Reply to RC1: '‘Comment on egusphere-2025-1699', Georgios Blougouras & Shijie Jiang
(co-review team)

We sincerely would like to thank the review team for their detailed and constructive evaluation of
our paper. In this document we reply to their comments.

General Comments

The manuscript of Alvarez Chaves et al. tackles a highly relevant, important and immediate
issue that the hybrid hydrological community is facing. The authors explore and compare the
role of the data-driven component across different hybrid models, using entropy-based metrics,
in two experiments: a synthetic experiment (known ground truth) and a real-world experiment
(provided by the CAMELS-GB dataset). Does the conceptual model, to which the data-driven
component is attached to, provide any guidance? Or is the data-driven component
overpowering it (potentially 'overriding' parts of the conceptual model along the way)?

| found the article very informative. As | mentioned before, the question at hand is highly
relevant, and the authors make a great effort in developing a robust methodology to explore it.
The methodological contribution is, in my opinion, not limited to the proposed metric, but also
extends towards the authors’ diligence to explore everything that happens ‘under the hood’ of
their models. | expect the findings to resonate with hybrid hydrological modellers. At the same
time, the suggested methodological workflow is of interest to more
process-oriented/catchment-scale hydrologists as well, since it offers a way to test and refine
the physical representation of their models.

The ‘personal’ language that the authors use (comments in parentheses, quotes inspired by
general literature etc.) is also appreciated. It is dynamic and engaging, which enhances the
reading experience. The manuscript is, in general, well formatted and easy to follow (with some
exceptions - refer to ‘specific comments’), and has clear figures.

Thank you for your nice comments! We really appreciate your careful reading of the paper and
we are very pleased that you found it engaging.

However, there are some key conceptual/general understanding concerns (see next paragraphs
of this section), as well as some more specific comments (see the relevant section below) that
should be addressed by the authors, before the manuscript is ready for publication.

General comment 1: According to the phrasing of the paper in many instances, the readers
might be led to believe that hybrid modeling is used here as a way to help the LSTM predictive
performance (e.g., L106-107: ‘While purely data-driven... genuinely enhances model
performance’, or, L621: ‘...reduce the effort required...’). However, the LSTM’s role in the hybrid
architectures explored in the manuscript is not to ‘lead the predictions’, but rather to infer the
conceptual model parameters. Therefore, describing the models as ‘physics-constrained’ (L9)
might not be the most accurate description - maybe something like ML-enhanced/parameter



Thank you for this thoughtful comment about terminology and framing.

Indeed, we show two different modeling setups: Section 4.3 shows the results of parameter
learning to enhance a conceptual model as the reviewer describes it, and Section 4.4 shows the
results for post-processing a regular conceptual model to improve performance of a data-driven
model. As these are two very different approaches and there exists no rigorous definition of
what a “hybrid model” is, we see this name as an apt description of what we did in both cases
and we would like to keep it as such.

Both perspectives, led by the data-driven component and physics-constrained, are valid and
depend on the researcher's background and starting point. A physics-based modeler would
naturally view our Hybrid SHM as a conceptual model with dynamic parameters, while a
data-driven modeler would see it as a constrained LSTM. Further, our analysis results indeed
suggests rethinking the terminology: if one starts from the more traditional hydrological
viewpoint of improving a conceptual hydrological model by letting an LSTM control its parameter
values, the performance results with the pure LSTM scoring best in most cases will cause the
modeler to frame the question rather from the LSTM side: is the additional conceptual part in
any way helpful (i.e. constraining in the right way, or assisting), or rather making the prediction
problem harder? In a revised version of the paper, we will carefully check the order in which we
introduce and use the different terminology, and make sure that it is in proper context with our
premises and results.

For the hybrid models which focus on parameter learning we do see the role of the LSTM as
leading predictions. As an example: because Hybrid Nonsense modifies ‘su’ and ‘si’ to behave
as time lags for the output, the outflow is mostly managed by the interaction between ‘sb’ and
‘kb’. Considering the previous point, in Figure 8 we see that for the high flow peak that happens
in 2005-01, ‘kb’ is increased disproportionately just so that the model can match the peak based
on the volume available in ‘sb’.

The role of the LSTM as leading predictions is more clear for the post-processing models, as
the predictions are given directly by the data-based component being informed by the results of



an initial run of the physics-based component. Therefore we do see the two setups as cases in
which the conceptual model assists (or doesn’t) the LSTM. Moreover, particularly the setup that
uses parameter learning can be effectively described as physics-constrained because
conservation of mass is imposed by the conceptual model at the end of the pipeline. Therefore
we consider that both terms: ‘constrained’ and ‘assisted’, apply.

We will add more detailed commentary on the 'sb' and 'kb' behavior in Figure 8 to better
illustrate how the LSTM leads predictions, but we believe our current terminology accurately
reflects the model architectures and their roles.

Our focus on streamflow prediction reflects what we observe as the predominant approach in
current literature. As discussed in Sections 1.4 and 4.1, many existing hybrid modeling studies
emphasize predictive performance for a single target, often without detailed analysis of why
specific physical constraints or conceptual components are effective relative to alternatives.

Rather than dismissing the broader value of hybrid models for interpretability and process
fidelity, our study aims to provide a methodological framework for systematically evaluating the
degree to which physical constraints actually constrain model behavior. This is highly relevant
also in the context of interpretability and process fidelity: if the intended model structure that
shall guarantee interpretability is overwritten, this argument is no longer valid or we might
actually find a better (in our case: simpler) process representation that again allows for
interpretability and scientific learning. While we focus on entropy as our primary metric, we
believe entropy complements, rather than replaces, other evaluation approaches focused on
process representation and interpretability, as we demonstrate in Section 4.3.2. We appreciate
the perspective expressed by the reviewer in this comment and will include these considerations
as an introductory point for this section in a revised version of the manuscript.



Thank you for this insightful comment about equifinality. We do explore this phenomenon to
some degree in the synthetic case study which features overparameterized models, and there
we found that the LSTM identifies rather robust and simpler solutions. Yet, generally,
constraining a multi-parameter model by a single objective inevitably comes with the risk of
equifinality. This issue is well-known in hydrology and it has been for a long time, therefore our
study setup is consistent and comparable with existing practice. We agree that moving on to
higher-variate constraints is desirable, yet we prefer not commenting on this in this manuscript
because we are currently exploring this connection in a separate study, as the theoretical and
methodological implications extend beyond the scope of the current manuscript.

If we see SHM as a proxy for a typical conceptual hydrological model, Bucket and Nonsense
arise as alternatives that come from modular hydrological frameworks and the value of multiple
working hypotheses even in a setting in which they are combined with neural networks.

In a new version of the manuscript, we will reference these ideas again in Section 2.2.2 where
the hybrid models of the study are introduced. Also, inspired by this comment, we plan to place
our findings in the broader context of modular hydrological frameworks in the conclusion (what
can we learn from our results with respect to building conceptual models).



We believe the points you've raised are addressed within the current text: motivations for hybrid
models appear in lines 85-87 and 97-99, the rise of LSTMs as benchmarks is discussed in lines
56-60, and the shift toward hybrid approaches is covered in lines 71-74.

Moreover, this study builds directly on existing hybrid modeling literature and serves as a
follow-up to Acufia Espinoza et al. (2024). We designed it for readers already familiar with
hybrid modeling approaches rather than as an introductory text for newcomers. Given this
context and scope, we believe the current level of background information is appropriate for our
intended audience.

Yet, we acknowledge your point and, in line with our previous answers, in a new version of the
manuscript we will broaden Section 1.3 to highlight additional benefits of hybrid modeling
beyond performance improvements, which may help contextualize our work for a wider
readership.

The statement should read: “They demonstrate that incorporating physics-based components or
prior knowledge doesn’t yield an improvement in model performance over the data-driven
solution”. We will modify it in a new version of the manuscript.

Thank you for the suggestion, indeed our proposed method can go both ways. We will add this
statement in a new version of the manuscript.

Indeed, the metric requires a benchmark data-driven model to serve as a baseline. We will add
‘in comparison to a purely data-driven benchmark” at the end of this sentence in a revised
version of the manuscript.



L114-115 (contribution 3): This suggested contribution is somewhat unclear to understand under
the provided context - a reader would need to read the following manuscript first to fully grasp
what the authors mean by ‘effective’ and ‘prescribed’. | suggest revising this.

Thank you for the suggestion. To clarify, we will add “based on the conceptual model” at the end
of this sentence in a revised version of the manuscript. This is what we refer to as the
prescribed structure.

L122: ‘favoring’ -> again, the context is missing at this point for the readers to fully understand
what ‘favoring’ the data-driven component means, and | would suggest revising this a little bit to
provide more information.

Thank you for the suggestion. We will change this sentence to “High entropy points to an
imbalance in which the data-driven component compensates for inadequacies in the conceptual
model by manipulating its parameters...” in a revised version of the manuscript.

L173: Similar to my point regarding the 1.3 section, | think the authors should provide a little bit
more context about why this revival of dynamic parameters has happened in hydrological
modeling. | would refer more to Tsai et al. here (https://doi.org/10.1038/s41467-021-26107-z),
which is already cited in your paper regardless.

Thank you for the suggestion. Yes, based on this and the previous comment, we will extend
Section 1.3.

L174 / Figure 1: To my understanding, the different model setups are not yet utilized, and they
do not become fully relevant until section 3 (which could be viewed as a gray zone between a
‘methods’ and a ‘results’ section). It is fine if the model setups remain in Figure 1 and this
section, but then the authors should also present what the individual models represent, because
there are 5 subfigures in figure 1, leaving a lot of questions to the readers (especially the ones
not familiar with past group efforts utilizing the SHM and Nonsense models). Otherwise, the
authors could immediately move the figure and refer to it in a more relevant section.

Thank you for your suggestion. We will add a brief description of each model here as we believe
this is a good place for Figure 1.

NSE* calculation: In the original work, this metric is cross-basin and there was an additional sum
in the formula (over all basins, which does not exist here), while Kratzert et al. divided by the
number of basins instead of the number of days. Here you use a basin-average metric,
deviating from the original formula as far as | can see (but please correct me if | am mistaken).
Does this imply that the evaluation is done on a basin-scale? It would confuse/conflict with the
rest of your paper where you indicate that you train on multiple basins.

Indeed there is a difference and we will clarify in a revised version of the manuscript.



In the way we wrote Equation 4, we are not including the terms related to batch averaging. In
our training pipeline, NSE* is calculated per training batch where each batch contains training
samples from a single basin letting us also calculate s; per batch without having to consider
standard deviations from more than one basin. Training on multiple basins happens at the end
of a training epoch where we average the loss function for all batches. This is different from how
the expression is shown in Kratzert et al. (2019b) but both loss functions are functionally
equivalent.

It is correct that the absolute values of entropy depend on the chosen ML architecture; however,
the qualitative ranking between the different hybrid models remains stable. We confirmed this by
previous analyses where we initially applied our method to four models using five hidden states
and obtained the same qualitative ranking. When we extended the analysis to eight models, we
increased the hidden nodes to ten to achieve comparable performance across all models. This
is crucial because, in practice, a researcher typically selects an LSTM architecture to optimize
performance on their chosen loss function. Since our entropy analysis is applied post hoc to
trained models, the key requirement is that all models use the same architecture, rather than the
specific architectural choices themselves.

Good point and thank you for your suggestion! We will change the phrasing in a revised version
of the manuscript.

We embedded a link to the text, but you make a better suggestion. Thank you! We will change it
in a revised version of the manuscript.

There is actually a mistake in how the choice of parameters is described. The parameters from
Beck et al. (2016, 2020) are for the case study in CAMELS-GB. From this reference, we



adapted the ranges to fit the simpler models in the didactic examples. We will rectify this and
clarify our choices in a revised version of the manuscript.

Thank you for your suggestion! We will move the description of Model O to the end of Section
3.1 as we're also advocating for an initial purely data-driven reference model.

A key aspect of our didactic example is that we use synthetically generated streamflow time
series from a conceptual model with known static parameters, rather than observed streamflow
data from real basins. In this synthetic framework, the specific characteristics or
representativeness of the selected basins are less critical because the "observed" streamflow is
generated using controlled parameters rather than reflecting actual basin behavior. As such, we
could have sourced the rainfall data from anywhere or even used a stochastic process to
generate it for this example. This is noted in L279 but we will stress this point in a revised
version of the manuscript.

We appreciate the suggestion, however we would like to keep it as it is right now. We provide a
description of how these models resemble those in the main text in L361-363, and we decided
not to provide a longer description because of their similarity to the models described in more
detail previously in this section. The suggestion for the change in visualization is good, but there
is an overlap as overparametrized models can also have wrong processes or architecture.
These categories are merely descriptive and we don'’t think it's necessary to modify the axis.



Thank you for the suggestion. The first instance of the use of the word frue to describe the
idealized setup in Section 3 happens in L235 and we use quotations to emphasize that this is a
case of synthetic “truth”. We reinforce this distinction in L498 for the real world case study. We
believe this establishes context and a reader will keep this in mind while reading this section.
While we appreciate the concern about terminology, as this issue is more philosophical, we
prefer to maintain our current usage of "true" for the synthetic reference as it better serves the
pedagogical aspect of this section.

Thank you, we will add “hidden states” in a revised version of the manuscript.

We would prefer to keep this section as it reflects our interest in data-driven baselines and the
analogy with complexity will appeal to some readers. Moreover, we highlight that our approach
focuses on the data-driven component and measuring the entropy of the conceptual head layer
is an open challenge that we hope can be addressed in the future.

We agree that this is a practical consideration that readers will share and, in a revised version of
the manuscript, we will add additional commentary to point towards the relevant section in this
subsection.

However we would like to emphasize that this is a didactic example which is predicated on
having equal performance because we’re not making any specific statements about model



selection or preference. Specifically we are using this section to apply our proposed method in a
controlled setting, and derive insights about the amount of effort prediction takes without
considering any differences in performance.

In practice, we do consider that any kind of ultimate selection should be based not only on
performance and entropy, but also on other criteria such as explainability, computational cost,
etc. This is why we highlight very specific cases in Section 4.3.

Thank you! In a revised version of the manuscript we will reference Figure 1 and the relevant
subsection.

Indeed! We will add “in regard to the LSTM baseline” in a revised version of the manuscript.

We agree that this is not clear and will improve it in a revised version of the manuscript. The five
examples were carefully chosen basins in which all hybrid models have performance on par
with the LSTM, as in our didactic example. Moreover in Fig. 8 and Fig. 9 we use basin 73014
because it belongs to this subset.

Our study focuses on demonstrating what our proposed entropy metric can reveal rather than
selecting optimal models; hence, it is not relevant what exactly are the characteristics in those
catchments, but rather we see them as useful examples to demonstrate what the results of our
proposed analysis may look like.
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Thank you for the interesting suggestion. The problem is that, as we saw in Section 3 and
Figure 3, comparing the entropy in the parameters of models with different numbers of them will
result in disingenuous conclusions. There are ways in which this could be avoided, but we find
our methodology most simple by focusing just on the entropy of the data-driven component.

This is clarified in the next sentence. For this basin, SHM by itself already proved to be a good
model and there is really no benefit from the hybrid approach and training in multiple basins.

Agreed! In a revised version of the manuscript we will start to comment here.

The relevant percentages are already used in the text and the bars already give a sense of
proportion. Moreover, we used the same scale for the x-axis in Figure 11 and Figure 14, so we
would argue that there is no need to include percentages in the figure.

Thank you for this important point and, as we mentioned in our previous reply, a decision about
model selection should account for performance and not only our proposed metric, which is
tailored to diagnostics, not model selection in specific. In fact, with this manuscript we don’t
make any specific statements about model selection because we believe that this is an even
broader topic in which not only performance, and now entropy, should be considered, but also
interpretability and computational cost, for example. We will, however, comment on possible
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ways to include AH and ANSE in a joint metric for model selection in a revised version of the
manuscript, as “nuclei” for future research.

L648: | would like to suggest adding the word ‘evaluating’: ‘building **and evaluating** hybrid
models’. It is a bit ‘nit-picky’ as a comment, but | think it is an important part of your implications
and deserves to be mentioned.

Thank you for this suggestion. We also see how the word ‘evaluating’ fits here and will add it in
a revised version of the manuscript.

L672: This sentence reads like you imply something along the lines of: ‘process-based modeling
of catchment scale streamflow is unnecessary - why go in the long effort of creating or applying
these models if LSTMs can be better?’. | know this is not your initial intent, so | would suggest

rephrasing in order to avoid confusion.

Indeed, that is not our intention. We will place this better into context in a revised version of the
manuscript.

Appendix B: It would be helpful to add some more context/information about the design of the
additional models.

We believe that there is a clear motivation and explanation for each model, but in a revised
version of the manuscript will acknowledge that they were inspired by the idea of having multiple
working hypotheses and flexible modeling frameworks.

Technical Corrections

L38: ‘Typically catchment scale processes of in a rainfall-runoff...’

L174: ‘...used [in] our case...

L210: us -> is?

L211: you repeat ‘of

L253: | believe ‘setup’ is just a noun - ‘set [space] up’ should be the verb needed in this context.
Maybe | am wrong.

L351: fix’ -> ‘adjust’ might be better fitting?
L408: is there a full stop [.] missing after ‘model’?

L472-475: This period is 4 lines long and quite hard to read through - | would suggest splitting
up to individual sentences to ensure readability.
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Thank you for your careful reading of our manuscript! In a revised version we will fix all of these
technical corrections.
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