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Abstract

The atmospheric Green’s function method is a technique for modeling the response of the atmosphere to changes in the spatial
field of surface temperature. While early studies applied this method to changes in atmospheric circulation, it has also become
an important tool to understand changes in radiative feedbacks due to evolving patterns of warming, a phenomenon called the
“pattern effect.” To better study this method, this paper presents a protocol for creating atmospheric Green’s functions to
serve as the basis for a model intercomparison project, GFMIP. The protocol has been developed using a series of sensitivity
tests performed with the HadAM3 atmosphere-only general circulation model, along with existing and new simulations from
other models. Our preliminary results have uncovered nonlinearities in the response of the atmosphere to surface temperature
changes, including an asymmetrical response to warming vs. cooling patch perturbations, and a change in the dependence of
the response on the magnitude and size of the patches. These nonlinearities suggest that the pattern effect may depend on the
heterogeneity of warming as well as its location. These experiments have also revealed tradeoffs in experimental design between
patch size, perturbation strength, and the length of control and patch simulations. The protocol chosen on the basis of these
experiments balances scientific utility with the simulation time and setup required by the Green’s function approach. Running
these simulations will further our understanding of many aspects of atmospheric response, from the pattern effect and radiative

feedbacks to changes in circulation, cloudiness, and precipitation.
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Key Points:

+ The Green’s Function Model Intercomparison Project (GFMIP) explores the at-
mospheric response to surface temperature patch perturbations.

e This paper presents the GFMIP protocol, which was generated using insights from
past studies and new sensitivity tests.

« Green’s functions reconstruct the response to historical temperatures, but non-
linearities can affect responses to other warming patterns.

Corresponding author: Jonah Bloch-Johnson, j.bloch-johnson@reading.ac.uk
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Abstract

The atmospheric Green’s function method is a technique for modeling the response
of the atmosphere to changes in the spatial field of surface temperature. While early stud-
ies applied this method to changes in atmospheric circulation, it has also become an im-
portant tool to understand changes in radiative feedbacks due to evolving patterns of
warming, a phenomenon called the “pattern effect.” To better study this method, this
paper presents a protocol for creating atmospheric Green’s functions to serve as the ba-
sis for a model intercomparison project, GFMIP. The protocol has been developed us-
ing a series of sensitivity tests performed with the HadAM3 atmosphere-only general cir-
culation model, along with existing and new simulations from other models. Our pre-
liminary results have uncovered nonlinearities in the response of the atmosphere to sur-
face temperature changes, including an asymmetrical response to warming vs. cooling
patch perturbations, and a change in the dependence of the response on the magnitude
and size of the patches. These nonlinearities suggest that the pattern effect may depend
on the heterogeneity of warming as well as its location. These experiments have also re-
vealed tradeoffs in experimental design between patch size, perturbation strength, and
the length of control and patch simulations. The protocol chosen on the basis of these
experiments balances scientific utility with the simulation time and setup required by
the Green’s function approach. Running these simulations will further our understand-
ing of many aspects of atmospheric response, from the pattern effect and radiative feed-
backs to changes in circulation, cloudiness, and precipitation.

Plain Language Summary

Many properties of the atmosphere are affected by the temperature of the ocean
surface. Knowing how strong these effects are would help us to better predict global warm-
ing. The response to a given surface warming depends on where the warming occurs. To
account for this, researchers sometimes simulate the response to individual patches of
warming and then assume the response to an arbitrary warming pattern can be summed
together from these patch responses. This is sometimes called the atmospheric Green’s
function method, and it works well at recreating the atmospheric response to historical
temperature changes.

We are organizing a Green’s Function Model Intercomparison Project (GFMIP),
in which participants will apply the method consistently for many climate models. This
paper presents the GFMIP protocol. In the course of developing this protocol, we found
that the atmospheric response to warming is not proportional in all cases: the response
to surface warming is not the opposite of the response to surface cooling; warming twice
as much doesn’t cause twice as much of a response; and making a patch of warming twice
as large doesn’t cause twice as large a response. GFMIP will help us figure out how to
account for this nonlinearity.

1 Introduction

The response of the atmospheric state to changes in surface temperature is one of
the most critical and extensively studied connections in the coupled climate system. For
example, Arrhenius (1896), a seminal global warming study, argued that the amount of
warming that occurs in response to a COs change is determined in part by how the net
downward top-of-atmosphere (TOA) radiative flux, N, depends on the surface temper-
ature, T'. This dependence in turn depends on how numerous aspects of the atmosphere
and surface, such as the spatial distribution of water in all its phases, respond to sur-
face temperature changes (Hansen et al., 1984; Soden et al., 2008; Stevens and Bony,
2013).



78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

The simplest way to model the dependence of some aspect of the atmospheric state
on surface temperature is to assume that the quantity in question scales linearly with
global-mean surface warming, so that the dependence can be summarized as a constant
scalar. For example, suppose N and T are the global-mean values of N and T respec-
tively. If we define the radiative feedback parameter X to be the dependence of N on T,
ON /OT (where a negative value implies a stabilizing radiative feedback; the opposite-
signed value is sometimes called the climate feedback parameter), then A is often assumed
to be constant (Gregory et al., 2004; Forster et al., 2021).

Counter to this, A in many coupled atmosphere-ocean model simulations with con-
stant forcing evolves with time (e.g., Murphy, 1995; Senior and Mitchell, 2000; Williams
et al., 2008; Andrews et al., 2015). Such a variation could be caused by a nonlinear re-
sponse of N to global-mean surface temperature, for example due to feedback temper-
ature dependence (Colman and McAvaney, 2009; Meraner et al., 2013; Bloch-Johnson
et al., 2015, 2021). However, these changes in A typically occur after a few decades (An-
drews et al., 2015). This timing is consistent even under different amounts of CO4 forc-
ing, so that the global-mean warming AT undergone during this time is different (e.g.,
Figure S1 of Bloch-Johnson et al., 2021). As a result, this change in A is likely not due
to the total global-mean warming, but rather to some other aspect of the warming that
varies similarly with time regardless of the level of COs forcing.

Armour et al. (2013) proposed that temporal variations in A are due to changes
in the spatial pattern of surface temperature, with the shift in A under constant CO5 forc-
ing occurring when regions of deep ocean heat uptake begin to warm (Rose et al., 2014;
Armour, 2017), which occurs at similar times under different constant CO2 forcings (Rohrschnei-
der et al., 2019). Under this theory, surface temperature changes in different locations
set off different atmospheric responses, and therefore different changes in N.

This interpretation is supported by results with atmosphere-only models. A num-
ber of studies have found that running such models with prescribed sea surface temper-
ature and sea ice boundary conditions from a coupled simulation induces similar changes
in radiative fluxes as the original coupled simulation (e.g., Ringer et al., 2014; Andrews
et al., 2015; Haugstad et al., 2017; Qin et al., 2022). As a result, atmosphere-only mod-
els can serve as useful tools for understanding the response of N to different patterns of
warming. Studies in which these atmosphere-only models have been run with reconstruc-
tions of historical temperatures and sea ice find that the value of A has varied significantly
across the last century (Gregory and Andrews, 2016; Andrews et al., 2022), having a much
larger range of values than in simulations with constant COs forcing despite having a
much smaller range of global-mean surface temperature.

These papers have specifically suggested that changes in the radiative feedback can
be explained by a linear spatial model, e.g. AN o« AT(¢,0), where ¢ and 6 are lati-
tude and longitude respectively. A similar model has also been used in the dynamics lit-
erature, in which various aspects of the atmosphere and its circulation are assumed to
depend linearly on the spatial field of sea surface temperature (e.g., Branstator, 1985;
Barsugli and Sardeshmukh, 2002; Schneider et al., 2003; Deser and Phillips, 2006; Bar-
sugli et al., 2006; Zhou et al., 2020).

The linear spatial assumption allows one to use a Green’s function method approach,
in which the response of an atmospheric variable to the full pattern of surface temper-
ature change can be thought of as the sum of the responses of that variable to the change
in surface temperature in each location taken in isolation (Branstator, 1985; Holzer and
Hall, 2000). Using this insight, Barsugli and Sardeshmukh (2002) and Barsugli et al. (2006)
overlaid the surface of the tropical oceans with a lattice of patches, for each of which they
ran an atmosphere-only model simulation in which the surface temperature in that patch
was perturbed. They used the resulting output to estimate the sensitivity of various at-
mospheric quantities to tropical surface temperature changes.



129 More recently, Zhou et al. (2017) adopted the approach of Barsugli and Sardesh-
130 mukh (2002) to specifically understand the dependence of the cloud radiative effect (the

131 contribution of cloudiness to net top-of-atmosphere radiative fluxes) on tropical surface

132 temperature. Dong et al. (2019) expanded this approach to cover all top-of-atmosphere
133 (TOA) fluxes and all regions of the Earth. Both studies found that the most distinct fea-
134 ture of the response of TOA fluxes is that strong negative feedbacks occur in response

135 to regions of tropical convection (in particular the western tropical Pacific), a finding that

136 has been supported by subsequent studies (Zhang et al., 2023; Alessi and Rugenstein,
137 submitted). Zhou et al. (2023) showed that these Green’s functions could be used to ex-

138 plain the different efficacies associated with different forcing agents.

130 Patch perturbations are not the only method for estimating the linear spatial de-

140 pendence of atmospheric state on sea surface temperature. For example, Li et al. (2012)
11 used random patterns of surface temperature change instead of patches to more efficiently
142 estimate the most dominant aspects of this dependence. Li et al. (2012)’s random per-

143 turbation method (RPM) has been used in dynamical studies (e.g., Li and Forest, 2014;
144 Baker et al., 2019; Patterson et al., 2022), though we are not aware of any of that ap-
145 plied it to radiative feedbacks. Liu et al. (2018a) showed using the fluctuation-dissipation

146 theorem captues a climatic variable’s dependence on the field of surface fluxes from in-
147 ternal variability. Bloch-Johnson et al. (2020) applied a similar method to find the de-
148 pendence of TOA radiative fluxes on sea surface temperature, finding that five of six cou-
149 pled climate models had strong negative radiative feedbacks in regions of tropical con-
150 vection, as above.

151 While these methods provide various advantages, patch simulations have the use-
152 ful feature that they clearly demonstrate the physical, causal relationship between sur-
153 face temperature changes and resulting atmospheric changes. As a result, many mod-

154 eling groups have run or are planning on running these simulations. These simulations
155 provide a simple way of comparing the diversity of atmospheric responses across mod-
156 els, such as different responses to warming in tropical ascent regions in the Atlantic (e.g.

157 Zhou et al., 2017; Dong et al., 2019) or generally (e.g., NASA GISS-E2-R in Bloch-Johnson
158 et al., 2020). Dong et al. (2020) provides further evidence of this diversity, showing that

150 Green’s functions from one model do not always show skill in explaining the feedbacks

160 of other models. However, it is unclear if this diversity of behavior is due to true differ-

161 ences in model physics, or simply differences in the experimental setups used to gener-

162 ate the Green’s functions.

163 In this paper, we present an experimental setup for constructing atmospheric Green’s
164 functions to serve as the protocol for the Green’s Function Model Intercomparison Project

165 (GFMIP). We have developed this setup using existing Green’s function setups, run with
166 CAM4 (Gent et al., 2011), CAM5 (Neale et al., 2012), GFDL-AM4 (Zhao et al., 2018),

167 ECHAMG (Stevens et al., 2013), CanESM5 (Swart et al., 2019), and ICON (Giorgetta

168 et al., 2018), and a series of sensitivity tests, mostly conducted using the atmosphere com-
169 ponent of the HadAM3 atmospheric model (Pope et al., 2000).

170 The protocol is presented in Table 1, whose variables are defined as in Figure 1.

1 In Section 2, we review the atmospheric Green’s function method, showing the choices
172 that must be made in performing such an analysis. In Section 3, we present the proto-
173 col in more detail, showing the reasoning behind the decisions made and explaining how
174 readers can participate in the project. In Section 4, we present some nonlinear results
175 found in the course of developing this protocol. Finally, in Section 5 we summarize the
176 proposed project.
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2 The atmospheric Green’s function method

We now present the atmospheric Green’s function method. We write “atmospheric”
to distinguish this method from the use of Green’s functions to understand the response
of the ocean (Khatiwala et al., 2001; Zanna et al., 2019; Newsom et al., 2020) or a cou-
pled system with an atmosphere and a slab ocean (Liu et al., 2018b) to sea surface per-
turbations. While it is possible to use Green’s functions to understand the time evolu-
tion of the atmospheric response (Holzer and Hall, 2000), we focus our discussion on monthly
and longer time-scales, for which we assume that the response is effectively instantaneous.

Let f represent some aspect of the atmosphere whose value depends in part on the
spatial field of surface temperature. For simplicity, we assume f is a scalar, such as a global
average (like N above) or a value at a fixed location (e.g., the net TOA radiative flux

t (0°,0°)), but similar ideas apply when f is a spatial variable itself (e.g., see Dong et al.,
2019; Zhang et al., 2023).

Suppose the response of f to perturbations in surface temperature around some
initial state is proportional to the size of those perturbations, and that the response of
f to multiple surface temperature perturbations is equal to the sum of the responses of
f to the individual perturbations. This would then imply that the response of f to a full,
global pattern of surface temperature can be found by subdividing this pattern into many
individual, localized perturbations, and taking the sum of the responses of f to these per-
turbations.

The atmospheric Green’s function method builds on this insight by first estimat-
ing the linear dependence of f on local changes in surface temperature, and then esti-
mating the response of f to general patterns of surface temperature change by summing
across the response to these local changes. The method is specifically applied to atmosphere-
only general circulation models. Given that the dependence of f on surface temperature
differs between models, in this explanation we assume that the same atmospheric model
is used throughout.

Since most atmospheric models can only prescribe surface temperature over the ice-
free ocean (while they can set the sea surface temperature in ice-covered regions, they
cannot directly set the temperature of the ice surface), we focus on the dependence of
f on the surface temperature in these regions. Direct dependence of f on land and ice
surface temperatures can be estimated using statistical techniques (e.g., Bloch-Johnson
et al., 2020; Ceppi and Nowack, 2021), but in the atmospheric Green’s function litera-
ture, land and ice surface temperatures are assumed to depend on ice-free ocean surface
temperature and other boundary conditions, just like atmospheric variables.

Although the sea surface temperature field, SST(¢,8), is continuous for the real
Earth, it is discretized for atmospheric moggl_s;. We therefore express SST, and other spa-
tial variables based on it, as vectors (e.g., SST) whose elements correspond ﬂhe at-
mospheric model’s surface grid cells, and estimate the dependence of f on SST. For an
alternate interpretation of the method in terms of continuous fields, see Appendix A.

Figure 1 illustrates how we estimate the linear dependence of f on variations in SST.

First, we run a control simulation of the atmospheric model. We must choose bound-

ary conditions for @_g run to serve as the baie_zjtate for our method, specifically a set

of twelve maps of SST and sea ice fraction STC representing a repeating climatology

of each variable (Some models may also prescribe sea ice thickness). We write these as

sets {SSTm}c and {SICm}C where m is an index representing the month and ¢ indi-

cates these respresent the control state. For plotting purposes, we define SS’T and SIC C.
to be annual averages of these two sets, respectively. We also must choose values for var-
ious forcing agents (e.g., COs and other long-lived greenhouse gases, aerosols), which we
keep constant across all experiments ({F'}.). We run this control simulation for an ini-
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tial spinup of s, years, followed by y. post-spinup years. We then take the average value
of f during the post-spinup years as the control value, f..

In the second step, we cover the surface with a lattice of patches. Each patch p is
a perturbation of the sea surface temperature field over a region of latitudinal width d¢,
and longitudinal width §6, centered at (¢,, 6,). Suppose we have a grid cell 7 centered
at (¢;,0;). Patch p’s perturbation for grid cell ¢ will then be:

2 Z¢i_¢p 2 Igi_ep e i — dp € (—66y/2,00,/2)
ASST,, = { 7 (2 6%/2)“’8 (2 6%/2) 0~ 0, € (~00,/2,56,/2) (1)

0 otherwise

such that the patch reaches an extreme amplitude of A, at (¢, 6,). Note that we as-
sume the appropriate arithmetic is used in calculating 6;—6, for cells that straddle the
discontinuity in longitude. Negative values of A, imply a cooling patch, while positive
values imply a warming patch. We explore alternative patch shapes in Section 3.3.4.

For each patch, we add the resulting perturbation ASST to {SSTm} to get the
perturbed climatology, {SSTm}p We use this new climatology, as well as the control

sea ice ({SIC,}.) and forcing agents ({F'}.) as the boundary conditions of a new atmosphere-

only simulation. For simplicity, we are not exploring sea ice changes in the first phase

of GFMIP (for an example of incorporating sea ice changes in the Green’s functions method,
see Dong et al., 2019). We run each patch simulation for an initial spinup period of s,

years, and then an additional y, years. We then average f during the last years of y,

of each patch simulation and subtract the control value, f., to give the change in f caused
by the patch warming, Af,.

In the third step, we estimate the linear dependence of f on perturbations of SST
around the base state. There are different ways to formulate this dependence. For ex-
ample, for each grid cell ¢, we could calculate 9f/9SST;, the infinitesimal change in f
caused by an infinitesimal change in the SST value of grid cell i. This derivative has a
few disadvantages. First, 0f/05ST; depends on the area of the grid cell (i.e., all else be-
ing equal, bigger grid cells will cause a larger change in f). As a consequence of this, val-
ues of 9f/0SST; can significantly change under regridding. Second, we are ultimately
interested in the response of f to the full pattern of warming, i.e. the global derivative,
of/ 8(5 ST), where () is the area-weighted spatial average over the ice-free ocean. Since
Of /0SST; is typically orders of magnitude smaller than 9f/ 8<SST> it is difficult to in-
tuitively understand how a given value of 0f/0SST; affects the overall response.

To address these issues, we instead use the normalized derivative, df/9SST*. For
a given grid cell ¢, we define the normalized derivative as

8f _ Qo 3f

where a; is the area of the grid cell, and a;, = ), a; is the total area of the ice-free
ocean. The normalized derivative has the advantage that it is “intensive” — that is, its
value does not depend on the area over which it is calculated, so that regridding a map
of the normalized derivative does not affect its values (aside from the smoothing that gen-
erally comes from regridding).

The factor of a;y; ensures that normalized derivative values have the same order
of magnitude as the global derivative; specifically, assuming linearity,

af  _ Xu(04/0SST)ASST; _ 32,91 /9SST;)aiASST;
9(SST) A(SST) > a;ASST;

so that the global derivative is simply the weighted average of the normalized derivative,
where the weights are given by each grid cell’s size and SST perturbation. In this sense,




264 a grid cell’s normalized derivative gives the value the global derivative would have if that

265 grid cell were representative of the whole ice-free ocean.

266 Put another way, if we perturb the SST in a given grid cell, we change both f and

267 (SST), and the normalized derivative is the ratio of these changes. This follows from Equa-
268 tion 2, in that if we perturb the cell’s SST by an infinitesimal amount 9557}, the ice-

260 free ocean-mean perturbation will be (a;/ato:)9SST;. This implies that we can estimate

270 the normalized derivative in a grid cell by considering the response of f to the ice-free

n ocean mean SST change caused by patches that include that cell. For example, if patch

o p includes grid cell 4, then we could estimate 0f/9SST} as Af,/(ASST,), where we know
73 (ASST,) by construction, and we estimated A f,, above.

However, multiple patches will typically include grid cell i. As a result, we can es-
timate 0f/0SST; by taking a weighted average across all patches (third step of Figure 1),

af X, (Afy/(ASST,)ASST,, )
dSST* ~ >, ASST,; '

where the weights are ASST), ;, which is patch p’s SST perturbation in grid cell i. ASST,; =
0 for all patches that do not include grid cell ¢, so these patches do not contribute to this
average, while patches whose centers are close to the grid cell i’s center contribute the

most (because of the shape of the patch perturbation given in Equation 1). Note that

in the absence of land and sea ice, patches of the form in Equation 1 have

(ASST,) = (ap/arer) Ap/4 (4)
274 where a,, is the area of the patch. However, most patches overlap land and sea ice, so
275 that this approximation cannot be generally applied.
276 Various steps can then be taken to improve our estimate of 0 f/9SST;:
277 + One can make two estimates, one using warming patches with A, > 0 (e.g., those
218 in the “+” row of Figure 2) and the other using cooling patches with negative A, <
279 0 (e.g., the “” row of Figure 2), and then take the average of the two (e.g., the
260 “£” row of Figure 2). While these derivatives should be identical under linear-
281 ity, they typically are not, as discussed in Section 4.
282 + One can construct derivatives for different times of year (Dong et al., 2019; Bloch-
283 Johnson et al., 2020; Alessi and Rugenstein, submitted), such as for different sea-
284 sons or months, by considering only the patch anomalies for the relevant time pe-
285 riods.
286  One can perform significance tests on 9f/0SST*, removing values that are not
287 statistically significantly different from zero (Dong et al., 2019; Zhang et al., 2023;
288 Alessi and Rugenstein, submitted), on the grounds that such values may arise from
289 noise rather than representing the forced response. Zhang et al. (2023) find ev-
200 idence that doing so can improve the method’s accuracy, but also caution that per-
201 forming such tests on individual flux components of N causes their derivatives to
202 no longer sum to N itself. To keep our analysis simple, we do not consider the util-
203 ity of such tests in this paper.

In the final step in Figure 1, we use the normalized derivative to estimate the changes
in f that would be caused by an arbitrary pattern of temperature change ASST"

~ Zi(af/aSSTi*)aiASSTi

Af = 5
Qtot (5)
204 We can repeat this for each entry in a time series of surface temperature change, ASST(t),
205 to estimate the associated time series of Af(¢) (e.g., the orange line in Step 4 in Figure 1).
206 Note that if monthly or seasonal derivatives of f are used, they can be cyclically applied
207 to monthly or seasonal averages of ASST(t) to create estimates of Af(t).



208 If we wish to test the accuracy of the method, we could then compare this estimate
200 of Af(t) to the time series produced by running the atmosphere-only model with {SST',,}.+

300 ASST(t) as its boundary condition, once more keeping sea ice and forcing agents fixed
301 (the black line). The simulated value of Af(¢) may exhibit variations due to internal vari-
302 ability of the atmosphere and land, which may cause Green’s function reconstructions

303 of Af(t) to differ from simulated values. We can reduce the influence of internal vari-

304 ability by running an ensemble of simulations, each with different initial conditions. The
305 time series of the simulated ensemble mean (black line) and Green’s function estimate

306 (orange line) of Af(t) can then be compared, for instance by calculating the root mean
307 square error (e.g., Equation 6 in the next section).

308 2.1 Applying the method to N

300 A number of recent papers have used this Green’s function method, or variations
310 on it, to investigate the dependence of TOA radiative fluxes on sea surface temperatures
31 (Zhou et al., 2017; Dong et al., 2019; Zhang et al., 2023; Alessi and Rugenstein, submit-
312 ted). For example, Figure 2 shows the normalized derivative of the globally-averaged net
313 TOA radiative flux, N, for a variety of atmosphere-only models. The top row shows the
314 half-amplitudes of the patches used to construct these derivatives (that is, the contours
315 within which the patch perturbation is at least A,/2). Some patch layouts were designed
316 to be regularly spaced in latitude and longitude, while others have patches with a con-
317 sistent area over some or all of the Earth.

318 The bottom rows show derivatives of N with respect to SST (that is, the response
319 of the global-mean net TOA radiative flux in a given location, not to be confused with
320 the response of local values of N to local or global SST changes) constructed using a

321 variety of Green’s function method setups. There is a fairly consistent picture across the
32 derivatives: the most negative dependence N on local surface temperature occurs in ar-
33 eas of tropical convection, especially over the western tropical Pacific. A similar pattern

524 over the tropical Pacific is also seen for the ICON model (Figure S1).

325 Figure 3 illustrates the cause of these common features using some example patches
326 (see also Zhou et al., 2017; Ceppi and Gregory, 2017; Andrews MW@bb, 2018; Dong

327 et al., 2019). Panel a shows the surface temperature change, ASST, associated with ap-
328 plying an A, = +2K warming patch to a region of the western equatorial Pacific, where
329 deep convection occurs. Warming in this region propagates upwards and then outwards
330 to broadly warm the free tropical troposphere, increasing lower tropospheric stability in
331 subsiding regions, and thus promoting low clotigliness (Wood and Bretherton, 2006). The
332 resulting change in net TOA radiative flux, AN, is shown in panel d. Thus, the more

333 negative regions in Figure 2 are primarily a result of nonlocal low cloud feedbacks (i.e.,
334 even though the cloud response occurs primarily in subsiding regions, this response is

335 due to warming in convecting regions, so that convecting regions have negative values

336 of 8W/8SST*)

337 This response is in contrast to the response to surface warming in the subsiding

338 tropics and extratropics, which is mostly local. While warming in these regions can have
339 large nonlocal responses, these responses are typically mediated by surface temperature
340 changes elsewhere (that is, these teleconnections typically involve an oceanic response,

3a1 and thus an atmosphere coupled to a slab or dynamic ocean, e.g. Kang et al., 2008; Feldl
342 and Roe, 2013; Liu et al., 2018a; Kim et al., 2022; Luongo et al., 2023). Since the at-

343 mospheric Green’s function method aims to capture the atmospheric response to a given
344 region’s surface temperature changes independent of surface temperature changes any-

345 where else, the ocean response is deliberately suppressed (i.e., SST is prescribed in patch
346 simulations), and only direct atmospheric effects are captured.

347 Keeping in mind that we are limiting our attention to the atmospheric response,

348 surface temperature perturbations in the subsiding tropics typically cannot propagate
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beyond the boundary layer (panel b), such that they mostly cause a local decrease in lower
tropospheric stability and subsequent loss of low clouds (panel e). In the extratropics,
surface warming is often balanced by local horizontal circulation changes which can be
maintained via the Coriolis force (panel c; see all Hoskins and Karoly, 1981). This cir-
culation further inhibits cloud formation through advection of colder, drier air to the warm-
ing region (Williams et al., 2022a). In both cases, responses are mostly local. Given that
the AN in panels e and f are of a similar order of magnitude as in panel d but cover a
much smaller area, the resulting change in globally-averged N is smaller, so that the deriva-
tive of N associated with SST changes in these regions is also smaller.

In spite of the similarities between derivatives in Figure 2, substantial differences
remain (e.g., the strength of negative feedbacks in the Caribbean). Some of these dif-
ferences may reflect variations in the application of the Green’s function method. For
example, the two HadAM3 derivatives (both created for this study) differ only in their
patch layouts, but have differently sized negative regions in the tropical Pacific. Simi-
lar differences are seen for the two CanESMS5 derivatives over the tropical Pacific (Fig-
ure S1). By proposing a common protocol, GFMIP ensures differences in derivatives are
due only to the atmospheric models themselves.

3 The GFMIP Protocol

Table 1 summarizes the GFMIP protocol, where variables are defined as in Figure 1.
The protocol consists of a control simulation, a set of patch simulations, and a pair of
diagonstic simulations, as well as some optional simulations. Boundary conditions for
all can be found at gfmip.org. We present the parameters for this protocol below, but
first discuss the sensitivity tests used to inform our choices of these parameters.

3.1 HadAMS3 sensitivity tests

Each element of the protocol was chosen by assessing existing setups and perform-
ing sensitivity tests, most with the atmosphere-only component of the HadCM3 model,
HadAMS3 (Pope et al., 2000), which can be run inexpensively while still having a real-
istic coupled control climatology (Gordon et al., 2000; Tett et al., 2022).

For each sensitivity test with HadAM3, all experimental setups are as in Table 1
unless otherwise mentioned, with the exception that we use preindustrial (as opposed
to year 2000) values of all forcing agents. Note that we use annually-averaged deriva-
tives for our Green’s functions, as using monthly or seasonal averages does not signif-
icantly improve our results (Figure S2), though it can for other models (Dong et al., 2019;
Bloch-Johnson et al., 2020; Alessi and Rugenstein, submitted).

We evaluate each setup’s skill by seeing how well it reconstructs the response of
HadAMS3 to historical sea surface temperatures. We first run an ensemble of n, = 9
siﬂl)lations of HadAM3, each with the same time-evolving S ST boundary conditions,
SST hist(t), but different initial conditionsﬂ)le ensemble helps remove the influence of
internal variability on N). We construct SST ;s (t) by starting with a monthly clima-
tological base state, {SSTy,}., and then adding the monthly anomalies of the AMIP dataset
between 1871 and 2015 (Gates, 1992), ASST'pst(t). These anomalies are calculated rel-
ative to the monthly climatology from 1971 to 2020 (the protgcol’s {SST';, }.), so that
with the exception of the sensitivity test in Section 3.2.1, SST ;s (t) is just the AMIP
time series. We once more keep sea ice and forcing agents fixed to their control values.
Each ensemble member produces a time series of the change in N, Aﬁhist,sim,e(t)y and

AN pist,sim(t) = Y (AN pist sim,e(t)/ne) is the ensemble-mean time series.

For each Green’s function setup, we calculate the derivative of N with respect to
SST and then apply it to ASSThst(t) as in Equation 5 to estimate the time series of
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the change in N, ANhist,GF(t). The setup skill is then defined as the root mean square
error between this reconstruction and the ensemble-mean simulated response,

R —_— 2
Zt (ANhist,G’F(t) - ANhist,sim (t))
RMSEps = - : (6)
t

where n; is the number of years in the historical time series, i.e. n; = 145. Generally,
we seek experimental setups that balance minimizing RM S Ep;s; with minimizing com-
putational expense.

3.2 Control simulation
3.2.1 Boundary conditions ({SST}e, {SICn}e)

As shown in Stepl_ip> Figure 1, we must choose W}li—Cb monthly climatologies of sea
surface temperature ({SST,,}.) and sea ice fraction ({SIC,,}.) to use as boundary con-
ditions for our control simulation. Two options have been used for the climatology source
in the past — the piControl simulation of the coupled GCM associated with the atmo-
spheric model in question (e.g., the top row of Figure 4; this was also used for CanESM5
and HadAM3 in Figure 2), or recent decades of the AMIP dataset (Gates, 1992), which
is based on observations (bottom row of Figure 4, which specifically uses years 1971-2020;
similar periods were used for the rest of the models in Figure 2).

These two base states have different sea surface temperature (panels a and e in Fig-
ure 4) and sea ice fraction (panels b and f in Figure 4) climatologies. When used to per-
form the Green’s function method with HadAM3, they result in different derivatives of
N /_(panels ¢ and g in Figure 4). As mentioned above, we must also choose {SS5T', }. and
{SIC,}. when we run our ensemble of historical simulations, also leading to different
values of AN st sim(t) (black lines in panels d and h in Figure 4). The different deriva-
tives of N lead to different Green’s function estimates of these time series, Aﬁhist’g r(t)
(orange lines in panels d and h in Figure 4).

Our results suggests that, as long as the same base state is used to make both Aﬁhismsim(t)

and AN p;s.gr(t), the RMSE);q will be similar, e.g. 0.27 and 0.23 Wm=2K~! for the
piControl and AMIP climatologies respectively. This skill decreases if we use different
base states for the simulation and its Green’s function reconstruction, with an error of
0.36 Wm 2K 1 if AMIP is used for AN p;5.cr(t) and HadCM3 piControl is used for
AN st sim(t). This implies that differences in base states may help explain differences
in atmospheric response between models, rather than differences in model physics. For

example, this could help explain the discrepancies between true and reconstructed CMIP6
radiative feedbacks in Dong et al. (2020).

Given the similar RM SFE},;4; for these two base states, we have chosen the AMIP
state, as it is model agnostic, allowing us to generate a common set of boundary con-
ditions for the control, patch, and diagnostic experiments requested by the GFMIP pro-
tocol. While we specifically have chosen a climatology over 1971 to 2020, we expect small
changes in this range to have modest effects, so that existing simulations using roughly
the same period will be considered as fitting the protocol.

3.2.2 Forcing agents ({F}.)

We must choose values for the various forcing agents (e.g., COq concentration, aerosol
emissions). Prior studies have used values from the year 2000 (Zhou et al., 2017; Dong
et al., 2019) or 2010 (Zhang et al., 2023). By contrast, our HadAM3 tests were run us-
ing preindustrial conditions.

—10-



436

437

438

439

440

441

442

443

444

446

447

449

450

452

453

454

455

456

457

458

460

461

462

463

464

465

466

467

468

470

471

473

474

475

477

478

We have recalculated the HadAM3 derivative of N with a CO4 concentration four
times the preindustrial level (panels d-f in Figure S3). The resulting derivative has only
modest differences, and using it instead of the preindustrial derivative has a negligible
effect on RM SEp;s; (panel k in Figure S3). While differences in aerosols may be more
impactful, as they are more spatially heterogeneous, the version of HadAM3 used for this
analysis does not allow us to test this. We ask that participants set forcing concentra-
tions to year 2000 values so as to be close to existing setups, and will explore the impact
of different background aerosol concentrations on atmospheric Green’s functions in fu-
ture work.

3.2.3 Spinup years (s.)

It may be useful to exclude the initial years of the control simulation, since it takes
time for the atmosphere and land to adjust to imposed boundary conditions. To test this,
we recalculate the RMSFEj;s; associated with the Green’s function method in panels d
and h of Figure 4 using a spinup period, s., for their respective control simulations rang-
ing from 0 to 100 years (panel a of Figure 5; note that we use the same scale for the y-
axis in all four panels). We use such a large range of values of s, to demonstrate that
the variation in RMSEp;s: due to the initial atmospheric/land adjustment is much smaller
than the subsequent variations due to internal variability alone. However, the value of
N in the first year of the control simulation for the HadAM3 piControl base state is a
clear outlier (Figure S4). To be conservative, we therefore propose including a year of
spinup in control simulations.

3.2.4 Post-spinup years (y.)

Next, we consider how many years to run the control simulation beyond the spinup
period. We considered potential control simulation lengths, y., of 1 to 40 years. To test
these values, we ran a control simulation for 120 years and discarded the first year as a
spinup. For each value of y., we constructed an ensemble by dividing the remaining 119
years into an ensemble of floor(119/y.) members, each y. years long (e.g., for y. = 40,
we had an ensemble of two intervals, one from year 1 to 40, the other year 41 to 80). For
each ensemble member e, we averaged the value of N over this interval to give us our
control value. We then proceeded with the Green’s function method, resulting in a value
for RM S Ep;st,c. For each y. we then took the ensemble-mean RM SE};s:, which we show
in panel b of Figure 5.

For both base states, there is a steady decay in error that saturates after about a
decade. The general shape of this curve can be derived by considering the factors that
contribute to the RM S Ej;s¢. Suppose we make the simplifying assumption that annual
averages of natural variations in f are normally, identically, and independently distributed,
with standard deviation o, then:

+ the standard error of our estimate of f, will be o¢4/1/y.
+ the standard error of our estimate of f, will be of4/1/y,

« the standard error of their difference, Af, will be of/1/yc +1/y,

« the standard error of our estimate of a sinusoidal patch’s sensitivity of f to sur-
face temperature change, Af/(ASST,), which we denote by o, will be

of 1 1
v (ap/amt>|Ap|/4\/; @

where we have used Equation 4, which assumes the patch is land and ice free.

If we also assume that patches are roughly the same size (that is, that a, is the same
for all patches), then o, is the same for all patches. In this case, the standard error of
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the normalized derivative in a given cell 9N /9SST; will be proportional to o, (from con-
sideration of Equation 3), as will the standard error of AN ;s ¢r(t) (by Equation 5).

For large historical simulation ensembles (i.e., large n.), the standard error of Aﬁhist,sim
will approach 0, in which case RMSE};s; will also be proportional to o, (by Equation 6).
Therefore, Equation 7 implies that as we vary y., RMSFEp;s; should vary roughly lin-
early with \/1/y. + 1/10 (where we’ve set y, at 10 years), which it appears to do (left
panel, Figure S5). As a result, RM SE};s decays roughly with the square root of the in-
verse of y. in panel b of Figure 5.

Equation 7 illustrates that the skill associated with a given experimental setup de-
pends on of, which can vary greatly with the variable in question, and to a lesser ex-
tent on the model as well. As a result, experimental setups that work well for studying
one variable may be insufficient for studying other variables.

For example, for HadAM3, we estimate oy is 0.16 Wm™2. We estimate similar val-
ues for other atmospheric models (e.g., 0.14 Wm~2 for CanESM5, 0.24 Wm~2 for ICON),
and so given that the experimental setup in Table 1 is primarily calibrated using recon-
structions of N with HadAM3, we expect it will work similarly well for reconstructions
of N in other models.

However, N is a global average. If one wanted to study the net TOA radiative flux
in a specific location, this setup may not be sufficient. For example, let us refer to the
net TOA radiative flux in the grid cell that includes the location (0°,0°) as Ny . For
HadAM3, the standard deviation of annual averages of this value is 2.21 Wm™2. If we
wanted to achieve the same skill at reconstructing No o as N using parameters from the
GFMIP protocol, Equation 7 implies we must have 1/y.+1/y, = 0.00078 years~!, which
would require both y. and y, to be at least a thousand years. This is one of the reasons
that Green’s function recreations of spatial maps of TOA radiative flux can have large
errors (Zhang et al., 2023), although the nonlinearities we discuss in Section 4 may also
play a role. While the random perturbation method mentioned above may more efficiently
estimate the response of local values to sea surface temperature changes (Li et al., 2012),
we note that this may have limitations due to these same nonlinearities, as we discuss
below.

Returning to panel b of Figure 5, ten years appears sufficient to reduce noise in our
estimates of V.. However, there is only one control simulation, while there are many patch
simulations. We therefore feel the cost of being conservative with a control simulation
is minimal (that is, increasing y. is much less costly than increasing y,), and so spec-
ify that y. be twenty years.

3.3 Patch simulations
3.3.1 Spinup years (sp)

We now recalculate RM S Ej;s; with a patch simulation spinup period ranging from
0 to 20 years (panel ¢ of Figure 5), once more using a large range of values to show the
effects of internal variability. Instead of considering different base states, we plot differ-
ent values of the patch amplitude parameter, A,. Note that we use the HadAM3 piCon-
trol base state in panels ¢ and d is the HadAM3 piControl, for which we calculated more
values of the patch amplitude A,. Due to the nonlinearities discussed in Section 4, we
use averages of cooling and warming derivatives, specifically A4, = +1K, +2K, and +4K.

There appears to be little variation of RMSFEy;s; with s, suggesting a spinup pe-
riod may not be needed. We believe this is because our patch experiments were branched
directly from the end of the control simulation. We assume that if the patch simulations
start with different enough initial conditions, they might still need a year of spinup. Our
protocol recommendation is therefore to either branch patch simulations from the con-
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trol simulation, or to leave out the first year of each patch simulation as a spinup year.

We note that branching from the end of the control simulation allows the resulting ex-
periment to be used to understand to the temporal response of the atmosphere (e.g., Holzer
and Hall, 2000), which may be of interest to GFMIP participants, and so we encourage

this option.

3.3.2 Post-spinup years (y,) and mazimum perturbation (A,)

Panel d of Figure 5 is analogous to panel b, except we consider the post-spinup length
of patch simulations. For this test, we ran each patch simulation for a total 40 years. Since
our patch simulations branched directly from our control simulations, we do not leave
out a spinup year. As above, for each value of y,, we divided the length of the patch sim-
ulation into an ensemble of floor(40/y,) intervals (e.g., for y, = 15, there were two in-
tervals, one from years 1 to 15, the other from years 16 to 30). For each ensemble mem-
ber e, we calculated each patch p’s ANP by taking its average over that interval, and then
used these values to generate a derivative of N and subsequently an RM SEpist,e of the
historical reconstruction. For each y, we then took the ensemble mean to create RMSE};q,
which we show in panel d of Figure 5.

Equation 7 suggests that using larger temperature perturbations and running longer
patch experiments are both ways to improve the skill of the Green’s function reconstruc-
tion, and so we consider the best values of y, and A, simultaneously. As suggested by
Figure 2, the derivatives of N associated with positive and negative values of A, differ,
with the latter typically being more positive than the former, and in fact the top panel
of Figure S6 shows that cooling and warming derivatives by themselves both poorly re-
construct AN g, (t). While we save the discussion of the nonlinearity of these results for
Section 4, for now we rule out using only one sign of A, in the protocol.

For y, = 1 years, the root mean square error in excess of the asymptotic value
of ~ 0.25Wm™2 is roughly inversely proportional to A, (middle panel of Figure S5), in
keeping with Eq. 7, which also successfully predicts the reduction in error proportional
to \/1/yp + 1/20 (where we've set y. to 20 years; right panel of Figure S5). However,
the reduction in error associated with the A, = +4K asymptotes at a higher error than
+1 and £2K. We believe this is because the +4K perturbations are large enough to cause
nonlinear behavior not associated with the response to the more modest historical tem-
perature perturbations.

As a result, we face two tradeoffs when planning patch simulations — more years
give more accurate reconstructions, but take more computing resources; and higher per-

turbations have better signal-to-noise ratios, but can introduce nonlinear effects. For HadAM3,

py = 10 years and A, = +2K appears to be an optimal spot for both tradeoffs. For GFDL-
AM4, extending p, from 10 years to 30 years with A, = 1.5K does not significantly af-

fect the reconstruction of the response to observed temperatures, at least when sensi-
tivity tests are not applied (left column of Figure 12 in Zhang et al., 2023). We there-

fore have chosen p, = 10 years and A, & 2K for the protocol.

3.3.3 Patch layout (¢,,0,,00,,30,)

The choice of the placement and size of the patches used in the patch experiments
presents us with another set of tradeoffs: patch layouts with smaller patches increase the
total number of patches that must be run and decrease the signal associated with any
given patch (i.e., decrease a, in Equation 7), thus increasing the error for a given exper-
imental setup. Howevwatches that are too large may obscure the very spatial vari-
ations in response to SST that we wish to study with our Green’s functions.

Figure 6 illustrates this tradeoff. We have performed a case study over the trop-
ical Pacific (specifically 100°W to 60°E and 30°S to 30°N) in which we consider seven
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patch layouts whose half-amplitudes (i.e., locations where the patches reach half of A))
are shown in the top row of Figure 6 — the first consisting of a single, uniform patch across
the entire study domain, and the rest consisting of sinusoidal patches using Equation 1
(for full details on each setup, see Table S1). Note in this figure, we differ from the pro-
tocol by using HadCM3 piControl boundary conditions, a 120-year control simulation
with s, = 1 year and y. = 119 years, and 40-year patch simulations with s, = 0 and

yp = 40 years.

The second row shows the +2K derivatives of N for each patch setup, and the bot-
tom panel shows the resulting RMSEp;s: from using these derivatives (note that for this
case study, the Aﬁhist(t) used to calculate both AN p;st sim (t) and AN s ar(t) is
set to 0 outside of the case study domain). As expected, “low resolution” layouts (i.e.
with a few, relatively large patches), have worse reconstruction skill. However, note that
while the Zhou et al. setup uses smaller patches, it also uses fewer patches, as its patches
overlap less than the Dong et al. setup. Having overlaps between patches does not seem
to improve the skill score.

We can also see this by comparing the full-domain HadAMS3 derivatives of N from
Figure 2 using the Zhou et al. and Dong et al. shifted layouts, which require 109 and
147 patches respectively, and whose £2K derivatives reconstruct historical N (¢) with er-
rors of 0.27 Wm™2K~! and 0.26 Wm~2K~! respectively (once more using the HadCM3
piControl base state), compared to 0.4 Wm~2K~! for a uniform perturbation. Based on
these results, we recommend using the Zhou et al. patch layout for the tropics, which
have a good balance of reconstruction skill and number of patches required.

All of the patch layouts considered for the tropical Pacific case study were equally
sized and spaced in terms of latitude and longitude. Patches with the same longitudi-
nal width 06, can become vanishingly small close to the poles. As a result, for equal lat-
itude/longitude layouts, many more patches are used to cover the same area at high lat-
itudes, and since these patches cover smaller areas, they must be run for longer to achieve
the same degree of signal (e.g., Eq. 7). Dong et al. (2019) addressed this issue by using
a larger A, and d¢, for extratropical patches, while Alessi and Rugenstein (submitted)
adopted “equal-area” patches, in which 66,(¢,) is a function of the latitude of the patch
(Figure 2).

Figure S7 shows a case study in which two different patch layouts are used around
the Southern Ocean. The top row uses the equal-area patch layout from Alessi and Ru-
genstein (submitted), while the bottom row shows an equal lat./lon. layout grid as in
Dong et al. (2019), for which patches polewards of 50° have ¢, = 40° and §6, = 80°.
The equal-area layout uses only 14 patches to cover the area covered by 36 patches in
the equal-lat/lon layout, greatly decreasing the number of simulations needed. Neither
layout produces a derivative of N with particularly large values (note that the colorbar
scale matches those used in other figures). As discussed above in relation to Figure 3,
extratropical warming can have large effects on global climate, but these are typically
mediated by the oceanic response, which is not included in the atmospheric Green’s func-
tion method. We also note that there is more spatial variation in the equal lat./lon. grid,
but it is unclear if this is physical or due to internal variability.

Because of the lack of strong atmosphere-only feedbacks, we have opted for the com-
putational savings and decreased error of using equal-area feedbacks to cover extratrop-
ical regions. However, for the tropics, where area differences are minimal, we use an equal
lat./lon. grid, as it is more intuitive and maximizes the use of existing experiments. The
resulting hybrid patch layout is outlined in Table 1 and shown as the “Zhou et al. (equal-
area extratropics)” layout in the top row, third column of Figure 2. Note that extrat-
ropical patches have roughly the same size as patches at the equator.
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3.8.4 Shape (ASST(4,0))

The sinusoidal patch shape (Eq. 1) avoids sharp, unphysical gradients of surface
temperature (Barsugli and Sardeshmukh, 2002). To test the utility of doing so, we have
run patches with two other shapes: a uniform rectangular perturbation with no smooth-
ing at the edge (i.e., consisting of Heaviside step functions), and the same with smooth-
ing at the edge, taking the form of tanh functions with e-folding scales of 1°. We have
performed this for three patch layouts defined in Table S1: 40° by 120°, Dong et al. shifted,
and 20° by 80°. All other setup details are the same as the sinusoidal case study above.
Note that a rectangular patch that is entirely over ice-free ocean has a globally-averaged
temperature perturbation four times larger than a sinusoidal patch with the same patch
size and A,.

Figure S8 shows the results. As with Figure 6, using smaller patches improves the
skill at computational expense. The tanh smoothing has a minimal (or even deleterious)
effect on the skill. None of the setups achieve a similar skill to the sinusoidal patches.
Since sinusoidal patches are more strongly peaked at their centers, they may capture finer
spatial detail in derivatives of N than rectangular patches. This may also explain why
rectangular patches produce derivatives with smaller spatial variation. In any event, we
see no advantage to abandoning what has become the conventional patch shape, and there-
fore choose Equation 1 for the protocol.

3.4 Diagnostic simulations

Diagnostic simulations help us assess the skill of the Green’s function method. We
request participants run two diagnostic simulations, each with sea ice {SIC,,}. and forc-
ing agents { F'}. as in the control and patch simulations, but with the SST boundary
conditions set to the following time series:

* historical: time-evolving SST using the AE)P time series, from 1871 up to 2020
(Gates, 1992). This is the same as the ASST ;5 (t) described above. The GFMIP
historical experiment is similar to the CEMIP amip-piForcing experiment (Webb
et al., 2017), but with fixed sea ice, and with forcing held at values from year 2000.

e abruptfx: time-evolving SST based on the CMIP6 ensemble average of the first
150 years of the abrupt4x experiment.

For both simulations, we ask that participants run ensembles with different initial con-
ditions, if possible, to reduce uncertainty.

3.5 Optional simulations

We also suggest a series of optional, “Tier 2” experiments:

» 4K patches: same as the A, = £2K patch simulations, but with 4, = +4K.
e uniform perturbations: same as the patch simulations, except instead of patch per-
turbations, there are uniform SST perturbations of either £2K or +4K.

e modes of interannual variability: same as the patch simulations, but with SST
patterns corresponding to the dominant modes of ENSO, PDO, 10D, and AMO.

3.6 Requested variables

Data submitted to GFMIP should follow CMIP6 conventions, and be CMOR-ized,
with variable names and units consistent with their CMIP6 values. We request monthly
averages of the 2D and 3D variables given in Tables 2 and 3 respectively for all control,
patch, diagnostic, and optional simulations. We also welcome higher temporal resolu-
tion data from the initial years of patch simulations branched from the control simula-
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tion, which may be of use in constructing temporal Green’s functions to understand at-
mospheric response at the sub-seasonal to seasonal time scale. The analogous CMIP6
variables can be found at https://clipc-services.ceda.ac.uk/dreq/u/MIPtable:: Amon.html.
If an atmosphere model’s native grid is not along lines of latitude and longitude, we ask
that output first be interpolated to a latitude-longitude grid. We ask participants to up-
load data as netCDF files. (We acknowledge Wing et al., 2018, which we used as the ba-
sis for this description.)

3.7 Download & upload information

The boundary conditions required for the control, patch, and diagnostic simula-
tions are available for download at gfmip.org. This site also contains instructions for data
upload and download. Upon publication of a paper summarizing results, uploaded data
will become publicly available.

4 Nonlinearity (AN ¢ ASST)

In Figure 2, the derivatives of N with respect to SST are generally more negative
in experiments with warming than with cooling patches. This nonlinear result is con-
sistent across models, suggesting that it is due to fundamental physics.

The top row of Figure 7 shows derivatives of N for HadAM3 with a range of val-
ues of A, (these were calculated using the HadCM3 piControl base state, so that panel
h of this figure is the same as panel ¢ of Figure 4 above). The sign of A, has a much larger
effect on the derivative than the magnitude of A,, and there is a jump in the global mean
value (given in the title of each panel) of -1.82Wm~2 between 4, = —1K and 4, =
+1K, so that the asymmetry between warming and cooling exists even for small per-
turbations.

The magnitude of A, still has some effect, such that the negative regions of 8W/8§§T>*
associated with areas of tropical convection get more negative and grow spatially as A,
increases from +1K to +4K. Figure 8 in Zhang et al. (2023) shows a similar intensifi-
cation between A4, = 1.5K and 4K for GFDL-AM4. For HadAM3, these changes are not
quite symmetric, such that the +1K derivative of N (panel g of Figure 7) is different than
the +£4K derivative (panel 1 of Figure 7 and panels ¢ and d of Figure 5).

In addition, there appears to be a nonlinearity associated with patch size. In Fig-
ure 6, the third and fourth rows show the derivatives of N for A, = +2 and —2K re-
spectively. The title of each panel is the average value of the derivative of N over the
case study region demarcated by the black rectangle. We note the following properties:

« If warming (4+2K) patches are used, smaller source patches cause more negative
derivatives of N.

« If cooling (—2K) patches are used, smaller source patches cause more positive deriva-
tives of N.

« Consequently, the smaller the source patches, the larger the asymmetry between
warming and cooling. For example, the average derivative for a uniform warm-
ing over the study region is 0.35 Wm~2K~! more negative than for a uniform cool-
ing (first column). However, for the Dong et al. shifted layout, the average deriva-
tive is 3.37 Wm™2K~! more negative (last column). Extending our perturbation
to a larger domain, the average derivative for a uniform warming over the entire
globe is actually 0.17 Wm~2K~! more positive than for a uniform cooling (not
shown), in keeping with this spatial trend.

« Warming patches experience greater dependence on patch size than the cooling
patches do, such that the average of the warming and cooling derivatives gets more
negative as the size of the source patches gets smaller.
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All of these nonlinearities may have a common explanation, proposed by Williams
et al. (2022b), which documented similar nonlinearities with the ICON model. In order
to set off deep convection, the surface conditions of tropical regions must reach a thresh-
old in which their subcloud moist static energy is larger than the saturated moist static
energy aloft (Williams and Pierrehumbert, 2017). Areas that can deeply convect will serve
as sources of higher saturated moist static energy for the surrounding region, with val-
ues falling off as one gets further from the convecting source. This is consistent with all
three nonlinearities seen above:

« Asymmetry: asymmetry between warming and cooling patches occurs because warm-
ing a convecting region increases the moist static energy supplied to the tropical
free troposphere, increasing lower tropospheric stability and thus low cloudiness
in the manner depicted in the first column of Figure 3. Alternatively, cooling a
small patch of a convecting region may drop that region below the convective thresh-
old, removing the location in question as a source of moist static energy. This might
not have large effects because other nearby regions might still convect and sup-
ply moist static energy of a similar value.

* Magnitude-dependence: larger values of A, may cause regions that would not oth-
erwise pass the threshold for convection to do so. In particular, notice how the map
of A, = +4K in panel f of Figure 7 has negative feedbacks over a much broader
area than A, = +1K in panel d. Such an effect could work symmetrically, so that
under cooling, fewer and fewer regions would convect deeply if cooled in isolation,
and thus fewer would be able to affect the full free troposphere (e.g., panel a vs.
panel ¢ in Figure 7).

e Patch size-dependence: many of the arguments made in the previous two bullet
points relied on the notion that small patches were being warmed in isolation, al-
lowing them to exceed the surface moist static energy of other nearby regions. If
we instead perturb these small patches in unison, then the relative values of the
tropospheric moist static energy between them will stay fairly similar, and fewer
regions will switch from convecting to not convecting and vice versa, so that the
impact per total warming will be smaller. Not only would this explain the range
of behavior seen in Figure 6, it would also explain the difference between it and
Figure S4: rectangular patches with perturbations over a broader area having less
extreme and more linear responses than their sinusoidal equivalents.

Alternatively, the patch size-dependence could also be explained by the “Laplacian
of warming” mechanism, which finds changes in vertical velocity and surface convergence
are proportional to both SST and its Laplacian (Back and Bretherton, 2009; Duffy et al.,
2020). Patch size has an especially large influence on the Laplacian of SST': for a given
amplitude, smaller patches have a larger Laplacian of SST, and therefore may have larger
vertical velocity anomalies. Therefore, small patches may have large artificial anoma-
lies of vertical velocity, which could affect cloudiness, and therefore N. This mechanism
may also explain why some models experience asymmetries in the extratropics (Figure 2).
Asymmetry to cooling vs. warming may be stronger still if sea ice is allowed to vary (Liu
et al., 2020). Further work is need to understand the importance and interaction of these
mechanisms.

These mechanisms may also help us understand why the Green’s function method
often overestimates the magnitude of the change in N in response to the pattern of warm-
ing found in abrupt4x simulations in some models. Though the method successfully recre-
ates the response of CAMS5 to a range of forcing-induced SST patterns (Zhou et al., 2023),
it produces too strong a response to the abruptdx pattern in CAM4 (Dong et al., 2019),
HadAMS3 (panel e of Figure 8), and GFDL-AM4 (Figure 12 in Zhang et al., 2023, though
note that when sensitivity tests are used, the result is too weak a response, as in their
Figure 2). The black solid line shows the ensemble-mean simulated AN(tlL@gain over
nine simulations with different initial conditions) of HadAM3 run with ASST(t) from
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the first 150 years of an abrupt4x simulation of HadCM3, and the solid orange line shows
the Green’s function estimate using the GFMIP protocol, which is increasingly lower than
the black line over time. While we might not expect the Green’s function estimate to
work during the initial years of rapid warming when the atmosphere is not equilibrated,
the method overestimates the response for the entire simulation.

A potential correction would be to use derivatives of N estimated using only warm-
ing patches, since ASST(t) is typically positive for abrupt4x simulations. However, us-
ing a derivative derived from patches with A4, = +2K leads to an even worse underes-
timate (e.g., see Figure 7 and Figure S6). Similar results hold for CanESM5 and ICON
(Figure S9), such that using only warming patches results in large overestimates of the
magnitude of the response of N to abrupt4x warming over the tropical Pacific.

To understand better why the Green’s function method is successful in reproduc-
ing the response of IV to the historical pattern but unsuccessful for the abrupt4x pat-
tern, we decompose these warming patterns, ASST'(t), into two components: a uniform

perturbation, which has the same time-varying ocean-mean value as the full pattern, (ASST(¢)),

but perturbs the SST field uniformly (dotted lines in Figure 8), and a zero-mean term
ASST(t)—(ASST(t)), which is the anomaly in the full pattern when this uniform field
is subtracted (dashed lines in Figure 8).

If we perform ensembles of simulations with HadAM3 for the uniform perturba-
tions and zero-mean patterns analogous to those we ran for the full patterns and calcu-
late the resulting ensemble-mean time series of AN (t), the sum of the uniform pertur-
bation AN (t) and the zero-mean pattern AN (t) is quite close to the AN (t) associated
with the full warming pattern (Figure S10). This additivity suggests that as long as the
Green’s function method can recreate the responses to the uniform perturbation and zero-
mean pattern individually, it should be able to recreate the response to the full warm-
ing pattern.

We consider the uniform perturbation first. One way of interpreting the area-mean
values of derivatives of N seen in the titles of many panels in Figures 6 and 7 is as the
estimated change in N that would result from a uniform warming of a degree through-
out the area being averaged over. In Figure 6, we can compare these estimates with the
actual result of perturbing the region uniformly, which is given in the first column. Com-
paring the resulting estimates across the +2K row suggests that using patches smaller
than the domain size results in an estimate of changes in N that is too negative. As a
result, the Green’s function estimate of N is biased negatively for the abrupt4x uniform
perturbation (dotted lines in panel e, Figure 8), although it does better with the response
to the more modest uniform perturbations of the historical time series (panel b of Fig-
ure 8). The negative bias for the abrupt4x uniform perturbation is even larger than for
the full pattern itself (solid lines in panel e, Figure 8).

As for the zero-mean pattern, while the Green’s function method successfully recre-
ates the historical time series of N (dashed lines in panel ¢, Figure 8), it unsuccessfully
recreates the response to the abruptdx time series (dashed lines in panel e). However,
in this case, its estimates are biased positively, not negatively. Panels d and f show the
last years of the zero-mean patterns of the historical and abrupt4x time series, respec-
tively. In this case, the abrupt4x pattern appears more, rather than less, spatially vary-
ing than the patches used to construct our derivatives of NV.

These results form a coherent picture with the discussion of spatial nonlinearity
in Figure 6 above, in that more heterogeneous warming tends to causes more of a de-
crease in N: the patches used in the Green’s function method are more heterogeneous
than the abrupt4x uniform perturbation, leading to a negative bias, but less heteroge-
neous than the abrupt4x zero-mean pattern, leading to a positive bias. This suggests that
in addition to a “pattern effect”, whereby warming in the tropical convecting regions makes
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the radiative feedback more negative, there is a “patchiness effect,” whereby more het-
erogenous warming makes the radiative feedback more negative as well (see also Rugen-
stein et al., 2016, who found that surface flux heterogeneity affected the strength of the
radiative feedback).

The nonlinearities associated with patch simulations are therefore not an artifact
of these simulations’ experimental setups. Instead, patchiness is a general feature of the
response of the atmosphere to a given field of temperature change that must be accounted
for in some way. For example, derivatives estimated using the random perturbation method
(Li et al., 2012) will also depend on the heterogeneity of the random perturbations (de-
termined perhaps both by the number and proximity of the patches), such that, just as
with the Green’s functions method, the resulting derivatives may not apply directly to
all warming patterns.

Future work should extend the linear model of the atmospheric response to sea sur-
face temperatures to account for the nonlinearities associated with the heterogeneity of
the temperature pattern. We hope that GFMIP will not only standardize our analysis
of the linear response to surface warming, but provide results that help in the develop-
ment of this nonlinear extension. Such an extension may incorporate alternative sim-
ple models of the time-evolution of the radiative feedback, such as those using SST#
(Fueglistaler, 2019), lower-tropospheric stability S (Ceppi and Gregory, 2019), or 500hPa
tropical temperature (Dessler et al., 2018).

5 Conclusions

The dependence of atmospheric state on the sea surface temperature is a matter
of critical scientific interest. In particular, the “pattern effect” has emerged as a key source
of uncertainty in our projections of global warming, and the atmospheric Green’s func-
tion method is a uniquely helpful tool for studying it. It allows us to decompose an at-
mospheric response to surface temperature changes into responses to changes in specific
regions, making clear the local and nonlocal effects associated with these changes. The
method has already reshaped our understanding of why the radiative feedback changes
over time, both for the case of historical warming and under constant CO4 forcing. While
the Green’s function results so far have pointed to certain qualitative similarities between
models, it is unclear how much their differences are due to true differences in atmospheric
model physics as opposed to differences in experimental setup.

The Green’s Function Model Intercomparison Project will provide a standard for
performing the atmospheric Green’s function method, so that differences in participants’
results will reflect true model differences. The protocol has been developed such that ev-
ery choice reflects experimental tests measuring the sensitivity of the process to the choice
in question. The development of the protocol underscored some principles involved in
making a Green’s function setup: the importance of using both warming and cooling patch
experiments; the tradeoffs between the magnitude and size of patch perturbations and
the length of the control and patch simulations; and the fact that different variables might
require higher precision (and thus potentially longer simulations) than others.

Our analysis joins a growing body of literature establishing that the Green’s func-
tion method can successfully recreate the response of an atmospheric model’s net TOA
radiation flux to historical changes in the surface temperature pattern. Not only does
the method allow us to establish a causal relationship between surface temperature changes
in different regions and an atmosphere response, it also allows us to trace the pathways
and mechanisms by which the surface temperature changes cause those responses. More-
over, the qualitative consistency in the derivatives seen in Figure 2 suggests that the ar-
guments of Zhou et al. (2017) and Dong et al. (2019) are robust across models, giving
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confidence that these studies provide fundamental physical insight into the pattern ef-
fect.

On other hand, the preliminary results and sensitivity tests compiled for this pa-
per show that the response of the atmosphere to surface temperature perturbations has
nonlinearities associated with the sign, magnitude, and size of the perturbation. Recent
work suggests that this nonlinearity may arise from convective thresholds working in con-
junction with the weak temperature gradient, as well as from influences of the Lapla-
cian of SST on vertical velocity over the perturbation in question. As with some pre-
vious studies, we find that for many models, the Green’s function method estimates a
response of the global-mean net outgoing TOA radiative response, N, to the warming
caused by large COy changes (such as in abrupt4x simulations) that is too negative. Our
findings suggest the response of N to a pattern of SST change depends on the spatial
heterogeneity of the pattern, with more heterogeneous patterns causing a more negative
N.

In conclusion, we think that the GFMIP results will be useful for analyzing the at-
mospheric response to historical climate change and for accounting for nonlinearities in
the response to warming under further CO5 increases. A refined understanding of the
net TOA radiative response will help in improving our projections of both near and long-
term warming. GFMIP could also provide insight into many other aspects of the atmo-
sphere’s response to surface temperature changes, such as changes in atmospheric cir-
culation and heat transport, precipitation, and land warming. For all of these reasons,
we hope that other groups will join us in carrying out the GFMIP protocol.
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Table 1. The GFMIP protocol. All symbols are defined as in Figure 1. All simulations are

run with atmosphere-only models, and with the same fixed climatological sea ice ({SICm}c)

and forcing agents ({F'}.) as the control simulation. Boundary conditions for all simulations are

available for download at gfmip.org.

Control simulation (21 total simulation years)

@)ﬂdary cﬂitions
({SSTm}e, {SICm}e):
Forcing agents ({F'}.):

Spinup:
Post-spinup:

AMIP climatology (average of 1971-2020)
year 2000 values
s. = 1 year

Yo = 20 years

Patch simulations (2180 total simulation years w/o spinup, 2398 w/ spinup)

Spinup:
Post-spinup:
Maximum
perturbation:

Size:

Locations
(109 total):

Patch shape:

sp = 0 years if branching from end of control simulation, 1 year otherwise

yp = 10 years
A, = +2K

80° .| < 30°

dpp = 20°; 00,(¢p) = o 0] o

80°/ cos(¢p) [¢p| > 30

lop| € {0°,20°}, 6, € {180°W, then every 40°}

|op| € {10°,30°}, 6, € {160°W, then every 40°}
|| € {40°,60°,80°}, 6, € {180°W, then every 40°/ cos(¢,)}
lop| € {50°,70°%, 6, € {160°W, then every 40°/ cos(¢p)}

sinusoidal (see Equation 1)

Diagnostic simulations (300 total simulation years per ensemble member; multiple members encouraged)

historical:

abrupt4x:

ASST(t) from the AMIP time series, from 1871 to 2020
ASST(t) from the CMIP6 multi-model-mean of abruptdx (first 150 years)

Optional simulations

+4K patches:
uniform perturbations:

modes of variability:

same as patch simulations, but with A, = £4K
same as patch simulations, but with uniform of ASST = +2K and +4K
same as patch simulations, but with ASST of modes of ENSO, PDO, 10D, and AMO
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Table 2. Requested 2D monthly variables, defined as for CMIP6 (see https://clipc-
services.ceda.ac.uk/dreq/u/MIPtable:: Amon.html)

Variable Description Units

cl total cloud fraction of grid column %

clivi ice water path kg m—2
clwvi condensed water path kg m—2
evspsbl  evaporation flux kgm2m™!
hfls surface upward latent heat flux W m—2

hfss surface upward sensible heat flux W m~2

pr surface precipitation rate kgm2m™!
pre surface convective precipitation rate kgm2m™!
prw water vapor path kg m~2

psl sea level pressure Pa

rlds surface downwelling longwave flux W m~2

rlus surface upwelling longwave flux W m~2
rldscs surface downwelling longwave flux — clear sky W m™2
rluscs surface upwelling longwave flux — clear sky W m—2

rlut TOA outgoing longwave flux W m2
rlutcs TOA outgoing longwave flux — clear sky W m2

rsds surface downwelling shortwave flux W m~2

rsdt TOA incoming shortwave flux W m~2

rSus surface upwelling shortwave flux W m—2
rsdscs surface downwelling shortwave flux — clear sky W m™2
rSUSCSs surface upwelling shortwave flux — clear sky W m~2

rsut TOA outgoing shortwave flux W m~2
rsutcs TOA outgoing shortwave flux — clear sky W m~2

tas 2 m air temperature K

uas 10 m eastward wind m m~!

vas 10 m northward wind m m~!

Table 3. Requested 3D monthly variables, defined as for CMIP6 (see https://clipc-

services.ceda.ac.uk/dreq/u/MIPtable:: Amon.html)

Variable Description Units
cli mass fraction of cloud ice gg !
clw mass fraction of cloud liquid water g g=!
hur relative humidity %

hus specific humidity gg !
me convective mass flux kg m™2 m~!
ta air temperature K

ua eastward wind mm™!
va northward wind mm~!
wap omega Pa m~!
29 geopotential height m
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Step 1: Run a control simulation Step 2: Run patch simulations

for each patch p, < <
boundary conditions and forcing agents |{F}. add Amﬁp to m:c ASST, example > 0, A
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of interest) % t (years) s+, atm. model s, t (years) S+ Y

Step 3: Make normalized derivative of f | Step 4: Estimate response of fto A SST(7)

for each grid cell i, take the weighted average of each Am(t)
patch's Af,/(ASST ) — _
< o’ [

ﬂ

A y
ST = = £ (3 o) 3o
s = | o) 2
z:17 (ASST,) pi n?ct)rgél Green's functions
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Figure 1. A schematic illustrating the Green’s function method for modeling the dependence
of an atmospheric variable, f, on the sea surface temperature field, SST. Step 1. Run a control
simulation of an atmospheric model with fixed climatologies of sea surface temperature (ﬁfo),
sea ice fraction (STC’:), and forcing agents {F}., with a spinup of s. years and a post-spinup pe-
riod of y. years, to estimate f.. Step 2. For each patch in a lattice overlaying the ocean surface,
run the atmospheric model with that patch as a perturbation to the SST field with a spinup
period of s, years and a post-spinup period of y, years to estimate the resulting change in f,
Afp. Each patch has amplitude, shape, and position parameters (Ap, 0¢p, 00y, ¢p, O in Equa-
tion 1). Step 3. Define the normalized derivative of f with respect to SST in a given grid cell

i, Of JOSST;, as the average of each patch’s dependence of f on its ocean-averaged SST per-
turbation, (SS—>Tp>, weighted by how strong the patch perturbation is in that cell. Step 4. The
response of f to a given pattern of surface temperature change ASST can be estimated using
the normalized derivative, 9f/ 8SST* and the area in each grid cell, a;. A Green’s function setup
can be evaluated by comparing the response to a surface temperature time series simulated by an

atmospheric model (black line) and estimated by the Green’s function method (orange line).
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CAM5 CanESM5 HadAM3 CAM4 GFDL-AM4  ECHAMG6 HadAM3

C. Zhou J. Cole J. Bloch-Johnson Y. Dong B. Zhang M. Alessi J. Bloch-Johnson
& J. Gregory and M. Zhao & M. Rugenstein & J. Gregory

cooling &
warming

warming

cooling

m‘“l“‘é““lll‘m

. N < 2p-1
normalized derivative of N, dN/3SST ™~ (Wm~<K™*)

Figure 2. Normalized derivatives of N with respect to SST , ON/ 9SST *, estimated using
the Green’s function method. The black ellipses in the top row show the half-amplitudes (the
contours within which the patch perturbation is at least A,/2) for the patches used to estimate
that column’s derivatives. The bottom three rows shows the resulting derivatives. The third row
shows derivatives estimated using positive values of A, (warming patches), the fourth row shows
derivatives estimated using negative values of A, (cooling patches), and the second row shows
their average. Data attribution is given by the names underneath each atmospheric model name
in each of the column’s titles. Note that there are two HadAMS3 derivatives shown that differ
only in patch layout.

—24—



tropical ascent

tropical subsidence

extratropical

90N A== 90N - — 90N e
' ; 60N = 60N =
g 3N S 3 3nK S .
0 &' '-_ & 0 &.
¢ Ty N A
E A Dy E )5
60S 60S
905 50F 120 180 120w 60w 0 °° 6OE 120E 180 120W 60W 0  °°5 6OE 120E 180 120W 60W 0
2.0 -1.5 -1.0 0.5 0.0 0.5 1.0 1.5 2.0
surface warming, ASST, (K)
tropical ascent tropical subsidence extratropical
90N 90N 90N =
dle= el= A ! <% A <
60N 60N 60N
30N R o € 3NK S 3 3N, =
0 — 0 & 0 &
305 /! % 3051/ &S\ - 3051/ C?S\
5 . < ) ’ , <
60S 60S 60S
905 50E 120 180 120W 60W 0 °° 6OE 120E 180 120W 60W 0  °°° GOE 120E 180 120W 60W 0
-20 -15 -10 -5 0 5 . 10 15 20
change in net TOA radiative flux, AN (Wm~2)
-
Figure 3. Three examples of patch warming and resulting changes in IV, modeled on Figure

2 in Zhou et al. (2017). Black ellipses show half-amplitudes of the patch perturbation, as in the

first row of Figure 2. Surface warming in a region of tropical ascent warms the entire tropical

troposphere (panel a), increasing lower tropospheric stability elsewhere, which promotes low

cloudiness and leads to broad decreases in N (panel d). This causes the ubiquitous negative

values associated with tropical convecting regions in Figure 2 of this paper. Subsidence inhibits

warming from propagating upwards (panel b), while warming in the extratropics can be balanced

by local circulation via the Coriolis force (panel c¢), such that warming in these regions mostly

results in a destabilization of the local boundary layer and a loss of low clouds (and therefore an

increase in local N, panels e and f).
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Figure 4. A comparison of using two base states to generate Green’s functions: a climatol-
ogy of HadCM3’s piControl simulation (panels a-d), and the most recent decades of the AMIP
(observational) time series (panels e-h). Differences in the sea surface temperature (panels a and
e) and sea ice fraction (panels b and f) climatologies can lead to differences in the normalized
derivative of N with respect to SST (panels ¢ and g). Panels d and h show time series of AN
for ensemble means of 9 simulations of HadAMS3 run with a time series of historical temperature
anomalies added to each row’s respective base state (black lines). Applying the Green’s function
method results in time series estimates (gold lines) with root mean square errors as calculated by

Equation 6.
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Figure 5. Root mean square error in reconstructing historical AN, RM SE;s;, calculated
with Equation 6 using different values of spinup and post-spinup length for control and patch
simulations. Panel a shows the dependence of RM S FEpist on control simulation spinup length, s.,
where large values of s. are included to show how RM SFE};s: can vary due to internal variability.
Aside from the changing values of s., the Green’s function setup follows the GFMIP protocol
(Table 1) except that the brown values use the HadCM3 piControl base state, as in the top row
of Figure 4. Panel b shows the same, but for variations in the post-spinup simulation length, ye..
Panels ¢ and d shows the dependence of RMSE};s¢ on patch simulation spinup length, s,, and
patch simulation post-spinup length, y,, respectively, calculated with different magnitudes of A,.
Note that the Green’s function setups in this row use the HadCM3 piControl base state. Figure

S5 shows rescalings of panels b and d using Equation 7.
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Figure 6. Normalized derivatives of N over the tropical Pacific (100°W to 60°E and 30°S

to 30°N, as shown by the black rectangles in the maps above) calculated for HadAM3 using a
variety of patch layouts and values of A,. First row shows patch half-amplitudes for each column
as in Figure 2, where the first column has a uniform perturbation over the study region and the
rest have patches as defined by Equation 1. The next three rows show derivatives of N estimated
with A, = 42K (third row), —2K (fourth row), and their average (second row). Each panel’s
title gives the study region’s ocean-mean value of the derivative. The bottom panel shows the
scatterplot of the root mean square error in reconstructing historical AN, RM S Ep;.:, calculated
with Equation 6 using the £2K derivatives in the second row, against the number of patches

associated with each setup.
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Figure 7. Normalized derivatives of N for HadAM3, calculated using a range of values of

Ap. Derivatives in the top row were calculated using cooling (panels a-c) or warming (panels

d-f) patch perturbations. Panels g-i show averages of the cooling and warming derivatives, while

panels j-1 show their differences. Numbers at the end of each panel’s title give the ocean-mean

value of the derivative. Note that the HadCM3 piControl base state was used to estimate these

derivatives.
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last year of zero-mean pattern, ASST(ts) — (ASST(tf)) (K)

HadAM3’s ensemble-mean response of N to historical (top row) and abruptdx

(bottom row) surface warming patterns (Aggf(t); black solid lines in panels a and e), as well
as the ensemble-mean response of N to ASST (t)’s decomposition into a uniform perturba-

tion ((ASS—)T(t)), black dotted lines in panels b and e) and a zero-mean pattern (AS@(?&) -
(Aﬁ(t)); black dashed lines in panels ¢ and e). Orange lines show the reconstruction of these

time series using the Green’s function method, following the GFMIP protocol. Panels d and f

show the zero-mean patterns in the final year of each simulation, t;.
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Appendix A Continuous vs. discrete derivatives with respect to SST
fields

Section 2 is concerned with deriving the dependence of a given scalar value f on
the SST field. In the main text, this derivation is discussgl_in terms of a discretized sur-
face, such that the SST field is represented by a vector, SST. In this Appendix, we in-
stead perform this derivation with respect to a continuous field, SST(¢,0) (where ¢ and
6 are latitude and longitude respectively), and discuss how this relates to the normal-
ized derivative, 0f/0SST*.

Suppose we have a continuous field SST(¢,6), defined over the ice-free ocean. We
can then define a field 82f/8SST8a|(¢,9), which is the infinitesimal change in f due to
an infinitesimal change in SST over an infinitesimal area a around the point (¢, d). We
call this the continuous derivative of f with respect to SST, and it has units of f divided
by K and m?2.

The change in f associated with perturbing a cell’s temperature, 9f/9SST;, can
then be calculated as an integration over the cell as follows:

of Pi+dpi/2 0i+60;/2 82f 2w 2 2T
_ L B df d Al
9SST; /@5@- /2 /oiwi 12 0559T0a (6,07 cos(355:9) 36009 | "3600 90 (AD)

where 7 is the radius of the Earth, (¢, 6;) is the center of the cell, and d¢; and §6; are

the latitude and longitude widths of the cell. (Note that we’re assuming that cells have
rectangular shapes in lat-lon space, and also that the appropriate arithmetic is applied
when dealing with cells that straddle the discontinuity in longitude.) Thus, 9f/9SST;

has the units of f divided by K.

As discussed in the text, df/0SST; is not an ideal metric, as it depends on the size

of the grid cell (that is, it is an “extensive” variable). For instance, if we assume 0% f/9SSTdal4 0

is constant over a given grid cell i, then Equation A1 becomes df/0SST; = a;0*f/dSSTda,
where a; is the grid cell’s area.

To remedy this, in the text we define a quantity called the normalized derivative.
For a given cell, we define it as follows:

8f _ Qtot 3f

0SST; ~ a; 0SST,

(A2)

where a0 = ZZ a; is the total area of the ice-free ocean.

The normalized derivative can be thought of as the value that the global deriva-
tive 0f /O(SST) (the derivative of f with respect to the average SST value over the ice-
free ocean) would have if grid cell ¢ were representative of the whole globe. 9f/05ST;
does not depend on grid cell size (that is, it is an “intensive” variable), it has the same
units as the global and grid-cell derivatives (0f/9(SST) and 0f/9SST; respectively),
and it has a similar order of magnitude as the global derivative.

However, there’s a simpler way of thinking about the normalized derivative. The
units of the continuous derivative have an extra m? in the denominator compared to the
global derivative we are ultimately interested in studying. To make them comparable,
we can multiply the continuous derivative by some characteristic area. Choosing the area
of the whole ice-free ocean for this characteristic area will give a similar order of mag-
nitude as the global feedback. Physically, choosing this area is the same as assuming that
the given point at which the continuous derivative is being evaluated is representative
of the whole ice-free ocean, and then calculating the global feedback under this assump-
tion.

As a result, the normalized derivative used throughout this paper is just a discretized
version of the continuous derivative multiplied by the area of the ice-free ocean; that is,
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a continuous version of the normalized derivative could be defined as:

of o f
0) =
8557+ »%) = @t 55aT,
Since it is typically discretized, this means that the normalized derivative will only have

the approximate value of the continuous derivative, but this approximation will get bet-
ter the higher the resolution of the grid.

¢, 0) (A3)

Appendix B OPEN RESEARCH

The software used in this study is available at https://doi.org/10.5281/zenodo.7697345,
and the data this software uses is available at https://doi.org/10.5281/zenodo.7697353.

Acknowledgments

We thank James Binney for advice on terminology. J. Bloch-Johnson and J. Gregory ac-
knowledge funding from the European Research Council (ERC) under the European Union’s
Horizon 2020 research and innovation programme (Grant Agreement 786427, project “Cou-
plet”). A.LL. Williams acknowledges funding from the Natural Environment Research
Council, Oxford DTP, Award NE/S007474/1. This material is based upon work supported
by the National Center for Atmospheric Research, which is a major facility sponsored

by the National Science Foundation under Cooperative Agreement No. 1852977.

—31—



947

948

949

950

951

952

953

954

955

956

957

958

959

960

961

962

963

964

965

966

967

968

969

970

971

972

973

974

975

976

977

978

979

980

981

982

983

984

985

986

987

988

989

990

991

992

993

994

995

996

997

998

999

1000

References

Alessi, M. J., and M. Rugenstein (submitted), Surface warming storylines constrain
global climate projections.

Andrews, T., and M. J. Webb (2018), The Dependence of Global Cloud and Lapse
Rate Feedbacks on the Spatial Structure of Tropical Pacific Warming, Journal of
Climate, 31(2), 641-654, 10.1175/JCLI-D-17-0087.1, publisher: American Meteo-
rological Society Section: Journal of Climate.

Andrews, T., J. M. Gregory, and M. J. Webb (2015), The Dependence of Ra-
diative Forcing and Feedback on Evolving Patterns of Surface Temperature
Change in Climate Models, Journal of Climate, 28(4), 1630-1648, 10.1175/
JCLI-D-14-00545.1, publisher: American Meteorological Society Section: Jour-
nal of Climate.

Andrews, T., A. Bodas-Salcedo, J. M. Gregory, Y. Dong, K. C. Armour,

D. Paynter, P. Lin, A. Modak, T. Mauritsen, J. N. S. Cole, B. Medeiros,
J. J. Benedict, H. Douville, R. Roehrig, T. Koshiro, H. Kawai, T. Ogura,
J.-L. Dufresne, R. P. Allan, and C. Liu (2022), On the Effect of Histori-
cal SST Patterns on Radiative Feedback, Journal of Geophysical Research:
Atmospheres, 127(18), €2022JD036,675, 10.1029/2022JD036675, _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1029/2022JD036675.

Armour, K. C. (2017), Energy budget constraints on climate sensitivity in
light of inconstant climate feedbacks, Nature Climate Change, 7(5), 331-335,
10.1038/nclimate3278, number: 5 Publisher: Nature Publishing Group.

Armour, K. C., C. M. Bitz, and G. H. Roe (2013), Time-Varying Climate Sen-
sitivity from Regional Feedbacks, Journal of Climate, 26(13), 4518-4534,
10.1175/JCLI-D-12-00544.1, publisher: American Meteorological Society Section:
Journal of Climate.

Arrhenius, S. (1896), Xxxi. on the influence of carbonic acid in the air upon the
temperature of the ground, The London, Edinburgh, and Dublin Philosophical
Magazine and Journal of Science, 41(251), 237-276.

Back, L. E., and C. S. Bretherton (2009), On the Relationship between SST Gradi-
ents, Boundary Layer Winds, and Convergence over the Tropical Oceans, Journal
of Climate, 22(15), 4182-4196, 10.1175/2009JCLI2392.1, publisher: American
Meteorological Society Section: Journal of Climate.

Baker, H. S., T. Woollings, C. E. Forest, and M. R. Allen (2019), The Linear Sen-
sitivity of the North Atlantic Oscillation and Eddy-Driven Jet to SSTs, Journal
of Climate, 32(19), 6491-6511, 10.1175/JCLI-D-19-0038.1, publisher: American
Meteorological Society Section: Journal of Climate.

Barsugli, J. J., and P. D. Sardeshmukh (2002), Global Atmospheric Sensitivity to
Tropical SST Anomalies throughout the Indo-Pacific Basin, Journal of Climate,
15(23), 3427-3442, 10.1175/1520-0442(2002)015(3427:GASTTS)2.0.CO;2, pub-
lisher: American Meteorological Society Section: Journal of Climate.

Barsugli, J. J., S.-I. Shin, and P. D. Sardeshmukh (2006), Sensitivity of global warm-
ing to the pattern of tropical ocean warming, Climate Dynamics, 27(5), 483-492,
10.1007/s00382-006-0143-7.

Bloch-Johnson, J., R. T. Pierrehumbert, and D. S. Abbot (2015), Feedback
temperature dependence determines the risk of high warming, Geophysi-
cal Research Letters, 42(12), 4973-4980, 10.1002/2015GL064240, _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1002/2015GL064240.

Bloch-Johnson, J., M. Rugenstein, and D. S. Abbot (2020), Spatial Radiative Feed-
backs from Internal Variability Using Multiple Regression, Journal of Climate,
33(10), 4121-4140, 10.1175/JCLI-D-19-0396.1, publisher: American Meteorologi-
cal Society Section: Journal of Climate.

Bloch-Johnson, J., M. Rugenstein, M. B. Stolpe, T. Rohrschneider, Y. Zheng,
and J. M. Gregory (2021), Climate Sensitivity Increases Under Higher

—32—



1001 CO2 Levels Due to Feedback Temperature Dependence, Geophysical Re-

1002 search Letters, 48(4), e2020GL089,074, 10.1029/2020GL089074, _eprint:

1003 https://onlinelibrary.wiley.com/doi/pdf/10.1029,/2020GL089074.

1004 Branstator, G. (1985), Analysis of General Circulation Model Sea-Surface Tem-

1005 perature Anomaly Simulations Using a Linear Model. Part I: Forced Solu-

1006 tions, Journal of the Atmospheric Sciences, 42(21), 2225-2241, 10.1175/

1007 1520-0469(1985)042(2225:A0GCMS)2.0.CO;2, publisher: American Meteorological
1008 Society Section: Journal of the Atmospheric Sciences.

1000 Ceppi, P., and J. M. Gregory (2017), Relationship of tropospheric stability to cli-
1010 mate sensitivity and Earth’s observed radiation budget, Proceedings of the Na-
1011 tional Academy of Sciences, 114(50), 13,126-13,131, 10.1073/pnas.1714308114,
1012 publisher: Proceedings of the National Academy of Sciences.

1013 Ceppi, P., and J. M. Gregory (2019), A refined model for the Earth’s global energy
1014 balance, Climate Dynamics, 53(7), 4781-4797, 10.1007/s00382-019-04825-x.

1015 Ceppi, P., and P. Nowack (2021), Observational evidence that cloud feedback am-
1016 plifies global warming, Proceedings of the National Academy of Sciences, 118(30),
1017 €2026290,118, 10.1073 /pnas.2026290118, publisher: Proceedings of the National
1018 Academy of Sciences.

1019 Colman, R., and B. McAvaney (2009), Climate feedbacks under a very broad range
1020 of forcing, Geophysical Research Letters, 36(1), 10.1029/2008GL036268, _eprint:
1021 https://onlinelibrary.wiley.com/doi/pdf/10.1029 /2008 GL036268.

1022 Deser, C., and A. S. Phillips (2006), Simulation of the 1976/77 Climate Transi-

1023 tion over the North Pacific: Sensitivity to Tropical Forcing, Journal of Climate,
1024 19(23), 6170-6180, 10.1175/JCLI3963.1, publisher: American Meteorological

1025 Society Section: Journal of Climate.

1026 Dessler, A. E., T. Mauritsen, and B. Stevens (2018), The influence of internal

1027 variability on Earth’s energy balance framework and implications for estimat-

1028 ing climate sensitivity, Atmospheric Chemistry and Physics, 18(7), 5147-5155,
1020 10.5194/acp-18-5147-2018, publisher: Copernicus GmbH.

1030 Dong, Y., C. Proistosescu, K. C. Armour, and D. S. Battisti (2019), Attributing
1031 Historical and Future Evolution of Radiative Feedbacks to Regional Warming

1032 Patterns using a Green’s Function Approach: The Preeminence of the Western
1033 Pacific, Journal of Climate, 32(17), 5471-5491, 10.1175/JCLI-D-18-0843.1, pub-
1034 lisher: American Meteorological Society Section: Journal of Climate.

1035 Dong, Y., K. C. Armour, M. D. Zelinka, C. Proistosescu, D. S. Battisti, C. Zhou,
1036 and T. Andrews (2020), Intermodel Spread in the Pattern Effect and Its Contri-
1037 bution to Climate Sensitivity in CMIP5 and CMIP6 Models, Journal of Climate,
1038 33(18), 7755-7775, 10.1175/JCLI-D-19-1011.1, publisher: American Meteorologi-
1039 cal Society Section: Journal of Climate.

1040 Duffy, M. L., P. A. O’Gorman, and L. E. Back (2020), Importance of Lapla-

1041 cian of Low-Level Warming for the Response of Precipitation to Climate

1002 Change over Tropical Oceans, Journal of Climate, 33(10), 44034417, 10.1175/
1043 JCLI-D-19-0365.1, publisher: American Meteorological Society Section: Journal of
1044 Climate.

1045 Feldl, N., and G. H. Roe (2013), The Nonlinear and Nonlocal Nature of Climate
1046 Feedbacks, Journal of Climate, 26(21), 8289-8304, 10.1175/JCLI-D-12-00631.1,
1047 publisher: American Meteorological Society Section: Journal of Climate.

1048 Forster, P., T. Storelvmo, K. Armour, W. Collins, J.-L. Dufresne, D. Frame, D. J.
1049 Lunt, T. Mauritsen, M. D. Palmer, M. Watanabe, M. Wild, and X. Zhang (2021),
1050 The Earth’s energy budget, climate feedbacks, and climate sensitivity, in Climate
1051 Change 2021: The Physical Science Basis. Contribution of Working Group I to
1052 the Sizth Assessment Report of the Intergovernmental Panel on Climate Change,
1053 edited by V. Masson-Delmotte, P. Zhai, A. Pirani, S. L. Connors, C. Péan,

1054 S. Berger, N. Caud, Y. Chen, L. Goldfarb, M. I. Gomis, M. Huang, K. Leitzell,

—33—



1055 E. Lonnoy, J. B. R. Matthews, T. K. Maycock, T. Waterfield, O. Yelekgi, R. Yu,

106 and B. Zhou, pp. 923-1054, Cambridge University Press, Cambridge, United

1057 Kingdom and New York, NY, USA, 10.1017/9781009157896.001.

1058 Fueglistaler, S. (2019), Observational Evidence for Two Modes of Cou-

1050 pling Between Sea Surface Temperatures, Tropospheric Temperature Pro-

1060 file, and Shortwave Cloud Radiative Effect in the Tropics, Geophysical

1061 Research Letters, 46(16), 9890-9898, 10.1029/2019GL083990, _eprint:

1062 https://onlinelibrary.wiley.com/doi/pdf/10.1029,/2019GL083990.

1063 Gates, W. L. (1992), AN AMS CONTINUING SERIES: GLOBAL CHANGE-

1064 AMIP: The Atmospheric Model Intercomparison Project, Bulletin of the Ameri-
1065 can Meteorological Society, 73(12), 1962-1970, 10.1175/1520-0477(1992)073(1962:
1066 ATAMIP)2.0.CO;2, publisher: American Meteorological Society Section: Bulletin
1067 of the American Meteorological Society.

1068 Gent, P. R., G. Danabasoglu, L. J. Donner, M. M. Holland, E. C. Hunke, S. R.

1069 Jayne, D. M. Lawrence, R. B. Neale, P. J. Rasch, M. Vertenstein, P. H. Worley,
1070 Z.-L. Yang, and M. Zhang (2011), The Community Climate System Model Version
1071 4, Journal of Climate, 24(19), 4973-4991, 10.1175/2011JCLI4083.1, publisher:
1072 American Meteorological Society Section: Journal of Climate.

1073 Giorgetta, M. A.; R. Brokopf, T. Crueger, M. Esch, S. Fiedler, J. Helmert, C. Ho-
1074 henegger, L. Kornblueh, M. K&hler, E. Manzini, T. Mauritsen, C. Nam, T. Rad-
1075 datz, S. Rast, D. Reinert, M. Sakradzija, H. Schmidt, R. Schneck, R. Schnur,

1076 L. Silvers, H. Wan, G. Zang], and B. Stevens (2018), ICON-A, the Atmosphere
1077 Component of the ICON Earth System Model: 1. Model Description, Journal of
1078 Advances in Modeling Earth Systems, 10(7), 1613-1637, 10.1029/2017MS001242,
1079 _eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1029/2017MS001242.

1080 Gordon, C., C. Cooper, C. A. Senior, H. Banks, J. M. Gregory, T. C. Johns, J. F. B.
1081 Mitchell, and R. A. Wood (2000), The simulation of SST, sea ice extents and

1082 ocean heat transports in a version of the Hadley Centre coupled model without
1083 flux adjustments, Climate Dynamics, 16(2), 147-168, 10.1007/s003820050010.

1084 Gregory, J. M., and T. Andrews (2016), Variation in climate sensitiv-

1085 ity and feedback parameters during the historical period, Geophysi-

1086 cal Research Letters, 43(8), 3911-3920, 10.1002/2016GL068406, _eprint:

1087 https://onlinelibrary.wiley.com/doi/pdf/10.1002/2016GL068406.

1088 Gregory, J. M., W. J. Ingram, M. A. Palmer, G. S. Jones, P. A. Stott,

1080 R. B. Thorpe, J. A. Lowe, T. C. Johns, and K. D. Williams (2004), A

1090 new method for diagnosing radiative forcing and climate sensitivity,

1001 Geophysical Research Letters, 31(3), 10.1029/2003GL018747, _eprint:

1002 https://onlinelibrary.wiley.com/doi/pdf/10.1029,/2003GL018747.

1003 Hansen, J., A. Lacis, D. Rind, G. Russell, P. Stone, I. Fung, R. Ruedy, and J. Lerner
1004 (1984), Climate sensitivity: Analysis of feedback mechanisms, pp. 130-163, AGU
1005 Geophysical Monograph 29, Maurice Ewing Vol. 5, American Geophysical Union,
1096 Washington, D.C.

1007 Haugstad, A. D., K. C. Armour, D. S. Battisti, and B. E. J. Rose

1098 (2017), Relative roles of surface temperature and climate forcing

1009 patterns in the inconstancy of radiative feedbacks, Geophysical Re-

1100 search Letters, 44(14), 7455-7463, 10.1002/2017GL074372, _eprint:

1101 https://onlinelibrary.wiley.com/doi/pdf/10.1002/2017GL074372.

1102 Holzer, M., and T. M. Hall (2000), Transit-Time and Tracer-Age Distributions in
1103 Geophysical Flows, Journal of the Atmospheric Sciences, 57(21), 35393558,

1104 10.1175/1520-0469(2000)057(3539: TTATAD)2.0.CO;2, publisher: American Mete-
1105 orological Society Section: Journal of the Atmospheric Sciences.

1106 Hoskins, B. J., and D. J. Karoly (1981), The Steady Linear Response of a Spheri-
1107 cal Atmosphere to Thermal and Orographic Forcing, Journal of the Atmospheric
1108 Sciences, 38(6), 1179-1196, 10.1175/1520-0469(1981)038(1179:TSLROA)2.0.CO;2,

—34—



1109

1110

1111

1112

1113

1114

1115

1116

1117

1118

1119

1120

1121

1122

1123

1124

1125

1126

1127

1128

1129

1130

1131

1132

1133

1134

1135

1136

1137

1138

1139

1140

1141

1142

1143

1144

1145

1146

1147

1148

1149

1150

1151

1152

1153

1154

1155

1156

1157

1158

1159

1160

1161

1162

publisher: American Meteorological Society Section: Journal of the Atmospheric
Sciences.

Kang, S. M., I. M. Held, D. M. W. Frierson, and M. Zhao (2008), The Response of
the ITCZ to Extratropical Thermal Forcing: Idealized Slab-Ocean Experiments
with a GCM, Journal of Climate, 21 (14), 3521-3532, 10.1175/2007JCLI2146.1,
publisher: American Meteorological Society Section: Journal of Climate.

Khatiwala, S., M. Visbeck, and P. Schlosser (2001), Age tracers in an ocean GCM,
Deep Sea Research Part I: Oceanographic Research Papers, 48(6), 1423-1441,
10.1016/S0967-0637(00)00094-7.

Kim, H., S. M. Kang, J. E. Kay, and S.-P. Xie (2022), Subtropical clouds key to
Southern Ocean teleconnections to the tropical Pacific, Proceedings of the National
Academy of Sciences, 119(34), €2200514,119, 10.1073/pnas.2200514119, publisher:
Proceedings of the National Academy of Sciences.

Li, W., and C. E. Forest (2014), Estimating the Sensitivity of the Atmospheric Tele-
connection Patterns to SST Anomalies Using a Linear Statistical Method, Journal
of Climate, 27(24), 9065-9081, 10.1175/JCLI-D-14-00231.1, publisher: American
Meteorological Society Section: Journal of Climate.

Li, W., C. E. Forest, and J. Barsugli (2012), Comparing two methods to estimate
the sensitivity of regional climate simulations to tropical SST anomalies, Journal
of Geophysical Research: Atmospheres, 117(D20), 10.1029/2011JD017186, _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1029/2011JD017186.

Liu, F., J. Lu, O. Garuba, L. R. Leung, Y. Luo, and X. Wan (2018a), Sensitivity
of Surface Temperature to Oceanic Forcing via g-Flux Green’s Function Experi-
ments. Part I: Linear Response Function, Journal of Climate, 31(9), 3625-3641,
10.1175/JCLI-D-17-0462.1, publisher: American Meteorological Society Section:
Journal of Climate.

Liu, F., J. Lu, O. A. Garuba, Y. Huang, L. R. Leung, B. E. Harrop, and Y. Luo
(2018b), Sensitivity of Surface Temperature to Oceanic Forcing via g-Flux Green’s
Function Experiments. Part II: Feedback Decomposition and Polar Amplification,
Journal of Climate, 31(17), 6745-6761, 10.1175/JCLI-D-18-0042.1, publisher:
American Meteorological Society Section: Journal of Climate.

Liu, F., J. Lu, Y. Huang, L. R. Leung, B. E. Harrop, and Y. Luo (2020), Sensi-
tivity of Surface Temperature to Oceanic Forcing via g-Flux Green’s Function
Experiments. Part III: Asymmetric Response to Warming and Cooling, Journal
of Climate, 33(4), 1283-1297, 10.1175/JCLI-D-19-0131.1, publisher: American
Meteorological Society Section: Journal of Climate.

Luongo, M. T., S.-P. Xie, I. Eisenman, Y.-T. Hwang, and H.-Y.

Tseng (2023), A Pathway for Northern Hemisphere Extratropi-
cal Cooling to Elicit a Tropical Response, Geophysical Research
Letters, 50(2), €2022GL100,719, 10.1029/2022GL100719, _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1029,/2022G1L.100719.

Meraner, K., T. Mauritsen, and A. Voigt (2013), Robust increase in equi-
librium climate sensitivity under global warming, Geophysical Re-
search Letters, 40(22), 5944-5948, 10.1002/2013GL058118, _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1002/2013GL058118.

Murphy, J. M. (1995), Transient Response of the Hadley Centre Coupled Ocean-
Atmosphere Model to Increasing Carbon Dioxide. Part III: Analysis of Global-
Mean Response Using Simple Models, Journal of Climate, 8(3), 496-514,
10.1175/1520-0442(1995)008(0496: TROTHC)2.0.CO;2, publisher: American Mete-
orological Society Section: Journal of Climate.

Neale, R. B., A. Gettelman, S. Park, C.-C. Chen, P. H. Lauritzen, D. L. Williamson,
A. J. Conley, D. Kinnison, D. Marsh, A. K. Smith, F. M. Vitt, R. Garcia, J.-F.
Lamarque, M. J. Mills, S. Tilmes, H. Morrison, P. Cameron-Smith, W. D. Collins,
M. J. Iacono, R. C. Easter, X. Liu, S. J. Ghan, P. J. Rasch, and M. A. Taylor

—35—



1163

1164

1165

1166

1167

1168

1169

1170

1171

1172

1173

1174

1175

1176

1177

1178

1179

1180

1181

1182

1183

1184

1185

1186

1187

1188

1189

1190

1191

1192

1193

1194

1195

1196

1197

1198

1199

1200

1201

1202

1203

1204

1205

1206

1207

1208

1209

1210

1211

1212

1213

1214

1215

1216

(2012), Description of the NCAR Community Atmosphere Model (CAM 5.0),
10.5065 /wgtk-4g06.

Newsom, E., L. Zanna, S. Khatiwala, and J. M. Gregory (2020), The Influ-
ence of Warming Patterns on Passive Ocean Heat Uptake, Geophysical Re-
search Letters, 47(18), e2020GL088,429, 10.1029/2020GL.088429, _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1029,/2020GL088429.

Patterson, M., C. O’Reilly, T. Woollings, A. Weisheimer, and B. Wu (2022), SST-
driven variability of the East Asian summer jet on a decadal time-scale in CMIP6
models, Quarterly Journal of the Royal Meteorological Society, 148(743), 581-598,
10.1002/qj.4219, _eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1002/qj.4219.

Pope, V. D., M. L. Gallani, P. R. Rowntree, and R. A. Stratton (2000), The impact
of new physical parametrizations in the Hadley Centre climate model: HadAM3,
Climate Dynamics, 16(2), 123-146, 10.1007/s003820050009.

Qin, Y., M. D. Zelinka, and S. A. Klein (2022), On the Correspondence Be-
tween Atmosphere-Only and Coupled Simulations for Radiative Feed-
backs and Forcing From CO2, Journal of Geophysical Research: At-
mospheres, 127(3), €2021JD035,460, 10.1029/2021JD035460, _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1029/2021JD035460.

Ringer, M. A., T. Andrews, and M. J. Webb (2014), Global-mean
radiative feedbacks and forcing in atmosphere-only and coupled
atmosphere-ocean climate change experiments, Geophysical Re-
search Letters, 41(11), 40354042, 10.1002/2014GL060347, _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1002/2014GL060347.

Rohrschneider, T., B. Stevens, and T. Mauritsen (2019), On simple representations
of the climate response to external radiative forcing, Climate Dynamics, 53(5),
3131-3145, 10.1007/s00382-019-04686-4.

Rose, B. E. J., K. C. Armour, D. S. Battisti, N. Feldl, and D. D. B. Koll
(2014), The dependence of transient climate sensitivity and radia-
tive feedbacks on the spatial pattern of ocean heat uptake, Geophysi-
cal Research Letters, 41(3), 1071-1078, 10.1002/2013GL058955, _eprint:
https://onlinelibrary.wiley.com /doi/pdf/10.1002/2013GL058955.

Rugenstein, M. A. A., K. Caldeira, and R. Knutti (2016), Dependence of global
radiative feedbacks on evolving patterns of surface heat fluxes, Geophysi-
cal Research Letters, 43(18), 9877-9885, 10.1002/2016GL070907, _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1002/2016GL070907.

Schneider, E. K., L. Bengtsson, and Z.-Z. Hu (2003), Forcing of Northern Hemi-
sphere Climate Trends, Journal of the Atmospheric Sciences, 60(12), 1504-1521,
10.1175/1520-0469(2003)060(1504:FONHCT)2.0.CO;2, publisher: American Mete-
orological Society Section: Journal of the Atmospheric Sciences.

Senior, C. A., and J. F. B. Mitchell (2000), The time-dependence of climate sensi-
tivity, Geophysical Research Letters, 27(17), 2685-2688, 10.1029,/2000GL011373,
_eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1029/2000GL011373.

Soden, B. J., I. M. Held, R. Colman, K. M. Shell, J. T. Kiehl, and C. A. Shields
(2008), Quantifying Climate Feedbacks Using Radiative Kernels, Journal of Cli-
mate, 21(14), 3504-3520, 10.1175/2007JCLI2110.1, publisher: American Meteoro-
logical Society Section: Journal of Climate.

Stevens, B., and S. Bony (2013), Water in the atmosphere, Physics Today, 66(6),
29-34, 10.1063/PT.3.2009, publisher: American Institute of Physics.

Stevens, B., M. Giorgetta, M. Esch, T. Mauritsen, T. Crueger, S. Rast, M. Salz-
mann, H. Schmidt, J. Bader, K. Block, R. Brokopf, I. Fast, S. Kinne, L. Ko-
rnblueh, U. Lohmann, R. Pincus, T. Reichler, and E. Roeckner (2013), Atmo-
spheric component of the MPI-M Earth System Model: ECHAMSG6, Journal of
Advances in Modeling Earth Systems, 5(2), 146-172, 10.1002/jame.20015, _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1002/jame.20015.

—36—



1217

1218

1219

1220

1221

1222

1223

1224

1225

1226

1227

1228

1229

1230

1231

1232

1233

1234

1235

1236

1237

1238

1239

1240

1241

1242

1243

1244

1245

1246

1247

1248

1249

1250

1251

1252

1253

1254

1255

1256

1257

1258

1259

1260

1261

1262

1263

1264

1265

1266

1267

1268

1269

1270

Swart, N. C., J. N. S. Cole, V. V. Kharin, M. Lazare, J. F. Scinocca, N. P. Gillett,
J. Anstey, V. Arora, J. R. Christian, S. Hanna, Y. Jiao, W. G. Lee, F. Majaess,
0. A. Saenko, C. Seiler, C. Seinen, A. Shao, M. Sigmond, L. Solheim, K. von
Salzen, D. Yang, and B. Winter (2019), The Canadian Earth System Model ver-
sion 5 (CanESM5.0.3), Geoscientific Model Development, 12(11), 4823-4873,
10.5194/gmd-12-4823-2019, publisher: Copernicus GmbH.

Tett, S. F. B., J. M. Gregory, N. Freychet, C. Cartis, M. J. Mineter, and L. Roberts
(2022), Does Model Calibration Reduce Uncertainty in Climate Projections?,
Journal of Climate, 35(8), 2585-2602, 10.1175/JCLI-D-21-0434.1, publisher:
American Meteorological Society Section: Journal of Climate.

Webb, M. J., T. Andrews, A. Bodas-Salcedo, S. Bony, C. S. Bretherton, R. Chad-
wick, H. Chepfer, H. Douville, P. Good, J. E. Kay, S. A. Klein, R. Marc-
hand, B. Medeiros, A. P. Siebesma, C. B. Skinner, B. Stevens, G. Tselioudis,

Y. Tsushima, and M. Watanabe (2017), The Cloud Feedback Model Intercompar-
ison Project (CFMIP) contribution to CMIP6, Geoscientific Model Development,
10(1), 359-384, 10.5194/gmd-10-359-2017, publisher: Copernicus GmbH.

Williams, A. I. L., P. Stier, G. Dagan, and D. Watson-Parris (2022a), Strong control
of effective radiative forcing by the spatial pattern of absorbing aerosol, Nature
Climate Change, 12(8), 735-742, 10.1038/s41558-022-01415-4, number: 8 Pub-
lisher: Nature Publishing Group.

Williams, A. I. L., N. Jeevanjee, and J. Bloch-Johnson (2022b), Circus tents, con-
vective thresholds and the non-linear climate response to tropical SSTs, iSSN:
1051-2543 Section: Atmospheric Sciences.

Williams, I. N., and R. T. Pierrehumbert (2017), Observational evi-
dence against strongly stabilizing tropical cloud feedbacks, Geophysi-
cal Research Letters, 44 (3), 1503-1510, 10.1002/2016GL072202, _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1002/2016GL072202.

Williams, K. D., W. J. Ingram, and J. M. Gregory (2008), Time Variation of Ef-
fective Climate Sensitivity in GCMs, Journal of Climate, 21(19), 5076-5090,
10.1175/2008JCLI2371.1, publisher: American Meteorological Society Section:
Journal of Climate.

Wing, A. A., K. A. Reed, M. Satoh, B. Stevens, S. Bony, and T. Ohno (2018), Ra-
diative—convective equilibrium model intercomparison project, Geoscientific Model
Development, 11(2), 793-813, 10.5194/gmd-11-793-2018, publisher: Copernicus
GmbH.

Wood, R., and C. S. Bretherton (2006), On the Relationship between Stratiform
Low Cloud Cover and Lower-Tropospheric Stability, Journal of Climate, 19(24),
6425-6432, 10.1175/JCLI3988.1, publisher: American Meteorological Society
Section: Journal of Climate.

Zanna, L., S. Khatiwala, J. M. Gregory, J. Ison, and P. Heimbach (2019), Global
reconstruction of historical ocean heat storage and transport, Proceedings of the
National Academy of Sciences, 116(4), 1126-1131, 10.1073/pnas.1808838115,
publisher: Proceedings of the National Academy of Sciences.

Zhang, B., M. Zhao, and Z. Tan (2023), Using a Green’s Function Approach to Di-
agnose the Pattern Effect in GFDL AM4 and CM4, Journal of Climate, 36 (4),
1105-1124, 10.1175/JCLI-D-22-0024.1, publisher: American Meteorological Soci-
ety Section: Journal of Climate.

Zhao, M., J.-C. Golaz, I. M. Held, H. Guo, V. Balaji, R. Benson, J.-H. Chen,

X. Chen, L. J. Donner, J. P. Dunne, K. Dunne, J. Durachta, S.-M. Fan,

S. M. Freidenreich, S. T. Garner, P. Ginoux, L. M. Harris, L. W. Horowitz,

J. P. Krasting, A. R. Langenhorst, Z. Liang, P. Lin, S.-J. Lin, S. L. Maly-
shev, E. Mason, P. C. D. Milly, Y. Ming, V. Naik, F. Paulot, D. Paynter,

P. Phillipps, A. Radhakrishnan, V. Ramaswamy, T. Robinson, D. Schwarzkopf,
C. J. Seman, E. Shevliakova, Z. Shen, H. Shin, L. G. Silvers, J. R. Wil-

—37—



1271

1272

1273

1274

1275

1276

1277

1278

1279

1280

1281

1282

1283

1284

1285

1286

1287

1288

son, M. Winton, A. T. Wittenberg, B. Wyman, and B. Xiang (2018), The
GFDL Global Atmosphere and Land Model AM4.0/LM4.0: 1. Simula-
tion Characteristics With Prescribed SSTs, Journal of Advances in Mod-
eling Earth Systems, 10(3), 691-734, 10.1002/2017MS001208, _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1002,/2017MS001208.

Zhou, C., M. D. Zelinka, and S. A. Klein (2017), Analyzing the dependence
of global cloud feedback on the spatial pattern of sea surface temperature
change with a Green’s function approach, Journal of Advances in Mod-
eling Earth Systems, 9(5), 2174-2189, 10.1002/2017MS001096, _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1002,/2017MS001096.

Zhou, C., J. Lu, Y. Hu, and M. D. Zelinka (2020), Responses of the Hadley Circu-
lation to Regional Sea Surface Temperature Changes, Journal of Climate, 33(2),
429-441, 10.1175/JCLI-D-19-0315.1, publisher: American Meteorological Society
Section: Journal of Climate.

Zhou, C., M. Wang, M. D. Zelinka, Y. Liu, Y. Dong, and K. C. Armour (2023),
Explaining Forcing Efficacy With Pattern Effect and State Dependence, Geophys-
ical Research Letters, 50(3), €2022GL101,700, 10.1029/2022GL101700, _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1029,/2022GL101700.

—38—



Figure 1.



Step 1: Run a control simulation _ Step 2: Run patch simulations

for each patch p,
boundary conditions and forcing agents m add ASST , to SST .

TYTY

@) ﬁﬂvw%—%@v%w f; £ i
[) c - Gh A
(some scalar L Z = 4 A LA,
of interest) ¢ t (years) Se T Ve atm. model Sp t (years) Sp T Vp
. S
Step 3: Make normalized derivative of f | Step 4: Estimate response of fto ASST(¢)
for each grid cﬂtake the weighted average of each Aﬁ(t)
patch’s Af /{ASST )

0f10SST* =
A,

o ( Y a, angT* ASSTl-(t)> /Y a

S - P Green’s functions

afty NN st gy,

atm.
model

2

ASST,,

P (ASST,)
>, ASST,,




Figure 2.



HadAM3 CAMA4 GFDL-AM4  ECHAMG HadAM3
J. Bloch-Johnson J. Bloch-Johnson

CanESM5

CAMS5

M. Alessi
& M. Rugenstein

B. Zhang

and M. Zhao

Y. Dong

J. Cole

C. Zhou

& ). Gregory

& ). Gregory

ox

Veru
RCK

il
3

[
!ﬂa;

N N Y LY
NPERKSKRKD
DRI RKIAY
ﬁ?ﬁ%

SOCBRIRRA
) u.-
\ A

mﬁm@@ﬁ#?ﬂ
GRINR
BN

R R
NV ¢
VRS

LS NI A

7y

i

NN
TG

/
:

;
NN i
Sy

i

KRR

»J.r:t"if..u.- e

s

N
AP

.

T _\ﬁ_mﬁ .f*

¢

N
.r’.._
V]

/sty

VN

0.

’wﬁﬁ.ﬂﬁq_ﬁf ..!ﬂ.ﬁ.ﬂ A

b
L
N

‘ K sranrt W
4 SORBRER Y
SERY

e B RR I\ 4
(A BRI O

NF

. pﬂ.v ] + *

(B ARIRARK AL

.ﬂ..a. aﬁﬁﬁé.ﬁ A\

(RO D
EHORRRK Ko

(DEQOREIE D
,.‘., «#&ifbm, ) n
Qy 7 Vg,

(PRl oK >
WUOERETT)

A2\
o

ATRSRS
sl

o
A oa .....:.._3&__{ NWZAN
SO0 09
f‘ﬁaﬂ‘ﬁ%\pmﬁ é ;.
&.f .ﬂ\hrfh.f ._:.u.f._....h..._ Y
VLS o

u.._wr
09 %a

St Y .
A PR

zﬂ«ﬂ.l\ﬂ#‘l&w 2
(B2 ;&.ﬂ.‘oa

i ‘_’ il |
Vf_ﬁ_ﬂ : rxAﬂ.‘#

oy

\
0

PN ‘
NN A

A KA

0
4V :,

2

"
Y-

4>

n?n%ﬂ

‘ oy
_.ﬁ..,é#

D)

L

2

A

- 4
&__:....__ﬁq__ﬁd.\ N\
OB

4
CP<

(\F
»'_*ﬁ. ..aﬁ. .’*‘hﬂ*

VY
NONTAVT R
SR ‘.’

”.f-
7ANY Y,

RRTETRR

.*.1‘...-
)

R

"f AN

(HED
7N

i

W)

’ : : ]
aillgaiety !
owh‘*.u_..ﬂﬁﬂhﬂpfhﬂa# A

ANYUNT ) N
I *
RBRRY
NN
CR
NPT
AN www__ﬁ}o R

T
sy
MHHN ,,.__.:

QR
%
3 3

Y,
ﬂﬁw?&bﬁﬁ A
SIS

u%?_

Ay J

'y %
M\

NN,
FORK I
i,

Y

AR Y

¢ W
é O\ 3@1 ,.Q \

@hﬁk& 0 #Aﬁﬁdnﬁ

NN
SR

N
YA

=l | ko
l _.v ‘o._ _.-I..
.T __? L

dv.
v‘.
e [

4
/BN
e~

”

i

ﬁ
[
(14

1%

bulwiem
Q buI|00D

buijood

20 30

10
" (Wm™2K™1)

-10

normalized derivative of N, oN/dSST

-20

-30



Figure 3.



90N
60N

30N
R

30S;
60S;

90S

90N
60N

30N

30S;
60S;

90S

tropical ascent

e

60E 120E 180 120W 60W O

-2.0 -1.5 -1.0

tropical ascent

- ’
- vrg

L —

60E 120E 180 120W 60W O

-20 -15 -10

extratropical

~ T

Ly .

60E 120E 180 120W 60W O 60E 120E 180 120W 60W O

0.5 0.0 0.5 1.0 1.5 2.0
surface warming, ASST, (K)

tropical subsidence extratropical

. r
- v

0 60E 120E 180 120W 60W O

-5 0 5 10 15 20

change in net TOA radiative flux, AIV(Wm‘z)



Figure 4.



HadCM3 piControl

AMIP (obs.) 1971-2020

30N 1

0-
30S -
60S -
90S

: . - ; . — 90S : . . ; . — 90S : . : ; . :
60E 120E 180 120W60W O 60E 120E 180 120W60W O 60E 120E 180 120W60W O

[T T T ITII I e >

270 280 290 300 310 320 0 10 20 30 40 50 -30 -20 -10 O 10 20 30

_2)

—2 | = HadAM3 w/ ASSThjc(t) Green's functions (RMSEpt: 0.27 Wm™2)
1880 1900 1920 1940 1960 1980 2000

AN (Wm
3
S
\
S
S
S

N
Py
S

D,

\>

{

4

<
i
S
/
%

90N 90N

30N {

0-
30S -
60S -
90S

¥ 30N §

30S -
- 60S 1

. - . - : — 905 . - . - . — 90S . - . . . .
60E 120E 180 120W60W O 60E 120E 180 120W60W O 60E 120E 180 120W60W O

T T T — <

270 280 290 300 310 320 0 10 20 30 40 50 -30 -20 -10 O 10 20 30
XA A A W A \ n
£ \\/ V4 \/\/ \fv\/\/\/\/ ‘\/N\M’V\A/\/q\/‘\ VA A

_> .
|§] 0}—— HadAM3 w/ ASSTi«(t) Green's functions (RMSEc: 0.23 Wm™2) v\

1880 1900 1920 1940 1960 1980 2000



Figure 5.



0.50
— 0.45_

N
I

£ 0.40;

W

‘; 0.35-
0.30:

RMSE;,

0.25;

JA"M oy S,

0.20

0

20 40 60 80 100

Ssc» control simulation spinup (years)

C)

0.50

AN

|
€ 0.40

W

‘; 0.35]

/

0.30;

RMSE,,

025 ST N

0.20

0

5 10 15 20
Sp» patch simulation spinup (years)

b)
0.50 — —
base states, {SST,}c and {SIC,,}c
0.45] —=— HadCM3 piControl AMIP (obs.) 1971-2020
0.40;
0.35

0.30 =

40

0.25]
0.20;—5 10 20
yc» control simulation length, post-spinup (years)
d)
0.50
patch amplitude, A,
0.45]

0.20

—s— *1K +2K  —=— 4K

1

5 10 20
Yp» Ppatch simulation length, post-spinup (years)

40



Figure 6.



uniform 602 by 160° 40° by 160° 40° by 120° Zhou et al. Dong et al. Dong et al. shifted

30N | id Y { W\‘i“ ([ Jr Y
) \A ‘11 )3 < A
0 d“"&\ ‘w*‘; X
', “‘%’* s N C . /:
30S] /«\l‘. ./ h\{“k ’A\ i \ A‘ X — A X 5.7 : \ AT ASTA K) S
mean: -1.22 mean: -1.11 mean: -1.13 mean: -1.53
30N{ —F=
A

\
/

L

ﬁ

ﬁ/

mean: -1.4 mean: -1.69 mean: -1.84 mean: -2.03 mean: -2.46 mean: -2.17 mean: -3.21
3ON i 4 1 _€ )4 [ A X 4 7 DY
)
+2 o) |y \
30S /&\, f . - . .
mean: -1.05 mean: -0.39 - -0.3 mean: -0.19 mean: -0.36 mean: -0.08 mean: 0.16

30N "7 \ 3 ‘ i" \ AY { h \ AY ( A" \ : A" 4 . ‘
/‘\:' SN g g + -
] | | [ | i i W 1
80E 180 60W 80E 180 60W 80E 180 o60W 80E 180 o60W 80E 180 60W 80E 180 60W 80E 180 o0W
|

-30 -20 -10 0 10 20 30
. o — . — o
normalized derivative of N, aN/3SST "~ (Wm—2K~1)

(ltr 0.40 uniform
£ 602 by 160°
= 0.35 40° by 160°
~ 400 by 1209
EO 30 Zhou et al.
LLH Dong et al.
QE: 0.25] Dong et al. shifted

0 10 20 30 40 50 60 70 80
patches needed



Figure 7.



A,=-4K: 024  A,=-2K:0.06 A,=-1K:-0.04 A,=+1K:-1.86 A,=+2K:-2.2 A,=+4K:-2.8

w
A,==x2K:-1.07 Ap==x4K:-1.28

90E 180 90W O 90E 180 90W O 90E 180 90W O 90E 180 90W O 90E 180 90W O 90E 180 90W O
[ ]
-30 -20 -10 0 10 20 30

.

normalized derivative of N, oN/3SST "~ (Wm 2K~ 1)



Figure 8.



B |
0.0\ Z VYN WV A AN a7
. — VWW
_y g5l ™ full pattern, AN(ASST(t))
o L [bl
‘= € 00
o = | S —
0 I; gl uniform perturbation, AN({ASST(t)))
c 3 o
OO o 4\//‘\‘ o .,f\Jr‘;/\ 7 Va¥) l'\,_‘_'xh“f‘-\_ﬁ,\./ NS ﬁ'.,/'\ YR \_'/\._,, .,“_y'\ /%\/ _,’ \’\"' ,4\1,._‘\\/"‘ /4\"’"\ 7
. — —_— ) v
_> 5| === zero-mean pattern, AN(ASST(t) — (ASST(t)))
1880 1900 1920 1940 1960 1980 2000
years
a
0 A 4 4 N, ke My A, & /\f‘\" ~ :\ A
p— .’Vl ‘\h\/\\/ \ " ‘\l'\ I,/"'\l \' \‘I\'\\P"‘vl \‘,,I \I\A ’V\A‘I“’ \'I \,'\' SRR '\v \l’\- / ,‘I W \'\w,\ I‘l \l\’ -“,' Vv l\'
> N Y b
< | =2
o = |
> S Ve
O\ PO P
5 AR AR
—6 R J
20 40 60 80 100 120 140
years

60S ;

S 0 E 120E 180 120W  60W 0
<P T [ (T T T
5 4 3 2 1 0 1 2 3 4 5

— —

last year of zero-mean pattern, ASST(tf) — (ASST(tr)) (K)

90N
60N
30N K s
0.
30S -

60S ;

905 120E 180 120W 60W 0

60E
<N

S5 4 -3 -2 -1 O 1 2 3 4 5
—

last year of zero-mean pattern, ASST(tr) — (ASST(tr)) (K)



JAMES

Supporting Information for “The Green’s Function

Model Intercomparison Project (GFMIP) Protocol”
Jonah Bloch-Johnson!, Maria A. A. Rugenstein?, Marc J. Alessi?, Cristian

Proistosescu®, Ming Zhao*, Bosong Zhang®, Andrew 1. L. Williams®,
Jonathan M. Gregory>’, Jason Cole®, Yue Dong®, Margaret L. Duffy,
Sarah M. Kang!!, and Chen Zhou'?
INational Center for Atmosphere Science, University of Reading, Reading, UK
2Department of Atmospheric Science, Colorado State University, Fort Collins, CO, USA
3Department of Atmospheric Sciences and Department of Earth Sciences and Environmental Change, University of Illinois,
Urbana-Champaign, Urbana, IL, USA
4NOAA Geophysical Fluid Dynamics Laboratory, Princeton, NJ, USA
5Program in Atmospheric and Oceanic Sciences, Princeton University, Princeton, NJ, USA
6 Atmospheric, Oceanic and Planetary Physics, Department of Physics, University of Oxford, Oxford, UK
"Met Office Hadley Centre, Exeter, UK
8Canadian Centre for Climate Modelling and Analysis, Environment and Climate Change Canada, Victoria, BC, Canada
9Lamont-Doherty Earth Observatory, Columbia University, Palisades, NY, USA
10National Center for Atmospheric Research, Boulder, CO, USA
HDepartment of Urban and Environmental Engineering, Ulsan National Institute of Science and Technology, Ulsan, South Korea

12Department of Atmospheric Physics, Nanjing University, Nanjing, China

February 28, 2023, 2:35pm



X-2

This document contains ten figures and one table:

e Figure S1 shows derivatives of N over the tropical Pacific case study region using the
CanESM5, HadAM3, and ICON models.

e Figure S2 shows the results of using monthly and seasonal averages as opposed to
annual averages when performing the Green’s function method.

e Figure S3 shows the results of using different CO5 concentrations as the background
concentration.

e Figure S4 shows the time series of NV in the control simulation performed using the
HadCM3 piControl base state.

e Figure S5 rescales points in the paper’s Figure 5 to test relationships from the analytic
formula for uncertainty (Equation 7 in the main body of the paper).

e Figure S6 shows reconstructions of the response of N to historical and abrupt4x pat-
terns of SST change with only warming or cooling patches, i.e. A, € {+4,+2, -2, —4}K.

e Figure S7 shows derivatives calculated for a case study to determine if equal-area
patches can be used around the Southern Ocean instead of equal-lat./lon. patches.

e Figure S8 shows results analogous to Figure 6 in the main body of the paper, except
using rectangular patches instead of sinusoidal ones.

e Figure S9 shows the results of using the derivatives from Figure S1 to reconstruct
the response of N to the historical and abrupt4x patterns of SST change.

e Figure S10 tests whether HadAMS3’s response of N to the full pattern of historical
and abrupt4x temperature changes is the sum of its responses to these patterns’ decom-

positions into uniform perturbation and zero-mean patterns.

February 28, 2023, 2:35pm



e Table S1 documents the patch layouts used in the tropical case study (i.e., Figure 6

in the main body of the paper and Figure S8 below).

February 28, 2023, 2:35pm
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Figure S1. Derivatives of N over the tropical Pacific (100°W to 60°E and 30°S to 30°N) for
CanESM5 and ICON run using the “Dong et al. shifted” patch layout, along with the CanESM5
“Zhou et al.” layout from Figure 2 and the HadAM3 “Dong et al. shifted” layout from Figure
5 in the main body of the paper. The map in the last column shows the average of the rest
of the derivatives in a given row. The first two rows illustrates how differences in patch layout
can affect derivatives, while the last three rows show how differences in model physics can affect
derivatives. Note that ICON has qualitatively similar features over the tropical Pacific to the

models in Figure 2.
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Figure S2. Green’s function reconstructions of the response of HadAM3’s N to historical SST
changes. The reconstructions use the GFMIP protocol but differ in that for the dashed orange
lines, a single, annually averaged derivative is used, while for the purple dot-dash lines, a seperate
derivative is estimated for each month of the year and applied in rotation to a monthly SST
time series before an annual average is taken. For the green dotted lines, the same calculation
is made, but for seasonal values. There is little difference in RM S FE};, and so for simplicity in

this study we use annually averaged derivatives.
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Figure S3. Panels a-f show derivatives of N estimated for HadAM3, with a range of values of
A,, and with CO, concentrations of 280ppm (panels a-c) and 1120ppm (panels d-f). Derivatives
were calculated with respect to the AMIP base state, such that panel ¢ in this figure is identical
to panel g in Figure 4 in the main body of the paper. Panels g-i show the effect of increasing the
CO, concentration on the derivative of N. Panel j in this figure is identical to panel h in Figure
4 in the main body of the paper, while panel k shows the same except using the derivatives from

panel f in the Green’s function estimate.
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Figure S4. A time series of the HadAM3 control simulation performed with the “HadCM3
piControl” base state climatology. Note that the initial year is an outlier (red dot), suggesting

that the model may be out of equilibrium during this year due to initial conditions.
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Figure S5. Values from Figure 5 in the main body of the paper rescaled according to the
paper’s Equation 7, showing that the error roughly scales with the square root of the sum of the
inverses of the number of control simulation years, y., and patch simulation years, v, (left panel
varies y., right panel varies y,). The middle panel shows the variation of error with 1/4, when
y, = 1 year (for higher values of y,, the nonlinearity associated with A, = £4K causes its error

to surpass the other values).
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Figure S6. HadAM3’s ensemble-mean response of N (black lines) to historical (top row)
and abrupt4x patterns of warming, as well as their reconstructions using the Green’s function
method with the GFMIP protocol, except only warming or cooling patches are used; i.e. A, €
{+4,+2,—-2,—4}K (colored lines). Derivatives using patches of a single sign result in much
poorer reconstructions of AN than those using averages (e.g., see Figure 8 in the main body of

the paper).
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normalized derivative of N, aN/aSST* (Wm~2K~1)

Figure S7. Normalized derivatives of N with respect to sea surface temperatures around the
Southern Ocean made using an equal area (top row) and an equal latitude/longitude (bottom
row) patch layout. The left column shows the half-amplitude of the different patches as in the top
row of Figure 2, while the next three columns show the derivatives associated with A, = +2K
(third column), —2K (fourth column), and their average (second column). The scale of the

colorbar is chosen to be consistent with the other figures in the main body of the paper.
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Figure S8. The same as Figure 6 in the main body of the paper, but with rectangular patches,

where “(rectangular)”

in a layout name indicates patches consist of a uniform perturbation of
A, over the whole patch area with a step function at the edge, and “(rect., smoothed)” is the
same but with a tanh function with e-folding scale of 1° at the patch edges. Note that sinusoidal
patches have much more strongly peaked warming in their centers, so that rectangular patches

behave similarly to sinusoidal patches with a larger size (e.g., they have less asymmetry with

respect to cooling vs. warming derivatives than patches with the same d¢, and 66,).
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Figure S9. Like the full-pattern time series in Figure 8, except that the SST perturbations
only occur over the tropical Pacific case study region (100°W to 60°E and 30°S to 30°N), and the
Green’s function estimates are made using the non-HadAM3 derivatives in Figure S1. Note that
all of the Green’s functions estimates made using just warming patches (red lines) overestimate

the magnitude of the response to the abrupt4x pattern of warming.
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Figure S10. A test of the linearity of decomposing the response of N in HadAMS3 to patterns

of SST' change into responses to uniform and zero-mean components. Black solid lines show the

response of N to the full pattern of warming; blue dotted lines show the responses of N to a

uniform perturbation with the same ice-free-ocean mean value as the full pattern; red dashed

lines show the response to the zero-mean pattern, which is the anomaly of the full pattern with

respect to its ocean mean; and the green lines with alternating dots and dashes show the sums

of the blue dotted lines and red dashed lines. Linearity holds fairly well (that is, the black and

green lines are similar), even for the the abrupt4x pattern.
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Table S1.

Tropical Pacific patch setups (covering 100°W to 60°E, 30°S to 30°N) as shown in

Figure 6 in the main body of the paper and Figure S8 above.

Name Size Locations
60° by 160° d¢p, = 60° || € {0°,30°}, 6, € {80°E, then every 80° eastwards}
360, = 160° |pp| = 15°, 6, € {120°E, then every 80° eastwards}
40° by 160° d¢p, = 40° |op] € {0°,20°}, 6, € {80°E, then every 80° eastwards}
360, = 160° |pp| € {10°,30°}, 6, € {120°E, then every 80° eastwards}
40° by 120° dp, = 40° lop] € {0°,20°}, 6, € {90°E, then every 60° eastwards}
560, = 120° |pp| € {10°,30°}, 6, € {120°E, then every 60° eastwards}
Zhou ot al dp, = 20° |6y € {0°,20°}, 6, € {180°W, then every 40° eastwards}
' 30, = 80° lpp| € {10°,30°}, 6, € {160°W, then every 40° eastwards}
Dong et al dp, =30° o, € {0°,15°,30°}, 0, € {160°W, then every 40° eastwards}
' 30, =80° |¢,| € {7.5°,22.5°,37.5°}, 6, € {180°W, then every 40° castwards}
. 0, = 30° € {0°,15°,30°}, 0, € {180°W, then every 40° eastwards
Dong et al. shifted 5?? = 80° ;zj c }7.50, 22.50,}537.5°}, 92 € }160°W,then everyy 40° eastwardsf
20° by 80° dp, = 20° |op| € {0°,10°,20°}, 6, € {140°E, then every 40° eastwards}
96, = 80° |pp| € {5°,15°,25°}, 6, € {120°E, then every 40° eastwards}
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