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Abstract

This study examines how the geographic location of sea surface temperature (SST) biases influences global atmospheric re-
sponses. Utilizing an intermediate-complexity atmospheric model, 106 century-long simulations with idealized SST perturbations—
emulating biases in coupled climate models—were performed. The intensity of the global atmospheric response to SST biases
is evaluated by quantifying changes in global wave energy and interannual variance. The findings underscore the response’s de-
pendency on local background SST. Notably, with an imposed SST bias of +1.5 K, a significant global response is triggered once
background SST surpasses approximately 25°C. This geographic dependency is related to the critical SST threshold for intense
convection. Consequently, these results highlight the need for heightened focus on tropical oceans, especially the Indo-West

Pacific, where SST biases can significantly impact the accuracy of global climate simulations.
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Key Points:

e The global atmospheric response to regional SST biases varies significantly across
regions.

e The response is defined by the critical threshold of the background SST for intense
convection.

+ Results highlight the importance of regions with background SST > 26°C in cli-
mate models.
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Abstract

This study examines how the geographic location of sea surface temperature (SST') bi-
ases influences global atmospheric responses. Utilizing an intermediate-complexity at-
mospheric model, 106 century-long simulations with idealized SST perturbations—emulating
biases in coupled climate models—were performed. The intensity of the global atmospheric
response to SST biases is evaluated by quantifying changes in global wave energy and
interannual variance. The findings underscore the response’s dependency on local back-
ground SST. Notably, with an imposed SST bias of +1.5 K, a significant global response

is triggered once background SST surpasses approximately 25°C. This geographic de-
pendency is related to the critical SST threshold for intense convection. Consequently,
these results highlight the need for heightened focus on tropical oceans, especially the
Indo-West Pacific, where SST biases can significantly impact the accuracy of global cli-
mate simulations.

Plain Language Summary

Understanding the impact of sea surface temperature (SST) biases on simulated
atmospheric circulation is crucial for uncertainty quantification in climate projection. Here,
we investigate the impact of regional SST biases on the model atmosphere and how this
impact varies with the geographic location of the SST bias. We performed 106 idealized
century-long sensitivity simulations with an intermediate complex atmospheric model.
Based on these simulations, we assessed the effect of regional SST biases on the global
atmospheric circulation using a novel dynamical approach, which enables us to quantify
the changes in global spatio-temporal variability. The amplitude of the global atmospheric
response to regional SST biases is found to depend strongly on the local background SST.
SST biases in warmer tropical oceans have much stronger impacts than those in cooler
extratropical oceans. In particular, given an SST bias of +1.5 K, there is a substantial
response when the local background SST exceeds approximately 25°C.

1 Introduction

State-of-the-art coupled climate models often have difficulty accurately represent-
ing sea surface temperature (SST) in their historical simulations, leading to pronounced
SST biases (e.g., Wang et al., 2014; Burls et al., 2017; Zhu et al., 2020; Wills et al., 2022;
Q. Zhang et al., 2023). Understanding how these SST biases affect the simulated atmo-
spheric variability is a key element of uncertainty quantification of climate prediction.

SST biases can influence regional atmospheric circulation in various ways. For in-
stance, SST biases in the tropical Indian Ocean alter the meridional SST gradient, sub-
sequently impacting the Indian Summer Monsoon (e.g., Joseph et al., 2012; Prodhomme
et al., 2014). Excessively warm SSTs in the tropical Southeast Pacific and Atlantic are
responsible for a spurious double intertropical convergence zone (ITCZ) through the wind-
evaporation-SST feedback (e.g., Lin, 2007; Samanta et al., 2019; J. Lee et al., 2022). In
extratropical oceans, SST biases influence storm tracks by altering the meridional tem-
perature gradient (Priestley et al., 2023).

SST biases can also have far-reaching influences (Wang et al., 2014). Recent stud-
ies have shown that SST biases in the tropical Pacific and Atlantic Oceans contribute
to biases in surface temperature and precipitation over North America (Johnson et al.,
2020; Stan et al., 2023). Zhao et al. (2023) showed that SST biases in the tropical In-
dian Ocean can lead to global atmospheric circulation biases similar to that from steady
heating perturbations (e.g., Kosovelj et al., 2019), characterized by the Matsuno-Gill pat-
tern in the tropics and a Rossby wavetrain structure in the extratropics. These circu-
lation biases cause considerable changes in global energy distribution and interannual
variance, especially at large scales (zonal wavenumber k£ < 5). They found that posi-
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tive SST biases in the tropical Indian Ocean increase the energy of tropical waves and
reduce the energy of extratropical waves, as well as weaken the interannual variance of
both wave types.

On the other hand, the atmospheric response to SST biases probably depends on
the atmospheric background state. Previous studies have demonstrated that the atmo-
spheric response to midlatitude SST anomalies is strongly influenced by the background
flow and the model’s internal variability (Peng et al., 1995; Peng & Robinson, 2001; Peng
et al., 2002; Kushnir et al., 2002; Thomson & Vallis, 2018). The mechanism by which
the atmospheric background state modulates the atmospheric response to mid-latitude
SST anomalies is suggested to be related to the relative latitudinal position of the sub-

tropical jet and the changes in the meridional SST gradient caused by the anomalies (Brayshaw

et al., 2008). Likewise, the response to tropical SST anomalies is also modulated by the

background state, with studies showing diverse global precipitation responses to SST changes

in the tropical Indian Ocean and West Pacific (Barsugli & Sardeshmukh, 2002). Besides,
C. Zhou et al. (2017) showed that positive SST anomalies in the tropical ascending and
descending regions exert contrasting impacts on low-cloud cover and radiation.

Additionally, the effect of SST biases is expected to depend on the oceanic back-
ground state, although research on this subject has so far been limited. G. Zhou et al.
(2017) demonstrated that the atmospheric response to an SST anomaly in the extrat-
ropical North Pacific is sensitive to decadal variations of background SST. They found
that decadal variations of the daily SST variability in the eastern North Pacific and the

Opyashio Extension front in the western North Pacific can cause a regime shift in the Rossby

wave source associated with the SST anomaly. The present study contributes to this sub-
ject by quantifying the effect of regional SST biases on global circulation in relation to
background SST. As we will show, the impact of warm SST biases in boreal winter re-
mains local and small unless the background SST is sufficiently high to feed moist pro-
cesses and precipitation.

SST biases influence the atmosphere through air-sea interactions that are closely
related to background SST. An increase in SST locally leads to more upward heat and
moisture fluxes, which reduce the moist static stability near the surface and enhance con-
vection (Neelin & Held, 1987). From a thermodynamic perspective, precipitation is more
sensitive to SST changes at higher SSTs. This is because SST changes at higher SST's
induce larger perturbations of boundary-layer moist static energy, since low-level atmo-
spheric moisture is expected to increase exponentially with SST (Tory & Dare, 2015).
However, many observational and numerical studies have identified a transition to in-
tense convection with SSTs ranging from about 26°C to about 30°C (e.g., Graham &
Barnett, 1987; C. Zhang, 1993; Sud et al., 1999; Trenberth & Shea, 2005; Roxy, 2014;

He et al., 2018). This suggests that a warm SST bias superimposed on background SST
around 26°C or well below this threshold would lead to distinctly different responses. We
hypothesize that the transition to intense convection at higher background SSTs, marked
by the onset of intense precipitation, is a key factor shaping the atmospheric response

to regional SST biases.

The outline of the paper is as follows. Section 2 describes the climate model used
and the experimental design, along with a brief introduction to the method for quan-
tifying circulation biases. Section 3 presents our key findings, including analyses of cir-
culation biases, changes in simulated spatio-temporal variability, and discussions on the
dependence of the response on background SST. We summarize the study in Section 4.



108 2 Methodology

100 2.1 Model and Experiments

110 A series of numerical experiments are conducted using the Planet Simulator (PLASIM;
m Fraedrich et al., 2005). PLASIM is a spectral model that employs hydrostatic primitive

112 equations in o-coordinate to simulate moist atmospheric dynamics. Unresolved processes
13 are parameterized, such as latent and sensible heat fluxes and moist convection. For fur-

114 ther details on the model, readers are referred to Fraedrich et al. (2005). PLASIM has

115 been used in numerous studies, such as moist predictability (Riviere et al., 2009), climate
116 change (Lucarini et al., 2010), the effect of aerosol and greenhouse gas forcing on South

17 and East Asian monsoons (Recchia & Lucarini, 2023), extreme events (Herein et al., 2023),
118 atmospheric responses to SST biases (Zhao et al., 2023), among others.

119 Our simulations employ PLASIM with the prescribed SST and sea ice concentra-

120 tion from the ERA-20C reanalyses (Poli et al., 2016). In our perfect-model framework,

121 the control simulation uses the time-varying monthly mean SST. Sensitivity experiments
122 use the same SST, but with added time-constant perturbations representing SST biases

123 in specific regions around the globe. These perturbations are given as a 2D Gaussian func-

124 tion with a peak of +1.5 K and a full width at half maximum of 40v/In2 degrees in the
125 meridional direction and 30v/In2 degrees in the zonal direction. We generate SST per-

126 turbations (i.e., biases) at intervals of 15 degrees from 60°S to 45°N and 20 degrees from
127 0° to 340°E. After excluding those primarily over land, we obtain 106 distinct SST bi-

128 ases in various ocean regions (see Fig. S1 in Supplementary Information). Note that these
129 biases have the same size in the latitude-longitude coordinate, but their spatial size varies
130 with latitude due to the spherical curvature. For convenience, sensitivity experiments

131 are named after the location of the SST bias; e.g., 'EQS80E’ denotes the experiment with
132 the SST bias centered at (0°, 80°E), while 30N220E’ refers to the experiment with the
133 SST bias centered at (30°N, 220°E). All experiments run from 1 January 1901 through
134 31 December 2010, starting with initial conditions from a 40-year spin-up run using the
135 climatological monthly mean ERA-20C SST.

136 The rest of the model setup is as in Zhao et al. (2023). The model has ten o lev-

137 els with a T31 horizontal resolution. Although the applied resolution is not exception-

138 ally high, it is adequate for capturing large-scale circulations, which are of our primary

139 interest. The control simulation has been validated against reanalysis data, as shown in
140 Zhao et al. (2023), confirming the ability of PLASIM to accurately simulate climate states
1 in terms of precipitation and general circulation.

142 SST biases affect the model atmosphere by modifying surface heat and moisture

143 fluxes. A positive SST bias directly increases the upward sensible heat flux and also en-
144 hances the upward moisture flux related to the Clausius-Clapeyron equation. Changes

145 in moisture flux further affect precipitation through the parameterization of cumulus con-

146 vection in PLASIM (Zhao et al., 2023).

147 2.2 Evaluation of the effects of SST biases

148 PLASIM simulations are analyzed using MODES software (Zagar et al., 2015). With
149 MODES, the global fields of wind (u and v) and geopotential height (z) can be simul-

150 taneously projected onto the eigensolutions (i.e., normal mode functions) of the linearized
151 primitive equations, yielding circulation in modal space spanned by the zonal wavenum-

152 ber k, the meridional mode index n and the vertical mode index m. A single normal mode
153 index is denoted v = (k,n,m) and the associated complex coefficient of the projection

154 is x. (t), which represents the circulation in modal space (see Supplementary Informa-

155 tion for details). By simultaneously considering both dynamic and thermodynamic vari-
156 ables, this multivariate projection provides a more complete representation of atmospheric
157 circulation than the univariate projection.
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Spatial and temporal variability of the global circulation is evaluated in terms of
energy and interannual variance spectra in modal space, respectively. The global mechan-
ical energy (kinetic energy plus available potential energy) per unit area of the mode v
at time ¢ is defined as (Zagar et al., 2020)

1

By(t) = 59Dm o (0], (1)

where g is the gravity acceleration, and D,, is the equivalent height of vertical mode m.
E, has been referred to as the spatial variance (e.g. Zagar et al., 2020). The interannual
variance is given by

N
1 2
Vi, = N ZgDm Ixw(t) = Xol™ (2)

=1
with N being the number of years and %, as the mean of x,(t) over time.

Changes in spatial and temporal variabilities due to SST bias are evaluated, respec-
tively, as the difference of the time-mean £, and V,, between sensitivity and control sim-
ulations, which are denoted by AE, = ES — ES and AV, = V¥ — VC. These two
metrics provide a quantitative measure of the effect each SST bias has on atmospheric
circulation from both spatial and temporal perspectives, enabling us to quantitatively
compare the effects of all SST biases. While they allow the analysis of individual modes,
in this study, we focus on the globally integrated energy and interannual variance of all
wave (k > 0) modes in which we are most interested, namely £ = Y3~03,Ym Ernm
and V = Yp~0XnXm Vinm, respectively. We denote the changes in the globally inte-
grated wave energy and interannual variance as AE and AV.

3 Results

We first present the circulation sensitivity to regional SST biases in terms of changes
in wave (k > 0) energy and interannual variance (IAV), before discussing the role of
background SST for the observed response. We focus on boreal winter (December-January-
February; DJF).

3.1 Circulation and precipitation responses

Figure 1 displays the 250-hPa geopotential height biases and precipitation biases
for nine out of the 106 experiments, including three experiments along 30°N (30N140E,
30N220E, 30N320E), the equator (EQ80E, EQ180E, EQ340E), and 30°S (30S80E, 30S220E,
30S340E). The presented experiments exemplify both tropical (Figs. 1d-1f) and extra-
tropical (Figs. la-1c and 1g-1i) cases.

SST biases in the tropics lead to considerable global bias teleconnections in geopo-
tential height accompanied by strong precipitation biases (Figs. 1d-1f). In particular,
the SST bias at 180°E results in large precipitation biases in the Indo-West Pacific re-
gion with a maximum amplitude of over 8 mm day~!, which produces wavetrain pat-
terns in geopotential height in both the North and South Hemispheres (Fig. le). In con-
trast, when the SST bias is in the extratropics, it generally causes small positive precip-
itation biases locally. Correspondingly, the geopotential height biases are weak (Figs. la-
1c and 1g-1i). This suggests that the atmospheric response to SST biases depends on
the latitude of the bias location.

However, regional extratropical SST biases can still affect circulation in distant ar-
eas, even across hemispheres. For instance, the SST bias at (30°N, 140°E) causes sig-
nificant geopotential height biases along the great circle from East Asia to the North At-
lantic. Similarly, the SST bias at (30°S, 80°E) causes significant geopotential height bi-
ases over the North Pacific (Fig. 1g), and the SST bias in the South Atlantic causes no-
ticeable geopotential height biases over the North Atlantic (Fig. 1i). These results are
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Figure 1. Geopotential height biases (in gpm) at 250 hPa in experiments with SST biases

at (a~c) 30°N (30N140E, 30N220E, and 30N320E), (d-f) the equator (EQS80E, EQ180E, and
EQ340E), and (g-i) 30°S (30S80E, 30S220E, and 30S340E). The zonal-mean part has been ex-
cluded. Dotted areas indicate regions where geopotential height biases are statistically significant
at the 0.05 level by Student’s t test. Precipitation biases are overlaid with contours at levels:
+0.5, +2, +5, and +8 mm day'. Negative contours are shown in blue, and positive contours in

red. The large black dot in each panel denotes the SST bias center in the respective experiment.
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in line with Thomson and Vallis (2018) who demonstrated that SST anomalies in mid-
latitudes usually do not generate a robust response in the free atmosphere, but they can
still induce a significant remote response, especially when aligned with internal modes
of variability.

The circulation response also varies with the longitude of the SST bias location.
We see that SST biases in the Pacific warm pool, such as the experiment EQ180E (Fig.
le), result in much stronger bias teleconnections than SST biases in the tropical Indian
Ocean (Fig. 1d) and Atlantic (Fig. 1f). Differences in the response to tropical SST bi-
ases at different longitudes are probably related to the prevalence of ascending and de-
scending motions in the atmosphere above the SST bias. For example, C. Zhou et al. (2017)
have shown that SST changes in tropical ascent regions have stronger influences on cloud
feedback than those in subsidence regions. Another example is the SST bias located at
30°N to the east of China, which generates a Rossby wavetrain across the North Pacific,
North America, and the North Atlantic (Fig. 1a), whereas the SST bias west of North
America leads to a meridional dipolar bias in geopotential height (Fig. 1b). SST biases
in the extratropical jet stream regions (Figs. la) seem more effective in producing Rossby
wavetrains than those in areas of weaker background flow (Fig. 1b).

While Figure 1 makes it clear that SST biases at different locations lead to differ-
ent bias teleconnections, their quantification and comparison call for integrated metrics.
Here, we use the globally integrated mechanical energy and TAV. As mentioned earlier,
they consider both temperature (i.e. geopotential height) and wind, while also account-
ing for the spatial and temporal aspects of the circulation response.

| [ T
0 2 4 6 8 10 12 (%] 0 2 4 6 8 10 12 14 16 [%]

Figure 2. Relative changes (in %) of the global wave (k>0) energy and IAV in DJF with
respect to the control simulation: (a) |AE/EC]| and (b) |AV/VC|. Each dot denotes one exper-
iment with the respective SST bias centered at the dot. Small black dots in (a) denote signifi-
cance at the 0.05 level by Student’s ¢t test. Note that the significance of the IAV changes can be
examined for each mode, however, it is not possible to do so for the globally integrated quantity,
as shown in (b). Black contours overlaid show the climotological SST at 25, 27, and 29°C for the

respective season. See the text for details.

Figure 2 shows the relative changes in global wave energy and IAV due to each SST
bias. Note that each dot gives the global, rather than the local, changes resulting from
the SST bias centered at the respective location. The relative changes are calculated by
dividing the absolute changes by the respective reference states of the control run, de-
noted |AE/EC| and |AV/V Y|, respectively. In fact, the changes are either positive or
negative (see Fig. S2 in Supplementary Information). The sign of the changes indicates
modulation of the atmospheric background state, which is beyond the scope of this pa-
per. Therefore, only their magnitudes are shown. The significance of global energy changes
is easily checked, whereas that for the IAV changes is not feasible as it only applies to
individual modes.



236 First, we look at the changes in global wave energy (Fig. 2a). In general, SST bi-

237 ases in the tropics result in larger changes in wave energy than SST biases in the extra-
238 tropics. Moreover, there appears to be a transition between the tropical and extratrop-
239 ical experiments, following the 25°C isoline of the background SST. Very strong responses
240 to SST biases are observed in areas where the background SST exceeds about 25°C. The
on strongest response is observed in the Pacific warm pool, with experiments EQ140E and
212 EQ160E showing the largest values, exceeding 12%. On the contrary, responses are gen-
23 erally weak, less than 2% of the reference state, when SST biases occur in regions where
244 the background SST is below 25°C. In other words, the impact of tropical SST biases

25 on global wave energy can be more than six times greater than that of extratropical SST
26 biases.

247 However, not all strong responses are seen in warm SST regions. For instance, SST
218 biases in experiments 30N280E and 30N320E, which are located in the North Atlantic,
249 still lead to significant changes in wave energy. Furthermore, some tropical SST biases
250 in regions with warm background SST have very weak global impacts, such as those in
251 the eastern Pacific and Atlantic. The decoupling between the response amplitude and

252 background SST in these cases should be related to the local atmospheric background

253 state.

254 Changes in TAV further highlight the relationship with background SST (Fig. 2b).
255 The strongest changes are caused by SST biases in the tropical Indo-West Pacific region,
256 whereas SST biases in relatively cold SST regions have weak impacts on IAV. There are
257 some notable differences between the IAV response and the energy response. One is ob-
258 served in the tropical Indian Ocean, where SST biases lead to very large TAV changes,

250 which can exceed 16% of the reference state. However, the energy changes are relatively
260 small, though significant, at less than 6% of the reference state. In addition, some ex-

261 tratropical SST biases can exert relatively larger impacts on TAV (which can exceed 6%
262 of the reference state) than on energy (which is generally less than 2% of the reference
263 state), such as those in the North Pacific, North America and along the Antarctic coast.
264 The difference between the energy response and the TAV response is expected, since en-
265 ergy and IAV represent two distinct aspects of variability. However, a complete under-
266 standing of these differences has not yet been achieved.

267 So far, we have demonstrated a strong correlation between the atmospheric response

268 to regional SST biases on background SST. In the following, we will explain how this de-
269 pendence occurs.

270 3.2 Mechanism of the dependence on background SST

m SST biases affect the model atmosphere through air-sea interactions. A positive

272 SST bias generally leads to locally more upward sensible heat flux and moisture flux, which
3 reduce the near-surface moist static stability (Neelin & Held, 1987), leading to local pos-

274 itive precipitation biases. As seen in Fig. 1, positive SST biases typically increase local

o15 precipitation. The accompanying latent heat release drives the circulation response. In

276 general, the greater the increase in local precipitation over the positive SST bias, the stronger
277 the local and remote response. Therefore, the problem of coupling atmospheric circu-

278 lation bias teleconnections with SST biases is equivalent to understanding the depen-

279 dence of local precipitation changes on background SST.

280 Figure 3a shows the local precipitation change for each SST bias, denoted A Pr.

281 It is calculated as the mean precipitation bias in areas where the respective SST bias is

28 greater than 0.5 K. The APr pattern is very similar to the pattern of energy changes

263 (Fig. 2a). This indicates that tropical SST biases result in much greater APr than ex-
284 tratropical SST biases, which generally result in APr smaller than 0.5 mm day—!. The
285 transition from large APr in the tropics to small APr in the extratropics closely follows
286 25°C isoline of the background SST. In Fig. 3b, APr is presented as a function of the
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Figure 3. (a) Same as Fig. 2a, but for local precipitation changes (APr, in mm day~'). For
each experiment, APr is calculated as the average within the area of the respective SST bias.
Panel (b) shows APr as a function of the local background SST (in °C), which is calculated as
the average within the area of the respective SST bias. The dot color indicates the central lati-
tude of the SST bias. The straight line is a best fit to the data below 25°C SST. See the text for
details.

local background SST in a log-log plot. It shows that when the local background SST

is below 25°C, APr approximately collapses on a straight line, implying a power-law re-
lationship. However, when the local background SST is above 25°C, A Pr departs from
the line (i.e., from the power law), implying the transition from one behavior (i.e., small
precipitation increase) to other types of relationship (abnormally large increase) in the
system. This actually indicates the transition from shallow to deep convection as a pos-
itive SST bias is superimposed, since changes in precipitation indicate changes in con-
vection. This kind of critical phenomenon has been studied by Peters and Neelin (2006).

Based on Fig. 3, we can now discuss the mechanism behind changes in global wave
energy and TAV in relation to background SST. Their dependence is evidently mediated
by the precipitation response to the SST bias. Local precipitation biases explain the re-
sponse amplitude of [AE| and |AV|. A larger APr leads to increased latent heat release,
intensifying Rossby wave sources and, consequently, amplifying |AE| and |AV|. The sharp
change of APr near a background SST of about 25°C is also reflected in |[AE| and |AV/|
(see Fig. 2 and Fig. S3 in Supplementary Information). The pointwise correlation be-
tween |AE| (Fig. 2a) and APr (Fig. 3a) is 0.75 and 0.67 between |AV| (Fig. 2b) and
APr (Fig. 3a). This means that APr alone explains 56% of the spatial pattern of |AE|
and 45% of the spatial pattern of |AV|. Obviously, |AE| and |AV| cannot be exclusively
attributed to APr, since nonlinear dynamics is involved. As shown in Zhao et al. (2023),
the wave energy and IAV in the extratropics dominate those in the tropics. In the ex-
tratropics, the interaction between waves and the zonal mean flow plays a key role in mod-
ulating both wave energy and IAV (e.g., Zhao & Liang, 2018), which is independent of
APr. In addition, the more intricate pattern (with a smaller correlation with APr) of
the TAV response is probably related to the atmospheric background state, especially the
internal variability of the circulation, as suggested by Thomson and Vallis (2018). When
the forced mode by SST biases aligns with the internal modes of variability, the variabil-
ity response is strong. This may account for the significant changes in IAV caused by
extratropical SST biases (see Fig. 2b).

4 Conclusions

Based on extensive numerical experiments with a general circulation model, this
study examined the global atmospheric circulation response to the positive SST bias as



318 a function of its location. Despite its low resolution, the model simulates large-scale dy-

319 namics well. The model employs parameterizations of physical processes, such as sur-

320 face fluxes and cumulus convection, as in many complex climate models, and the moist
321 processes are well represented. Results were analyzed using the multivariate projection,
32 which enables us to quantify the response from both the dynamic and thermodynamic
33 perspectives, providing a unified insight into changes in the general circulation.

324 Key findings include:

325 1. SST biases, even if they are of identical size and amplitude, can exert varying ef-
326 fects on the simulated atmospheric circulation depending on their geographic lo-
327 cation. The impact of tropical SST biases is found to be far more pronounced —
328 potentially more than six times greater — than that of extratropical SST biases,
329 particularly in terms of changes in the global wave energy and interannual vari-

330 ance.

331 2. The geographic dependence is largely dictated by background SST, with notable
332 effects occurring when the bias (with an amplitude of +1.5 K) is located in regions
333 where the background SST exceeds approximately 25°C. The Indo-West Pacific

334 warm pool is particularly sensitive.

335 3. Dependency of the atmospheric circulation response on the background SST is de-
336 termined by the local precipitation response, which is associated with the criti-

337 cal SST threshold for intense convection. When a +1.5 K SST bias superimposed
338 on the background SST exceeds the threshold, excessive local precipitation and

339 latent heat release cause a strong response in atmospheric circulation.

340 These findings highlight the intricate interplay between regional SST biases, local
e} precipitation responses, and atmospheric circulation responses, emphasizing the sensi-

342 tivity of certain regions such as the Indo-West Pacific warm pool to positive SST biases.
343 Considering that most CMIP models have suffered from severe SST biases over time (Davey

344 et al., 2002; Huang et al., 2007; Xu et al., 2014; Toniazzo & Woolnough, 2014; Richter,
345 2015; Q. Zhang et al., 2023; Stan et al., 2023), an implication is that relatively more at-
346 tention should be paid to tropical oceans, especially the Indo-West Pacific, where SST

347 biases can produce large bias teleconnections and greatly deteriorate the usability of global
38 climate simulations.

349 Furthermore, whether we are talking about SST biases or SST anomalies, the un-

350 derlying physical processes are essentially the same. Therefore, the results of this study

351 have broader implications for understanding how the atmosphere responds to regional

352 SST changes.

353 Although most extratropical SST biases were found not to lead to a robust global
354 response, they still have significant regional impacts (see Fig. 1). Also, remember that
355 an increase in the magnitude of the SST bias or the model resolution may enhance the

356 overall responses (e.g., Boville, 1991; Kushnir et al., 2002; R. W. Lee et al., 2018; G. Zhou,
357 2019).

358 We discussed only absolute changes in the global wave energy and interannual vari-
350 ance. In fact, the sign of the response varies across ocean basins, implying modulation
360 by the atmospheric background state. Furthermore, we have not discussed the effects

361 on different dynamical regimes and scales, including the zonal mean state, as conducted
362 by (Zhao et al., 2023). Scale and regime dependency, and variations of the sign of re-

363 sponse across ocean basins are the subject of the follow-on paper.
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