Dear Editor, dear Reviewers, 

Once again, we want to thank you for your very helpful comments. We are very grateful for all the suggestions made by both reviewers. Below, you will find our point-by-point response to your comments.
We now have included the reference mentioned by Reviewer#1.  We also added the R code used for analysis in the supplementary data. Furthermore, we have updated the figure and added a collinearity analysis to address the suggestions made by Reviewer#2. 
In light of these additional revisions, we hope the manuscript is suitable for publication in its present form.

Sincerely,
Andreas Leiherer
Corresponding author


Editor
[no further suggestions]


[bookmark: _Hlk164859669]Reviewer#1
The author has made a notable enhancement to the original manuscript. But, I think that the author has not adequately addressed the points raised in my comment. In particular, they have not cited the previous paper on a similar topic published by the corresponding author. The author indicated that the document in my comment was a conference abstract. However, upon further examination, it was determined to be an article with a DOI. It is recommended that this be further investigated to prevent the potential risk of plagiarism. Furthermore, they have not made the code available, which prevents the reader from reproducing their results.

Thank you for your comment. Sorry for the confusion. We are now aware of the reference, the reviewer suggested we cite. This is an abstract, which I presented just a few weeks before at the ACC24. It is not a full paper yet but of course, an abstract published in JACC. In this project, we analyzed 894 consecutive patients referred to angiography. We used ceramide data we got from the Finnish group/company (Zora Biosciences) led by Rajo Laaksonnen. They measured a set of only 4 ceramides and developed a score called CERT which consists of 3 single molecules and 3 ratios (Hilvo et al. “Development and validation of a ceramide- and phospholipid-based cardiovascular risk estimation score for coronary artery disease patients”EurHeartJ (2020) 41 371-380 (supplements)). This score has proven effective predicting the cardiovascular risk - also with our patients. We were thus interested in determining whether this score, or specific components of it, though originally developed for assessing cardiovascular risk, could also be useful for predicting T2DM. 
Given that there are hundreds of ceramides (which can potentially be measured if the methods are both functional and affordable), it seems likely to us that some of them may be linked to diabetes. Unfortunately, Rajo Laaksonnen measures only a preselected set for CERT comprising 3 ratios. Nevertheless, we found an association with one ratio (and we wrote the mentioned abstract for the ACC24) and we realized, that (some) ceramides may indeed be valuable in T2DM prediction. This result was in part also a basis for investigating more ceramides and more metabolites in general which we realized with the metabolomics assay (Biocrates, Austria) and the present paper. You see, there is no concern about plagiarism. Moreover, these were different patients and different core units doing the testing (Zora Biosciences vs. Biocrates). We feel that the ACC24 abstract has its special value but we did not want to oversize these findings because there were also other non-ceramide metabolites identified as important features. Nevertheless, in the revised version of the manuscript, we now cite this reference (“ref 18”), as suggested. In addition, we also modified the respective paragraph (discussion, lines 272-278) referring to the metabolomic features, which have been identified or corroborated in our study, mentioning that further investigation is required. 
Regarding the code, in the revised manuscript, we provide the code used for our analyses of Multicollinearity, Lasso Regression, and ML including SHAP.  


Reviewer#2
Most of my comments has been addressed. I only have 2 more suggestions

1.     For figure 1, as I previously suggested, dots with different color should add a legend (within the figure, not text outside figure) indicate what they represent. I know author has the information in figure legend text, but for better presentation purpose, a good figure should able to explain itself as much as possible. If you can convey all information on figure itself without help of additional text you should do it.

The reviewer is right. We modified the figure accordingly, and now, it is much easier to understand. Thank you for your suggestion.


2.      Regarding analysis on features, “feature correlations should be calculated” I meant correlation between features not correlation between features and outcome. What I’m interested to see is wither interactions between features contributing to prediction power. The current feature analysis still focusing on individual feature importance.  subtle patterns and correlations within metabolomic data should be identified.

Thank you again for your comment. Interactions of features contribute to the predictive power of an ML model, particularly the more complex ones that inherently account for interactions as this is the case for SVM due to the way they are constructed (e.g. Kernel Trick). The feature importance scores from such ML models tell not just about the individual importance but also hint at possible interactions if features are often used together in decision paths. SHAP analysis e.g. tries to account for this issue, that’s why we integrated it. I just read an interesting blog post by Bruce Desmarais  (“The first step in understanding the interpretability of ML methods is to recognize that a model needn’t distill the data down to simple linear relationships to provide clear substantive insights regarding the underlying process. On the contrary, while simple models may be easily interpretable, those interpretations can easily be wrong or misleading.”). Nevertheless, due to the “black box situation” in complex ML models, they are difficult to interpret. It was a very good idea of reviewer #2 to compare our best (complex) model with the linear (easier) Lasso Regression model, which does not use feature interactions. Therefore, in the second revision, we now additionally calculate the multicollinearity in terms of VIF for each feature. Multicollinearity, however, can be problematic for some types of models in particular linear regression models. LASSO-Regression does feature selection by shrinking coefficients of collinear features to zero. Therefore, it skips all features with high collinearity and just keeps those with low collinearity. 
On the other hand, high collinearity is less of an issue for complex ML models (SVM). The benefit of keeping those features and taking into account interaction of (those) features, might result in the better performance of complex models. In the revised manuscript, we have attempted to present all this aforementioned information concisely and succinctly, but without overwhelming the reader and without making over-statements concerning our data (results, lines 149-151 and 203-205; discussion 249-251, 282-287;  supplementary table 2).
