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Incentive of the research
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usage of such measurements in clinical practice. However, we aim to prove the
surplus of these highly granular measurements for assessing disease development
since applications that prove this are currently lacking. —
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Data resources Advancements in data collection From
. Zimmer et. al 2022 (3)
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IAF details: A longitudinal cohort study
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Cohort specific endeavors:
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Identification of clear disease
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For 20 overlapping biochemical features between IAF and UKB it was assessed whether a non-diagnosed IAF individual, with an initial high risk for type 2
diabetes (T2D) that declines throughout the study period, shows monthly intermediate changes in a disease spectrum stretching from healthy ‘baseline’ (2)
individuals to T2D diagnosed individuals of the UKB cohort. This was done by applying the Pareto task inference method (ParTl) (3) on the combined dataset
Intermediate changes identified with ParTl were contextualized within a customized Clinical knowledge graph database environment (4). The CKG library
represents established molecular interaction pathways up to a molecule-specific level for the disease of interest. This enabled us to evaluate the surplus of highly
frequent sampling by assessing the time-dependent development of chronic diseases.

Assessment of monthly disease relevant clinical changes
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Conclusion

We believe the applied tools can help for the presented combination of multi-omics data to evaluate how time-sensitive each datatype is with regard to
intermediate changes between health and disease. In the next step intermediate phenotype profiles will be annotated in disease pathways stored in a CKG
graph database. This can help in granularly defining how specific molecules in the human body play a role in disease development.
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