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Abstract

We developed monthly time-series datasets of upper-ocean temperature, salinity, and sea-
ice concentration for non-warming (NW) and future climate conditions, which are intended
to be assimilated into the ocean components of climate models to improve the accuracy of
simulations under various climate conditions. Monthly time series of upper-ocean temper-
ature and salinity from an observation-based objective analysis over the past 60 years were
decomposed into climatological, externally forced, and internal variability components. The
climatological component was defined as the 60-year monthly mean. The externally forced
components were extracted using empirical orthogonal function analysis applied to climate
model simulations from the Coupled Model Intercomparison Project Phase 6 (CMIP6). In-
ternal variability was estimated as the residual obtained by removing the climatological and
externally forced components from the original time series. The NW dataset was constructed
by adding the monthly climatology for 1850-1899, which was estimated as the climatology
for the past 60 years after removing the externally forced component, to the internal vari-
ability component. The NW dataset represents climate conditions with a global-mean sea
surface temperature approximately 0.37 °C lower than that of the present climate. Future
datasets were constructed consistently with the Shared Socioeconomic Pathway scenarios
and include scenario-dependent warming trends and sea-ice declines. This framework cor-
rects climatological biases in CMIP6 simulations while preserving externally forced changes.
The resulting dataset, when assimilated into the ocean-sea ice components of climate mod-
els, would provide a robust basis for quantifying the impacts of anthropogenic warming in

climate model simulations.
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Background & Summary

There is a growing demand for more accurate climate projection datasets because datasets for
the past, present, and future climate states have recently begun to be used to design adaptation
and mitigation strategies in face of global warming. Currently, datasets are primarily based
on the outputs of coupled global climate models (CGCMs) and Earth system models (ESMs)
participating in the Coupled Model Intercomparison Project (CMIP). However, these models

T3

exhibit systematic biases in sea surface temperature (SST) , and the SST biases propagate

into the atmospheric component®.

For example, persistent biases in the Intertropical Con-
vergence Zone (ITCZ) and the midlatitude westerly jets, both of which are critical elements of
climate projections, are linked to underlying SST biases®. Previous studies demonstrate that
these atmospheric biases can be substantially reduced when more realistic SST is prescribed in
atmospheric model simulations®*Y, These findings highlight the importance of reducing clima-
tological SST biases in coupled models when assessing atmospheric circulation responses. This
has motivated the development of atmospheric model experiments forced by prescribed SST's in
non-warming (NW) and future climates.

In response to these issues, atmospheric model experiments with prescribed SST and the cor-
responding sea ice concentration (SIC) that are based on observed climatology have been widely

used to assess the impacts of anthropogenic climate change in present climatest 2431415 559

RIT6ITT7

to project future climate changes Based on these approaches, coordinated experimen-

tal frameworks for creating datasets of climate states in past, present, and future, such as
the Half a degree Additional warming, Prognosis and Projection, and Impact (HAPPI)18, the
High Resolution Model Intercomparison Project (HighResMIP)*, and the Database for Policy
Decision-Making for Future climate change (d4PDF), were developed and are now widely used

to assess the impact of global warming. For example, d4PDF has been utilized to assess future

121122

river flooding associated with heavy rainfal , coastal flooding from storm surges?®, and a

24125126

variety of other environmental and societal impacts , as summarized by Ishii and Mori“”.

In addition, d4PDF includes NW simulations representing pre-industrial conditions, which have

282930 3132133

been used for attribution studies of extreme events , including heavy precipitation
and high-temperature events®#3% that are currently occurring.
Future climate impact assessments have often been conducted based on specific global warm-

ing levels, such as 1.5 K, 2 K, or 4 K increases in global mean surface air temperature (GMSAT).



54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

7

78

79

80

81

82

83

84

85

This approach is partly justified by the fact that many climate-related phenomena can be ap-
proximately scaled with GMSAT=%37  However, challenges remain for phenomena affected by
multi-year histories of temperature and precipitation, such as water resources and agriculture,
as well as for processes like snow accumulation, for which the validity of simple scaling relation-

38 In addition, there has been increasing demand for information on

ships remains uncertain
when anthropogenic signals emerge from natural variability®?, highlighting the need for datasets
that represent continuous warming from the present to future climates. Although HighResMIP
simulates continuous climate changes, the prescribed SST used in these simulations is estimated
from the multi-model mean under a single emission scenario™. Because climate projections are

A impact assessments intended

substantially affected by both models and emission scenarios
to inform policy decision-making require evaluation frameworks that explicitly incorporate un-
certainties arising from both models and scenarios. Therefore, there is a need for datasets
representing continuous SST changes that take into account model and scenario uncertainties.

Furthermore, when SST is prescribed as in the previous experiments using atmospheric mod-
els, interactive air—sea feedbacks cannot be represented, which may lead to biases such as those
in tropical cyclones??. To overcome these limitations, an approach that assimilates upper-ocean
temperature and salinity without imposing overly strong constraints has been proposed to reduce
SST biases while preserving coupled atmosphere—ocean processes®. As datasets complementary
to d4PDF that prescribed SST, new climate simulations for the recent past have been conducted
using a climate model based on the Meteorological Research Institute (MRI) ESM version 2.0
(MRI-ESM2-0) with ocean data assimilation?. Assimilation of upper-ocean temperature and
salinity reduces the atmospheric biases induced by SST biases in CMIP coupled models including
ITCZ and westerly jets. Unlike d4PDF, these simulations allow short-term air-sea interactions
and successfully capture the latitudinal dependence of intense tropical cyclones. However, the
lack of bias-reduced, seamless upper-ocean datasets spanning present and future climate condi-
tions for assimilation has limited the application of these frameworks to future climate projection
experiments starting from the present state.

Here, to enable simulations in future climate, as well as in NW climate, using coupled
models with ocean data assimilation, we develop monthly upper-ocean temperature, salinity,
and SIC time-series for those climate conditions. Our upper-ocean datasets are constructed
largely following the methods used in the previous studies to estimate SST and SIC, albeit

with some modifications. The upper-ocean temperature and salinity are decomposed into three
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components: climatology, externally forced change, and internal variability. The climatological
component is defined as the 60-year monthly mean of an observation-based objective analysis.
The externally forced components are extracted from climate model simulations from the CMIP
Phase 6 (CMIP6) for both past and future. Internal variability is estimated as the residual
obtained by removing the climatological and externally forced components from the original
time series of the observation-based objective analysis. This approach explicitly accounts for
externally forced change in CMIP6 simulations while reducing atmospheric errors in coupled
models associated with SST climatological biases, since anomalies from climatology are used to
estimate externally forced change.

The externally forced change is extracted through empirical orthogonal function (EOF) anal-
ysis of the ensemble-mean SST's from CMIP6 coupled models and represented as a combination
of the resulting forced modes. The forced modes are identified based on their explained variance
and the signal-to-noise (S/N) ratios. EOF analysis shows that externally forced SST change is
well represented by the first EOF mode across all models. However, since a second EOF mode
also contributes non-negligibly in some scenarios and models and has sufficiently large S/N ra-
tios, it is treated as an externally forced mode in many models. The extracted forced modes are
projected onto interior temperature and salinity to construct three-dimensional data. The result-
ing externally forced changes are then used to generate the NW and future datasets. The NW
dataset represents pre-industrial conditions, with a global-mean SST (GMSST) approximately
0.37 °C lower than that of the past 60 years. Future datasets are constructed consistently with
the Shared Socioeconomic Pathway (SSP) scenarios and include scenario-dependent warming
trends and sea-ice declines.

For SIC, the following procedure is adopted. Under the NW climate, SIC in the North-
ern Hemisphere (NH) is estimated using SST together with the observed relationship between
SST and SIC, whereas SIC in the Southern Hemisphere (SH) is prescribed directly from the
observation-based dataset. For the future climate, SIC is prescribed such that the resulting sea
ice area (SIA) is consistent with CMIP6 future projections. As in the NW climate, the SST-SIC
relationship is applied to estimate SIC in the NH, while SIC in the SH is represented by a retreat
of the observation-based SIC.

Overall, the bias-corrected datasets provide a comprehensive basis for evaluating impacts of
anthropogenic warming using coupled models with ocean data assimilation and enable a robust

quantitative assessment of coupled climate responses and uncertainties in future projections,
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thereby contributing to climate adaptation strategies. Note that these upper-ocean datasets
were developed for assimilation into MRI-ESM2-0 as part of an effort to construct datasets
complementary to d4PDF, which ensures a realistic representation of upper-ocean conditions
while preserving atmosphere—ocean coupling in future climate simulations. Accordingly, the
selection of emission scenarios, the adjustment of climate sensitivity across CMIP6 models, and
the representation of uncertainties, as described in the Methods section, are affected by the
experimental design of the future projection simulations in our effort to produce complementary
climate projection datasets. Nevertheless, this experimental framework is widely applicable to
efforts to construct climate projection datasets by other groups. The upper-ocean data presented
here can be applied to ocean-data-constrained CGCMs or ESMs with similar protocols, as well
as to atmospheric general circulation models (AGCMs) that use SST and SIC as boundary

conditions.

Method

This section describes the methodological framework used to construct the upper-ocean dataset.
It begins with a description of the experimental design for generating a new climatological dataset
based on the MRI-ESM2-0 with ocean data assimilation. This is followed by a description of
the baseline datasets used to construct the upper-ocean dataset. The section then describes the
procedures used to construct the upper-ocean temperature and salinity dataset for the NW and
future climates. The procedure to estimate SIC for the NW and future climates is described

separately. In addition, a region-specific bias correction applied to the Japan Sea is explained.

Experimental design for a new climate projection dataset using an ESM as-

similating the upper ocean datasets described in this study

To specify the requirements for constructing upper-ocean data, we briefly introduce the experi-
mental design for developing the next-generation climate assessment dataset using the climate
simulations based on the MRI-ESM2-0 with ocean data assimilation.

The externally forced changes follow the CMIP6 protocol and include those from the his-
torical?¥ hist-nat4®, and SSP4% simulations. The present-climate experiment covers the period
1961-2020, using historical forcings from 1961 to 2014 and SSP2-4.5 forcings from 2015 to

2020 (see Mizuta et al.?¥ for details). For the present climate, temperature, salinity, and SIC
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are assimilated into MRI-ESM2-0, where temperature and salinity are taken from a monthly
observation-based objective analysis of Ishii et al.*” and SIC from the monthly COBE-SST2
dataset?S, Although temperature and salinity data are available down to 3000 m, assimilation
is applied only to the upper 500 m.

In addition to the present climate experiment, NW and future climate simulations are per-
formed. The NW experiment is driven by the CMIP6 hist-nat forcing, requiring upper-ocean
data with warming levels consistent with the pre-industrial climate. In the future climate, un-
certainty arises from scenarios, inter-model differences, and internal variability. To address the
scenario uncertainty, three SSP scenarios (SSP1-2.6, SSP2-4.5, and SSP5-8.5) are used. To ad-
dress the model uncertainty, anthropogenic externally forced changes in the upper ocean are
extracted from multiple CMIP6 models. Because several CMIP6 models exhibit high climate
sensitivity??2 the climate sensitivity under SSP5-8.5 is adjusted so that the simulated GMSAT
is consistent with the assessed warming reported in IPCC AR62!. For SSP1-2.6 and SSP2-4.5,
the climate sensitivity is not adjusted, but models with warming exceeding the assessed range
of IPCC AR62! are excluded. As described later, the future climate simulations are performed
by shifting the phase of internal variability estimated by extracting the forced trend from the
observation-based objective analysis, thereby accounting for the uncertainty associated with

internal variability.

Baseline data

Following previous studies* 220 NW and future projection datasets are generated by correcting
biases of CMIP simulations, in which the CMIP-projected externally forced change is subtracted
from or added to the observation-based present-climate dataset. This subsection describes the
observation-based datasets and CMIP model outputs used for the construction of the NW and
future projection datasets.

As an observed baseline for the present climate, the monthly observation-based objec-
tive analysis of temperature and salinity from Ishii et al.* (https://climate.mri-jma.go.
jp/pub/ocean/ts/v7.3.1) is used except in the Japan Sea, where a four-dimensional varia-
tional ocean reanalysis for the Western North Pacific over 30 years (FORA-WNP30)%Z (https:
//search.diasjp.net/en/dataset/FORA_WNP30_JAMSTEC_MRI) is additionally used to correct
biases of Ishii et al.4” as described later. The SIC is based on COBE-SST2%% (https://climate.

mri-jma.go.jp/pub/ocean/cobe-sst2) whose SST is consistent with that of Ishii et al.#” These
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observation-based datasets are the same as those used in the MRI-ESM2-0 simulations with
ocean data assimilation in the present climate®?. For comparison, Extended Reconstructed SST
version 5 (ERSSTv5)??, the Met Office Hadley Centre’s sea ice and SST data set version 1
(HadISST1)?% and the Met Office Hadley Centre SST data set version 4 (HadSST4)>? are also
utilized.

To estimate externally forced changes, temperature, salinity, and SIC from CMIP6 models
are used. To account for uncertainty in future scenario projections, three scenarios, SSP1-
2.6, SSP2-4.5, and SSP5-8.5, are considered. To address uncertainty arising from differences
among models, multiple CMIP6 models are used. However, as ensemble means are taken for
each model to minimize effect of internal variability before extracting externally forced trends,
only models with at least four ensemble members for all historical and future scenarios are
selected. Additionally, the results of the piControl experiment are used to estimate the S/N
ratio of externally forced changes. All CMIP6 model outputs are horizontally regridded onto a
1° x 1° grid using Climate Data Opetators (CDO)"Y to be consistent with the temperature and
salinity data of Ishii et al.#? and COBE-SST2. In the vertical direction, the data are linearly
interpolated to the levels of Ishii et al. " (The final product is provided on the vertical grid of
the ocean component of MRI-ESM2-0, obtained through vertical interpolation.) To focus on
the coupling process between the atmosphere and ocean, only upper-ocean temperature and
salinity above 500 m are used for assimilation in the climate simulations while the NW and
future climate datasets are reconstructed to the depth of 3000 m.

Based on these conditions, nine models listed in Table [1| are used. The data of these models
can be accessed from the website of ESGF (https://esgf-node.llnl.gov/search/cmip6).
The table also indicates the number of ensemble members used for the ensemble averages. The
selected CMIP6 models employ different AGCMs and ocean general circulation models. This
diversity of models can lead to a larger inter-model spread and enables a more comprehensive

assessment of model uncertainty.

Procedure to create the data for temperature and salinity for NW and future

This subsection details the procedures to construct the upper-ocean temperature and salinity,

while the procedure for SIC is presented in the next subsection.
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Decomposition of temperature and salinity

The ocean temperature (f) and salinity (S) are decomposed into three components: (i) the
present-day monthly climatology (0., S.), (ii) internal variability (6;,S;), and (iii) externally

forced changes (0, Sy). This decomposition follows

0 = 90+9¢+9f, (1)

S = Sc—i-Si-l-Sf. (2)

The climatologies are defined as the 1961-2020 averages of observation-based temperature
(0°) and salinity (S°):

0. = (0°)1961-2020, S = (S?)1961—2020, (3)

where brackets ({ )) denote the climatological mean for each month. The internal variability
components are obtained as the residual after removing the climatology and the externally forced

change in the present climate (9? S ch{ ) from the observation-based dataset:

0; = 0°—06.—07, (4)

S = §°—S.-SH. (5)

Taking the climatological mean of Eqgs. and over 1961-2020 constrains the climato-
logical means of the internal variability and externally forced change. Here, these climatological

means are defined as

(6i)1961-2020 = —(0F )1961-2020 = 0, (6)

(Sidio61-2020 = —(Sf )1961-2020 = 0. (7)

Throughout this study, we assume that the externally forced change does not modify the sta-
tistical properties of internal variability. Consequently, the internal variability derived from the

present climate is used in both the NW and future climates.

Internal variability in the future climate

Internal variability in 1961-2020 is imposed cyclically in the future simulations. The Jan-

uary—-December internal variability of 2021 is linearly transitioned within one year to that of



225

226

227

228

229

230

231

232

233

234

235

237

238

239

240

241

242

243

244

245

246

247

248

1961 through a weighted average between 2021 and 1961. In our future experiment design,
however, the phase of the internal variability is shifted when transitioning from the present to
future climates, in order to represent unpredictable future internal variability using ensemble
simulations. Specifically, in model year 2021, the internal variability does not only transition to
that of 1961 but also to that of 1971, 1981, 1991, 2001, or 2011. In subsequent years, once the
internal variability reaches that of 2021, it again transitions from 2021 to 1961. For example,
if the internal variability transitions from 2021 to 1961 in model year 2021, then the internal

variability again transitions from 2021 to 1961 in model year 2081:

Model year: 1961 --- 2021 --- 2081 --- 2100
Year of the internal variability: 1961 --- 2021
1961 --- 2021
1961 --- 1980

On the other hand, if the internal variability transitions from 2021 to 2011 in model year 2021,

then the transitions occur from 2021 to 1961 in model years 2031 and 2091:

Model year: 1961 --- 2021 --- 2031 --- 2091 --- 2100
Year of the internal variability: 1961 --- 2021
2011 --- 2021
1961 --- 2021
1961 --- 1970

These six ensemble members can represent 60 years’ worth of internal variability for any arbitrary

10-year period in future simulations.

Extraction of externally forced SST modes

Because we recognize that it is challenging to completely disentangle forced and natural vari-
ability in observation-based time series, we used a temporally smoothed ensemble mean to
suppress natural variability as much as possible before estimating externally forced variability
from CMIP6 models. Specifically, a first-order Butterworth low-pass filter with a cutoff period
of 10 years is applied to the ensemble mean temperature and salinity of each model. Because
SST has the largest impact on the atmosphere among the variables considered, we extract the
EOF modes that maximize the horizontally averaged variance of the SST.

Using the anomaly matrix of the low-pass filtered ensemble mean SST from the temporal

average (A), the diagonal weight matrix (W), and the number of years (NV;), the weighted IV; x IV;
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covariance matrix is calculated as V = WAT AW /(N; — 1), and the EOF mode is obtained by

solving the eigenvalue problem

Val = A\, (8)

where )\, and z/, are the eigenvalue and eigenvector of mode n, respectively®’. Since the CMIP
SST data are regridded to a 1° x 1° grid, the total number of grid cells (V;) is 180 x 360
(1 =1,2,...,180 x 360). The diagonal elements of W is defined as \/m, where the grid
weight is given by w; = R?(m/180)? cos ¢;, R (= 6.375 x 10° m) is the Earth’s radius, and ¢; is
the latitude of each grid cell. Land points are assigned a weight of zero (w; = 0). The number
of years (IV¢) is 171 for 1855-2025 in the present climate and 101 for 1995-2095 in the future
climate. The eigenvector z/, is normalized (2! 2/, = 1).

The SST anomaly of each mode (A4,,) is given by

Ay =V Aptpal = 20 — AW 2T W (9)

where x, = Wtz = ATt, /[V (N — 1)] and t, = AW=x/,/v/A,. The spatial pattern of the

EOF (z,,) is related to the covariance matrix between the A and A, as

AT A, ATt 2T T
= n L= ndn . 1
N1 VA N1 AnTn T, (10)

Thus, )\n:cnxg represents the covariance matrix between SST anomaly and its EOF mode. The
time series of the principal component (PC) is normalized such that t1t,/(N; — 1) = 1. Fur-
thermore, the horizontally averaged variance of A,, is obtained as

(WAgAnW
tr| ———

N, 1 ) = tr (:U;Lx%TVw’nTxn) = A, (11)

using Eqgs. and @D Thus, the eigenvalue A, is the horizontally averaged variance of mode
n of the EOF of the SST.

These EOF modes contain contributions from both internal and external variability. To
identify the modes primarily associated with externally forced changes, we estimate the variance
of internal variability for each mode (AR) using piControl simulations. Specifically, the spatial

pattern of each EOF mode is projected onto the linearly detrended low-pass-filtered SST anomaly

10
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from the piControl simulation (AP¢). Using AP, the number of years in the piControl simulation
(NP ), and the number of ensemble members for each model in the present and future climates

(Ne), the variance attributable to internal variability is calculated as

) Apic / TApic /
)\gm — ( Wxn) Wmn' (12)
Ne(N7™ = 2)

A mode is classified as being dominated by externally forced changes when the S/N ratio, defined

as (An — ANO) /AP exceeds 10.

Externally forced changes of the temperature and salinity

For each externally forced mode, its PC (¢,) is projected onto anomaly matrices of temperature
(04) and salinity (S4). The anomalies are taken from the averaged value between 1855 and
2025 in the present climate and between 1995 and 2095 in the future climate. Then, the spatial
pattern of the temperature [#%¢,/(N; — 1)] and salinity [S%t,/(Ny — 1)] are derived, and the
externally forced mode of n of model m of temperature (6,,,) and salinity (Sy,,) is calculated

as

Omn = t;LtZQA/(Nt - 1)a (13)

Spn = thtlS,/(N; —1). (14)

Here, ¢/, is the extended time series of the PC. Since t,, is defined between 1855 and 2025 for
the present climate or between 1995 and 2095 for the future climate, time series from 1850 to
1854 or from 2096 to 2100 is estimated using the eigenvector of each SST EOF mode (z},) and

its projection onto ensemble mean SST anomalies without temporal filter (A’) as A'Wa], /v/ .

By appending this time series to t,, t,, is obtained.

Present-climate externally forced change and sensitivity adjustment

In the present climate, externally forced changes of temperature (0}{ ) and salinity (S;{ ) are

obtained as a combination of the multi-model averaged externally forced modes as

1
o = . ZBTI,{ Z (02, — < 6%, >1961-2020) , (15)

1
S = o Zﬁﬁ Z (SH. — < SH >1961-2020) , (16)

n

11
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where N, is the number of models and S is the present climate adjustment coefficient. The
externally forced changes are anomalies from the averaged value in 1961-2020 because the cli-
matology of externally forced change in the present climate is set to be zero as in Egs. @ and
@

The coefficient of (3, is used to adjust the climate sensitivity of each model. In the present
climate, the linear trend of the GMSST in 1961-2020 in each model is adjusted to be the same as
that of the observation-based dataset to minimize the bias derived from the climate sensitivity
bias in models. Figure [Th-i shows the time series of the GMSST of observation-based dataset
(thin black lines), CMIP6 models (red lines), and sensitivity-adjusted externally forced changes
(green lines). The SST changes over 1961-2020 are larger than that observed in some models
(e.g., CanESM5 in Fig. and UKESM1-0-LL in Fig. [1f). The linear trend of the GMSST
calculated from least-squares fitting is also shown in Fig. [k. Except for MIROCS, the linear
trend is overestimated in the CMIP6 models compared with COBE-SST2 (khaki bar in Fig. [tk)
while the ensemble spread of CNRM-CM6-1 and MPI-ESM1-2-LR captures the trend estimated
from COBE-SST2.

NW and future externally forced components

Since the mean externally forced changes for the period 1961-2020 are defined as zero, those for

the NW period (1850-1899)

O = <0 >1850-1899, (17)

Sp = < Sf >1850-1899 (18)

represent the changes relative to the 1961-2020 mean. Note that their negatives can be inter-
preted as the mean externally forced changes supposed to be contained in the objective analysis
data for 1961-2020.

The future externally forced changes of the temperature (9? ) and salinity (S }9 ), on the other

hand, are

07 = <0f >1005-2014 +85 Y (On— < O >1095-2014) , (19)

n

S7 = < S >1005-2014 +B5 Y (Shn— < Sin >1005-2014) , (20)

n
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and multi-model averaged externally forced changes are

1
07 = <0F >1905-2014 N Z@‘i Z (07— < 05 >1995-2014) , (21)
m m

n

1
Sf = < S}q >1995-2014 +N7m ;@i Z (Sfm— < S,fm >1995—2014) . (22)

n

When adjusting climate sensitivity, we use the assessed warming values provided in TPCC AR6
as a reference (Table 4.5 of the IPCC AR6 WG1 Full Report®L).

Figure [2| shows the difference in annual mean GMSST and GMSAT between 1995-2014
and 2081-2100. For GMSAT, the central estimates of the assessed warming (ASATj,, gray
circles) and their uncertainty ranges (error bars) are also indicated. The GMSAT increase
(ASAT) relative to the GMSST increase (ASST) shows relatively small inter-model dependence
compared to the inter-model spread of the climate sensitivity, and their multi-model mean is
1.4 with a small standard deviation of 0.060 [ASAT = (1.4 4+ 0.060)ASST]. This indicates
that inter-model differences in ASAT primarily determined from differences in ASST, while
the SST-SAT relationship itself is broadly consistent across models. Therefore, to obtain SST
changes consistent with the assessed warming in terms of GMSAT, the SST change in each
model is scaled by the ratio of the assessed to the model-specific GMSAT increase (i.e., ﬁ;% =
ASAT A /ASAT). For SSP1-2.6 and SSP2-4.5, some models (ACCESS-CM2, CanESM5, and
UKESM1-0-LL) exhibit higher climate sensitivity, exceeding the assessed warming range. Since
our experimental design does not adjust climate sensitivity for these scenarios (i.e., 5 = 1),
these three models are excluded. For SSP5-8.5, however, sensitivity adjustment is applied using
the central estimate of the assessed warming (ASAT, = 3.5 °C), and thus all nine models
are included in the experiments, along with a multi-model mean constructed from the adjusted

results. All future experiments are referenced to the assessed warming relative to 1995-2014.

Temporal transition from present to future climates

The warming levels of the externally forced changes are adjusted so that they are identical in

1995-2014 between the present and future climates as

<07 >1005201a = < 0f >1905 2014, (23)

< SF >1005-2014 = < SF >1905-2014 - (24)
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Time sequential externally forced changes from the present to future climates are

0y = (1-a)ff +ab?, (25)

Sy = (1—a)Sf +as7. (26)

The weighting function « is defined as

0 Y <2020
o= 12(Y—202;())+M—0.5 2021 < Y < 2025 (27)
1 2026 <.

Here, Y and M denote the year and month (1-12) in the simulations. The duration of the

transition of the externally forced change from the present to future climates is five years.

Procedure to create the data for SIC for NW and future
NW climate

In the NW climate, NH SIC is prescribed following the d4PDF approach?. The NH SIC (I) is

diagnosed from the SST as

' 611 4+ =0(2=0), (28)

where §(z = 0) is the SST. The coefficients a”, b, and ¢! are identical to those used in COBE-
SST248. They vary spatially and exhibit seasonal dependence, but do not change from year to
year. However, in the SH, this method may lead to less realistic SIC distributions as described
later, and thus a different approach from that used in the NH is applied.

In the NH, the SIA exhibits a clear decreasing trend during the satellite era (Fig. )
Based on COBE-SST2, linear trends of monthly mean SIA calculated by least-squares fitting for
the period 1978-2020 show negative values in all months, ranging from a minimum of —0.76 X
102 m? decade™' in September to a maximum of —0.28 x 102 m? decade™! in January. These
pronounced declines imply that NH sea ice has experienced substantial externally forced changes
since the onset of satellite observations. The method based on Eq. can represent the

increase in SIC associated with SST cooling in the NW climate as described in the following
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section. In contrast, the SH SIA derived from COBE-SST2 shows little evidence of a long-term
decreasing trend during the satellite era (Fig. ) The linear trends for 1978-2020, unlike
those in the NH, are not negative and range from 0.057 x 10'? m? decade™' in November to
0.23 x 10" m? decade™! in June. This weak trend suggests that the externally forced change in
SH SIC is considerably smaller than in the NH in the present climate.

In this study, we therefore assume that the externally forced change in SH SIA associated
with global warming is negligible compared with that in the NH. Accordingly, for the NW
climate, SH SIC is prescribed using observation-based SIC from COBE-SST2. This approach
allows realistic month-to-month and year-to-year variability to be represented in SH SIC while

avoiding the imposition of an artificial long-term trend associated with global warming.

Future climate

In the future climate, SIC is prescribed so that the STA is consistent with CMIP6 future pro-
jections. The hemispheric STA (F) is obtained from the observation-based and modeled clima-

tologies in recent past and the future projected changes as

i
E= 2 E, (29)

c

where EY is the observation-based monthly climatology of SIA for 1995-2014, E" is the cor-
responding climatology from each CMIP6 model, and E%" is the future SIA from each model
smoothed using a first-order Butterworth low-pass filter with a 10-year cutoff period. Under
SSP5-8.5, the ratio £ /ET" is taken from the multi-model mean because climate sensitivity is
adjusted in this scenario.

In the NH, SIC is diagnosed from SST using a relationship,

a1’ + ¢ =0(z=0), (30)
where

@ = af (1 —I2) +af 1%, (31)

& = 605(1—12)+ch2, (32)

with coefficients ag , af , cg , and cf that are independent of location but vary in time. These
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coefficients are determined to satisfy the following conditions:

B2+ = 0.(2=0)+0;(z=0), (33)
E = // Iy dz dy, (34)

where I is the SIC without internal variability.

For Iy = 1, the left-hand side of Eq. corresponds to the freezing-point temperature.
Because the freezing temperature is proportional to salinity, it is expressed as m.Sy,, where S,
is the sea surface salinity (SSS) without internal variability [S.(z = 0) + S¢(z = 0)] averaged
over NH grid points with 0.85 < Iy < 1.0 (if unavailable, grid points with 0.15 < Iy < 0.85
are used; if those are also unavailable, grid points with 0 < Iy < 0.15 are used), and m =
—0.0543 °C psu~ 12899t be consistent with the setting for the ocean component of MRI-ESM2-
059, Accordingly, ¢; is given by

¢ = —af +mSy,. (35)

First, using the 20-year mean SIC and SST from COBE-SST2 for 1995-2014, the coeflicients

s 8§ .S

ay, ay, ¢y, and cf are estimated by least-squares fitting under the constraints a® = af = af

0 — a1

and ¢ = ¢5 = ¢f. These coefficients are used as initial values for the subsequent iterative

adjustment. In the first step of the iteration, the parameter COS is varied within the range
—2°C < ¢§ < 2cos[r(M — 9)/12] °C, and the value that minimizes the difference between the
target SIA (E) and the SIA estimated from the diagnosed SIC (Eeg) is selected. If |Eest—E|/E >
1073 and Ee > E, af is reduced by 5%. If |Eest — E|/E > 1072 and Eot < E, af is increased
by 5%. After each adjustment of af, ¢ is re-optimized in the same manner. Next, aj is adjusted
in the opposite sense: if Fegy > F, ag is increased by 5%, and if Fegt < F, ag is reduced by 5%.
This step is again followed by a readjustment of cg . These adjustments of aff and ag , together
with the re-optimization of cg, are repeated until |Fes, — E|/E < 1073 is satisfied.

In the SH, we do not estimate SIC from SST for future because preliminary application
of the method resulted in an implausible SIC distributions owing to the poor performance of
CMIP6 models in terms of SIC distribution in the Southern Ocean. For example, some models
underestimate Antarctic sea ice relative to observation-based datasets. Since future SST changes
are particularly pronounced around the marginal sea-ice zones of the present climate, enhanced

warming is expected near Antarctica in models with smaller present-day sea-ice extent. The gap

between the observation-based dataset and CMIP6 output can lead to physically implausible
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patterns of SST change, such as sea ice forming only on the equatorward side when SST decreases
equatorward (resulting in colder waters on the equatorward side than near the pole). For these
reasons, future SIC is derived by reducing the monthly mean SIC for 1995-2014 from the outer
margins inward until the SIA reaches E in Eq. using horizontal smoothing based on the
central grid point and its four adjacent neighbors, with the central value weighted according to
the number of valid neighboring grid points. When the smoothed SIC falls below 0.15, it is set to
zero. Smoothing is not applied to grid points where SIC exceeds 0.85 after smoothing. Antarctic
coastal grid points whose values are lower than those of surrounding points are excluded from
the smoothing procedure. For MIROCG6, the SH STA does not decrease relative to the present
climate (Fig. ,f,h) because the SIA in the present climate is already small for this model.
Therefore, for this model, the multi-model mean ratio E" /ET is used instead of the individual

model estimate.

Bias correction in the Japan Sea

In the Japan Sea, particularly along the northern Japanese coast, the SST climatology of Ishii
et al.*” which is nearly identical to COBE-SST2 (Fig. [4h), exhibits discrepancies exceeding
1 °C relative to the satellite-based dataset of the merged satellite and in situ data Global Daily
SST (MGDSST)“Y (Fig. 4b). Because an SST difference of about 1 °C in the Japan Sea can

02063104 e applied a bias correction to the

substantially affect the Japanese climate and weather
temperature and salinity there. However, MGDSST does not provide subsurface temperature or
salinity. To address this, we used FORA-WNP30, a high-resolution (~ 10 km) ocean reanalysis
for the northwestern Pacific that assimilates MGDSST and achieves similar reproducibility. In
fact, the differences between the objective analysis of Ishii et al. 4% and MGDSST almost coincide
with the differences between that of Ishii et al.*” and FORA-WNP30 (Fig. 4b,c). It should be
noted that the FORA-WNP30 dataset spans only 1982-2016, and thus does not fully cover the
present climate (1961-2020) considered in this study. To overcome this limitation, we corrected
biases by adding the monthly climatological differences in temperature and salinity between the

objective analysis of Ishii et al.40 and FORA-WNP30 over 19822016, as shown in Fig. , to

that of Ishii et al.47 in the Japan Sea.
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Data Records

The dataset is available from the MRI data server at https://climate.mri-jma.go.jp/pub/
archives/Ushijima-et-al_Upper_Ocean_Datal Metadata, documentation, and citation infor-
mation for the dataset are archived through Zenodo®?.

For the NW climate, the data are stored in the NW directory. For the future climate,
the SSP126, SSP245, and SSP585 directories contain data for each scenario. Within each SSP
directory, subdirectories are organized by the CMIP6 model and the phase of internal variability.
The directory names v00, v10, v20, v30, v40, and v50 correspond to transition years of internal
variability in 1961, 1971, 1981, 1991, 2001, and 2011, respectively, which are aligned to model
year 2021.

In each directory, temperature and salinity data (ProjD-7.5_1x1_.YYYY.grb2), SIC data

(cobe-sic2_1x1_YYYY.grb2), as well as the perturbation data for SST (cobe-sst2_ptb_1x1_-YYYY.grb2)

and SIC (cobe-sic2_ptb_1x1_YYYY.grb2) are provided. The perturbation data are included to
generate a larger spread of internally generated atmospheric variability. Details of the pertur-
bation method are described in Mizuta et al.?? Here, YYYY denotes the year of the data. All
data are provided in GRIB version 2 format, and a corresponding GrADS control file (.ctl) is
available for each GRIB file. Additional information on the directory structure, file formats,

and variables is provided in the accompanying documentation archived through Zenodo.

Technical Validation

The developed upper-ocean dataset, including temperature, salinity, and SIC, is presented here.
Temperature and salinity are examined first, followed by SIC.
NW and Future Temperature and Salinity

The temperature and salinity components of the upper-ocean dataset are evaluated for externally
forced changes in the present climate. Internal variability is then assessed, and the datasets under
NW and future climate conditions are further examined.

Externally Forced Changes in Present Climate

The externally forced change derived from the multi-model mean is evaluated in the present

climate. The evaluation focuses on the EOF-based extraction of SST changes.
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Externally forced changes in the present climate are derived from the EOF analysis of CMIP6
SST. Figure [5| shows the spatial patterns (z1, x2) and extended PCs (¢}, t5) of the first and
second EOF modes of February SST for each model. The spatial patterns of the first EOF modes
of all models show positive distributions across most regions (Fig. [fp-i). Their PCs (#}) exhibit
similar temporal evolutions across all models, characterized by nearly monotonic increases that
become more pronounced after the 1970s (Fig. [5j). These features indicate that the first EOF
mode primarily represents a warming trend.

In the Arctic Ocean, all models exhibit small changes compared to other regions due to the
sea ice in February, which keeps the temperature near the freezing point. As sea ice extent varies
seasonally, the first EOF mode in August shows an expanded positive distribution around the
Arctic Ocean compared to February (Fig. Ehfi), indicating seasonal variations in the warming
trend of the SST. In addition, a comparison of the first EOF modes in February and August
indicates that the warming tends to be stronger in the summer hemisphere. This is likely due
to the shallower mixed layer depth in summer, which leads to a larger thermal response to
warming®. Although the overall spatial patterns are consistent and the temporal evolution is
nearly identical between February and August (Figs. —j and |§|a—j), the seasonal cycle of the
externally forced change needs to be taken into account.

Table [2| presents the annual mean explained variance and S/N ratio for each mode in the
EOF analysis of the models. The first mode is dominant across all models, explaining more than
77% of the total variance, and it exhibits a high S/N ratio (S/N ratio > 0.82 x 10?), indicating
it as a mode dominated by externally forced changes.

The PCs of the second modes of SSTs in February and August show increasing trends until
the 1980s and decreasing trends thereafter in most models, except for CNRM-CM6-1 and IPSL-
CM6A-LR in February (Figs. [5t and @t), in which decreasing trends are observed during 1850—
1870 and 1890-1960, respectively. The spatial pattern is negative in the mid-latitudes of the
NH and positive in other regions (Figs. ,l,n,pfs and @kfs), showing overall consistency among
the models. The NH mid-latitude cooling observed in the second mode until the 1980s, followed
by enhanced warming thereafter, can be attributed to the temporal evolution of anthropogenic
aerosol emissions®”’. This mode explains about 10% of the variance in some models (CESM2,
MRI-ESM2-0, and UKESM1-0-LL), and its S/N ratio exceeds 10 in most models, except for
CNRM-CM6-1 and IPSL-CM6A-LR (Table [2). Thus, both the first and second modes are

considered externally forced modes, provided the S/N ratio of the second mode exceeds 10 as
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described in the Method section. The S/N ratio of the third mode is below 10 in most models.
Although MIROC6 shows an S/N ratio exceeding 10, the explained variance is only 0.72%.
Therefore, third and higher modes of the EOF are excluded from the analysis of externally

forced change.

Internal variability

The internal variability of the temperature (6;) and salinity (S;) is obtained as the residuals
after removing the climatology and externally forced change from the observation-based dataset.
Figure [7] shows the first and second EOF modes of the internal variability of the SST. The
first EOF modes has the ENSO-like spatial pattern (Fig. [fh). The corresponding PC time
series captures major El Nifio events, including those of 1982/83, 1991/92, and 1997/98% (Fig.
). The second mode exhibits variability primarily concentrated in the tropical and North
Pacific Ocean (Fig. ) These results indicate that the datasets retain tropical Pacific internal

variability, including ENSO-like variability, under both the NW and future climates.

NW climate

For the purpose of evaluating the impact of anthropogenic global warming under the present
climate, NW simulations are useful. The temperature and salinity in the NW climate are con-
structed based on the objective analysis in the present climate, together with the climatological
differences between 1850-1899 and 1961-2020 [Egs. and ] Note that temporal changes
in temperature and salinity due to external forcing are not considered in the NW simulation.
Accordingly, temperature and salinity for the NW period are obtained as the sum of the NW
climatological mean state and the internal variability.

Figure [§ shows the externally forced changes in the climatological temperature and salinity
difference between 1850-1899 and 1961-2020. Except for parts of the Southern Ocean, the SST
in the NW climate decreases compared to the present climate (Fig. [8a), with a global mean
decrease of 0.37 °C. In COBE-SST2, the difference in the GMSST between 1850-1899 and
1961-2020 is —0.38 °C, with a difference of —0.015 °C from the multi-model mean. Among
the observation-based datasets, COBE-SST2 exhibits higher SST prior to 1900 compared to the
present climate (Fig. [1j). As a result, the multi-model mean GMSST is slightly higher than
that derived from the observation-based datasets. However, differences in GMSST among the

observation-based datasets before 1900 are on the order of 0.1 °C, and the difference between
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COBE-SST2 and the multi-model mean is smaller than the inter-dataset spread.

Compared to the present climate, the observation-based SST in 1850-1899 is warmer not
only in parts of the Southern Ocean but also in parts of the North Atlantic (Fig. ) The NW
SST estimated from the multi-model mean exhibits negative deviations relative to COBE-SST?2
in parts of the North Atlantic and around Antarctica, and positive deviations over many regions
in the mid-latitudes, particularly around the western boundaries (Fig. )

The NW externally forced changes in interior temperature and salinity were estimated by
projecting the PCs of each externally forced SST mode onto temperature and salinity anomalies.
Compared with the present climate, temperatures at 300 m in the NW climate are higher
equatorward of 30°S and lower over most of the remaining regions (Fig. ) The SSS is
positive in most regions but negative in the North Atlantic (Fig. ) The increase in the SSS

in the Arctic region is likely related to the increase in the SIC.

Future climate

As in the present climate analysis, externally forced change was extracted in the future climate
experiments using EOF analysis. For SSP1-2.6 and SSP2-4.5, the ACCESS-CM2, CanESMS5,
and UKESM1-0-LL were excluded because of their high climate sensitivity exceeding the range
(Fig. [2) estimated from multiple lines of evidence reported in IPCC AR6°!. In contrast,
for SSP5-8.5, all models were used because the experiment is designed with adjusted climate
sensitivity.

Figures show the first and second EOF modes of the SST for SSP1-2.6, SSP2-4.5,
and SSP5-8.5. Similar to the present climate, the first mode is dominant, with contributions
exceeding 88% for SSP1-2.6 (Table[3)), 95% for SSP2-4.5 (Table[)), and 98% for SSP5-8.5 (Table
. The spatial patterns of the first mode are similar across scenarios, characterized by positive
anomalies over most regions except for the North Atlantic Ocean (40°-60°N and 0°-60°W), and
the PCs increase with time. These indicate that this mode represents global warming. The
associated trends, however, differ across scenarios: nearly linear warming for SSP2-4.5, and a
cessation and an acceleration in warming after the mid-21st century for SSP1-2.6 and SSP5-8.5,
respectively. Among the CMIP6 models used, the first modes of the PCs are highly consistent,
and their spatial patterns also roughly agree, although differences exist in the North Atlantic
and in the tropical Pacific.

The second EOF mode also exhibits similar temporal evolution across models and scenarios,
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with an increase until the mid-21st century followed by a decline thereafter. Although the
contribution of the second mode is small under SSP2-4.5 and SSP5-8.5 scenarios, it is about
10% in MRI-ESM2-0 under SSP1-2.6, as in the present climate (Tables . For SSP1-2.6,
three models (CNRM-CM6-1, MIROC6, and MRI-ESM2-0) with contributions exceeding 5%,
as well as CESM2, exhibit positive anomalies except in the Southern Ocean. In these models,
the second mode slightly increases the GMSST until the mid-21st century and decreases it
thereafter. Figure shows the GMSST time series for each scenario, illustrating that under
SSP1-2.6, some models project a decrease in the GMSST after the mid-21st century. The S/N
ratio exceeds 10 for both the first and second modes in all models (Tables . Thus, both
modes are treated as externally forced modes. The third mode, with contributions below 1.4%,
is not included as a forced mode.

Here, the evolution of the GMSST in MRI-ESM2-0 from the present to future climates is also
shown in Fig. As described in Eq. , the externally forced change transitions gradually
from the present climate (1855-2025, black dashed lines) to the future climate (19952095, lime-
colored dashed lines) during the period 2021-2025. The detailed procedure for this transition is

described in the Method section.

NW and Future SIC Data
NW climate

SIC in the NW climate is examined to evaluate its spatial distribution. In the NH, the SIC is
derived from the SST using the empirical coefficients employed in COBE-SST?2, as described in
the Method section. Figure [13]|shows the SIC in the present and NW climates. Compared with
the present climate, the February sea ice extent is slightly larger in the NW climate. Although
the spatial patterns are generally similar from year to year, minor differences are found, such
as sea ice extension from the Bering Strait into the Pacific Ocean. In contrast, August SIC in
the present climate shows a gradual declining trend from 1970 to 2010, whereas such a declining
tendency is not evident in the NW climate, despite some variations associated with internal
variability.

In the SH, NW SIC is prescribed using observation-based SIC from COBE-SST2 (Fig. (14a—
c,g—i). Figure also includes the SIC estimated, as in the NH, using the COBE-SST2 co-
efficients and SST [Eq. (28)]. The SIC estimated for the NW climate using the COBE-SST2

coefficients exhibits a broader extent of thin sea ice near the ice edge compared with observation-
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based data. In August 1970, numerous ice-free “hole” structures appear along the sea ice margin
(Fig. [14]). Such features are rarely seen in monthly observation-based analysis. Therefore, the
estimation based on COBE-SST2 coefficients and SST is not applied in the SH.

Prescribing NW SIC in the SH using observation-based SIC does not contradict the spatial
distributions of SST and SSS estimated under the NW climate. For SST, changes are small
south of 60°S (Fig. [8p). The estimated NW SSS shows pronounced salinification in the Arctic
Ocean, whereas the increase in salinity in the Southern Ocean is considerably smaller than that
in the Arctic Ocean (Fig. ) The enhanced salinity in polar regions is likely associated with
sea-ice formation in the NW climate. The weaker salinification in the Southern Ocean compared
with the Arctic Ocean in CMIP-based estimates suggests that sea-ice changes driven by global
warming are smaller in the Southern Ocean than in the Arctic Ocean. Nevertheless, warming-
induced changes in Antarctic sea ice may still play a role. Accordingly, the estimation method

for the Antarctic SIC remains an issue in future work.

Future climate

For the future SIC, we focus on the year 2050 under SSP2-4.5. In the NH, the SIC is determined
based on the change in the SIA in each model (Fig. ), and adjusted to be consistent with
the SST (see the Method section). Future SST after 2021 is generated by shifting the phase of
internal variability from 1961, 1971, 1981, 1991, 2001, and 2011 (see the Method section), so that
the SIC differs not only among models but also depending on the phase of internal variability.
Figures [15| and [L6] show the February and August SICs in 2050 under SSP2-4.5 for each model,
respectively. The differences among the panels of the same model correspond to the different
phases of internal variability, with the internal variability years aligned to 1970, 1990, and 2010
in 2050.

The ratio of the February 2050 SIA to the present climate ranges from a minimum of 86% in
IPSL-CM6A-LR to a maximum of 97% in CNRM-CM6-1, indicating a relatively small spread
across models (Fig. [3g). CESM2 and CNRM-CM6-1 exhibit relatively larger sea ice extent,
but inter-model differences remain modest although they are still larger than the differences
associated with internal variability (Fig. [LF).

In contrast, the spread is larger in August than in February. The August 2050 SIA relative
to that in the present climate ranges from a minimum of 14% for IPSL-CM6A-LR to a maximum

of 75% for CNRM-CM6-1, with differences reaching about 61% (Fig. [Bg). Indeed, SIC tends to
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be considerably lower for IPSL-CM6A-LR and higher for CNRM-CM6-1 (Fig. . Although
the impact of internal variability is smaller than that of inter-model differences, the effect is
more pronounced in August than in February.

In the SH, we evaluate the change in SIA relative to 1995-2014 (Fig. ), and apply this
change to retreat the observation-based SIC from the present climate (1995-2014) as described
in the Method section. For example, the February SIA of MPI-ESM1-2-LR in 2050 is 63%
relative to that in the present climate (Fig. ) Accordingly, the retreated SIC distribution
similar to Fig. which is 60% relative to the observation-based climatology in 1995-2014 (Fig.
3i) is used to represent the February SIC of MPI-ESM1-2-LR in 2050.

Data Availability

The data is available at https://climate.mri-jma.go.jp/pub/archives/Ushijima-et-al_
Upper_Ocean_Data, and metadata, documentation, and citation information for the dataset are

archived through Zenodo®%?.
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Table 1: CMIP6 coupled models used in this study with corresponding abbreviations, ensemble
members, coupled model components, and references.

Model Name abbr. | Members Atmospheric Model Ocean Model reference
ACCESS-CM2 AC 5 UM GAT7.1 MOMS5 Bi et al.t?
CESM2 CE 4 CAME6 POP2 Danabasoglu et al. 7 |
CNRM-CM6-1 CN 6 ARPEGE-Climat v6.3 | NEMO v3.6 Voldoire et al. ™|
CanESM5 Ca 10 CanAM5 NEMO v3.4 Swart et al.’2
IPSL-CM6A-LR | IP 6 LMDZ6A-LR NEMO v3.6 Boucher et al. ™|
MIROC6 MI 30 MIROC6 AGCM COCO v4.0 Tatebe et al.™
MPI-ESM1-2-LR | MP 30 ECHAMSG6.3 MPIOM1.6 Mauritsen et al.? |
MRI-ESM2-0 MR 5 MRI-AGCM3.5 MRI.COMv4 Yukimoto et al. @@ |
UKESM1-0-LL | UK 5 UM GA7.1 NEMO v3.6 Sellar et al.”’

Table 2: The explained variance and S/N ratio of each EOF mode in the present climate, with
annual means and standard deviations (representing seasonal variations) calculated from the
monthly values. The model names are expressed in abbreviations in Table

Explained Variance (%) S/N ratio
Model | 1st mode | 2nd mode | 3rd mode | Ist mode (x10?) | 2nd mode | 3rd mode
AC 8+1.1 | 6.8+1.0 | 1.5£0.40 2.3+£0.18 26£6.2 | 34£1.0
CE |77£044 | 13£0.42 | 3.0£0.25 0.82 £0.024 13+£0.42 | 1.74+0.23
CN 88+1.1 | 3.2£0.18 | 2.4£0.37 1.14+0.11 1.5+0.36 | 5.8+t1.2
Ca [93£0.60 | 45+0.78 | 0.67 +£0.13 13 +£0.97 70+18 | 3.84+0.68
IP 92+1.5 | 22+£0.28 | 1.2£0.46 2.2+£0.39 55+£1.1 | 44+1.5
MI |914+0.34|6.3£0.68 | 0.72+£0.20 11+1.3 65+ 14 11£25
MP |96+£0.34 | 21+0.16 | 0.55+0.11 17+1.2 13+20 | 6.8+1.2
MR |[80+0.59 | 12+1.3 | 1.9£0.52 22+0.17 34+6.2 | 424+1.2
UK 82+1.1 | 10£1.1 | 2.1£0.54 1.0£0.10 37£8.0 | 1.84+0.61

Table 3: Same as Table 2| but for the future climate with SSP1-2.6 scenario.

Explained Variance (%) S/N ratio
Model | 1st mode | 2nd mode | 3rd mode | 1st mode (x10%) | 2nd mode (x10) | 3rd mode
CE 944+0.84 | 3.3+ 0.60 | 0.59 &+ 0.069 4.2 +£0.056 3.1+ 0.60 0.99 +0.25
CN 924+1.0 | 5.0£0.88 | 1.2+0.15 9.0 £ 0.51 4.7+1.1 4.3+ 0.89
IP 95+£0.88 | 2.3£0.17 | 0.71+0.20 2.9+£0.67 1.7+ 0.34 3.0 £0.67
MI 93+£1.1 | 6.14+0.89 | 0.51 £0.095 39+£7.6 63 £6.3 26 £2.6
MP 954091 | 284+0.43 | 0.94+0.26 13+1.2 2.0£0.20 21£5.0
MR | 88+0.54 | 89+0.21 1.44+0.28 7.4+£0.38 9.6 £0.41 13£28
Table 4: Same as Table [3| but for SSP2-4.5.
Explained Variance (%) S/N ratio
Model | 1st mode | 2nd mode | 3rd mode | 1st mode (x10%) | 2nd mode (x10) | 3rd mode
CE 97+0.29 | 1.34+£0.16 | 0.45£0.073 7.3+0.12 4.4+ 0.57 3.0+ 0.63
CN 96 +0.39 | 2.14+0.23 | 0.52 £0.083 14+1.1 1.74+0.29 99+1.7
IP 98 £0.28 | 0.734+0.19 | 0.29 £ 0.035 8.5+ 1.7 3.3+£14 11+1.5
MI 98+£0.28 | 1.7+0.19 | 0.40+0.48 76 £ 13 61 £8.8 66 + 12
MP 98+£0.36 | 1.1 +0.20 | 0.38 £ 0.093 42+ 3.4 7.0£0.97 17+ 3.3
MR | 95+£0.65 | 2.74+0.31 0.94 £0.22 15+ 0.88 5.9 4+0.47 29+59
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Table 5: Same as Table 3| but for SSP5-8.5.

Explained Variance (%) S/N ratio

Model | 1st mode | 2nd mode 3rd mode | Ist mode (x10?) | 2nd mode (x10) | 3rd mode
AC 99+0.23 | 0.63£0.11 | 0.13£0.030 4.9+ 0.47 11+1.6 9.8£1.8
CE 99+ 0.16 | 0.83 £0.097 | 0.23 £0.035 2.2£0.061 5.8£0.61 5.9£0.90
CN 98+0.26 | 1.24+0.20 | 0.21 £0.041 3.7£0.39 3.3 £0.86 17+4.3
Ca 99+ 0.13 | 0.79 £ 0.093 | 0.18 +0.026 19+2.2 38£5.3 51 £5.6
IP 99+040 | 0.71£0.34 | 0.15+0.033 3.0 £0.57 32 £ 18 14+5.0
MI 99+0.20 | 0.99+0.19 | 0.28 £0.041 21+34 70 £ 25 310 £ 62
MP |99+0.16 | 0.76 £0.12 | 0.14 £ 0.019 15+1.2 38+44 42+3.3
MR |98+0.39 | 1.6+0.23 | 0.37£0.085 3.8+£0.29 9.4+0.85 46 £ 8.0
UK 99+0.29 | 0.88+0.22 | 0.21 +0.046 3.1+£0.47 25+6.4 26 £3.3
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Figure 1: (a)—(i) Annual GMSST time series for each model (red). The solid blue line shows
the SST from the extracted forced component (for CNRM-CM6-1 and IPSL-CM6A-LR, the first
EOF mode; for other models, the sum of the first and second EOF modes). The blue dashed and
dotted lines indicate the annual mean SST from the first and second EOF modes, respectively.
The green line shows the SST after sensitivity adjustment of each EOF mode. Thin black
lines represent COBE-SST2 GMSST. (j) Time series of the multi-model mean of the sensitivity-
adjusted forced GMSST change (red line). Other colors indicate differences among observation-
based datasets. (k) Linear trends of the annual mean GMSST for 1961-2020 (°C/decade). The
model names are expressed in abbreviations in Table [I} Khaki bars show the ensemble mean of
each model, with error bars representing standard deviation. Yellow bars indicate the warming
trend of the extracted forced component. COBE-SST2 trends are also shown as khaki bars and
gray circles.
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Figure 2: Differences in annual mean GMSST (left) and GMSAT (right) between 1995-2014
and 2081-2100 for each model. Colors indicate scenarios (blue: SSP1-2.6, orange: SSP2-4.5,
red: SSP5-8.5). Gray circles and error bars show the central estimates of the assessed warming
and their very likely (5—95%) ranges, respectively, reported in Table 4.5 of the IPCC AR6 WG1
Full Report®L,

28



[x10%2 m?] NH SH

@) ® [ I

20

15 —_—— — Feb
W J— May
10 —M — Aug
5 M ————————— et/ NN Nov
0
1960 1980 2000 2020 1960 1980 2000 2020
©
~N — CE — MI
= —CN — MP
o — IP MR
0
2000 2020 2040 2060 2080 2100 2000 2020 2040 2060 2080 2100
1.5 \(e) ) ~
T 1 N
<,': 1.0 ﬁm —CE — M
Al NSl TN~ — —CN — MP
q05 — Feb \\\\\::i:::;::::::- = "
0.0 - AUQ Dty iy : -:?:-'h“;
2000 2020 2040 2060 2080 2100 2000 2020 2040 2060 2080 2100
1.5
" — AC — MI
o 1.0 — CE — MP
el — CN MR
@ 0.5 = —Ca — UK
0 ~ > — Feb — P
00 - ~~ Aug SIS S T == Aug
2000 2020 2040 2060 2080 2100 2000 2020 2040 2060 2080 2100
) 1995-2014 ) 80% ) 60% ) 40% (m) 20%
Q
&L
(n) 1995-2014 (0) 80% ) 60% ) 40% (r) 20%
o
=]

R TE————————= 1 1
0.0 0.2 0.4 0.6 0.8 1.0

Figure 3: (a), (b) Time series of monthly mean SIAs from COBE-SST2 in the (a) NH and (b)
SH. (c)—(h) Time series of low-pass filtered monthly SIAs relative to the 1995-2014 average for
each model in the (c), (e), (g) NH and (d), (f), (h) SH under (c), (d) SSP1-2.6, (e), (f) SSP2-4.5,
and (g), (h) SSP5-8.5 scenarios. Model names are given as abbreviations in Table |1l The cutoff
period of the filter is 10 years. Solid and dashed lines denote February and August, respectively.
(i)—(r) SH SIC in (i)—(m) February and (n)—(r) August. Climatological means are shown for (i),
(n) 1995-2014 from COBE-SST2. SIC distributions obtained by retreating sea ice to (j), (o)
80%, (k), (p) 60%, (1), (q) 40%, and (m), (r) 20% of the 1995-2014 monthly climatological STA

from COBE-SST?2 are shown.
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Figure 4: Climatological SST anomalies of (a) COBE-SST2, (b) MGDSST, and (c) FORA-
WNP30 relative to the SST climatology of Ishii et al.*Z for February in 1982-2016 in the Japan
Sea.
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Figure 5: Normalized spatial patterns of the (a)—(i) first (1) and (k)—(s) second (z3) EOF

modes of February SST and extended time series of the corresponding normalized PCs of the
(j) first (¢}) and (t) second (t}) modes from the historical and SSP2-4.5 simulations in 1850—
2025. The model names in j and t are expressed in abbreviations in Table |1, Normalization
is performed using the square root of the horizontally averaged variance for each mode (values

shown next to the model names).

31



(a)ACCESS-CM2 (0.28°C)
90°N ' -

(b)CESM2 (0.25°C)

—

90°E 180° 90°W
N (e)IPSL-CM6A-LR (0.39°C)

0° 90°E 180° 90°W

(fIMIROC6 (0.23°C)

0°

90°
60°N B ol
30°N
00
30°S ¢ )
e s e e P Bl e e e
0° 90°E 180° 90°W 0° 90°E 180° 90°W 0°

(j) time series of PCs

i _‘/’
1
9 —_

(i)lUKESM1-0-LL (0.31°C)

(c)CNRM-CM6-1 (0.28°C)

90°E 180° 90°W
(9)MPI-ESM1-2-LR (0.28°C)
E‘ =

90°E 180° 90°W

AC
CE
CN
Ca
IP

— MI
— MP
—— MR

UK

0°

(h)MRI-ESM2-0 (0.26°C)

0°

(d)CanESMS5 (0.44°C

90°E 180° 90°W

90°E 180° 90°W

)

-2 -1 0 1 2
QOON(k)ACCESS-CMZ (0.088°C) ()CESM2 (0.10°C)  (m)CNRM-CM6-1 (0.053°C)  (n)CanESMS5 (0.11°C)
60°N F==ry e T : e
s e — i
30°S % - : , =) T
60°5 = - =& o % ——
90°S — T el — T i & ] = ] =
0° 90°E 180° 90°W 0° 90°E 180° 90°W 0° 90°E 180° 90°W 0° 90°E 180° 90°W
QOON(O)IPSL-CM6A-LR (0.057°C)  (p)MIROC6 (0.060°C) (q)MPI-ESM1-2-LR (0.044°C) (r)MRI-ESM2-0 (0.10°C)
60°N Mﬁ e — S e s
0 s A s s [ s y
0N M et o il o i
BV 2 i W b e NI W I i Wa
60°S -~ Tealli=— S, i - SN o~
90°S e e R R e e T ] R R
0° 90°E 180° 90°W 0° 90°E 180° 90°W 0° 90°E 180° 90°W 0° 90°E 180° 90°W
s0eN (S)JUKESM1-0-LL (0.12°C) 5 (t) time series of PCs
60°N Zo=r G 2 — AC  — MI
300'\! I 5, = aj:\ él) / — CE — MP
3095 } ;!7; ‘/"\ e 7\‘ -1 .,/ — CN — MR
60°S ~ | a— ! e —2 '140 — Ca UK
9005 gg'—‘“—éi_/ _3 R |P

90°E 180° 90°W 1850 1900 1950 2000

1 1 I
-2 0

Figure 6: Same as Fig. [5| but for August.
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Figure 7: Normalized spatial patterns of the (a) first and (b) second EOF modes and time
series of the PCs of (c) first and (d) second modes of the internal variability of the annual mean
SST. Normalization is performed using the square root of the horizontally averaged variance for
each mode (values shown in the PC panels).
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their difference. Same as (a), but for (d) temperature at 300 m [0(z = 300 m) in Eq. (17)] and

(e) SSS [S§(z = 0) in Eq. (18)].
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Figure 9: Same as Fig. [5 but for (a)—(f) first and (h)—(m) second EOF modes and PCs of the
(g) first and (n) second modes from the historical and SSP1-2.6 simulations in 1995-2100.
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Figure 10: Same as Fig. [9] but for the historical and SSP2-4.5 simulations
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Figure 11: Same as Fig. b, but for the historical and SSP5-8.5 simulations in 1995-2100.
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Figure 12: Time series of the forced GMSST changes under (a), (b) SSP1-2.6, (c), (d) SSP2-
4.5, and (e), (f) SSP5-8.5 scenarios. The dashed lines colored in black and light green in (b),
(d), and (f) show the forced changes derived from the multi-model mean for 1855-2025 and the
MRI-ESM2-0 data for 1995-2095, respectively, while the light green solid line is the weighted
average of the two estimates in Eq. .
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Figure 13: NH SIC in (a)-(f) February and (g)—(1) August. Panels (a)—(c) and (g)—(i) show
the present climate for 1970, 1990, and 2010, respectively, while panels (d)—(f) and (j)—(1) show
the NW climate for the corresponding internal variability years.
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Figure 14: SH SIC in (a)—(f) February and (g)—(1) August. Panels (a)—(c) and (g)—(i) show the
present climate for 1970, 1990, and 2010, respectively, while panels (d)—(f) and (j)—(1) show the
NW climate for the corresponding internal variability years, estimated using the COBE-SST2
coefficients and SST [Eq. (28)]. [Note that, although panels (d)—(f) and (j)—(1) show the NW
SIC estimated from the COBE-SST2 coefficients and SST, the NW SIC used in our dataset
for the internal variability years (1970, 1990, and 2010) is prescribed from the corresponding
present-climate SIC.]
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Figure 15: Evaluated SIC for each model in February 2050 under the SSP2-4.5 scenario in the
year of the internal variability of (a), (d), (g), (j), (m), (p) 1970, (b), (e), (h), (k), (n), (q) 1990,
and (c), (f), (i), (1), (0), (r) 2010.
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Figure 16: Same as Fig. but for August.
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