
GigaScience
 

Suggesting disease associations for overlooked metabolites using literature from
metabolic neighbours

--Manuscript Draft--
 

Manuscript Number: GIGA-D-23-00014R1

Full Title: Suggesting disease associations for overlooked metabolites using literature from
metabolic neighbours

Article Type: Research

Funding Information: H2020 Societal Challenges
(825489)

Not applicable

INRA SDN Mr Franck Giacomoni

Agence Nationale de la Recherche
(11-INBS-0010)

Not applicable
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one of the main challenges is to interpret and relate these lists of discriminant
metabolites to pathological mechanisms. This task requires experts to combine their
knowledge with information extracted from databases and the scientific literature.
However, we show that the vast majority of compounds (> 99%) in the PubChem
database lack annotated literature. This dearth of available information can have a
direct impact on the interpretation of metabolic signatures, which is often restricted to a
subset of significant metabolites. To suggest potential pathological phenotypes related
to overlooked metabolites which lack of annotated literature, we extend the 'guilt by
association' principle to literature information by using a Bayesian framework. The
underlying assumption is that the literature associated with the metabolic neighbours of
a compound can provide valuable insights, or an a priori, into its biomedical context.
The metabolic neighbourhood of a compound can be defined from a metabolic network
and correspond to metabolites to which it is connected through biochemical reactions.
With the proposed approach, we suggest more than 35,000 associations between
1,047 overlooked metabolites and 3,288 diseases (or disease families). All these newly
inferred associations are freely available on the FORUM ftp server (See information at
https://github.com/eMetaboHUB/Forum-LiteraturePropagation.).
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Clément Frainay

Order of Authors Secondary Information:

Response to Reviewers: Response to Reviewers

Reviewer #1:
Manuscript Number: GIGA-D-23-00014, entitled, " Suggesting disease associations for
overlooked metabolites using literature from metabolic neighbours", and submitted to
the journal: GigaScience, applied 'guilt by association' principle to literature information
for "understudied metabolites" by using a Bayesian framework. It is an interesting
manuscript, an active area of research and would have an interest in the metabolomics
research community. However, this reviewer would like to help improve the manuscript
and scope of the work with the following suggestions:

1.1  A list/ DB of all such "overlooked metabolites" and their chemical class distribution/
ChemRICH sort of enrichment would help the readers capture the correct information.

The authors thank the reviewer for bringing this suggestion. The complete list of
overlooked metabolites (2113 species) have been added on the GitHub repository and
in the FTP server. Since overlooked metabolites can have limited annotations in
standard chemical ontologies such as Chebi or MeSH, we decided to use ClassyFire.
ClassyFire provides an automatic hierarchical classification of molecules based on
structural descriptors such as inchiKey identifiers. We managed to obtain an InchiKey
for 1180 (approximately 56%) out of the total 2113 metabolites considered as
overlooked in the metabolic network using their annotation in MetaNetX. Subsequently,
we analyzed the distribution of the superclass to which these metabolites are classified
by ClassyFire. SuperClasses are generic categories of compounds that we can use to
get an estimation of the composition of chemical families in the set of overlooked
metabolites for this metabolic network. From this sample, it can be estimated that the
majority of metabolites considered as overlooked in this metabolic network are actually
"Lipids and lipid-like molecules" (e.g: Fatty Acyls, Sphingolipids, etc.), a class with a
strong compositional complexity. However, this observation is based on a limited
sampling of metabolites within a specific metabolic network. As a result, this subset is
unlikely to be representative and while it could give some insights, we argue that it
could lead to misleading interpretations and decided to not add this directly in the
article.

A figure of the distribution of the chemical superclass obtained with ClassyFire can be
found in the attached document.

1.2  How did/ would the tool perform with "very well known metabolites" for example
say, phenylalanine or proline or citric acid ?

We thank the reviewer for this interesting remark. The behaviour of the method for
“very well known metabolites”, as opposed to overlooked metabolites, is quite
straightforward in the Bayesian settings. The impact of the prior on the predictions will
vanish as the literature of the targeted compound increases. The LogOdds estimator
then tends to infinity, while Log2FC tends to its exact value when estimated only from
the literature of the compound. For instance, among the 278,277 articles discussing
the glucose in FORUM, 24.839 co-mentioned the Diabetes type 2 MeSH descriptor.
The prior and posterior distributions obtained for this relationship are presented below.
The posterior distribution is solely driven by the literature of the glucose which, being
much larger than that of its contributors, completely erases the information brought by
the prior. The distributions of the contributors in the posterior mixture are therefore
centred around the co-mention frequency of the glucose and Diabetes type 2 (≈ 0.089).
Thus, although the proposed approach can be applied to these well-known
metabolites, the predictions are insensitive to the built prior which is nevertheless at the
core of this method. In this case, the relationships would be as well evaluated with a
classic over-representation analysis.

In addition to the aforementioned extreme example, a similar phenomenon can be
observed through an example proposed by the reviewer: Phenylalanine (specie id

Powered by Editorial Manager® and ProduXion Manager® from Aries Systems Corporation



M_m02724c) and the MeSH descriptor Phenylketonurias or PKU (D010661). PKU
represents a group of disorders caused by a deficiency in the production of
phenylalanine hydroxylase, and for which the  dosage  of phenylalanine is the standard
diagnostic method.  Again, the posterior distribution eliminates any information from the
prior and is centred around 0.0107, which is the expected probability that an article
mentioning phenylalanine also mentions the disease. Indeed, out of the 28.507 articles
mentioning Phenylalanine, 3.045 are annotated with the MeSH term PKU.

Figures of the Prior and posterior distributions of this two examples can be found in the
attached document.

1.3  How does one check for "literature / reporting biases" for the highly reported vs
lowly reported metabolites in the manuscripts ?

From our understanding, hoping we interpret correctly reviewer comment, this check
would be related to the retrieval of metabolites’ mentioning articles. We hope that the
following information can answer your question:
There are several ways one can access the literature of metabolites described in this
manuscript. First, all the data are publicly available in the git repository
https://github.com/eMetaboHUB/Forum-LiteraturePropagation where
uncompress_species_pmids_Human1_1.7.csv contains the number of annotated
articles for each of the 2704 species in the pruned version of Human1 metabolic
network. If one desires to recover the list of PubMed identifiers behind these frequency
values, the FORUM KG (https://forum-webapp.semantic-metabolomics.fr) is the most
direct way of recovering the original set of articles mentioning a metabolite. However,
as this extraction requires querying the SPARQL endpoint, which we acknowledge is
difficult for non-familiar users, we would recommend accessing it individually for each
compound from their PubChem page or directly on PubMed.

1.4  Does this approach distinguish for targeted vs untargeted metabolomics paper
based hits ?

We thank the reviewer for this interesting remark. Although we could increase the
confidence of hits from targeted analyses compared to untargeted using some
weighting policies (or using Metabolomics Standard Initiative classification for
metabolite identification), the main challenge would lie in accurately extracting this
information. In fact, articles related to metabolomics analyses are not yet indexed in
PubMed with a precise MeSH term to distinguish the two types of approaches.
Determining this from the title or abstract would also require building a classification
model for which training data are not available. More generally, proposing a different
weighting for the contribution of each article according to different factors (type of
analysis, date, etc.), so that they are not all considered equivalently, is indeed an
interesting perspective for future works.

1.5  "Overlooked metabolites" need to be defined well, upfront for clarity.

We are grateful to the reviewer for pointing out this lack of clarity. We propose to
modify the end of the first paragraph of the Method section: “In this study we define a
set of overlooked compounds as compounds with less than 100 retrieved mentioning
article, which correspond to orders of magnitude below 4,799, the mean number of
retrieved articles per compound (when any), and is close to the median number of
articles, 172. It is worth mentioning that such threshold serves solely as a prioritization
criterion, since the method applicability is not restricted to a given range of mentioning
corpus sizes (although its relevance is less obvious when a sufficient corpus is already
available).”

1.6  large fraction of metabolites are rarely or never mentioned in the literature: What is
a good estimate from the authors? A numerical value would be informative here.

While our results from the metabolic network clearly suggest that a large fraction of
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metabolites are overlooked, we argue that this information, although reflecting a reality
in the field, cannot be used to propose a reliable estimate. This estimator would be
biased by various factors and in the first place, the lack of external identifiers (e.g. CID)
that connect to the literature. Additionally, the purpose of the metabolic network is not
to provide an exhaustive map of the metabolism and some parts (e.g lipid metabolism
are often reduced to generic classes). Nonetheless, our estimate based on the whole
PubChem database seems more reliable and we decide to put the emphasis on it in
the abstract to provide a numerical value. We therefore reworked the abstract by
adding the following sentence: “However, we show that the vast majority of compounds
(> 99\%) in the PubChem database lack annotated literature. This dearth of available
information can have a direct impact on the interpretation of metabolic signatures,
which is often restricted to a subset of significant metabolites}.”

1.7  Too many terms used does not help: overlooked metabolites vs. understudied
metabolites and so on. Please use a singular term for consistency.

We thank the reviewer for helping us improve the readability of the manuscript. We
replaced every mention of “understudied” with “overlooked”.

1.8  Method and data description section is too wordy, need to be shortened and need
to use mathematical expressions whenever applicable.

We appreciate the feedback regarding the "Method and data description" section of our
article and we acknowledge that this section may be too wordy and lacking in
mathematical expressions. We made some improvements and tried as much as
possible to reduce the size of this section.
We made this choice given the potential readership of the work. We anticipate that
some readers wishing to use the provided associations to interpret their results, may
not have a strong mathematical background. Therefore, while the use of mathematical
expressions would shorten the section, it could also be a barrier to its understanding
and discourage some readers. We have strived to make our methodology as
accessible as possible by providing two descriptions, which we believe will
complement each other. Our primary focus in the "Method and Data description"
section is to provide an intuitive and concise overview of the main steps of our
approach, avoiding the use of mathematical expressions.
Simple expressions have been added to this section according to the various
reviewers' comments in order to remove potential ambiguities. In addition, a complete
description with all the mathematical details is provided at the end of the manuscript in
the method section for the interested readers.

Reviewer #2:
Overall Notes
This work is innovative and will provide an important contribution to the computational
metabolomics field. The experiments and methodology are well-designed and
executed, and the software is also well-documented. That being said, the structure and
writing of the manuscript needs to be reworked. There are several areas of the text
where descriptions are unclear, detailed below. Some of the text is also out of order,
e.g. weights are shown in a figure before they are defined, and TPR and FPR are
reported without describing the dataset. Finally, there are several Supplementary
experiments that are never mentioned in the main text. At least a brief description of
these should be given in the main text and then the Supplementary referenced.

2.1  Abstract
Some of the language used here is difficult to read or unclear. In particular:
2.1.1I believe you mean to say that signatures… "have a strong added value", not "are
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a strong-added value".

We corrected this in the manuscript.

2.1.2"we extend the 'guilt by association' principle to literature information by using a
Bayesian framework". This is vague. Instead, briefly explain how you use a Bayesian
framework to determine guilt by association.

We reworked the abstract and specifically added the following sentence to briefly
illustrate the intuition behind the prior and the Bayesian framework in the context of the
guilt by association principle: “The underlying assumption is that the literature
associated with the metabolic neighbours of a compound can provide valuable
insights, or an a priori, into its biomedical context.”

2.1.3  "1,047 overlooked metabolites". Do you mean metabolites not in the literature?

Not exactly, we meant metabolites which are rarely mentioned in articles (< 100
annotated articles), so they almost never mentioned in the literature. As this notion of
“overlooked” metabolites is key in this article, it has also been clarified in section
“Method and data description” according to the Reviewer 1 comments.

2.1.4  Your method uses knowledge about metabolic interactions/reactions to generate
the graph, but this is not mentioned at all in the abstract. The abstract should explain
that this knowledge is being used and describe how it is complementary to the
literature.

Following the previous comments and the addition of the underlying hypothesis in the
abstract, we also decided to add the following sentence to emphasize the role of the
metabolic network in defining the structure of the graph used to propagate information:
“The metabolic neighbourhood of a compound can be defined from a metabolic
network and correspond to metabolites to which it is connected through biochemical
reactions.”

2.2  Background
2.2.1  it is irrelevant to mention exponential growth. This detracts from the main point,
which is the imbalanced knowledge distribution.

We removed this part of the sentence from the manuscript.

2.2.2  "This topic has received much attention for genes and proteins…" Can you
provide some citations?

The references related to this statement were provided in the next sentence
(“Consequently, [...] gene annotations in databases”). According to this reviewer
comment, we decided to move them upstream.

2.2.3  “has an impact on the quantity and quality of gene annotations in databases" - in
what way? Can you be more specific?

We wanted to highlight that the skewed distribution of the number of bibliographic
references across genes is also reflected in the distribution of functional annotations in
databases, such as Gene Ontology. See for instance between TP53 and ANKRD52.
As it doesn’t bring much more details for the rest of the article and could distract the
reader, we decided to remove this sentence.

2.2.4  The first sentence of the second paragraph can be removed.
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This sentence has been removed according to the reviewer's suggestion.

2.2.5  You discuss the issue of inaccurate identification as being related to the number
of articles mentioning a compound. I feel that these are two separate issues. The first
is related to identification, and the second is related to discussion of identified
metabolites in the literature. The section regarding identification should be removed.

This section has been removed according to the reviewer's suggestion.

2.2.6  "Guilt by association principle", not hypothesis.

This has been corrected.

2.2.7  "The method returns several predictors to evaluate whether a significant
proportion of the articles mentioning a metabolite would also mention a disease." Do
you mean to say that the predictors predict whether or not the metabolite is related to
the disease?

Indeed, by indicating whether a significant proportion of the articles mentioning a
metabolite would also mention a disease, these predictors are meant to highlight a
potential relation. We acknowledge that this could be expressed more explicitly in the
background section, leaving this interpretation for the methodology section. We
reworked this sentence accordingly.

2.2.8  You mention that you used FORUM Knowledge Graph to obtain your metabolite-
disease associations. What about the metabolic neighborhoods? You should explain
where these were obtained.

The metabolic neighbourhoods are defined from the Human 1 (v1.7) metabolic
network, which was also pruned from spurious connections using an atom-mapping
procedure. While we keep the details apart from the main text, we reworked the
following sentence: “Metabolic neighbourhoods were defined from the Human1
metabolic network and co-mention data between metabolites and diseases were
extracted from the FORUM Knowledge Graph (KG)”.
The details of the pre-processing step on the metabolic network and its implication of
the results are detailed in Supplementary materials (S1.1, S4.5) and referenced in
Method and Data Description.

2.3  Method and Data Description
2.3.1  How do you define "rarely mentioned"? Is there a cutoff criteria used?

We thank the reviewer for this interesting remark, which has also been highlighted by
the other reviewers. We believe that the modifications applied to the first paragraph of
the method section should clarify what we meant by "overlooked" or "rarely" mentioned
metabolites, both conceptually and practically.

2.3.2  Does "amount of literature" mean number of articles?

Yes, we reformulated the formulation "amount of literature" everywhere in the article to
bring clarity, as suggested by this reviewer.

2.3.3  How is "far distant" defined? It seems that you mean to say that one metabolite's
influence on another decreases as the number of reactions separating them increases.
Is this correct?
We thank the reviewer for pointing out this lack of clarity. Indeed, we make the
assumption that the influence of a metabolite on another decreases as the number of
reactions separating them increases. In order to consider all the potential paths
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connecting two metabolites in the network, we use the stationary probabilities from
random walks starting from the former and reaching the latter as a measure of this
distance.
However, when we referred to “far distant” metabolites in the sentence: “We impose
that a metabolite can't influence its own prior or the prior of far distant metabolites.”, we
inaccurately referred to metabolites whose probability of being reached during the
random walk are below a predefined threshold. This concerns, for instance,
metabolites that belong to different regions of the metabolic network. This constraint
prevents influential metabolites (tryptophan, glucose, etc.) from sharing the articles
mentioning them with metabolites that are unlikely to be involved in the regulation of
common metabolic pathways.

Since this detail is explained thoroughly with mathematical expressions in section
"Estimating the contributions of metabolic neighbours" in Method for interested readers
and is not crucial for the understanding of the approach as a whole, we have chosen to
exclude it from the method summary. The Figure 1 has also been updated accordingly.

2.3.4  Show Figure 1 as soon as it is mentioned. This goes for the other figures as well.

Indeed, the initial position of the figure was not ideal to follow the corresponding
method in the main text, so we moved it one page closer.

2.3.5  You should explain more about the shrinkage procedure here. It isn't clear what
you mean.

We are thankful to the reviewer for helping us to make this paper more clearer,
particularly for the shrinkage step which is a key element in the presented approach.
While the idea of shrinkage is also used for penalized regression, in this manuscript we
refer to its applications in Bayesian settings. In this framework, the posterior mean
distribution is shrunk towards the prior mean (μ), resulting in a more reliable estimator
than the maximum likelihood estimator (MLE) for low sample sizes. This is illustrated in
equations 5a and 5b when we show the posterior distribution of pi. The
parameterization of the prior beta distribution involves determining μ, assuming that
metabolites and diseases are independent concepts in the literature, and setting the
sample size (ν) as a hyperparameter to control the strength of the prior.
We decided to modify the corresponding paragraph in the method summary section
according to the reviewer’s comments : “This results in a small sample size available to
estimate the probability that an article mentioning f also mention the disease, which
may lead to unreliable and spurious contributions. To address this, a shrinkage
procedure is applied to all contributors, assuming that a priori, mentioning a metabolite
in an article does not affect the probability of mentioning a particular disease. In
Bayesian settings, a shrinkage estimator integrates information from the prior to
readjusted raw estimates, reducing the effect of sampling variations (further details in
section Mixing neighbouring literature to build a prior in Methods).“
We also redirect the interested reader to the Method section for the mathematical
details.

2.3.6  In Figure 1C, there appears to be a stack of papers in a pink box in both the
numerator and the denominator. What does this mean?

We thank the reviewer for pointing out this unclear illustration. This pink box represents
the number of papers shared by b that reached the target compound a. This quantity is
noted tb,a. In Figure 1.C, we illustrated the simple computation of the weight of b in the
prior of a (noted wb,a) as the fraction of articles that reached A (tb,a + tc,a + te,a + tf,a)
that was send by b (tb,a). To avoid any other ambiguities in this illustration, we
explicitly annotate all the paper box with their corresponding value (e.g; tc,a or wb,a)
both in 1.B and 1.C.

2.3.7  "Then, we build the prior distribution for A, by mixing the probability distributions
of each contributor (see Figure 1.E) according to their weights estimated in the
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previous step (Figure 1.C)". This is the first time you mention weights. You need to
describe what the weights correspond to and how they are calculated first.

We apologize for adding this ambiguity. We reworked this section, both at the first
mention of the weights and in the highlighted sentence. We also added a more explicit
mention of the weights associated with the contributors using simple mathematical
expressions: “We refer to b, c, e and f as the contributors to the prior of a. Each
contributor has a weight w in the prior of a (e.g wb,a) proportional to its contribution.”
We also add a reminder in the following sentence: “Then the prior distribution of a is
built as a mixture of the probability distributions of individual contributors (b, c, e and f)
as illustrated in Figure 1.E. Recall that the weight of each contributor in the mixture is
(w.,a), as estimated in the previous step (see Figure 1.C).”

2.3.8  "Then, we build the prior distribution for A, by mixing the probability distributions
of each contributor (see Figure 1.E) according to their weights estimated in the
previous step (Figure 1.C)". This sentence is unclear. Please revise.

We reformulate this sentence according to the previous comment. Please, see the
previous answer.

2.3.9  "Finally, several diagnostic values such as Entropy allow to assess the
composition of the built prior (See Supplementary S1.3)". Either name all of the
diagnostic values here or move Entropy to the supplementary and out of the main text.

As suggested by the reviewer, we removed the mention of Entropy in this sentence.

2.3.10  "Entropy evaluates the good balance of contributions in the prior. The more
metabolites contribute to the mixture and the more their weights are uniformly
distributed, the higher the entropy." This is not a clear explanation. Please explain
mathematically what entropy is and what it represents here.

According to the last two comments of this reviewer, we reworked this paragraph. We
decided to focus more on the applications and purposes of these diagnostic indicators
rather than their formal definitions, which we decided to keep for the supplementary
materials for the interested readers. We therefore replace the sentence relative to
Entropy to a broader description of the purposes of the diagnostic indicators: “Finally,
given its primary role in driving predictions, assessing the composition of the
constructed prior is crucial. Essentially, the more contributors to the prior, close to the
target compound, with balanced weights, the better it captures the neighbourhood
literature and increases the confidence in predictions. To aid in this evaluation, a set of
diagnostic indicators is presented in Supplementary S1.3“.

However, as Entropy is the only diagnostic indicator used in the main text (for filtering
the predictions), we also added a more formal definition directly where it is mentioned
in section “Suggesting relations with diseases for overlooked metabolites”. See
comment 2.6.3.

2.4  Analyses: Unbalanced distribution of the literature related to chemical compounds
2.4.1  At the end of the first paragraph, it should be "is cumulatively less than the
literature associated with glucose…"

This has been added to the manuscript.

2.4.2  Can metabolites without a CID be found in the metabolic network? If not, then
you should not discuss those metabolites with an unannotated CID.

With the exception of the pruning process carried out during the construction of the
carbon skeleton graph and described in S1.1, no metabolites were excluded because
of a lack of annotations. All metabolites without an annotated CID are conserved in the
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metabolic network.

2.5 Analyses: Evaluation of the prior computation
2.5.1  "and is set to α = 0 for the direct neighbourhood and α = 0.4 for a larger one".
Are these the only two values you consider? If so, why? How large is "larger"? This
should also go in the methods section.

We thank the reviewer for pointing out this lack of clarity. An extensive analysis was
actually performed on the impact of the both parameters ɑ and ν on the performances
and the  composition of the prior in S4.3 Damping factor α and theoretical sample size
ν: benchmark. We evaluated values for ɑ in the set: [0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7,
0.8, 0.9, 0.99] and for ν in the set [1, 10, 100, 1000, 10000, 100000 , 1000000]. From
the performed analyses, we found that ɑ=0.4 and ν=1000 appears to be reasonable
setting, both in terms of composition of the built prior and balance between sensibility
and precision. Finally, we also argued that there are no global optimal settings and
recommend 0  ɑ  0.7 and 1  ν  10000. We reworked this paragraph to point to these
details in the supplementary materials when referring to the chosen values of ɑ: “We
therefore focused on two specific settings: ɑ=0, where solely the direct neighbours
contribute to the prior, and ɑ=0.4, where contributions between direct or indirect
neighbours are relatively balanced. The impact of the parameter ɑ on the construction
of the prior and the Precision-Recall tradeoff was extensively evaluated in
Supplementary Material S4.3.”

2.5.2  "All tested approaches outperform Baseline-Freq, showing the benefit of
examining the neighbouring literature." This experiment needs to be explained in the
main text. How did you define TPR and FPR?

Indeed, the evaluation results with the ROC curves were not explicitly presented in the
main text and we decided to rework this paragraph to add “The evaluation results on
the validation dataset for all described approaches are presented in Figure 3.”. We also
add a description of TPR and FPR in the legend of Figure 3: “A true positive represents
an association between a compound and a MeSH term which is both retrieved from the
compound's mentioning corpus using Fisher Exact Test, and using methods in which
no knowledge of such corpus is available. A false positive is only retrieved from the
latter.”

2.6  Analyses: Suggesting relations with diseases for overlooked metabolites
2.6.1  "However, by re-evaluating these predictions using a right-tailed Fisher exact
Test (BH correction and selecting those with q.value <= 0.05), we found that ≈ 50% of
them (925) would not have been found significant". Can you please explain this
experiment further?

We thank the reviewer for pointing out this lack of clarity. With this analysis we wanted
to emphasize the proportion of associations that would not have been highlighted by a
standard approach, thus without considering the neighbourhood information. The right-
tailed fisher exact test is a standard and robust approach for over-representation
analysis of associations in the literature that we already applied at large scale in the
first version of FORUM. We therefore used this same workflow to test all associations
between metabolites and diseases based on their co-mention frequency from the
literature available in the metabolic network. We reformulate this paragraph and
directly refer to the analysis done in the FORUM article: “However, by re-evaluating
them using the same workflow as in FORUM [FORUM 2021] (a standard over-
representation analysis (ORA) using right-tailed Fisher exact Test, BH correction and
threshold on q.value <= 0.05), we found that ~50% (925) of these associations would
not have been highlighted.”

2.6.2  "These relations are still weakly supported, nevertheless, our method showed
that they are consistent with the neighbourhood." What does this mean?

We apologize for this lack of clarity. Despite these relationships being supported by
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only a few articles, the proposed approach showed that these are consistent with the
literature of metabolic neighbours. These limited mentions could therefore be
significant and deserve consideration. By using a standard ORA for comparison
purposes, we also wanted to emphasize that the current volume of articles supporting
a relation in the literature may simply not be sufficient (quantitatively) to effectively
highlight it with this type of approach. We reworked the sentence as follows: “While
only a few articles support these relationships and half of them were discarded by a
standard ORA, the method showed their consistency with the literature of metabolic
neighbours”.

2.6.3  Why do you want high entropy in Table 1? This isn't clear if the reader doesn't
know what entropy refers to here.

As we removed the definition of Entropy in the method summary (see comment 2.3.9
and 2.3.10), we reworked this paragraph and added both an introduction oriented on
the application of this indicator and a definition that we hope clearer. We replaced the
paragraph “We also retained predictions based on well-balanced contributions from the
neighbourhood by filtering on the diagnostic indicator Entropy > 1 (See details in
Method and Supplementary S1.3).”, by: “Predictions for which the prior was biased
toward one dominant contributor and thus failed to capture the neighbourhood
literature, were excluded by filtering on the diagnostic indicator Entropy > 1. Entropy is
the Shanon entropy computed on the contributors weights in the prior: the more
contributors with balanced weights, the higher the entropy. (See details in Method and
Supplementary S1.3).” We again direct the reader to the Supplementary materials.

2.7  Limitations

2.7.1  "Although we kept it in our analysis for sake of exhaustively…" It is not clear
what this means.

We apologize for the lack of clarity. We wanted to emphasize that despite influential
compounds like ethanol could provide out-of-context relations, we did not apply a filter
to try to exclude them. We reworked this sentence: “To avoid arbitrary filtering, we left
to the
user the choice to keep associations with such compounds after review”.

2.7.2  Methods Your equations are not numbered correctly. Your equation (1) should
be equation (2). It looks like you have 14 equations total, but only one is numbered.

All the equations have been numbered in the new version of the manuscript.

2.7.3  Settings
2.7.3.1  How did you choose the cutoff in equation (1)?

As the probability to be reached by a random walk depends on the shortest distances
within a network, we define a threshold that scales with the size of the network. We set
the threshold to 1/(n - 1), which is the probability that a metabolite would be randomly
chosen among all potentially reachable metabolites. It is important to note that this
threshold is a default value and can be changed when calling the script to compute the
associations  (option -q: The tolerance threshold).

2.7.3.2  "These aspects are illustrated in Figure 1.B: B…" This entire paragraph should
be moved up to the Method and Data Description section.

The paragraph has been reworked and an equivalent description is provided in section
“Methods and Data description”. Nevertheless, we believe that even in this more
technical description of the method, providing a link with the illustration in Figure 1.B
may help to capture the behaviour of the method.
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2.8  Mixing neighbouring literature to build a prior
2.8.1  Explain what the Beta distribution parameters mean in the context of this study in
detail and why you chose a Beta distribution.

Being defined in the interval [0,1], the Beta distribution is a suitable model for modelling
proportion, which is precisely what we want to estimate: the proportion (or probability)
of articles mentioning a metabolite, that also mention a disease. Secondly, the beta
distribution is the conjugate prior of the Binomial distribution, modelling the number of
observed successes in a sequence of n trials, which is also the type of data that we
have: among ni articles mentioning a metabolite, yi (successes) mention a disease.
From this, the Beta-binomial model appears as a suitable framework for the purpose of
this work.

When building the prior, the essential assumption is that a priori a metabolite and a
disease are independent concepts in the literature. For all metabolites in the network,
we start by modelling their prior probability of mentioning the disease with a Beta
distribution parameterized under this hypothesis: the average probability equals the
overall probability P of mentioning the disease in an article. The Beta distribution is
therefore parameterized by mean μ and sample size ν, which determine the values of
the two shape parameters ɑ and β. μ being fixed to P, ν is actually the only
hyperparameter setting the initial prior. Also, since μ is set to P, this default prior would
not suggest a relation using LogOdds or Log2FC. Additionally, ν is related to the
amount of evidences in the literature needed to change this prior belief. Thus, one
should not directly interpret the values of ɑ and β, as the real fixed parameters are μ
and ν. More explanations have been added to the method section regarding the Beta
distribution and the implication of the parameters.

2.9  Updating prior and selecting novel associations
2.9.1  "In turn, Log2FC is much more sensitive to outlier contributors than LogOdds".
Please provide a citation for this.

This is a common problem with outliers when an estimator is based on a mean, we
reworded this sentence to highlight this and provided a reference for this statement in
the manuscript.

2.10  References
2.10.1Check the formatting for #27. It is overlapping the text in the right-hand column.

This has been fixed.

2.10.2  If you're going to discuss the Pareto Principle (28), try to find a review article
that describes this principle rather than referencing a textbook.

This reference comes from a collection of commissioned introductory review articles
and is highly cited; we believe it is appropriate in this context, and sufficient to grasp
the concept needed to understand this section.

2.11 Supplementary Material
2.11.1S1.3 Diagnostic Values

Here, it is clear what you mean by Entropy and why you want the value to be high
rather than low. This should go in the main text. However, it is concerning that the
meaning of the entropy cutoff changes with respect to the number of contributors.
Consider using a weighted metric that has the same meaning regardless of the number
of contributors.

We apologize for any confusion caused by the provided numerical examples. The
meaning of Entropy remains the same regardless of the number of contributors. By
considering a weighted metric that is normalized by the number of contributors, the
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reviewer may be referring to normalized entropy, also known as Efficiency, which is the
observed Entropy divided by the maximal entropy (log2(N)).
However, imposing a fixed proportion of maximum entropy regardless of the number of
contributors is not reasonable. For example, reaching 50% of the maximal entropy is
easier when there are 5 contributors than when there are 50. Therefore, our choice
aims to maintain a balanced distribution of contributors, becoming more flexible as the
number of contributors increases. To address this, we set the threshold for Entropy at
1. This means that when there are only 2 contributors, the maximum entropy is
required, and as the number of contributors increases, we progressively relax this
constraint on a logarithmic scale. For example, with 5 contributors 50% of the
maximum entropy is required, for 10 contributors 30%, for 30 contributors 20%, for 100
contributors 15%, etc. We reformulated the corresponding paragraph in the
supplementary materials. Finally, the selected threshold is a recommendation for the
specific analysis we conducted where we aimed for stringency and users are free to
set their own threshold according to their needs.

2.11.2S2. Supplementary Tables
Why are your LogOdds values infinite? If this is an issue with taking the log of 0, then
you should set a cutoff such that the values do not go to infinity.

The posterior error that an article mentioning the metabolite k, would mention the
disease more frequently than expected is noted CDF and corresponds to P(pk < P). As
CDF tends to 0 for strong relationships, logOdds will logically tend to infinity. This is a
float approximation issue that is also commonly encountered when dealing with p-
values. In the same way, it seems inefficient to distinguish highly significant
relationships based on their logOdds, and we rely instead on the Log2FC as an effect
size to rank these relationships. Defining an arbitrary and precise cutoff for LogOdds
values also seems difficult and would depend on the user’s appreciation of “highly
significant” relations. Thus, we argue that replacing infinite values for LogOdds using
an arbitrary and constant cutoff would not benefit the ranking that is already performed
with Log2FC in these cases.

2.11.3S3. Supplementary Figures
2.11.3.1  Figure S3 is low-resolution and difficult to read. Please include a higher-
resolution version of this figure.

The figure has been updated in high-resolution.

2.11.3.2  The figures don't seem to match up with their references in the main text.
Mismatches between figures and references in the main text have been checked and
corrected if needed.

2.11.3.3  All supplementary figures should be here (including S1 and all figures after
S3).

We acknowledge the reviewer's suggestion to consolidate all the supplementary
figures into a single section for better organization. However, almost all the
supplementary figures (exception to Figures S2, S3, S4, S5) illustrate complementary
analyses to evaluate the performances and behaviour of the method. Then, we believe
that it would be beneficial to keep the majority of the supplementary figures within the
flow of the different analyses. We recognize that this may come at the cost of better
segmentation, but we feel it is necessary to facilitate the reader's reading and
comprehension.

2.11.3.4  It is not clear what Figure S4C refers to in the main text. (now Supplementary
Figure 5.C)

We apologize for this lack of clarity. The supplementary figure 5.C refers to the profile
of the contributors when only 2 articles out of 33 would have mentioned the disease,
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which would have been sufficient to suggest this relationship with the proposed
approach. We reformulate with the following sentences: “It is noteworthy that even
fewer co-mentions would have already shifted the balance of contributors in favour of
dopamine and highlighted this relationship. The figure S5.C shows the contributor
profiles is the case where only 2 articles had mentioned the disease, which would have
been sufficient to highlight the relationship.” We also added more details in the legend
of the Figure.

2.11.4S4.1 Damping factor α and theoretical sample size ν: benchmark. The validation
dataset needs to be described before the results are presented. At this point, the
reader has no idea what the validation set is.

Indeed, we thank the reviewer and moved this section on top of the supplementary
materials.

2.11.5S4.3 Evaluation using simulated overlooked metabolites
2.11.5.1  These results should be highlighted in the main text.

The sentence highlighting these results in the main text have been reworked: “To
evaluate the performances of predictions based on the posterior distribution and the
behaviour of the method on challenging cases, a supplementary analysis was
conducted using simulated overlooked metabolites in Supplementary S4.4”. While the
purpose of these analyses is to provide a more comprehensive evaluation of the
proposed approach, we consider them to be secondary. Consequently, we prefer to
redirect the interested readers to these sections for further information without
elaborating on these observations in the body of the article.

2.11.5.2  "Focusing on overlooked metabolites, the most challenging scenarios are
those where positive examples apparently show no co-mentions, and conversely,
when co-mentions (e.g. anecdotal) wrongly support negative examples." Please
highlight how you determined positive examples, negative examples, and co-mentions
here.

We thank the reviewer for pointing out this lack of clarity. The purpose of this analysis
is to evaluate the performances of the approach on what we call “Hard cases”, which
correspond to a subset of the simulated data in S4.4. Similarly to S4.1, positive
examples are pairs of metabolites and disease-related MeSH extracted from the
FORUM KG (q-value ≤ 1e − 6 with BH correction and no weakness), while negative
examples are created by random combinations. For the purpose of simulating
overlooked metabolites' data, the number of co-mentions (number of articles
mentioning the both and supporting the relation) were randomly generated from a
binomial distribution. We reworked the section S4.4 to clarify these potential
ambiguities.

2.11.6S4.4 Impact of the carbon skeleton graph on the predictions This should also be
discussed in the main text.

We reworked the related paragraph in the main text to better highlight these results.
Like the analysis on neglected metabolites, we consider this one as secondary and do
not wish to detail the results in the main text.

Reviewer #3:
The authors present a tool (FORUM Literature Propagation) which is designed to help
users query disease information relevant to a given metabolite by also querying a
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metabolic neighbors. This is accomplished by using a predefined network of
metabolism (Human1) and querying PubChem for compound details and PubMed for
articles containing disease and metabolite information. The authors have created a tool
that is useful in finding potential associations of disease to metabolite, even when no
articles have been published related to the specific metabolite in question This appears
to be a useful tool for hypothesis generation, but should be used with caution as the
results are inferred associations that may be skewed by regulatory mechanisms, the
presence of highly studied metabolites, and highly 'promiscuous' metabolites which
interact in a number of different pathways.

This review will focus primarily on the usability of the tool and the communication of
that within the text. Summarily I find this to be a well written manuscript that does a
good job of outlining the problem/need and appears to offer a solution. I do have some
suggestions for clarifying the manuscript:

3.1  In the first paragraph of Method and Data Description the authors define a
'metabolic neighborhood' as "compound consists of the metabolites that can be
reached through a sequence of biochemical reactions." Authors go on to reference the
tools used to build and constrain the model. It would be additive to add some brief
description to what was done prior, in addition to the more through explanation in
supplemental information.

We thank the reviewer for helping us improve the clarity of the manuscript. We decided
to add the following sentence in the corresponding section to better describe what is
done with the atom-mapping procedure: “This results in a compound graph, built by
linking two compounds when they share at least one carbon and have a substrate-
product relationship in at least one reaction.”.

3.2  Continuing the above point this manuscript would be aided by a workflow diagram
clearly illustrating the order of operations including key elements such as: user input,
local database searching (Human1?), and PubMed/PubChem searching, result
aggregation.

We thank the reviewer for this idea. Following this suggestion we added such a
diagram. However, since the workflow encompasses various components, such as the
extraction of FORUM associations and the conversion of the metabolic network into
RDF, which are not the primary focus of our article, we have chosen to include the
workflow diagram in the supplementary materials.

3.3  Figure 1 aids the reader to visualize FORUMs literature query process. However, it
is a very dense figure that is difficult to extrapolate meaning from without carefully
reading the Method and Data Description section. Ideally, this figure would be able to
be understood by looking at the figure and its caption (current caption only details
Blocks A and B). +Having blocks A-F and metabolites named A-F is also confusing,
consider changing metabolites to numbers or Greek letters

We are thankful to the reviewer for pointing this out. We changed the figure annotation
in order to make it more self-explaining. We decided to keep the capital letters for
Figures’ sub captions and renames the metabolites in lowercase. Some other details
were also added to the figure according to different reviewers’ comments.

3.4  What database is being used to define the metabolic network (pathways) and what
identifiers are used to search those pathways for metabolic neighbors? Is this the
pruned Human1 metabolic network and CIDs? More clarity here, would also be
addressed by adding the workflow diagram suggested previously.

The metabolic network comes from a conversion of the Human1 SBML into RDF, and
its content can be accessed from its own species identifiers or any referenced external
identifier (CID, Chebi…) using the closeMatch property in SPARQL query. We added
the workflow diagram to make this clearer, and, in addition to the data structure
schema in the on-line documentation, we plan on adding pre-built example queries on
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the endpoint web page in the next release to make the search process more
comprehensible.

3.5  Are the total number of metabolites available to use in this tool the 2704
mentioned in the Analysis section? Can this curated library be downloaded?

2704 is the total number of metabolites in the pruned version of the Human 1 v1.7
metabolic network. Among these metabolites, those with less than 100 annotated
articles were considered as overlooked (2113 metabolites) and selected for analysis.
Recall that this initial selection only serves as a prioritization and the method can be
applied on the complete dataset. The library can be downloaded in a tabular file and in
RDF format from the FTP server. Its content can be queried using the listed endpoint,
from which the list of mentioned compounds can be retrieved in tabular format.

3.6  It appears to be a major limitation of this tool that over half of the 2704 metabolites
do not have annotated PubChem CIDs, limiting the effectiveness of the tool in
searching disease relevance.

Indeed, despite efficient cross-reference retrieval initiatives such as MetaNetX, many
metabolites do not have annotated CID and thus can’t be linked to any scientific
literature. It is worth noting that the proposed method purposely alleviates such
shortcoming by providing plausible associations for such compounds.
However, while some of those non-referenced compounds might not have any
mentioning articles (or too few to confidently derive associations), some could have
brought useful information and improved the associations regarding the former.
We could not find any means to know how non-referenced compounds are distributed
among those two groups. However, we believe that most compounds without CID
would have yielded few or no articles, since we see a correlation between the number
of mentioning articles and the prevalence of curated entries of such compounds in
many databases, estimated by the number of retrieved cross-reference annotations.

A Boxplot comparing the number of annotated articles among metabolic species in the
network with more of fewer annotations than the median can be found in the attached
document.

3.7  In the discussion section the authors simply state "many cannot be mapped to
their corresponding PubChem identifier." Why? PubChem has over 100 million
compounds, surely all the metabolites in the Human1 database have PubChem
entries.

Some entries in metabolic models correspond to abstract entities rather than
metabolites, such as “biomass” or “lipid pool”, which can explain a lack of PubChem
reference. It is possible that other entries...
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Abstract
In human health research, metabolic signatures extracted from metabolomics data are a strong-added value for stratifyingpatients and identifying biomarkers. Nevertheless, one of the main challenges is to interpret and relate these lists of discriminantmetabolites to pathological mechanisms. This task requires experts to combine their knowledge with information extracted fromdatabases and the scientific literature. However, we show that a large fraction of metabolites are rarely or never mentioned in theliterature. Consequently, these overlooked metabolites are often set aside and the interpretation of metabolic signatures isrestricted to a subset of the significant metabolitesHowever, we show that the vast majority of compounds (> 99%) in thePubChem database lack annotated literature. This dearth of available information can have a direct impact on the interpretation ofmetabolic signatures, which is often restricted to a subset of significant metabolites. To suggest potential pathological phenotypesrelated to these understudiedoverlooked metabolites which lack of annotated literature, we extend the ’guilt by association’principle to literature information by using a Bayesian framework. The underlying assumption is that the literature associatedwith the metabolic neighbours of a compound can provide valuable insights, or an a priori, into its biomedical context. Themetabolic neighbourhood of a compound can be defined from a metabolic network and correspond to metabolites to which it isconnected through biochemical reactions. With thisthe proposed approach, we suggest more than 35,000 associations between1,047 overlooked metabolites and 3,288 diseases (or disease families). All these newly inferred associations are freely available onthe FORUM ftp server (See information at https://github.com/eMetaboHUB/Forum-LiteraturePropagation.).
Key words: Literature Mining, Bayesian statistics, Metabolic Network

Background

Omics experiments have become widespread in biomedical re-search, and are frequently used to study pathologies at the genome,transcriptome, proteome and metabolome levels. The subsequentdiscriminant analysis leads to a set (a signature) of genes, proteinsor metabolites, reflecting alterations of the phenotype at differentlevels of post-genomic processes. The interpretation of thesesignatures requires gathering knowledge about each of its

elements from the scientific literature and dedicated databases(DisGeNET[1], Uniprot[2], HMDB[3], CTD[4], MarkerDB[5],FORUM[6]). However, despite its exponential growth[7], thescientific literature suffers from an imbalanced knowledgedistribution. This topic has received much attention for genes andproteins[8, 9, 10, 11, 12], showing a highly skewed distributionof the number of articles mentioning each entity. Consequently,this strong imbalance has an impact on the quantity and qualityof gene annotations in databases. Indeed, what is known as the
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Key Points

• Most metabolites have little or no information available in the literature.• We propose an original method leveraging information contained in the literature from metabolic neighbours.• We provide more than 35000 suggested relations between overlooked metabolites and disease-related concepts.

Matthew effect[13], which refers to the saying "the rich get richer",is particularly valid in scientific communications. For instance, asreported in [9]: "more than 75% of protein research still focuses on
the 10%of proteins that were known before the genomewasmapped"and as reported in [12] "all genes that had been reported upon by 1991
(corresponding to 16%of all genes) account for 49%of the literature of
the year 2015.".

Metablomics emerged later than its omics siblings,transcriptomics and proteomics, and has, like them, benefitedfrom technological advancements, such as NMR and massspectrometry. While we are getting closer to a complete reconstruc-tion of the human genome[14], our knowledge of the metabolome,i.e. the set of metabolites present in a biological system[15] ,is still limitedby technical constraints. Among them, the mainlimitations are the identification of unknown metabolites and thesometimes inaccurate identification of known ones. For instance,only a small fraction (< 20%) of metabolic spectra can be correctlyannotated in an untargeted metabolic analysis. This disparity .This is also reflected in the distribution of the number of articlesmentioning each compound present in the PubChem Database.While only a small fraction of them are mentioned in thousandsof articles, the majority remains rarely or never mentioned [16].This imbalance has consequences for the interpretation of thesignatures, which can rely solely on a subset of its members thatare sufficiently covered to provide insights. In Human healthresearch, it is therefore critical to bring knowledge to theseunderstudiedoverlooked compounds, by suggesting diseases thatcould be linked to them.
A metabolite is suspected to be impacted or involved in aparticular disease through metabolism when an imbalance inits abundance has been observed in comparison to control cases.Moreover, metabolites are linked to each other by biochemicalreactions, and therefore their abundances are also interdependent.Among other factors, the abundance of a compound can depend onthe concentration of its precursors and, in turn, can also influencethe rate of production of other compounds. Following the wellknown ’guilt by association’ hypothesisprinciple, we assumethat: if a metabolite has been linked to a particular disease due toan imbalance in its abundance, metabolites that are connectedto it by biochemical reactions, i.e. its metabolic neighbourhood,can also be suspected of being linked to this disease. Metabolicnetworks[17], built originally for modelling purposes, describethose substrate-product relations between compounds andthus provide a suitable support to extend these suspicions tometabolic neighbours. For Human, the reconstruction of themetabolic network (Human1 v1.7 [18]) contains 13,082 reactionsand 8,378 metabolites. In other omics fields, network-basedstrategies following "guilt-by-association" principle have beenapplied to build several recommendation systems proposing newgenes or proteins that could be related to a given disease froma list of known genes/proteins [19, 20, 21]. We also developed asimilar approach for metabolic signatures using random walks inmetabolic networks [22].
If a compound is rarely or never mentioned, we hypothetizethat the literature in its surrounding neighbourhood may provide a

priori knowledge on its biomedical context. To combine both this a
priori and the available literature of the compound (if any) in thesuggestions, we propose a method based on the Bayesian frame-work. The method returns several predictors to evaluate whethera significant proportion of the articles mentioning a metabolitewould also mention a diseasea metabolite could be related to a dis-ease. In addition, several indicators can be used to highlight themost influential metabolic neighbours in the suggestions.All the required data were extracted from the FORUM KnowledgeGraph (KG)[6]. Metabolic neighbourhoods were defined from theHuman1 metabolic network[18] and co-mention data betweenmetabolites and diseases were extracted from the FORUM Knowl-edge Graph (KG)[6]. The detailed workflow is presented in Sup-plementary Figure S2 FORUM contains significant associations be-tween PubChem chemical compounds and MeSH biomedical de-scriptors based on their co-mention frequency in PubMed arti-cles. We evaluated our hypothesis by testing whether significantassociations between metabolites and diseases could be retrievedsolely on the basis of the literature of their neighbours. We illus-trate the behaviour of the method in two scenarios: a metabolitewithout available literature for which the prior is the only sourceof information (Hydroxytyrosol) and a rarely mentioned metabo-lite (5α-androstane-3,17-dione with 82 articles). Using this ap-proach on human metabolic network, we suggested more than35,000 new relations between overlooked metabolites and diseases(and disease families). The code and the data needed to repro-duce the results are available at https://github.com/eMetaboHUB/
Forum-LiteraturePropagation.

Method and Data Description

The core of the method is the construction of a prior distribution onthe probability that an article mentioning a metabolite would alsomention a particular disease. This distribution is estimated fromthe literature of its metabolic neighbourhood. The metabolic neigh-bourhood of a compound consists of the metabolites that can bereached through a sequence of biochemical reactions. It is definedfrom the Human1 metabolic network[18], which was pruned fromspurious connections using an atom-mapping procedure[22] (seeSupplementary S1.1). In the following description of the methodand subsequent analyses, overlooked metabolites will be dividedinto two categories: those without literature (1) and those that arerarely mentioned (2). In this study we define a set of overlookedcompounds as compounds with less than 100 retrieved mentioningarticle, which correspond to orders of magnitude below 4,799, themean number of retrieved articles per compound (when any), andis close to the median number of articles, 172. It is worth mention-ing that such threshold serves solely as a prioritization criterion,since the method applicability is not restricted to a given rangeof mentioning corpus sizes (although its relevance is less obviouswhen a sufficient corpus is already available). In the following de-scription of the method and subsequent analyses, a distinction isalso made between metabolites without any retrieved article (1) andmetabolites with fewer than 100 annotated articles (2).
The Figure 1 summarizes all the steps in the proposed method.Figure 1.A introduces the example of a relation between an over-looked metabolite a and a disease. The prior distribution on the
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Figure 1. A step by step description of the proposed method. Compound a has 0 < na ≤ 100 articles, with some co-occurrence with the disease of interest (0 ≤ ya ≤ na). In
the blocks A and B, the nodes represent metabolites and the edges substrate/product relationships in the metabolic network. Dashed lines indicate more distant connections.A.
Imbalance of mentioning literatures within a metabolic network. Compound a has 0 < na ≤ 100 articles, with some co-occurrence with the disease of interest (0 ≤ ya ≤ na).
Nodes represent metabolites and the edges substrate/product relationships in the metabolic network. Dashed lines indicate more distant connections. B. Propagation of
literature through a metabolic neighbourhood. C. Weight of a metabolic neighbour in an overlooked metabolite’s corpus used for prior construction. D. Contribution of a
neighbour, from assumed independence, mitigated by neighbour’s literature (observations). E. Construction of metabolite’s prior from contributors. F. Computation of
metabolite’s posterior from observations and prior.

probability that an article mentioning a, would also mention thedisease, is built from a mixture of the literature of its close neigh-bourhood in the metabolic network. The weight of the componentof these metabolites in the mixture, depends both on their distanceto a and their amount of literaturenumber of annotated articles (seedetails in section Estimating the contributionsofmetabolicneighboursin Methods). We also impose that a metabolite can’t influence itsown prior or the prior of far distant metabolites. As an illustration,
b shares a quantity tb,a of its literature to build the prior of a butdoesn’t influence its own prior, as well as the prior of Z (Cf. Fig-ure 1.B). The weight of b in the prior of a is then estimated as theamount of literaturenumber of articles it had shared with a, relativeto the other neighbours c, e and f (See Figure 1.C). We refer to b, c,
e and f as the contributors to the prior of a. Each contributor has aweightw in the prior of a (e.gwb,a) proportional to its contribution.By analogy, it is as if each metabolite spreads its literature in themetabolic network, and the prior of awas built from the articles ithad received from its contributors.In Figure 1.D, the contributor f is also an overlooked metabo-lite with only 2 annotated articles, including one mentioningthe disease. This lack of literature may lead to a less reliablecontribution. To avoid this issue, an initial shrinkage procedureis applied to all contributors. The probability distribution thatone of its articles mentions the disease is readjusted toward theoverall probability of mentioning the disease (see details in section
Mixing neighbouring literature to build a prior in Methods).This re-sults in a small sample size available to estimate the probabilitythat an article mentioning f also mention the disease, which maylead to unreliable and spurious contributions. To address this, ashrinkage procedure is applied to all contributors, assuming that
a priori, mentioning a metabolite in an article does not affect theprobability of mentioning a particular disease. In Bayesian settings,a shrinkage estimator integrates information from the prior to read-justed raw estimates, reducing the effect of sampling variations(further details in sectionMixing neighbouring literature to build a
prior in Methods).Then, we build the prior distribution for a, by mixing theprobability distributions of each contributor (see Figure 1.E)according to their weights (w.,a) estimated in the previous step(Figure 1.C).Then the prior distribution of a is built as a mixture

of the probability distributions of individual contributors (b, c, eand f) as illustrated in Figure 1.E. Recall that the weight of eachcontributor in the mixture isw.,a, as estimated in the previous step(see Figure 1.C). The prior mixture distribution is denoted by fprior.The constructed prior distribution for a represents the probabilitydistribution that an article from one of its contributors would men-tion the disease. In the scenario where a has no literature (1), thepredictions will be based solely on fprior.However if a is mentioned in few articles (2), we compute the pos-terior distribution, thus updating the weights and distributions ofeach contributor in the mixture (Figure 1.E). The posterior mixturedistribution is denoted by fpost.From the mixture distribution, two predictors are estimated:
LogOdds and Log2FC. LogOdds expresses the ratio between the prob-ability of the disease being mentioned more frequently than ex-pected in the literature of the compound, rather than less frequently.
Log2FC expresses the change between the average probability ofmentioning the disease in the mixture distribution, compared tothe expected probability in the whole literature. In summary, bothshould be considered jointly in the predictions: LogOdds as a mea-sure of significance and Log2FC as a measure of effect size. In (2), toget an intuition about the belief of the neighbourhood only, we alsoreturn similar indicators estimated from fprior: priorLogOdds and
priorLog2FC (see sections Updating prior and selecting novel associa-
tions andDifferent scenarios in Methods). Finally, several diagnosticvalues such as Entropy allow assessing the composition of the builtprior (See Supplementary S1.3). Entropy evaluates the good balanceof contributions in the prior. The more metabolites contribute tothe mixture and the more their weights are uniformly distributed,the higher the entropy.Finally, given its primary role in drivingpredictions, assessing the composition of the constructed prior iscrucial. Essentially, the more contributors to the prior, close to thetarget compound, with balanced weights, the better it capturesthe neighbourhood literature and increases the confidence in pre-dictions. To aid in this evaluation, a set of diagnostic indicators ispresented in Supplementary S1.3.

Analyses
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Figure 2. A: Distribution of the number of annotated articles (expressed in log-scale) for PubChem compounds that have at least one article in FORUM, in descending order.
The red area represents the proportion of the most mentioned compounds required to attain 80% of the total number of annotations, while the blue area represents the
fraction of compounds with only one annotated article. B: Distribution of the number of annotated articles per metabolites, organised by bins, in the carbon skeleton graph of
Human1. The first bar represents the metabolites without literature. Among them, 81.5% don’t have annotated PubChem identifiers, making it impossible to link them to
PubMed articles with FORUM. The remaining 18.5% have annotated PubChem identifiers, but no articles were found mentioning them. In total, there are 1336 compounds
with an available PubChem identifier. C: Distribution of the shortest distance to the first neighbour in the metabolic network with at least one annotated article, for the
metabolites without literature in the network (bold bar of B). The distances were computed with the Dijkstra algorithm.

Unbalanced distribution of the literature related to chem-
ical compounds

The FORUM KG links PubChem compounds to the PubMed articlesthat mention them. Among the 103 million PubChem compounds inFORUM, only 376,508 are mentioned in PubMed articles, represent-ing a coverage lower than 0.4%. For these mentioned compounds,the distribution of the literature is highly skewed (Figure 2.A). Thetop 1% of the most mentioned compounds (red area) concentrates80% of the links between PubChem compounds and PubMed ar-ticles. Similarly, the blue area indicates that 63% of compounds(218,291) have only one article mentioning them, which, to give apoint of comparison, is cumulatively less than the literature associ-ated with glucose: 278,277 distinct articles.Considering only metabolites, Figure 2.B presents the distributionof the number of articles mentioning the 2704 metabolites, con-served in the pruned version of the Human1 metabolic network.Because of the skewed distribution of the literature and the lackof external identifiers, 62.09% of the metabolites in the metabolicnetwork have no annotated articles. Nevertheless, almost 72% ofthem have at least one direct neighbour in the metabolic networkwith available literature (See Figure 2.C). Moreover, by consideringthe close neighbourhood (paths up to three reactions), almost allthe metabolites (≈ 97.26%) without initial literature can reach adescribed neighbour, showing the availability of nearby literatureto build a prior.

Evaluation of the prior computation

The critical step in the proposed method is the construction of arelevant prior. While its influence on the results will decrease asthe size of the literature of the targeted compound increases, it willmainly drive the predictions for the rarely mentioned compoundswe are interested in [23].The relevance of the prior was evaluated by testing whether sig-nificant associations with diseases, could be retrieved using onlythe literature from the metabolic neighbourhood of the metabolite.The validation dataset includes 10,000 significant relations betweenmetabolites and disease-related MeSH extracted from the FORUMKG, and 10,000 random metabolite-MeSH pairs to serve as negative

examples. The method is evaluated by considering either the director a larger neighbourhood (metabolites that can be reached througha path of two or more reactions). In the method, the consideredneighbourhood is controlled by the parameter α (see detailsin section Estimating the contributions ofmetabolic neighbours inMethods and Supplementary S4.1) and is set to α = 0 for the directneighbourhood and α = 0.4 for a larger one. We therefore focusedon two specific settings: α = 0, where solely the direct neigh-bours contribute to the prior, and α = 0.4, where contributionsbetween direct or indirect neighbours are relatively balanced. Theimpact of the parameter α on the construction of the prior and thePrecision-Recall tradeoff was extensively evaluated in Supplemen-tary Material S4.3.We decided to compare the proposed method against two differentbaselines (more details in Supplementary S4.2). Baseline-Freq isthe most naive approach in which the predictions are solely basedon the overall probability of mentioning the disease, such that ametabolite is more likely to be related to frequently mentioneddiseases in the literature. Hence, Baseline-Freq ignores the net-work information (metabolic neighbourhood). On the contrary, thepredictions with Baseline-DN are based on the average probabil-ity of mentioning the disease in the direct neighbourhood, thuscloser to the proposed approach. It is worth noting that, if all directneighbours have relatively the same amountnumber of annotatedarticles and are well covered (negligible shrinkage), the methodparameterized with α = 0 behaves like the simple Baseline-DN formetabolites without literature. We used Log2FC as predictor for theproposed method in Figure 3.The evaluation results on the validation dataset for all describedapproaches are presented in Figure 3. All tested approaches out-perform Baseline-Freq, showing the benefit of examining theneighbouring literature. When considering the direct neighbour-hood (method with α = 0), the method is more efficient thanBaseline-DN. However, as previously shown in Figure 2.C, the di-rect neighbourhood cannot bring information for more than 28%of metabolites without literature. Therefore, considering a largerneighbourhood can be essential for some overlooked metabolites,and the approach achieves solid performances (AUC=0.78) on thevalidation dataset with α = 0.4. Applying a threshold on Log2FC > 1results in a TPR=0.35 and a FPR=0.05. Using LogOdds as predic-tor, the method achieved slightly lower performances (AUC=0.76),
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Figure 3. Receiver operating characteristic (ROC) of the method considering only the direct neighbourhood (α = 0) or a larger (α = 0.4) and two different baselines. For
Baseline-Freq the predictions are only based on the overall probability of mentioning the disease in the literature. For Baseline-DN the predictions are based on the ratio
between the average probability of mentioning the disease in the direct neighbourhood and its overall probability. Respective AUC (Area Under the Curve) for Method (α = 0),
Method (α = 0.4), Baseline-DN and Baseline-Freq are: 0.75, 0.78, 0.72 and 0.54. A true positive represents an association between a compound and a MeSH term which is
both retrieved from the compound’s mentioning corpus using Fisher Exact Test, and from methods in which no knowledge of such corpus is available. A false positive is only
retrieved from the latter.

with a TPR=0.22 and a FPR=0.04 when applying a threshold on
LogOdds > 2. Beyond the validation, LogOdds is more robust tooutlier contributions than Log2FC and when examining predic-tions, they should be considered together as complementary indi-cators of significance and effect size. These results suggest thatthe prior built from the neighbouring literature alone, holds rel-evant information about the biomedical context of metabolitesand could be efficient to drive predictions for rarely mentionedcompounds. To evaluate the performance of predictions based onthe posterior distribution, a complementary analysis is provided inSupplementary S4.3. To evaluate the performances of predictionsbased on the posterior distribution and the behaviour of the methodon challenging cases, a supplementary analysis was conducted us-ing simulated overlooked metabolites in Supplementary S4.4. Fi-nally, as mentioned in the Method summary, the metabolic networkwas pruned from spurious connections using an atom-mappingprocedure (see Supplementary S1.1). This results in a compoundgraph, built by linking two compounds when they share at leastone carbon and have a substrat-product relationship in at least onereaction. The benefit of this procedure on the predictionsimpact ofthe carbon skeleton graph on the predictions is evaluated in Sup-plementary S4.5.

Suggesting relationswithdiseases for overlookedmetabo-
lites

In the FORUM KG, 80% of the significant associations withbiomedical concepts are observed for the 20% of compoundswith more than 100 annotated articles. This manifestation ofthe Pareto principle[24] reflects the need for additional knowl-edge for compounds that are less frequently mentioned. There-fore in this analysis, we applied the proposed method on allmetabolites in the human metabolic network with less than100 annotated articles (see Table 1). According to the experi-ments on the validation dataset (See previous section Evaluation
of the prior computation), we applied a threshold on LogOdds >2 and Log2FC > 1. We also retained predictions based onwell-balanced contributions from the neighbourhood by filteringon the diagnostic indicator Entropy > 1 (See details in Method andSupplementary S1.3).Predictions for which the prior was biased to-ward one dominant contributor and thus failed to capture the neigh-

bourhood literature, were excluded by filtering on the diagnosticindicator Entropy > 1 Entropy is the Shannon entropy computed onthe contributors weights in the prior: the more contributors withbalanced weights, the higher the entropy. (See details in Methodand Supplementary S1.3).1863 predictions correspond to relations that are not novel, sincethey are already supported by one or several publications in the liter-ature (co-mention:yes in Table 1). However, by re-evaluating thesepredictions using a right-tailed Fisher exact Test (BH correctionand selecting those with q.value <= 0.05), we found that ≈ 50% ofthem (925) would not have been found significant. However, byre-evaluating them using the same workflow as in FORUM[6] (astandard over-representation analysis (ORA) using right-tailedFisher exact Test, BH correction and threshold on q.value ≤ 0.05),we found that ≈ 50% of these associations (925) would nothave been highlighted. These relations are still weakly supported,nevertheless, our method showed that they are consistent withthe neighbourhood While only a few articles support these rela-tionships and half of them were discarded by a standard ORA, themethod showed their consistency with the literature of metabolicneighbours. 7,286 novel relations have also been suggested withdisease-related MeSH, without having already been mentioned intheir literature (co-mention:no). Finally, for 793 metabolites with-out literature, 26,436 relations have been suggested only by ex-ploiting the neighbourhood literature. All the results are availableon the FORUM ftp server (See https://github.com/eMetaboHUB/
Forum-LiteraturePropagation.), filling a gap when it comes to theinterpretation of signatures with these understudiedoverlookedmetabolites.

Case study

In this section, we will describe the behaviour and benefits of themethod through two test cases. As mentioned in the previous sec-tion Method and Data Description, Hydroxytyrosol is an exampleof a metabolite without literature (1) and 5alpha-androstane-3,17-dione of a metabolite with only a few annotated articles (2) and witha weakly supported association.

https://github.com/eMetaboHUB/Forum-LiteraturePropagation
https://github.com/eMetaboHUB/Forum-LiteraturePropagation
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Nb. metabolites co-mention Nb. predictions

Metabolites without literature 793 no 26,436
Metabolites with few articles (< 100 articles) 254 no 7,286yes 1863

Table 1. Summary table of the number of disease-related MeSH predicted for metabolites in the network with less than 100 annotated articles. Theresults are separated between the two major scenarios: (1) Metabolites without literature and (2) metabolites poorly described in the literature (< 100articles). In the second case, results are also arranged according to whether the metabolite already co-mentions the MeSH (co-mention column). Onlypredictions with LogOdds > 2, Log2FC > 1 and Entropy > 1 are considered. For the 1863 predictions where the metabolite co-mentions the MeSH, 938(≈ 50%) are also retrieved using a right-tailed Fisher exact test (BH correction and q.value < 0.05). Only 793 metabolites among the 1679 withoutliterature and 254 among those with literature have significant results according to the used thresholds.

Figure 4. Profile of the contributors for the association between Hydroxytyrosol and Parkinson’s Disease. This shows the repartition of the literature received by Hydroxytyrosol
from its neighbourhood to build its prior. Contributors are organised in blocks by increasing weights in the prior mixture (wi,k), from left to right. The weights also give the
width of the block. The colour of each block associated with a contributor depends on its individual LogOdds, from blue to red, for negative (less likely) to positive (more likely)
contributions respectively. Weights and LogOdds are also detailed in Supplementary Table S2.

Hydroxytyrosol and its potential linkwith Parkinson’s disease
Hydroxytyrosol is a metabolite which is known for its antioxi-dant properties [25] and mentioned by 856 publications in FO-RUM. However, its literature will only serve as ground truth, andHydroxytyrosol will be considered as a metabolite without litera-ture in this analysis. Consequently, the predictions are solely de-rived from the neighbouring literature (fprior). The top 10 predic-tions ranked by LogOdds are presented in Supplementary TableS1. Parkinson’s disease is the most suggested disease, followedby broader descriptors also related to neurodegenerative disorders.This suggestion is mainly driven by the literature of close metabolicneighbours: dopamine and 3,4-dihydroxyphenylacetate (Figure4). Both compounds’ literature frequently mention Parkinson’sDisease (Supplementary Table S2) suggesting that Hydroxytyrosolmay also be related to this disease. Other contributors such as 3.4-dihydroxyphenylacetaldehyde or homovanillate also seem to berelated to the pathology but only contribute ≈ 5% to the prior asthey are more distant neighbours or have less literature. In theactual literature of Hydroxytyrosol, 2 articles[26, 27] explicitly dis-cuss its therapeutic properties on Parkinson’s disease.
Highlighting the role of 5alpha-androstane-3,17-dione in Polycystic
Ovary Syndrome
Since 82 articles are available for 5-α-androstane-3,17-dione (5-
αA), the predictions are derived from both its literature and thatof its metabolic neighbourhood. The top 25 predictions ranked by
LogOdds are presented in Supplementary Table S3, along with thep-value from a right-tailed Fisher exact test using the same data forcomparison. The highest ranked associations are both supported byseveral mentions of the compound and by the neighbourhood (high
priorLogOdds). They correspond to mildly-interesting predictionsas the literature of the compound alone would have been sufficient(significant Fisher p-value): the neighbourhood only strength-ens the relation. Instead, we choose to focus on the relation withPolycystic Ovary Syndrome (PCOS) which has a non-significantFisher p-value and only one article supporting the relation [28].The priorLogOdds (5.47) indicates that the literature gathered fromthe metabolic neighbourhood seems highly related to the disease

(Figure 5). While the literature of the compound alone is insufficientto highlight an association with PCOS, the posterior distribution,combining information available from the compound and its neigh-bours, strongly suggests one (LogOdds = 6.23 and Log2FC = 3.14).Androsterone, a direct neighbour of 5-αA through the reaction 3(or
17)-alpha-hydroxysteroid dehydrogenase, is the main contributorsupporting the prediction (Figure 5). Additional contributors suchas testosterone, testosterone-sulfate, estradiol-17β and proges-terone are more distant metabolically (2-3 reactions) but are alsofrequently mentioned in this context [29, 30, 31, 32, 33, 34, 35].Also, PCOS is much more frequently mentioned in the literatureof 4-androstene-3,17-dione compared to the other metabolites inthe neighbourhood, making it an outlier among the contributors.Interestingly, its contribution significantly drops in the posteriordistribution (See details in Supplementary materials S4.5S4.6 andSupplementary Table S4). A view of the metabolic neighbourhoodof 5-αA is also presented in Supplementary Figure S4.To illustrate the influence of the observations on the posterior dis-tribution, we re-evaluated the relation by removing the single co-occurrence between the 5-αA and PCOS. By suppressing this men-tion, the LogOdds drops to 3.67, Log2FC to 2.80, and the weights inthe posterior mixture change according to the new observations(See Supplementary Figure S43). For instance the weight of an-drosterone, which literature mentions PCOS less frequently thanthe other top contributors (testosterone, estradiol, etc.), increasedwhile those of the others decreased. More significantly, the weightof 16alpha-hydroxydehydroepiandrosterone, which is never men-tioned with the disease, increases from 0.38% to 3%. By removingthis mention, the likelihood of the evidences for each contributorchanged, favouring those for whom the disease is less likely to bementioned in an article. Although the relation is still suggested bythe neighbourhood, this result shows the impact of the availableliterature on the predictions.
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Figure 5. Profile of the contributors for the association between 5alpha-androstane-3,17-dione and Polycystic Ovary Syndrome in the priormixture (A) and in the posterior
mixture (B). Contributors are organised in blocks by increasing weights in the mixture from left to right, and the weights also give the width of the block. The colour of each
block associated with a contributor depends on its individual LogOdds, from blue to red, for negative (less likely) to positive (more likely) contributions respectively. Details in
Supplementary Table S4.

Discussion

The interpretation of experimental results in metabolomics re-quires an intensive dive in the scientific literature. In a biomedicalcontext, researchers often seek studies that mention metabolitesfrom an observed signature, as well as report variations in theirconcentration in similar phenotypes. However, we have shownthat there is a strong imbalance in the distribution of the litera-ture among metabolites, suggesting that this research could berestricted to a subset of the initial metabolic signature. Even if thisimbalance is accentuated by technical limitations, it also reflectsbiological facts: some metabolites are more central and sensitiveto phenotypic alterations and would therefore be more frequentlyreported. Nonetheless, they do not necessarily provide key infor-mation when interpreting results, because they do not point todysregulations on specific pathways. To extend the available datato help interpret results, we propose a method to suggest relationsbetween understudiedoverlooked metabolites and diseases. Mostmetabolites (62%) in the network have no literature available, andmany cannot be mapped to their corresponding PubChem identi-fier. It is a common issue when dealing with metabolic networks, asthey are initially built for modelling purposes [36]. The absence ofannotations also indicates that a compound is not widely describedand studied, which may suggest that little literature has actuallybeen lost.The predictions for metabolites without literature are solely basedon their prior distribution which is built from a mixture of theneighbouring literature. We first evaluated the prior alone on avalidation dataset (AUC ≈ 0.78) and showed that it holds relevantinformation about the biomedical context of metabolites. Sincethe contributors, their weights, and influences in the mixture dis-tribution (more or less likely to mention the disease in an article)are known, the prior is transparent by design. In the example ofhydroxytyrosol, the prediction was mainly derived from the liter-ature of dopamine, 3-4-dihydroxyphenylacetaldehyde (DOPAL),3,4-dihydroxyphenylacetate (DOPAC) who all frequently mentionParkinson’s disease in their literature. Hydroxytyrosol and its con-tributors belong to the dopamine degradation pathway [37]. Theliterature supporting the relation with Parkinson’s disease mainlydiscusses the production of hydrogen peroxide during dopamine

degradation to DOPAL by MAO enzymes. Since DOPAL is then inac-tivated into either DOPAC or Hydroxytyrosol, the literature that hasbeen propagated by the contributors is metabolically relevant forhydroxytyrosol. Indeed, [38] shows that Hydroxytyrosol can inducea negative feedback inhibition on dopamine synthesis resulting ina decrease of the oxidation rate of dopamine. By indicating whichand how neighbours contributed to the predictions, the contribu-tion profile thus adds explainability to the predictions, which webelieve is an important quality of the method. It can be quicklyestablished if there was a clear consensus in the neighbourhood orif the association was only carried by one dominant contributor. Inthe case of positive suggestions, the associated literature of eachcontributor could be examined to understand the nature of their re-lation with the disease and assess the consistency of the prediction.Typically, we want to evaluate whether the relationship betweenthe contributors and the disease can indeed be transferred to thetarget compound, whether it may suggest another, or whether it isirrelevant.While a consensus is of course preferred (not matter the outcomeof the prediction), some contributors may also have divergent liter-ature for a particular disease. To complete the example of hydrox-ytyrosol, we show the profile of the contributors for the relationbetween 5-S-Cysteinyldopamine (CysDA) and Parkinson’s disease(See Supplementary Figure S65.A). CysDA is the S-conjugate ofdopamine and cysteine and its prior is mainly influenced by theliterature of both of these precursors, at 51% and 45% respectively.While dopamine is strongly related to the disease, cysteine is muchless mentioned in this context and the prior is consequently indeci-sive (priorLogOdds ≈ 0.1). In this case, only the observed literatureof CysDA can reduce the uncertainty by updating the prior distri-bution. In FORUM, 11 articles out of 33 mention CysDA and Parkin-son’s disease, which has an important impact on the weights inthe posterior mixture in favour of dopamine, which then becomesthe dominant contributor (See Supplementary Figure S65.B). In-deed, the posterior weights are proportional to the likelihood ofthe data according to the prior defined by each contributor. ForCysDA, observations clearly suggest that it should be frequentlymentioned with Parkinson’s disease, like dopamine, contrary towhat is suggested by cysteine. The prediction is highly signifi-
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cant (LogOdds = 50.7, Log2FC = 3.87) as the literature of CysDAis very indicative. However, we would have already suggested therelation if only 2 articles out of 33 had mentioned the disease (seeSupplementary Figure S6.C).It is noteworthy that even fewer co-mentions would have already shifted the balance of contributors infavour of dopamine and highlighted this relationship. The figureS5.C shows the contributor profiles is the case where only 2 articleshad mentioned the disease, which would have been sufficient tohighlight the relationship. This emphasize the sensibility of themethod which may suggest still poorly supported relations, butwhich are consistent with the metabolic neighbourhood’s litera-ture.Likewise, the literature linking 5-αA to PCOS is not sufficient inquantity to statistically show a relation. From an expert’s perspec-tive, only one qualitative article could be sufficient to justify a re-lation between a metabolite and a disease. But since the literatureand the topics related with metabolomics are broad, highlightingthese weakly supported relations could point to relevant paths ofinterpretation that may have been missed. The relation between5-αA and PCOS is supported by only one article but is highly co-herent in the metabolic neighbourhood, as androgen metabolismdysfunctions are central in this pathology [39]. As the contributorsare widely studied metabolites (androsterone, testosterone, ...) thatalso frequently mention the disease in their literature, the priorregarding the relationship is strong and strengthens the observa-tions. We also show that after removing the only supporting articleand computing the posterior distribution accordingly, the relationis still suggested but the LogOdds and Log2FC significantly drops.This illustrates the behaviour of the method, where the posteriordistribution proposes a compromise between the compound’s lit-erature and that of its contributors, giving more weight to thosethat are the most mentioned and for whom the observations arethe most consistent. The neighbourhood literature can also help todiscard suggestions that are supported by secondary or negligiblementions (See Supplementary S4.6S4.7).With FORUM’s data, relations are evaluated for both disease-specific MeSH and broader descriptors, representative of diseasefamilies such as Neurodegenerative Diseases (D019636). When thereis no consensus among contributors at the level of specific diseasesbut they all belong to the same category of disorders, it could allowto suggest more coarse-grained relations. Although this increasesthe redundancy of the results, it makes it easier to grasp the overallbiomedical context of some understudiedoverlooked metabolites.

Limitations

The most evident limitation of the proposed approach is that theassumption that the literature in the metabolic neighbourhood ofa metabolite provides relevant prior knowledge on its biomedicalcontext, is not always accurate. A short path of reactions can indeedhave a major impact on the metabolic activity of compounds, result-ing in separate biological pathways and invalidating the hypothesis.For instance, while dopamine is a derivative of tyrosine, the for-mer is a neurotransmitter and the latter a fundamental amino acid.Their biomedical literature therefore covers very different topics,and one would not provide a good a priori on the other. Nonethe-less, thanks to the transparency of the contributors’ profile, suchirrelevant contributions can be identified and the correspondingpredictions re-evaluated or discarded.Based solely on the metabolic network, we ignore the regulatorymechanisms of biological pathways and only focus on biochem-istry. We therefore assume that all paths of reactions are active andvalid when propagating the literature, which is not true and mayvary depending on physiological conditions. The predictions couldpotentially be improved by integrating a regulation layer, but thiswould add major complexity to the method and we choose to ignorethese constraints by proposing a more general approach. Although

reconstructions of the human metabolism like Human1 are con-stantly improving, they remain incomplete and some pathways (eg.lipids[40]) are simplified with missing or artificially created links,mainly for modelling purposes.With their overflowing literature, overstudied metabolites (aminoacids, cholesterol, etc.) can erase the contributions of other neigh-bours in the construction of a prior. This results in a strong priorwhich is only fuelled by the literature of one dominant contribu-tor, and in the case of a metabolite without literature, predictionswill therefore be solely based on it. We therefore provide diagnos-tic indicators like Entropy, CtbAvgDistance and CtbAvgCorporaSize(See Supplementary S1.3) to identify these unbalanced priors andflag these predictions. Finally, a part of the biomedical literature ofsome influential compounds may not be related to their metabolicactivity. For instance, ethanol is strongly related to bacterial infec-tions, not as a metabolite but because of its antiseptic properties,which may suggest out-of-context relations by spreading its liter-ature to neighbours. Although we kept it in our analysis for sakeof exhaustively Then, it could be beneficial to remove its literatureand that of metabolites with similar behaviours, for predictions ontheir close neighbours.To avoid arbitrary filtering, we left to theuser the choice to keep associations with such compounds afterreview.

Potential implications

Based on the literature extracted from the FORUM KG, we showedthe imbalance in the distribution of the literature related to metabo-lites. To overcome this bias, we proposed an approach in whichwe extend the guilt by association principle in the Bayesian frame-work. Basically, we use a mixture of the literature of the metabolicneighbourhood of a compound to build a prior distribution on theprobability that one of its articles would mention a particular dis-ease. The transparency of the contributor’s profile is essential andhelps diagnose and explain the predictions by indicating which andhow metabolic neighbours have contributed. More than 35,000 re-lations between metabolites and disease-related MeSH descriptorshave been extracted and are available on the FORUM ftp. Theserelations may help interpret metabolic signatures when no or littleinformation can be found in the literature or databases. In the up-coming release of the FORUM KG, these relations will be integratedas a peripheral graph to supplement the existing metabolite-diseaseassociations and create new paths of hypotheses. In this analysiswe restricted our predictions to diseases-related concept becausethe metabolic network, although suitable for propagating this typeof relationship, would be less reliable for propagating functional re-lations for instance. The process is also network dependent, whichmeans that using a different metabolic network (human or otherorganisms) could result in different suggestions. Nonetheless, theapproach could be extended to other entities (genes, proteins) andrelations, as long as the related literature is available and the neigh-bourhood of an individual can provide a meaningful prior. Finally,as the literature grows rapidly and metabolic networks becomemore comprehensive, we hope that this will also improve both thequantity and quality of the suggestions in the future.

Methods

Settings

The approach is metabolite-centric, considering all the availableliterature for each metabolite and its co-mentions with disease-related MeSH descriptors as input data. Note that each article fre-quently mentions numerous metabolites and therefore the liter-ature related to each metabolite, in terms of publications, is notexclusive to that chemical, but can be shared with others. We thus
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call a ’mention’ the fact that an article mentions a metabolite.ForMmetabolites in the metabolic network, we note ni the totalnumber of mentions of a metabolite i and then define N = ∑M
i=1 nias the total number of mentions in the network. Given a specificdisease-related MeSH descriptor, we also define yi as the numberof articles co-mentioning the metabolite i and the disease, with

m = ∑M
i=1 yi the total number of mentions involving that disease.Details on the extraction of literature data from the FORUM KG arepresented in Supplementary S1.2.For a metabolite k of interest, the random variable pk denotes theprobability that an article mentioning the metabolite k, also men-tions the disease. The aim of the method is to estimate the poste-rior distribution of pk, given a prior built from the literature of itsmetabolic neighbourhood. To assess the strength of their relation,

pk is then compared to the expected probability P = m
N that anymentions of a metabolite in the literature also involves the disease.As in the method summary, the scenario in Figure 1 will be used toillustrate the different steps.

Estimating the contributions of metabolic neighbours

Based on the assumption that the literature from the metabolicneighbourhood of a compound could provide a useful prior on itsbiomedical context, the first step is to propagate the neighbours’literature. A random walk with restart (RWR) algorithm (or Person-alized PageRank) is used to model a mention, sent by a metabolite
i, which moves randomly through the edges in the network andreaches another compound k. At each step, the mention has a prob-ability α, named the damping factor, of continuing the walk and(1 – α) of restarting from the metabolite i. The result is a prob-ability vector πi., indicating the probability that a mention sentby i reaches any metabolites k in the network, noted πi,k. The ex-pected number of mentions sent by i that reach the compound kare then πi,kni. However, in this model, a compound can receiveits own mentions (πk,k > 0) although only those derived from theneighbourhood should be used to build the prior, as the metabo-lite should not influence itself. A second bias is relative to the setof neighbours for which a metabolite is allowed to contribute totheir prior. Metabolites with very large corpora (Glucose, Trypto-phan, etc.) can propagate their literature to distant metabolites inthe network, even if their probability to reach them is low. In thecase of metabolites with a rarely mentioned direct neighbourhood,they can predominantly contribute to the prior, although they arenot metabolically relevant. This bias is accentuated by the highlyskewed distribution of the literature.To contribute to the prior of k, we therefore require that a metabo-lite i should have a probability of reaching k (without consideringthe walks that land on itself) greater than the probability of choos-ing k randomly. The set of metabolites k to which i is allowed tocontribute, namely the influence neighbourhood of i, noted Hi, istherefore defined as :

k ∈ Hi ∀k ̸= i, πi,k(1 – πi,i) > 1(n – 1) (1)
According to these probabilities, the quantity of literature sentby i that reaches k is noted ti,k such as:

ti,k =


πi,k∑
k′∈Hi

πi,k′ ni if k ∈ Hi.
0, otherwise. (2)

These aspects are illustrated in Figure 1.B: B propagates itsliterature to its neighbourhood but no mentions return to B, B isnot allowed to send mentions to Z (being too far) and A receives
tB,A mentions from B b does not share any mentions with itself, nor

with z, which does no bot belong to its influence neighbourhood inthis example. However, a receives tb,a mentions from b. Symmetri-cally, we defined Tk as the set of contributors of k, such that ti,k > 0.Each contributor i, has a weightwi,k in the prior of k, representingthe proportion of literature reaching k, that was sent by i:
wi,k = ti,k∑

i′∈Tk
ti′,k (3)

The weight vector for compound k is notedwk. In Figure 1.C,wb,a isthe weight of b in the prior of a and as a cannot contribute to itself,
wa,a = 0.
Mixing neighbouring literature to build a prior

The probability pi that an article mentioning a metabolite also men-tion a disease is modelled with a Beta distribution, flexible andsuitable for modelling proportions[41]. We assume that apriori, anymetabolites and diseases are independent concepts in the litera-ture, so that mention of the former does not affect the probabilityof mentioning the latter and E[pi] = P. Under this assumption, forany contributor i, the prior distribution of pi is modelled as a Betadistribution parameterized by mean (µ = P) and sample size (ν):

yi|ni, pi ∼ Bin(ni, pi) (4a)

pi ∼ Beta(α(0),β(0)) (4b)

α(0) = µν, β(0) = (1 – µ)ν with µ = P (4c)
The sample size ν is a hyperparameter and controls the vari-

ance, the higher ν, the lower the variance: Var[pi] = µ(1–µ)1+ν . Moreintuitively, ν can be seen as the number of pseudo-observationsthat support this prior belief. Since µ = P, a relationship wouldnot be suggested a priori and the higher ν, the more each con-tributor i would have to bring new evidences (ni) to change thisprior belief[42]. As the Beta distribution is a conjugate prior of theBinomial distribution, the posterior distribution of pi can also beexpressed as a Beta distribution:
pi|yi, ni ∼ Beta(α(1)

i ,β(1)
i ) (5a)

α(1)
i = α(0) + yi and β(1)

i = β(0) + (ni – yi) (5b)
For overlooked neighbours which might bring unreliable contribu-tions, the posterior distribution of pi acts as a shrinkage procedure,by adjusting the probability distribution toward the overall prob-ability P of mentioning the disease. This is illustrated in Figure1.D: the contributor f has only 2 annotated publications, with onementioning the disease. While the raw estimated probability that fmentions the disease clearly seems overestimated due to its smallamount of available literaturenumber of annotated articles, the pos-terior distribution of pf is more reliable.
As illustrated in Figure 1.E, the prior distribution of pk, alsonoted fprior, is then defined as a mixture of the distributions
Beta(α(1)

i ,β(1)
i ) of each contributor, weighted bywi,k:

yk|nk, pk ∼ Bin(nk, pk) (6a)

pk ∼
∑
i∈Tk

wi,kBeta(α(1)
i ,β(1)

i ) (6b)
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In summary, the parameters α and ν respectively control the av-erage distance to which a metabolite is allowed to contribute tothe prior of its neighbours, and the strength of the initial prior inthe shrinkage procedure. The impact of these parameters on theconstructed prior and predictions is discussed in SupplementaryS4.1S4.3. In the analyses presented in sections Suggesting relations
withdiseases foroverlookedmetabolites andCasestudy, we setα = 0.4and ν = 1000.

Updating prior and selecting novel associations

For the compound k, the final posterior mixture distribution of pk,also noted fpost (Cf. Figure 1.F), is thus expressed as a mixture ofthe updated posterior distributions of each contributor, reweightedaccording to the observed data (nk and yk):
pk|yk, nk ∼

∑
i∈Tk

Wi,kBeta(α(2)
i ,β(2)

i ) (7a)

Wi,k = wi,kCi,k∑
i′∈Tk

wi′,kCi′,k (7b)

with Ci,k = (nk
yk

)B(α(2)
i ,β(2)

i )
B(α(1)

i ,β(1)
i ) , α(2)

i = α(1)
i + yk (7c)

and β(2)
i = β(1)

i + (nk – yk) (7d)
Ci,k represents the probability of observing the data (yk,nk) ofthe metabolite k, where pk is drawn from the Beta distribution of

the contributor i (Beta(α(1)
i ,β(1)

i )), as in a Beta-binomial model.Therefore, the posterior weights in the mixture (Wi,k) correspondto the initial weights (wi,k), reweighted according to the likelihoodof the observations from the perspective of the contributor i.From the mixture distribution, we evaluate the probability that
pk ≤ P, or the posterior error that an article mentioning themetabolite k, would mention the disease more frequently thanexpected, noted CDF. We set q = 1 – CDF and then use the log oddsof q, such as LogOdds = log( q1–q ). Therefore, if LogOdds > 0, it is
more likely that the metabolite k is related to the MeSH than it
is not, and vice-verca. Also, we defined Log2FC = log2( E[fpost]

P ).As LogOdds can lead to infinite values (if CDF wasn’t preciselycomputed and approximated to 0), the Log2FC can in turn providea useful estimator to rank the relations. In turn, Log2FC , beingproportional to the mean E[fpost], is much more sensitive to outliercontributors than LogOdds[43]. When evaluating predictions,
LogOdds should be considered as a measure of significance and
Log2FC as a measure of effect size. Finally, LogOdds and Log2FC canalso be computed independently for each contributor i using their
associated component in the prior (Beta(α(1)

i ,β(1)
i )) and posterior

mixture (Beta(α(2)
i ,β(2)

i )).

Different scenarios

For metabolites mentioned in few articles and with literature avail-able in the neighbourhood (2), the behaviour of the method is ex-actly as described above. When the compound khas no annotated ar-ticles (1), only the distribution fprior is used to compute LogOdds and
Log2FC. In summary, for metabolites without literature, LogOddsand Log2FC are derived from fprior, while for metabolites with liter-ature, they are obtained from fpost. For the latter, priorLogOdds and

priorLog2FC are computed from the prior distribution fprior and aimto represent the belief of the metabolic neighbourhood, without theinfluence of the compound’s literature.There may be no literature available in the neighbourhood of somemetabolites. In this case, the prior distribution is simply de-fined by Beta(α(0),β(0)) and then the posterior distribution is
Beta(α(1)

k ,β(1)
k ). In the worst-case, where no literature is avail-able for the metabolite and its neighbourhood, the basic distri-bution Beta(α(0),β(0)) is used, but predictions are automaticallydiscarded.Since the construction of the prior from the neighbourhood’s litera-ture is critical in the proposed method, several diagnostic values arealso reported to judge its consistency. Those additional indicatorsare detailed in Supplementary S1.3.

Availability of source code and requirements (op-
tional, if code is present)

• Project name: Forum-LiteraturePropagation• Project home page: https://github.com/eMetaboHUB/
Forum-LiteraturePropagation• Operating system(s): Platform independent• Programming language: Python, bash script• Other requirements: Python 3.7, Pip, Conda• License: CeCILL 2.1

Availability of supporting data andmaterials

The data set(s) supporting the results of this article is(are)available in the https://github.com/eMetaboHUB/Forum-LiteraturePropagation repository.
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Response to Reviewers

Reviewer #1:
Manuscript Number: GIGA-D-23-00014, entitled, " Suggesting disease associations for
overlooked metabolites using literature from metabolic neighbours", and submitted to the
journal: GigaScience, applied 'guilt by association' principle to literature information for
"understudied metabolites" by using a Bayesian framework. It is an interesting manuscript,
an active area of research and would have an interest in the metabolomics research
community. However, this reviewer would like to help improve the manuscript and scope of
the work with the following suggestions:

1.1 A list/ DB of all such "overlooked metabolites" and their chemical class
distribution/ ChemRICH sort of enrichment would help the readers capture the correct
information.

The authors thank the reviewer for bringing this suggestion. The complete list of overlooked
metabolites (2113 species) have been added on the GitHub repository and in the FTP
server. Since overlooked metabolites can have limited annotations in standard chemical
ontologies such as Chebi or MeSH, we decided to use ClassyFire. ClassyFire provides an
automatic hierarchical classification of molecules based on structural descriptors such as
inchiKey identifiers. We managed to obtain an InchiKey for 1180 (approximately 56%) out of
the total 2113 metabolites considered as overlooked in the metabolic network using their
annotation in MetaNetX. Subsequently, we analyzed the distribution of the superclass to
which these metabolites are classified by ClassyFire. SuperClasses are generic categories
of compounds that we can use to get an estimation of the composition of chemical families in
the set of overlooked metabolites for this metabolic network. From this sample, it can be
estimated that the majority of metabolites considered as overlooked in this metabolic
network are actually "Lipids and lipid-like molecules" (e.g: Fatty Acyls, Sphingolipids, etc.), a
class with a strong compositional complexity. However, this observation is based on a limited
sampling of metabolites within a specific metabolic network. As a result, this subset is
unlikely to be representative and while it could give some insights, we argue that it could



lead to misleading interpretations and decided to not add this directly in the article.

F1: Distribution of the chemical superclass obtained with ClassyFire for the 1180 overlooked
metabolites with an available structural representation (InchiKey) in the metabolic network.

1.2 How did/ would the tool perform with "very well known metabolites" for
example say, phenylalanine or proline or citric acid ?

We thank the reviewer for this interesting remark. The behaviour of the method for “very well
known metabolites”, as opposed to overlooked metabolites, is quite straightforward in the
Bayesian settings. The impact of the prior on the predictions will vanish as the literature of
the targeted compound increases. The LogOdds estimator then tends to infinity, while
Log2FC tends to its exact value when estimated only from the literature of the compound.
For instance, among the 278,277 articles discussing the glucose in FORUM, 24.839
co-mentioned the Diabetes type 2 MeSH descriptor. The prior and posterior distributions
obtained for this relationship are presented below. The posterior distribution is solely driven
by the literature of the glucose which, being much larger than that of its contributors,
completely erases the information brought by the prior. The distributions of the contributors
in the posterior mixture are therefore centred around the co-mention frequency of the
glucose and Diabetes type 2 (≈ 0.089). Thus, although the proposed approach can be
applied to these well-known metabolites, the predictions are insensitive to the built prior
which is nevertheless at the core of this method. In this case, the relationships would be as
well evaluated with a classic over-representation analysis.



F2: Prior (blue) and posterior (red) distributions for the relation between Glucose and
Diabetes type 2.

In addition to the aforementioned extreme example, a similar phenomenon can be observed
through an example proposed by the reviewer: Phenylalanine (specie id M_m02724c) and
the MeSH descriptor Phenylketonurias or PKU (D010661). PKU represents a group of
disorders caused by a deficiency in the production of phenylalanine hydroxylase, and for
which the dosage of phenylalanine is the standard diagnostic method. Again, the posterior
distribution eliminates any information from the prior and is centred around 0.0107, which is
the expected probability that an article mentioning phenylalanine also mentions the disease.
Indeed, out of the 28.507 articles mentioning Phenylalanine, 3.045 are annotated with the
MeSH term PKU.

F3: Prior (blue) and posterior (red) distributions for the relation between Phenylalanine and
Phenylketonurias (PKU).



1.3 How does one check for "literature / reporting biases" for the highly reported
vs lowly reported metabolites in the manuscripts ?

From our understanding, hoping we interpret correctly reviewer comment, this check would
be related to the retrieval of metabolites’ mentioning articles. We hope that the following
information can answer your question:
There are several ways one can access the literature of metabolites described in this
manuscript. First, all the data are publicly available in the git repository
https://github.com/eMetaboHUB/Forum-LiteraturePropagation where
uncompress_species_pmids_Human1_1.7.csv contains the number of annotated articles for
each of the 2704 species in the pruned version of Human1 metabolic network. If one desires
to recover the list of PubMed identifiers behind these frequency values, the FORUM KG
(https://forum-webapp.semantic-metabolomics.fr) is the most direct way of recovering the
original set of articles mentioning a metabolite. However, as this extraction requires querying
the SPARQL endpoint, which we acknowledge is difficult for non-familiar users, we would
recommend accessing it individually for each compound from their PubChem page or
directly on PubMed.

1.4 Does this approach distinguish for targeted vs untargeted metabolomics paper
based hits ?

We thank the reviewer for this interesting remark. Although we could increase the
confidence of hits from targeted analyses compared to untargeted using some weighting
policies (or using Metabolomics Standard Initiative classification for metabolite identification),
the main challenge would lie in accurately extracting this information. In fact, articles related
to metabolomics analyses are not yet indexed in PubMed with a precise MeSH term to
distinguish the two types of approaches. Determining this from the title or abstract would
also require building a classification model for which training data are not available. More
generally, proposing a different weighting for the contribution of each article according to
different factors (type of analysis, date, etc.), so that they are not all considered equivalently,
is indeed an interesting perspective for future works.

1.5 "Overlooked metabolites" need to be defined well, upfront for clarity.

We are grateful to the reviewer for pointing out this lack of clarity. We propose to modify the
end of the first paragraph of the Method section: “In this study we define a set of overlooked
compounds as compounds with less than 100 retrieved mentioning article, which correspond
to orders of magnitude below 4,799, the mean number of retrieved articles per compound
(when any), and is close to the median number of articles, 172. It is worth mentioning that
such threshold serves solely as a prioritization criterion, since the method applicability is not
restricted to a given range of mentioning corpus sizes (although its relevance is less obvious
when a sufficient corpus is already available).”

https://github.com/eMetaboHUB/Forum-LiteraturePropagation
https://forum-webapp.semantic-metabolomics.fr


1.6 large fraction of metabolites are rarely or never mentioned in the literature:
What is a good estimate from the authors? A numerical value would be informative
here.

While our results from the metabolic network clearly suggest that a large fraction of
metabolites are overlooked, we argue that this information, although reflecting a reality in the
field, cannot be used to propose a reliable estimate. This estimator would be biased by
various factors and in the first place, the lack of external identifiers (e.g. CID) that connect to
the literature. Additionally, the purpose of the metabolic network is not to provide an
exhaustive map of the metabolism and some parts (e.g lipid metabolism are often reduced to
generic classes). Nonetheless, our estimate based on the whole PubChem database seems
more reliable and we decide to put the emphasis on it in the abstract to provide a numerical
value. We therefore reworked the abstract by adding the following sentence: “However, we
show that the vast majority of compounds (> 99\%) in the PubChem database lack
annotated literature. This dearth of available information can have a direct impact on the
interpretation of metabolic signatures, which is often restricted to a subset of significant
metabolites}.”

1.7 Too many terms used does not help: overlooked metabolites vs. understudied
metabolites and so on. Please use a singular term for consistency.

We thank the reviewer for helping us improve the readability of the manuscript. We replaced
every mention of “understudied” with “overlooked”.

1.8 Method and data description section is too wordy, need to be shortened and
need to use mathematical expressions whenever applicable.

We appreciate the feedback regarding the "Method and data description" section of our
article and we acknowledge that this section may be too wordy and lacking in mathematical
expressions. We made some improvements and tried as much as possible to reduce the
size of this section.
We made this choice given the potential readership of the work. We anticipate that some
readers wishing to use the provided associations to interpret their results, may not have a
strong mathematical background. Therefore, while the use of mathematical expressions
would shorten the section, it could also be a barrier to its understanding and discourage
some readers. We have strived to make our methodology as accessible as possible by
providing two descriptions, which we believe will complement each other. Our primary focus
in the "Method and Data description" section is to provide an intuitive and concise overview
of the main steps of our approach, avoiding the use of mathematical expressions.
Simple expressions have been added to this section according to the various reviewers'
comments in order to remove potential ambiguities. In addition, a complete description with
all the mathematical details is provided at the end of the manuscript in the method section
for the interested readers.



Reviewer #2:
Overall Notes
This work is innovative and will provide an important contribution to the computational
metabolomics field. The experiments and methodology are well-designed and executed, and
the software is also well-documented. That being said, the structure and writing of the
manuscript needs to be reworked. There are several areas of the text where descriptions are
unclear, detailed below. Some of the text is also out of order, e.g. weights are shown in a
figure before they are defined, and TPR and FPR are reported without describing the
dataset. Finally, there are several Supplementary experiments that are never mentioned in
the main text. At least a brief description of these should be given in the main text and then
the Supplementary referenced.

2.1 Abstract

Some of the language used here is difficult to read or unclear. In particular:

2.1.1 I believe you mean to say that signatures… "have a strong added value", not
"are a strong-added value".

We corrected this in the manuscript.

2.1.2 "we extend the 'guilt by association' principle to literature information by using
a Bayesian framework". This is vague. Instead, briefly explain how you use a
Bayesian framework to determine guilt by association.

We reworked the abstract and specifically added the following sentence to briefly illustrate
the intuition behind the prior and the Bayesian framework in the context of the guilt by
association principle: “The underlying assumption is that the literature associated with the
metabolic neighbours of a compound can provide valuable insights, or an a priori, into its
biomedical context.”

2.1.3 "1,047 overlooked metabolites". Do you mean metabolites not in the literature?

Not exactly, we meant metabolites which are rarely mentioned in articles (< 100 annotated
articles), so they almost never mentioned in the literature. As this notion of “overlooked”
metabolites is key in this article, it has also been clarified in section “Method and data
description” according to the Reviewer 1 comments.



2.1.4 Your method uses knowledge about metabolic interactions/reactions to
generate the graph, but this is not mentioned at all in the abstract. The abstract
should explain that this knowledge is being used and describe how it is
complementary to the literature.

Following the previous comments and the addition of the underlying hypothesis in the
abstract, we also decided to add the following sentence to emphasize the role of the
metabolic network in defining the structure of the graph used to propagate information: “The
metabolic neighbourhood of a compound can be defined from a metabolic network and
correspond to metabolites to which it is connected through biochemical reactions.”

2.2 Background

2.2.1 it is irrelevant to mention exponential growth. This detracts from the main
point, which is the imbalanced knowledge distribution.

We removed this part of the sentence from the manuscript.

2.2.2 "This topic has received much attention for genes and proteins…" Can you
provide some citations?

The references related to this statement were provided in the next sentence (“Consequently,
[...] gene annotations in databases”). According to this reviewer comment, we decided to
move them upstream.

2.2.3 “has an impact on the quantity and quality of gene annotations in databases" -
in what way? Can you be more specific?

We wanted to highlight that the skewed distribution of the number of bibliographic references
across genes is also reflected in the distribution of functional annotations in databases, such
as Gene Ontology. See for instance between TP53 and ANKRD52. As it doesn’t bring much
more details for the rest of the article and could distract the reader, we decided to remove
this sentence.

2.2.4 The first sentence of the second paragraph can be removed.

This sentence has been removed according to the reviewer's suggestion.

2.2.5 You discuss the issue of inaccurate identification as being related to the
number of articles mentioning a compound. I feel that these are two separate issues.
The first is related to identification, and the second is related to discussion of
identified metabolites in the literature. The section regarding identification should be
removed.

This section has been removed according to the reviewer's suggestion.



2.2.6 "Guilt by association principle", not hypothesis.

This has been corrected.

2.2.7 "The method returns several predictors to evaluate whether a significant
proportion of the articles mentioning a metabolite would also mention a disease." Do
you mean to say that the predictors predict whether or not the metabolite is related to
the disease?

Indeed, by indicating whether a significant proportion of the articles mentioning a metabolite
would also mention a disease, these predictors are meant to highlight a potential relation.
We acknowledge that this could be expressed more explicitly in the background section,
leaving this interpretation for the methodology section. We reworked this sentence
accordingly.

2.2.8 You mention that you used FORUM Knowledge Graph to obtain your
metabolite-disease associations. What about the metabolic neighborhoods? You
should explain where these were obtained.

The metabolic neighbourhoods are defined from the Human 1 (v1.7) metabolic network,
which was also pruned from spurious connections using an atom-mapping procedure. While
we keep the details apart from the main text, we reworked the following sentence: “Metabolic
neighbourhoods were defined from the Human1 metabolic network and co-mention data
between metabolites and diseases were extracted from the FORUM Knowledge Graph
(KG)”.
The details of the pre-processing step on the metabolic network and its implication of the
results are detailed in Supplementary materials (S1.1, S4.5) and referenced in Method and
Data Description.

2.3 Method and Data Description

2.3.1 How do you define "rarely mentioned"? Is there a cutoff criteria used?

We thank the reviewer for this interesting remark, which has also been highlighted by the
other reviewers. We believe that the modifications applied to the first paragraph of the
method section should clarify what we meant by "overlooked" or "rarely" mentioned
metabolites, both conceptually and practically.

2.3.2 Does "amount of literature" mean number of articles?

Yes, we reformulated the formulation "amount of literature" everywhere in the article to bring
clarity, as suggested by this reviewer.



2.3.3 How is "far distant" defined? It seems that you mean to say that one
metabolite's influence on another decreases as the number of reactions separating
them increases. Is this correct?
We thank the reviewer for pointing out this lack of clarity. Indeed, we make the assumption
that the influence of a metabolite on another decreases as the number of reactions
separating them increases. In order to consider all the potential paths connecting two
metabolites in the network, we use the stationary probabilities from random walks starting
from the former and reaching the latter as a measure of this distance.
However, when we referred to “far distant” metabolites in the sentence: “We impose that a
metabolite can't influence its own prior or the prior of far distant metabolites.”, we
inaccurately referred to metabolites whose probability of being reached during the random
walk are below a predefined threshold. This concerns, for instance, metabolites that belong
to different regions of the metabolic network. This constraint prevents influential metabolites
(tryptophan, glucose, etc.) from sharing the articles mentioning them with metabolites that
are unlikely to be involved in the regulation of common metabolic pathways.

Since this detail is explained thoroughly with mathematical expressions in section
"Estimating the contributions of metabolic neighbours" in Method for interested readers and
is not crucial for the understanding of the approach as a whole, we have chosen to exclude it
from the method summary. The Figure 1 has also been updated accordingly.

2.3.4 Show Figure 1 as soon as it is mentioned. This goes for the other figures as
well.

Indeed, the initial position of the figure was not ideal to follow the corresponding method in
the main text, so we moved it one page closer.

2.3.5 You should explain more about the shrinkage procedure here. It isn't clear
what you mean.

We are thankful to the reviewer for helping us to make this paper more clearer, particularly
for the shrinkage step which is a key element in the presented approach. While the idea of
shrinkage is also used for penalized regression, in this manuscript we refer to its applications
in Bayesian settings. In this framework, the posterior mean distribution is shrunk towards the
prior mean (μ), resulting in a more reliable estimator than the maximum likelihood estimator
(MLE) for low sample sizes. This is illustrated in equations 5a and 5b when we show the
posterior distribution of pi. The parameterization of the prior beta distribution involves
determining μ, assuming that metabolites and diseases are independent concepts in the
literature, and setting the sample size (ν) as a hyperparameter to control the strength of the
prior.
We decided to modify the corresponding paragraph in the method summary section
according to the reviewer’s comments : “This results in a small sample size available to
estimate the probability that an article mentioning f also mention the disease, which may
lead to unreliable and spurious contributions. To address this, a shrinkage procedure is
applied to all contributors, assuming that a priori, mentioning a metabolite in an article does
not affect the probability of mentioning a particular disease. In Bayesian settings, a
shrinkage estimator integrates information from the prior to readjusted raw estimates,



reducing the effect of sampling variations (further details in section Mixing neighbouring
literature to build a prior in Methods).“
We also redirect the interested reader to the Method section for the mathematical details.

2.3.6 In Figure 1C, there appears to be a stack of papers in a pink box in both the
numerator and the denominator. What does this mean?

We thank the reviewer for pointing out this unclear illustration. This pink box represents the
number of papers shared by b that reached the target compound a. This quantity is noted
tb,a. In Figure 1.C, we illustrated the simple computation of the weight of b in the prior of a
(noted wb,a) as the fraction of articles that reached A (tb,a + tc,a + te,a + tf,a) that was send by b
(tb,a). To avoid any other ambiguities in this illustration, we explicitly annotate all the paper
box with their corresponding value (e.g; tc,a or wb,a) both in 1.B and 1.C.

2.3.7 "Then, we build the prior distribution for A, by mixing the probability
distributions of each contributor (see Figure 1.E) according to their weights estimated
in the previous step (Figure 1.C)". This is the first time you mention weights. You need
to describe what the weights correspond to and how they are calculated first.

We apologize for adding this ambiguity. We reworked this section, both at the first mention of
the weights and in the highlighted sentence. We also added a more explicit mention of the
weights associated with the contributors using simple mathematical expressions: “We refer
to b, c, e and f as the contributors to the prior of a. Each contributor has a weight w in the
prior of a (e.g wb,a) proportional to its contribution.” We also add a reminder in the following
sentence: “Then the prior distribution of a is built as a mixture of the probability distributions
of individual contributors (b, c, e and f) as illustrated in Figure 1.E. Recall that the weight of
each contributor in the mixture is (w.,a), as estimated in the previous step (see Figure 1.C).”

2.3.8 "Then, we build the prior distribution for A, by mixing the probability
distributions of each contributor (see Figure 1.E) according to their weights estimated
in the previous step (Figure 1.C)". This sentence is unclear. Please revise.

We reformulate this sentence according to the previous comment. Please, see the previous
answer.

2.3.9 "Finally, several diagnostic values such as Entropy allow to assess the
composition of the built prior (See Supplementary S1.3)". Either name all of the
diagnostic values here or move Entropy to the supplementary and out of the main
text.

As suggested by the reviewer, we removed the mention of Entropy in this sentence.



2.3.10 "Entropy evaluates the good balance of contributions in the prior. The more
metabolites contribute to the mixture and the more their weights are uniformly
distributed, the higher the entropy." This is not a clear explanation. Please explain
mathematically what entropy is and what it represents here.

According to the last two comments of this reviewer, we reworked this paragraph. We
decided to focus more on the applications and purposes of these diagnostic indicators rather
than their formal definitions, which we decided to keep for the supplementary materials for
the interested readers. We therefore replace the sentence relative to Entropy to a broader
description of the purposes of the diagnostic indicators: “Finally, given its primary role in
driving predictions, assessing the composition of the constructed prior is crucial. Essentially,
the more contributors to the prior, close to the target compound, with balanced weights, the
better it captures the neighbourhood literature and increases the confidence in predictions.
To aid in this evaluation, a set of diagnostic indicators is presented in Supplementary S1.3“.

However, as Entropy is the only diagnostic indicator used in the main text (for filtering the
predictions), we also added a more formal definition directly where it is mentioned in section
“Suggesting relations with diseases for overlooked metabolites”. See comment 2.6.3.

2.4 Analyses: Unbalanced distribution of the literature related to
chemical compounds

2.4.1 At the end of the first paragraph, it should be "is cumulatively less than the
literature associated with glucose…"

This has been added to the manuscript.

2.4.2 Can metabolites without a CID be found in the metabolic network? If not, then
you should not discuss those metabolites with an unannotated CID.

With the exception of the pruning process carried out during the construction of the carbon
skeleton graph and described in S1.1, no metabolites were excluded because of a lack of
annotations. All metabolites without an annotated CID are conserved in the metabolic
network.



2.5 Analyses: Evaluation of the prior computation

2.5.1 "and is set to α = 0 for the direct neighbourhood and α = 0.4 for a larger one".
Are these the only two values you consider? If so, why? How large is "larger"? This
should also go in the methods section.

We thank the reviewer for pointing out this lack of clarity. An extensive analysis was actually
performed on the impact of the both parameters ɑ and ν on the performances and the
composition of the prior in S4.3 Damping factor α and theoretical sample size ν: benchmark.
We evaluated values for ɑ in the set: [0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 0.99] and for
ν in the set [1, 10, 100, 1000, 10000, 100000 , 1000000]. From the performed analyses, we
found that ɑ=0.4 and ν=1000 appears to be reasonable setting, both in terms of composition
of the built prior and balance between sensibility and precision. Finally, we also argued that
there are no global optimal settings and recommend 0 ɑ 0.7 and 1 ν 10000. We≤ ≤ ≤ ≤
reworked this paragraph to point to these details in the supplementary materials when
referring to the chosen values of ɑ: “We therefore focused on two specific settings: ɑ=0,
where solely the direct neighbours contribute to the prior, and ɑ=0.4, where contributions
between direct or indirect neighbours are relatively balanced. The impact of the parameter ɑ
on the construction of the prior and the Precision-Recall tradeoff was extensively evaluated
in Supplementary Material S4.3.”

2.5.2 "All tested approaches outperform Baseline-Freq, showing the benefit of
examining the neighbouring literature." This experiment needs to be explained in the
main text. How did you define TPR and FPR?

Indeed, the evaluation results with the ROC curves were not explicitly presented in the main
text and we decided to rework this paragraph to add “The evaluation results on the validation
dataset for all described approaches are presented in Figure 3.”. We also add a description
of TPR and FPR in the legend of Figure 3: “A true positive represents an association
between a compound and a MeSH term which is both retrieved from the compound's
mentioning corpus using Fisher Exact Test, and using methods in which no knowledge of
such corpus is available. A false positive is only retrieved from the latter.”

2.6 Analyses: Suggesting relations with diseases for overlooked
metabolites

2.6.1 "However, by re-evaluating these predictions using a right-tailed Fisher exact
Test (BH correction and selecting those with q.value <= 0.05), we found that ≈ 50% of
them (925) would not have been found significant". Can you please explain this
experiment further?

We thank the reviewer for pointing out this lack of clarity. With this analysis we wanted to
emphasize the proportion of associations that would not have been highlighted by a
standard approach, thus without considering the neighbourhood information. The right-tailed
fisher exact test is a standard and robust approach for over-representation analysis of
associations in the literature that we already applied at large scale in the first version of
FORUM. We therefore used this same workflow to test all associations between metabolites



and diseases based on their co-mention frequency from the literature available in the
metabolic network. We reformulate this paragraph and directly refer to the analysis done in
the FORUM article: “However, by re-evaluating them using the same workflow as in FORUM
[FORUM 2021] (a standard over-representation analysis (ORA) using right-tailed Fisher
exact Test, BH correction and threshold on q.value <= 0.05), we found that ~50% (925) of
these associations would not have been highlighted.”

2.6.2 "These relations are still weakly supported, nevertheless, our method showed
that they are consistent with the neighbourhood." What does this mean?

We apologize for this lack of clarity. Despite these relationships being supported by only a
few articles, the proposed approach showed that these are consistent with the literature of
metabolic neighbours. These limited mentions could therefore be significant and deserve
consideration. By using a standard ORA for comparison purposes, we also wanted to
emphasize that the current volume of articles supporting a relation in the literature may
simply not be sufficient (quantitatively) to effectively highlight it with this type of approach.
We reworked the sentence as follows: “While only a few articles support these relationships
and half of them were discarded by a standard ORA, the method showed their consistency
with the literature of metabolic neighbours”.

2.6.3 Why do you want high entropy in Table 1? This isn't clear if the reader doesn't
know what entropy refers to here.

As we removed the definition of Entropy in the method summary (see comment 2.3.9 and
2.3.10), we reworked this paragraph and added both an introduction oriented on the
application of this indicator and a definition that we hope clearer. We replaced the paragraph
“We also retained predictions based on well-balanced contributions from the neighbourhood
by filtering on the diagnostic indicator Entropy > 1 (See details in Method and Supplementary
S1.3).”, by: “Predictions for which the prior was biased toward one dominant contributor and
thus failed to capture the neighbourhood literature, were excluded by filtering on the
diagnostic indicator Entropy > 1. Entropy is the Shanon entropy computed on the
contributors weights in the prior: the more contributors with balanced weights, the higher the
entropy. (See details in Method and Supplementary S1.3).” We again direct the reader to the
Supplementary materials.

2.7 Limitations

2.7.1 "Although we kept it in our analysis for sake of exhaustively…" It is not clear
what this means.

We apologize for the lack of clarity. We wanted to emphasize that despite influential
compounds like ethanol could provide out-of-context relations, we did not apply a filter to try
to exclude them. We reworked this sentence: “To avoid arbitrary filtering, we left to the
user the choice to keep associations with such compounds after review”.



2.7.2 Methods Your equations are not numbered correctly. Your equation (1) should
be equation (2). It looks like you have 14 equations total, but only one is numbered.

All the equations have been numbered in the new version of the manuscript.

2.7.3 Settings

2.7.3.1 How did you choose the cutoff in equation (1)?

As the probability to be reached by a random walk depends on the shortest distances within
a network, we define a threshold that scales with the size of the network. We set the
threshold to 1/(n - 1), which is the probability that a metabolite would be randomly chosen
among all potentially reachable metabolites. It is important to note that this threshold is a
default value and can be changed when calling the script to compute the associations
(option -q: The tolerance threshold).

2.7.3.2 "These aspects are illustrated in Figure 1.B: B…" This entire paragraph
should be moved up to the Method and Data Description section.

The paragraph has been reworked and an equivalent description is provided in section
“Methods and Data description”. Nevertheless, we believe that even in this more technical
description of the method, providing a link with the illustration in Figure 1.B may help to
capture the behaviour of the method.

2.8 Mixing neighbouring literature to build a prior

2.8.1 Explain what the Beta distribution parameters mean in the context of this study
in detail and why you chose a Beta distribution.

Being defined in the interval [0,1], the Beta distribution is a suitable model for modelling
proportion, which is precisely what we want to estimate: the proportion (or probability) of
articles mentioning a metabolite, that also mention a disease. Secondly, the beta distribution
is the conjugate prior of the Binomial distribution, modelling the number of observed
successes in a sequence of n trials, which is also the type of data that we have: among ni
articles mentioning a metabolite, yi (successes) mention a disease. From this, the
Beta-binomial model appears as a suitable framework for the purpose of this work.

When building the prior, the essential assumption is that a priori a metabolite and a disease
are independent concepts in the literature. For all metabolites in the network, we start by
modelling their prior probability of mentioning the disease with a Beta distribution
parameterized under this hypothesis: the average probability equals the overall probability P
of mentioning the disease in an article. The Beta distribution is therefore parameterized by
mean μ and sample size ν, which determine the values of the two shape parameters ɑ and
β. μ being fixed to P, ν is actually the only hyperparameter setting the initial prior. Also, since
μ is set to P, this default prior would not suggest a relation using LogOdds or Log2FC.
Additionally, ν is related to the amount of evidences in the literature needed to change this
prior belief. Thus, one should not directly interpret the values of ɑ and β, as the real fixed



parameters are μ and ν. More explanations have been added to the method section
regarding the Beta distribution and the implication of the parameters.

2.9 Updating prior and selecting novel associations

2.9.1 "In turn, Log2FC is much more sensitive to outlier contributors than LogOdds".
Please provide a citation for this.

This is a common problem with outliers when an estimator is based on a mean, we reworded
this sentence to highlight this and provided a reference for this statement in the manuscript.

2.10 References

2.10.1 Check the formatting for #27. It is overlapping the text in the right-hand
column.

This has been fixed.

2.10.2 If you're going to discuss the Pareto Principle (28), try to find a review article
that describes this principle rather than referencing a textbook.

This reference comes from a collection of commissioned introductory review articles and is
highly cited; we believe it is appropriate in this context, and sufficient to grasp the concept
needed to understand this section.

2.11 Supplementary Material

2.11.1 S1.3 Diagnostic Values

Here, it is clear what you mean by Entropy and why you want the value to be high
rather than low. This should go in the main text. However, it is concerning that the
meaning of the entropy cutoff changes with respect to the number of contributors.
Consider using a weighted metric that has the same meaning regardless of the
number of contributors.

We apologize for any confusion caused by the provided numerical examples. The meaning
of Entropy remains the same regardless of the number of contributors. By considering a
weighted metric that is normalized by the number of contributors, the reviewer may be
referring to normalized entropy, also known as Efficiency, which is the observed Entropy
divided by the maximal entropy (log2(N)).
However, imposing a fixed proportion of maximum entropy regardless of the number of
contributors is not reasonable. For example, reaching 50% of the maximal entropy is easier
when there are 5 contributors than when there are 50. Therefore, our choice aims to
maintain a balanced distribution of contributors, becoming more flexible as the number of
contributors increases. To address this, we set the threshold for Entropy at 1. This means
that when there are only 2 contributors, the maximum entropy is required, and as the
number of contributors increases, we progressively relax this constraint on a logarithmic



scale. For example, with 5 contributors 50% of the maximum entropy is required, for 10
contributors 30%, for 30 contributors 20%, for 100 contributors 15%, etc. We reformulated
the corresponding paragraph in the supplementary materials. Finally, the selected threshold
is a recommendation for the specific analysis we conducted where we aimed for stringency
and users are free to set their own threshold according to their needs.

2.11.2 S2. Supplementary Tables

Why are your LogOdds values infinite? If this is an issue with taking the log of 0, then
you should set a cutoff such that the values do not go to infinity.

The posterior error that an article mentioning the metabolite k, would mention the disease
more frequently than expected is noted CDF and corresponds to P(pk < P). As CDF tends to
0 for strong relationships, logOdds will logically tend to infinity. This is a float approximation
issue that is also commonly encountered when dealing with p-values. In the same way, it
seems inefficient to distinguish highly significant relationships based on their logOdds, and
we rely instead on the Log2FC as an effect size to rank these relationships. Defining an
arbitrary and precise cutoff for LogOdds values also seems difficult and would depend on the
user’s appreciation of “highly significant” relations. Thus, we argue that replacing infinite
values for LogOdds using an arbitrary and constant cutoff would not benefit the ranking that
is already performed with Log2FC in these cases.

2.11.3 S3. Supplementary Figures

2.11.3.1 Figure S3 is low-resolution and difficult to read. Please include a
higher-resolution version of this figure.

The figure has been updated in high-resolution.

2.11.3.2 The figures don't seem to match up with their references in the main
text.

Mismatches between figures and references in the main text have been checked and
corrected if needed.

2.11.3.3 All supplementary figures should be here (including S1 and all figures
after S3).

We acknowledge the reviewer's suggestion to consolidate all the supplementary figures into
a single section for better organization. However, almost all the supplementary figures
(exception to Figures S2, S3, S4, S5) illustrate complementary analyses to evaluate the
performances and behaviour of the method. Then, we believe that it would be beneficial to
keep the majority of the supplementary figures within the flow of the different analyses. We
recognize that this may come at the cost of better segmentation, but we feel it is necessary
to facilitate the reader's reading and comprehension.



2.11.3.4 It is not clear what Figure S4C refers to in the main text. (now
Supplementary Figure 5.C)

We apologize for this lack of clarity. The supplementary figure 5.C refers to the profile of the
contributors when only 2 articles out of 33 would have mentioned the disease, which would
have been sufficient to suggest this relationship with the proposed approach. We reformulate
with the following sentences: “It is noteworthy that even fewer co-mentions would have
already shifted the balance of contributors in favour of dopamine and highlighted this
relationship. The figure S5.C shows the contributor profiles is the case where only 2 articles
had mentioned the disease, which would have been sufficient to highlight the relationship.”
We also added more details in the legend of the Figure.

2.11.4 S4.1 Damping factor α and theoretical sample size ν: benchmark. The
validation dataset needs to be described before the results are presented. At this
point, the reader has no idea what the validation set is.

Indeed, we thank the reviewer and moved this section on top of the supplementary
materials.

2.11.5 S4.3 Evaluation using simulated overlooked metabolites

2.11.5.1 These results should be highlighted in the main text.

The sentence highlighting these results in the main text have been reworked: “To evaluate
the performances of predictions based on the posterior distribution and the behaviour of the
method on challenging cases, a supplementary analysis was conducted using simulated
overlooked metabolites in Supplementary S4.4”. While the purpose of these analyses is to
provide a more comprehensive evaluation of the proposed approach, we consider them to
be secondary. Consequently, we prefer to redirect the interested readers to these sections
for further information without elaborating on these observations in the body of the article.

☐ 2.11.5.2 "Focusing on overlooked metabolites, the most challenging scenarios
are those where positive examples apparently show no co-mentions, and conversely,
when co-mentions (e.g. anecdotal) wrongly support negative examples." Please
highlight how you determined positive examples, negative examples, and
co-mentions here.

We thank the reviewer for pointing out this lack of clarity. The purpose of this analysis is to
evaluate the performances of the approach on what we call “Hard cases”, which correspond
to a subset of the simulated data in S4.4. Similarly to S4.1, positive examples are pairs of
metabolites and disease-related MeSH extracted from the FORUM KG (q-value ≤ 1e − 6
with BH correction and no weakness), while negative examples are created by random
combinations. For the purpose of simulating overlooked metabolites' data, the number of
co-mentions (number of articles mentioning the both and supporting the relation) were
randomly generated from a binomial distribution. We reworked the section S4.4 to clarify
these potential ambiguities.



2.11.6 S4.4 Impact of the carbon skeleton graph on the predictions This should also
be discussed in the main text.

We reworked the related paragraph in the main text to better highlight these results. Like the
analysis on neglected metabolites, we consider this one as secondary and do not wish to
detail the results in the main text.



Reviewer #3:
The authors present a tool (FORUM Literature Propagation) which is designed to help users
query disease information relevant to a given metabolite by also querying a metabolic
neighbors. This is accomplished by using a predefined network of metabolism (Human1) and
querying PubChem for compound details and PubMed for articles containing disease and
metabolite information. The authors have created a tool that is useful in finding potential
associations of disease to metabolite, even when no articles have been published related to
the specific metabolite in question This appears to be a useful tool for hypothesis generation,
but should be used with caution as the results are inferred associations that may be skewed
by regulatory mechanisms, the presence of highly studied metabolites, and highly
'promiscuous' metabolites which interact in a number of different pathways.

This review will focus primarily on the usability of the tool and the communication of that
within the text. Summarily I find this to be a well written manuscript that does a good job of
outlining the problem/need and appears to offer a solution. I do have some suggestions for
clarifying the manuscript:

3.1 In the first paragraph of Method and Data Description the authors define a
'metabolic neighborhood' as "compound consists of the metabolites that can be
reached through a sequence of biochemical reactions." Authors go on to reference
the tools used to build and constrain the model. It would be additive to add some brief
description to what was done prior, in addition to the more through explanation in
supplemental information.

We thank the reviewer for helping us improve the clarity of the manuscript. We decided to
add the following sentence in the corresponding section to better describe what is done with
the atom-mapping procedure: “This results in a compound graph, built by linking two
compounds when they share at least one carbon and have a substrate-product relationship
in at least one reaction.”.

3.2 Continuing the above point this manuscript would be aided by a workflow
diagram clearly illustrating the order of operations including key elements such as:
user input, local database searching (Human1?), and PubMed/PubChem searching,
result aggregation.

We thank the reviewer for this idea. Following this suggestion we added such a diagram.
However, since the workflow encompasses various components, such as the extraction of
FORUM associations and the conversion of the metabolic network into RDF, which are not
the primary focus of our article, we have chosen to include the workflow diagram in the
supplementary materials.



3.3 Figure 1 aids the reader to visualize FORUMs literature query process.
However, it is a very dense figure that is difficult to extrapolate meaning from without
carefully reading the Method and Data Description section. Ideally, this figure would
be able to be understood by looking at the figure and its caption (current caption only
details Blocks A and B). + Having blocks A-F and metabolites named A-F is also
confusing, consider changing metabolites to numbers or Greek letters

We are thankful to the reviewer for pointing this out. We changed the figure annotation in
order to make it more self-explaining. We decided to keep the capital letters for Figures’ sub
captions and renames the metabolites in lowercase. Some other details were also added to
the figure according to different reviewers’ comments.

3.4 What database is being used to define the metabolic network (pathways) and
what identifiers are used to search those pathways for metabolic neighbors? Is this
the pruned Human1 metabolic network and CIDs? More clarity here, would also be
addressed by adding the workflow diagram suggested previously.

The metabolic network comes from a conversion of the Human1 SBML into RDF, and its
content can be accessed from its own species identifiers or any referenced external identifier
(CID, Chebi…) using the closeMatch property in SPARQL query. We added the workflow
diagram to make this clearer, and, in addition to the data structure schema in the on-line
documentation, we plan on adding pre-built example queries on the endpoint web page in
the next release to make the search process more comprehensible.

3.5 Are the total number of metabolites available to use in this tool the 2704
mentioned in the Analysis section? Can this curated library be downloaded?

2704 is the total number of metabolites in the pruned version of the Human 1 v1.7 metabolic
network. Among these metabolites, those with less than 100 annotated articles were
considered as overlooked (2113 metabolites) and selected for analysis. Recall that this initial
selection only serves as a prioritization and the method can be applied on the complete
dataset. The library can be downloaded in a tabular file and in RDF format from the FTP
server. Its content can be queried using the listed endpoint, from which the list of mentioned
compounds can be retrieved in tabular format.

3.6 It appears to be a major limitation of this tool that over half of the 2704
metabolites do not have annotated PubChem CIDs, limiting the effectiveness of the
tool in searching disease relevance.

Indeed, despite efficient cross-reference retrieval initiatives such as MetaNetX, many
metabolites do not have annotated CID and thus can’t be linked to any scientific literature. It
is worth noting that the proposed method purposely alleviates such shortcoming by providing
plausible associations for such compounds.
However, while some of those non-referenced compounds might not have any mentioning
articles (or too few to confidently derive associations), some could have brought useful
information and improved the associations regarding the former.
We could not find any means to know how non-referenced compounds are distributed
among those two groups. However, we believe that most compounds without CID would



have yielded few or no articles, since we see a correlation between the number of
mentioning articles and the prevalence of curated entries of such compounds in many
databases, estimated by the number of retrieved cross-reference annotations.

F4: Boxplot comparing the number of annotated articles among metabolic species in the
network with more of fewer annotations than the median.

3.7 In the discussion section the authors simply state "many cannot be mapped to
their corresponding PubChem identifier." Why? PubChem has over 100 million
compounds, surely all the metabolites in the Human1 database have PubChem
entries.

Some entries in metabolic models correspond to abstract entities rather than metabolites,
such as “biomass” or “lipid pool”, which can explain a lack of PubChem reference. It is
possible that other entries corresponding to metabolites could be found in the PubChem
database, but the ambiguity and variability of chemical entity naming made such retrieval
difficult and their mapping is still on hold, waiting for the ongoing collaborative refinement of
Human1 and target databases to fix the issue.

3.8 Figure 2B has a typo in the caption. 16.5% should be 18.5% based on what is
shown in the figure.

We thank the reviewers for noticing this typo. It has been corrected in the newer version.



3.9 Did the authors intend to say there are 1336 articles with PubChem identifiers
in the figure 2 caption?

We are very grateful to this reviewer for spotting this error in the caption. Indeed, we meant
1336 compounds.

3.10 Figure 3 shows all 3 methods tested produced better AUC than Baseline-Freq
showing the utility of metabolic neighborhoods however the graph gives this reader
the impression that Baseline-DN and both α methods give very similar results.
Perhaps a second panel of figure 3 could more articulately illustrate the difference in
the methods as related to the neighbourhood parameter.

Figure 3 provides an overview of the evaluation of the built prior, a crucial component of our
proposed approach. We assess the extent to which the literature in the metabolic
neighbourhood of a compound contains relevant information about its biomedical context
and can effectively guide predictions for rarely mentioned compounds. Baseline-DN serves
as a strong baseline that shares similar assumptions with the approach when α = 0, but
lacks the Bayesian component that incorporates an initial prior assuming independence (see
"Mixing neighbouring literature to build a prior").
We established a direct connection between our approach and Baseline-DN by highlighting
that when all direct neighbours have similar numbers of annotated articles and are not
overlooked (with negligible shrinkage), the method with α = 0 behaves similarly to
Baseline-DN. Then, close performances are expected. Furthermore, while the constructed
prior is the sole source of information for predictions on metabolites without any annotated
articles, predictions for metabolites with at least one annotated article rely on the posterior
distribution. We assess this aspect by simulating overlooked metabolites in Supplementary
S4.4, demonstrating the advantages of the Bayesian component in handling misleading
observations.

We acknowledge that these results were not sufficiently emphasized in the main text, and we
have reworked this paragraph to address the suggestions, also considering the comments
raised by reviewer 2.

3.11 Figure 4 and 5 it is not clear if there are any differences in the Contributor
Odds based on the color scaling almost all sections appear the same shade of red.

Figures 4 and 5 exhibit instances where the neighbourhood strongly suggests a relationship
between the targeted metabolite and the disease. In these cases, the individual logOdds
values for all contributors are high (>~ 50), resulting in almost the same colour based on the
applied scale. The range of possible logOdds values is large ([< -100, > 100]) and we
acknowledge that small differences are difficult to appreciate. However, considering the
logarithmic scale used for logOdds, the primary purpose of this colour scale is to quickly
identify negative, neutral, or positive contributions and the transitions between these states,
such as in Supplementary Figures S3, S5, and S13. Additionally, we have provided the
complete list of logOdds values in the supplementary tables referenced in the corresponding



figures' legend. All other examples of figures can be browsed here:
https://forum-static-files.semantic-metabolomics.fr

3.12 How are Specie IDs assigned? It is not an identifier I have used. Can InChiKey,
SMILES, CID, HMBD IDs, be readily converted to Specie IDs? If so, how?

Species IDs are manually or automatically assigned during reconstruction, following
conventions that vary between models. Nonetheless, each species is manually curated to be
annotated with external identifiers such as CID or CHEBI to ensure interoperability.
Databases such as MetaNetX gather all cross-references between such external databases
and identifier systems such as InChIKey or SMILES, and thus enable conversions. In
practice, one can directly access a compound from a metabolic network in FORUM using its
ID in query, or alternatively access it by querying a compound with an annotation that match
directly or indirectly a given identifier under any system present in the MetaNetX dataset.

3.13 Is there a mechanism in place for limiting the scope of the query? For instance,
if I am studying denovo purine synthesis and quantifying metabolites from the
pentose phosphate pathway is there a way to exclude contributions of
glucose-6-phosphate as it would surely skew my results towards glycolysis
intermediates.

We appreciate the reviewer's insightful question. Indeed, it is possible for highly influential
compounds to dominate the suggestions and overshadow the contributions of other
contributors (as discussed in the Limitation section, using ethanol as an example). In such
cases, it may be desirable to adjust the weight vectors to either suppress certain
compounds. One can directly modify the weight matrix that contains the wi,k values for all
possible pairs of metabolites. Then, the influence neighbourhood of each metabolite is
entirely customizable and is not limited by what may be imposed by the structure of the
network. These weight matrix matrices are stored in a cache directory created by the method
in the working directory, allowing for direct edits of the weight values.

3.14 Can the authors elaborate on why Human1 was chosen over larger metabolic
pathway libraries (KEGG, SMPDB, Biocyc, Reactome)?

One aspect of such choice is the licensing of the data, some, despite being freely
accessible, forbid bulk download or restrict their usage to a scope that is not compatible with
the proposed work under FAIR principles.
Another aspect is related to the curation of links. As this work relies on guilt by association
principle, the quality of the relationship used is of utmost importance to avoid propagation of
irrelevant information. Human1/HumanGEM is not a data repository but a functional
metabolic model. As such, simulations guarantee agreement between the data and expected
behaviors and allows for another degree of refinement, often correcting small
inconsistencies that could be found in larger generic databases.


