
Dear reviewers and editors, 

 

Thank you very much for the revision of our manuscript. The authors sincerely appreciate the reviewers’ 

and editors’ efforts to make this study more complete, robust and valuable. We appreciate your 

feedback to strengthen the article and the time you took to review our research.  

 

We addressed each of the reviewers points to improve the manuscript. Detailed responses to reviewers’ 

comments and major changes for easy inspection are listed below. 

 

Following reviewers’ comments, we carefully revised the manuscript for grammar and style errors. The 

new changes have been identified in the word file with track changes. 

 

We hope that the revised version of the manuscript meets your expectations and publication standards. 

 

Sincerely yours, 

 

Michel SEVE 

 

Reviewer 1: 

 

Comment #1: “Martin-Bernabe et al present a proteome of A549 cells treated with combinations of 

KDAC inhibitors (trichostatin-A (TSA) and nicotinamide (NAM)) under normoxic and hypoxic conditions. 

The authors observed clear phenotypes in growth rates, cell cycle arrest, and metabolite uptakes. The 

dysregulated proteins were validated with western blot analysis. Upon subsequent bioinformatics 

analysis, the authors identified drug target panels that may demonstrate therapeutic effects”. 

 

Response: The authors thank the reviewer for the positive feedback. 

 

Comment #2: “While the manuscript provides sufficient data to support the conclusion, the authors are 

advised to put less emphasis on the contribution of the KRAS mutation to the metabolic phenotypes, 

since there are no cell lines with normal KRAS as the control”. 

 

Response: We thank the reviewer for point this out to us. We used the KRAS-mutated A549 cells as a 

well-studied cell line which proliferation is driven by the over-activation of the Ras-Raf-MEK-ERK 

pathway. However, we recognised that this study did not include any cell lines with wild-type KRAS, so 

the extend of KRAS mutation impact remains unclear. Therefore, we have added the following text to 

the discussion: 

 

In Discussion – lines 751-758 (page 17): 

We added: “Although this study brings new insights to elucidate the effects of hypoxic response upon 

KDACi treatments on metabolic reprogramming, it is important to mention that the present study did not 

assess whether wild-type KRAS cells undergo distinct metabolic reprogramming events upon KDAC 

inhibition. Thus, we certainly cannot claim that the metabolic reprogramming observed in the study is a 

common response among KRAS mutant NSCLC cells and differs from wild-type KRAS NSCLC cells. 

Further studies involving wild-type and KRAS mutant NSCLC cells might determine the impact of KRAS 

mutation on the metabolic reprogramming upon KDAC inhibition”. 

Comment #3: The authors are also advised to better elaborate on the bioinformatics analysis in Figure 
6. For instance, since the analysis is based on co-cited occurrence between the drug and the protein in 
literature, it would be advisable to show the literature/drug database they used in the Method section. 
Also, a brief description of how the authors' workaround with the multiple testing correction in the 
undisclosed algorithm will be appreciated. 



Response: Thank you for giving us the opportunity to explain this bioinformatic analysis better. To 

respond to the reviewer concerns, we have provided further details of the analysis in the material and 

methods: 

 

In Material and methods – lines 1028-1029 (page 23): 

We replaced: “Protein-protein interaction signaling networks were modelized throughout Reckonect 

process [Poignant and Boyault, undisclosed]” by “Protein-protein interaction signaling network were 

modelized throughout the Reckonect process based on the machine learning algorithm node2vec [1]”.  

 

In Material and methods – lines 1042-1056 (pages 23-24): 

We added the following text: 

“Altogether, this machine learning method produces a proximity score that we used to rank therapeutic 

candidates. It should be distinguished from restricted enrichment methodologies.  Noteworthy, it uses 

the recurrence frequency of therapeutic association with proteins, and learns a model in an 

unsupervised dependent manner. As a machine learning method, it relies on precedently described 

statistical methods [1].  

This process uses several databases of protein-protein interactions as well as databases of 

relationships between chemicals, diseases, biological processes and proteins (ChEMBL [2], pubchem 

[3], PUBMED/MEDLINE, CTD [4], DGIdb [5], SIGNOR [6], UniProt [7], BioGRID [8], Complex Portal [9], 

IntAct[10], mentha [11], MINT [12], Reactome [13], STRING [14]).” 
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Comment #4: “In Figure 1B, the authors are recommended to provide a flow cytometry gating strategy 

in the supplementary information. Since the cells are undergoing apoptosis, it would be interesting to 

see if there is a sub-G1 phase cell cycle analysis. (Figure S2)” 

 

Response: Following up on this recommendation, we have provided the gating strategy for the cell 

cycle analysis in the supplementary information (Figure S4). However, we were not able to detect a 

peak in the sub-G1 phase. According to our protocol, we analyzed the cell cycle distribution of living 

cells. Cells were washed with PBS, and probably a high proportion of late apoptotic cells and other 

components of sub-G1 peak were excluded from the cell cycle analysis. Please note that while we were 

replying the comment, we noticed an error in the cell cycle protocol. 

 

In Results – lines 812-814 (page 18): 

We replaced: “Following 24 h of incubation, both adherent and detached cells were collected by 

centrifugation after trypsinization, washed with PBS, resuspended in 0.5 mL of PBS and fixed by 

dropwise addition of 4.5 mL ice-cold 70% (v/v) ethanol”. by “Following 24 h of incubation, adherent cells 

were collected by centrifugation after trypsinization, washed with PBS, resuspended in 0.5 mL of PBS 

and fixed by dropwise addition of 4.5 mL ice-cold 70% (v/v) ethanol”.   

 

Comment #5: In Figure 2 (and all other figures), the error bar normally shows the standard error of the 

mean (SEM) instead of the standard deviation. It would be ideal to make the comparison according to 

the normoxia/hypoxia conditions, e.g. (normoxia TSA vs normoxia Control) and (hypoxia TSA vs 

hypoxia Control). 

 
Response: We thank the reviewer for these comments. We have revised the manuscript and made 

modifications to figures to implement your suggestions. Changes in Figures (1, 2, 4, S2 and S3) and 

legends have been made accordingly. We replaced SD by SEM error bars. We indicated statistically 

significant differences between hypoxia treatments and hypoxia control. Statistically significant 

differences between treatments in normoxia and hypoxia were also included.   

 
Comment #6: When presenting the proteomics data, the model of the mass spectrometer used, the 

number of proteins and peptides identified are displayed in the result section as a gauge of the data 

quality. 

 



Response: Thank you for this remark. We have added the mass spectrometer instrument used in our 

study and the number of quantified peptides in the text. 

 

In Results – lines 234-238 (page 32): 

We replaced: "The iTRAQ-based quantitative proteomic analysis allowed a deeper insight into the 

metabolic changes that took place during the different KDACI treatments. This was achieved by 

quantifying 834 proteins and evidencing the dysregulation of proteins related to metabolism (Figure 3A 

and Table S1)." by "The iTRAQ-based quantitative proteomic analysis was performed using a 4800 

MALDI-TOF/TOF mass spectrometer (AB Sciex, Les Ulis, France) and allowed the quantification of 834 

proteins from 2710 peptides. This analysis evidenced dysregulation of several proteins related to 

metabolism upon the different KDACI treatments (Figure 3A and Table S1)”. 

 
 

Comment #7: In Figure 4C, the western blots would be more convincing and readable if they can show 

the relative quantitation of the protein with the response to the control in the respective conditions.   

 

Response: Thank you for the advice. We have modified the Figure 4 to improve its readability. We 

updated the Figure 4 by including the densitometric values (panel D) that were in supplemental data 

(previously Table S4). In supplemental data, Table S4 was deleted and Table S5 and S5-bis renamed 

to “Table S4 and Table S4-bis”. 

 
*Editors 

 

Comment #1: 

 
Authors should discuss the results and how they can be interpreted from the perspective of previous 

studies and of the working hypotheses. The findings and their implications should be discussed in the 

broadest context possible. Future research directions may also be highlighted. 

 
Response: We thank the editors for these instructions in the discussion section. We added the 

sentences below to further discuss our results in a broader context and propose more perspectives. 

  
In Discussion – lines 592-596 (page 13): 

We added: “The up-regulation of glycolytic enzymes in cancer cells under hypoxic conditions were 

consistent with previous comparative proteomic studies [36-38].” 

We replaced: “it has been suggested as well that low oxygen concentration in hypoxic regions of tumors 

may not be limiting OXPHOS [80-82].” by ”However, while a switch from OXPHOS to glycolysis for ATP 

production is considered a major cancer cell adaptation to hypoxia, it has been suggested as well that 

low oxygen concentration in hypoxic regions of tumors may not be limiting OXPHOS [80-82].” 

 

In Discussion – lines 662-665 (page 16): 

We added: “Our machine learning analysis revealed a list of chemotherapeutic agents, including 

doxorubicin, paclitaxel, etoposide, tamoxifen, bortezomib, 5-fluorouracil, methotrexate, imatinib, 

gemcitabine and metformin that may target proteins affected by KDAC inhibition under hypoxia in KRAS 

mutated NSCLC A549 cells”. 

 
In Discussion – lines 751-758 (page 17): 

Although this study brings new insights to elucidate the effects of hypoxic response upon KDACi 

treatments on metabolic reprogramming, it is important to mention that the present study did not assess 

whether wild-type KRAS cells undergo distinct metabolic reprogramming events upon KDAC inhibition. 

Thus, we certainly cannot claim that the metabolic reprogramming observed in the study is a common 

response among KRAS mutant NSCLC cells and differs from wild-type KRAS NSCLC cells. Further 



studies involving wild-type and KRAS mutant NSCLC cells might help understand the impact of KRAS 

mutation on the metabolic reprogramming upon KDAC inhibition. 
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