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Abstract

Studies on crosstalk of microbiome-metabolome have been conducted to infer microbial or metabolic features that have importance on human health, through functional, mass spectrometry profiling.
However, there have been few types of research identifying a change in the individual metabolite level based solely on the microbial genome. To the end, we propose the method that predicts
Individual metabolite change using the network built by utilizing known gene-metabolite interaction information. The network algorithm used here Is reporter metabolite which identifies metabolites
around which most significant microbial gene family abundance’s changes occur, where it is constructed with individual interactions and gene families with differential abundances. For benchmark
evaluation of the proposed method, we used a publicly available paired dataset of shotgun metagenomics and metabolomics from an inflammatory bowel diseases (IBDs) cohort with controls and
evaluated the concordance between our predicted changes and the previously reported changes. The overlap between the predicted and the measured metabolic class was statistically significant,
especially for the metabolites with large changes. This method of predicting individual metabolites based on microbial genomes will help narrow a number of metabolites down to their target range
before performing costly and incomplete mass spectrometry and is expected to contribute to developing strategies for disease treatment and prevention by investigating candidate metabolites directly
associated with disease pathogenesis.
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Introduction

According to a recent study, metabolites of the gut microbiome play a central role in the
Interaction with humans, and they are also involved Iin disease phenotypes and disease
pathogenesis in humans. Thus, We introduce the approach that predicts individual microbial
metabolite’s change using the network built by utilizing known gene-metabolite interaction
Information and differential gene based solely on shotgun metagenome seguencing data.

Methods

- Prediction of metabolic changes in microbial genome

First, for each of the two different samples, we calculate the abundance of gene family by
aligning shotgun metagenomic reads to enzymatic gene family using HUMANN tool. And, for the ~
calculated gene family abundance, we perform differential analysis to detect gene family with Figure 2. The circular plot of the overall changes and classes of predicted metabolites
differential abundances using DESeqg2 R package. Third, enzymatic metabolite networks are

established with individual interactions and gene families with differential abundances using

Piano R package, and the network constructed in this way Is referred to as the reporter network. CD versus control UC versus control

Here, the information on individual interactions was curated from KEGG database. Finally, the EM
Individual metabolite in the reporter network Is linked to enzymatic gene families that contribute s \
to the production of metabolite, where changes In this metabolite are determined by considering TP 1 &
both the significance and direction of its gene families. 20
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Figure 1. The conceptual outline of the proposed method
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For benchmark evaluation of the proposed method, we used a publicly available paired dataset Conclusion

of shotgun metagenomics and metabolomics from an inflammatory bowel diseases (IBDs) cohort

with controls, including 155 patients: 68 with CD, 53 with UC, and 34 non-IBD controls(Table 1). In this study, the proposed method enables to directly estimate each metabolic potential of a

given microbial genomic content by predicting the change of individual metabolites levels. The

IBD-subtype Size predicted metabolite with large changes shows statistically significant overlap with the
Crohn’s disease (CD) 2 measured metabolite and the concordance of the direction of its changes. This method will help
. . narrow a number of metabolites down to their target range before performing costly and
Ulcerative colitis (UC) 53 .
Incomplete mass spectrometry.
Non-IBD control 34
Table 1. Subtype and size of samples in IBD cohort Referen CeES

Through the prediction method described earlier, the identified metabolites are categorized
under HMDB classes. 1,474 metabolites were assigned to 324 metabolic classes in CD
(comparison group of CD versus non-IBD control), 1,056 metabolites were assigned to 264
metabolic classes in UC (comparison group of UC versus non-IBD control)(Figure 2).

We also evaluated the concordance between our predicted metabolic changes and the
previously reported metabolic changes. In both CD and UC groups, the number of overlaps
between the predicted and the measured metabolic class was 9 and 5, respectively, showing the
statistical significance for the overlap in both groups as illustrated in Figure 3(p-value < 0.00005,
random permutation test).
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