
 

Review 2 

Please find below the answers to the comments point-by-point. For clarity, all reviewer 

comments are in black and responses in blue. Modifications in the manuscript are indicated 

with underlined text. 

 

The manuscript by Couallier et al., presents an approach to sub-select ensemble members 
from an uninitialized large ensemble to predict precipitation over France with higher skill than 
using the full ensemble. The paper is generally well written though there are places where it can 
benefit from improving grammar. The manuscript falls withing the scope of the journal and may 
be accepted for publication after clarifying major concerns. 

We are grateful to the reviewer for the careful reading of our manuscript and for the 

constructive comments, which helped us substantially improve the clarity and rigor of the 

work.  

Before addressing the specific comments, we would like to note that we identified an error in 

the computation of 8-year mean summer precipitation for both observations and uninitialized 

projections, resulting in a one-year lag relative to the decadal predictions. This issue has 

been corrected. All analyses, figures, and associated text have been updated accordingly. 

This correction affects the quantitative skill scores for summer precipitation predictions 

(former Figs. 9 and 10), although the overall conclusions of the study remain unchanged. All 

modifications related to this correction are clearly highlighted in the revised manuscript.  

 

Major points: 

Major point 1. The study is missing important methodological details. By simply pointing 
towards an unpublished study (Alkama et al.) for methodological details is not appropriate in 
my opinion. Also, I am not sure how the drift in initialized predictions is treated and whether it 
affects their selection process. Missing these details are the major shortcoming of this study. 
Also, how are the model and observational data treated, for example, remapping, use of 
anomalies or mean values etc. 

We thank the reviewer for highlighting the need for additional methodological details. We 

address each sub-point in turn. 

(i) Reference to an unpublished study: Alkama et al. has since been accepted for publication 

in Science Advances and will be publicly available shortly, ensuring that readers will be able 

to access the full methodological details. We have updated the citation accordingly in the 

revised manuscript. We have also expanded Section 2 to provide a self-contained summary 

of the key steps of the Alkama et al. method: 

“We apply the post-processing method developed by Alkama et al. (in press) that improves 

the earlier work by Smith et al. (2020) and Marcheggiani et al. (2023). This approach includes 

two key steps: 



 

1.   The DCPP-A ensemble mean is aggregated across lead times using an optimized 

averaging scheme. For each target 8-year calendar window, rather than combining 

members from four consecutive start dates as in Smith et al. (2020) – which 

introduces a systematic two-year lag between the predicted and observed periods 

– Alkama et al. restrict averaging to hindcast years that fall within the target 

calendar window. Specifically, for each calendar year in the window, the predicted 

values from all contributing hindcast start dates (lead years 2 to 9) are first 

averaged, before computing the 8-year mean. This ensures temporal 

synchronization between predictions and observations and increases the ACC of 

the boosted winter NAO from 0.58 to 0.83 (Alkama et al., in press). Here, the 

method is applied using lead times 2-10, rather than 2-9 in Alkama et al. (in press). 

Alkama et al. restricted average to lead years 2-9 for consistency with Smith et al 

(2020); in the present study, lead year 10 from previous start dates is also included 

in the averaging on each calendar year in the window of the predicted values from 

all contributing hindcast start dates. This slightly increases the effective ensemble 

size contributing to each prediction without altering the 8-year averaging window, 

therefore potentially further increasing the skill scores.  

2.   The ensemble mean forecast is variance-rescaled so that its standard deviation 

matches that of the observed signal, correcting for the systematic underestimation 

of signal amplitude associated with the signal-to-noise paradox (Scaife and Smith, 

2018). 

The resulting predictions are referred to as 'boosted' decadal predictions. For some indices 

(wWEPA, sNAO, and sMedScand), the predicted linear trend is opposite in sign to the 

observed trend (Fig. S1.1). In these cases, the predicted trend is adjusted to match the 

observed trend over the historical period, following Kharin et al. (2012); for future forecasts, 

this correction is applied by extending the instrumental observed trend.” 

 

(ii) Drift correction: No drift correction was applied in the original prediction framework. This 

choice was motivated by previous studies showing that initialization drift primarily affects sea 

surface temperature fields, while its impact on large-scale sea-level-pressure-based indices 

is generally limited, and often not corrected (e.g., Smith et al., 2020, Alkama et al.). To 

evaluate the potential impact of drift on our results, we applied a lead-time-dependent bias 

correction to each model from the DCPP ensemble prior to applying the aggregation method 

of Alkama et al. The lead-time-dependent climatology was evaluated over 1970–2016 to 

ensure a consistent baseline across all lead times. Figure R1 illustrates the climatology by 

model and lead time, revealing very small drift across lead times for SLP indices, though a 

larger drift is observed for the uAMV index (Fig. R1d), consistent with its dependence on sea 

surface temperatures. Since predicted indices are 8-year averages over lead times 2 to 10, 

the impact of drift is further attenuated. Figure R2 confirms that this drift correction has a 

negligible effect on the SLP-based index predictions. 



 

 

(iii) Data treatment: Full details have been added to Section 2.2a of the revised manuscript: 

“To extract atmospheric indices, observations and model outputs are remapped to a common 

2°x2° regular grid using bilinear interpolation prior to spatial averaging over the index 

definition regions. For observations and the uninitialized IPSL ensemble, 8-year rolling means 

are first computed from the raw seasonal values, and anomalies are then obtained by 

subtracting the climatological mean of these smoothed times series, estimated over the full 

1966-2019 period. For DCPP boosted predictions (see Section 2.2.b), the 8-year aggregation 

follows the lead-time-aware method of Alkama et al. (in press); anomalies are subsequently 

computed relative to the same 1966-2019 climatological baseline.” 

 

“In addition to the atmospheric indices, we include an AMV index to capture potential low-

frequency oceanic influences on European climate (Sutton and Hodson, 2005). [...] We define 

the index used here as the area-weighted mean of annual-mean SST over the North Atlantic 

domain (0°–60°N, 76°W–0°E). For models with curvilinear or irregular ocean grids, weighting is 

performed using the model-native grid-cell area field; for models on regular latitude-longitude 

grids, cosine-of-latitude weighting is used.” 

 

Fig. R1: Lead-time-dependent climatology of large-scale climate indices used to assess 
potential drift in decadal predictions. Each panel shows the climatological mean by model and 



 

lead time for: (a) boreal winter wNAO, (b) extended winter wWEPA, (c) extended summer sNAO, 
and (d) yearly uAMV, computed over the 1970–2016 period. Colors indicate individual lead times 
(2–10). The small spread across lead times for SLP-based indices (a–c) indicates negligible drift, 
while the larger spread for the uAMV (d) is consistent with its dependence on sea surface 
temperatures.  

 

Fig. R2: Observed and predicted decadal variability of large-scale climate indices, with and 
without lead-time-dependent drift correction. Eight-year running means are shown for: (a) 
wNAO (extended winter, ONDJFM), (b) wWEPA (extended winter, DJFM), (c) sNAO (extended 
summer, AMJJAS), and (d) uAMV (yearly). The black line shows ERA5, the blue line shows 
boosted DCPP predictions with drift correction, and the orange line shows predictions without 
drift correction. Pearson correlation coefficients with ERA5 are reported in parentheses in each 
panel legend. The close agreement between the blue and orange lines confirms that lead-time-
dependent drift correction has a negligible impact on the predicted indices. 

 

Major point 2. The study seems to have ignored several pioneering works related to climate 
predictions using ensemble selection approaches. It is important that the discussions include 
similar works done before. I have listed a few studies who use ensemble selections for seasonal 
to decadal climate predictions. 

We thank the reviewer for drawing our attention to this body of work on ensemble selection 
approaches. We have incorporated these references and contextualized our contribution 
relative to them in two locations in the revised manuscript. 



 

In Section 2.2c (Methods), the following text has been added: “To transfer predictability from 
large-scale indices to precipitation, we adopt an index-based subsampling strategy inspired by 
the NAO-matching method (Smith et al., 2020; Alkama et al., in press). The idea of selecting 
climate simulations based on predicted or observed criteria has been employed in various 
contexts: in seasonal forecasting (Ding et al., 2018) and on decadal-to-multi-decadal 
timescales (Befort et al., 2020; Mahmood et al., 2021, 2025). Smith et al. (2020) introduced the 
NAO-matching method by selecting a subset of 20 members from multi-model decadal 
simulations at each 8-year window whose NAO values best match the NAO prediction from the 
whole DCP predictions ensemble mean.” 

In Section 4 (Discussion and Conclusions), the following text has been added:  

“Previous work has demonstrated the potential of ensemble selection approaches for 
predicting climate variability (Befort et al., 2020; Mahmood et al., 2021, 2025). These studies 
focused primarily on predicting temperature variations using SST-based selection criteria. 
Mahmood et al. (2025) extended this approach by incorporating the NAO to select members that 
reproduce the observed NAO–temperature teleconnection during the 20 years prior to the 
prediction period. Our study applies a conceptually similar framework, but targets precipitation 
predictions and introduces an explicit step to identify the most skillful combination of large-
scale predictors. Our results confirm and extend previous findings demonstrating that improved 
predictions of large-scale climate indices, such as the boosted NAO forecasts developed by 
Alkama et al. (in press), can be effectively leveraged to enhance regional hydroclimate 
predictions (Nicolì et al., 2025; Tsartsali et al., 2023). While earlier studies focused primarily on 
winter NAO and its influence, our work broadens this scope to include both winter and summer 
seasons, incorporating combined index approaches such as the sNAO, together with the uAMV 
index for summer precipitation forecasting.” 
 

Major point 3. One of my major concern is that the authors use a rather small ensemble from 
which the selections are made and also only from single model. Why is the selection not 
performed using a multi-model ensemble from CMIP6 simulations? Using (sub-selecting) 
members from just one model can be a limitation when applying the same method to other 
regions as the author seems to claim. I do not agree that it would be easier to apply the 
methodology to other regions particularly when selection is performed using a single model 
ensemble. Also the ensemble size from which the selection is made is rather small. 

We thank the reviewer for raising this important concern. We address the multi-model and 
ensemble size questions in turn. 

Regarding the choice of a single-model ensemble: while a multi-model ensemble would in 
principle provide greater diversity, its use for subsampling raises non-trivial methodological 
challenges. Different models may exhibit substantially different amplitudes for the climate 
indices considered, as well as different precipitation responses to a given index state. 
Subsampling across a multi-model ensemble would yield predictions with varying proportions 
of members from each model at each start date, which complicates the interpretation of skill 
scores and the attribution of skill improvements. A single-model ensemble, by contrast, 
provides greater dynamical and statistical coherence in the predictions. Additionally, the 
present framework involves downscaling the subsampled uninitialized simulations to a high-
resolution (8 km) grid using the CDF-t method. Applying this downscaling procedure to multiple 



 

models simultaneously would entail substantially greater computational and data storage 
costs, which is why this proof of concept was carried out for a single model. We acknowledge 
the single-model choice as a limitation of the current study and have stated this more explicitly 
in the revised manuscript. 

Regarding ensemble size: the subsampling consists of selecting 5 members out of 32 at each 
start date — a ratio of approximately 1:6. We acknowledge that both the size of the selected 
sub-ensemble and the size of the full ensemble from which it is drawn may influence prediction 
skill. Regarding the sub-ensemble size, Supplementary S8 from the first submission presents a 
sensitivity analysis in which the number of selected members varies from 2 to 8, providing 
insight into this aspect of the method. Regarding the full ensemble size of 32 members, we 
acknowledge that this sensitivity was not explicitly investigated and represents a limitation of 
the current study. Larger uninitialized ensembles from CMIP6 would provide a richer pool from 
which to subsample, potentially improving prediction skill and reducing sampling uncertainty. 
The evaluation of this method with larger or multi-model uninitialized ensembles represents an 
avenue for future research, as noted in the revised Discussion section:  

"In the present study, subsampling is performed by selecting 5 members out of 32 from a single-
model ensemble (IPSL-CM6A-LR), which limits both the statistical diversity of the selected sub-
ensemble and the generalizability of the results across models. Exploring larger single-model 
ensembles or multi-model CMIP6 ensembles in future work could help assess the robustness 
of the subsampling approach and potentially improve prediction skill. [...] Future work should 
explore adaptive seasonal definitions, integration of additional indices, optimal weighting 
strategies and exploration of alternative or larger uninitialized model ensembles to further 
enhance predictive skill."  

 

Regarding transferability to other regions: we agree with the reviewer that the choice of 
uninitialized model may affect the applicability of the method to other regions. We have revised 
the corresponding claim in the manuscript to reflect this nuance more accurately:  

“This system leverages large-scale atmospheric and oceanic teleconnections relevant to 
precipitation variability over metropolitan France. Since the methodology is not specific to this 
region, it can in principle be applied to other regions of the globe, if appropriate large-scale 
predictors and suitable uninitialized ensembles are available." 

 

Major point 4. The results shown in Fig. 6/7 does not support authors claims about reduced 
uncertainty when observation is almost always outside the spread of the selected ensemble. 
That would employ that the predictions from the sub-selected ensembles are not reliable, no? 
The reduction in ensemble spread is not really useful when it does not include observations 
inside. 

We thank the reviewer for this important comment on reliability. We wish to clarify both the 
scope of our claims and the interpretation of Figs. 6 and 7. 

Figures 6 and 7 display the predictions of the large-scale climate indices (e.g., the wNAO, 
wWEPA, sNAO, and uAMV), not the precipitation predictions. For the index predictions, we do 
not claim reduced uncertainty in the manuscript. The figures illustrate the temporal agreement 
between the predicted and observed index time series. Crucially, the red shading shown in 



 

Figures 6 and 7 represents the spread of the selected sub-ensemble, which was not chosen to 
optimally predict the index itself, but rather to identify members whose large-scale circulation 
state is dynamically consistent with the predicted index phase — and whose associated 
precipitation response is therefore expected to be more skillful. The sub-ensemble spread in 
index space may thus appear narrow or imperfectly centered on the observed index, yet still 
yield improved precipitation predictions, which is the actual target of the selection procedure. 

The claim regarding reduced uncertainty therefore applies specifically to the precipitation 
predictions, as shown in Fig. 11. In that figure, the subsampled ensemble spread is reduced 
relative to the full uninitialized ensemble, and observations fall predominantly within the 
selected ensemble spread, suggesting improved reliability at the regional precipitation scale.  

We have revised the manuscript (section 3.1) to ensure that the distinction between index-level 
spread and precipitation-level uncertainty is stated unambiguously: 

“Subsampling the five closest members to the boosted hindcasts in terms of SLP indices from 
the uninitialized IPSL ensemble results in predictions closely matching the boosted forecasts. 
Selecting the five uninitialized IPSL-CM6A-LR members whose SLP indices most closely match 
the boosted hindcasts results, by construction, in a sub-ensemble with a substantially narrower 
spread than the full ensemble. As a consequence, observations frequently fall outside this 
spread, which should not be interpreted as a failure of reliability. The sub-ensemble was not 
designed to optimally predict the index itself, but to identify members whose large-scale 
circulation state is dynamically consistent with the predicted index phase. The skill target of this 
selection procedure is regional precipitation, whose prediction reliability will be assessed later 
on in the manuscript."  

 

Major point 5. It could be useful to compare the skill predictions from the sub-selected 
ensemble relative to the skill of actual prediction systems (DCPP-A). This could highlight the 
benefits of using the current approach in predicting the future climate.  

We thank the reviewer for this constructive suggestion. We agree that a comparison with DCPP-
A precipitation prediction skill is important to contextualize the added value of our approach. 
We have therefore computed the precipitation prediction skill of the DCPP-A ensemble mean 
against ERA5 observed precipitation and included the results directly in the revised manuscript. 
The following description has been added to the Methods section (Section 2.2e, “Comparison 
with raw DCPP ensemble mean”): 

“The forecast skill is also evaluated against the raw DCPP-A ensemble mean. The DCPP 
ensemble includes 11 models (and not 12 because precipitation data for CESM1-1-CAM5-
CMIP5 are unavailable on ESGF). Drift is removed from DCPP-A predictions by computing 
precipitation anomalies relative to a lead-time-dependent climatology for each model. Eight-
year means are computed by averaging lead times 2 to 9. The multi-model ensemble mean is 
then formed by averaging the individual model ensemble means. 

The comparison between the two prediction systems is not straightforward due to their different 
spatial resolutions. DCPP-A predictions are available at a coarse native resolution of 
approximately 2°, while our subsampling-based predictions are statistically downscaled at 8 



 

km resolution. To ensure inter-model comparability, we first remap all DCPP-A outputs to a 
common 2° resolution grid. Remapping these predictions to a finer scale would not be physically 
meaningful given the models’ native resolution. 

Concerning the subsampling-based predictions, they have been downscaled and bias-
corrected against the SAFRAN observational dataset (~8 km, ~0.08° resolution). Remapping the 
downscaled subsampling predictions to a 2° is not straightforward. Indeed, since these 
predictions are only available over metropolitan France, regridding to a 2° would result in 
incomplete coverage of several coarse grid cells at the domain boundaries, introducing 
artefacts in the skill computation. 

For consistency, ACC from both prediction systems (raw DCPP and subsampled predictions) 
are compared using ERA5 dataset. DCPP-A predictions are compared against ERA5 remapped 
to 2°, while subsampling predictions are compared against ERA5 at 0.25° resolution. Note that 
the subsampling predictions are spatially interpolated onto the 0.25° ERA5 grid for this 
comparison, no additional bias correction is applied at this stage.” 

 

The following results and figure have been added at the end of section 3.3: 

“Finally, in winter, wNAO-based subsampling predictions substantially outperform the raw 
DCPP-A ensemble mean (Fig.12.a-d), with significant ACCs over the majority of metropolitan 
France, whereas DCPP-A skill is largely confined to the French Atlantic coast. In summer, skill 
improvements from sNAO+uAMV subsampling are more localized, with gains over Brittany and 
northern and north-eastern France. In southern France, however, the subsampling skill is lower 
than that of DCPP-A (Fig.12e-f). This is because the summer DCPP-A skill in this region is largely 
attributable to a linear trend, likely of external origin (Fig.12.g). We also note that the skill of the 
subsampling predictions evaluated against ERA5 at 0.25° differs slightly from the evaluated 
against SAFRAN (Figs.8,9,12), with higher correlations in winter and lower correlations in 
summer when ERA5 is used as the reference.  

 



 

Fig 12: Precipitation prediction skill for the DCPP-A ensemble mean and the subsampling 
method, for extended winter (ONDJFM, a–d) and extended summer (AMJJAS, e–h), evaluated 
against ERA5 over 1966–2019. Panels (a, e): ACC between the DCPP-A multi-model ensemble 
mean and ERA5 remapped to 2°. Panels (b, f): ACC between subsampling predictions (wNAO-
based for winter; sNAO+uAMV-based for summer) and ERA5 at 0.25°. Panels (c, g) and (d, h): 
same as (a, e) and (b, f), respectively, but computed after removal of the linear trend from both 
predictions and observations, isolating skill arising from internal climate variability rather than 
the externally forced signal. Note that panels (a, c, e, g) are evaluated on a 2° grid while panels 
(b, d, f, h) are evaluated on a 0.25° grid, reflecting the respective native or target resolutions of 
the two systems; a direct gridpoint-by-gridpoint skill comparison is therefore not computed. 
Hatched areas indicate regions where skill scores are not statistically significant at the 95% 
confidence level, assessed using a 1,000-sample block bootstrap.” 

Regarding the drift correction, Fig.R3 shows that the standard deviation of the lead-time-
dependent precipitation climatology across lead times 2-9 is close to zero for all DCPP-A 
models over Europe in winter, indicating negligible drift in the precipitation climatology across 
lead times. Consistent with this, we verified that applying lead-time dependent drift correction 
has no material effect on DCPP-A winter precipitation skill scores (not shown). 

 

Fig.R3: Standard deviation of the lead-time-dependent precipitation climatology across lead 
times 2–10, for each model in the DCPP-A ensemble, evaluated over the North Atlantic for the 
extended winter season (ONDJFM) and the 1970–2016 period. Values close to zero indicate 
negligible drift in DCPP-A precipitation predictions across lead times, confirming that drift 
correction has no material effect on winter precipitation skill. 

Finally, the following text has been added to Section 4:  

"The resulting precipitation predictions over France demonstrate skill improvements relative to 
both the uninitialized simulations and the raw DCPP-A ensemble mean. Comparison with 
DCPP-A reveals large improvements in winter, where significant skill extends across the 
majority of metropolitan France, and more localized improvements in summer." 

 

 



 

Other points: 

Line 44: I am not sure if the wording is clear: “Seasonal forecasts provide initialized climate 
information” what do you mean by “provide initialized climate information”? 

We thank the reviewer for this comment. The sentence has been revised to improve clarity: 

"Decadal climate predictions (DCP) are designed to fill the gap between seasonal forecasts and 
long-term climate projections (Meehl et al., 2009; Solaraju-Murali et al., 2022). Seasonal 
forecasts are initialized from the observed climate state and provide predictions up to 
approximately 12 months ahead, with skill potentially arising from those initial conditions. Long-
term climate projections, in contrast, simulate future climate under external forcing scenarios 
and do not attempt to predict internal variability at specific dates." 

Line 63: "thereby enhancing downstream precipitation forecasts",... It is not clear what does 
"enhancing forecasts" mean here? 

We agree with the reviewer that this phrasing was ambiguous. The sentence has been revised 
as follows:  

"Building on the well-established relationship between the NAO and European precipitation, 
Smith et al. (2020) proposed an innovative approach: rather than directly predicting regional 
rainfall, the first step is to skillfully predict the NAO itself. This enables the identification or 
subsampling of model ensemble members whose atmospheric states are dynamically 
consistent with the predicted NAO phase, thereby producing more skillful decadal precipitation 
predictions over Europe." 

Line 69: A recently study (https://iopscience.iop.org/article/10.1088/1748-9326/adde75), used 
NAO and temperature relationship to sub-select the ensemble members and make skill 
predictions over Eurasia. Maybe author could comment on this. 

We thank the reviewer for pointing out this relevant recent study. As detailed in our response to 
Major Point 2, this reference has been incorporated in both the Methods section (Section 2.2c) 
and the Discussion (Section 4). 

Line 91: "extracted"? 

The sentence has been revised for clarity: "The precipitation observational data used in this 
study come from the SAFRAN (Système d'Analyse Fournissant des Renseignements 
Atmosphériques à la Neige) analysis..." 

Line 97: "through homogenization technique"...did you mean “thorough”? 

We thank the reviewer for identifying this typographical error. The sentence now reads: "...and 
is widely used for hydrological and climate studies due to its temporal consistency, thorough 
homogenization technique, and fine spatial detail (~8 km × 8 km resolution)." 

Line 99: AMV was already unfolded in the introduction. 

We thank the reviewer for this observation. The acronym AMV has been removed from this 
location to avoid redundancy. 

Line 107: Double check the abbreviation “Decadal Climate Prediction Project Phase A”, is it 
phase A. 



 

We thank the reviewer for this correction. The text now reads: "Decadal Climate Prediction 
Project, Component A". 

Line 108: please double check the start dates for DCPP-A, at least some of the predictions 
systems are initialized from 1960 and onward. Also, I am not sure about predictions from 
CESM1, does the initialization extend to 2014 for this model? 

We thank the reviewer for drawing attention to this inaccuracy. We had incorrectly stated the 
first start dates, confusing them with the first available winter prediction. Regarding CESM1, 
according to the ESGF portal, start dates are available from 1960 to 2017 in DCPP-A. The 
corrected sentence now reads: "The ensemble includes decadal hindcasts from 12 models (see 
Table A1), with a total of 188 members initialized annually from 1960 to 2014 and run for one 
decade." 

Line 235, it is not clear to me what exactly this means. In section 2.2b, there are several things 
being discussed. It would be better to describe here what had been done. 

We agree that the cross-reference was insufficiently informative. The sentence has been 
revised to: "To ensure consistent autocorrelation properties, we apply to the selected 
members the aggregation of post-processing method described in Section 2.2b — 
specifically, the 8-year running mean aggregation with the lead-time weighting scheme." 

Eq. 2, please describe, what does alhpa and beta mean here and how they are derived? 

We thank the reviewer for identifying this oversight. Upon reflection, we acknowledge that the 

free parameters alpha and beta were not explored and do not add analytical value as 

presented. They have therefore been removed from the loss function. Furthermore, we 

identified that the original equation was incorrectly written: the loss function should use 

standardized errors, since the indices are not on the same scale. Standardization was already 

applied in the code but was not reflected in the written formula. The corrected loss function, 

now included in the revised manuscript, reads: 

“𝐷𝑖(𝑡)  =  √(𝑑1𝑖(𝑡)/𝑠𝑡𝑑({𝑑1𝑖(𝑡)}𝑖=1..32,∀𝑡 ))2 + (𝑑2𝑖(𝑡)/𝑠𝑡𝑑({𝑑2𝑖(𝑡)}𝑖=1..32,∀𝑡 ))2  , ∀𝑖 ∈ [1,32]

 (2)  

where 𝑑𝑖(𝑡)  =  𝑢𝑖(𝑡) − 𝑓(𝑡) for each index, and standard deviations are computed over the 

entire historical period to provide a more stable estimate. 

Table S1, missing references for the prediction systems. 

We thank the reviewer for this observation. The missing references for each prediction system 
have been added to Table S1 in the revised manuscript: 

  



 

Model Ensemble size Reference 

BCC-CSM2-MR  8 (Wu et al., 2019)  

CESM1-1-CAM5-CMIP5  40 (Yeager et al., 2018) 

CMCC-CM2-SR5  20 (Cherchi et al., 2019) 

CanESM5  20 (Swart et al., 2019) 

EC-Earth3  15 (Döscher et al., 2022) 

FGOALS-f3-L  9 (He et al., 2020) 

HadGEM3-GC31-MM  10 (Sellar et al., 2020) 

IPSL-CM6A-LR  10 (Swingedouw et al., 2026) 

MIROC6  10 (Tatebe et al., 2019) 

MPI-ESM1-2-HR  10 (Müller et al., 2018) 

MPI-ESM1-2-LR  16 (Mauritsen et al., 2019) 

NorCPM1  20 (Bethke et al., 2021) 

  

Line 470: “French climate”? 

The sentence has been revised for precision: "This system leverages large-scale atmospheric 
and oceanic teleconnections relevant to precipitation variability over metropolitan France. 
Since the methodology is not specific to this region, it can in principle be applied to other regions 
of the globe, if appropriate large-scale predictors and suitable uninitialized ensembles are 
available." 

Lines: 500-506, there has been studies using sub-sampling and predicting climate on seasonal 
to decadal timescales, which surprisingly authors have completed ignored. A few those are 
listed below: 

This point is fully addressed in our response to Major Point 2 above, where the relevant 
references (Befort et al., 2020; Mahmood et al., 2021, 2025; Ding et al., 2018) have been 
incorporated into both the Methods and Discussion sections of the revised manuscript. 

Line 513: That’s also my concern, why not use uninitialized simulations from different CMIP6 
models? 

This concern is fully addressed in our response to Major Point 3 above. We acknowledge the 
limitation of using a single uninitialized model and have incorporated a clearer statement of this 
limitation, along with a forward-looking statement regarding the evaluation of the method with 
alternative or multi-model CMIP6 ensembles, in the Discussion section of the revised 
manuscript. 
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