Review of HESS Manuscript
“Beyond Observed Extremes: Can Hybrid Deep Learning Models Improve Flood Prediction?”
Please find attached my review of the manuscript.

1. Scope

The scope of the article is inside the scope of HESS.

2. Summary

The authors make a comparison study between conceptual, data-driven and hybrid models to
evaluate the generalization capabilities of the different models. They test their methods in a subset
of the Lahma CE dataset.

3. General evaluation

Even though the authors present interesting ideas, there are important points that need to be
considered.

The literature review needs to be improved.

e The hybrid model architecture they are using was proposed by Frame2021, and this was not
mentioned.

e The experimental setup you are using (training/test split based on probability of the data) was
proposed by Frame2022, and this was not mentioned.

e Acuna2025 did extremely similar experiments to evaluate the generalization capabilities of
hybrid models, and this was also not mentioned.

Using the same strategy and experimental setup as previous studies and applying it on a new dataset
is a valid approach and can help generalize results. However, it should be mentioned as such.
Moreover, the results should be further compared with exiting studies to better place the study with
current literature (more details are given below).

A second point that needs to be further clarified is if the data-driven methods (both lstms and hybrid)
were trained locally for each basin or regionally for all basins at once, because this could have major
implications in the results that are being presented. According to line 286 the models were trained
independently for each catchment (I apologize if | misunderstood). If this was also the case for the
lstm and the hybrid models, the result would be biased, as extensive literature has shown that data-
driven methods should be trained regionally.

Lastly, | believe the hybrid model architecture chosen by the author might not be ideal to answer their
research questions. By having the LSTM after the conceptual model, the hybrid model will experience
the same problems as the LSTM, and the mass-conservative structure of the conceptual part is not
being utilized to overcome the extrapolation issues that the data-driven part might present. Other
issues with respect to model intercomparison are detailed below



4. Specific comments

Line 47: This part should be further explained. LSTMs work much better when trained regionally
(Kratzert2024). Thus, they can generalize from one basin to another and predict discharges for a
specific basin beyond the levels observed during training (for that basin). They do struggle in
generalizing above the maximum overall discharge saw during training, and this has been studied by
Baste2025.

What | also think is missing here is a reference to Frame2022, which did experiments to evaluate the
generalization capabilities of LSTM and process-based models, using the same methodology that
you are using (train in high-probability years and test on low-probability ones). This study is cited
below in line 58, but not in the correct context, because he did not use hybrid models, and he did use
metrics to evaluate specifically high flow scenarios. Given that you are using their methodology,
further discussion on Frame2022 is needed in the introduction.

Line 59-64: Here you are stating as a literature gap that the extrapolation capabilities of hybrid
models have not been explored, but this is not true. Acuna2025 did an extremely similar study where
he evaluated the generalization capabilities of hybrid models, compared to LSTMs and process-
based models, by training on high-probability years and testing on low-probability ones. Also,
Baste2025 evaluated the extrapolation capabilities on LSTM and hybrid models by evaluating their
performance on synthetic events.

Some differences of this study with the previous studies is the dataset in which you are running your
experiments and the hybrid architecture that is being used. But you should be more specific in the
literature gap you are filling.

Line 90: AcuhaEspinoza2024 did not used the HBV model.

Line 91: What do you mean by “Using daily or hourly time steps, the model is forced by precipitation,
air temperature, and monthly estimates of potential evapotranspiration”? | agree that the model can
be run in daily resolution or in hourly resolution, but the PET should also be consistent with the
temporal scale of the other variables. Why are you referring to monthly estimated of PET?

Section 3.1: It would be nice if you add a figure in appendix with the different structures of the
conceptual models.

Line 120: You can reformulate to “exploding and vanishing gradients...”

Line 125: Why would the Min-Max scaling better preserve extreme values? Also, did you calculate the
scaler based only on the training period? Was the LSTM trained regionally?

Section 3.3:

Using LSTMs as a postprocessor of process-based models was introduced by Frame2021. You
should indicate this.

In this section you indicate that the process-based models are trained individually. Is the LSTM
postprocessor trained regionally or are you training one per basin? Does it receive static attributes?



Are you training the hybrid model seq-to-seq or seq-to-1? And if it is the first case, what sequence
length are you using? These details are quite important.

Furthermore, there is something that you should consider with the hybrid model architecture you are
using. Kratzert2024, Acuna2025 and Baste2025 have talked about the theoretical saturation limit
that LSTMs have, and the former two discussed their effect in extrapolation. Moreover, both of these
studies evaluate hybrid models to see if they can partially mitigate the saturation limit. However, for
this to work the conceptual model must be after the LSTM. If the process-based model is before the
LSTM, the hybrid model will still suffer from the LSTM saturation, and the process-based part cannot
really contribute to extrapolate. Therefore, the hybrid model architecture you are using is not ideal if
what you are interested in is extrapolation capabilities.

Moreover, in line 69 of the introduction you indicate that you are interested in exploring the effects of
model structure. Having the LSTM after the process-based model will not allow you to do this, as the
LSTM is flexible enough to modify the signals coming from the process-based models and correct for
structural deficiencies in the model structure. Acuna2024 tested this for hybrid models where the
LSTM is before the process-based model, and | would argue that if the LSTM is after the conceptual
models, the compensation effect can be even larger.

In summary, even though you are presenting a nice set of experiments, | believe that the hybrid model
architecture you chose will not allow you to properly answer your research questions.

Line 161: What do you mean by long-term daily observations? Are the stand-alone LSTMs trained
seq-seq?

Line 164: The idea of the buffer period was proposed by Frame2022. You should cite this here.

Line 169: The basin-averaged NSE proposed by Kratzert2019b has shown good results because it
avoids overweighting humid basins, and it has been the standard in multiple benchmarks
(Kratzert2019b, Lees2021, Loritz2024). Did you evaluate if this loss function gives better results for
your case?

Line 198: Did you benchmark your LSTM implementation in other datasets (CAMELS-US or CAMELS-
GB)? This is especially important if you are using your own implementation of the models, to assure
that your model is functioning correctly. | ask this because the median value you are reporting for the
LSTM (around 0.6) seem a bit low. Gauch2024 reported a median NSE close to 0.72 for a LSTM model
evaluated in the Lamah-CE dataset (see figure below). | understand that the training and validation
periods are different, Gauch was doing a temporal split, while you are doing a low flows/high flows
split. However, Acuna2025 did the low flow/ high flow slip in CAMELS-US and the median NSE they
reported (0.75) is quite close to the original NSE (0.76) reported by Kratzert2019b using a temporal
training-testing split.

| would suggest that you benchmark your model against existing results found in literature, as this
will allow you to show that your LSTM implementation is working up to standards, and further validate
your results. You can put the benchmark results in an appendix, as it is not the main point of the
paper.
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Line 205: You could remove the NSE metric when you evaluate the peaks. The RMSE and the Relative Error do
make a lot of sense, but the NSE is not telling you much, because the mean discharge used in the denominator
of the NSE metric is not a good null hypothesis if what you are interested in is the peaks.

Line 220-225: All of what you are describing here has been previously reported in other studies. It is important
to link your results with existing literature to see if they are consistent or not, and if they are not, delve into why
thisis the case.

Section 4.3

| apologize, but | had a lot of trouble understanding Figure 5. | believe the figure is trying to show multiple things
at the same time, which makes it quite confusing. If you want to compare how the different models perform for
increasingly higher events, maybe you can use a boxplot that compare the models for different categories of
floods (similar to the one presented by Frame2022 and Acuna2025). Moreover, there is a small typo on how
you wrote hybrid in Figure “s 5 captions.

Line 244-246: This result should be further discussed, because, if trained regionally, the LSTM should be
capable of producing for a specific basin values higher to what it saw during training for that specific basin. This
might be a problem related to how you standardized your data (line 175-179). If you divide the discharges by the
maximum value saw during training for each basin, the LSTM never sees a target variable larger than 1, which |
believe is not a good strategy. A better strategy would be to transform the discharge to mm/h using the
catchment area. This strategy has been applied in the benchmark studies for CAMELS US (Kratzert2019b),
CAMELS GB (lees2021), CAMELS DE (Loritz2024), and also in other extrapolation experiments (Acuna2025,
Baste2025, Frame2022). By mapping everything to mm/h you reduce the relative differences between a small
and a large basin, but you are not hard restricting that all the values should be smaller than 1.

Line 263-265: It has been shown before the LSTM can compensate for structural deficiencies on process-based
models, so this is not new. However, there are two points that need to be analyzed further. Is the LSTM using
the information that the conceptual models are sending him? Frame2021 study this using integrated gradients,
and conclude that the LSTM postprocessor was giving higher priority to the meteorological inputs than to what
the conceptual model was sending. In their words



“Precipitation inputs were weighted higher than the NWM streamflow output itself, which means that even
when NWM streamflow data were available, the LSTM_PPA generally learned to get information directly from
forcings rather than from the NWM streamflow output. This indicates that the LSTM_PPA generated a new
rainfall-runoff relationship rather than relying on the NWM, which is consistent with the overall results (Figure
2) that showed similar performance between the LSTM_A and LSTM_PPA.”

It should be analyzed if this is also the case during high events, because otherwise the conceptual part of the
hybrid model is not doing much.

Line 268: It can be also due to the normalization strategy you are using, you should check this.
Line 271-277: This was already done by Baste2025.

Line 282: See comments above about the problems your hybridization strategy might have for extrapolation to
extreme events.

Line 286-287: Did you also train the LSTM and the hybrids independently for each basin? Please clarify this,
because this would be a huge limitation for the study and can biased the results, specially if what you are
interested in is generalization capabilities. The hypothesis that you indicate in line 289-291:

“Pooling information from multiple catchments may allow flood data from one catchment to inform
simulations in others, including for floods that might be unprecedented in a given catchment but historically
observed in another.”

is totally correct, and it has been shown before. Data-driven methods should be trained regionally. Please
clarify this.
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