
Editor 

Please check the reviewers' comments and revise the paper accordingly. Your revision will be 

sent out for another round of review. Thanks for your contribution. 

Dear Editor, 

First of all, we would like to thank you for taking the time to review our work in detail. Below 
the answers to the comments received in blue.  
 
Best,  
E. Ragno, also on behalf of M. Hrachowitz and O. Morales-Nápoles  
 
Report #1 – Referee #2 
 
We would like to thank one more time the Reviewer for taking the time to review our work in 
details and providing valuable comments. We are glad the Reviewer is satisfied with our work.  
 
 
Report #2 – Referee #3 
 
As learned from the point-by-point responses and revised manuscript, I would like to 
recommend a moderate revision before its publication. There are several issues to be further 
addressed: 
 
We would like to thank the Reviewer for taking the time to review the revised manuscript and 
the responses in detail. Below, we addressed the comments and suggestions provided. Lines 
numbering refer to the revised manuscript. 
 
 

1. The Abstract section is too long. Please rephrase it into less than 250 words. 
 

We thank the Reviewer for the suggestion. We tried our best to shorten the abstract as 

much as possible. However, we think that shortening it even more will result in removing 

important information. We managed to reduce it to 330 words (440 in the original version) 

Lines(1-20) Non-Parametric Bayesian Networks (NPBNs) are graphical tools for statistical 

inference widely used for reliability analysis and risk assessment and present several 

advantages such as the embedded uncertainty quantification and the limited 

computational time for the inference process. However, their implementation in 

hydrological studies is scarce. Hence, to increase our understanding of their applicability 

and use in hydrology, we explore the potential of NPBNs to reproduce catchment-scale 

hydrological dynamics. Long-term data from 240 river catchments with contrasting 

climates across the United States from the Catchment Attributes and Meteorology for 

Large-sample Studies (CAMELS) dataset will be used as actual means to test the utility of 

NPBNs as descriptive models and to evaluate them as predictive models for  maximum 

daily river discharge in any given month. We analyse the performance of three different 

networks, one unsaturated (hereafter UN-1), one saturated (hereafter SN-1), both defined 

only by hydro-meteorological variables and their bi-variate correlations, and one saturated 

(hereafter SN-C), consisting of the network SN-1 and including physical catchments 

attributes. The results indicate that the network UN-1 is suitable for catchments with a 

positive dependence between precipitation and river discharge, while the network SN-1 

can reproduce discharge also in catchments with negative dependence. The latter can 

reproduce statistical characteristics of discharge (tested via the Kolmogorov-Smirnov 



statistic) and have a Nash-Sutcliffe Efficiencies (NSE) ≥ 0.5 in ~40% of the catchments 

analysed receiving precipitation mainly in winter and located in energy-limited regions at 

low to moderate elevation. The network SN-C, based on similarity of the catchments, can 

reproduce river discharge statistics in ~10% of the catchments analysed. We show that 

once a network is defined, it is straightforward to infer discharge and to extend the network 

itself with additional variables, i.e. going from the network SN-1 to the network SN-C. 

However, challenges remains in defining a suitable NPBN mainly due to the discrepancies 

in the time scale of the different physical processes generating discharge, the presence of 

a “memory" in the system, and the Gaussian-copula assumption used for modelling 

multivariate dependence. 

2. Introduction: It is not clear that why the catchment-scale hydrologic dynamics, 

especially monthly maximum river discharge, is selected as the research target. The 

authors are required to present more literature reviews of the limitation of the above 

issue. The temporal resolution of monthly is an interesting topic, but how about the 

research progress in the prediction of monthly maximum river discharge. Besides the 

proposed NPBN method, can the authors give some examples/limitations of the other 

approaches for predicting the monthly maximum river discharge? Also, how about the 

performance of the NPBN method on the daily maximum river discharge prediction? 

In a word, the research gap of this study needs to be further clarified. 

 

We thank the Reviewer for the comment and we agree on the need to specify that the 

variable of interest is the maximum daily river discharge in any specific month.  

We have modified the manuscript and replaced “monthly maximum” with “daily maximum”. 

To clarify it further, we also modified the title. The new title will be Applying Non-Parametric 

Bayesian Network to estimate maximum daily river discharge: potential and challenges.  

 

The choice of the maximum daily event in a month was based on the fact that we wanted 

to investigate independent events, i.e., events generated by different weather events (see 

lines 99-100), and, at the same time, we wanted to keep as many observations as possible 

from the CAMELS dataset. On the other hand, reproducing daily discharge would have 

required a completely different approach able to account for the dependence between 

daily observations (see suggestion on line 476-477 about Dynamic Non-Parametric 

Bayesian Networks). 

 

We would like also to refer to the discussion included in Section 6 - Discussion and 

Challenges – about the interaction between spatial and temporal scales when trying to 

model discharge generation using NPBNs. NPBN models the causal relationship between 

river discharge and hydro-meteorological variables via (conditional) correlation, which, 

however, is a measure of dependence and does not imply causation. Hence, to implicitly 

account for the temporal component of the underlying physical processes, we sampled 

hydro-meteorological variables within a 7-day time window prior to maximum discharge 

event. However, with this procedure we might have missed some relevant interaction, such 

as the different response of river discharge to a precipitation event due to soil conditions 

(see lines 454-469).  

 

Below the main changes made in the manuscripts to clarify the target variables: 

 

Lines 5-8 (Abstract): Long-term data from 240 river catchments with contrasting climates 

across the United States from the Catchment Attributes and Meteorology for Large-sample 

Studies (CAMELS) dataset will be used as actual means to test the utility of NPBNs as 



descriptive models and to evaluate them as predictive models for maximum daily river 

discharge in any given month. 

 

Lines 75-78:Starting from these premises, the main objective of this study is to further 

explore and test the suitability of NPBNs as a tool to reproduce catchment-scale 

hydrological dynamics and to explore challenges involved when inferring maximum daily 

river discharge in any given month. 

 

Lines 86-88” As the objective of this study is to model maximum daily river discharge in 

any given month from 1980 to 2013, we further process daily hydro-meteorological data 

as follows: (1) extract the maximum daily discharge for every given months from daily 

specific discharge;[…]” 

 

3. Model inputs: Why the previous 7 days is applied in the variable consideration? Why 

not 14 days or 1 days or others? The authors should perform a sensitivity analysis 

about the selection of 7 days for the prediction time scale. In addition, the authors 

assumed that the monthly maximum discharge is mainly driven by monthly maximum 

precipitation event. It needs more evidences to clarify this assumption. The authors 

consider several hydro-meteorological data and catchment attributes shown in Table 

1 as the model variables. It is strange that soil moisture is not considered in the 

analysis, and can the authors give necessary explanation? 

We thank the Reviewer for the comment. NPBNs model the dependence between the 

variables via their bi-variate correlation. However, correlation is only a measure of 

dependence and does not imply causation (Lines 457-458). To ensure the physical link 

between  the observed maximum discharge event of interest and precipitation we looked 

into precipitation events occurred prior to the discharge event observed (Lines 94-98). In 

doing so, we assumed that precipitation is the main physical driver for discharge. However, 

other factors, such as snowmelt, play a role in discharge generation (see Section 2 - 

Catchments and data and Figure 2 for discussion) and these factors are implicitly included 

via the bi-variate correlations between discharge and other hydro-meteorological 

variables, i.e., temperature, solar radiation, water vapour pressure, monthly runoff 

coefficient, and catchment’s attributes (see Section 4 - NPBN as model for river discharge 

generation for details).  

The selection of the number of days prior to the maximum discharge event was done 

based on an a-priori sensitivity analysis (see Lines 94-98). We first looked into the 

correlation between maximum discharge and both maximum (Supplementary Material 

Figure S1 top panel) and cumulative (Supplementary Material Figure S1 bottom panel) 

precipitation over a time windows between 1 and 7 days to understand the catchment 

behaviour in relation to a single intense precipitation event or a series of less-intense 

precipitation events. We observed that the correlation is not much affected by the type of 

precipitation events. Since the maximum precipitation event is included in the cumulative 

precipitation value, we selected the maximum precipitation event as the variable of 

interest. Moreover, we observed that the increase in the time window of observation did 

not affect much the correlation between maximum discharge and maximum precipitation 

event. This could be justified by the fact that the catchments analysed have a catchment 

area ≤ 200 km2. However, give the variability in catchment areas between the catchments 

analysed, we decided to select the maximum precipitation event from a 7-day window, the 

largest window. We then further investigated whether the maximum precipitation event of 

the month and the maximum precipitation event observed in the 7-day window prior to the 

monthly daily maximum discharge event were the same, Supplementary material Figure 



2. We observed that this was the case in about 60% of the months except in catchments 

at high elevation where there is a negative correlation between precipitation and 

discharge.  

We agree with the Reviewer about the importance of soil moisture. As mentioned in 

Section 4-NPBN as model for river discharge generation, we initially included soil moisture 

as variable. However, NPBNs are data intense and a complete and consistent multivariate 

datasets are necessary to train and validate the networks. Hence, we selected ESA CCI 

Soil moisture data because it provides soil moisture since 1978, while SMAP mission was 

launched in 2016 (https://www.jpl.nasa.gov/missions/soil-moisture-active-passive-smap) 

and AMSR-E covers only the period from June 2002 to October 2011 

(https://disc.gsfc.nasa.gov/datasets/LPRM_AMSRE_A_SOILM3_002/summary). Even 

though ESA CCI provided soil moisture information over the same time period of the 

CAMELS dataset, the presence of missing values around the time of the peak river 

discharge led to multivariate time series too short for training the networks. This is because 

if in one month one of the variables was missing the entire month was removed from the 

multivariate time series. Moreover, as mentioned in Section 6-Discussion and Challenges 

- Interacting spatial and temporal scales, the response of soil moisture to climate 

conditions, e.g., precipitation event or temperature excursion, is quicker compared to 

runoff generation. Hence, it was difficult to assess the timeframe containing the soil 

moisture information relevant to the discharge generation process. For this reason we 

decided to approximate the soil conditions via a monthly runoff coefficient.  

We have revised the manuscript and improved the explanation about soil moisture is not 

among the variables used. 

Lines 211-214: It is worth mentioning that in a preliminary analysis (not shown here) we 

have tested the use of ESA CCI (https://esa-soilmoisture-cci.org/) remote sensing soil 

moisture data since measurements are available from 1978, similarly to the CAMELS data 

set. However, the presence of missing values significantly affected the length of the 

multivariate data set of hydro-meteorological variables considered for training and testing 

the networks of interest. Moreover, the coarse spatial resolution and the time lag between 

the response of river discharge and soil moisture to external input, such as precipitation, 

led us to rather use here monthly runoff coefficient as proxy for system-state. A more in-

depth discussion is presented in section 6 - Discussion and Challenges. 

4. The 240 catchments used in this study are not shown. It is better to provide a skecth 

map to display the location of 240 catchments. In Fig.1, the site information is 

confusing and lacks of catchment characteristics. 

We thank the Reviewer for the suggestion and we modified Figure 1 accordingly. We based 

Figure 1 on Newman et al. (2015) and Addor et al. (2017) in which the CAMELS data set is 

presented, see for example Figure 1 and 2 in Addor et al. (2017). In the revised manuscript, 

we made US maps bigger so catchments’ locations and attributes are more visible. Given the 

large number of catchments analysed and the limited available space in the main manuscript, 

specific information, such as catchments coordinates and identification code, are in 

Supplementary Material Table S1. 

References: 

Addor, Nans, et al. "The CAMELS data set: catchment attributes and meteorology for large-sample 

studies." Hydrology and Earth System Sciences 21.10 (2017): 5293-5313 

https://www.jpl.nasa.gov/missions/soil-moisture-active-passive-smap
https://disc.gsfc.nasa.gov/datasets/LPRM_AMSRE_A_SOILM3_002/summary


Newman, A. J., et al. "Development of a large-sample watershed-scale hydrometeorological data set 

for the contiguous USA: data set characteristics and assessment of regional variability in hydrologic 

model performance." Hydrology and Earth System Sciences 19.1 (2015): 209-223. 

5. Lines 152-158: The review of BNs is suggested to move to the Introduction part. 

Thank you for the suggestion, we moved the literature review about BNs to the introduction 

Lines 56-63. 

6. Lines 215-218: I don't think the explanation of soil moisture limitation is convincing. 

The authors can consider to use SMAP data (https://smap.jpl.nasa.gov/data/) or 

AMSR-E 

(https://disc.gsfc.nasa.gov/datasets/LPRM_AMSRE_A_SOILM3_002/summary) for 

the sources. The missing of soil moisture would have a significant impact on the 

accuracy of river discharge prediction. 

Please see the answer to comment 3.  

7. In the model configuration, the traing and validation data sets are not very clear. The 

posterior distributions of model parameters are also not shown and analyzed. How the 

model is validated? It needs to give more details. 

We thank the Reviewer for the comment. The multivariate distribution function used to derive 

river discharge via conditioning is defined by a network consisting of nodes (variables of 

interests) and the connecting arcs (dependence between variables). In the specific case of 

NPBN, the bivariate dependence between pairs of variables (arcs) is modelled via Gaussian 

(or Normal) copula. This implies that the multivariate distribution function is a multivariate 

normal distribution and it is defined by the correlation matrix R, determined via the procedure 

described in the section 3.1 Lines 176-184. Once the nodes (hydro-meteorological variables 

and catchments attributes), the arcs, and the parent nodes ordering are determined, the 

correlation matrix R is uniquely defined. The variables X mentioned in the procedure differs 

depending on whether the descriptive model or the predictive model is considered. In the case 

of the descriptive model, the variables X used to determine the correlation matrix R consist of 

the entire multivariate time series from CAMELS. In the case of predictive model, the variables 

X used to determine the correlation matrix R consist of the multivariate time series from 

CAMELS from which 10 years are, randomly, removed (See section 4.1.-NPBN testing, Lines 

257-258).  

After the networks have been constructed and the associated unique correlation matrix R been 

calculated, we performed 4 different tests. We first tested if the correlation matrix R is a good 

representation of the empirical multivariate correlation between the hydro-meteorological 

variables and catchments attributes. Hence, we performed the Cramer-von-Mises test to 

assess the validity of the Gaussian assumption in modelling the bivariate dependence 

between pairs. Then, we performed the d-calibration score to assess the quality of the overall 

multivariate dependence structure. Afterwards, we tested the performance in terms of 

predictive capacity of the networks via the Nash–Sutcliffe Efficiency coefficient (NSE) for event 

prediction and the Kolmogorov-Smirnov test for prediction of statistical characteristics. The 

results are discussed in section 5 Results and presented in Figures 5, 6, and 8. 

In the manuscript an in-depth discussion about the feasibility of testing all the possible network 

configurations is included in section 6 Discussion and Challenges.  

8. The authors refer the literature results of LSTM to prove the superority of the proposed 

NPBN. As the study region, time period, etc are different from this study. The simple 

comparison based on the NSE index is not convining. The authors are required to 



compare the NPBN method with the previous methods using the same 

training/validation data. It will make sense. 

We thank the Reviewer for the comment. We would like to emphasize the fact that it is out of 

the scope of this work to show the superiority of the NPBN. We included references to existing 

studies implementing CAMELS dataset only to put the results we obtained into a broader 

perspective. Our aim is to increase our understanding of the applicability of NPBNs and extend 

their use in hydrology. For this reason, a large portion of the study is dedicated to explain the 

advantages but also the challenges the method present. We do understand the point of view 

of the Reviewer that in order to prove the superiority of the NPBN a comparison with other 

methods using the same dataset would be necessary. However, the purpose of this study was 

to provide a comprehensive analysis of the suitability of NPBNs to derive river discharge via 

conditional probability given its several advantages in terms of the characteristics of NPBNs. 


