
1.  Introduction
The Earth's surface has warmed in the global average by just more than 1°C relative to preindustrial 
times, largely in response to rising carbon dioxide (CO2) concentrations due to anthropogenic emissions 
(IPCC,  2014). Since the beginning of the industrialization, the atmospheric CO2-concentration has in-
creased by almost 50% and the current concentration could be unprecedented during the last 3 million years 
(Willeit et al., 2019). Climate models project a global surface warming during the 21st century of a scale, 
with regard to speed and magnitude, that mankind has not experienced to date should the atmospheric 
CO2-concentrations continue to rise unabatedly (IPCC, 2014).

Uncertainty in the projected climate changes, however, is large due to internal variability (Deser et al., 2020; 
Kay et  al.,  2015; Wills et  al.,  2020), scenario and model uncertainty (Hawkins & Sutton,  2009; Shep-
herd, 2014), where, the latter also is termed response uncertainty. Here, we are concerned with the latter 
source of uncertainty, specifically the relation of CO2-forced climate changes over the TA to the models' 
mean state. A long-standing problem in many climate models is the warm sea surface temperature (SST) 
bias in the eastern tropical Atlantic (TA) (warm bias hereafter; Davey et  al.,  2002; Richter & Xie,  2008; 
Richter et al., 2014; Steinig et al., 2018), which is due to the models' inability to realistically simulate the 
so-called cold tongue, a large pool of locally colder ocean surface water that develops each boreal spring, 
is centered just south of the equator and lasts through boreal summer. The warm bias is an expression of 
biases in oceanic (Cabos et al., 2017; Richter & Tokinaga, 2020; Xu et al., 2014) and atmospheric circulations 
(Harlaβ et al., 2018; Meynadier et al., 2016; Milinski et al., 2016; Siongco et al., 2015; Zuidema et al., 2016), 
and it goes along with erroneous precipitation patterns (Richter & Xie, 2008; Steinig et al., 2018). This study 
investigates the large spread in CO2-forced climate changes over the TA region that is observed even when 
identical greenhouse gas forcing is applied to the models.
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2.  Data
We investigate 56 global warming simulations with models participating in the two latest phases of the Cou-
pled Model Intercomparison Project (CMIP), CMIP5 (24 models, Table S1, Taylor et al., 2012) and CMIP6 
(32 models, Table S2, Eyring et al., 2016). Only one realization has been used from each model. In the sim-
ulations, termed 1pctCO2, atmospheric CO2-levels rise at a rate of 1% per year (compound), starting from 
preindustrial levels and doubling (quadrupling) after 70 (140) years. A comparison between the CMIP5 and 
CMIP6 models is found in Richter and Tokinaga (2020). Here, the CMIP5 and CMIP6 models are treated as 
one ensemble to increase ensemble size, as, with the exception of SST and precipitation, not all variables 
considered in this study are available from every model (Table S3). All climate models belonging to the same 
family have been retained in the analyses, because models of the same family can considerably differ when 
only varying a few parameters, for example two parameters in the atmospheric convection scheme of the 
Kiel Climate Model (KCM, Wengel et al., 2018). We note that when removing “redundant” models, the re-
sults basically remain unchanged, which, however, only was tested with the CMIP6 models. The CO2-forced 
response is shown by linear trends calculated over all 140 years and all seasons. Ensemble-mean spatial 
patterns computed from all models and seasonal results are shown in the Figures S1–S3. For reference, SST 
and sea level pressure (SLP) data from different sources is used (Supporting Information S1). Reanalysis 
data are from ECMWF ERA-5 (Hersbach et al., 2019).

3.  CO2-Forced Climate Changes
3.1.  Box-Based Indices

An index of the warm bias is defined as the departure of the simulated SST, averaged over the eastern 
equatorial Atlantic (4.5°N–4.5°S, 10°E–20°W; green box in Figures 2a and 2b) and the first 30 years (F30 
hereafter), from the observed SST averaged over 1950–2019. The overwhelming majority of the models ex-
hibit a relatively large warm bias (Figure 1a). Only one model belonging to the CMIP5 ensemble exhibits a 
cold bias. The ensemble-mean warm bias is 1.18°C with a range of 3.3°C (−0.8°C–+2.5°C). An index of the 
SST contrast across the equatorial Atlantic (SST gradient hereafter) is defined as the difference between the 

Figure 1.  Relation of CO2-forced sea surface temperature (SST) gradient change to SST bias, mean-state SST gradient and CO2-forced sea level pressure 
(SLP) gradient change. (a) SST bias (°C) in the eastern equatorial Atlantic (green box in Figure 2a and 2b) in the CMIP5 (blue letters) and CMIP6 models (red 
numbers) and its relationship to the CO2-forced trend in the SST gradient (°C/140 years) across the equatorial Atlantic. The vertical purple dashed line denotes 
the ensemble-mean SST bias, the horizontal purple dashed line the ensemble-mean trend in the SST gradient (°C/140 years). A positive (negative) change in 
the SST gradient indicates strengthening (weakening) zonal SST contrast. Green (blue) shaded areas denote the space of the ETA (WTA) models. (b) Simulated 
zonal SST gradient (°C) during the first 30 years (F30) versus the CO2-forced trends in zonal SST gradient (°C/140 years). Vertical green, gray, red and orange 
dashed lines indicate observations. (c) CO2-forced trends in zonal SST gradient (°C/140 years) versus CO2-forced trends in zonal SLP gradient (hPa/140 years). 
Zonal gradients are calculated using the boxes shown in Figures 2a and 2b and defined as the difference between the western and the eastern box (W–E) for 
SST and the difference between the eastern and the western box (E–W) for SLP. The correlations in (a), (b), and (c) are statistically significant at the 95% level 
according to a Student's t-test. Regression lines in (a), (b), and (c) are given for all Coupled Model Intercomparison Project (CMIP) models (black dashed), 
CMIP5 models (blue), and CMIP6 models (red).
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SST in the west and in the east (W–E) (blue and green boxes in Figures 2a and 2b, respectively). A positive 
(negative) SST gradient is characterized by higher (lower) SST in the west than in the east.

The SST gradient is important with regard to equatorial ocean-atmosphere interactions, specifically the 
Bjerknes-feedback loop (e.g., Keenlyside & Latif, 2007). The Bjerknes-feedback loop is a positive (amplify-
ing) feedback that involves zonal wind stress anomalies over the western, and thermocline depth and SST 
anomalies in the eastern equatorial Atlantic. We relate the CO2-forced trend in the SST gradient to the warm 
bias (Figure 1a), where the trend is defined as the difference of the trends averaged over the western and 
eastern equatorial Atlantic. The ensemble-mean CO2-forced trend in the SST gradient amounts to −0.13°C 
per 140 years with a range of approximately 1°C (−0.7°C–+0.3°C) per 140 years. There is a statistically sig-
nificant correlation amounting to 0.60 between the warm bias and the CO2-forced trend in the SST gradient: 
models exhibiting a small (large) warm bias tend to simulate a reduced (strengthened) SST gradient. The 
correlation is 0.73 in CMIP5 and 0.48 in CMIP6, both significant at the 95% confidence level according to 
the Student's t-test.

The observed SST gradient averaged over 1950–2019, depending on data set, approximately ranges between 
0.6°C and 0.8°C (Figure  1b). Most models, however, simulate a negative SST gradient during F30, with 
an ensemble-mean SST gradient of −0.6°C (Figure 1b), reflecting the models' difficulty to simulate a cold 
tongue. The correlation between the CO2-forced trends in the SST gradient and the time-averaged SST gra-
dients simulated during F30 is −0.61, without much difference between CMIP5 (−0.58) and CMIP6 (−0.64). 
Thus, models exhibiting a large (small) SST gradient during F30 tend to simulate a reduced (stronger) SST 
gradient in response to elevated atmospheric CO2-levels. Further, all models that exhibit a positive SST 
gradient during F30 predict a reduced SST gradient, while all models predicting an enhanced SST gradient 
exhibit a negative SST gradient during F30 (Figure 1b). Only the former models are consistent with the SST 
observations during 1950–2019, exhibiting a positive time-averaged SST gradient and negative SST-gradi-
ent trend in all analyzed data sets, with the latter ranging between −0.11°C per 70 years and −0.47°C per 
70 years (not shown).

Figure 2.  Mean-state sea surface temperature (SST), precipitation and sea level pressure (SLP). (a–c) SST (°C), (d–f) precipitation (mm∙day−1) and (g–i) SLP 
(hPa) in the ETA (left panels) and WTA models (middle panels), averaged over the first 30 years (F30) and all seasons, and the differences (right panels). Models 
in the ETA sub-ensemble exhibit a warm bias that is smaller than the grand ensemble-mean bias and simulate a reduced carbon dioxide (CO2)-forced SST 
gradient. Models in the WTA sub-ensemble exhibit a warm bias that is larger than the grand ensemble-mean bias and simulate an enhanced CO2-forced SST 
gradient.
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The Atlantic Walker Circulation (AWC) is a thermodynamic direct zonal atmospheric circulation cell at 
the equator, which interacts with the SST gradient as part of the Bjerknes-feedback loop. A box-based in-
dex of the Pacific Walker Circulation (PWC) was defined by Vecchi et al. (2006) as the SLP contrast across 
the equatorial Pacific. Here, an index of the AWC is obtained by calculating the SLP contrast across the 
equatorial Atlantic (SLP gradient hereafter), using the same boxes as in the definition of the SST gradient, 
where the SLP gradient is defined by the difference between the eastern and western box (E–W). A negative 
(positive) change in the SLP gradient implies weaker (stronger) AWC and equatorial trade winds. Models 
that simulate a reduced CO2-forced SST gradient also tend to simulate a reduced SLP gradient and vice 
versa, as illustrated by the correlation of 0.78 (Figure 1c). Again, there is not much difference in the corre-
lation between CMIP5 (0.76) and CMIP6 (0.79). The observations hardly yield any long-term trend in the 
SLP gradient (not shown). Meng et al. (2012) discuss observational uncertainties and present atmosphere 
model simulations forced by observed SST 1900–2007 and an estimate of radiative forcing. These uncoupled 
simulations yield long-term SLP trends over the TA in line with those CMIP models that predict a major 
reduction of the SST gradient.

Finally, although the SST and precipitation trends do show some seasonal dependences (Figures S2 and S3), 
the seasonal dependence of the scatter plots shown in Figure 1 is weak, as shown for the cold tongue season 
June–September (JJAS, Figure S4).

3.2.  Sub-Ensembles

We define two sub-ensembles, ETA and WTA. ETA (WTA) models exhibit smaller (larger) warm bias than 
the ensemble-mean bias and simulate a reduced (enhanced) SST gradient in response to higher atmospheric 
CO2-concentrations. There are different aspects that can be considered when defining sub-ensembles such 
as equal number of models. Since, both warm-bias strength and sign of CO2-forced SST-gradient change 
are important with regard to ocean-atmosphere interactions and climate change impacts, we have chosen 
these two factors. The drawback is that the number of models in WTA (11) is considerably smaller than that 
in ETA (20). On the other hand, the WTA models can be considered as unrealistic when compared to the 
SST observations since the mid-20th century, both with respect to the SST climatology and the SST trends. 
Moreover, it is of interest how the CO2-forced climate changes in these models differ from that in the ETA 
models.

Time-averaged fields of selected variables simulated during F30 are calculated for each sub-ensemble 
(Figure 2). SST differences between ETA (Figure 2a) and WTA models (Figure 2b) exhibit a cold tongue-
like pattern (Figure 2c). Further, ETA models simulate stronger southeasterly near-surface (10 m) winds 
(Figure  2a) than WTA-models (Figure  2b), as exemplified by the wind differences (Figure  2c). Stronger 
southeasterly winds strengthen coastal and equatorial upwelling, which cools the SST by bringing more 
cold subsurface waters to the surface. ETA models suffer less from the double-ITCZ problem (e.g., Biasutti 
et al., 2006; Lin, 2007; Richter & Xie, 2008) than WTA models (Figures 2d and 2e). The former simulate 
more precipitation north of the equator and less precipitation at and south of the equator than the latter, 
which is reflected in the marked meridional dipole structure of the differences (Figure 2f). The rainfall 
differences are dynamically consistent with the near-surface wind differences exhibiting strong cross-equa-
torial flow (Figure 2c). ETA models (Figure 2g) simulate higher pressure than WTA models (Figure 2h) over 
large parts of the TA, with largest differences in the southeast (Figure 2i). We note that coupled feedbacks 
are important in shaping the mean-state in the tropics (Xie, 2009).

3.3.  Maps of CO2-Forced Trends

ETA models (Figure 3a) typically simulate a larger basin-averaged SST warming than WTA models (Fig-
ure 3b). One cause could be the different transient climate response (TCR): ETA models exhibit an averaged 
TCR of 2.2°C (4.9°C) at the time of CO2-doubling (quadrupling), WTA models of 1.7°C (3.8°C) (Table S4). 
We note that there is no significant correlation between the TCRs and CO2-forced SST-gradient chang-
es. Further, ETA models predict an Atlantic Niño-like warming and near-surface wind pattern, with larg-
est warming in the cold tongue and westerlies over the central equatorial Atlantic, whereas WTA models 
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simulate a relatively uniform SST warming without strong gradients and relatively weak near-surface wind 
changes, as exemplified by the corresponding differences (Figure 3c).

ETA models predict enhanced precipitation over the western and central equatorial Atlantic slightly south 
of the ITCZ, and over western Equatorial Africa (Figure 3d). Over South America and the northern sub-
tropics, they simulate reduced precipitation. While WTA models (Figure 3e) predict a somewhat similar 
pattern, the changes are much smaller, typically by about 70%. The differences in the precipitation trends 
are dominated by a zonal dipole in the equatorial region, with reductions over South America and increases 
over the equatorial Atlantic (Figure 3f), consistent with a zonal reorganization of the AWC, as discussed 
below (see Figure 5).

The CO2-forced SLP response too is much larger in the ETA sub-ensemble (Figure 3g) than in the WTA 
sub-ensemble (Figure 4h). ETA models simulate a dipole-response with falling SLP over the eastern and 
rising SLP over the western TA, WTA models exhibit a relatively flat pattern. In particular, a reduction of the 
equatorial SLP gradient, implying AWC slowing and weaker equatorial trade winds, only is observed in the 
ETA sub-ensemble, as emphasized by the SLP-trend differences (Figure 3i, see also Figure 1c).

3.4.  Changes in Atmospheric Circulation

Lindzen and Nigam (1987), considering steady flow and a weak wind regime, relate the divergence of the 
wind in the boundary layer to the Laplacian of the SST field, a mechanism also referred to as pressure 
adjustment mechanism (Crespo et al., 2019; Minobe et al., 2008; Nkwinkwa Njouodo et al., 2018). In this 
mechanism, SST generates a difference of air temperature in the marine atmospheric boundary layer across 
a front, and the resultant pressure anomalies produce wind convergence (divergence) over warm (cold) 
water (Shimada & Minobe, 2011). ETA models simulate a marked increase in the SST Laplacian over the 
equatorial Atlantic (Figure 4a), and also increase in SLP Laplacian (not shown) and near-surface wind con-
vergence (Figure 4d). These changes go along with upward motion (negative values denote upward motion) 

Figure 3.  CO2-forced trends in the two sub-ensembles. CO2-forced linear trends (per 140 years) of (a–c) sea surface temperature (°C), (d–f) precipitation 
(mm∙day−1) and (g–i) sea level pressure (hPa) in the ETA models (left), in the WTA models (middle), and the differences (right). Dots indicate regions where 
the trend is not significant at the 95% level according to the Spearman's test. In (a–c) the arrows indicate the near-surface (10 m) winds. In (d) and (e) the bold 
solid lines indicate the position of the ITCZ: the black and red line depict the position during the first and last 30 years of the global warming simulations, 
respectively. The position of the ITCZ was determined by the zero 10 m meridional wind contour.
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over the cold-tongue region at mid-tropospheric levels that is strongest at the equator near 20°W, and strong 
subsidence to the north centered around 10°N (Figure 4g).

WTA models simulate small changes in the SST Laplacian (Figure 4b) and near-surface wind convergence 
at the equator (Figure 4e). An increase in the mid-tropospheric vertical velocity is simulated over the west-
ern and a decrease over the far eastern equatorial Atlantic (Figure  4h). There is a band of strong wind 
divergence, stretching from the western TA at around 10°S to the eastern equatorial TA (Figure 4e), which 
is associated with subsidence in the mid-troposphere (Figure 4h). Downward motion is particularly strong 
off the coast of western Equatorial Africa, which is consistent with the lack of significant rainfall response 
there (Figure 3e). In contrast, ETA models predict significant rainfall increases over this region (Figure 3d).

Finally, we address the AWC by investigating the zonal overturning stream function (Figure 5). ETA models 
(contours in Figure 5a) exhibit a stronger mean-state (F30) upward branch of the AWC than WTA mod-
els (contours in Figure 5b), which is consistent with the stronger easterly trade winds. The AWC strongly 
changes in the ETA models (color shading in Figure  5a) but not in the WTA models (color shading in 
Figure 5b). In particular, there is major reorganization of the AWC in the ETA models (Figure 5a), with 
an eastward extension of its upward branch and a strong weakening of its downward branch over the east.

4.  Discussion
This study shows a strong mean-state sensitivity of the TA sector's climate response to increasing atmos-
pheric CO2-levels in the CMIP models. In particular, models simulating largest SST warming in the eastern 
equatorial Atlantic typically exhibit a relatively small warm bias, and only these models simulate major 
changes in atmospheric circulation and in related quantities such as precipitation. On the other hand, mod-
els exhibiting a large warm bias tend to predict largest SST warming in the west and much smaller atmos-
pheric changes.

However, the detailed mechanisms underlying the relationship between the mean-state SST and CO2-forced 
climate change remain unclear. The models differ in many respects, with regard to physical parameteriza-
tions, resolution (horizontal and vertical), and numerical schemes. Atmosphere-model resolution large-
ly explains the relationship between the mean state and the CO2-forced climate change in the KCM, as 

Figure 4.  CO2-forced trends in atmospheric dynamics. CO2-forced linear trends (per 140 years) of (a–c) sea surface temperature Laplacian (10−12K∙m−2), (d–f) 
near-surface wind convergence (10−7s−1) and (g–i) 500 hPa vertical velocity (Pa∙s−1) in the ETA models (left), in the WTA models (middle), and the differences 
(right). Dots indicate regions where the trend is not significant at the 95% level according to the Spearman's test.
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reported by Park and Latif (2020). Their results are consistent with the findings presented here in that only 
the KCM version exhibiting a small warm bias and realistic SST gradient simulates a reduced SST gradient, 
that is, more SST warming in the eastern than western TA.

In the CMIP ensemble, the warm bias is not strongly linked to model resolution (Figures S4 and S5). We 
note that the model labeled “f” in Figure 1 is not considered in the following, because, differently to the 
other models, flux adjustments are applied, so that the model cannot be used to study resolution effects on 
the climatology. The zonal atmospheric resolution appears to play some role for the warm bias, exhibiting 
a correlation with the warm bias of 0.34 when considering all models, which is significant at the 95% con-
fidence level. The correlation in CMIP5 (CMIP6) models amounts to 0.48 (0.25) (Figure S5a). The CMIP6 
models typically employ higher zonal resolution in the atmospheric component, but coupled models with 
an atmospheric resolution higher than 1.5° exhibit still widely varying warm biases. With respect to zonal 
oceanic resolution, the correlation is 0.21 and not significant at the 95% level. Regarding meridional resolu-
tion, correlations with the warm bias amount to 0.22 (atmosphere, Figure S6a) and 0.23 (ocean, Figure S6b), 
which both are not significant at the 95% level. We note that in the KCM (Park & Latif, 2020), high atmos-
pheric resolution was key to substantially reducing the warm bias.

Tozuka et al. (2011) studied three versions of the same coupled model differing only in the cumulus convec-
tion scheme, and one version successfully simulated the SST gradient across the equatorial Atlantic. How-
ever, to our knowledge global warming simulations have not been published with the three models. In order 
to obtain more insight into the processes behind the relationship between mean-state SST and CO2-forced 
TA-sector climate change found in the CMIP models, it would be desirable to conduct global warming sim-
ulations with models of the same family, which only differ in one or very few aspects.

What is the influence of remote forcing on the TA sector's climate response to increasing CO2-levels, es-
pecially from the tropical Pacific that is known to influence climate variability over the TA region? This 
question only can be adequately addressed by special global warming experiments in which certain pro-
cesses are inhibited. Such experiments, however, are not part of CMIP. Park and Latif (2020), by performing 
uncoupled atmosphere model experiments, find an important role of local processes for determining the 
KCM's CO2-forced climate response over the equatorial Atlantic. The CMIP models simulate CO2-forced 
changes that are dynamically consistent with this view. For example, the response of the ETA models can 

Figure 5.  CO2-forced trends in zonal overturning stream function. Mean state (contours, F30) and trends per 140 years 
(color) of the zonal overturning stream function (kg∙s−1) along the equator, averaged from 4.5°N to 4.5°S in the (a) ETA 
models and (b) WTA models. Yellow contours denote the zero stream function contours. Red bold lines at the bottom 
represent Africa and South America.
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be described as an Atlantic Niño-like response involving reduced zonal SST gradient and weaker equatorial 
trade winds.

The SSTs in the TA have warmed substantially during the instrumental period and particularly in the south-
eastern part (Meng et al., 2012; Park & Latif, 2020; Servain et al., 2014; Tokinaga & Xie, 2011). Vizy and 
Cook (2016) report significant warming trends during 1982–2013 along the Guinean and Angolan/Namib-
ian Coasts, and a cooling trend over the subtropical South Atlantic between 18°S and 28°S. Tokinaga and 
Xie (2011) report weakening of the equatorial Atlantic cold tongue over the past six decades. Specifically, 
the eastward-intensified warming leads to enhanced atmospheric convection in the equatorial eastern At-
lantic region, as well as to less vigorous trade winds. Meng et al. (2012) describe from observations an east-
ward-amplified SST warming trend over the TA during the 20th and early 21st century. Only the SST trends 
simulated by the ETA models are consistent with the aforementioned observations, so that the response 
of these models may serve as a fingerprint of CO2-induced climate change in the TA region. We note that 
there is considerable uncertainty with regard to the SST observations during the last decades (e.g., Vizy & 
Cook, 2016). Nevertheless, on the basis of this study it appears likely that the distinct spatial structure of 
the long-term SST warming observed in the TA, exhibiting the largest warming in the east, is related to the 
rising atmospheric CO2-levels.

The mean-state dependence of CO2-forced TA-sector climate change can help to reduce uncertainty in 21st 
century projections by giving larger weight to those climate models which more realistically simulate TA 
SST instead of calculating the unweighted average over all models. A weighted ensemble average computed 
in this way would yield considerably larger and in part qualitatively different changes than the unweighted 
average and enhance the signal-to-noise ratio, which is important for assessing regional climate changes 
and related ecological and socioeconomic impacts.

Data Availability Statement
Details on data availability are given in the Supplementary Material. All data used are publicly available on 
the following websites: CMIP5/6 (https://www.dkrz.de/up/services/data-management/cmip-data-pool), 
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