REVIEWER #2
General comments

In this manuscript the authors present an overview of the CMCC decadal prediction system
(CMCC DPS), a contribution to CMIP6 and DCPP, with a focus on the evaluation of CMCC DPS's
decadal retrospective forecasts (hindcasts) of surface air temperature. After an introduction to the
topic, the authors present a basic description of the DPS setup, go into the details of their
verification metrics, and then present their results mainly in terms of surface parameters and the
evaluation of some climate indices. The manuscript closes with a summarizing discussion.

| think that CMCC DPS and its skill assessment should definitely being published in GMD.
However, with the current manuscript the authors fall a bit short of getting my recommendation.
(1) In my opinion the skill assessment is just too much focussed on surface parameters, a short
detour into the ocean would make the picture perfectly round, especially when considering that
the system is working on decadal time scales. (2) Also, the authors' approach toward their
full-field initialization scheme could be better explained and motivated. (3) And last not least | am
missing some major conclusions in the abstract or at the end of the manuscript. Is the DPS' skill
good enough to warrant the DPS use as an operational system? What is it that CMCC DPS can
do very well?

A: We would like to sincerely thank reviewer #2 for her/his constructive comments and insightful
suggestions. All comments and suggestions have been taken into account in our revision. Below
are our point-to-point responses.

Major comments

(1) On the focus on surface parameters: | would like to ask the authors to include an
assessment of upper ocean heat content prediction skill and an assessment of the state of
the AMOC. | am aware that reliable AMOC observations only exist since 2004 (at 26°N), so
a figure of the mean AMOC cell and a timeseries at 26°N may suffice.

A: We thank the reviewer for providing these thoughtful suggestions. In response, we have
assessed the DPS AMOC mean cell at different lead years (Fig. R1), monthly time series for
maximum AMOC at 26.5°N from RAPID array and DPS (Fig. R2) and annual time series for
maximum AMOC at 26.5°N from RAPID array and DPS at different lead years (Fig. R3). We also
plot the ACC (Fig. R4) and MSSS (Fig. R5) for the ocean heat content integrated over the first
300-meter depth (OHC300).

The mean AMOC cell in the DPS is quite well reproduced in terms of structure although the
maximum at lead year 1 (Fig. R1) is located more south (below 20°N) compared to other AMOC
reconstructions based on different oceanic reanalysis [Karspeck et al., 2017]. At lead year 1- 5
and 6-10 the maximum moves northwards, due to the model adjustment towards its own
climatology, resembling the structure reported in many studies [e.g. Tsujino et al., 2020]. The
slightly negative trend of the observed AMOC occurring during the last decades is reproduced
just at lead year 1 in the hindcasts (Fig. R2 and Fig. R3), while the simulated low-frequency
variability is consistent with the observed one also at longer lead years.

Our analysis on DPS has highlighted that the initialization shock may lead to the AMOC
slowdown up to lead year 2 (Fig. R2 and Fig. R3), underestimating the maximum by about 2 Sv
at 26.5°N in the period covered by Rapid array. We are aware that the DPS uses a horizontal grid
with 1-degree resolution, which limits the ocean dynamics. A coarse grid may be the cause of a



weaker AMOC compared to the observed one in the RAPID array, independently from the
adopted model [Tsujino et al., 2020].

Other similar studies [e.g. Bilbao et al., 2021] show results consistent with our findings, with a
sharp weakening of the simulated AMOC during lead year one. The Norwegian DPS [Bethke et
al., 2021] shows a high sensitivity of the AMOC to the details of the initialization approach with
considerable impact on local surface temperatures. Moreover, the initial condition may affect
AMOC predictability and, in general, the North Atlantic Ocean, due to a mis-representation of the
impact of the atmosphere—ocean feedbacks [Brune and Baher, 2020].

The ACC and MSSS patterns computed for the OHC300 anomalies (Fig. R4 and RS,
respectively) are consistent with the results obtained for the SST (Fig.2 and Fig.4 in the
manuscript). At lead year 1, significant ACC covers most part of the oceans, except for the
Eastern Atlantic and Southern ocean. The anomalies’ values are also well captured north of
30°N. The OHC300 prediction skill is spatially reduced when higher lead-time ranges are
considered. At lead year 1-5 and 6-10, the ACC is significant over the tropical Pacific, excluding
the equatorial band due to the poor long-term predictability of ENSO, as also found in other DPSs
(e.g. Bilbao et al., 2021). Positive ACC values also cover part of the Indian Ocean, South and
North Atlantic regions. The lack of skill over the subpolar gyre may be partly due to the erroneous
AMOC representation in the DPS, altering the local ocean circulation and heat content. The
MSSS shows positive values mainly localized over the midlatitudes in the North Atlantic (Fig R5),
quite consistent with SST MSSS (Fig. 4).

Following the reviewer's suggestion, we added the OHC300 ACC figure (Fig. R4) and relative
discussion to the manuscript. Furthermore, the OHC300 MSSS and AMOC patterns and
timeseries have been included in the supplementary material. In this way, we think we have
strengthened the assessment of the DPS performance by also analyzing subsurface ocean
parameters.

We add this paragraph to the text:

“To corroborate the skill analysis of surface temperature at decadal time scales, we assess the
skill for the ocean heat content integrated over the top 300 meters of the water column (hereafter
OHC300). The ACC pattern computed for the OHC300 anomalies (Fig. 5) is similar, and thus
consistent, with the results obtained for the SST (Fig. 2). At lead year 1, significant ACC covers
most part of the oceans, except for the Eastern Atlantic and Southern ocean. The anomalies’
values are also well captured north of 30°N. The OHC300 area exhibiting significant skill is
reduced when higher lead-time ranges are considered. At lead year 1-5 and 6-10, the ACC is
significant over the tropical Pacific, excluding the equatorial band due to the poor long-term
predictability of ENSO, as also found in other DPSs (e.g. Bilbao et al. 2021). Positive ACC values
also cover part of the Indian Ocean, South and North Atlantic regions. The MSSS shows positive
values mainly localized over the midlatitudes in the North Atlantic (Fig. S6) and is found to be
quite consistent with SST MSSS (Fig. 4). The lack of skill over the subpolar gyre may be partly
due to the erroneous representation of the Atlantic Meridional Overturning Circulation (AMOC) in
the DPS, altering the local ocean circulation and heat content. A complementary analysis reveals
that the mean AMOC cell in the DPS is quite well reproduced in terms of structure although its
maximum is located too far south (below 20°N) at lead year 1 (Fig. S3) compared to other AMOC
reconstructions based on different oceanic reanalyses [e.g. Karspeck et al., 2017]. At lead year
1-5 and 6-10 the maximum moves northwards, due to the model adjustment towards its own
climatology, resembling the structure reported in other studies [e.g. Tsujino et al., 2020]. The
initialization shock may lead to the AMOC slowdown up to lead year 2 (Fig. S4 and Fig. S5),



underestimating the maximum by about 2 Sv at 26.5°N in the period covered by Rapid array. The
slightly negative trend of the observed AMOC occurring during the last decades is reproduced
just at lead year 1 in the hindcasts (Fig. S4 and Fig. S5) while the simulated low-frequency
variability is consistent with the observed one also at longer lead years.”

REF: Tsujino, H., Urakawa, L. S., Griffies, S. M., Danabasoglu, G., Adcroft, A. J., Amaral, A. E., ...
& Yu, Z. (2020). Evaluation of global ocean—sea-ice model simulations based on the experimental
protocols of the Ocean Model Intercomparison Project phase 2 (OMIP-2). Geoscientific Model
Development, 13(8), 3643—-3708.

REF: Karspeck, A. R., Stammer, D., Kohl, A., Danabasoglu, G., Balmaseda, M., Smith, D. M., ...
& Rosati, A. (2017). Comparison of the Atlantic meridional overturning circulation between 1960
and 2007 in six ocean reanalysis products. Climate Dynamics, 49(3), 957-982.

REF: Brune, S., & Baehr, J. (2020). Preserving the coupled atmosphere—ocean feedback in
initializations of decadal climate predictions. Wiley Interdisciplinary Reviews: Climate Change,
11(3), e637.
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Fig R1: Mean annual AMOC cell in the DPS for lead year 1 (a), lead year 1-5 (b), lead year 6—-10
(c) and for the historical run (d). We consider all the start dates (1960-2020).
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Fig R2: Monthly time series for maximum AMOC at 26.5°N from RAPID array (in black, Moat et
al., 2022) and from DPS (each colored line represents a 20-member ensemble mean). For
illustrative purposes, we plot ensemble means every two years.
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Fig R3: Annual time series for maximum AMOC at 26.5°N from RAPID array (in black) and DPS
(colored lines) and its intra-ensemble spread (colored envelopes) for for lead year 1 (a), lead year
1-5 (b) and lead year 6-10 (c). The black dashed line represents monthly observed RAPID
values while the black solid line is the 12-month (60-month) running mean for lead year 1 (lead
year 1-5 and lead year 6—10) for a consistent comparison between the timeseries.
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Fig. R4: Anomaly Correlation Coefficient (ACC) of the hindcast ensemble (“Init”) and its difference
with the historical ensemble (“Init - Nolnit”) for Ocean Heat Content integrated over the top 300
meters for lead years 1 (top panels), 1-5 (middle panels) and 6—10 (bottom panels). Only “Init”
significant values are plotted in “Init - Nolnit” plots. Stippling denotes points where 95% statistical
significance is not reached, according to a one-tailed t test. Effective degrees of freedom have
been considered [Bretherton et al., 1999]. Reference dataset is ORAS4 [Balmaseda et al. 2013].

Balmaseda, M.A., Mogensen, K. and Weaver, A.T. (2013), Evaluation of the ECMWF ocean
reanalysis system ORAS4. Q.J.R. Meteorol. Soc., 139: 1132-1161.
https://doi.org/10.1002/qj.2063
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Fig R5: Mean Squared Skill Score (MSSS) for the Ocean Heat Content integrated over the top
300 meters computed for the hindcasts (Init) using Nolnit runs as the reference forecast. Note
that the colorbar is not symmetric around zero. Stippling is used to indicate points where 95%
statistical significance is not reached, according to a one-tailed t-test. Accounting for

auto-correlation, the effective number of degrees of freedom has been estimated following
Bretherton et al., 1999.

(2) On the initialization approach: | did not fully understand how the initialization approach
in CMCC DPS works. | am fine with the listing of all the products used in the process of
initialization. But still: is there any "classical” data assimilation involved? Are initial fields



directly derived from reanalyses or other reference datasets? How does the initialization
compare to other initialization approaches within DCPP?

A: We appreciate this question and take the chance to better explain our initialization strategy.
We used 3D states of the Earth system components directly derived from different reanalyses
(now summarized in table T.1 in the manuscript), following the same approach used in the
operational CMCC seasonal forecasting system for oceanic, sea-ice and land components. In
particular, the ocean component is initialized using CHOR/CGLORSvV7 reanalysis produced with
a three-dimensional variational data assimilation system, surface nudging and employing a bias
correction scheme [Storto and Masina, 2016]. it is worth noting that the reanalysis is performed
with the same ocean model used in the CMCC DPS (i.e. NEMO v3.6). Similarly, to initialize the
land component, we use a land-only model (CLM4.5) run forced with atmospheric fluxes obtained
from the ECMWEF reanalysis (ERAS). Also in this case, it is important to note that the land-surface
model used to produce the land-surface initial conditions is the same as the one used in our DPS
as the land-surface component. Then, an interpolation on the respective DPS grid has been
performed to the source data for each component.

Our full-field initialization approach is similar to that adopted by other DPSs [e.g. Bilbao et al.,
2021; Sospedra-Alfonso et al. 2021], in which an a-posteriori correction (lead-year-dependent
mean bias correction) is applied to account for the model drifting towards its own climatology.
Other DPSs [e.g. Bethke et al., 2021, Kataoka et al. 2020] have been initialized using the
observed anomalies superimposed to the respective model climatology, so as to avoid the
initialization shock and the subsequent drift Both of these strategies/approaches are deemed
valid in CMIP6 DCPP protocols [Boer et al., 2016], each presenting some drawbacks: in the
former, the dynamics associated with the inevitable drift may interact with the dynamics driving
the actual variability to be simulated, degrading predictability, while the benefits of the latter
depend on the assumption that the model variability is independent from the model mean state
and it realistically represents the observed variability. Nevertheless several studies have shown
that differences in skill are rather small and localized in space and lead time [Smith et al., 2013;
Bellucci et al., 2014; Volpi et al., 2016].

We modified the text at section 2.1

(3) On the conclusions: | appreciate the author's state to "only" report on the prediction
system and its skill. However, some sharper conclusions (at the end of the manuscript and
in the abstract) could improve the manuscript considerably. They could go along the line
of these questions: Is the system good enough to be used for decadal predictions? What
is it that the system can do exceptionally well?

A: We modified the manuscript, in “conclusions” and “abstract” sections as follows:
5. Summary and Conclusions

In this paper we analyzed the predictive capabilities of the CMCC DPS, using a set of 20-member
hindcasts, initialized every year from 1960 to 2020, performed with the CMCC-CM2-SR5 coupled
model and a full-field initialization strategy.

The study has highlighted the following main findings:

- the DPS skilfully reproduces the observed variability of surface temperature (T2M over
land and SST over the oceans) and upper-ocean heat content (Fig. 2 and Fig. 5,
respectively), with a large fraction of the total skill stemming from long-term trends



associated to changes in the external forcings (Van Oldenborg et al., 2012). The North
Atlantic Ocean is the region that benefits the most from initialization (ACC difference up
to 0.80 in Fig. 2.b,d,f and MSSS close to 0.6 in Fig. 4), with the largest skill
enhancement (compared to historical simulations) over the subpolar gyre region. As still
typical in decadal predictions, a lack of skill characterizes the whole Pacific Ocean, over
which significant ACC values are bound to lead year 1.

- Some climate variability patterns in the North Atlantic sector feature significant
predictability. In particular, the observed AMV signal is skillfully predicted (ACC=0.91,
Fig. 8a), and this likely contributes to obtaining significant skill also in remote areas
through downstream influence, circulation changes and teleconnections. A remarkable
prediction skill is also found for the NAO index, with maximum correlations obtained in
the 1-9 lead-year range (ACC=0.58). This promising result has been demonstrated also
for other decadal prediction systems (Athanasiadis et al., 2020; Smith et al. 2020), yet
always with significantly larger ensembles. The predicted NAO index can be used to
improve forecasts of poorly simulated variables influenced by the observed NAO
changes (Dunstone et al., 2022). Over the tropical Pacific Ocean, ENSO variability
exhibits some predictability up to year 3, with highest values of ACC bound to the first
winter after initialization (ACC=0.95). Moreover, the TPl shows higher predictive skill on
longer timescales despite the low skill that the DPS exhibits over most of the Pacific
Ocean.

- Regarding precipitation, the CMCC DPS shows limited skill, with statistically significant
correlations only over specific areas, a feature shared with other state-of-the-art decadal
prediction systems. Indeed, significant skill is only found over Sahelian Africa, Northern
Eurasia and over the Western and Central Europe, with ACC values up to 0.50 (Fig. 3).
This spatially confined skill may derive from the AMV, which is known to be a source of
predictability for these regions, influencing rainfall variability on annual-to-decadal
timescales (Doblas-Reyes et al., 2013; Ehsan et al., 2020; Ruggieri et al., 2020). On the
other hand, no significant skill for precipitation is found over the rest of the globe,
probably also due to the relatively small size of our ensemble (Yeager et al., 2018) and
to the very high spatial variability (Goddard et al., 2013) and absence of a strong trend
in precipitation (Gaetani and Mohino 2013; Bellucci et al., 2015). Improvements
compared to the historical simulations are bound to some regional features, suggesting
no substantial benefits from initialization in terms of precipitation skill.

Systematic errors also affect the forecast quality. The strong cold bias occurring over the
Northern Hemisphere tends to produce an initialization shock and a subsequent drift, typical of
the full-field initialization (He et al., 2017) approach used in the CMCC DPS. Admittedly, AMOC is
particularly affected by the initialization strategy (Fig. S3), with the full-field approach inducing a
long-term adjustment due to the bias in the representation of the large-scale ocean circulation
(Polkova et al., 2014). In this context, another sensitive region is the Equatorial Pacific in which
full-field initialization seems to give the strongest benefit in skill compared to anomalous
initialization (Bellucci et al., 2015). From another perspective, model errors may be mitigated by
enhancing spatial resolution (both horizontal and vertical) in the oceanic and atmospheric model
components, since coarse resolution limits a realistic representation of key physical processes
(e.g. realistic SST front in the Gulf Stream region), impacting the atmospheric circulation
downstream (Athanasiadis et al., 2022; Paolini et al., 2022). For instance, an eddy-permitting
ocean model (i.e. 0.25° horizontal resolution) in a fully-coupled system led to improved decadal
predictions over the whole equatorial zone (Shaffrey et al., 2017). Moreover, increasing the



ensemble size is expected to further increase the skill by allowing the predictable signal to
emerge more clearly from the chaotic variability (Athanasiadis et al., 2020).

Interestingly, the results obtained from the CMCC DPS are broadly consistent with similar
assessments from other CMIP6 decadal prediction systems (Bethke et al., 2021; Bilbao et al.,
2021; Kataoka et al., 2020; Robson et al., 2018; Sospedra-Alfonso et al., 2021; Xin et al., 2019;
Yang et al., 2021; Yeager et al., 2018) and multi-model studies (Borchert et al., 2021a, 2021b;
Delgado-Torres et al., 2022). In particular, most of the DPSs feature high predictive skill over the
Atlantic Ocean, the Indian Ocean and continental areas, where a large fraction of predictability
stems from the external forcings. The added value of initialization is most noted over the
subpolar gyre and the subtropical Atlantic (in most of the DPSs), confirming these areas as those
in which decadal predictions benefit the most from realistic initialization. The non-significant skill
found over the Southern Ocean is considered to be, at least in part, due to the lack of oceanic
observations in that region that prevents the accurate estimate of the initial state of the ocean.
The predictive skill of the Pacific Ocean rapidly decays with forecast time, especially over the
North Pacific, arguably due to the limited predictability of ENSO beyond the first forecast year and
the consequent strong influence over the North Pacific (unpredictable ENSO-driven variability).

We remind that the CMCC DPS provides decadal forecasts (operationally since 2021) for the
annual release of the WMO (World Meteorological Organization) Global Annual-to-Decadal
Climate Update, a multi-model assessment of the near-term climate for societal applications
(Hermanson et al., 2022). At the same time, the CMCC DPS makes a significant contribution the
grand ensemble CMIP6 DCPP-A hindcasts.

The encouraging results obtained in this study indicate that climate variability over land can be
predictable over a multi-year range, as well they demonstrate that the CMCC DPS is a valuable
addition to the current generation of DPSs. This stresses the need to further explore the potential
of the near-term predictions, further improving future decadal systems and initialization methods,
in the perspective to provide a reliable tool to inform decision makers on how regional climate will
evolve in the next decade.

Abstract. Decadal climate predictions, obtained by constraining the initial condition of a
dynamical model through an accurate estimate of the observed climate state, provide the best
available assessment of climate change in the near-term range and a useful tool to inform
decision-makers on future climate-related risks.

Here we present results from the CMIP6 DCPP-A decadal hindcasts produced with the
operational CMCC decadal prediction system (CMCC DPS), based on the fully-coupled
CMCC-CM2-SR5 dynamical model. A 20-member suite of 10-year retrospective forecasts,
initialized every year from 1960 to 2020, is performed using a full-field initialization strategy.

The predictive skill for key variables is assessed and compared with the skill of an ensemble of
non-initialized historical simulations so as to quantify the added value of initialization. In particular,
the CMCC DPS is able to skilfully reproduce past-climate surface and subsurface temperature
fluctuations over large parts of the globe. The North Atlantic Ocean is the region that benefits the
most from initialization, with the largest skill enhancement occurring over the subpolar gyre
region, comparing to uninitialized historical simulations. On the other hand, the predictive skill
over the Pacific Ocean rapidly decays with forecast time, especially over the North Pacific. In
terms of precipitation, the CMCC DPS skill is significantly higher than that of the historical
simulations over a few specific regions, including Sahel, Northern Eurasia and over the Western
and Central Europe.



The Atlantic Multidecadal Variability is also skilfully predicted, and this likely contributes to the
skill found over remote areas through downstream influence, circulation changes and
teleconnections. Considering the relatively small ensemble size, a remarkable prediction skill is
also found for the North Atlantic Oscillation, with maximum correlations obtained in the 1-9
lead-year range.

Systematic errors also affect the forecast quality of the CMCC DPS, featuring a prominent cold
bias over the Northern Hemisphere, which is not found in the historical runs, suggesting that in
some areas the adopted full-field initialization strategy introduces significant perturbations to the
model in respect to its equilibrium state.

The encouraging results obtained in this study indicate that climate variability over land can be
predictable over a multi-year range, as well they demonstrate that the CMCC DPS is a valuable
addition to the current generation of DPSs. This stresses the need to further explore the potential
of the near-term predictions, further improving future decadal systems and initialization methods,
in the perspective to provide a reliable tool to inform decision makers on how regional climate will
evolve in the next decade.

(4) On the 10 historical members for verification: | understand that the authors would
rather use 15 prediction members than only 10. Nevertheless the more consistent
approach would be to use only 10 members in the prediction ensemble when it is going to
be verified by a 10 member historical ensemble. Please elaborate more on that you can
actually use the 15 members.

Since only 10 historical members are available, and now the 20 members for the hindcasts are
considered, the hindcast ensemble has been scaled down using a random sub-sampling with 100
iterations in skill assessment plots where we directly compare the hindcasts with the historical
ensemble. It is worth noting that no strong differences occur with the previous assessment as
well as with a varying number of iterations (not shown). We specified this in the method section
2.2 as follows:

“Since only 10 historical members are available, the 20-member hindcast ensemble has been
scaled down using a random sub-sampling with 100 combinations in order to allow a fair
comparison to the historical ensemble in the skill assessments.”

Minor comments
l. 10 "Abstract”
The abstract is missing any conclusion.

Please include some of your main conclusions, they are also still missing in "Summary
and conclusions™

A: We modified the manuscript, in “conclusions” and “abstract” sections. See major comment #3
I. 15 "full-field initialization"

Please be precise in terminology. In the summary it is named "full-value". From what |
understood the term "full-field and full-value" might actually be describing the setup best.
But "full-field" would be accurate enough, | guess.

A: We agree. Now we use consistent terminology (i.e. “full-field”) in the revised manuscript.



l. 27 "Model systematic errors™

Since these errors may not be present in an uninitialized historical or control simulation, |
would suggest to call them not "model systematic” but only "systematic" errors.

A: We agree with the reviewer. We have corrected the text following her/his suggestion.

I. 31 "For a long time"

Please be more specific. What do you mean with "long"? 10 years, 50 years?

A: We modified the text as follows: “Prior to year 2000”

I. 94 "All members are initialized on November 1st, starting from full-field estimates of the
observed state of the ocean, sea-ice, land surface and atmosphere."

I am puzzled how the 15 ensemble members are initialized. Just by simply taking
reanalyses fields as the starting point? In the following, the authors name different initial
conditions for atmosphere, ocean etc. Could you please summarize this in a table so that
the 15 different initial conditions are shown together?

A: Following your comment, we have added a summarizing table on the initial conditions in this
version of the manuscript. We have also adopted a suite of 20 members in this version. The 20
members are generated by the combinations of 2 initial conditions from the land component, 2
from the atmosphere and 5 from the ocean.

LAND

ATMOSPHERE

OCEAN

Data Source

Land-only analyses forced by 2

different atmospheric datasets:

CRUNCEPV7 [Viovy, 2016] and

GSWP3 [Kim, 2017].

Note: from 2015 onwards, the

atmospheric fluxes to force the
land-only analysis are taken

from NCEP reanalysis (instead
of CRUNCEPvV7) and from
ECMWEF ERADS (instead of

GSWP3).

ERA40 [Uppala et al., 2005] for
1960-1978 start dates,
ERA-Interim [Berrisford et al.,
2019] for 19792018 start dates
and ERAS5 [Hersbach et al.,
2020] from 2019 onwards.

CHOR [Yang et al., 2016] for
1960-2010 start dates and
CGLORSV7 [Storto and Masina,
2016] for 2011—present start
dates.

Number of ICs

2 1Cs (2 runs forced by 2
different datasets,
providing instantaneous
2-meter air temperature
and humidity, 10-meter
winds and surface
pressure every six hours
and 3-hourly-accumulated
radiation and precipitation)

2 ICs (derived from
time-lagging perturbations,
using the 1st and 2nd
November)

5 1ICs (from 3 realizations
of the global ocean/sea-ice
reanalysis + 2 ICs from
linear combinations of the
former 3 ICs)

Procedures

Direct interpolation on
target grid from land
restarts

Direct interpolation on
target grid from
atmospheric 3D state of
temperature, specific
humidity and horizontal
wind components

Direct interpolation on
target grid from 3D state
of temperature, salinity
and horizontal
components of the
ocean currents.



Data Source Number of ICs Procedures

Direct interpolation on
target grid of sea-ice
SEA-ICE temperature, sea-ice
volume, sea-ice area
and snow volume.

It remains unclear, how much of data assimilation has been used for initialization. Please
include a statement on that topic.

If you have not been using data assimilation, could you please elaborate more on why not?

A: We did not use any assimilation runs for the generation of initial conditions. We have discussed
this in major comment #2.

If you have been data assimilation, how many of the reanalyses used for this DPS have
been done with the same or similar model? This question goes along the line of trying to
use the very same coupled ESM for data assimilation, ensemble generation, and
prediction, see e.g. Brune and Baehr 2020.

A: As mentioned in comment #2 in the “Major” section, no data assimilation has been applied to
the initial conditions.

I. 113 "We use a 10-member ensemble of historical simulations initialized"

Unfortunately only 10 historical members are used for verification. | strongly suggest to
use 15 historical members as well, or scale down the hindcasts ensemble to 10 members.
If that's impossible, please elaborate more on the discrepancy between the two ensembles
and the possible downsides in terms of skill assessment.

A: As stated in major comment #4, since only 10 historical members are available, the 20
-member hindcast ensemble has been scaled down using a random sub-sampling with 100
combinations in skill assessment plots (i.e. the Init skill is equal to the averaged kill of 100 different
combinations) where we directly compare the hindcasts with the historical ensemble. It is worth
noting that no strong differences occur with the previous assessment as well as with a varying
number of iterations (not shown). We specified this in the text as follows:

“Since only 10 historical members are available, the 20-member hindcast ensemble has been
scaled down using a random sub-sampling with 100 combinations in order to allow a fair
comparison to the historical ensemble in the skill assessments.”

I. 290 "Summary and conclusions"

This is rather a summary discussion. A proper discussion is missing. For a summary it is
quite long.

Please include at least a paragraph at the very end with the conclusions, incorporating
your two or three main findings.

A: We modified the manuscript, in “conclusions” and “abstract” sections (see major comment #3).



I. 292 "full-value initialization"

See above, please use consistent terminology.
A: Fixed

l. 295 "different variables™

Please be more specific here: are you referring to "surface parameters”, or "surface
temperature”, actually the results are about "surface parameters” and "surface climate
indices".

A: Following your comment, we corrected the text using “surface temperature”
l. 297, 1. 302, I. 314 "Nolnit"

| suggest using "non-initialized historical simulation” or "historical simulation" here to not
overfreight the paragraph with abbreviations.

A: We agree with the reviewer. We changed the text in the mentioned lines.
I. 297 "The ROC score index in Init highlights the DPS ability"

Please use "initialized prediction” or "prediction” instead of "Init" here. Also, the sentence
sounds a bit awkward. Please rephrase, e.g. "The DPS correctly discriminates (...)
intervals, with ROC scores of <value> (Fig.?)."

A: We changed the text as follows: “The DPS correctly discriminates the occurrences of
below-tercile and above-tercile surface temperature anomalies throughout different lead-year
intervals, with ROC scores close to one over land (Fig. 7).”

I. 308f "significant skill is only found over Sahelian Africa ..."

Perhaps it is worthwhile here to include skill values or the range of them.
A: We added the ACC values.

I. 317 "AMV signal is skillfully predicted”

Same as above, a skill value would help.

A: We changed the text adding the ACC value of the AMV.

I. 325 "Model systematic errors”

see above comment for the abstract, | would suggest to name this only "systematic
errors”.

A: We deleted the “Model’ word from this sentence.
l. 327 "Admittedly, AMOC is particularly affected by the initialization strategy,..."

| suggest including a figure illustrating the initial AMOC state and the resulting long-term
drift (at 26°N). With the direct full-field/full-value initialization, strange things could happen



to AMOC and come back later on the time scale of 10 to 30 years, which is characteristic
for AMOC disturbances. This figure could go into the supplement.

A: Following your suggestion, we have added AMOC figures to the supplementary material. We
have discussed the figures in the major comment #1 and in the manuscript at section 3.2.

Technical comments
I. 41 "(CMIP5)(Smith et al. ...)

Please use correct citation for CMIP5 AND please avoid brackets )(. Here | would suggest:
"(CMIPS5, Taylor et al. 2012; Smith et al. ...)"

A: Fixed

l. 44, 1.64 Same as above, please avoid brackets )(.
A: Fixed

l. 332 "course" Should read "coarse".

A: Fixed
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