Reply to RC1: 'Comment on essd-2026-350', Anonymous Referee #1

The manuscript presents Caravan-CMIP6, a bias-corrected CMIP6 climate projection
dataset prepared for ten large-sample hydrological (CAMELS-style) datasets. The dataset s
expected to be valuable for the hydrological community, particularly for climate change
impact studies requiring consistent meteorological forcing across multiple catchments.
The dataset itself appears useful, and both the raw and bias-corrected products are made
available. However, | found that many methodological choices are insufficiently explained,
several implementation decisions lack scientific justification, and the manuscript relies
too heavily on previous publications for essential methodological details. As an ESSD
paper, the manuscript should serve as the primary documentation of the dataset and
therefore should be more self-contained. | recommend major revision before the
manuscript can be considered for publication.

Thank you for this thorough review and clear instructions for revision. The review is
reproduced below in black text and my responses are provided below in blue. Text to be
added to the manuscriptis italicized.

General comments

1. While active voice and first-person perspective are acceptable for a single-author
paperin ESSD, the current manuscript relies very heavily on personal narrative
phrasing throughout (e.g., "l provide...", "l bias-correct...", "l produce...", "l
required..."). At times, this shifts the focus away from the dataset and methodology
and onto the author's workflow. | recommend varying the sentence structure by
focusing more on the dataset, processing steps, and analytical framework to
improve the scientific flow and readability.

| will revise the language to focus more on the dataset/methodology.

2. Throughout the manuscript, many methodological descriptions are replaced by
references to previous studies (e.g., model selection, weighting strategy, bias
correction, PET calculation). While citing previous work is appropriate, the
manuscript should provide concise but sufficient descriptions of the methodology
so that readers can understand how Caravan-CMIP6 was constructed without
repeatedly consulting multiple publications.

| will expand the description of the model selection at line 77:

The models are chosen following (Mahony et al., 2022) who selected an ensemble
based on many criteria, including that the models must: be representative of the
distribution of equilibrium climate sensitivity in CMIP6, contain tasmax and tasmin,



contain at least three historical runs, and not contain large biases over North
America. They also selected only one model per institution and excluded models
that shared components. Here, several modifications were made to Mahony’s
ensemble, according to the following criteria:

For the weighting strategy, see my response below under “Model selection”
comment 3.

For the PET calculation, | assume the reviewer refers to Morton’s PET calculation,
since the Penman-Monteith and Hargreaves equations are given. | will expand the
description of Morton’s ET/PET as follows:

Morton’s point potential evapotranspiration, wet-environment potential
evapotranspiration, and areal actual evapotranspiration are calculated according to
the procedure outlined by Morton (1983) as modified by Zajaczkowski and Jeffrey
(2020) for the Scientific Information for Land Owners dataset used by CAMELS-AUS-
v2 (Fowler et al., 2025). Morton’s Complementary Relationship for Areal
Evapotranspiration (CRAE) model assumes that ‘areal actual’ and ‘point potential’
evapotranspiration have a complementary (inverse) relationship, and sum to two
times the ‘wet-environment potential’ evapotranspiration. The CRAE algorithm
includes an iterative solver for an equilibrium temperature at which “the energy-
balance equation and the vapour transfer equation for a moist surface give the same
result (Morton, 1983) with a convergence criterion of 0.1 °C. Note that each
component is bias-corrected separately, so the complementary relationship is not
strictly preserved in the bias-corrected data.

. Asummary table describing the final Caravan-CMIP6 dataset would greatly improve
readability. Such a table could summarize the included CAMELS datasets, number
of catchments, reference observational datasets used for bias correction, variables
provided, derived variables, temporal resolution, temporal coverage, and spatial
representation.

Table R1 will be added to the appendix of the manuscript. It includes CAMELS
datasets, number of catchments, reference observational datasets used for bias
correction, and variables provided. The table also indicates which variables are
derived and which are provided as standard climate model output. The temporal
resolution & coverage and spatial representation are the same for all of the data
(1850-2100, daily data, catchment averages).



Table R1: Summary of included data from the ten large-sample hydrometeorological datasets. The ‘derived’ column indicates whether the variable is present in the
CMIP6 output data or whether it is derived from other variables.

CAMELS- | CAMELS- | CAMELS- | CAMELS- | CAMELS- | CAMELS- | CAMELS- | CAMELS-
Dataset Caravan | CAMELS | AUS-v2 BR CH CL COL DE GB-v2 IND
Number of
catchments 24870 671 561 897 331 516 347 1582 671 472
Variable | Derived?
BR-
DWGD
v3.2.3,
CHIRPS
V2.0, CR2METv
CPC, 1.3,
ERA5- CHIRPS CEH-
Daymet, Land, MeteoSwi | V2.0, GEAR,
ERA5- Maurer, AGCD, MSWEP 552023, MSWEP CHIRPS DWD- HadUK-
pr No Land NLDAS SILO v2.8 PREVAH |vi1.1 V2.0 HYRAS GRID IMD
CHESS-
MeteoSwi Met,
ERA5- Maurer, ERA5- 52023, CR2METv DWD- HadUK- Srivastav
tas No Land NLDAS Land PREVAH 1.3 MSWX HYRAS GRID a2009
CPC,
ERA5-
Land, BR-
ERA5- AGCD, DWGD MeteoSwi | CR2METv DWD- Srivastav
tasmax No Land Daymet SILO v3.2.3 552023 1.3 MSWX HYRAS a2009




CPC,

ERA5-
Land, BR-
ERA5- AGCD, DWGD MeteoSwi | CR2METv DWD- Srivastav
tasmin No Land Daymet SILO v3.2.3 552023 1.3 MSWX HYRAS a2009
ERA5-
Land,
SILO GLEAM
(Penman- | v4.2a, Hydro- Singer20
derived Monteith) | BR- derived MSWX derived PE, 21,
(Penman- , SILO DWGD (Hargreav | (Hargreav | (Hargreav | CHESS- GLEAM
pet Yes Monteith) (Morton) | v3.2.3 PREVAH | es) es) es) PE v3
ERA5-
ps Yes Land
psl No SILO
rlds No IMDAA
ERA5-
rls Yes Land
Daymet,
Maurer, DWD-
rsds No NLDAS SILO PREVAH HYRAS IMDAA
ERA5-
Iss Yes Land
ERA5-
sfcWind | Yes Land PREVAH IMDAA
DWD-
hurs No PREVAH HYRAS IMDAA
ERA5-
tdps Yes Land




Daymet,
Maurer, AGCD,
vp Yes NLDAS SILO

vpDeficit | Yes SILO

AGCD: (Jones et al., 2009), BR-DWGD v3.2.3: (Xavier et al., 2022), CEH-GEAR: (Tanguy et al., 2021), CHESS-Met: (Robinson
etal., 2017),CHESS-PE: (Robinson et al., 2023a), CHIRPS V2.0: (Funk et al., 2015), CPC: (Chen and Xie, 2008; CPC Global
Unified Temperature, 2025), CR2METv1.3: (DGA, 2017), Daymet: (Thronton et al., 2012), DWD-HYRAS: (HYRAS -
Hydrometeorologische Rasterdaten, 2024; Razafimaharo et al., 2020), ERA5-Land: (Munoz Sabater, 2019), GLEAM v3:
(Martens et al., 2017; Miralles et al., 2011), GLEAM v4.2a: (Miralles et al., 2025), HadUK-GRID: (Hollis et al., 2019), Hydro-PE:
(Brown et al., 2023; Robinson et al., 2023b), IMD: (Pai et al., 2014), IMDAA : (Rani et al., 2021), Maurer : (Maurer et al., 2002),
MeteoSwiss2023: (Federal Office of Meteorology and Climatology MeteoSwiss, 2023), PREVAH: (Viviroli et al., 2007), MSWEP
v1.1: (Beck et al., 2017), MSWEP v2.8: (Beck et al., 2019), MSWX: (Araghi et al., 2023; Beck et al., 2022), NLDAS: (Xia et al.,
2012), Singer2021: (Singer et al., 2021), SILO: (Jeffrey et al., 2001), Srivastava2009: (Srivastava et al., 2009).



Introduction

1. The statement describing Caravan-CMIP6 as covering "CAMELS-style datasets"
should be clarified. It is not clear whether "CAMELS-style" refers to the catchment
concept, temporal resolution, spatial representation, variable availability, or
another characteristic.
| will refer to these datasets instead as large-sample hydrometeorological datasets,
as defined in the first paragraph of the introduction.

Methodology

Dataset description

1.

Table S1 summarizes the original CAMELS datasets, whereas some variables are
excluded in the present work. A summary of the datasets and variables actually
included in Caravan-CMIP6 would improve clarity.

I will provide this table, as described in General Comment 3.

The exclusion of snow-water equivalent appears to be primarily motivated by
implementation difficulties associated with the bias-correction algorithm.
Additional scientific justification should be provided together with discussion of the
implications for users working in show-dominated catchments.

More justification will be added. There are two interrelated issues here: First, the
Caravan data (ERA5-Land data) includes glaciers as a constant 10,000 mm of SWE.
The climate models do not. Second, the ERA5-Land data contain temporal
discontinuities.

The firstissue causes a problem for the bias correction algorithm because the
observed and modelled data are fundamentally not reporting the same variable.
This causes instabilities in the bias-corrected future snow. For example, imagine
bias-correcting the following data point, which represents a specific quantile of the



observed historical, modelled historical, and modelled projected data for a period
in the summer:

Xo,n = 7000 mm (observed, historical) - this could be a catchment that is 70%
glacier and the rest snow-free.

Xmpn = 0.05 mm (modelled, historical)
Xmp = 0.1 mm (modelled, projected)

The bias-corrected value is thus calculated by multiplying the observed, historical
data by the change in the modelled data:

xm
=—% % x,, = 14,000 mm
xm,h

Xm,p

This gives the unrealistic result that future SWE will be 14 m, because the very small
values in the modelled data doubled.

Second, there are temporal discontinuities in the ERA5-Land data, which are thus
also errors in the Caravan data. For example, see Figure R1 below, which shows the
snow-water-equivalent data for camelscl_11532000, a partially glaciated
catchment in southern Chile. The snow depth time series contains temporal
discontinuities around 1990 and 2002, when certain ERA5-Land cells suddenly
become (or cease to be) glaciers.

These discontinuities make it impossible to solve the first issue by simply
subtracting the glacier contribution to SWE in the ERA5-Land before performing the
bias correction.

Implications for users working in show-dominated catchments: most process-
based hydrologic models compute snow depth water equivalent internally, and do
not rely on this as an external input. The omission of this variable does not prevent
these models from being used to perform projections with Caravan-CMIP6.



Machine learning models can be trained using snow water equivalent as a predictor;
such models would not be able to perform projections using Caravan-CMIP6.

More discussion will be added, including Figure R1 as an example in the appendix.
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Figure R1: Snow-water-equivalent from CARAVAN for camelscl_11532000. Temporal discontinuities occur around 1990
and 2002, when certain grid cells within the catchment abruptly become (or cease to be) glaciers.

3.

4.

5.

The manuscript states that spatial median, minimum, maximum, and standard
deviation cannot be provided because of the coarse CMIP6 resolution. However, it is
unclear what information is provided instead.

Spatial means are provided. This will be clarified.

The sentence "l required each model and variant to report nine variables" should be
clarified. It is not clear what is meant by "report" and how the model selection was
performed.

This will be clarified. ‘Report’ was a poor word choice — | required the model output
to be available on the Earth System Grid Foundation federated nodes.

The statement "replacing the central 10 years within each 30-year window" is
difficult to follow and should be explained more clearly.

I will revise as follows, and include Figure R2 in the appendix



Following Cannon et al. (2022) the bias correction is applied using sliding windows
both across and within years. Across years, | use 30-year sliding windows from 1850
to 2014 (historical experiment) and 2015 to 2100 (ssp 126, ssp245, and ssp585
scenarios). Within years | divide each month into two halves and bias correct each
half month separately, using a sliding window of three half months. This results in a
sliding block of data of 30 years by three half months (see Figure R2). The bias-
correction algorithm sees all these data but only the central 10 years and central
half month are saved at each step.

Using equal-length slices in the historical (reference) and future periods ensures
there is a one-to-one mapping between the sorted historical and projected values
(Cannon, 2015). Extrapolation beyond the historical range is dealt with by preserving
the relative or absolute changes in these values.
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Figure R2: illustration of sliding windows both within and across years. In this example the data to be bias-corrected are
the values from May 16-31 over the decade 2040-2049. However, data from May 1-June 15 and from 2030-2059 are also
included in the bias-correction algorithm, which improves the temporal consistency within years and across decades.



6. Thetemporal characteristics of the dataset should be introduced explicitly,
including temporal resolution, temporal coverage, treatment of different CMIP6
calendars, and any harmonization procedures.

At line 45 | will add:

The data are provided at daily resolution from 1850-2100, in the native calendar of
each climate model, which include the proleptic_gregorian, no _leap, and 360-day
calendars defined by the CF conventions (Eaton et al., 2024).

Model selection

1. The discussion of model selection lacks coherence. The manuscript first discusses
ensemble selection, then model modifications, and then abruptly moves to the "hot
model" problem and model weighting. Consider separating these topics into
distinct subsections.

I will move the ECS/TCR discussion to a new section entitled “Usage
recommendations and limitations” which will follow the Methods.

2. The discussion of ECS/TCR and the "hot model" issue appears disconnected from
the construction of the dataset. It is not immediately clear whether this section
describes methodological decisions used to build Caravan-CMIP6 or
recommendations for future users.

See previous comment.

3. The model weights provided in Table 1 require additional explanation. Their
meaning, derivation, interpretation, and intended application should be described.

Atline 119 | will add:

Users may take the weighted ensemble mean (or weighted quantiles) of projected
impacts derived from the full ensemble from all models. Weighting ensures that
models that represent unlikely climate change pathways have a smaller influence
on results.

I will also add a section in the appendix describing the model weighting strategy.

Cannon (2024) proposed a method of estimating weights for an ensemble of
climate models, based on matching the distribution of ECS values in the models to
the assessed (theoretical) distribution of ECS (Sherwood et al., 2020). This method
aims to optimize model weights to minimize the differences between the weighted
model quantiles and the assessed quantiles of ECS. The method uses a quasi-
Newton optimization algorithm (R Core team, 2025).



The optimization algorithm is run 50 times, and the average weight is taken. For each
run a different (random) set of initial weights are provided, and a small amount of
Gaussian noise is added to the ECS estimates for each model, e~N(0,0.1).

Figure R3 shows the unweighted and weighted model distribution of ECS, compared
to the assessed distribution.
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Figure R3: Effect of weighting on the model distribution of ECS. The unweighted ensemble model distribution of ECS is
provided in (A), along with the assessed distribution of ECS from Sherwood et al. (2020). The model distribution is notably

‘hot’: it is shifted to the right of the assessed distribution. The weighted ensemble of ECS (B) matches the assessed
distribution more closely.



Data processing

1.

3.

Section 2.2 is entitled "Raw CMIP6 model output extraction", although the section
mainly describes basin-scale spatial aggregation rather than raw data extraction. A
more appropriate section title would improve clarity.

This section will be renamed “Basin-scale spatial aggregation of raw CMIP6 model
output”

Basin averaging inevitably modifies the native spatial representation of the climate
models, particularly for small catchments and heterogeneous terrain. This
limitation should be acknowledged and discussed.

| agree that basin averaging can reduce the information content of the data, but
Caravan and all the CAMELS also provide basin-averaged meteorology. This
limitation is thus not introduced by Caravan-CMIP6. | will add the following:

Note that many of the catchments are much smaller than the grid resolutions of the
CMIP6 models, which range from approximately 50 km to 500 km. The raw CMIP6
data may thus be poorly representative of the conditions within individual
catchments.

Throughout Section 2.3, implementation details are often introduced before
explaining why they are required. For example, basin elevation is introduced before
explaining that it is needed to estimate surface pressure. Similar issues occur
throughout the methodology. Reorganizing the workflow by first explaining the
motivation and then describing the implementation would substantially improve
readability.

This section will be revised to ensure implementation details follow the motivation.

Bias correction

1.

The rationale for selecting Quantile Delta Mapping (QDM) requires further
discussion. QDM is a well-established bias-correction method but is not without
limitations. In particular, it does not preserve multivariate dependence and, without
multivariate extensions, does not preserve spatial and temporal dependence
structures. The manuscript should explain why QDM was selected over other
available approaches and discuss its limitations more explicitly.

I will add the following near line 135:

Many bias-correction algorithms exist, and their future performance is impossible to
validate (Teutschbein and Seibert, 2012). Dinh and Aires (2023) reviewed available



univariate statistical bias-correction algorithms, and evaluated them based on (a)
how well the bias corrected data for the historical reference period match the
observed data, and (b) how well the bias-correction preserves the mean change
signal in the climate model data. They found that the Equidistant Quantile Matching
algorithm developed by Li et al. (2010) achieved both goals reasonably well. Cannon
etal. (2015) showed that the additive form of Quantile Delta Mapping (QDM) is
equivalent to Equidistant Quantile Matching, and QDM also supports a
multiplicative correction. Cannon also showed that QDM is better at preserving
changes in extreme values than two other commonly-used algorithms. QDM has
been widely used and validated since its development, and mature software
packages exist for its implementation (Cannon, 2024a).

A multivariate version of QDM has also been developed (Multivariate Quantile
Mapping Bias Correction, MBCn) (Cannon, 2018). MBCn preserves the dependence
between variables, which can be important for hydrologic simulations. However,
MBCn was not chosen for Caravan-CMIP6 for two reasons. First, MBCn is an
iterative technique that proceeds until convergence criteria are met. This is
computationally expensive, especially when many variables are being
simultaneously corrected. Second, using a multivariate technique increases the risk
of overfitting (Cannon, 2018) and also creates the possibility for errors in one
variable to negatively affect the results for another variable. For example, if there are
errors in the observed historical surface wind data, all of the bias-corrected
variables would be potentially compromised.

. The statement that variables "are not always provided in the same form" or "are not
in the optimal form for bias correction" is unclear. Please clarify what is meant by
"form" and whether these transformations are required because of differences
between CMIP6 outputs and the reference datasets or because of assumptions of
the selected bias-correction method.

Both are true. For temperature, it is preferable to bias-correct the mean temperature
and the diurnal range separately, to preserve the relationship between the mean,
maximum, and minimum temperature (Thrasher et al., 2012). This corresponds to
data ‘not in the optimal form for bias correction’

For other variables (eg. rss, rls, tdps, ps, pet) the variables must be derived from
CMIP6 output. This corresponds to data ‘not always provided in the same form’

This section will be revised to clarify this distinction and the language. The section
will be renamed “Derivation of additional variables from raw climate model outputs”



. The temperature correction workflow is difficult to follow because the notation for
bias-corrected variables is introduced before the bias-correction procedure itself is
described.

This commentis incorrect. The bias correction is described in section 2.3, while the
workflow is in 2.3.1.

Earlier sections describe strict model selection criteria, whereas Section 2.3
repeatedly states that some variables are "not always provided". This creates
unnecessary confusion. Please clarify that this refers to different representations of
equivalent variables rather than missing variables.

This will be clarified.

. Several derived variables (dew point temperature, surface pressure, PET, etc.) are
introduced without first explaining why they are required or how they relate to the
objectives of Caravan-CMIP6.

These variables will be introduced with reference to which CAMELS dataset(s) they
are included in, and also with reference to Table R1.

. The treatment of wind deserves further discussion. The manuscript acknowledges
the difficulty of bias correcting the wind vector components but ultimately bias
corrects only wind speed. Please clarify whether the released dataset contains only
wind speed or also the vector components, and discuss the implications of not
preserving wind direction.

The released dataset only includes wind speed. The implication is that models that
require x- and y- components of wind speed cannot be run on these data, and this
will be explicitly stated. That being said, | am not aware of any lumped rainfall-runoff
models that require wind vectors.

. The derivation of PET products requires stronger scientific justification. Several
methodological choices appear to be motivated primarily by implementation
convenience (e.g., assumptions regarding Priestley-Taylor parameters or replacing
cloud-cover-based radiation calculations because cloud cover was not
downloaded). These choices should be supported by scientific references or
discussion demonstrating that the approximations are appropriate and their
implications are acceptable.

For the Priestley-Taylor parameters, as noted in the manuscript, | assume G=0 and
alpha =1. These are scaling factors which affect the multiplicative bias of the ‘raw’



Priestly-Taylor PET. The multiplicative bias is fixed anyway by the bias correction, so
there is no need to set these values. This will be made even more explicit.

For Morton’s ET calculation, | will rephrase:

However, (Zajaczkowski and Jeffrey, 2020) estimated net radiation using cloud oktas,
sunshine hours duration, and extraterrestrial radiation because observations of net
shortwave and longwave radiation were not available. Since net shortwave and
longwave radiation are available from CMIP6 models, these variables are used
directly.

The physical limits imposed after bias correction should be better justified. It would
also be useful to report how frequently these limits are activated and whether they
have any measurable impact on the resulting dataset.

The limits on humidity, vapour pressure, and dewpoint temperature are all based on
the maximum moisture carrying capacity of air; the limits on temperature only
require that the relationship between minimum, mean, and maximum temperature
is not mathematically impossible; the limit on radiation is a highly conservative
upper bound set by the sum of radiation arriving at the earth’s upper atmosphere;
the limit on precipitation is considerably higher than the maximum value ever
observed on earth.

The number of times each limit is activated is included in the metadata of each file. |
will include some summary statistics in the text.

The observational or reference datasets used for bias correction across the different
CAMELS datasets should be summarized more clearly.

These are now included in Table R1.

Results and Discussion

1.

The discussion states that the bias correction is performed separately for each half-
month, although this temporal framework has not been introduced previously. This
creates confusion regarding the implementation of the bias-correction procedure.

The ‘half-month’ framework is introduced at Line 138, in the Methods. Also, see
‘Dataset Description’ comment 5, where | propose changes to the text. Hopefully
the revised text makes this point clearer.

The description of return levels is difficult to follow. The rationale for estimating
return levels using annual block maxima and empirical ranking should be better
justified rather than being presented mainly as a matter of simplicity.



These points will be clarified.

Annual block maxima are a common, and simple, approach used to detect changes
in hydrologic extremes (Slater et al., 2021). The simplicity is not only a matter of
convenience, but also of reducing the number of subjective decisions involved in
the analysis. This leads to a more transparent evaluation of the dataset.

Empirical ranking is chosen because the question Figures 2 and 3 are asking is how
well the bias correction preserves changes in extremes. Thus, | am interested in
whether the actual changes in extremes in the bias-corrected data are similar to the
actual changes in the raw data. If | were to fit an extreme value function, it would be
difficult to tell whether the bias correction or the extreme value function was to
blame for any discrepancies.

. The concepts of ratio and interval variables should be clearly defined before
discussing the results.

This conceptis introduced at Line 141. | will remind the reader of this as follows:

Figure 2 shows a comparison of the raw and bias-corrected (QDM) change in the
mean and 10-year return period maximum values for the four ratio variables (for
which the relative changes in the climate models are meant to be preserved), for all

climate models and all catchments within the Caravan dataset. Figure 3 shows the
same comparison, for the mean and 10-year return period minimum and maximum
values, for the interval variables (for which the absolute changes in the climate

models are meant to be preserved).

Figures 2 and 3 evaluate only selected variables. Please explain why the remaining
variables are not presented or provide justification for the selected subset.

Figures 2 and 3 evaluate all the variables in the Caravan dataset. Variables in each
of the CAMELS datasets were also inspected but not included in the manuscript for
brevity. The Caravan variables are broadly representative of the overall performance.

Figures 4 and 5 present projections only for the 3°C warming level, although four
warming levels are introduced earlier in the manuscript. Please explain why only
one warming level is shown.

This is to keep the figure from having too many subplots. The objective of Figures 4
and 5is toillustrate the potential value of the ensemble for projecting changes in
floods or droughts and their uncertainty. As such, a single global warming level is
sufficient, and that showing the differences between models is more informative
than showing the differences between warming levels.



6. The current evaluation focuses primarily on whether QDM preserves the projected
climate change signal by comparing the raw and bias-corrected CMIP6 outputs
(Figures 2 and 3). While this is an important characteristic of QDM, it does not
demonstrate how well the bias-corrected historical simulations reproduce the
reference observations. Since Caravan-CMIP6 is intended to provide bias-corrected
meteorological forcing, | recommend including a concise validation of the historical
period against the observational datasets used for bias correction. Representative
performance statistics (e.g., bias, RMSE, correlation, distributional agreement, or
seasonal climatology) for selected variables and representative catchments or
regions would provide users with greater confidence in the quality of the released
dataset and complement the current evaluation.

| will add the following section, “Match to Observed Reference Data”
Match to Observed Reference Data

Apart from preserving changes in variables from the climate model simulations, the
other goal of bias correction is to match the statistical properties of the observed
reference data. This section evaluates how well the bias-corrected data match the
overall distribution and the seasonality of the observed data for the reference period
of 1981-2010. The Caravan data are used, but the results are representative of the
behaviour for the CAMELS datasets as well.

Distribution

Quantile Delta Mapping is designed to bias-correct each quantile of the modelled
data to exactly match the observed data (Cannon et al., 2015). However, the use of
sliding windows to perform the bias correction can lead to deviations from this ideal
behaviour. Here | verify that the observed distribution for the reference period is
reproduced by the bias-corrected data.

The first column of Figure R4 shows the agreement between the observations and
bias-corrected simulations for 1981-2010. The left column shows the Wasserstein
Distance between the two distributions for all catchments and climate models
(n=1.12 million), for each variable in Caravan. The Wasserstein Distance (Vaserstein,
1969), also called the ‘Earth Mover’s Distance’, is the minimum ‘cost’ required to
transform one distribution to another, and has the same units as the underlying
data. It was calculated with the transport package in R (Schuhmacher et al., 2024).
The location of the median, 99.9" percentile, and maximum values are indicated,
and columns two to four show the observed and bias-corrected histograms for the
catchments corresponding to these percentiles.



In general, the distributional agreement is excellent, even for the worst case for each
variable (the maximum Wasserstein Distance). However, for rss and petfao56, the
worst case shows noticeable disagreement at the upper end of the distribution.
These worst cases correspond to the same catchment and climate model
(camels_04043050: Trap Rock River Near Lake Linden, Ml, climate model MRI-
ESM2-0, variant r2i1p1f1). The error originates from an error in the climate model rss
variable around the North American Great Lakes, which will be catalogued in
“Appendix A: Miscellaneous Notes”.

For sfcWind, the worst match is for the gauge GRDC_3618700 and the climate
model MIROCS. This is a gauge in northern Brazil on the Cotingo River, and large
biases in the raw climate model data are to blame for this poor match. The raw data
indicate very low 10-metre wind speeds, never exceeding 0.07 m/s in the historical
period and include a strong trend towards increasing wind speeds, from a mean of
5.5E-5in the 1850°s to a mean of 2.6E-2 in the 2000’s (a 500-fold increase). The
small values and the unrealistic trend over the reference period are the cause of the
poor performance of the bias correction algorithm for this case.
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Figure R4: Match of bias-corrected data to observations for the reference period. The left column shows the distribution of
the Wasserstein Distance (a measure of distributional similarity) for all catchments and climate models in the Caravan
dataset. Columns 2-4 show the observed and bias-corrected distributions of each variable for the catchment/climate
model at the median, 99.9" percentile, and maximum of the Wasserstein Distance.



Seasonality

The bias correction procedure is also intended to ensure that the seasonality of the bias-
corrected data matches the observed reference seasonality. This is achieved by bias-
correcting each half-month separately.

Here | evaluate the match between the observed and bias-corrected monthly
climatological mean values of each of the ten variables in Caravan. The first column of
Figure R5 shows the coefficient of determination (R?). Similar to Figure R4, Figure R5
indicates the median performance, the performance achieved by 99.9% of models and
catchments (0.1th percentile R?), and the worst-performing case (minimum R?), and shows
these examples in columns two to four.

The bias-correction produces good matches to the observed seasonality in almost all
cases. However, precipitation is the most challenging variable for which to match the
seasonality, because its episodic nature and the use of sliding windows creates the
potential for the bias-correction to ‘bleed’ across the half-month boundaries. This
produces the jitter observable in row one, columns three and four, for catchments that do
not have a strongly seasonal precipitation regime.
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Figure R5: Match of bias-corrected data to seasonality of observed data. The first column shows the coefficient of
determination R? between the observed and bias-corrected monthly climatological (long-term) means. Columns two to
four show examples of the median, 0.1th percentile, and minimum (worst) R?.



Conclusions

1.

The opening paragraph discusses projected streamflow changes, although
streamflow itself has not been analysed in this study. The conclusion should better
reflect the actual scope of the manuscript.

| willinstead refer to ‘hydrometeorological projections’.

The justification for not adopting multivariate bias correction focuses primarily on
computational cost. A stronger scientific justification should be provided, together
with discussion of the methodological trade-offs.

See ‘Bias Correction’ comment 1.

The statement that Caravan-CMIP6 is biased toward Europe and North America has
not been analysed or discussed elsewhere in the manuscript. This limitation should
either be discussed earlier or omitted from the conclusion.

This statement will be removed.

Overall, | believe the dataset has significant value for the hydrological community.
However, the manuscript requires substantial revision to improve the clarity of the
methodology, strengthen the scientific justification for several processing decisions, and
provide a more complete evaluation of the released bias-corrected dataset. Addressing

these issues would considerably improve the reproducibility and usability of Caravan-

CMIP6 as a long-term community resource.
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