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1) Bayesian Neural Networks were the best performing
modeling technique for sourcing Obsidian Cliff obsidian.
2) The best fitting BNN model included Rubidium (Rb),
Strontium (Sr), Yttrium (Y), and Zinc (Zn).
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for 9 cycles. Comparisons between 30, 60 and 90 second scans produced no statistically
significant difference in relative element abundances. Resulting data were processed using Artax to a)
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To date, the GRSLE Project has recorded >11,000 obsidian artifacts in the Greater
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artifacts are left in place. Obsidian sourcing is among the few data sources that
requires removal of artifacts. By developing and testing sourcing accuracy using
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For each of the four sets of parameters final models were constructed using pXRF data for the entire 250
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