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Version 0: 

Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
I have reviewed the manuscript on TidyMass2. Compared with the first-generation TidyMass, the manuscript clearly
describes the advanced functionalities of the updated framework, which makes the logic of the paper straightforward to
evaluate. The authors highlight three main contributions: (1) the construction and utility of MetOriginDB, (2) an MS2-free
module analysis pipeline, and (3) a user-friendly pipeline through Shiny apps. Among these, I focused my evaluation on
points (1) and (2). Below, I provide comments and concerns regarding the manuscript. 

1. Accessibility of MetOriginDB 
The necessity of MetOriginDB is well understood, and this resource would be highly valuable to the broader community.
However, it appears that the database is currently only provided as an R binary format (.rda). For third-party evaluation, it is
essential that the authors also provide an ASCII-accessible format (e.g., Excel or CSV or TSV). Without such accessibility,
independent validation of this resource is not feasible. 

2. Resolution of origin information 
For researchers studying the microbiome, origin information at the class or species level would be highly desirable. In this
regard, MicrobeMASST currently appears to offer more granular classification. The authors should more clearly discuss the
strengths and limitations of their approach in comparison. It is, of course, also true that metabolome information at the class
or species level is not yet systematically available in public databases. Therefore, updating the discussion with the latest
developments in microbiome metabolomics databases, explaining why such information cannot yet be incorporated, and
describing the future directions of MetOriginDB would strengthen the manuscript. 

3. Peak picking and alignment in TidyMass 
It is not clear whether TidyMass (and TidyMass2) rely on the XCMS package for peak picking and alignment of raw MS data.
This might have been described in the first-generation paper, but I recommend that the authors clarify this explicitly. If the
algorithms were implemented from scratch, that should also be clearly stated. 

4. Similarity to MetDNA 
The idea of the module-based functional analysis strongly resembles the previously reported MetDNA framework by the
corresponding author, Xiaotao Shen. While there may be updated features in detection or processing, the conceptual
foundation appears to be the same. It would be appropriate to cite the earlier study explicitly and emphasize what specific
improvements TidyMass2 offers beyond MetDNA. 

5. Differentiation from existing pipelines 
While the utility of the TidyMass2 pipeline is clear, it remains somewhat unclear how its ideas and functionalities
fundamentally differentiate it from existing pipelines. Experienced bioinformatics researchers might already be able to
produce similar outputs without using TidyMass2. Explicitly articulating the unique aspects of TidyMass2 in terms of
innovation and differentiation would make the contribution clearer. 

6. Validation on public datasets 



If the authors wish to emphasize the utility of TidyMass2 (which I greatly respect), I recommend validating the pipeline not
only on the in-house urine metabolomics dataset from human pregnancy but also on public datasets stored in repositories
such as Metabolomics Workbench or MetaboLights. Since the current dataset originates from the authors’ group, they are
very familiar with its properties, which may bias the demonstration. In contrast, analyzing external datasets would allow the
community to better assess whether the pipeline is truly “globally applicable.” For example: 

(A) Can the pipeline robustly handle diverse raw MS datasets without errors, as MS-DIAL and MZmine have demonstrated? 
(B) Through re-analysis of public datasets, to what extent can TidyMass2 extract new biological insights that were not
reported in previous studies? 

Including two or three such additional validation examples would greatly strengthen the manuscript and convincingly
demonstrate the broader applicability of TidyMass2. 

(Remarks on code availability) 

Reviewer #2 

(Remarks to the Author) 
he article: “TidyMass2: Advancing LC-MS Untargeted Metabolomics Through Metabolite Origin Inference and Metabolic
Feature-based Functional Module Analysis” by Wang and coworkers, presents an original soft-ware package for metabolic
feature annotation and determination of analyte origin. 
The authors describe a rise in “interpretable” features from 5.8% to 58.8%, achieved by abandoning MS²-based annotations
from matched fragmentation spectra in favor of MS¹ accurate m/z matching against a database of roughly 500,000 entries,
largely sourced from natural products and environmental toxicology literature. While this approach increases the apparent
annotation rate, it carries significant risk, as the true accuracy of these assignments is unclear, and the authors offer no
straightforward means of evaluating how many of these features are actually correct. 
Metabolite identification remains one of the most challenging bottlenecks in modern metabolomics and is a step prone to
critical errors that may go undetected. This problem is particularly acute in studies using liquid chromatography–mass
spectrometry, where concerns about the validity of proposed metabolite identities are widespread. A recurring issue is the
misidentification of metabolic features, sometimes to the point of implausibility, which are nevertheless put forward as
potential biomarkers. Such poorly executed studies risk undermining confidence in metabolic phenotyping as a reliable
approach for biomarker discovery, the characterization of metabolic perturbations, and the broader understanding of
biological processes. 
With respect to the specific annotations reported, the authors claim detection of the pesticides imidacloprid and
propamocarb, as well as the microbially derived metabolites N-acetylmannosamine and phloroglucinol. Literature evidence
indicates that both imidacloprid and propamocarb undergo extensive metabolism before excretion, making their direct
detection in samples somewhat unexpected, though not entirely implausible. Supporting studies typically report these
compounds either via targeted QQQ-MS assays or in individuals with direct occupational exposure, such as farm workers.
To strengthen confidence in these annotations, it would be advisable to provide the corresponding MS/MS spectra and,
ideally, confirm the assignments by spiking authentic standards of both pesticides prior to publication. 
Regarding the detection of phloroglucinol, this metabolite is also typically metabolised extensively prior to excretion in urine,
appearing mainly as the glucuronide and sulphated species. It is possible that the authors may have detected an in-source
fragment from either of these species. It would be good to spike an authentic standard of phloroglucinol and match retention
time to the feature of interest. Finally, what evidence is there that the authors detected N-acetylmannosamine, and not the
more common isomers: N-acetylglucosamine or N-acetylgalactosamine? Again, a spiking experiment would be of interest. 
Given the potential for generating and propagating errors with this (and other such) softwares, I would advocate for stronger
warning regarding assignment confidence and more emphasis in the manuscript around the limitations of this package. 

(Remarks on code availability) 

Version 1: 

Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
I have carefully read the authors’ revised manuscript and their detailed point-by-point response letter. I appreciate the
authors’ thorough and constructive revisions addressing all of my previous comments. 

In the revised version, the manuscript has been substantially improved in clarity, methodological transparency, and scientific
rigor. All issues I raised in my initial review—including the accessibility of MetOriginDB, clarification of origin information
resolution, explicit description of the underlying algorithms, differentiation from previous frameworks (e.g., MetDNA), and
validation using public datasets—have been fully addressed. 

Overall, I find that the authors have responded comprehensively to all concerns. I have no further comments. Thanks! 



(Remarks on code availability) 

Reviewer #3 

(Remarks to the Author) 
I was asked to assess the authors' responses to Reviewer #2's Comments. The authors have appropriately addressed all
the comments and concerns, performed additional experiments as requested in comments 3 and 4 of Reviewer #2 and
modified the manuscript accordingly as highlighted. The manuscript overall is well written, critically assessed with
reproducible methodology. Hence, I recommend its publication to Nature Communications. 

(Remarks on code availability) 
The installation instructions and documentation are easy to understand and well-maintained. I did not review the source
code. 

Open Access This Peer Review File is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative Commons license, and indicate if changes were
made.
In cases where reviewers are anonymous, credit should be given to 'Anonymous Referee' and the source.
The images or other third party material in this Peer Review File are included in the article’s Creative Commons license,
unless indicated otherwise in a credit line to the material. If material is not included in the article’s Creative Commons
license and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
To view a copy of this license, visit https://creativecommons.org/licenses/by/4.0/
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Reviewer Comments: 
Reviewer #1 (Remarks to the Author): 

I have reviewed the manuscript on TidyMass2. Compared with the first-generation TidyMass, the 
manuscript clearly describes the advanced functionalities of the updated framework, which makes the 
logic of the paper straightforward to evaluate. The authors highlight three main contributions: (1) the 
construction and utility of MetOriginDB, (2) an MS2-free module analysis pipeline, and (3) a user-
friendly pipeline through Shiny apps. Among these, I focused my evaluation on points (1) and (2). 
Below, I provide comments and concerns regarding the manuscript. 

Response: Thanks for your comprehensive review of TidyMass2 and for recognizing the 
methodological improvements beyond the original TidyMass framework. We have carefully addressed 
all your comments below. 

Comment #1. Accessibility of MetOriginDB 

The necessity of MetOriginDB is well understood, and this resource would be highly valuable to the 
broader community. However, it appears that the database is currently only provided as an R binary 
format (.rda). For third-party evaluation, it is essential that the authors also provide an ASCII-accessible 
format (e.g., Excel or CSV or TSV). Without such accessibility, independent validation of this resource 
is not feasible. 

Response: We agree that providing MetOriginDB in multiple formats will enhance its utility for the 
broader research community and enable independent validation. We have now made the database 
available in CSV and TSV in addition to the original R binary format. All formats include complete 
metabolite information with source annotations and are available at 
https://www.tidymass.org/databases/. We also revised our manuscript to make it clearer for readers (line 
772). 

Comment #2. Resolution of origin information 

For researchers studying the microbiome, origin information at the class or species level would be 
highly desirable. In this regard, MicrobeMASST currently appears to offer more granular classification. 
The authors should more clearly discuss the strengths and limitations of their approach in comparison. 
It is, of course, also true that metabolome information at the class or species level is not yet 
systematically available in public databases. Therefore, updating the discussion with the latest 
developments in microbiome metabolomics databases, explaining why such information cannot yet be 
incorporated, and describing the future directions of MetOriginDB would strengthen the manuscript. 

Response: We appreciate your insightful comments regarding the granularity of origin information of 
metabolites in MetOriginDB. In response, we have substantially enhanced MetOriginDB to incorporate 
species-level annotations wherever available. The updated database now includes species-specific 
information for 56,949 microbiota-derived metabolites, with complete taxonomic hierarchies (phylum, 
class, order, family, genus, and species) using the same methods from MicrobeMASST1. This process 
is now explicitly documented in the Methods section of the revised manuscript (lines 776-779). 

We also acknowledge that MicrobeMASST provides excellent species-level resolution through MS2 
spectral matching. This approach is limited to the subset of features with available MS2 spectra1. Our 
framework complements this by enabling origin inference for all detected features with annotations by 

https://www.tidymass.org/databases/
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any method. Furthermore, MetOriginDB encompasses seven distinct sources of metabolites (Human, 
animal, bacteria, drug, food, plant, and environment) beyond those only derived from the microbiota. 

Future refinements of MetOriginDB could extend the level of granularity to metabolites from other 
sources. For example, for human-derived metabolites, their origin (such as blood, urine, or tissue) can 
be specified to provide a more precise source of the metabolites. In addition, all source information is 
derived from knowledge-based databases. In the future, this could be enhanced by incorporating 
additional origin information from public metabolomics repositories, applying a similar concept to that 
used by MicrobeMASST. 

We have expanded the manuscript’s discussion to clarify this complementary relationship and to outline 
future directions for improving taxonomic resolution (lines 498-503, 570-576). 

Comment #3. Peak picking and alignment in TidyMass 

It is not clear whether TidyMass (and TidyMass2) rely on the XCMS package for peak picking and 
alignment of raw MS data. This might have been described in the first-generation paper, but I 
recommend that the authors clarify this explicitly. If the algorithms were implemented from scratch, 
that should also be clearly stated. 

Response: We apologize for the lack of clarity regarding the underlying algorithms used for data 
processing. TidyMass2 utilizes the well-established algorithm from the xcms R package for peak 
detection and alignment, specifically implementing the centWave algorithm, which has been 
extensively validated for LC-MS metabolomics data. We have now explicitly stated this in the Methods 
section in the revised manuscript (lines 920-924). 

Comment #4. Similarity to MetDNA 

The idea of the module-based functional analysis strongly resembles the previously reported MetDNA 
framework by the corresponding author, Xiaotao Shen. While there may be updated features in 
detection or processing, the conceptual foundation appears to be the same. It would be appropriate to 
cite the earlier study explicitly and emphasize what specific improvements TidyMass2 offers beyond 
MetDNA. 

Response: We thank the reviewer for highlighting the conceptual link to our previous MetDNA work2. 
While both approaches leverage metabolic networks, TidyMass2 incorporates substantial 
methodological advances beyond MetDNA. 

MetDNA is based on the principle that metabolites forming a reaction pair often share similar MS2 
spectra, enabling annotation through spectral similarity within the metabolic network. In contrast, 
TidyMass2 does not rely on this principle for metabolite annotation. Instead, it matches features 
primarily based on accurate mass (m/z), integrating retention time (RT), isotope patterns, and adduct 
information to cluster features into distinct metabolite classes. Redundancy within these classes is then 
reduced according to annotation confidence. Subsequently, TidyMass maps these curated annotations 
onto the metabolic network and applies graph-based community detection algorithms for module 
identification.  

We have now explicitly acknowledged MetDNA and emphasized their differences in the Methods 
session of the revised manuscript (lines 815-822). 

Comment #5. Differentiation from existing pipelines 
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While the utility of the TidyMass2 pipeline is clear, it remains somewhat unclear how its ideas and 
functionalities fundamentally differentiate it from existing pipelines. Experienced bioinformatics 
researchers might already be able to produce similar outputs without using TidyMass2. Explicitly 
articulating the unique aspects of TidyMass2 in terms of innovation and differentiation would make the 
contribution clearer. 

Response: We appreciate the importance of clearly articulating how TidyMass2 advances beyond 
existing tools. To this end, we have provided a more detailed comparison between TidyMass2 and other 
platforms in the revised Supplementary Table 2. The unique contribution of the TidyMass2 framework 
lies in its integration of comprehensive metabolite origin inference with metabolic feature-based 
functional module analysis within a unified, reproducible workflow. Unlike platforms that focus on 
specific aspects of metabolomics analysis, TidyMass2 delivers an end-to-end solution that preserves 
data integrity through the “mass_dataset” object structure while offering both command-line flexibility 
and a user-friendly graphical interface.  

We have expanded our comparative analysis in the revised Supplementary Table 2 and emphasized 
these distinctions in the Discussion section of the revised manuscript to make our contribution clearer 
to readers (lines 540-544). 

Comment #6. Validation on public datasets 

If the authors wish to emphasize the utility of TidyMass2 (which I greatly respect), I recommend 
validating the pipeline not only on the in-house urine metabolomics dataset from human pregnancy but 
also on public datasets stored in repositories such as Metabolomics Workbench or MetaboLights. Since 
the current dataset originates from the authors’ group, they are very familiar with its properties, which 
may bias the demonstration. In contrast, analyzing external datasets would allow the community to 
better assess whether the pipeline is truly “globally applicable.” For example: (A) Can the pipeline 
robustly handle diverse raw MS datasets without errors, as MS-DIAL and MZmine have demonstrated? 
(B) Through re-analysis of public datasets, to what extent can TidyMass2 extract new biological insights 
that were not reported in previous studies? 

Response: We appreciate this constructive suggestion to demonstrate TidyMass2's broader 
applicability. According to your suggestions, we have performed a comprehensive re-analysis of two 
additional public datasets from MetaboLights (ID: MTBLS5828)3 and Metabolomics Workbench (ID: 
PR000918)4 from different biological contexts.  

Case study 2: Chronic Inflammatory Demyelinating Polyradiculoneuropathy (CIDP) 
metabolomics study. 

This case study is based on a previously published metabolomics analysis of metabolic changes in 
Chronic Inflammatory Demyelinating Polyradiculoneuropathy (CIDP) patients3. We retrieved the raw 
metabolomics data from MetaboLights (ID: MTBLS5828) and processed it using TidyMass2 for peak 
picking and data cleaning. The original study used conventional approaches to identify and quantify 
metabolites, perform differential analyses between the CIDP and control groups, and then conduct 
pathway enrichment separately for positive and negative ion modes. In total, they reported 14 enriched 
pathways in positive mode and 20 in negative mode using the KEGG database. Because no multiple-
testing correction was applied in the original enrichment analysis, we recalculated adjusted p-values (n 
= 200, corresponding to the approximate number of KEGG pathways). Eight pathways reached 
statistical significance (FDR < 0.05): Bile secretion, Cholesterol metabolism, Purine metabolism, 
Aldosterone-regulated sodium reabsorption, Steroid hormone biosynthesis, Primary bile acid 
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biosynthesis, Metabolic pathways, and Caffeine metabolism. As “Metabolic pathways” is a very broad 
category in KEGG, we excluded it, yielding seven final pathways consistent with the original study.  

We then applied TidyMass2’s metabolic feature-based functional module analysis (FFMA) to the 
differential features (1,847 total), identifying 15 functional modules with FDR < 0.05 (Supplementary 
Figure 8a). As expected, most pathways reported by the traditional method mapped to FFMA modules. 
For example, Steroid hormone biosynthesis is mapped to Module 2 (steroid hormone metabolism), 
Purine metabolism to Module 4, and Bile secretion to Module 14 (bile acid metabolism) 
(Supplementary Figure 8b-d).  

Notably, FFMA also revealed modules not detected by the traditional approach. For instance, Module 
3 corresponded to a core carbohydrate and energy metabolism module encompassing pathways such as 
Fructose and mannose metabolism, Galactose metabolism, Glucagon signaling, Starch and sucrose 
metabolism, AMPK signaling, Glycolysis/Gluconeogenesis, and Phenylalanine-Tyrosine-Tryptophan 
biosynthesis (Supplementary Figure 8e). This module integrates central processes of energy 
production, redox balance, biosynthetic flux, and energy sensing. Activated immune cells (macrophages, 
T cells) engaged in demyelination undergo metabolic reprogramming toward glycolysis, the pentose 
phosphate pathway, and anabolic metabolism to fuel their inflammatory and phagocytic functions5,6, 
while Schwann cells rely on intact AMPK signaling for proper myelination and energy homeostasis7. 
Moreover, altered purinergic signaling (ATP/adenosine) and tryptophan-kynurenine metabolism are 
recognized modulators of neuroimmune cross-talk, and impaired lysosomal clearance of myelin debris 
can perpetuate inflammation and impede remyelination. 

Case study 3: Longitudinal pregnancy plasma metabolomics study. 

This case study utilizes previously published metabolomics data from a human pregnancy longitudinal 
study4.  Raw metabolomics data (Metabolomics Workbench ID: PR000918) were processed using the 
TidyMass2 framework, encompassing all steps from peak picking to biological interpretation. This 
analysis identified 1,330 significantly dysregulated metabolic features, with 683 showing an increase 
and 647 a decrease during pregnancy. To further investigate, metabolic feature-based functional module 
analysis (FFMA) was applied to these changing features, revealing 17 dysregulated metabolic modules 
with a p-value < 0.05 (Supplementary Figure 9a). 

Importantly, most of the pathways reported in the original study were also recovered in our analysis. 
For example, Aminoacyl-tRNA biosynthesis, Tyrosine metabolism, and Phenylalanine metabolism are 
mapped to Module 1 (amino acid metabolism), Fatty acid biosynthesis, Linoleic acid metabolism, and 
Arachidonic acid metabolism to Module 4 (lipid metabolism), Amino sugar and nucleotide sugar 
metabolism to Module 10, and Steroid hormone biosynthesis to Module 11 (Supplementary Figure 
9b-e). 

Modules that were not detected by traditional methods were also revealed by FFMA in this case study. 
For example, Module 2 is associated with carbohydrate transport and utilization and includes pathways 
such as Galactose metabolism, Fructose and mannose metabolism, ABC transporters, and Carbohydrate 
digestion and absorption (Supplementary Figure 9f). This module combines dietary sugar processing, 
intestinal absorption, and systemic transport of monosaccharides, making a positive impact on maternal-
fetal energy supply. During pregnancy, maternal glucose homeostasis undergoes marked adaptations, 
with increased carbohydrate fluxes to support rapid fetal growth and placental function8. In particular, 
Galactose and mannose metabolism are crucial for glycosylation reactions underlying hormone 
regulation and fetal tissue development9, while ABC transporters mediate nutrient exchange across 
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placental barriers10. And previous research has demonstrated that dysregulation of maternal 
carbohydrate handling is associated with gestational insulin resistance and gestational diabetes mellitus, 
conditions that can impair fetal growth trajectories and long-term offspring metabolic health11,12. 

Similarly, Module 12 is another example that was detected by FFMA and represents a module centered 
on the metabolism of xenobiotics by cytochrome P450 (Supplementary Figure 9g). Cytochrome P450 
enzymes mediate the clearance of drugs, dietary compounds, and environmental chemicals13. During 
pregnancy, the hormonal and relevant physiological changes are known to alter CYP450 activity14,15, 
thereby influencing maternal drug metabolism, modifying the clearance of xenobiotics, and potentially 
affecting the extent of fetal exposure. In summary, these examples highlight TidyMass2’s ability to 
uncover novel biological insights beyond existing findings. 

These two additional case studies further showcase TidyMass2's capability to robustly process diverse 
raw MS datasets and reveal new biological insights. All findings have been incorporated into our 
updated Supplementary Information (Supplementary Note and Supplementary Figures 8a-e, 9a-g) 
and revised manuscript (lines 475-478). 
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Reviewer #2 (Remarks to the Author): 

The article: “TidyMass2: Advancing LC-MS Untargeted Metabolomics Through Metabolite Origin 
Inference and Metabolic Feature-based Functional Module Analysis” by Wang and coworkers, presents 
an original software package for metabolic feature annotation and determination of analyte origin. 

Response: Thanks for your comprehensive review of our manuscript and thoughtful suggestions. We 
have carefully addressed all your comments below. 

Comment #1. The authors describe a rise in “interpretable” features from 5.8% to 58.8%, achieved by 
abandoning MS²-based annotations from matched fragmentation spectra in favor of MS¹ accurate m/z 
matching against a database of roughly 500,000 entries, largely sourced from natural products and 
environmental toxicology literature. While this approach increases the apparent annotation rate, it 
carries significant risk, as the true accuracy of these assignments is unclear, and the authors offer no 
straightforward means of evaluating how many of these features are actually correct. 

Response: We thank the reviewer for raising this point about annotation accuracy in our metabolic 
feature-based functional module analysis (FFMA). 

First, because our case study involved human data, the metabolic network we used was derived from 
humans and contains 9,630 metabolites with valid HMDB and KEGG identifiers (Fig. 3b). Accordingly, 
we did not match features against the entire MetOriginDB (~500,000 compounds), but instead 
against this curated human sub-database (9,630 metabolites). We are sorry for the confusion, and 
have revised the manuscript to clarify this for readers (lines 281-283, 836-838). 

Second, in the case study, we used our in-house library (provided by the case study paper’s authors) to 
validate features annotated by FFMA. In total, eight features were identified. Among these, five were 
correctly annotated by FFMA (Two features are the same metabolites) (Supplementary Figure 6a-e). 
For the remaining three features, we compared the biological similarity between the true annotations 
and the FFMA annotations and found high biological similarity (Supplementary Figure 6f). These 
results demonstrate that, although three features were not perfectly annotated, the FFMA still assigned 
biologically consistent annotations. Because FFMA is designed to extract functional modules, even 
features with slightly inaccurate individual annotations but similar functional profiles still contribute to 
the same or related modules. 

We have included these results in the revised manuscript (lines 413-416, 893-902) and Supplementary 
Information and have highlighted this point in the Discussion section of the revised manuscript (lines 
517-520). 
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Supplementary Figure 6 | Validation of FFMA-annotated features using in-house library and biological 
similarity analysis. a-e, Comparison of MS2 spectra with the library for the 5 matched features: a, 
M232T328_2_POS; b, M274T390_POS; c, M292T390_POS; d, M363T580_POS; e, M311T602_POS. f, 
Biological similarity between the FFMA annotations and the true annotations for the 3 unmatched features. 
 
Comment #2. Metabolite identification remains one of the most challenging bottlenecks in modern 
metabolomics and is a step prone to critical errors that may go undetected. This problem is particularly 
acute in studies using liquid chromatography–mass spectrometry, where concerns about the validity of 
proposed metabolite identities are widespread. A recurring issue is the misidentification of metabolic 
features, sometimes to the point of implausibility, which are nevertheless put forward as potential 
biomarkers. Such poorly executed studies risk undermining confidence in metabolic phenotyping as a 
reliable approach for biomarker discovery, the characterization of metabolic perturbations, and the 
broader understanding of biological processes. 

Response: We fully agree with the reviewer that metabolite identification remains one of the most 
challenging steps in LC-MS metabolomics studies. In TidyMass1 and TidyMass2, we did not introduce 
a new annotation algorithm; instead, we implemented the most widely used and transparent approaches 
for metabolite annotation in this field, namely based on (1) accurate mass (m/z), (2) MS2 spectra, and 
(3) retention time (RT), and the annotations are clearly labeled according to the Metabolomics Standards 
Initiative (MSI) guidelines2. Specifically, level 1 annotations are based on in-house reference libraries 
analyzed on the same LC system (m/z + RT + MS2); level 2 uses MS2 libraries (m/z + MS2); and level 
3 relies on accurate mass (m/z) only. These annotation levels are explicitly provided in the TidyMass2 
annotation output and described in detail in our original TidyMass publication1. For the present 
manuscript, we have used exactly these standard workflows and have not added new annotation 
methods.  

To address the reviewer’s comment and avoid any misunderstanding, we have emphasized this 
annotation strategy more explicitly in the Methods section of the revised manuscript (lines 932-939). 

Comment #3. With respect to the specific annotations reported, the authors claim detection of the 
pesticides imidacloprid and propamocarb, as well as the microbially derived metabolites N-
acetylmannosamine and phloroglucinol. Literature evidence indicates that both imidacloprid and 
propamocarb undergo extensive metabolism before excretion, making their direct detection in samples 



9 

somewhat unexpected, though not entirely implausible. Supporting studies typically report these 
compounds either via targeted QQQ-MS assays or in individuals with direct occupational exposure, 
such as farm workers. To strengthen confidence in these annotations, it would be advisable to provide 
the corresponding MS/MS spectra and, ideally, confirm the assignments by spiking authentic standards 
of both pesticides prior to publication. 

Response: We thank you for raising this point about the annotation of imidacloprid and propamocarb 
in our case study.  

Both compounds, as noted, undergo extensive biotransformation in the human body. Nevertheless, 
several studies have demonstrated their presence in human urine from the general population. For 
instance, Tao et al. detected imidacloprid in human urine using a triple quadrupole mass spectrometry 
(QQQ-MS) assay3, and Wang et al. reported imidacloprid in 100% of rural and 95% of urban urine 
samples (n = 295) in China using the same analytical approach4. Similarly, Ottenbros et al. conducted 
a large-scale suspect-screening study of adult and child urine and detected propamocarb in urine 
samples5, with an inverse association between urinary propamocarb levels and organic produce intake, 
suggesting dietary exposure as a potential source. 

Following the reviewer’s recommendation, we performed validation experiments using authentic 
standards of both imidacloprid and propamocarb. Because this case study originates from a published 
dataset from Stanford University6, it was not possible for us to reproduce the exact LC conditions 
(column, mobile phase, and other chromatographic parameters). Therefore, we validated our findings 
by comparing the m/z and MS2 spectra of experimental features with those of the authentic standards 
(Supplementary Figure 4a), rather than matching retention times. This approach corresponds to a 
Level 2 annotation according to the Metabolomics Standards Initiative (MSI)2, which we have now 
clarified in the revised manuscript to make it clear for readers. 

All corresponding results have been incorporated into the revised manuscript (lines 349-351) and the 
Supplementary Information. 

Comment #4. Regarding the detection of phloroglucinol, this metabolite is also typically metabolised 
extensively prior to excretion in urine, appearing mainly as the glucuronide and sulphated species. It is 
possible that the authors may have detected an in-source fragment from either of these species. It would 
be good to spike an authentic standard of phloroglucinol and match the retention time to the feature of 
interest. Finally, what evidence is there that the authors detected N-acetylmannosamine, and not the 
more common isomers: N-acetylglucosamine or N-acetylgalactosamine? Again, a spiking experiment 
would be of interest. 

Response: We thank you for raising this point regarding the annotation of phloroglucinol and N-
acetylmannosamine in the case study. 

With respect to phloroglucinol metabolism, as noted, it undergoes biotransformation in the human body. 
And as you mentioned, several studies have reported its detection in plasma using QQQ-MS assays7. 
We didn’t find publications that have reported the detection of phloroglucinol in human urine samples 
using LC-MS directly. However, other analytical approaches have been described. For example, 
Nascimento dos Santos et al. developed a photoelectrochemical method to detect phloroglucinol in 
human urine samples8. 

Following the reviewer’s recommendation, we conducted additional validation experiments using 
authentic standards of both phloroglucinol and N-acetylmannosamine. As noted in our response to 
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Comment #4, because this case study originates from a published dataset from Stanford University6, it 
was not possible to exactly reproduce the original LC conditions (column type, mobile phase, and other 
chromatographic parameters). Instead, we validated our findings by comparing the m/z and MS2 spectra 
of experimental features with those of authentic standards (Supplementary Figure 4a). This approach 
corresponds to a Level 2 annotation according to the MSI2, which we have now clarified in the revised 
manuscript to make it clear for readers (lines 359-361). 

For N-acetylmannosamine, we agree that without ion mobility separation or other additional orthogonal 
methods, it is difficult to unequivocally distinguish it from N-acetylglucosamine or N-
acetylgalactosamine. This is also why our annotation represents a Level 2 identification according to 
MSI2.  

We have acknowledged this as a limitation in the Discussion section of the revised manuscript (lines 
547-550). 

All of these new results have been added to the revised manuscript (lines 359-361) and the 
Supplementary Information. 

Comment #5. Given the potential for generating and propagating errors with this (and other such) 
softwares, I would advocate for stronger warning regarding assignment confidence and more emphasis 
in the manuscript around the limitations of this package. 

Response: We fully agree on the critical importance of transparently communicating the confidence 
levels and limitations of our metabolic feature-based functional module analysis. Our method, just like 
other computation methods, such as MetDNA9, Mummichog10, and PIUMet11, should be the level 3 
annotations according to MSI2. We have now incorporated annotation confidence indicators (Level 3)2 
into all annotation outputs of the analysis (metabolic feature-based functional module analysis) and 
have updated terminology throughout to more accurately reflect uncertainty. 

In addition, we have substantially revised the manuscript to acknowledge the limitations of our method 
and to clearly state that network-based annotations are putative and require experimental validation 
(lines 579-582). 
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