Multi-site learning for error-correction and
hydrological uncertainty prediction: the case of
guantile random forests

Taha-Abderrahman El Ouahabi, Francgois Bourgin, Charles Perrin, and Vazken
Andréassian

https://doi.org/10.5194/egusphere-2025-3586

Dear reviewers,

Thank you very much for your comments on our manuscript, which will help improve our
work. Please find below our replies (in blue) to your comments (in black), as well as how we
revised the paper to account for your suggestions and recommendations (in green).

During the revision process, we noticed an error in the description of the hydrological model
calibration period. The correct period is 1977-2021. While this error does not affect the
results, it does change how the period selection is presented, as the hydrological model
training period now spans over the entire study period. The main results and narrative of the
paper remain unchanged and we apologise for this error.

Below is a summary of major changes made to the manuscript:

1) We have improved the overall clarity of the article with attention to enhancing the
problem definition.

2) The assessment criteria section was also revised to avoid ambiguity, with clearer
definitions of the metrics used.

3) A new paragraph has been added to discuss the study's limitations and how the
proposed method could be adapted for predictions in ungauged catchments.

4) We have included a comparison between proposed post-processing approaches and
GR6J hydrological model, focusing on deterministic predictions.

Reply to Anonymous Referee #1
Overall comments

This is a consistently interesting and well-considered study on the benefits of using multiple
sites to train a probabilistic machine learning method (QRF) to predict hydrological model
errors. The study shows that the inclusion of multiple sites indeed does improve the
performance of QRF. The study has clear aims, and its conclusions are well supported by
rigorous cross-validation and forecast verification. This is a minor point, but | was quite
taken with their innovative way of measuring sharpness using the CRPS, which neatly
sidesteps the issue of having to focus on one or two intervals with average width of
prediction intervals, the conventional method for assessing of sharpness (which can give
contradictory results for different intervals, and of course tells you nothing about intervals
that are omitted).
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The finding that the use of multiple sites helps the QRF may in some ways seem obvious in
retrospect, but this is the thing with the best studies: the findings often look obvious after the
authors have presented them! Accordingly, | think the study makes a significant contribution
to the literature on hydrological error modelling. Their further investigation of the use of
regional/national methods of including sites provides practical guidance to anyone wishing
to implement their methods, of which | am one.

For my own interests | would have liked to have seen a comparison with a more
conventional error modelling technique - e.g. a simple AR1 model assuming Gaussian
errors after transformation - but | understand that this would have considerably lengthened
the study, and is not strictly within the aims of what the authors set out to do. So | am happy
for this to be omitted. | have a few questions about methods in the specific comments, the
most notable of which is whether static climatic/hydrologic predictors are cross-validated.
Assuming the answer is 'yes', | recommend this study be published essentially in its present
form, subject to technical corrections.

Thank you for the positive feedback on our work. We agree that a comparison with other
and simpler methods would be interesting, but as mentioned we feel it is beyond the scope
of this study. We will add a call for more comparative studies in our conclusion. Regarding
the cross-validation of static predictors, we have provided some arguments in our response
below, but we remain open to perform additional experiments. This will involve re-computing
the climatic predictors from the CAMELS-FR database and checking the impacts on our
results.

Line 489 A comparison with other error models is also an attractive option, this includes
standard Autoregressive models, and LSTM based error modelling.

Specific comments

L53 "They found that larger LSTM models trained on all available basins outperform smaller
models trained on a limited set of catchments. This is because, for some ML approaches,
models calibrated on larger training datasets can outperform smaller and more specialized
models" This is effectively saying "LSTMs perform better on larger datasets because LSTMs
perform better on larger datasets". Please avoid instances of circular reasoning like this. An
additional point is that as far as | understand it LSTMs significantly outperform conventional
rainfall runoff models for predictions in ungauged basins. This differs from applications
where models are calibrated and used on the same catchment, where conventional rainfall-
runoff models can perform similarly well to LSTMs. This may be worth mentioning.

Thank you for this feedback, we will modify the manuscript to improve clarity. We agree that
LSTMs outperform conventional rainfall-runoff models for predictions in ungauged basins,
but that the current situation is more balanced for predictions in gauged basins. This will be
highlighted in the modified manuscript.

L83 "Potential evaporation (PET) is calculated using the formula proposed by Oudin et al.
(2005)." Could the authors briefly list the inputs used in this formula?

Yes, PET formula is given by the following equation:



PET =0.408 x Ra x (T+5)/A

If T<5°C,then PET =0

Where:
e PET = potential evapotranspiration (mm/day)
e Ra = extraterrestrial radiation (MJ/m?/day)
e T = mean daily air temperature (°C)
e A = latent heat of vaporization (= 2.45 MJ kg™)

Ra depends on the localization of the basin and Julian day values and the temperature is
the only dynamical meteorological input used to estimate PET. We will include this in the
revised version of the manuscript.

Line 92 requires extraterrestrial radiation (MJ/m”2/day) and mean daily air temperature (°C)
as inputs. Extraterrestrial radiation is computed as a function of the localization of the basin
and Julian day values and the temperature is the only dynamical meteorological input used
to estimate PET.

L84 "Since our interest is in developing a multi-site QRF post-processor, we used several
static basin-averaged attributes describing climate, topography and geology." Would be
good to foreshadow that these are listed in Table 1.

Thank you for this suggestion, we will add this information.

L108 "with a power of 0.5 and -0.5 prior transformations on streamflow" It's not clear to me
where the power is being applied and what this transformation is. Please specify - in an
appendix is fine.

The two power transformations are applied separately to streamflow values — both observed
and simulated values — before calculating the two associated KGE criteria. We will add a
reference to the recent study of [1], where the use of streamflow transformations for model
calibration is investigated.

KGE{QObS, Qprd) =1- ‘/(’..[chﬁls:I Qprd} _ 1)2 + [R(ans. Qprd} _ ”2 + (ﬁ[Qobs' Qprd) - 1)2

The power transformation is applied on Q°%S and QP™¢. This will be added to the appendix.

L154 Table 1. As is common, many of the static descriptors are based on climatic/hydrologic
predictions (mean precip, PE, temp, etc.). | just wanted to confirm that these were cross-
validated for this study: i.e., that they were computed separately for each of the training,
validation and testing periods. As I'm sure the authors are aware, rigorously cross-validating
predictors is an important aspect of testing any prediction system. | realise this kind of cross-
validation is sometimes not done in ML studies, but it should be.
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We understand the concerns and we agree that rigorously cross-validating predictors is
important. As rightly pointed out, this is indeed not done in most of the ML studies we are
aware of (e.g. [2]), and we followed this debatable common practice. We can understand
both arguments: the need to cross-validating predictors and, on the other hand, the use of
long-term climatic values taken as “static” descriptors. Our understanding of the role of the
static descriptors in multi-site training is that they allow for creating some similarity-based
relationship between catchments and that this relationship should be “static”. We
understand that some catchments have a non-stationarity behavior, but we feel that looking
at the implications of non-stationarity is beyond the scope of this study.

L225 "The sharpness metric is the continuous ranked probability score (CRPS)" This is a
really nifty way of measuring sharpness!

Thank you for your comment. It is quite unusual indeed, but we found in our previous works
that it was an interesting alternative to other ways of measuring sharpness. It is related to an
interesting decomposition of the CRPS proposed in the PhD thesis of [3] (in French). We will
add the reference to the work of Bontron.

Line 262 we used the dispersion score calculated as a skill score following Bontron 2004

L258 "In terms of sharpness, the different QRF variants performed similarly, which is
interesting given that multi-site setups significantly improve CRPSS values". Might be worth
saying why it's interesting: it's quite possible (even unsurprising) that sharpness (a property
of the prediction only) is the same but CRPSS (which considers the joint distribution of obs
and predictions) differs.

Thank you for pointing this out: we intended to say that this shows that regional QRFs give
more importance to reliability (as they consider the joint distribution of observations and
predictions).

L272 Figure 4. Might be worth stating that curves that track closer to the right of the plots
indicate better performance in the caption.

We will clarify this in the revised manuscript.

L286 "Table 3 summarizes the average values of the alpha, dispersion, CRPSS, and
interval scores for three flow groups: high (> 67%Qsim), medium

(> 34%Qsim and < 66%Qsim), and low flows (< 33%Qsim)." Please confirm that
performance scores are stratified based on when predictions exceed these thresholds, not
when observations exceed them.

Yes, performances were stratified based on the median values of the probabilistic
predictions. This will be clearly highlighted in the revised version of the manuscript.

L314 "Furthermore, the aforementioned scale discrepancies occurred specifically for
catchments characterized by frequent zero values in simulated and observed streamflows." |
wondered about this. Normalising errors with a log transformation is one thing, but
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maintaining normality in the presence of zeros in observations - and potentially also in the
the simulations after the QRF is applied - is quite another. While this isn't a total solution,
might it be helpful to consider the proportion of zero flows as a static predictor?

Yes, indeed. We will further discuss this in the following paragraph.

L320 Discussion. | would have liked to see a paragraph or two added that briefly discusses
the following topics. However, | understand that my interests are not necessarily the authors'
and also may not be interesting to a more general audience, so | leave it to the authors to
decide which of these issues (if any) they may wish to discuss:

1. The weaknesses of the method (discussed throughout the manuscript) - e.g.
application to ephemeral catchments - and how the authors might improve these.

2. The sensitivity of the method to data availability. The authors used the astonishingly
comprehensive CAMELS-FR dataset, but many of us work in regions with only a
fraction of this gauge coverage. e.g. What would have happened if they only had
access to 50 gauges in their dataset? What might have happened if observations are
concentrated on a particular hydrological type, but applied outside this type?

3. Are there prospects for applying this method to produce reliable probabilistic
predictions in ungauged basins?

We plan to include the following paragraphs in the revised manuscript (section 4.6), in order
to discuss these issues:

The provided analyses highlighted some limitations of the multi-site QRFs. The first
concerns ephemeral catchments which are characterized by zero flow values. Modelling
ephemeral catchment dynamics is generally challenging [4, 5], and this is especially the
case in our study with the use of the log-based error transformation. Figure 9 of the results
section clearly showed that multi-site learning can degrade the predictions for ephemeral
catchments as they often overestimate uncertainty. Although we have added the § offset
parameter, the use of an alternative transformation that is less sensitive to zero flow values
(e.g., a Box—Cox transformation) could better stabilize hydrological errors used to train the
QRF models. Another pragmatic solution could be the treatment of such catchments
separately when training multi-site QRF. As showed in Figure. 9, QRF-local better managed
the case of zero flow values. In the literature, other approaches [6, 7] use adapted
catchment groupings based on other attributes (climatic, etc.) or a statistical clustering
approach classifying homogenous catchments together. Similarly, the use of the number of
zero flow values as input feature could also help QRF to better distinguish catchments
characterized by this issue, and help QRF to find adequate analogous events.

We used a large sample dataset (CAMELS-FR) for models training, but many practical
hydrological applications only have access to a limited number of gauges for training
purposes. The generalizability of uncertainty estimates of QRF to catchments outside its
training region was treated in various studies. We did not explicitly test this, but we believe
that the generalizability of regional QRF variants depends on the similarity between
hydrological errors for catchments where the training occurred and regions to which
extrapolation of the uncertainty estimates will be carried out. Finally, the proposed
framework can be adapted for a prediction at ungauged basins, and a proper spatio-
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temporal cross-validation experiment [7] would be needed to verify this. The main practical
difficulty lies in obtaining consistent hydrological model states for ungauged catchments,
and to adapt the significant additional uncertainty usually associated with such settings [8, 9,
10]. If this can be properly handled, the proposed QRF multi-site variants could provide
meaningful uncertainty estimates for the context of uncertainty estimation for ungauged
catchments.

L362 "However, because of memory issues, we trained QRF-national on Jean-Zay HPC,
where a single node with two CPUs (at 2.5 GHz) and 128 GBs of memory was sufficient." I'd
be interested to know how long the parameters estimation took on this hardware. Cloud
computing means that many now have access to large computers, but the run-time can still
make these resources expensive.

For each parameter, it takes around 25 minutes for QRF-national.

L141 "But, it is important to note that these scale features are not available" suggest
deleting 'But,’

Grammar and terminology will be checked in the final version of the manuscript. Thank you
very much for your comments.
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Reply to Prof. dr. Derek Karssenberg’s comments

Thank you very much for your comments on our manuscript, which will help improve our
work. Please find below our replies (in blue) to your comments (in black), as well as how we
intend to modify the paper to account for your suggestions and recommendations.

The manuscript proposes and evaluates the use of quantile random forests for correction of
streamflow predicted with a process-based model. The main innovation compared to
previous studies on streamflow error correction is the use of quantile random forests as it
provides a means to estimate uncertainty in corrected streamflow. Also, unlike previous
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studies, this study extensively compares results for approaches that use local, regional, or
national (France) data for training the error correction model. In my opinion this is a very
interesting study. The methodology is state of the art, and the manuscript is relevant to
development of error correction methodology (also in other domains).

My comments mainly refer to how the study is presented while | suggest a number of
relatively small additions. Please find below my main comments followed by a list of minor
comments.

Introduction

The introduction needs some revision to further increase the impact of the study and to
make it more accessible. The problem definition needs to be defined more completely and
more precisely. It remains unclear what the ‘simulation context’ (used in the methods
section, line 125) is. In my opinion it is important to clearly state that this paper is about error
correction of process-based model predictions, in the situation/context where predictions are
made without relying on extrapolation of past observations of streamflow (for short range
(small lead time) forecasts this would be more powerful). Also, the paper is not about
prediction for ungauged catchments as all models are trained on historical streamflow at the
location for which predictions are made. The simulation context thus is, | think, mainly
reconstructing or projecting (e.g. under scenarios of climate change) streamflow for
catchments that have streamflow available.

Also, the second contribution (line 62, spatial catchment descriptions) does not come with a
clearly substantiated problem addressed by this contribution.

Please clearly describe what is meant by ‘regional’ in ‘regional learning’, ‘regional
approaches’, ‘regional bias’, ‘regional post-processing’, etc. It is central to the study but it is
not clearly defined. Is ‘multi-site learning’ (line 70) the same (please explain in manuscript).

Please clearly describe what is error corrected (i.e. streamflow from a process-based
model). This is not clearly stated in the introduction (e.g. line 64 ‘model states’, model states
from what?).

What are ‘spatially varying catchment characteristics? Line 64. Please explain or rephrase.
By ‘simulation context’, we mean the reconstruction/projection of streamflow for catchments
that have streamflow available. We will clarify the manuscript in order to precisely introduce
the problem definition. Used terminology and syntax will be introduced more clearly.

Proper definition of post-processing and error correction

L 23 Post-processing involves a process-based model followed by a statistical approach to
correct errors and quantify the associated uncertainties. With the post-processing
procedure, uncertainties are quantified by modeling the error patterns based on an archive

of past data.

Link between regional and multi-site learning



L 36 including different catchments -referred to as regional or multi-site learning-

L 38 A QRF for error-correction and uncertainty prediction trained in a regional setting can
be able to leverage information across several catchments. In contrast, local at-site
approaches trains models independently for each catchment and cannot benefit from error
patterns shared in hydrologically similar catchments.

Clarification of the catchment descriptors and problem introduction:

L 60 indicating the presence of regional bias, where hydrological errors exhibit similar
properties for neighboring catchments. This can be harnessed to improve uncertainty
estimation using a post-processing model with a regional parametrization and trained on
rainfall-runoff responses from multiple sites. We intend to consider these catchment
characteristics as additional input features within the proposed post-processing model.

Clarification of the simulation context of the study:
L 65 This study focuses on the uncertainty estimation of hydrological model simulations,
particularly in the contexts of streamflow reconstruction and projection scenarios.

L 144 In the simulation context of this study, streamflow observations are not available for
streamflow reconstruction and projection scenarios.

Hyper parameter tuning — metrics used

| suggest moving information from Appendix A (line 398 — 403) to the main text (Methods),
in particular the fact that hyperparameter tuning is done on metrics that refer to probability
distributions (instead of deterministic ones). To my knowledge this study is quite unique in
doing so (but | may be wrong but even then | would still move it to the main text). It is also
suggested to state in the main text that in the local modelling, hyperparameters are different
between catchments (which should further improve the results for the local model compared
to an approach fixing hyperparameters across catchments).

Thank you for pointing this out. We have moved the section. We have also added the
section that used to be in the Appendix to highlight that QRF-local hyperparameters are
calibrated for each catchment individually.

Assessment criteria

The assessment criteria are well chosen. However, | think it can be presented better in the
Methods and Results section.

First, | suggest giving additional explanation on the terminology. If | am correct ‘sharpness’
refers to the magnitude of the uncertainty of the prediction, i.e. the lower the better. Please
try to explain this more extensively as not all readers will be familiar with this term. The term
‘reliability’ in the context of your manuscript refers to whether the modelling approach is
capable of providing correct estimates of the uncertainty (preferably the complete
distribution should be correct).



Second, | suggest then to somewhat more clearly explain to what (sharpness or reliability)
each metric refers. For instance, both the alpha score and coverage refer to ‘reliability’.
Connecting these metrics could also be done in the Results section; e.g. one would expect
similar results (relative performance between local, regional, national) for alpha and
coverage ratio as these both refer to reliability. This is not stated at all in the Results and the
reader has to make it up by herself.

Third, please be precise in the explanation. For instance ‘It calculates the closeness of
predicted uncertainty distributions to the statistical distribution of observed streamflows’ (line
221) reads like you compare the distribution of the error term (from the model) with
distributions of streamflow (over time?). This is not at all the case! Instead alpha is a metric
summarizing the QQ plot, which is really a probabilistic property (as the authors will certainly
be aware of). Also, please use correct units (for instance, CRPSS is given as percentage in
the figure while in the main text it is in the range of 0-1 it seems).

We agree the original wording was unclear. Indeed, sharpness refers to the magnitude of
the uncertainty estimates, and normally, lower values of sharpness refer to better
uncertainty estimates. The used metric however was transformed to a skill score, which
made values of the Dispersion score closer to 1 better than lower score values (similarly to
CRPSS). We have revised the text to better explain the definitions of reliability and
sharpness, in addition to clearly highlighting the better performances direction for the used
metrics. The link between the alpha score and coverage ratio is highlighted. We have also
revised Figure 7 and Figure E.1 to present skill scores as percentages.

Results
Please summarize the results of the hyper parameter tuning.

We conducted a hyperparameter grid search for each QRF variant and used the
aforementioned probabilistic metric combining both alpha score and CRPSS. These hyper-
parameters include the size of the forest (number of trees), the minimum number of samples
at child nodes, and the maximum number of candidate variables to use for splitting at each
tree node. Each hyperparameter search was repeated with three seeds and the median
score was calculated to obtain a more robust selection. Overall, the performances of QRF
were most sensitive to the minimum number of samples at child nodes. Using the dataset
described above, QRF was trained with minimum number of samples at child nodes ranging
from 5 to 600 data points. The following figure shows the impact of hyperparameters on the
selection metric for QRF-national:
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New figure 1: Hyper-parameters optimization results for QRF-national. The selection
criterion is the median hyperparameter criterion across the catchments of the study.

It is notable that best results were recorded for lower values of the hyper-parameter
‘minimum samples at leaf nodes’. The improvement slows for values lower than 25, and the
mean scores were within one standard deviation of the mean scores for the other values. As
such, a minimum samples at leaf nodes of 10 is selected. Overall, QRF was found to be
fairly insensitive to the number of candidate predictors used for splitting at each node. By
default, the quantile-forest library uses the integer value of the square root (sqrt) of the total
number of predictors for this parameter. With 31 total predictors for QRF-national, 6 would
be the default and the previous figure showed that using the default value of square root
was slightly better. For the number of trees parameter, a forest with more trees will generally
be more skillful than one with fewer trees, as it can fit more on the nuances of the training
set, and there is a point when the rate of improvement with more trees is negligible, as
noted in [1, 2]. Most of the boxplots ranges overlap, and it seems that the results are not
overly sensitive to this QRF parameter. For the experimented values, the above Figure
shows that a number of 400 trees allows for slightly better performances.
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We followed a more specific approach for the selection of the hyperparameters of the other
QRF-variants. And the distribution of the selected hyper parameters can be found in the
appendix.

Magnitude of uncertainty (sharpness)

It seems the modelling approach underestimates uncertainty for all scenarios. This is an

important outcome. Please add this information to the Results (it is not mentioned at all) and
provide possible explanations in the Discussion section. One possible cause is the fact that
the approach neglects uncertainty in the streamflow prediction of the process-based model.

If we understand correctly, this is a reference to the negative values of the dispersion score.
As highlighted, we used a skill score to compute the dispersion score and negative values
refer to an overestimation of uncertainties. We believe that this is linked to the existence of 0
values for certain catchments which makes the estimation of uncertainties more difficult and
produces overly dispersed uncertainty estimates compared to the climatological distribution.

Process-based model as benchmark

| am aware the main question of the manuscript is not on how much error correction
contributes to improved streamflow prediction compared to using streamflow from the
process-based model (without error correction). However | am in the opinion that it is still
extremely interesting to add information (and if possible a short discussion) on the
performance of the process-based model before adding the error correction. This could be
done by adding curves for this process-based only benchmark to figures, or values in tables,
or values in the main text. This would also allow you to compare the results regarding the
improvement of streamflow prediction after error correction with those in Magni (2023), Shen
(2022) and possibly others. It the improvement in your study comparable to other studies?

We agree with this element and we added the following paragraph to section 4.3

(Deterministic metrics). It compares mean QRF estimates with the original GR6J
predictions:
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New Figure 2. CDF of deterministic metrics across the 564 catchments for the QRF variants
in the study during the testing period. The blue line represents the performance of QRF-
local, orange represents QRF-region, green represents QRF-national, while red the
performance of raw GR6J predictions.

Figure 1 also provides deterministic metrics for the raw GR6J predictions. The figure
highlights that the proposed QRF methods can improve hydrological deterministic
predictions, especially for NSE. For example, QRF-national produced better NSE
performances compared to GR6J predictions (0.87 vs 0.86 in median NSE) and for 75% of
the study’s catchments. Overall, QRF variants had better NSE for the majority of the
catchments. For KGE, the raw GR6J estimates outperforms all tested QRF approaches. We
expected that the proposed variants would also improve KGE as was observed in the
previous studies of [3, 4, 5]. For example, [4] used a closely related deterministic RF
framework for hydrological error correction and found that the hybrid RF approach boosted
streamflow predictions from a median of -0.03 to 0.51. Here, the post-processing was not
beneficial for KGE performances. We argue that this can be in part attributed to how QRF
hyper-parameters were selected. The used statistical criterion in this study aims to maximize
the probabilistic performances of reliability and sharpness of the uncertainty estimates.

Title

Consider revising such that it also covers the fact that this manuscript is about error-
correction (or combining process-based modelling and machine learning — sometimes
referred to as hybrid modelling). | agree that the case is quantile random forests but the
case is also error correction (maybe more so).

Thank you for highlighting this point. We propose to modify the title as follows:
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Multi-site learning for error-correction and hydrological uncertainty prediction: the case of
quantile random forests

Minor comments
Line 64 What does ‘For this..’ refer to?
Figure 1 Please add a scale bar.
These point will be addressed in the revised version.
Line 105 Please state what parameters were calibrated.
The following parameters of GR6J were calibrated:
e X1 — Production store capacity [mm]
Controls the maximum soil moisture storage capacity of the production reservoir.
e X2 — Groundwater exchange coefficient [mm/day]
Governs the rate of exchange between groundwater and the streamflow system.
e X3 — Routing store capacity [mm]
Represents the capacity of the non-linear routing reservoir responsible for routing.
e X4 — Time constant of unit hydrograph [days]
Controls how quickly water is routed through the hydrograph
¢ X5 — Groundwater exchange threshold [—]
Influences the sign of groundwater exchange.
e X6 — Exponential store coefficient [mm]

Relates to the capacity/depletion of the exponential store, which improves low-flow
simulation.

These parameters will be included in the revised version of the manuscript.
Line 123 This calibration approach was implemented to obtain six parameters of GR6J
(production store capacity (mm), groundwater exchange coefficient (mm/day), routing store

capacity (mm), time constant of unit hydrograph (days), groundwater exchange threshold (-),
and exponential store coefficient (mm)
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Line 105 ‘prior transformations’ What is meant by this?

The two power transformations are applied separately to streamflow values — both observed
and simulated values — before calculating the two associated KGE criteria. We will add a
reference to the recent study of [6], where the use of streamflow transformations for model
calibration is investigated.

KGE{Qobs’Qprd] =1- \/(r[Q"b-"", Qprd} _ 1)2 + [E(ans. Qprd] _ 1)2 + (ﬁ[Qobsiqprd] _ 1)2

The power transformation is applied on Q°¢ and Q?™. This will be added to the appendix.
Line 125

It is stated here that in the simulation context of this study, streamflow is not available. This
is not really true. The manuscript describes a methodology that only applies to locations
where streamflow is available (for training, validation). For testing (or
projections/reconstruction) | agree it can be done without measured streamflow (for the
timesteps for which testing is done) but in this manuscript, results/testing metrics are only
presented for locations where streamflow was used for training (i.e. this is not an ungauged
catchment study). This is in my opinion not an important limitation, but it has to be clearly
stated what this study is about (please refer to my comments related to the introduction).

Indeed, we were not clear with this element. The context of the proposed manuscript does
not target the prediction at ungauged catchments context -but this will be specifically treated
in the introduction and address possible ways to adapt this framework to prediction in
ungauged catchments in an additional paragraph in the discussion section. We will clear out
any mis-understanding regarding this point and highlight that the proposed methodology
necessitates observed flows (to calibrate the hydrological model and calculate errors) and is
geared towards cases of projections and reconstruction.

Line 70 Although multi-site approaches can benefit the modeling of ungauged catchments,
our work specifically addresses improvements in uncertainty estimation for catchments with
available streamflow measurements.

Line 414 The main practical difficulty lies in obtaining consistent hydrological model states
for ungauged catchments, and to adapt the significant additional uncertainty usually
associated with such settings

Line 130, ‘production’

What is meant here?

We intended to refer to the production store of the hydrological model. This point will be
clarified in the revised version of the manuscript.
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Line 131, ‘moving averages’

What was the filter size?

Moving average filter size is equal to the catchment response time, which was obtained from
the X4 parameter of the used hydrological model. This hydrological parameter is related to
the timing of the catchment’s response to rainfall. We will add this information in the revised

version of the manuscript.

Line 153 In this context, the used moving average filter size is equal to the catchment
response time, which was obtained from the time constant of unit hydrograph parameter of
the GR6J model.

Line 194

Refer to Figure 1
Line 236

Number -> proportion

The remaining points will be addressed and corrected in the revised version. Thank you very
much for your comments.
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