
Review1： 

Thank you for the inclusion of the linear regression baseline for comparison; I think it helps to 
strengthen the results section. Since part of the results state that the AutoML method provides 
improved CBLH I think this would be better supported by showing the LR line from Fig S1b 
alongside the AutoML line in Fig 4b and also stating the two methods’ R2 values in the main body 
of the text in section 3. 

I think the authors’ response to specific comment (1) misinterpreted my comment. My particular 
issue was with the usage of the term ‘constraint’ to describe the choice of inputs and outputs. To 
me, including an implicit physical constraint in a model means that there is something in the ML 
framework that is designed to enforce thermodynamic equilibrium in the model predictions, e.g. a 
penalty in the loss term or a model architecture that encodes a physical rule. In my opinion using 
an appropriate set of inputs and outputs is necessary but not sufficient to produce a model that 
obeys thermodynamic constraints. For example, ML emulators of physics-based numerical models 
might be trained on the full time series of state variables which obeys physical conservation laws 
in the training dataset but the emulators’ predictions often violate these conservation laws. I think 
the section header 2.4.1 is a fair description of the work described in the manuscript (“Parameter 
selection based on thermodynamic equilibrium constraints”) but I wouldn’t consider that approach 
as an actual constraint within the model. 

Response to Figure 4b and Statistical Comparison: 

We thank the reviewer for this constructive suggestion. We agree that a direct visual comparison 
in the main text strengthens the evaluation of the AutoML method. As requested, we have updated 
Figure 4b to include the Linear Regression (LR) baseline alongside the AutoML results. 
Additionally, we have incorporated the R2 values for both methods into the main body of the text 
in Section 3 to provide a more rigorous quantitative comparison. 

Revised Fig.4: 

 

Revised texts in section 3.1: 

To evaluate the performance of the AutoML algorithm, Linear Regression was used as a 
competitive baseline. Results at site C1 show that the AutoML model significantly outperformed 
Linear Regression, which yielded an R2 of 0.69 and an MAE of 0.32 km compared to the 



AutoML’s R2 of 0.85 and MAE of 0.21 km. Notably, the improvements reached over 0.5 km 
during the afternoon and pre-sunset hours (Fig. 4b; see Text S3 and Fig. S1 for further details). 

Response to Terminology regarding "Constraints": 

We appreciate the reviewer’s detailed clarification regarding the usage of the term "constraint."To 
ensure technical accuracy and avoid misleading the reader, we have revised the manuscript title 
and relevant section headings to better reflect that the model is guided by or based on 
thermodynamic principles rather than constrained by them. 

Revised Title: "Thermodynamics-Guided Machine Learning Model for Predicting Convective 
Boundary Layer Height and Its Multi-Site Applicability" 

 

Review2： 

Thank you for addressing my comments. Unfortunately due to the way the journal works, there is 
no revised manuscripts visible to me, and you have not included changes made to the manuscript 
in the responses. So I am recommending minor revisions. thank you again. 

Response： 

We sincerely apologize for the technical issue within the journal system that prevented the revised 
manuscript from being visible during your evaluation. Please be assured that all modifications 
have been thoroughly implemented and highlighted in red within the submitted files to facilitate 
your review. We will immediately contact the editorial office to ensure that the updated manuscript 
is correctly displayed in your portal for your final verification. 

 


