbacks in the tropics increase 536 

poleward moist atmospheric heat transport (AHT), which amplifies Arctic warming. This 537 

process suggests that tropical cloud responses indirectly affect the Arctic by modifying global 538 

energy transport. (2) As Arctic warming intensifies, the additional Arctic warming further 539 

amplifies the warming contribution of other positive non-cloud feedbacks in the region, such 540 

as the surface albedo feedback, further enhancing AA. In addition, we found that changes in 541 

atmospheric warming structure caused by cloud feedbacks can alter the strength of non-cloud 542 

feedbacks. Specifically, the water vapor feedback becomes more positive in the tropics, while 543 

the surface albedo feedback becomes less positive in the Arctic when clouds are active. 544 

However, the changes in global non-cloud feedbacks are very small and have only a minor 545 

effect on Arctic warming. 546 

The combined effect of these mechanisms results in the positive contribution of cloud 547 

feedbacks to AA. However, these processes are highly coupled and operate simultaneously, 548 

making it difficult to isolate their individual impacts in global climate model (GCM) 549 

simulations. To address this, we employed a moist energy balance model (MEBM) to quantify 550 

the contributions of each mechanism separately. Results from the MEBM support the 551 

interpretation of the E3SM cloud locking simulations. Namely, that the dominant influence of 552 

cloud feedbacks on AA arises from their influence on AHT and interactions with other Arctic 553 
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regional feedbacks. Moreover, the contribution of changes in global non-cloud feedbacks 554 

slightly enhances the AA, but this effect is secondary. 555 

In summary, the contribution of tropical and mid-latitude cloud feedbacks to AA is largely 556 

indirect. They act to intensify AA primarily by amplifying the warming impact of other 557 

feedbacks rather than through a direct warming effect. In essence, tropical-amplified positive 558 

cloud feedbacks drive stronger global warming, increasing poleward moist AHT which further 559 

amplifies the warming effects of other polar-amplified positive feedbacks in the Arctic—such 560 

as the lapse-rate and surface-albedo feedbacks. An implication of this result is that a larger 561 

portion of the uncertainty in AA may stem from the remote influence of uncertainties in extra-562 

polar cloud feedbacks than has previously been appreciated. 563 

This indirect mechanism suggests that the cloud feedbacks alone may not significantly 564 

contribute to AA in the absence of these polar-amplified positive feedbacks. This speculation 565 

is verified by locking the cloud feedback in a MEBM that includes only the Planck feedback 566 

and cloud feedbacks; in this scenario, we find that suppressing cloud feedbacks causes nearly 567 

uniform global cooling but results in almost no change in AA when conducting the cloud-568 

locked simulation without other feedbacks present (Fig. A4). 569 

 This indirect mechanism identified here by which extra-polar feedbacks can contribute to 570 

AA through their effect on AHT and interaction with other positive feedbacks in the Arctic 571 

likely applies to other feedbacks as well. For instance, Beer and Eisenman (2020) identified 572 

the water-vapor feedback (strongly positive in the tropics) as a primary driver of AA using the 573 

feedback locking method in MEBM. Motivated by previous studies that examined how local 574 

responses depend on nonlocal climate processes using the MEBM (Beer and Eisenman 2020; 575 

David et al. 2018), our conclusions from both E3SM simulations and the MEBM show strong 576 

agreement with these earlier works.  577 

The discrepancies between the conclusions of traditional feedback analysis methods and 578 

the cloud locking approach arises from whether the method accounts for indirect influences of 579 

feedbacks on AHT and interactions with other feedbacks. Traditional feedback analyses (i.e., 580 

“warming contribution” attributions of AA) often treat cloud feedbacks in isolation, resulting 581 

in an incomplete understanding of their role in AA. In contrast, the cloud locking method 582 

effectively captures these interactions, demonstrating that extra-polar cloud feedbacks 583 

indirectly enhance AA by influencing energy transport and amplifying the warming effect of 584 

non-cloud feedbacks.  585 
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 619 

APPENDIX 620 

Appendix Figures 621 

 622 

Fig. A1 The surface albedo kernel (W m-2 %-1) derived from (a) the climatological radiative fields in 623 

E3SM model using idealized isotropic radiation model, (b) CESM1-CAM5 model (Pendergrass et al. 2018) 624 

and (c) ERAi data (Huang et al. 2017). 625 

 626 

 627 

Fig. A2 The error in the clear-sky feedback decomposition using the kernel method. 628 

 629 

 630 

Fig. A3 The cloud feedbacks in E3SM cloud-active simulation derived using the Cloud Radiative Kernel 631 

method (Zelinka et al. 2012). The right-side panel is the zonal mean net cloud feedback (black) and its 632 

longwave (LW, red) and shortwave (SW, blue) components.  633 
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 634 

 635 

Fig. A4 Predicted surface temperature response in MEBM with Planck feedback (red) and Planck 636 

feedback plus cloud feedbacks (blue) from E3SM cloud-active simulation; (b) Predicted amplification 637 

(zonal-mean surface warming normalized by global-mean surface warming) in MEBM with Planck feedback 638 

(red) and Planck feedback plus cloud feedbacks (blue). The numbers in (b) are the AA factor in MEBM with 639 

Planck feedback (red) and Planck feedback plus cloud feedbacks (blue). 640 
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