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The interhemispheric thermal contrast, defined as the mean sea surface tem-
perature difference between the northern and southern hemispheres, crucially
influences tropical climate. Climate models show a positive interhemispheric
thermal contrast trend since 1950, with more warming in the northern hemi-
sphere compared to the southern hemisphere, contradicting the observed
negative trend. Here we show this discrepancy stems from models over-
estimating greenhouse gas responses via wind-evaporation-sea surface tem-
perature feedback, while anthropogenic and natural aerosols combine to
produce the negative trend in observations. Consequently, models with high
equilibrium climate sensitivity exhibit larger discrepancies with observations.
Despite model failure to reproduce the trend, the modeled multidecadal
interhemispheric thermal contrast variability aligns with observations,
enabling a constrained estimate of effective radiative forcing due to aerosol-
cloud interactions of —0.6 + 0.3W /m?, with a “likely” range 57% narrower than
the latest IPCC report. Our study further suggests that future northward shifts
of the tropical rain belt are likely to be less pronounced than predicted by
climate models with high equilibrium climate sensitivity.

M Check for updates

The interhemispheric thermal contrast (IHTC) — the Northern Hemi-
sphere (NH) mean sea surface temperature (SST) minus the Southern
Hemisphere (SH) mean SST — is one of the dominant modes of global
SST variability"?. The IHTC imposes energetic constraints on the
Hadley circulation in the tropics®* and storm tracks in the
extratropics®’, which in turn impact billions of people through their
influence on various aspects of the global hydrological cycle. Under-
standing the factors that affect the IHTC and its sensitivity to pertur-
bations in natural and anthropogenic sources can improve projections
of future changes.

Accurately simulating the IHTC remains a significant challenge for
climate models. While current state-of-the-art climate models simulate
global mean SST reasonably well®, the same models struggle to repli-
cate the observation when calculating the IHTC, the hemispheric

contrast, over the past century’®. Notably, our recent study’ reveals
that models in Coupled Model Intercomparison Project Phase 6
(CMIP6) exhibit a systematically positive trend in IHTC that contradicts
observations, though the underlying mechanism remains unknown.
The model-data difference in IHTC could stem from differences in
the model response to external forcing and internal variability, parti-
cularly internal atmospheric and oceanic variability not captured in
uninitialized CMIP6 model simulations. For example, coordinated
paleoclimate proxies and numerical experiments suggest that IHTC
changes in past climates were mainly driven by variability in the
Atlantic meridional overturning circulation (AMOC)™". During 1960-
1970s, a large influx of freshwater from the Arctic Ocean led to a sali-
nity anomaly in the subpolar North Atlantic, known as the “Great
Salinity Anomaly”, which weakened the deep water formation and
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potentially the AMOC", coinciding with an abrupt decrease in the
IHTC"™,

In addition to internal variability, the IHTC change could be driven
by various external forcings. In response to greenhouse gases (GHG),
climate models suggest that the NH warms faster than the SH due to
the land-ocean fraction difference™', the asymmetry of sea ice varia-
bility between the Arctic and the Antarctic’’"°, and delayed warming in
the Southern Ocean poleward of 50°S***, Additionally, anthropogenic
aerosols (AER), predominantly emitted in the NH, are expected to have
a greater cooling effect there compared to the SH, which causes an
energy imbalance between hemispheres and shifts the tropical rain
belt southward”**”". However, the cooling effect induced by AER can
be offset by warming due to GHG, resulting in a nuanced net effect’.
Though insightful, these findings are mainly based on climate models,
which have various known biases in physical processes and radiative
feedbacks®>% As such, we hypothesize that discrepancies between
climate models and real-world observations in IHTC and associated
tropical climate can thus arise from differences in their sensitivities to
external forcings, particularly since World War Il when anthropogenic
forcings have been strong.

Recent studies have improved our understanding of the clima-
tological IHTC bias in CMIP6 models®™. In this paper, we investigate
factors influencing the transient IHTC since 1950 and address dis-
crepancies between model simulations and observed data. We begin
by analyzing statistics, decomposing the IHTC into a linear long-term
trend and multidecadal variability to identify drivers of the recent
IHTC variability and to uncover clues in the systematic differences
between models and data. We conclude by examining the physical
processes responsible for the IHTC pattern and the model-data dis-
crepancies. We will show that current climate models reasonably
simulate the multidecadal IHTC variability as a response to AER and
natural forcings (NAT, such as solar activities and volcanic eruptions),
but the modeled long-term trend is proportional to each model’s
sensitivity to GHG due to wind-evaporation-SST (WES) feedback®~*
that results in systematic model-data differences in IHTC and its tro-
pical impacts. The consistency between modeled and observed mul-
tidecadal IHTC provides observationally-constrained estimates of the
real-world effective radiative forcing due to aerosol-cloud interactions
(ERFaci, —0.6 +0.3W /m?). However, the discrepancy in long-term
trend worsens in models with high equilibrium climate sensitivity
(ECS), implying that the real-world ECS may be low**,

Results

Systematic bias in SST and tropical climate in CMIP6 models
Building on our previous work’, we begin by revisiting the comparison
of simulated post-1950 IHTC with observations in a larger CMIP6
ensemble, which confirms a systematic bias in the IHTC and tropical
climate in current state-of-the-art climate models. Fig. 1a depicts the
SST trend in the ensemble mean of 542 CMIP6 historical simulations
from over 50 models (Supplementary Data. 1). The ensemble mean is
an excellent approximation to the response to external forcings (e.g.,
GHG, AER, and NAT), as independent representations of internal cli-
mate variability in different members are largely cancelled out in the
mean through averaging. The ensemble mean shows an enhanced
warming in the North Atlantic and North Pacific. As a result, the SST
trend between the NH and SH exhibits a positive difference. However,
Fig. 1b shows that the observations are the opposite. The real world
shows a relative cooling trend in parts of the North Pacific and Atlantic
and a warming trend in most of the SH since 1950. The model-data
difference is even more striking in Fig. 1c, which highlights that the
modeled SST in the NH warmed faster than observed, whereas it
warmed slower than observed in the SH. We examine the time series of
the IHTC in Fig. 1f. The IHTC is defined as the mean SST difference
between NH[0-60 °N] and SH[40 °S-0], which maximizes quality data
coverage while capturing the primary zones of hemispheric

asymmetry. We exclude the Southern Ocean (south of 40°S) to avoid
regions with sparse pre-satellite observations that may confound the
temperature signal. The observations indicate an overall decreasing
trend in IHTC with strong multidecadal variability, while the modeled
IHTC largely shows a positive trend on top of the multidecadal varia-
bility. Fig. 1g summarizes the trend in IHTC for simulations and
observations, showing that simulations consistently exhibit a higher
trend. In fact, the observations fall in ~1st percentile of the model
distribution. We also verified that the IHTC based on the SST difference
between [0-60°N] and [60°S-0] show quantitatively consistent results
(Supplementary Fig. 1).

Interestingly, the model-observation surface temperature dis-
crepancy only shows up in the interhemispheric SST, as the simu-
lated interhemispheric land surface temperature contrast aligns well
with observations and exhibits a response larger in magnitude than
the SST contrast (Supplementary Fig. 2). However, slight changes in
the interhemispheric SST difference can have dramatic climate
impacts in the tropics. In both model and observations, a positive
IHTC excites an anomalous Hadley Circulation (HC) in the tropics,
which boosts (suppresses) upward motion in the NH (SH) and
therefore causes a northward shift of the Intertropical Convergence
Zone (ITCZ)* (Supplementary Fig. 3). Figure 1d, e underscore the
differences in tropical climate between the model and observations,
attributed to differences in the IHTC. In the model, the cross-
equatorial anomalous HC (see Methods: Definition) is strongly
anticorrelated with the IHTC (Fig. 1d), which transports energy to the
SH (Supplementary Fig. 3b). Consequently, the intertropical pre-
cipitation contrast, as a measure of the ITCZ change (refs. 22,25, see
Methods: Definition), is positively correlated with the IHTC, indicat-
ing a northward shift of the ITCZ. The observed HC and ITCZ also
covary with the IHTC, showing an overall trend opposite to that of
the model simulation. Note that the observed IHTC is less correlated
with the ITCZ than the Hadley Circulation, particularly after the
2000s. This is probably due to the ITCZ calculation relying on land-
station precipitation, which is typically noisier but provides obser-
vational data prior to the satellite era®.

Largely forced observed IHTC

Given the observed IHTC is around the 1st percentile of the model
distribution (Fig. 1g), the model-data difference is highly unlikely to be
attributable to internal variability?>, which is further confirmed by
considering distributions of the 65-year trends from CMIP6 pre-
industrial control simulations (Supplementary Fig. 4). Therefore, the
observed IHTC trend is most likely driven by external forcings, and we
further hypothesize that the multidecadal variability of IHTC is also
due to the external forcings. To show this, we regress the IHTC onto
IHTCs calculated from the single forcing runs:

IHTC=BeyclHT Copg + Bagrl HTCper + Byar/HTCyar € (1)

in which the IHTC on the left-hand side of the equation is either from
observations or CMIP6 all-forcing historical simulations. Equation 1
assumes the timing of IHTC variability is well simulated in single-
forcing runs and nonlinear interactions between forcings are small. As
such, linearly scaling and summing single-forcing IHTCs could
reproduce the observed IHTC, provided that the observation is
primarily driven by external forcings. The potentially muted amplitude
of the forced responses in simulations due to low signal-to-noise ratio
in large ensembles’*® would be compensated by the scaling factor, Ss,
when Eq.1 is applied to the observed IHTC.

We first verify this approach by regressing the forced IHTC in
CMIP6 (blue curve in Fig. If). Fig. 2 legend indicates that the regression
closely replicates the forced IHTC in the simulation, with an R? value
approaching 1. The ability of the linear Eq. (1) to fully capture all for-
cings IHTC response indicates that any nonlinear interactions among
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Fig. 1| Systematic biases in sea surface temperature (SST) and tropical climate
in the Coupled Model Intercomparison Project Phase 6 (CMIP6) simulations
from 1950 to 2014. a SST trend of the ensemble mean of CMIP6 simulations; b the
same as a, but for observations (ERSSTv5); c difference between (a and b). Regions
that are not statistically significant at the 95% confidence level according to Stu-
dent’s t-test are stippled in (a-c). d Time series of normalized interhemispheric
thermal contrast (IHTC, green), Intertropical Convergence Zone (ITCZ, black), and
cross-equatorial Hadley circulation (HC, gray) in the CMIP6 ensemble mean; e same
as d, but for observations (20" reanalysis and GPCC). f Time series of IHTC in both

CMIP6 ensemble mean and observations, with units in K. A 7-yr running mean has
been applied to time series in d-f for presentation. g Boxplot depicting the dis-
tribution of IHTC trends in CMIP6 all-forcing and single-forcing runs, where the
edges of the box indicate the first and third quartiles and the whiskers extend to the
most extreme data point within 1.5 times the interquartile range. ‘N’ denotes the
ensemble size for each simulation. The observational trend is represented by the
red line (ERSSTV5), which is at the ~1st percentile of the CMIP6 simulations. HadISST
and COBE?2 are at -3" percentile. See methods and main text for the definition of
IHTC, ITCZ, and HC.

the individual forcings are negligible. The regressions for observations
also show large R? values, above 0.8 for Hadley Centre Sea Ice and Sea
Surface Temperature (HadISST) and Centennial in situ Observation-
Based Estimates 2 (COBE2), and 0.9 for the Extended Reconstructed
Sea Surface Temperature v5 (ERSSTv5) (See Methods: Observations).

This regression result indicates a substantial impact (at least 80%) of
the external forcing on the observed IHTC evolution’.

Given that the observed IHTC is mainly driven by external for-
cings, we further hypothesize that the model-data discrepancy arises
from differences in their SST sensitivities to these forcings. The scaling
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Fig. 2 | Regression scaling factors and temporal decomposition of interhemi-
spheric thermal contrast (IHTC) contributions in both observation and CMIP6-
EM in Eqs. 1 and 2. a Scaling factors for Eq. 1; b Scaling factors for Eq. 2. Marker
colorsindicate different scaling factors in Eqs. 1 and 2 (see x-label). The R? values for
the regression of CMIP6 model ensemble mean and observations are indicated in

the legend at the bottom. Whiskers denote the 95% confidence interval. ¢ temporal
decomposition of the regression in Eq. 2 for CMIP6-EM (Unit: K). d as in ¢, but for
ERSSTVS. Red, blue, and gray lines represent contributions from /HT Cp¢y, IHT Cp,
and natural forcing, respectively.

factors, Bs, in Fig. 2a, illustrate these sensitivities. For the CMIP6
models, the contribution by GHG is nearly twice as large as AER, while
the opposite is the case for observations. That is, the modeled IHTC is
overly sensitive to the GHG and too muted in response to AER. This
raises the next question: Is the bias primarily caused by sensitivity to
GHG, AER, or both? The regression based on Eq. 1 cannot provide the
answer due to the high collinearity between the modeled IHTCs in GHG
and AER runs (with a correlation of -0.75, Supplementary Fig. 5a),
which complicates the interpretation of the relative roles of predictors
in the regression.

Exaggerated role of GHGs in modeled IHTC

To eliminate the collinearity between the /HTC sy and IHTC g, We
perform Principal Component Analysis (PCA) on them, which converts
them into two orthogonal modes: /[HT Cp; and IHT Cp(, (See Methods:
PCA). The first PC, IHT Cp¢y, represents a nearly linear trend mode due
to the long-term changes in GHG (positive) and AER (negative, Sup-
plementary Fig. 5c), which resembles the leading mode of radiative
forcing identified by spatial-temporal analysis in recent studies®**.
The second PC, IHTCp,, represents multidecadal variability domi-
nated by AER (Supplementary Fig. 5d). Now, we regress the modeled

and observed IHTC onto the PCs and /HTC,; again:
IHTC=BpciHT Cpcy + Bpcal HT Cpcy + BuarlHT Cyar +€ ()]

Figure 2b presents scaling factors for Eq. 2, where the R? values
remain unchanged. The Sp¢, and By, for model and observation are
consistent within the observational uncertainty, suggesting the AER-
induced multidecadal and the NAT-induced IHTC are consistent
between model and observation”*****2. However, the modeled By,
has the opposite sign as the observed, suggesting the major model-
data difference originates from this mode. The individual timeseries of
the three terms in Eq. 2 for model and observation are shown in Fig. 2c,
d. The major model-data difference lies in the Bpc;/[HTCp¢;. The posi-
tive Bpc; implies that the long-term trend in IHTC is dominated by GHG
in the model, while the negative Sy, in the observation suggests the
long-term trend in observed IHTC is dominated by AER. The combined
IHTCp¢, and IHT Cy4 account for more than 65% of the total variance
in observations, suggesting that the real world is remarkably influ-
enced by the AER and NAT. Notably, the abrupt cooling in the observed
IHTC in 1960-1970s is substantially impacted by the Mount Agung
volcanic eruptions in NAT*? (Fig. 2d, gray curve). After 1980, the
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Fig. 3 | Relationship between long-term trends and multidecadal variability in
the Coupled Model Intercomparison Project Phase 6 (CMIP6) models’ inter-
hemispheric thermal contrast (IHTC) with their sensitivity to greenhouse gases
(GHG) and anthropogenic aerosols (AER). a scatterplot showing the inter-model
relationship between S, and equilibrium climate sensitivity (ECS). b scatterplot
between B¢, and effective radiative forcing due to aerosol-cloud interactions
(ERFaci). ¢ probability density function for ERFaciin both models and observations.
In b, the solid dark line represents the best-fit linear regression of ERFaci on fp,
across the model ensemble, with prediction error indicated by dark shadings.

Horizontal lines denote the best-estimated Sy, from various observations, with
shading indicating one standard deviation. Numbers within each symbol corre-
spond to individual CMIP6 models as listed in the legend. Models are divided into
two groups: those with ECS and ERFaci available (circled) and those with either ECS
or ERFaci (non-circled). Circle sizes are proportional to each model’s ensemble size
(legend). Correlations in (a) and (b) are calculated using circled models, and they
remain almost the same if including non-circled models. The associated p-values
are presented.

observed IHTC shows a positive trend mostly driven by the multi-
decadal variability of the AER (Fig. 2d, blue curve), consistent with a
dipole SST mode identified in a recent fingerprint analysis®.

Figure 3 extends the above analysis to each single-model ensem-
ble in CMIP6 to investigate model-to-model spread. We calculate the
ensemble average of each model’s IHTC and then perform a regression

using Eq. 2. Since PCl represents a combined AER and GHG effect in the
long-term IHTC trend, we scatterplot B¢ of each model against its
ECS and ERFaci as proxies for the response/sensitivity to GHG and AER,
respectively, to investigate the controlling factor for the model spread.
The Bpc; and ECS show a clear linear relationship, indicating that
models with high ECS tend to produce a high IHTC trend in the
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Fig. 4 | Wind-Evaporation-Sea surface temperature (WES) feedback in the in the
Coupled Model Intercomparison Project Phase 6 (CMIP6) simulations. a left
panel: trend of surface wind speed (shading) and Sea surface temperature (SST,
contour) in the CMIP6 simulations; right panel: normalized zonal mean of the
surface wind speed (blue) and SST (red) trends. b-d, as in (a), but for GHG, AER
runs, and observations, respectively. The relatively warm areas are in solid
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contours, and the relatively cold areas are in dashed contours. Contour intervals are
0.02K for a-c and 0.04 K for (d). Note that the colorbar scales for the observation
and CMIP6 runs differ. Regions that are not statistically significant at the 95%
confidence level according to Student’s t-test are stippled for the trend of surface
wind speed.

historical period (Fig. 3a). The ERFaci is less correlated with the fp¢;
and combining ECS and ERFaci doesn’t improve their correlation with
the Bp¢; either (Supplementary Fig. 6a, ). This implies that, in contrast
to the observed IHTC, the systematic positive trend in IHTC of CMIP6
models largely results from their response to GHG. It should be noted
that ECS and ERFaci are correlated to some extent in CMIP6 models™*
(Supplementary Fig. 6a, c).

In contrast, the multidecadal variability in IHTC is regulated by
AER, consistent with the observations”****, As shown in Fig. 3b, the
Bpc, and ERFaci are well correlated, and the observation is within the
model spread. This implies models with strong ERFaci tend to produce
a strong multidecadal variability in IHTC. Though ECS and Bp, show a
moderate correlation (Supplementary Fig. 6b), combining ECS and
ERFaci does not show any improvement in correlation compared to
Fig. 3b. In short, the modeled multidecadal variability in IHTC is pre-
dominantly influenced by AER, aligning with observations. Conversely,
the modeled long-term trend in our analysis period is primarily driven
by GHG, contradicting the observed IHTC that is driven by AER
and NAT.

IHTC shaped by WES feedback
The strong correlation between ECS and fBp.; suggests that the dis-
crepancies between models and observations are linked to modeled
SST responses to GHG. Energy budget analysis (see Methods: Energy
budget analysis for SST trend) indicates that the trend of interhemi-
spheric SST difference in the GHG run is primarily driven by turbulent
heat flux, resulting in a positive SST difference between the NH and the
SH. Radiative heat fluxes exhibit largely uniform SST response in the
two hemispheres, while ocean dynamics produce a negative SST dif-
ference between the NH and SH (Supplementary Fig. 7). In mid- and
high latitudes of the NH, the amplified air-sea temperature difference
enhances turbulent heat uptake and thus warms the ocean surface
(Supplementary Fig. 7e, f). In the tropics and subtropics, the SST pat-
tern is regulated by the surface wind speed due to the wind-
evaporation-SST (WES) feedback (Supplementary Fig. 7e, also see
Fig. 2 in ref. 34).

The all-forcing CMIP6 surface wind and SST response is domi-
nated by the GHG, rather than the AER (Fig. 4a-c). The WES feedback is
more evident in Fig. 4a, which plots the forced trend of surface wind

speed with overlaid contours representing SST trend in CMIP6 runs.
Areas with reduced wind strength exhibit a relatively warmer SST
pattern (solid contours), whereas areas with intensified wind display a
relatively colder SST pattern (dashed contours). Mechanistically,
weaker winds reduce evaporation, leading to less turbulent heat flux
being removed from the ocean surface, thereby causing a warming
anomaly; and vice versa. The WES feedback is even more apparent in
the zonal mean profile, where wind speed and SST trends are nor-
malized and show a mostly anticorrelated relationship in tropics and
subtropics (Fig. 4a, b, right panel). Previous studies explicitly con-
firmed the role of the WES-feedback using a partial coupling
experiment®, in which the SST change induced by the WES feedback
resembles the SST pattern in our CMIP6 GHG runs (Fig. 4e in ref. 33 vs.
Fig. 4b contours in the present manuscript).

In addition to the ensemble mean of CMIP6, we further analyze
the model spread of the IHTC in relation to the interhemispheric sur-
face wind speed contrast (IHWC, see methods: Definition) and the air-
sea temperature difference in mid-to-high latitudes [40-60°N] of the
NH for 51 models. Supplementary Fig. 8a displays that the trends of
IHTC and IHWC are well correlated. Most CMIP6 models exhibit a
decreasing trend in IHWC and, consequently, an increasing trend in
IHTC, which contradicts the observed negative IHTC trend (Figs. 1g
and 3a). However, the relationship between the trend of IHTC and air-
sea temperature difference is weaker (Supplementary Fig. 8b). In
summary, while both surface wind speed and air-sea temperature
difference contribute to the rising trend in the ensemble mean IHTC of
CMIP6, surface wind speed has a greater impact on the spread of
CMIP6 model results.

The SST trends in AER runs and observations are also substantially
impacted by the WES feedback. However, the wind-SST relationship is
not readily apparent in the AER and observation due to substantial
multidecadal variability in surface wind speed, which may yield dif-
ferent outcomes in the linear trend (Fig. 4c and d). Supplementary
Fig. 9 shows the trends in surface wind speed and SST in periods pre-
and post-1980 in response to AER, which are anticorrelated between
them across the global oceans. Note that the SST and surface wind
speed trends are positively correlated in the subpolar North Atlantic,
resulting from an enhanced AMOC that delays the formation of the
warming hole in the model compared to observations®.
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Supplementary Fig. 10 illustrates similar wind-SST relationship for the
observation in both periods, though the observed wind and SST are
less correlated in the pre-1980 period. The weakened correlation
between wind and SST may result from less reliable sea level pressure
observations in the early period, impacting the assimilation of surface
wind speed*. However, the pre-1980 observed SST pattern closely
resembles the AER-induced SST pattern (Supplementary
Figs. 10b and 9b). This confirms the observed IHTC is dominated by
AER and NAT (Fig. 2d), possibly through the WES feedback (Supple-
mentary Fig. 93, b).

Implications for ECS and ERFaci

Given the model’s ERFaci and IHTC multidecadal variability are well
correlated, we apply emergent constraints based on their linear
relationship to estimate the real-world ERFaci. The estimated ERFaci
is —0.60+0.29W /m? (10, based on ERSSTv5), —0.67 + 0.30W /m?
(HadISST), and —0.49+0.30W/m? (COBE2) (Fig. 3b, c). These esti-
mates are less negative than the latest IPCC report® of
—1.0+0.7W/m?, but are consistent with a recent estimation after
assessing the actual impact of aerosols on cloud droplet number
concentrations®’. This difference in the mean value is likely caused by
the overall less negative model’s ERFaci in the present study. We
obtain these CMIP6 ERFaci estimates from Wang et al.”. and project
them onto Smith et al.’s estimates*® due to their high covariance,
since ERFaci estimated by Wang et al. is substantially lower (less
negative) than those by Smith et al. To verify robustness, we also
calculate emergent constraints using ERFaci from Smith et al. This
constraint does produce more negative estimates for the ERFaci
(Supplementary Fig. 11), though the correlation between ERFaci and
Bpc, is slightly reduced, from -0.76 to -0.63 (p < 0.03), probably due
to fewer samples. On the other hand, our estimates consistently
reduce uncertainty in the ERFaci. Relative to the ‘likely’ range
(equivalent to 66 percent confidence limit) of —1.7 to —0.3W/m? in
IPCC report®, our constraint on ERFaci reduces the uncertainty by
about 57%.

We also show that models with a high ECS also have an exag-
gerated positive IHTC. Though there is a high correlation between ECS
and Bpc; in Fig. 3a, using emergent constraints to estimate the real-
word ECS should result in a substantially lower value. This is because
the IHTCp¢, is also influenced by the cooling effect in AER, which
suppresses the long-term warming due to GHG. More importantly, the
observed IHTC is predominantly affected by AER and NAT, exhibiting a
negative trend. That is, the observations and models are not in the
same regime, hindering establishment of emergent constraints.
Nevertheless, the models with low ECS tend to be more in line with the
observations®-¢,

Recent studies indicate that the global mean surface temperature
observed since 1970 offers limited insight into climate sensitivity and
suggest that previous observational constraints®® may skew estimates
of the real-world ECS towards lower values®. Our present study sug-
gests that these estimates remain valid when taking into account the
SST pattern difference between the NH and SH since 1950. This follows
because the modeled NH and SH SST warming rate is set by opposite
surface wind speed trends in the two hemispheres (Fig. 4a and Sup-
plementary Fig. 8a), in particular in the tropics and subtropics that
cover 50% of the global surface. As such, the global warming rate, or
equivalently, ECS, is affected by the surface wind speed. As expected,
the trend of IHWC is correlated with the ECS (Supplementary Fig. 8c),
indicating that models with high ECS possess a negative IHWC trend
(and a positive IHTC trend, Supplementary Fig. 8a). In contrast, a few
models with a positive IHWC trend are more in line with observations
(with a negative IHTC trend), indicating a low ECS (less than 3.4 K)
(Supplementary Fig. 8c).

Implications for future tropical climate

Our study has so far suggested that the modeled response to AER
aligns with the observed climate >, whereas the modeled long-term
response of IHTC and tropical climate is dominated by GHG and is not
aligned with the observed climate. Models with lower ECS are closer to
observations, though they still do not simulate the correct sign trend
(except two models: #42 INM-CM4-8 and #33 GFDL-ESM4). In this
section, we demonstrate the impact of models’ sensitivity to GHG
(equivalently, ECS) on future projections of tropical rainfall. A model
with a higher ECS generally is associated with in an increased IHTC
trend (Fig. 3a). The increased IHTC trend in turn enhances the north-
ward shift of the ITCZ*>* (Fig. 5a).

Figure 5b, ¢ examines the spatial rainfall responses from 2020 to
2070 compared to that of 1950-2014 in high and low ECS models,
respectively. We select the CanESMS5 (#19) and IPSL-CM6A-LR (#45) as
high ECS models, and MIROC-ES2L (#50), MIROC6 (#51), and GISS-E2-
1-G (#34) as low ECS models. All these models have an ensemble size of
at least 30 members. Note that these models have an ERFaci close to
the real-world estimation (Fig. 3b). Both sets of models predict a
northward shift of the ITCZ under the Shared Socioeconomic Path-
ways 585 (SSP585) scenario. However, this shift is less pronounced in
low ECS models, particularly in the Sahel-Amazon region. Similar
results are also seen in the SSP245 scenario (Supplementary Fig. 12). A
relatively smaller northward shift in the ITCZ, which is less disruptive
of large-scale environment in the tropical Atlantic, could be associated
with fewer Atlantic hurricanes®®*, though many other factors can also
influence hurricane frequency. In closing, we demonstrate that the
observed and modeled hemispheric responses to external forcings
differ substantially due to differences in their sensitivities. Future shifts
in tropical climate are reliant on accurately quantifying both hemi-
spheric differences in radiative forcing®, as well as the hemispheric
responses to these forcings.

Discussion

Our analysis reveals a fundamental discrepancy between CMIP6 cli-
mate models and observations in simulating the interhemispheric
thermal contrast since 1950. While models systematically show a
positive IHTC trend driven primarily by greenhouse gas forcing,
observations exhibit a negative trend dominated by anthropogenic
aerosol and natural forcings. This model-data difference stems from
an exaggerated GHG response mediated by wind-evaporation-SST
feedback, which is particularly pronounced in high-ECS models.

These conclusions depend on separating the competing effects
of GHG and AER by decomposing IHTC into long-term trend and
multidecadal variability components, which exploit the distinct
temporal evolution of forcing agents during 1950-2014. This
period captures the era when anthropogenic forcings became sub-
stantial, while AER exhibited strong multidecadal variability that
increased until ~1980 and then declined following clean air
legislation. This temporal signature enables PCA to effectively
separate the AER-dominated multidecadal variations (/HT Cp¢,) from
the long-term trend (/[HTCp(;), which is dominated by GHG in CMIP6
models.

Our sensitivity tests show robust results with +10 years adjust-
ments to the start year in the PCA decomposition, but the approach
may not be suitable for other periods, in particular after 1980. After
1980, as AER emissions declined, both reduced AER cooling and
continued GHG warming contributed to positive IHTC trends, com-
promising PCA’s ability to isolate their individual effects. Never-
theless, the physical mechanism we identify, WES feedback
amplifying the interhemispheric SST response to GHG, represents a
robust process that operates across different time periods, even if
the relative magnitude of GHG versus AER contributions varies.
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Fig. 5 | Future projections of the intertropical convergence zone (ITCZ) in
models with low and high equilibrium climate sensitivity (ECS). a scatterplot
illustrating the relationship between interhemispheric thermal contrast (IHTC) and
ITCZ in CMIP6 models during 1950-2014. Numbers within each symbol correspond

mm/day

to individual CMIP6 models as listed in the legend of Fig. 3. b precipitation response
in high ECS models for the period 2020-2070, relative to the climatology of
1950-2014. ¢ As in b, but for low ECS models. Correlations in (a) are calculated
using circled models, and they remain almost the same if using all models.

Methods

Definition of various metrics

The interhemispheric thermal contrast (IHTC) is defined as the SST
difference between the NH[0-60°N] and the SH[40°S-0], a domain
choice that maximizes data coverage quality while capturing the pri-
mary zones of hemispheric asymmetry. We exclude the Southern Ocean
in the SH due to limited pre-satellite era observations. But including the
Southern Ocean [60°S-0] does not change current results (Supplemen-
tary Fig. 1). SSTs are area weighted to calculate the IHTC. Cross-
equatorial Hadley Circulation (HC) is defined as the averaged column
mass streamfunction in [15°S-15°N]. Changing the domain does not
affect the HC index as the streamfunction is largely uniform in the deep
tropics (Supplementary Fig. 3). The Intertropical Convergence Zone
(ITCZ) is the difference in precipitation between the Northern Hemi-
sphere (0-30°N) and Southern Hemisphere (30°S-0)*. Note that
observed rainfall is mainly over land, so the observed ITCZ represents
the difference in land precipitation. The modeled ITCZ is also calculated
over land to ensure a direct comparison with the observed data. The
interhemispheric surface wind speed contrast (IHWC) is defined as the
IHTC, but uses surface wind speed in place of SST.

Observations

The SST trend and IHTC are calculated from the Extended Recon-
structed Sea Surface Temperature version 5 dataset (ERSSTVS)* from the
National Oceanic and Atmospheric Administration (NOAA), Centennial
in situ Observation-Based Estimates (COBE)** SST2 data, and the Hadley
Centre Sea Ice and SST dataset version 11 (HadISST)*. The cross-
equatorial Hadley circulation and surface wind speed are calculated from
the NOAA 20th-century reanalysis version 2*¢, which only assimilates sea
level pressure and SST. We specifically selected the 20th-century rea-
nalysis because other reanalyses that assimilate air observations show
biased Hadley Circulation responses®. The ITCZ is calculated from the
Global Precipitation Climatology Centre (GPCC)”, which covers only
land but includes data for our entire study period, whereas precipitation
data over the ocean is inadequate in the pre-satellite period.

Model data

Model SSTs, precipitation, and wind were taken from the CMIP6*’
archive: https://esgf-node.linl.gov/projects/cmip6/. The forced
response as the ensemble mean was then calculated by averaging 542
ensemble members from the 57 models (Supplementary Data 1). We
include as many CMIP6 model simulations as possible without
cherry-picking. To quantify the internal variability, the first member
(rlilpifl) of the pre-industrial control runs was also downloaded
from 34 models. For pre-industrial control simulations, we first
detrended the entire time series for each model to remove long-term
drift. Next, we randomly selected a continuous 65-year time series
and calculated its trend. This process was repeated 100 times for
each model (with replacement), resulting in a total of 3400 realiza-
tions. We also obtained these variables from DAMIP*® (https://damip.
Ibl.gov) to quantify the role of GHG (hist. GHG), AER (hist_aer), and
NAT (hist_nat). All model data are linearly interpolated to a common
grid (2°x1°, lat x lon). Model's ECS and ERFaci are taken from
refs. 35,49.

PCA

We conducted PCA onto the /HTCgy; and IHTC 4z, to remove their
collinearity and identify the main patterns of variability in GHG and
AER runs. The relationship between the IHT Cp¢;, IHT Cpy, IHT Cy6,
and IHTC g, could be represented in matrix form:

[ IHTC gy ] . [ IHTCpgy ]
IHTC ypp IHTCpe,

where L is the loading matrix of the analysis that has been normalized
to unit variance so /HTCpc; and IHT Cpc, have unit K. Rewriting the
equation above:

{IHTCPCI } i {IHTCGHG}
IHT Cpey IHTC yp
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where L1 = 0.708 -0.706

0.706 0.708
IHTC iy and IHT C ygp. The long-term trends of IHT C gy and IHT C yepy
cancel out because they have opposite signs, leaving the multidecadal
variability dominated by AER. /IHTCp; is the difference between the
IHTC gy and IHT C 4gp, primarily influenced by their long-term trends.
The successful separation of the collinearity between /HTCg,; and
IHTC r in PCA results is due to the dominance of aerosols in the
multidecadal IHTC in our study period. The PCA results are robust with
+/-10 years of start year (e.g., 1940-2014), while the approach becomes
less applicable if the period starts as early as 1900, prior to the rapid
rise of the external forcing, or after 1980, since the Clean Air Act. Since
1980, the lack of multi-decadal variability in aerosols has led to both
aerosols and greenhouse gases contributing to an increasing trend in
IHTC. This makes it challenging for PCA to differentiate between their
individual effects.

. At face value, IHT Cp, is the sum of

Energy budget analysis for SST trend

We follow the methodology developed in ref. 59,60 to calculate the
mixed layer energy budget and SST trend in model simulations. We
start from the energy budget for the mixed layer:

oT
pCpHE =Qsy + Quw + Quyy + Qgy *OHT

in which the tendency term on the left-hand side is the heat storage of
ocean mixed layer. p, C,,,H, and T are density of ocean, specific heat
of ocean, mixed-layer depth of ocean, and mixed-layer temperature of
ocean, respectively. The tendency term is fed by the energy uptake via
net surface shortwave radiation Qg,,, net surface longwave radiation
Q,, latent heat flux Q,, sensible heat flux Qg;,, and the convergence
of ocean energy transports OHT, which includes oceanic processes
across all scales and is not trivial to calculate using CMIP6 outputs.
However, in the historical period, the heat storage tendency term is an
order smaller than other terms on the right-hand side*, such that
neglecting the tendency term and calculating the linear trend of the
energy equation above, we are able to estimate the AOHT as aresidual:

0=AQgy +AQ,y +AQ,y + AQgy, + AOHT

where the A denotes time tendency. The temperature dependence of
latent heat could be linearized:

AQl, =aQ AT

where a= ﬁ; R,=46K kg is the gas constant for water vapor;

L=2.5x10%/kg is the latent heat of evaporation. Other dependence
of latent heat could be calculated as residual,

AQH™ = 8Qu — AQ),

which is able to be further decomposed as in ref. 61 to attribute to
changes in surface wind speed, relative humidity, and air-sea
temperature difference.

Combine them together, we have a diagnostic equation for mixed
layer temperature tendency, equivalent to SST tendency:

AT AQsw +AQy +AQP " + AQyy, + AOHT

aQy

Supplementary Fig. 8 shows that the NH and SH AT difference is
dominated by the AQY:"" and AQs,, term, which are driven by changes

in air-sea temperature difference in high latitudes and surface wind
speed in tropics and subtropics.

Emergent constraints on ERFaci

Least-squares linear regressions are performed on the ERFaci and fp,.
The probability density functions (PDFs) of the real-world ERFaci are
then estimated based on the previously established framework®.

Data availability

Observed SST, rainfall and wind are taken from: ERSSTvS: https://psl.
noaa.gov/data/gridded/data.noaa.ersst.v5.html COBE SST2: https://
psl.noaa.gov/data/gridded/data.cobe2.html HadISST: https://www.
metoffice.gov.uk/hadobs/hadisst/ GPCC Precipitation: https://psl.
noaa.gov/data/gridded/data.gpcc.html NOAA 20th Century Reana-
lysis: https://psl.noaa.gov/data/gridded/data.20thC_ReanV2c.html All
model data are taken from CMIP6 and DAMIP archive: https://esgf-
node.llnl.gov/projects/cmip6/ and https://damip.Ibl.gov.

Code availability
The code to reproduce the results is archived at https://doi.org/10.
5281/zeno0do.17562106.
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