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Summary

Public metabolomics data Differential Profile Metabolomics has produced extensive datasets now archived in public repositories, yet much of their value remain
Eepwtog Ve ~ lgrgely unused. Diffgrences i.n analytical conditions prevent direct comparison of sigr.\al Intensities mass spectrometry
St f signals across studies, and incomplete metadata makes relevant datasets hard to find. To unlock these data, we are

" Datamatrix o building a database that recasts each study as group-to-group comparisons, a Differential Profiles expressed as fold

e - e VS “"f " changes of metabolites observed in group-to-group comparisons, rather than as absolute intensities of raw data

-, - ;*" - Healthy Disease ’J\n ) matrices. This representation makes measurements comparable across studies and enables cross-study exploration

N\ " \ / from either a metabolite or a study-background angle, promoting data reuse and cross-disciplinary discovery.

Background

Metabolom_lcs Annual Metal?olomlcs && - ?
Data Repository Study Deposits -
n ﬂﬂj '.“ However, the intensity values of mass
600 e« H li * Mouse plasma * Human serum 1
) e g 13 I S o spectrometr.y. measurements are instrument-
- TOF * Orbitrap © QQQ and condition-dependent and therefore
o 1 1 1 meaningful only within a single study.
Therefore signal intensities are not compared Moreover, the metadata accompanying repository entries are often
® 0 to other projects, preventing pan-repository, incomplete and non-standardized, making even the discovery of
T Emmm— cross study analysis. relevant studies difficult. As a result, the vast body of metabolomics
Mass spectrometry-based metabolomics is widely used, and its data continue to - Signal values are only meaningful within each study. data already deposited cannot be reused or integrated, leaving most
accumulate in public repositories such as MetaboLights and Metabolomics Workbench. ~ ° Nosharedscaleacross studies of its potential value unrealized.
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At its core, the database reorganizes repository data around the “Differential Profile” structure into three linked

2016;939:139-166. layers. The Study layer captures each dataset as a source, with its research background and sample context.

The Differential Profile layer captures the biological contrasts within a study together with the metabolite
Metabolomics datasets are collected comprehensively from public repositories (MetabolLights, Metabolomics Workbench) and their increases and decreases that accompany them. The Metabolite layer holds each compound with annotations
formats standardized. From each data matrix and sample table, sample groups and the contrasts between them are defined, and per- such as the contrasts in which it varies and its pathway membership. Linking these three layers turns
metabolite quantitative values are converted into fold changes and p-values for each contrast. In parallel, study context and sample heterogeneous repository data into a single multi-layer resource that can be entered from any point and

information are extracted from the associated free-text descriptions using LLM/NLP and linked to each DiffProf entry, so that studies can traversed to the others.
be retrieved by biological background as well as by metabolite.

Results
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