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Dear Reviewer,

We thank you for your encouraging and positive feedback and sincerely thank you for your
insightful comments and suggestions. Please find our answers to your comments below.

 

Review:

The comparisons of models results with in situ measured data using only errors metrics is
insufficient and does not help in providing robust conclusions regarding models accuracies,
robustness and fitting capabilities. Specifically, using several kinds of goodness-of-fit
indicators should be more useful: the coefficient of determination (R²), the Nash-Sutcliffe
efficiency (NSE), and the index of agreement d, are highly recommended for hydrological
models evaluation (Legates and McCabe 1999; Moriasi et al. 2007; Harmel and Smith
2007; Gupta 1998, 2008; Krause et al. 2005).

Answer:

We agree that by choosing a variety of metrics, a more concise picture of model
performance can be shown. However, we noticed that some metrics are not sensitive
enough to compare the results of this study. The NSE values of the presented models
were all >0.9 and usually around 0.98. We noticed that while we could still see differences
in model performance in RMSE and MAE, there were no or hardly any differences in the
first three decimals of the NSE. Similar observations were made for the coefficient of
determination and the index of agreement. Therefore, we think that adding these metrics
would decrease readability while not adding a lot of information, but we will add them to
the appendix to allow for future comparisons.

The following table contains an overview of all metrics for the best ML models and the two
benchmark models per catchment:



We used the index of agreement by Willmott, 1981.

References:
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Review:

Models structures need to be clarified. In Lines 173-175, the authors argued that including
the lag of all variables for 4 previous days can help in improving models accuracies
according to Webb et al. (2003). First, using only 4 previous lag should be justified, on
which basis it was selected (i.e., cross-correlation analysis can be helpful for answering
this question)? Second, according to Webb et al. (2003), adopting the previous lag as
input variables can be useful on only hourly data scenario. Therefore, a comparison
between models with and without lag data may be a good option.

Answer:

This is indeed an important point and we agree that we should explain our reasoning. Our
decision on the number of lags was based on the results of an explorative data analysis of
daily data we carried out before starting to work on the model structures. This included
three major parts that guided our decision:

Assessing partial autocorrelation plots of water temperatures: They showed a
significant importance usually up to the 4th lag, as is illustrated in the following plot
showing the partial autocorrelation of stream water temperatures of the Ybbs
catchment.

Assessing variable significance in a linear regression model using multiple lags: This
also pointed to the fact that 4 lags are an adequate range for the given basins.
Assessing variable importance in a simple Random Forest (RF) Model, which also



pointed to the fact that 4 lags are a reasonable choice, as is visible from the following
plot showing the RF variable importance for predicting water temperatures in the Ybbs
catchment. Variable importance refers to how much a given model "uses" that variable
to make accurate predictions.

Our initial analysis pointed to the fact that lags are important and that 4 is a good choice
for our set of basins, thus resulted in our decision for this study. Nevertheless, this is a
relevant initial decision. Our results let us assume that this might be quite different for
different basins and maybe a more dynamic approach might be valuable. This could for
example be including the choice of lag time depending on the mean concentration time of
a catchment, or the catchment size and should be explored in future studies.

We will add a short summary of these initial analyses after Line 173 to explain our choice
of numbers of lags:

“The lag period of 4 days was chosen based on an initial data analysis that included (i)
assessing partial autocorrelation plots of water temperatures, (ii) testing for significance of
lags in linear regression models, and (iii) checking variable importance of lags in a random
forest model.”

Regarding the study of Webb et al. (2003): While they only showed the importance of
lagged variables for hourly data, they also summarized findings regarding lagged air
temperature for daily data (Grant, 1977; Jeppesen & Iversen, 1987; Stefan &
Preud’homme, 1993). These previous findings, together with our initial analyses
(especially the RF variable importance), made it clear that daily lags are relevant inputs



and necessary for a high model performance.
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Review:

The introduction is not deeply written and in some cases need improvement. Specifically,
the proposed ML reported in the literature should be presented, discussed, and the
strength and weakness of each one would be more useful and effective if they are
highlighted. Using lumped references do not help in understanding the mains contribution
of the work.

Answer:

Thank you for pointing this out, comparing the different models instead of only giving an
overview of past applications will make this section more informative. For the revised
manuscript, we propose to include a more general overview of the different model
approaches and their strengths and weaknesses.

 

Review:

Research gap. What are the mains contributions of the present study in comparison to
what is already done? What does it add to existing literature?

Answer:

We agree, this might not be stated clearly enough in the manuscript yet. We think that
the summary of the important contributions of this study in your general comments are
very much on point. We will include it in the last paragraph of the introduction.

 

Review:

Lines 47 to 50, from Austria to characteristics. To our opinion this paragraph is more
suitable to be moved to section 2.1.

Answer:



Agreed, we will change it according to your suggestion.

 

Review:

Line 79: ‘’To the author’s knowledge, RF has not been applied for river water temperature
prediction yet’’. This statement is incorrect. The RF was recently reported as a powerful
tool for predicting river water temperature (Heddam et al. 2020).

Answer:

Thank you for pointing this out. This is indeed an interesting and relevant publication. We
propose to change the sentence in line 79 to the following:

“Up to date, only one previous study by Heddam et al. (2020) already applied RF for
predicting lake surface temperatures.”

 

Review:

Models comparison using cross-station scenarios can help in providing more conclusions,
and a clear idea about models capabilities outside of their own catchment area: models
calibration using data from on station and validated for other stations (i.e., see Zhu and
Heddam 2019).

Answer:

We do agree that the application outside the initial trained catchment is an important type
of application. However, we found it necessary to only focus on the model prediction
capabilities in single catchments, to derive the general applicability of different model
types and data inputs. These should be used as a foundation to derive transferable models
and modelling approaches. The transferability of these models in this study cannot be
adequately tested, as there is no information provided to the tested models to conduct
this transfer. In our opinion, this transfer would need additional basin characteristics as
inputs and consequently a larger number of basins for training and testing (multi-basin
training). We certainly do see this as an important next step, but would refrain of applying
the single basin trained models for this task. We thank the reviewer for this thought and
propose to add this topic in the conclusions regarding future research fields.
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