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The paper investigates the ability of Machine 
Learning (XGBoost) and Deep Learning 
(LSTM) models to predict daily and monthly 
reservoir inflows for the Bhumibol (BB) 
and Sirikit (SK) dams in Thailand's Chao Phraya 
River Basin. The authors evaluate 
both univariate models (predicting each dam 
separately) and multivariate models (predicting both 
dams simultaneously). 

Thank you so much for your insightful and 
helpful feedback on our manuscript. We 
appreciate your time scarification to carefully 
review our research work and provide detailed 
comments. 
Absolutely, our research aims to propose 
applications of AI algorithms for both 
univariate prediction, where reservoir inflow of 
two major dams in the same river basin is 
predicted separately, and multivariate 
prediction, where reservoir inflow of two dams 
are predicted simultaneously in one model. 
 

The multivariate approach is tested only with LSTM 
and not with XGBoost. Why do the authors not 
apply a multivariate approach using XGBoost as 
well? 

Thank you for your suggestion regarding the 
approach. Our primary focus was to explore the 
multivariate modeling capability of LSTM, as it 
is designed to handle complex sequential 
datasets and capture long–term time 
dependencies through its memory cells and 
gates. Compared to XGBoost, we experienced 
that LSTM is more precise for modeling 
complex temporal relationships among 
multiple features in a multivariate setting. 

The paper is generally well structured and presents a 
clear methodology. The correlation analysis presented 
in Section 2.1 serves as a useful preliminary step for 
selecting relevant input features. However, this 
approach would benefit from being complemented 
by a more in–depth evaluation of feature importance 
based on the model’s actual behavior. This is 
particularly relevant for complex architectures such 
as LSTM, where the relationship between inputs and 
outputs is not always easily. 

We appreciate your feedback on in–depth 
evaluation of feature importance. We will 
address this point and add discussion carefully 
in our response and revisions. 
 

Have the authors employed a systematic cross–
validation strategy? In Section 2.3, 
the XGBoost configuration specifies only a 2–fold 
validation, which is the bare minimum. It would be 
more appropriate to use 5– or 10–fold cross–
validation to ensure more reliable results. 
Furthermore, for the LSTM models, it appears that 
no form of cross–validation has been applied. To 
strengthen the robustness of the 
comparative analysis, a more comprehensive 
approach–such as k–fold crossvalidation– 
should be adopted and clearly described for all 
models. 

We appreciate the reviewer’s insightful 
feedback regarding the k–fold cross–validation 
strategy. We agree that a systematic approach, 
such as k–fold cross–validation, would enhance 
the robustness of the comparative analysis. 
However, we employed multiple train–test 
splits to ensure evaluation across different data 
partitions. This limitation will acknowledge in 
the discussion section of the paper. 

The description of the algorithms, while thorough, is 
excessively detailed and could be streamlined by 
referencing existing literature where appropriate. 
Additionally, the paper lacks a critical discussion of 
the limitations inherent to the algorithms 
used. The conclusion section would also be 
strengthened by including suggestions 

We appreciate your insightful comments 
regarding the descriptions of the algorithm 
selected, the critical discussion of limitations, 
and the conclusion section.  
We have realized the importance of 
background and theory for each AI algorithm 
used in our study, and have therefore already 
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for future research directions and potential areas of 
improvement. 

systematically structured, organized and 
presented the descriptions of algorithms and 
equations in our manuscript. To further 
enhance this, we will incorporate more 
references to existing literature and add a 
comprehensive discussion on the limitations of 
the algorithms used. 
We will strengthen the conclusion section by 
suggesting future research directions and 
potential areas of improvement. We will ensure 
that your valuable comments are adequately 
addressed in the revised manuscript. 

In Table 6, the test metrics unexpectedly outperform 
the training metrics–for example, in the XGBoost 
monthly model (S3–BB), the NSE increases from 
0.411 (training) to 0.675 (testing). Generally, this 
should not occur, as the model is specifically trained 
on the training data, while the test set is meant to 
evaluate its ability to generalize to unseen data. 
Although it is technically possible for test metrics to 
exceed training metrics, such results often indicate 
potential issues– 
such as noise or outliers in the training set, an under–
trained model, or a methodological flaw in the data 
splitting process, especially if temporal ordering is 
not preserved. 

We appreciate the reviewer’s insights. The 
unexpected cases where the test metrics 
outperform the training metrics may indicate 
potential overfitting of the XGBoost model or 
limitations in its ability to generalize effectively 
across different data partitions. In contrast, the 
LSTM model, which is specifically designed for 
sequential data and temporal dependencies, 
demonstrates more consistent performance 
across various data splits. We view this as a 
potential advantage of LSTM over XGBoost in 
this context and will discuss this limitation in 
the discussion section. 

It would be important to clarify whether the authors 
used a random shuffling approach to split the dataset 
into training and testing sets. 

Thank you for the clarification. We did not 
apply random shuffling when splitting the 
dataset into training and testing sets. This 
decision was made to preserve the temporal 
dependencies in the data, ensuring that the 
model is trained and evaluated in a manner 
consistent with the nature of sequential time–
series forecasting. 

Moreover, Table 6 shows that models using daily 
resolution consistently outperform those using 
monthly resolution across all evaluation metrics. 
Intuitively, one might expect the opposite–that 
monthly predictions would perform better–as 
temporal aggregation typically reduces noise and 
smooths out short–term variability. However, this 
counterintuitive outcome warrants further 
investigation. The authors should explore this aspect 
in more depth, discussing possible reasons. 

We appreciate your insightful comment on the 
predictive performance between daily 
prediction model and monthly prediction 
model. Absolutely, monthly prediction is 
expected to perform better due to the reduced 
noise and smoothen variability of monthly 
values. However, we have found that shorter 
length of monthly sequential dataset 
significantly limits ability to train and test to 
closely match with the observed monthly data 
especially when LSTM algorithm were applied.  
However, we will ensure you that this point will 
be included in the discussion section of our 
revised manuscript. 

In Section 3.2, comparing models on different test 
sets may compromise the reliability of the evaluation. 
To ensure a fair and consistent comparison, it is 
recommended to exclude a predefined period of 
observations and use this subset as a shared 
validation set for all models. This approach 
guarantees that all models are assessed on the same 
data, minimizing variability and potential biases in 

We understand your point regarding a fair and 
consistent comparison among different 
scenarios of prediction models. However, we 
are unclear about your point regarding 
excluding a predefined period of observations 
and using the subset as a shared validation set 
for all models. 



Reviewer’s comment Reply 

performance comparison. As you know, our experiments were designed 
based on the proposed input features and 
model types. Consequently, the evaluation of 
model predictability and comparison was based 
on these scenarios. In Section 3.2, we highlight 
the optimal model configuration for each 
prediction scenario across all experiment runs 
by altering hyperparameter settings. For 
example, in S1: XGBoost for BB, there are 
three experiments (dBB–01, dBB–02, and 
dBB–03, referred to as submodels). For these, 
predefined periods of the dataset for model 
training and testing were set as the same (an 
80:20 split). In other words, a consistent 
comparison was made among the designed 
experiments of each prediction scenario. 
However, we will add this point to the 
recommendations section and include a 
clarifying footnote in Table 7 in the revised 
manuscript. 

In Table 8, the minimum and average observed 
values (i.e., those labeled as "Obs.") should be 
identical across all models tested on the same dataset, 
unless there were differences in data splitting or 
preprocessing. These "Obs." values represent the 
actual ground truth measurements used to evaluate 
model performance. Therefore, if the training set 
remains unchanged across models, the minimum, 
average, and maximum observed values in the 
training set should be the same. The same applies to 
the test set: if the data used is consistent, the 
observed statistics must also be consistent. 
However, there are clear inconsistencies in Table 8. 
For example, in the SK monthly models (S3 vs. S4), 
the minimum observed inflow in the training set 
changes from 61.48 MCM (S3) to 46.50 MCM (S4). 

We appreciate your detailed feedback on the 
inconsistency of observed data presented in 
Table 8. We agree with you, the basic statistics 
of observed data (min., avg. and max.) should 
be consistent among relevant prediction 
scenarios (like S3 and S4). 
We will check training and testing ratios used 
and update all values in the revised manuscript. 
Thank you so much. 

The Authors acknowledge the tendency of the 
models to underestimate low flows and overestimate 
high flows (Table 8). What do the authors propose to 
address the consistent overestimation of maximum 
values and underestimation of minimum 
values? Do they suggest any strategies or 
methodologies to mitigate this issue? 

We have found our mistake of concluding 
remarks within the abstract section. Based on 
the discrepancy percentages presented in Table 
8, low flow predictions are likely overestimated 
(positive percentage values), while high flow 
predictions are underestimated (negative 
percentage values). Addressing this 
overestimation of low flow and 
underestimation of high flow is crucial and 
informative for real–time reservoir operation, 
particularly for mitigating flood and drought 
risks and for operational practice by dam 
operators and decision makers. To incorporate 
these issues in our study, we conducted the 
evaluation of predictability of ML and DL –
based prediction models to predict low and 
high flow in the Section 3.3. The percentage 
discrepancies are presented.  



Reviewer’s comment Reply 

Furthermore, we will add recommendations for 
relevant strategies and methodologies to the 
conclusion section. 
Specifically, we will suggest: 

(1) The design of advanced loss functions 
for XGBoost and LSTM algorithms to 
address the observed predictive biases. 

(2) Application of data preprocessing & 
feature engineering techniques for 
extreme flow conditions (low and high 
flow). For example, target 
transformation techniques like 
logarithm or power transformation can 
be applied to compress big values and 
expand small values to help better 
capture wide range of flow behavior. 

Minor comments: 
• Improve the resolution of the images; in their 
current state, they are very difficult to read. 
• The captions of the tables and figures should be 
more descriptive of the content they present. 
• Figure 7: The images A.1, A.2, B.1, and B.2 do not 
use the same scale, which makes direct comparison 
difficult. 

Thank you so much for your detailed feedback 
on the graphical design of all images in the 
manuscript and their captions. We will improve 
their resolution of the images for visibility and 
clarity and adjust the scale to facilitate easy 
comparison and effective communication. 
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