Non-invasive biodosimetry: space applications of skin swabs-based omics
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Skin metabolome biomarkers candidates

RADIOLOGICAL RESEARCH

ABSTRACT ISkin microbiome features differ between

Rationale: Acute Radiation Syndrome (ARS) and long-term effects of radiation exposure such as cancer and
metabolic diseases development are major risks for long duration and deep space missions. Current biodosimetry
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Figure 1. Venn diagram of Metabolite set enrichment analysis performed on PP2 F2 V2
Human skin equivalents Mice skin MetaboAnalyst 5.0 online software of compounds with a VIP score > 1 found : . :
in common at all exposure doses (1, 2, and 4 Gy) in Human skin equivalents :
‘ and Mouse skin (partial least square differential analysis, PLS-DA).
Metabolomic studies have never been run on irradiated
bioengineered human skin colonized by human A B
microbiome. This Venn diagram shows that bioengineered Human skin equivalent Mouse
human skin equivalents and mouse skin share common A Confusion matrix for dose Confusion matrix for dose
biological pathways after irradiation. Our bioengineered
human skin equivalent model recapitulates in vivo skin 108 21 14 13 1{ 10 4 8

molecular responses to radiation.
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onkn Figure 6. Dose prediction confusion matrix showing predicted dose vs actual dose using a machine learned
classifier in A) skin mouse metabolome, and B) human skin equivalent metabolome.
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The classifier shows a high number of points along the diagonal, indicating a correct
classification. In the human skin model, the classifier demonstrates a bias towards
higher predicted doses due to an imbalance of training samples, which will likely be
remedied by the introduction of more samples.
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Figure 7. A) Actual time since irradiation event in days (x-axis) vs predicted time since irradiation (y-axis) for 180
unique mouse swabs. Predictions were made using a machine-learned regressor on untargeted LC-MS data. B)
Confusion matrix showing the actual time in days vs the time predicted by a machine-learned classifier in human
Skin equivalent metabolome.

The classifier demonstrates low amounts of confusion from the pre-
irradiated samples, and fairly low levels of confusion for the irradiated
samples. This already promising predictive power will be increased by the
introduction of further samples.
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