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The Southern Ocean Meridional Overturning Circulation (SO MOC) plays a critical role in redistributing
heat, carbon and other tracers globally. Despite its importance, substantial inter-model diversity
persists in climate model simulations. This study examines mechanisms underlying such diversity
using pre-industrial control simulations from the Coupled Model Intercomparison Project (CMIP5/6).
We find that discrepancies in the upper overturning cell of SO MOC are primarily governed by model-
dependent sensitivity to wind stress, rather than differences in wind stress magnitude. Latitudinal
position of maximum zonal wind stress, closely linked to the Southern Annular Mode-like mean state,
determines sensitivity through both Eulerian and parameterized eddy-induced circulation. For the
lower overturning cell, inter-model differences are largely driven by variations in surface buoyancy
fluxes —primarily meltwater—and mean ocean stratification, particularly within key Antarctic Bottom
Water formation regions. A mechanistic understanding of SO MOC diversity is essential forimproving
simulation realism and constraining future climate projections.

The Southern Ocean (SO) has played a crucial role in heat and carbon
uptake throughout the historical period'. Previous studies have indicated
that the heat content in the SO constitutes a substantial portion of the
increased heat storage in the global ocean™’. The absorbed heat in the SO is
redistributed through Meridional Overturning Circulation (MOC), ulti-
mately modifying the amount of heat stored and global patterns of heat
storage'™®. In particular, changes in the SO MOC influence the reshaping of
the global MOC pattern in a warming climate””. Furthermore, the heat
accumulated in the ocean owing to global warming will eventually escape to
specific ocean surfaces, such as the SO, as climate mitigation progresses’. In
other words, the MOC, especially the SO MOC, is expected to play a crucial
role in redistributing thermal energy in the ocean not only during warming
periods but also when mitigation policies are implemented.

The SO MOC consists of two counter-rotating overturning cells,
each driven by different formation dynamics'*™". The upper over-
turning cell (UC) is mainly controlled by wind stresses and buoyancy
fluxes. The prevalent westerly winds over the SO induce northward
Ekman transport and upwelling of the upper Circumpolar Deep Water
along the isopycnals, while also influencing sea ice coverage'’. The
upwelled water undergoes subductions over lower latitudes, trans-
forming into Subantarctic Mode Water (SAMW) and Antarctic
Intermediate Water (AAIW) owing to wind and buoyancy fluxes. The
wind-driven Eulerian mean circulation is partially offset by oceanic

eddies, which flatten the isopycnal slopes. The lower overturning cell
(LC) is driven by the poleward flow of upwelled lower Circumpolar
Deep Water and the formation of Antarctic Bottom Water (AABW).
Surface buoyancy loss and brine rejection from sea ice formation
transform upwelled warm water into dense AABW at higher latitudes.
This dense water then flows northward along the abyssal layers,
extending into the extra-tropics of the Northern Hemisphere.

Obtaining observations from the SO is challenging, posing an
obstacle to research in this region and highlighting the importance of
utilizing coupled ocean-atmosphere global climate models (CGCMs).
Additionally, mesoscale eddies play a crucial role in shaping eddy-rich
SO circulation. Resolving and permitting eddies in climate models
requires a high-resolution grid of 0.25° or finer; however, most coupled
models have resolutions lower than that'®. Therefore, non-eddy-
resolving climate models rely on eddy parameterization'®*, which
constrains their ability to accurately represent eddy dynamics. More-
over, the unreliable depiction of Antarctic meltwater has a detrimental
effect on the accuracy of model simulation”. These challenges
highlight the need for inter-model comparisons and reducing dis-
agreements in model performance to validate SO MOC™.

Previous studies on inter-model comparisons have shown that model
biases in wind stress and surface buoyancy fluxes over the SO can lead to
biases in the SO MOC*™. Furthermore, it has been revealed that
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incorporating meltwater input from Antarctica increases inter-model
diversity in the formation of Antarctic sea ice”, which in turn affects bottom
water formation. Extensive inter-model analyses of the factors influencing
the SO MOGC, such as wind stress and meltwater, have been conducted;
however, research specifically focusing on the SO MOC itself remains
insufficient. To enhance the accuracy of the SO MOC simulation, it is
essential to identify the most prominent inter-model differences. Exploring
their diversity and understanding the associated mechanisms can help
reduce the bias of the SO MOC, thereby enhancing the reliability of the
model simulation.

In this study, we examine the dominant inter-model differences in the
SO MOC by using pre-industrial control simulations to evaluate the
intrinsic climate processes of each model under fixed external forcing. We
find that the inter-model differences in UC intensity are more sensitive to
the latitudinal position of the maximum zonal wind stress than to its
magnitude, whereas LC intensity is influenced by both surface buoyancy
flux and mean ocean stratification. This analysis highlights the importance
of understanding model-dependent variations in the mean state as a critical
step toward improving the simulation of overturning cells and their roles in
the global climate system.

Results

Dominant discrepancy in the mean SO MOC

The SO MOC in the observation-based reanalysis dataset (Fig. 1a) (see
Methods) shows two-cell structures, where the positive values (i.e., clock-
wise circulation) correspond to the UC, whereas the negative ones (coun-
terclockwise rotation) represent the LC. The multi-model mean pattern of
the SO MOC closely resembles that of the reanalysis data, as shown by the
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Fig. 1 | Southern Ocean meridional overturning circulation and inter-model
spread. a Oceanic meridional mass streamfunction in the southern extra-tropics
calculated from GLORYS12V1 data (averaged from 1993 to 2016) (shading).

b Multi-model standard deviation (shading) of meridional mass streamfunction; the
black arrows indicate the direction of circulation. The inner and outer circles near
the surface indicate the multi-model and zonally averaged maximum eastward zonal
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contour lines. Although the periods analyzed in these two datasets do not
match, the results indicate that the climate models comprehensively capture
the SO MOC. The pattern of multi-model standard deviation illustrates a
deviation of up to 13 Sv (1Sv = 10°m3s™!) from the multi-model mean,
with a pronounced feature in the UC region (Fig. 1b).

To identify the dominant pattern of inter-model diversity, we first
apply an Empirical Orthogonal Function (EOF) analysis to the time-mean
meridional mass streamfunctions (Supplementary Fig. 1) in the inter-model
dimension. The first EOF mode (EOF1) accounts for 54.3% of the total
variance (Fig. 1¢, d). The other two leading EOF modes (Supplementary Fig.
2) explain a relatively small portion of the total inter-model variance (28.9%
and 6.6% for the second and third modes, respectively); therefore, we focus
mainly on the first EOF mode. Hereafter, EOF1 and the first principal
component (PC1) referenced in this study refer to the first inter-model EOF
and PC of SO MOC, respectively. The EOF1 pattern resembles the multi-
model mean with a strong emphasis on the UC region, suggesting that
prominent inter-model discrepancies are related to UC strength.

To evaluate the representativeness of EOFI in capturing the inter-
model diversity of the mean circulation, a linear regression of each circu-
lation index (see Methods) against PC1 is computed. The intensity of UC,
which shows significant inter-model variation ranging from a minimum of
approximately 25 Sv to a maximum of approximately 45 Sv, is strongly
positively correlated with PC1 (Fig. 2a). In addition, the latitudinal position
of the UC, varying from 51°S to 46°S, is partially explained by PC1 (Fig. 2b).
However, the intensity of the LC shows no significant correlation with PC1
but is instead associated with PC2 (Fig. 2c, d). In summary, the models with
positive PC1 have strong and equatorward-shifted UC, whereas the negative
PC1 models exhibit the opposite. Instead, LC diversity is explained by PC2.
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wind stress. ¢ First EOF pattern in inter-model space (shading) explaining 54.3% of
the total inter-model variance and d First PC in terms of climate models. Each model
is represented by a unique marker, with its color and shape corresponding to the
name of the model as shown in the bar graph. The contour lines in (a-c) show the
multi-model mean streamfunction with annotated values, and the thicker line
corresponds to zero streamfunction.
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Fig. 2 | Relationship between overturning circulation features and principal
components across models. Simple linear regression line and multi-model scatter
plot of a UC intensity, b UC location, and ¢ LC intensity onto PCI, respectively.

d Same as in ¢ but onto PC2. Each marker corresponds to a specific climate model as
indicated in Fig. 1. The correlation coefficient and p-value for each regression are
displayed in the upper right corner of each panel. The correlation coefficient in (a),
(b), and (d) are significant at a 99% confidence level by Student’s t-test. The green
circles on y-axis in all panels correspond to the value from GLORYS12V1.

Factors driving inter-model diversity of the SO MOC

To investigate the underlying mechanisms of EOF1, time-mean wind stress
and sea level pressure (SLP) in multi-model ensemble fields are regressed
onto PCI at each grid point to produce spatial regression map (Fig. 3). The
results show that a stronger SO MOC (i.e., positive PC1) is associated with
enhanced westerly wind stress around 40°S and weakened westerly wind
stress around 65°S, referring to the relative equatorward shift of the wind
stress pattern. Additionally, the regressed SLP pattern is aligned with the
typical negative Southern Annular Mode (SAM). SAM is a leading mode of
atmospheric variability in the extratropical Southern Hemisphere and is
associated with the position and strength of the polar jet”* . The regressed
SLP implies that positive PC1 models exhibit a negative SAM-like mean
state corresponding to a northward-shifted weaker polar jet, whereas the
negative PC1 models correspond to a positive SAM-like mean state corre-
sponding to a southward-shifted stronger polar jet, explaining the inter-
model differences in the UC location.

The relationship between wind forcing and ocean circulation can be
understood through residual-mean theory of ref. 31, which describes how
wind-driven changes in isopycnal slopes affect the overturning circulation.
According to this framework, the total overturning circulation (V) is
composed of the Eulerian-mean overturning (¥ = —7/(p,f), where 7 is
zonal wind stress, p, is reference density, and fis Coriolis parameter) and the
eddy-induced overturning (¥* = KS,, where Kis eddy diffusivity and S, is
isopycnal slope). While mesoscale eddies act to partially compensate for
wind-driven circulation changes by restoring isopycnal slopes (a process
known as eddy compensation), the degree of compensation is incomplete,
allowing the Eulerian-mean component to dominate the total circulation
response'>*. Since this component responds directly to wind stress changes,
all models consistently demonstrate a significant correlation between the
annual-mean time series of UC intensity and the maximum zonal wind
stress (Supplementary Fig. 3). Here, the maximum zonal wind stress refers
to the highest zonal-mean wind stress value observed between 65°S and
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Fig. 3 | Regression map of sea level pressure (shading) and wind stress (vectors)
onto PCl1. Vectors and dotted areas indicate regions where regression coefficients
are statistically significant at a 95% confidence level (Students’ t-test) and the cor-
responding correlation coefficients exceed 0.4. Purple contour lines represent multi-

model mean zonal wind stress values greater than 0.1 Nm .

30°S. The robust relationship in all models suggests that this fundamental
mechanism operates reliably across different model configurations,
although the specific sensitivity varies among models. Furthermore, when
the same approach applied to the monthly-mean data, instead of annual-
mean data, the results support the robustness of annual-mean sensitivity
metric (Supplementary Table. 1). However, inter-model relationship
between the time-mean maximum zonal wind stress and time-mean UC
intensity does not persist (Fig. 4a), indicating that a model simulating
stronger maximum zonal wind stress does not necessarily produce a
stronger UC, and vice versa. Rather than wind stress magnitude, UC
intensity correlates more strongly with each model’s sensitivity to wind
stress changes. Figure 4b clearly demonstrates that the sensitivity is sig-
nificantly correlated with UC intensity across models. Here, we quantify
each model’s sensitivity as the linear regression coefficient between annual-
mean UC intensity and maximum zonal wind stress. The latitudinal posi-
tion of the maximum wind stress partly explains this relationship. Models
with more equatorward wind stress exhibit higher sensitivity (Fig. 4c). This
behavior is consistent with the Eulerian-mean component scaling
(0¥/01 o« —1/f), where sensitivity to wind stress perturbations scales
inversely with the Coriolis parameter—lower latitudes (smaller |f]) exhibit
higher sensitivity. Our inter-model analysis confirms this theoretical
expectation.

While the Eulerian scaling explains the general relationship, previous
studies have reported that the SO MOC response to wind forcing depends
critically on how mesoscale eddies are represented in models, given their
role in modulating the overturning response™ . Since mesoscale eddies are
not resolved in most CMIP models, eddy activities need to be parameterized.
The parameterization schemes vary across models, particularly in how the
eddy diffusivity is prescribed—whether as a constant or as a spatially and
temporally varying field—as well as in its magnitude”>*. These differences
can affect the eddy-driven circulation and, along with variations in isopycnal
slopes, may contribute to the inter-model spread in sensitivity. Although
eddy diffusivity is explicitly documented for some models, the spatial or
temporal variation complicates a rigorous inter-model comparison. In this
context, we analyze the mean isopycnal slope to investigate its role in
shaping the inter-model diversity of the eddy-induced overturning circu-
lation. In the residual-mean framework, the eddy diffusivity K is assumed to
be proportional to the isopycnal slope (K = kIS, |, where k is positive scaling
constant), which implies a quadratic dependence of eddy-induced stream-
function on slope (¥* o §,|S,|). We examine this relationship across 15
models that provide eddy-induced streamfunction data and find a sig-
nificant relationship with §,|S,| (Supplementary Fig. 4a), suggesting that
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Fig. 4 | Regression of UC intensity, sensitivity, and zonal wind stress-related
variables across models. Linear regression line and multi-model scatter plot of (a)
mean UC intensity onto mean maximum zonal wind stress, b mean UC intensity
onto sensitivity parameter, and ¢ sensitivity onto the latitude of maximum zonal

wind stress. Each marker corresponds to a specific climate model as indicated in

Fig. 1. The correlation coefficient and p-value for each regression are displayed in the
upper right corner of each panel. The correlation coefficients in b, c are significant at
2 99% confidence level by Student’s t-test.

Fig. 5 | Regression of LC intensity onto surface
buoyancy flux and stratification. a LC intensity
regressed onto surface buoyancy flux, with coeffi-
cients scaled by the standard deviation of surface
buoyancy flux so that the units correspond to those
of LC intensity. b LC intensity regressed onto
Brunt-Viisild frequency squared (N?) integrated
vertically from 1500 to 2000m depth, with coeffi-
cients similarly scaled by the standard deviation of
N?. The dotted areas indicate regions where regres-
sion coefficients are statistically significant at the
95% confidence level (Student’s t-test) and corre-
sponding correlation coefficients exceed 0.4. Posi-
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theoretical relationship offers a useful reference. However, since K pre-
scriptions differ among models, this quadratic relationship cannot be uni-
versally assumed. We therefore also analyze the simpler ¥* —S§,
relationship, which serves as a robust diagnostic of inter-model differences
without requiring assumptions about K (Supplementary Fig. 4b). While
previous study emphasized diffusivity differences across models", our
results highlight that isopycnal slope is readily observable metric for
understanding inter-model diversity in eddy-driven circulation, offering a
complementary perspective to diffusivity-based analysis. The isopycnal
slope is influenced by the latitudinal position of the maximum zonal wind
stress: poleward wind maxima generate stronger surface divergence and
steeper slopes, while equatorward positions produce less steep slopes
(Supplementary Fig. 4c). The resulting weaker eddy-driven circulation due
to flatter isopycnal slopes leads to stronger sensitivity parameters. Thus, the
latitude of maximum wind stress influences both Eulerian-mean and eddy-
driven components, explaining the inter-model diversity in UC intensity. In
summary, negative (positive) SAM-like mean state in the positive (negative)
PC1 models contributes to an equatorward (poleward) shifted UC, resulting
in stronger (weaker) UC due to enhanced (reduced) 1/fscaling and reduced
(enhanced) eddy compensation.

While inter-model differences in UC intensity are primarily captured
by EOF1, differences in LC intensity are more strongly associated with EOF2
(Fig. 2d). It is well known that AABW, which constitutes a part of the LC,
forms over the Weddell Sea, Ross Sea, and Adélie Land*’, and many coupled
models have simulated AABW over these regions* . The source of AABW
is surface buoyancy loss, primarily driven by freshwater fluxes, due to brine
rejection during sea ice formation*™* (Supplementary Fig. 5). Given the
importance of the surface buoyancy flux in AABW formation, the

regression of the LC intensity on the surface buoyancy flux is calculated to
assess the inter-model relationship. The results show significant regression
coefficients over the deep convection regions, including the Weddell and
Ross seas, suggesting that climate models with greater buoyancy flux over
these areas tend to simulate weaker AABW (Fig. 5a). Further analysis of the
respective contributions from surface freshwater and heat fluxes reveals that
the inter-model regression pattern of the surface buoyancy flux is primarily
driven by the freshwater component (Fig. 6a, b). The subsequent decom-
position of the freshwater flux into meltwater from sea ice and net pre-
cipitation (precipitation minus evaporation) indicates that the meltwater
plays a dominant role in shaping the regression pattern (Fig. 6¢, d).
Although the variation in surface buoyancy flux is a key driver of
AABW changes, inter-model differences in the mean state of ocean strati-
fication can induce distinct vertical motions, thereby contributing to the
diversity of LC across models. Inter-model contrasts in surface buoyancy
flux contribute to differences in the density structure and may partly explain
the variability in upper-ocean stratification. However, discrepancies in
deep-ocean stratification are likely attributable to model-specific config-
urations such as mixing parameterization (including diapycnal diffusivity)
and geometry™". To further examine the role of oceanic stratification, the
square of Brunt-Viisild frequency (N?), or buoyancy frequency, is calcu-
lated for each model. The vertical profile of the LC intensity regressed on the
area-averaged N” over deep convection regions (Weddell and Ross Sea)
indicates that weak AABW is associated with strong stratification, parti-
cularly below 1500 m depth (Supplementary Fig. 6). The regression map of
LC intensity onto N” integrated over 1500-2000 m depth also reveals a
negative relationship in the marginal regions, including deep convection
areas (Fig. 5b). These results suggest that model simulations of AABW
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Fig. 6 | LC intensity regressed onto surface buoy-
ancy flux components. LC intensity regressed onto
(a) surface freshwater flux, b surface heat flux, and
the freshwater components of ¢ meltwater and

d precipitation minus evaporation. Regression
coefficients are scaled by the standard deviation of
each variable. Dotted areas indicate where regres-
sion coefficients are statistically significant at the
95% confidence level (Student’s t-test) and corre-
sponding correlation coefficients exceed 0.4. Posi-
tive buoyancy flux corresponds to a net gain of
buoyancy by the ocean.

Fig. 7 | UC intensity regressed onto ocean tem-
perature. Regression coefficient maps of a global 0°
mean-removed sea surface temperature and b zonal-
averaged ocean potential temperature against UC
intensity. Contour lines in b indicate the over-
turning streamfunction of the multi-model mean.
The dotted areas indicate regions where regression
coefficients are statistically significant at the 95%
confidence level (Student’s t-test) and correspond-
ing correlation coefficients exceed 0.4.
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formation differ across models depending on the mean states of both surface
buoyancy flux and oceanic stratification.

Impact of model diversity in SO MOC

To investigate the ocean temperature associated with the inter-model
diversity of the SO MOC, we regress time-mean sea surface temperature
(SST) anomalies—obtained by removing the global mean within each
individual model—onto UC intensity across the multi-model ensemble
(Fig. 7a). UC intensity is chosen as it captures the dominant mode from
inter-model EOF analysis (highly correlated with PCI1, r=0.93). A sig-
nificant meridional contrast pattern of SST, such as warmer around 60°S
and cooler SST at lower latitudes, is observed. The SST pattern is explained
by the regression of zonally averaged ocean potential temperature, which is
regressed onto UC intensity at each latitude-depth grid (Fig. 7b). In the
models with strong UC, meridional cold advection intensified along the
strong northward streamlines near the surface, inducing colder SST over the
range of 60-40°S. Warming in the deeper layer within the same latitudinal
band can be understood as the result of intense downward motion, which
transports warmer surface water into the deeper ocean. Similarly, the SST
over 70-60°S becomes warmer owing to the strong upwelling of Cir-
cumpolar Deep Water. Atmospheric processes may also contribute to the
formation of SST patterns. For example, during a negative SAM phase,
adiabatic warming occurs in the troposphere through downward vertical
motion over the poleward side, whereas upward motion induces adiabatic

cooling at lower latitudes. Although it is difficult to separately quantify the
effects of the SO MOC and atmospheric vertical motion, both effects cannot
be overlooked.

Discussion

In this study, we examine the discrepancies in the SO MOC across
CGCMs. The dominant pattern identified by the inter-model EOF
analysis of the meridional mass streamfunction highlights incon-
sistencies in the model simulations, particularly regarding the intensity
and positioning of the UC. The inter-model differences in the SO MOC
are categorized into distinct groups, each characterized by different
phases of the SAM-like mean state. In positive PC1 models with a
negative SAM-like mean state, the northward-shifted wind stresses
cause the maximum zonal wind stress to occur at lower latitudes,
resulting in an equatorward-shift of UC and an increase in its sensitivity.
This UC strengthening occurs through increased sensitivity to wind
stress at lower latitudes, which results from both stronger Eulerian-mean
responses and weaker eddy compensation. Thus, the latitudinal position
of maximum zonal wind stress plays a more significant role in deter-
mining UC intensity than the wind stress magnitude. While PC1 pri-
marily represents the inter-model diversity of UC, PC2 captures that of
LC. The LC discrepancy in multi-model simulations is closely correlated
with the surface buoyancy flux over the Weddell and Ross Seas which
drives bottom water formation. Beyond the known role of the surface
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Table 1 | List of CMIP models and their descriptions

Model Model Modeling Integration Ensemble
Number Group period (yr)

ACCESS- 1 CSIRO- 500 ritpifi

CM2 ARCCSS

ACCESS- 2 CSIRO 900 rlilp1fi

ESM1-5

CESM2" 3 NCAR 1200 ritpifi

CESM2-FV2' 4 NCAR 500 ritpifi

CESM2- 5 NCAR 499 ritpifi

WACCM®

CESM2- 6 NCAR 500 rlilp1fi

WACCM-

Fvaf

CanESM5 7 CCCma 1000 ritpifi

CanESM5-1 8 CCCma 501 ritpifi

CanESM5- 9 CCCma 501 rli1p2f1

CanOE

GISS-E2-1-G 10 NASA-GISS 851 rlilp1f2

INM-CM5-0" 11 INM 1201 ritp1fi

MPI-ESM-1- 12 HAMMOZ- 780 ritp1fi

2-HAM Consortium

MPI-ESM1- 13 MPI-M 500 rlitpi1fi

2-HR

MPI-ESM1- 14 MPI-M 1000 rlilp1fi

2-LR

MRI-ESM2-0 15 MRI 701 ritpif

NorCPM1* 16 NCC 500 ritpifi

NorESM2-LM 17 NCC 501 ritpifi

NorESM2- 18 NCC 500 ritpifi

MM

SAMO- 19 SNU 700 ri1p1f1

UNICON'

ACCESS1-0 20 CSIRO-BOM 500 ritp1

ACCESS1-3 21 CSIRO-BOM 500 ritp1

CanESM2! 22 CCCma 996 ritp1

ccsm4t 23 NCAR 501 ritp1

CESM1- 24 NSF- 500 rli1p1

BGC™ DOE-NCAR

CSIRO-Mk3- 25 CSIRO- 500 ritp1

6-0 QCCCE

GISS-E2-R 26 NASA-GISS 525 rlitp1

MPI-ESM-LR 27 MPI-M 1000 ritp1

MPI- 28 MPI-M 1000 ritp1

ESM-MR’

NorESM1-M 29 NCC 501 ritp1

Model humbers 1 to 19 correspond to CMIP6, 20 to 29 are from CMIP5. An Asterisk(’) denotes
models in which the ocean potential temperature was unavailable, while a dagger(") denotes those in
which the surface buoyancy flux was unavailable. The SLP variable was also unavailable for the
GISS-E2-R model.

buoyancy flux, we find that differences in mean state of deep ocean
stratification across models are also significantly associated with LC
intensity.

While we propose that the latitudinal position of maximum zonal wind
stress influences UC intensity through the eddy-induced streamfunction,
this conclusion is constrained by the limited number of models available for
analysis. Therefore, an investigation with a larger number of models is
required to generalize our finding. Additionally, while our study focuses on

the role of parameterized diffusivity and isopycnal slope in shaping
mesoscale eddy effects, recent studies indicate that the sensitivity of ocean
circulation to wind stress also depends on other factors, such as diapycnal
mixing processes and topographic modulation of eddy-mean flow
interactions. For more comprehensive understanding of inter-model
diversity in SO MOC, it would be beneficial to integrate these processes
along with detailed information on model-specific eddy diffusivity.
Regarding LC, inter-model differences in intensity reflect variations in
surface buoyancy flux and oceanic stratification, as well as how AABW is
represented. Some models simulate AABW formation more realistically by
including Antarctic shelf processes*”’, whereas many still rely on open-
ocean deep convection, which is less accurate in representing bottom water
properties. The ref. 44 also suggested that to improve the accuracy of AABW
simulations, it is necessary to adopt overflow parameterization™, which
transports dense shelf water to deeper layers, and to integrate interactive ice
sheet models.

This study aims to compare the mean state of the SO MOC across
various coupled models. To explore the intrinsic properties without
external forcing, the analysis focuses primarily on pre-industrial control
simulations, which are generally assumed to have reached an equili-
brium state. Interdependence among climate elements complicates
causal explanations, making it challenging to determine the leading or
following relationships between variables. Nevertheless, we propose the
following mechanism: a higher sensitivity of the SO MOC response to
wind stress forcing (i.e., positive PC1 models) promotes a stronger UC.
This intensification induces a north-south dipole-like SST pattern
through dynamical thermal advection. This dipole-like pattern, redu-
cing the meridional SST gradient between two latitudinal bands, reduces
westerly over high latitude. This is further supported by Supplementary
Fig. 7, which shows that models with the largest meridional SST gradient
at lower latitudes also exhibit equatorward-positioned maximum zonal
wind stress. A significant inter-model correlation (0.49) improves to 0.65
when removing one outlier model, INM-CM5-0, indicating a clearer
inter-model relationship between SST patterns and wind stress posi-
tioning. Consequently, the maximum core of the mean westerly polar jet
moved north, reinforcing the UC. Previous studies have demonstrated
that most climate models in control experiments exhibit biases in the
wind field over the SO, characterized by weak and equatorward-shifted
wind stress”*’. Even if model diversity in wind stress did not initially
exist, it can be hypothesized that the feedback process, as mentioned
above, ultimately resulted in model discrepancies in wind stress, which,
in turn, influenced the overturning circulation. This reinforcing rela-
tionship acts as a mechanism that maintains model diversity in over-
turning cells. While the proposed feedback requires further validation,
understanding such coupled processes is essential for improving climate
model fidelity. Our results provide important insights into the correction
of model bias in the SO MOC and hold the potential for developing an
emergent constraint on future SO MOC projections.

Methods

Data

To obtain the reanalysis-based meridional mass streamfunction, we
utilize the CMEMS global ocean eddy-resolving (1/12° horizontal
resolution, 50 vertical levels) reanalysis (GLORYS12V1*), which covers
the period from 1993 to 2016. To examine the inconsistencies in the SO
MOC across different CGCMs, we used 29 models: 19 models partici-
pating in the Coupled Model Intercomparison Project phase6 (CMIP6)*'
and 10 models from CMIP5% (Table 1). We analyze the pre-industrial
control simulation to understand the mean state of the SO MOC,
excluding anthropogenic forcing. The oceanic meridional mass
streamfunction variables (“msftmz” or “msftyz”) are used as an indicator
to assess MOC. These variables include all advective mass transport
processes, including parameterized mesoscale advection. The mer-
idional overturning circulation in depth coordinate is represented by the
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following formula®:

o X, ~2(s)
¥(y,s t) = —/ bdx/ HpvJr (1)

where vi is the meridional mean velocity (Eulerian plus para-
meterized bolus component), z(s) denotes the depth of surface s for
depth-coordinate streamfunctions, and the zonal integral is over
longitude x, to x,. To examine the eddy-induced component of the
overturning circulation, we used variables “msftmzmpa” or
“msftyzmpa”. The models are selected based on the availability of
the mass streamfunction variables.

Inter-model Empirical Orthogonal Functions

Empirical orthogonal function (EOF) analysis is applied to assess systematic
differences in the model simulations™. We initially average the time
dimension of the oceanic meridional mass streamfunction within the range
of the SO MOC (75-30°S) and compute the deviation of each model from
the multi-model mean. The variable, constructed with 29 models, is then
applied to the EOF analysis, which identifies independent spatial patterns in
the inter-model deviation. Each EOF mode is a linear combination of model
deviations, and captures the dominant inter-model structural differences,
rather than individual model circulation structures or temporal variability.
This approach systematically identifies which aspects of circulation repre-
sentation contribute most to inter-model differences.

Definition of circulation index

To estimate the relevant circulation characteristics, we define several
indices that provide information on circulation intensity and location. In
this study, the index for UC intensity is defined as the maximum
streamfunction in the top 500 m between 65°S and 30°S. The 500 m is
chosen to reflect the strongest signals in the upper ocean associated with
wind-driven mechanisms. The latitude of the maximum streamfunction
is then used as an index of the UC location, serving as an indicator of its
meridional position. This latitude index is particularly useful for com-
paring spatial variations in UC across different models. The meridional
streamfunction due to parameterized mesoscale eddies is used to
understand the role of eddy compensation, based on data from 15
models that provide this variable. To approximate the eddy-driven
circulation theoretically, isopycnal slope (S,) is defined as the ratio of
the meridional to vertical gradient of the time- and zonal-mean
buoyancy field (S, = —Z_Jy/EZ, where b is a mean buoyancy). The
slope is spatially averaged over the region corresponding to wind-
driven UC (upper 500 m and 65-30°S) to obtain the mean isopycnal
slope. The LC intensity is examined in the context of the AABW
formation. Thus, it is defined as the absolute value of the minimum
streamfunction in the 0-4500 m depth range south of 55°S rather
than the abyssal circulation extending into the northern hemisphere.
To avoid issues arising from different resolutions across models, the
horizontal grids are interpolated to the same resolution for all
models.

Computation of surface buoyancy flux

The surface buoyancy flux (B; m®-s7°) is calculated as the sum of
heat flux (By,) and freshwater flux (B;) components. The haline
buoyancy flux is given by:

By = (é) ﬁsoQF (2
Po

where g is gravitational acceleration, p, is the reference seawater density,  is
haline contraction coefficient, S, is sea surface salinity, and Qg(kgm>-s™")
is net freshwater flux. Net freshwater flux contains the effects of net pre-
cipitation (precipitation minus evaporation), liquid water runoff, sea ice
formation/melting and icebergs (if included in CMIP model)”. The thermal

buoyancy flux is given by:

B, = <§) o 3)

Po/ S

where a is the thermal expansion coefficient, Qi (W - m™2) is net surface heat
flux, and Cpis the specific heat of seawater.

Computation of oceanic Brunt-Vaisala frequency
The square of Brunt-Viisild frequency (N?) is calculated using TEOS-10
* based on the equation below:

software toolbox
dP\ '/ dS  dT
2 =g — — —a— 4
N'=¢g (dz) (de OLdz) “)

where S, T, P and p denote absolute salinity, conservative temperature,
pressure, and potential density, respectively; g, o, and f are as previously
defined.

Data Availability

All data are publicly available from the following repositories: GLORYS12V1
from https://doi.org/10.48670/moi-00021 and CMIP 5/6 from https://esgf-
node.llnl.gov/search/.
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