Reviewer 1

Response

We thank the Editor and Dr. Anneli Guthke for their positive assessment of our work and for the
constructive comments, which will help us improve the manuscript. Below we provide a point-by-
point response to the reviewer comments. Reviewer comments are reported in black, while our
responses are shown in blue.

We hope that the revised manuscript and responses satisfactorily address all comments and
that the manuscript can now be considered for publication in GMD.

Yours sincerely,
Francesca Moschini, on behalf of all coauthors
Summary:

This study assesses a ubiquitous but often overlooked problem: hydrological models are built for
a specific purpose (e.g., flood forecasting), and at some point “misused” for other tasks (e.g.,
drought prediction, water resources management), often without specific re-training and re-
evaluation. Since any model is just a coarse abstraction of reality and suffers from model
structural errors, compensation for model error happens within the allowed parameter ranges,
and unphysical behavior can emerge across compartments, processes and variables. So if
trained for streamflow only, a hydrological model might perform poorly on other components of
the water balance, and this is the target of the presented analysis in this manuscript. The
authors investigate different model setups of a specific distributed model, LISFLOOD, on the Po
River Basin, with respect to streamflow prediction performance, but also through diagnostic
evaluation of other fluxes.

Overall evaluation:

The authors reveal interesting contradictions between performance, parameter estimation and
water balance closure when training different versions of LISFLOOD. The manuscript is very well
structured and a pleasure to read. While the conclusions of the study are supported by the
findings, unfortunately, the manuscript left me somewhat “uninspired” - | had hoped for more
insights. Yet, the findings are worthwhile reporting and the analysis itself is nicely done, so my
recommendation is to still consider this manuscript for publication, albeit not the most forward-
directed paper.

We thank the reviewer for the positive assessment of our manuscript and for the constructive
review comments, which will help us strengthen the analysis.



We appreciate the reviewer's broader point regarding the level of insight and forward-looking
implications of the study. In the revised manuscript, we will therefore strengthen some parts of
the discussion, particularly concerning the implications for model calibration, parameter
constraints, and the use of diagnostic frameworks such as the Budyko analysis for evaluating
hydrological model realism.

Specific comments:

Abstract: “Their realism in simulating water balance components is crucial for building trust
across different use cases.” Thank you for this statement, this is so true but often overlooked.
Glad to see this issue addressed explicitly in this study.

We thank the reviewer for this supportive remark. It encourages us that the motivation of the
study resonates with the community, and we will preserve this framing in the revised version.

l. 4/5: “Therefore, alternative setups can benefit specific applications by improving the
representation of relevant water balance components.” | know what you mean, but | feel this
sentence is too dense. Please invest one or two sentences more to explain alternative setups
and how they could eventually lead to improved representation of water balance.

Thanks for this comment, we have rephrased the sentence to give it more clarity. We will add the
following considerations from line 4 in the revised manuscript.

“Alternative setups, such as the choice of input data, model structure, and calibration methods,
can influence how water is partitioned across model states and fluxes. Modellers can adjust
these choices to improve the representation of the water-balance components most relevant for
a given application, even when this comes at some cost to overall streamflow performance.”

[.17:"...in a flexible and target-driven way,...” This might almost be a philosophical question, but
doesn't that approach contradict your motivation to “build trust across different use cases”? I've
long been debating with myself and others whether models should be built and tested goal-
oriented (this was the word | used in the past, see Guthke (2017)) or open-purpose. Intuitively, a
model should do the right things for the right reasons and combine internal realism with best
performance, but empirically, we observe that this is not the case, and hence the (also justified)
advice to optimize and evaluate the model on those aspects it will be applied for. In that sense, is
there any problem with a flood forecasting system that predicts stream discharge really well, but
struggles with evapotranspiration? Who cares (to play devil's advocate here)? I'm curious to read
more about the authors’ perspective on this dilemma in the manuscript. - Ok, from reading the
introduction | understand that LISFLOOD is a specific case where a model is used beyond its
intended purpose; this piece of information would be helpful to integrate into the abstract. To
tell the story that (at latest) when a model is asked to perform other tasks (especially: water
resources management) than it was trained on, it needs to be reevaluated and maybe retrained
with a focus on a realistic water balance.



We thank the reviewer for this thoughtful comment, which engages directly with one of the core
conceptual questions underlying the motivation of this study. We have addressed the specific
suggestions regarding the abstract first, and then we offer our perspective on the broader
question raised (following which we will extend the discussion in the revised manuscript).

Regarding the abstract, we will integrate the reviewer's suggestion (from line 9), making explicit
that the LISFLOOD model is used beyond its original intended purpose of flood forecasting:

"We present one such exercise in a representative European case study using a physically-based
hydrological model (LISFLOOD), as calibrated and set up for the European Flood Awareness
System (EFAS). Originally developed for flood forecasting, LISFLOOD is increasingly also
employed for drought monitoring and water resources management."

Regarding the general perspective and discussion, we agree with the reviewer that when a
model originally calibrated for one purpose (e.g., flood forecasting) is repurposed for others (e.g.,
water resources management), its realism in representing the full water balance must be re-
evaluated, and the model may need to be re-calibrated with new targets beyond streamflow.

This connects directly to the philosophical question the reviewer rightfully raises: "is there any problem
with a flood forecasting system that predicts discharge well but struggles with evapotranspiration?”. In
this work we argue that, in a physically-based model, certain internal fluxes and states (e.g., soil
moisture, evapotranspiration, long-term storage) should remain within physically plausible bounds and
not deviate too far from theoretical expectations, particularly in the long-term water balance, regardless
of the calibration target. If they do not, the model is producing the right streamflow for the wrong reasons,
and the modeller has no principled way of knowing whether the model will still be reliable under non-
stationary conditions, in ungauged basins, or for any application outside the narrow calibration target. In
the revised manuscript, we will extend the discussion on these points and on the broad implications of
our work.

This study shows that the operational LISFLOOD setup tends to favour streamflow at the expense of
other water-balance components. That finding raises a more provocative question, which we think the
community should urgently engage with: why use a physically-based model at all if its internal fluxes and
non-calibrated states are unreliable? With the rapid advances in deep-learning approaches in hydrology,
this question becomes increasingly pressing; if a black-box model can predict the target variable as well
as or better than a physically-based one, the value of the physical model rests precisely on its internal
realism. Audits like the one we present are, in our view, the way to defend (or challenge) that value.

Conversely, when a physically-based model is set up correctly, internal-realism diagnostics can be
informative in their own right. A physically-based model run on a leaky catchment with lack of knowledge
on its groundwater processes, or with poor-quality forcing, or with a missing process (e.g., unmodelled
irrigation withdrawals), should fail the water-balance check, and that failure is itself useful information,
pointing the modeller toward data quality issues, incorrect parametrisation, or structural gaps in the
model rather than masking them through compensatory calibration. In such a case, we argue that deep
learning models trained to reproduce streamflow accurately can perform their intended task
(reproducing the target variable) well, but could not provide the same usefulinformation on data quality
or processes that a well-constrained physically-based model could provide. We will add a few sentences



in the discussion and abstract of the revised manuscript to provide more general insights on these broad
implications of such a hydrological auditing for physically-based models.

We updated the discussion from line 537

“The aforementioned considerations highlight the need for a deeper investigation of how the LISFLOOD
model simulates the vadose zone, identifying which processes should be constrained or structurally
modified to ensure that the model achieves the right response (streamflow) for the right reasons, that is,
with internally consistent states and fluxes {Beven2012-ck,Wagener2019-pc}. If internal fluxes deviate
too much from physically plausible bounds and theoretical expectation, the model is producing the right
output (streamflow) for the wrong reasons, and the modeller has no principled way of knowing whether
the model will remain reliable under non-stationary conditions, in ungauged basins, or for any
application beyond the calibration target.

We argue that this structural diagnosis should precede, rather than be replaced by, the introduction of
additional calibration targets, whether in the form of extra parameters to be calibrated or of external
constraints such as ET or Budyko-based metrics added to the objective function. With the rapid
advances in deep-learning approaches in hydrology, this finding raises a more pressing question: if a
black-box model can predict the target variable as well as or better than a physically-based one, the
value of the physical model rests precisely on its internal realism. Audits like the one we present, in our
view, are the way to defend (or challenge) that value. Conversely, when a physically-based model is set
up correctly, internal-realism diagnostics are informative on their own. A model run on a leaky
catchment, with poor-quality forcing, or with a missing process (e.g., unmodelled irrigation), should fail
the diagnostic check. Rather than masking such issues through compensatory calibration, the failure
itself is useful information, pointing the modeller toward data quality issues, incorrect parametrisation,
structural gaps, or lack of process understanding (Bloschl, 2026). A deep-learning model trained on
streamflow may perform its task well, but cannot provide this diagnostic information. In such cases, a
deep-learning model trained to reproduce streamflow may perform its intended task well, but cannot
provide the same diagnostic information on data quality or process representation that a well-
constrained physically-based model can.”

Moreover, we revised the sentence mentioned by the reviewer (L. 17, “... in a flexible and target-driven
way...”) and extended the end of the abstract to highlight the broader implications of our work, as
follows:

We propose diagnostic criteria to support the evaluation of physically based distributed models, across
different applications, while preserving consistency in the representation of long-term water-balance
components. Finally, we argue that such hydrological auditing becomes increasingly relevant as the
added value of physically-based models, compared to increasingly competitive data-driven models, lies
in their ability to provide diagnostically useful and physically-consistent representations of internal
water-balance processes.

l. 74: It would be great to round off the introduction (and the manuscript) with a claim to develop
a diagnostic methodology that applies to distributed models in general, if possible; in the current
form, the analysis relies heavily on the architecture of LISFLOOD. While such a demo case is
certainly interesting, the impact of the study could be increased if the authors invested some
effort into more general considerations.



We thank the reviewer for this relevant suggestion, which could make our work more impactful.
While our parameter-interplay analysis is necessarily tied to LISFLOOD's specific structure, much
of the diagnostic workflow we propose (multi-scale streamflow metrics, FDC signatures, and the
cell-based Budyko-distance diagnostic) is in fact model-agnostic and can be applied to any (semi-
)distributed hydrological model.

We strongly agree that a more general framing of how this diagnostic can be applied to
distributed hydrological models is needed. We will revise the manuscript to make the
generalisable elements of our diagnostic framework more explicit and to indicate how they could
be transferred to other distributed models.

Specifically, the cell-based Budyko-distance analysis can be applied to any model output,
provided that the assumptions underlying the Budyko framework are respected (see line 283). It
serves as a simple diagnostic to check whether a model is Budyko-compliant or deviating from
the curve for identifiable physical reasons (e.g., snow accumulation, irrigation, leaky catchments).
In the Discussion we have also added a reference to Wang et al. (2026), who recently proposed
an event-type-based diagnostic framework that complements our long-term, flux-based
perspective by focusing on which processes drive errors at the event scale. We believe that their
study, focused on streamflow events, could be complementary to the long-term fluxes diagnostic
we proposed.

We will add a sentence to the introduction from line 69:

“While we apply the approach to LISFLOOD, the diagnostic workflow we propose, based on multi-
scale streamflow metrics, FDC signatures, and a cell-based Budyko-distance diagnostic, is
intended as a first step towards a methodology applicable to distributed hydrological models
more broadly”

And we will revise parts of the discussion from line 587 as reported below:

“In particular, the cell-based evaluation can help the modeller to spot deviations from the
expected Budyko value. A natural next step in developing this diagnostic tool would be to classify
areas a priori according to whether higher, lower, or comparable AET is expected with respect to
the Budyko empirical AET. For example, in mountainous regions, karstic, or impervious areas we
expect a lower AET than the Budyko value, whereas a higher AET is expected when significant
water sources exist beyond precipitation (e.g., irrigation) or where the landscape features high
water retention or strong groundwater influences. Combined with the four FDC-based signature
metrics on streamflow, this classification can shed light on how the model partitions water
among storage, AET, and runoff, and on which part of the flow-duration curve discrepancies
concentrate.

The evaluation of modelled fluxes and states against such functional relationships is model-
agnostic and can be performed on any hydrological model, whereas the link between observed
discrepancies and the underlying model structure or parameters is necessarily model-specific.



This separation between general diagnostics and model-specific interpretation aligns with the
broader perspective advocated by Gleeson et al. (2021) and Gnann et al. (2023), and is, in our
view, the natural direction in which our work can be extended.

Recent studies have moved in this direction. For example, (Wang et al., 2026) introduce an event-
type-based multi-dimensional diagnostic framework that evaluates timing and magnitude errors
for streamflow events of different types (e.g., snow-related events, rainfall on dry or wet soils)
and uses explainable machine learning to identify the relative importance of different sources of
error, providing a route to diagnose which processes drive event-type-specific model failures.
While Wang et al. (2026) focus on streamflow events, our diagnostic considers both streamflow
and AET against the Budyko expectation; combining the two perspectives, event-scale
streamflow diagnostics and long-term flux-based diagnostics, could provide a more complete
picture of where and why a model fails.

Beyond diagnostics, another way to include the Budyko framework, and the BD, could be
employed in the constraining of the parameter space prior calibration, ensuring that only
physically meaningful values are considered. Alternatively, it can be integrated as a metric during
calibration or used in post-calibration evaluation to guide parameter selection/tuning, reducing
equifinality, and identify combinations that underestimate AET.”

References:

Wang, Z., Tarasova, L., and Merz, R.: Event-type-based multi-dimensional diagnostics of process
limitations in hydrological models, Water Resour. Res., 62, 2026.
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. 379: “All the experiments including the ByPass do not show any significant difference in the
frequency distribution of the calibrated parameters as identified by the Kolmogorov-Smirnov
test...” | find this somewhat surprising, because, yes, the distribution seems more stable than
without ByPass, but even with, | (visually) identify distinct pattern shifts. For example, the
benchmark model seems to favor other values than the alternative models with ByPass
concerning GWPercValue, LZThreshold, binfilt, SnowMeltCoef.



We thank the reviewer for this careful observation, which prompted us to revisit, extend and
clarify the statistical analysis to add more insights. In doing so, we noticed that the significance
threshold for the original Kolmogorov-Smirnov (KS) test had been mistakenly set at a = 0.04
instead of the intended a = 0.05. We have re-run the test at the correct significance level. In
addition to this small correction, as further explained below, we included an adjustment of the
KS test for multiple comparisons (based on the Benjamini-Hochberg correction) and added the
results of a complementary statistical test.

Before describing the updated results, it is worth clarifying one point about Figure 5 itself. The
figure represents calibrated parameter values, which are continuous, through a discrete heat
map, i.e., showing frequency values per bin. This discretisation is useful for overall readability,
but it can be misleading when interpreting visual shifts in central tendency, because close values
that fall on either side of a threshold (bin separator) are placed in different bins even though the
underlying difference between them may be small. Conversely, values that cross the same
threshold appear visually identical even when the underlying distributions differ. Figure 5 is
therefore informative about the overall behaviour of the calibrated parameters, but the
apparent magnitude of any individual shift should be interpreted cautiously and cross-checked
against a quantitative statistical test. This is the motivation for the additional statistical analysis
that we will add in the revised manuscript and we report below.

In the revised analysis we kept the KS test and added a second statistical test based on the 2-
Wasserstein distance (WD) proposed by Schefzik et al. (2021), already applied in a hydrological
context by Ficchi et al. (2026). The two tests are complementary: KS is sensitive to localised
differences between empirical CDFs, while the Wasserstein test captures bulk distributional
shifts and differences in location, size, and shape. Including both gives a more complete picture,
since agreement between the two strengthens the evidence of a real shift, while disagreement is
itself informative. We ran the tests across thirteen parameters tested against each of five
alternative setups (PowerPrefFlow is treated separately, since it is not active in the no-ByPass
configurations) and applied the Benjamini-Hochberg correction to control the false discovery
rate at the 0.05 level on both sets of p-values (Benjamini and Hochberg, 1995).

The Benjamini-Hochberg correction is appropriate here because our analysis is exploratory: we
aim to characterise which parameters shift across setups, so an overly conservative correction is
not required. BH offers a good balance between false-discovery control and statistical power,
less restrictive than family-wise approaches such as Bonferroni or Holm (Benjamini and
Hochberg, 1995). The same correction was applied to both tests on the same 65 comparisons.

We report here below two new figures supporting this analysis that have been added in the
revised manuscript in the Appendix section. Moreover, considering the new results, we have
updated Section 3.3 “Calibrated parameters”

Figure A shows the distribution of paired shifts (alternative setup — benchmark) across the sub-
catchments for the six parameters where at least one alternative differs significantly from the



benchmark under either test. Each blue point is one catchment; the red bar is the median shift,
the green dot the mean, and the dashed line the no-shift reference. Bold setup labels indicate
significance under the Kolmogorov-Smirnov test; an asterisk indicates significance under the 2-
Wasserstein test, both Benjamini-Hochberg corrected at a = 0.05 over the 65 benchmark-versus-
alternative comparisons.

Figure B uses the same format to show the seven parameters with no significant shift under
either test (SnowMeltCoef, GwPercValue, LZThreshold, GwLoss, LakeMultiplier,
adjust_Normal_Flood, ReservoirRnormgMult).

The results show some significant differences detected by both statistical tests which involve
mainly binfilt, CalChanMan1, CalChanMan2, UpperZoneTimeConstant, LowerZoneTimeConstant,
and QSplitMult, whereas most other parameters show no robust differences. Where the two
tests agree (bInfilt, CalChanMan1, CalChanMan2, and QSplitMult in the no-ByPass setups) we
have robust evidence of systematic shifts. Where they disagree, the disagreement reflects the
complementary sensitivity of the two tests: the Wasserstein test flags small bulk shifts in binfilt
for the ByPass-enabled setups and in CalChanMan1 for NOBP, while the KS test alone detects
tail-localised differences in UpperZoneTimeConstant and LowerZoneTimeConstant in the no-
ByPass setups.

The corrected analysis confirms most of the original claims but refines a few. GwPerc and
GwLoss, originally listed in the manuscript as shifting parameters, do not pass the corrected KSs
and Wasserstein test for different reasons: GwPercValue calibrations in the no-ByPass setups
appear to be constrained by the upper bound of the calibration range (2.0), which censors the
magnitude of detectable shifts. GwLoss shows small but visually consistent downward shifts, but
the within-catchment variability is large compared to the shift magnitude, and the signals do not
remain significant after correction. The findings are still visible in the figure (the red median bars
sit consistently on one side of zero).

In contrast, CalChanMan1, LowerZoneTime costant and UpperZoneTimecostant are added to the
list of parameters with systematic shifts in the no-ByPass setups, which was not noted in the
original manuscript.

The adjusted statistical analysis partially agrees with the parameter changes identified by the
reviewer. Significant changes in binfilt are confirmed: both BP-WT and BP-3M show statistically
significant shifts under the Wasserstein test, in the direction the reviewer described, i.e., the
calibrated parameter values change when soil depth is modified with the ByPass active. This is
true especially in terms of central tendency, as confirmed by exploiting the decomposition of WD
into location, scale, and shape components of Schefzik et al. (2021), which shows a prominent
change in location (> 58%). GwPercValue, LZThreshold, and SnowMeltCoef do not reach
significance (based on either the WD or KS test) after correction. The visual patterns the reviewer
noted for these 3 parameters are present in the figures (small shifts in median, asymmetric
spread) but are within the noise that the tests can resolve at our sample size.
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Figure A. Distribution of paired shifts in calibrated parameters (alternative setup — benchmark
configuration) across the sub-catchments for the six parameters where at least one alternative
differs significantly from the benchmark under at least one of the two statistical tests (KS and
WD-based test with BH correction).
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Figure B. Distribution of paired shifts in calibrated parameters (alternative setup — benchmark



configuration) across the sub-catchments for the seven parameters where no significant
differences are detected by either statistical test (KS and WD-based test with BH correction)
between any setups with respect to the benchmark of the two statistical tests.

We updated the Result subsection “Calibrated parameters” line 390 :

We tested whether the calibrated parameter distributions differ between the benchmark and each
alternative setup using two complementary distributional tests: the Kolmogorov-Smirnov (KS) test and
the 2-Wasserstein-distance-based (WD) test of Schefzik et al. (2021), already applied in a hydrological
context by Ficchi et al. (2026). Both tests were corrected for multiple comparisons using the Benjamini—
Hochberg procedure (Benjamini and Hochberg, 1995) at the 0.05 significance level. The paired shifts of
each parameter for each setup against the benchmark, together with the test outcomes, are reported in
Appendix B (Figure B6 and B7). The KS test is sensitive to localised differences between empirical
cumulative distribution functions, while the WD test captures bulk distributional shifts and differences in
location, size, and shape. All the experiments including the ByPass do not show significant differences in
the frequency distributions of the calibrated parameters compared to the benchmark, with the exception
of a modest downward shift in binfilt detected by the WD test for both BP-WT and BP-3M, suggesting that
changes in soil depth do not cause substantial changes in other parameters and do not lead to
systematic internal flux compensations.

In contrast, the experiments without ByPass show systematic and consistent shifts in several
parameters, pointing to more pronounced internal compensations in the absence of preferential flow.
Both tests agree on significant shifts for binfilt, CalChanMan1, CalChanMan2, and QSplitMult across all
three no-ByPass setups. The KS test additionally detects shifts in UpperZoneTimeConstant (NOBP-WT,
NOBP-3M) and LowerZoneTimeConstant (NOBP-3M), which we interpret as tail-localised changes in the
residence times of the upper and lower groundwater zones. These parameters affect the speed of
propagation of floods, the speed of water flowing in the channel and floodplain, the saturation excess,
and the speed of water reaching the channel from the fast and slow saturated soil zone. The distribution
of these calibrated parameters for each catchment are showed in Appendix B (Figures B8-B13).
Compared to the ByPass setups, the changes in routing parameters (CalChanMan2 and QsplitMult) in
the experiments without the ByPass suggest slower channel routing (higher value of CalChanMan2) and
greater diversion to floodplains or to the overbank part of the channel (lower QsplitMult). Soil-
groundwater parameters adjust by clearly compensating the lack of the ByPass component: binfilt shows
a significant decrease, indicating that water infiltrates more in the unsaturated zone; the decrease of the
UpperZoneTimeCostant and the increase of the Lower-ZoneTimeCostant indicate respectively a increase
and a decrease of residence time of the fast and slow saturated zone. GwLoss (Figure B10), even if no
significant changes are detected by KS and WD tests, tends to be lower meaning that there is less need to
compensate for excess water in the deep aquifer that cannot be explained by other physical processes.
Overall, excluding the ByPass forces compensatory adjustments in the parameters, redistributing water
through alternative pathways and replacing the aquifer recharge otherwise captured by the preferential
flow process.

References:
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Schefzik, R., Flesch, J., and Goncalves, A.: Fast identification of differential distributions in single-
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Discussion & conclusions: while the conclusions are supported by the findings of the study and
the proposed ways forward (constraining certain parameters to shield against “abuse” during
parameter calibration) are interesting, the study left me a bit “uninspired” - | would have hoped
for a more comprehensive comparative analysis including more diverse model representations,
and more insights into how to unify these apparently contradicting model uses.

(You might have noticed that usually | provide many more comments - this is a sign that the
manuscript is very nicely written, structured in a clear manner and the analysis is well
documented. Congrats!)

We thank the reviewer for this thoughtful comment. We agree that we have explored only a
limited set of model configurations, both in terms of parameter variations and structural
mechanisms (the ByPass activation/deactivation and different soil-depth choices). A broader
range of hydrological process representations and parametrizations would certainly be worth
investigating. However, the primary objective of this study is not to provide an exhaustive
comparison of several alternative model structures and parametrizations, but rather to propose
a diagnostic framework to audit hydrological modelling realism, and investigate the trade-offs
between streamflow-oriented performance (the target of most existing hydrological models) and
physically consistent water-balance partitioning, focusing on six exemplary alternative setups.
We have clarified this framing more explicitly in the revised Abstract and Introduction, to avoid
generating misleading expectations regarding the scope of the study. Moreover, as reported in
our response to a previous comment (see point on L.74), we have revised the manuscript to
make the generalisable elements of our diagnostic framework more explicit and to indicate how
they could be transferred to other distributed models.

Another benefit of such a diagnostic framework, even when performed on a limited set of
alternatives as ours, is to shed light on the most promising avenues for further research on
model structural improvements. For example, one direction we did not explore, but that follows
directly from our results, is the use of less complex but more robust representations of soil-
water dynamics. The evapotranspiration equations in LISFLOOD are sensitive to the soil depth
and to the amount of water allowed to infiltrate. The current allowed parameters range of soil
depths and infiltration (binfilt) together with the current equations used by LISFLOOD to
calculate AET can lead to unrealistic estimation of AET; hence, if we want to keep the current
model structure while retaining physical realism, the infiltration and soil depths ranges need to
be adjusted to work with the current AET equations to ensure reliable results. An alternative, in
line with the arguments on defensible model complexity of Guthke (2017), would be to simplify
the unsaturated-zone representation, with fewer interdependent parameters, for which we have
limited information (e.g., good-quality and large-scale data) anyway. This would probably result
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in a more robust and defensible representation of the main fluxes and states governing the
water balance, that could be validated on long-term Budyko AET.

Among the configurations we did test, NOBP-3M emerges as the most balanced compromise
between streamflow performance (in terms of KGE) and realism of the internal fluxes. However,
our spatial analysis (Section 3) still reveals substantial inconsistencies that depend on the
calibrated parameters, indicating that even the best of our six setups does not fully resolve the
structural issues highlighted by the diagnostic analysis. This reinforces our point that further
structural variations are needed to move from a partially diagnosed model toward a fully
consistent one, both within the current LISFLOOD architecture and toward simpler, more robust
representations.

In the revised manuscript, we have included these arguments and the reference on defensible model
complexity (in the Discussion Section) from line 537.

We highlight two complementary ways forward from our analysis. The first one, in line with the arguments
on defensible model complexity of Guthke (2017), would be to simplify the representation of the vadose
zone in LISFLOOD. Our results show that the evapotranspiration equations are highly sensitive to the soil
depth and to the amount of water allowed to infiltrate. The currently allowed parameter ranges of soil
depth, preferential flow and infiltration (bInfilt), together with the AET equations used in LISFLOOD, can
lead to unrealistic estimates of AET. Reducing the number of interdependent parameters governing AET,
runoff, and infiltration, for which large-scale, good-quality observations are limited anyway, would
probably yield a more robust representation of the main fluxes and states of the water balance, which
could be validated against long-term Budyko AET.

The second one is to apply Global Sensitivity Analysis (GSA) for guiding hydrological model development
and quantifying the influence of modelling choices (Wagener and Pianosi, 2019). Past sensitivity and
uncertainty analyses on LISFLOOD focused solely on streamflow (Zajac et al., 2017; Bisselink et al.,
2016; Feyen et al., 2008); extending the scope to internal fluxes and states would inform how different
parameters influence various processes and their interactions, and would help identify which structural
simplifications are most defensible. To achieve robust sensitivity estimates, GSA typically requires a
large number of model runs (Wagener and Pianosi, 2019), which is computationally demanding for (semi-
)distributed hydrological models. Here the two directions reinforce each other: a simplified model with
fewer interdependent parameters is also a more tractable target for systematic sensitivity analysis, and
the analysis itself can guide which simplifications preserve the diagnostically relevant model behaviour.
Moreover, incorporating spatially distributed Earth Observation (EO) products, such as soil moisture and
evapotranspiration (ET) data, into the diagnostic framework would complement the theoretical Budyko-
based diagnostic with observation-based evidence, supporting the identification of structural
inadequacies at the grid-cell level and guiding model development toward more realistic representations
of AET and other internal hydrological processes. The Po basin itself has been the subject of an EO-based
reconstruction of the water cycle (Brocca et al., 2024).

Technical comments:

“Auditing” - this term is only used in the title and abstract. Make consistent use of it also in the
body of the manuscript, or consider replacing these terms.



We thank the reviewer for noticing this. We agree that the term “hydrological auditing” is central
to the study and should be used more consistently throughout the manuscript. In the revised
version, we will introduce and refer to this concept more explicitly in the Introduction,
Discussion, and Conclusions to better connect the broader motivation of the study with the
presented analyses.

[. 116: Please define GPD.

We thank the reviewer for noticing the incorrect spelling of GDP (Gross Domestic Product), we
have corrected it in the manuscript from GPD to GDP.

Egs. 3 and 4: | guess the left-hand side of Eq. 3 should be named “Infiltr” to be consistent with Eq.
4.

Thank you for noticing this inconsistence, we corrected eq 4 from infiltr to Infiltration
l. 312: Remove one instance of “does not simulate”

We thank the reviewer for noticing the repetition. We removed the repetition of “does not
simulate.”

References:

Guthke, A. (2017). Defensible Model Complexity: A Call for Data-Based and Goal-Oriented Model
Choice. Ground Water, 55(5).
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Reviewer 2
Response

We thank the Editor and the reviewer for their assessment of our work and for the constructive
comments, which will help us improve the manuscript. Below we provide a point-by-point
response to the reviewer comments. Reviewer comments are reported in black, while our
responses are shown in blue.

We hope that the revised manuscript and responses satisfactorily address all comments and
that the manuscript can now be considered for publication in GMD.

Yours sincerely,
Francesca Moschini, on behalf of all coauthors

The authors evaluated LISFLOOD's performance in simulating streamflow, evapotranspiration,
and overall water balance in the Po River Basin using six model setups. With the use of the
Budyko framework, the authors demonstrated that the current model setup in EFAS performs
best in streamflow simulation, but tends to underestimate ET and have a relatively poor water
balance representation compared to other setups. The findings in this paper are crucial for
future LISFLOOD configuration for different purposes and introduce an interesting and effective
Budyko-based diagnostic framework. | recommend a minor revision with the following
comments.

We thank the reviewer for the constructive and detailed review, and for highlighting the
importance of our analysis as fundamental for future LISFLOOD setup and developments.

Major comments:

1 In the authors' different model setups, could you clarify why the maximum soil depth is set to
be 3m? Can any data support this?

We thank the reviewer for this important question which helps us clarify this choice in the
manuscript. The choice of a uniform maximum total soil depth of 3 m was motivated by both
consistency with data used for the LISFLOOD setup and by recent findings on the role of deeper
soil storage in large-scale hydrological modelling.

First, the original 5 km resolution LISFLOOD setup derived soil depth from the European Soil
Database, with values between 140 mm and 3200 mm across the European domain (Laguardia
and Niemeyer, 2008). The selected 3 m upper bound is therefore consistent with soil thicknesses
the LISFLOOD soil-moisture scheme has historically been parameterized to handle.



Second, recent work on the distributed hydrological model wflow_sbm (Mendoza et al., 2025)
has noted that the conventional 2 m soil depth, guided by global soil datasets maximum soil
thickness, may be too shallow to capture deeper groundwater dynamics and their influence on
catchment processes. Mendoza et al. (2025) reported improved discharge performance when
the soil column is extended beyond 2 m. In our study, the 3 m value represents a moderate
extension of this 2 m baseline, allowing to test the hypothesis that additional unsaturated
storage allows more evapotranspiration without departing radically from the conventional setup.
The 3 m setup is applied as a uniform constant for the total soil depth across the three layers
(sd1 + sd2 + sd3) over the whole basin, by design. The spatial variability visible in Figure 2 for sd2
and sd3 individually reflects only the partitioning of this fixed 3 m total between the two deeper
layers as a function of vegetation root depth, following Burek et al. (2013), while the top layer
(sd1) is fixed at 50 mm. Holding the total depth uniform is a deliberate experimental choice that
isolates the effect of soil column thickness from the spatial heterogeneity in water-table depth
driving the BP-WT and NOBP-WT setups, allowing us to disentangle the two controls on the
modelled water balance.

We will clarify this point in the revised manuscript, by adding the following text after line 204:

“The third soil depth configuration is estimated as for the second, except in that it limits the
maximum soil depth to 3 m, consistently with the upper range of soil depths historically used in
operational LISFLOOD setups, based on the European Soil Database (Laguardia and Niemeyer,
2008). This design choice represents a moderate extension of the 2 m baseline commonly used
in global soil datasets, which has been shown to be too shallow to capture deeper groundwater
dynamics (Mendoza et al., 2025).

2 The authors only used the KGE of streamflow as the objective function. | would suggest the
authors use ET or Budyko as an additional constraint to see whether it can help make the
prediction accurate on both streamflow, ET, and water closure.

The reviewer points to a very important aspect, which is well aligned with one of the perspectives
we propose in the discussion (Section 4, lines 574-582). We agree that a multi-objective
calibration using ET or Budyko-based constraints is a promising path to improve the consistency
of simulated ET and water-balance closure, potentially at some cost to streamflow-based
performance (KGE). The scope of this study is diagnostic: we aim to demonstrate that calibration
based only on streamflow can produce internally inconsistent water balances in LISFLOOD,
understand to what extent this may affect existing simulations, and identify which model
components are driving the effect (preferential flow, soil depth, inflitration and saturation-
excess runoff ). This diagnostic step is, in our view, a prerequisite for understanding how the
model deviates from expected physical behaviour, how its structure or parameterization might
be improved, and finally for designing an effective calibration strategy.



Our experiments suggest that improving the realism of internal fluxes without recalibrating the
parameters does not necessarily imply a substantial deterioration in streamflow performance.
For example, the NOBP-3M setup shows improved consistency with the Budyko framework while
maintaining streamflow performance comparable to the benchmark at monthly and annual
scales. This indicates that Budyko-based diagnostics can help guide the selection or adjustment
of model configurations depending on the intended application (e.g., flood forecasting versus
water-balance studies), even before implementing multi-objective calibration.

Multi-objective calibration could be a logical next step building upon the structural diagnostics
presented here. Future work could investigate whether jointly optimizing the accuracy on
streamflow and Budyko/ET metrics can preserve strong streamflow performance while
improving the physical consistency of evapotranspiration and other water balance components.

We will extend the following sentences in the revised manuscript (after line 534 of the original
manuscript, “Careful consideration is therefore needed when expanding and/or constraining the
parameter set and/or modifying the preferential flow process. The aforementioned
considerations highlight the need for a deeper investigation of how the LISFLOOD model
simulates the vadose zone, identifying which processes should be constrained or structurally
modified to ensure that the model achieves the right response (streamflow) for the right
reasons, that is, with internally consistent states and fluxes (Beven and Cloke, 2012; Wagener
and Pianosi, 2019). We argue that such hydrological auditing or model structural diagnosis
should precede, rather than be replaced by, the introduction of additional calibration targets,
whether in the form of extra parameters to be calibrated or of external constraints such as ET or
Budyko-based metrics added to the objective function.”

3 The authors evaluated the Budyko distance. The deviation from the Budyko equation is
attributed to the model configuration. Is there any missed representation of the model in terms
of anthropogenic activities, urbanization, or snow processes that can cause this deviation?

We thank the reviewer for this comment, which allows us to clarify better this point.

Anthropogenic and urbanization effects: grid cells with substantial human influence were
excluded from the Budyko analysis, as described in Section 2.5.2, from line 280, specifically, cells

with more than 80% irrigated crops, more than 80% sealed surface, or 100% open water or rice
cultivation. The retained domain is shown in grey in Figure A2 (Appendix A). The Budyko
deviations discussed in the paper therefore cannot be attributed to these factors.

Snow processes: snow-affected cells were not masked, and the influence of snow is visible in

Figure B11, where Alpine grid cells show lower AET than cells at lower elevations. This is
consistent with the well-documented effect of snow fraction on Budyko-based partitioning,
where higher snow fractions are associated with greater annual runoff and reduced AET (Liu et
al., 2015; Hwang et al., 2022; Zaerpour et al., 2024) However, Figure B12, the corresponding map



for runoff deviations from Budyko, does not show a coherent elevation-driven pattern. If snow
processes were the dominant driver of Budyko deviations, we would expect Alpine cells to show
systematically higher Q/Pr than the Budyko prediction; instead, the spatial patterns of deviation
in Figure B12 align primarily with the boundaries of the calibrated sub-catchments and with soil-
depth distributions, not with elevation or snow fraction.

This reinforces our central argument: even in regions where snow processes should exert a
strong influence on the AET/runoff partitioning, the dominant signal in the Budyko deviations
comes from the model configuration and calibrated parameters rather than from physiographic
controls.

We will add this observation in the Discussion, after In 490:

“The prominent influence of the calibrated parameters over the physical conditions is apparent
from Figure B12, where the pattern of the Budyko distance outlines the boundaries of the
calibrated sub-catchments rather than the natural characteristics that would be expected to
drive deviations from the Budyko theoretical relationship. Snow, for example, is known to
influence the runoff/evaporation ratio, favouring runoff and reducing evaporation losses
(Zaerpour et al., 2024). This relationship is visible in Figure B11, where Alpine grid cells show
lower AET than cells at lower elevations. However, Figure B12, the corresponding map for runoff
deviations from Budyko, does not show a coherent elevation-driven pattern. If snow processes
were the dominant driver of Budyko deviations, we would expect Alpine cells to show
systematically higher Q/Pr than the Budyko prediction; instead, the spatial patterns of deviation
in Figure B12 align primarily with the boundaries of the calibrated sub-catchments and with soil-
depth distributions, rather than with elevation or snow fraction.”

4 The authors compared the model-simulated Budyko relationship with the theoretical Budyko
curve. | was wondering if, since there are PET and AET datasets available, the author could
compare against the observed Budyko relationship?

We thank the reviewer for this suggestion. The use of EO-based AET and water cycle products is
in fact already identified in the discussion (Section 4, lines 547-552) as a promising direction, and
we cite Brocca et al. (2024) as an example of an EO-based reconstructed water cycle specifically
for the Po basin. We did not extend the analysis to include such a comparison in this paper for
two reasons.

First, the diagnostic purpose of this contribution is to evaluate whether LISFLOOD reproduces
the long-term climatological partitioning of precipitation between AET and runoff expected from
the energy and water availability constraints encoded in the Budyko framework. The theoretical
Budyko curve is the appropriate reference for this purpose, since it represents the climatological
expectation under the framework's stated assumptions (closed water balance, negligible storage
change, no anthropogenic disturbance). A comparison against observation-derived AET and PET
products would shift the question from whether the model reproduces the expected long-term



behaviour to whether the model agrees with a particular observational product. These are
related but distinct questions.

Second, gridded AET and PET datasets such as ERA5-Land, GLEAM, MOD16, or FLUXCOM are
themselves model (ERA5-Land) or algorithm-derived estimates (the latter three), each carrying its
own assumptions, calibration choices, and biases. Using them as a reference would combine
model-to-model differences with model-to-theory differences and require a parallel evaluation
of the observational products to interpret the comparison meaningfully. This is a substantial
undertaking, involving the choice of reference product, treatment of inter-product disagreement,
overlap with the precipitation forcing, and propagation of observational uncertainty into the
Budyko diagnostic. We consider this a study of comparable scope to the present one rather than
an extension of it.

We have expanded the existing passage in Section 4 (from line 552) to make more explicit the
link between the Budyko-based diagnostics presented here and a future EO-based evaluation.

“To address these limitations, combining GSA with empirical relationships, such as the Budyko
framework, and incorporating spatially distributed Earth Observation (EO) products like soil
moisture and evapotranspiration (ET) data offers a promising path forward, both for
constraining AET in calibration and for complementing the theoretical Budyko comparison
presented here with an observation-based one. The Po basin itself is an excellent example of EO-
based reconstructed water cycle (Brocca et al., 2024). This approach can help better constrain
and represent AET and other hydrological processes, even at the grid-cell level, hence improving
realism while minimizing adverse impacts on streamflow simulations.”

Minor comments:

1 Does GLOFAS have the same model setup as EFAS? If not, which setup in the six evaluated
models is the one used by GLOFAS?

GLOFAS uses the same LISFLOOD model setup as EFAS. In this study, we referred to the EFAS (v
5.0) and GIoFAS (v4.0) setup as the “Benchmark” setup, i.e., the standard LISFLOOD soil-depth
configuration with the ByPass mechanism enabled. Given the different spatial resolution of the
two models (1 arcmin of EFAS, 3 arcmin of GIoFAS), some differences are expected, but the
underlying high-resolution dataset used to create the input parameters are the same (Choulga et
al. 2023). We will clarify this point in the revised manuscript.

2 Both left and right-hand sides of Eq. 2 have AWI; at least one of them is a typo.

Thanks for the comment. The notation, as noticed by the reviewer, is misleading, but not
inheritably wrong. The AWI value is first calculated as water reaching the soil (precipitation and
leaf drainage minus interception), we have called it AWI potential eq (1), AWI potential is then



used to calculate the Preferential flow (eq 2), AWI is calculate as AWI potential minus the
Preferential flow.

We have added the AWI potential equation and changed the naming to clarifying the different
steps. We thank the reviewer for pointing out this inconsistency and giving us the possibility to
clarify the equations.

3 The authors have a couple of typos on "Xinanjiang" as "Xinjang" or other words. Please correct
these.

We thank the reviewer for noticing the mispelling of Xinanjiang, we have corrected in the
manuscript.

4 1L420: "the energy limit (green line)": The energy limit is the black line. Please correct this.
We are thankful to the reviewer for noticing this oversight, we have changed “green line” to
“black line”

5313 has a typo:" does not simulate does not simulate."
We thank the reviewers for spotting the typo, we have corrected it.
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