Sunlight and flooding/drought conditions dominate carbon fluxes in wetlands
across the Southeastern United States
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» Wetland ecosystems » Model performance at the 10 AmeriFlux sites
« Highly productive and biologically diverse ecosystems
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« While they only cover 6% of the earth’s land surface, wetlands provide

oo * » The wetland carbon fluxes simulated
by the RF model agreed well with
those measured by the EC towers
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Table 1. CMIP6 mode

» Research Questions = pr (Mean of the daily precipitation rate), Model sfcWind
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« (Carbon (CO,
and CH,) and
energy (water
vapour) fluxes
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it AL b ik The monthly climatological mean of wetland CO, fluxes (unit: umolCO, m-2 s-1) across the SE

US during 1950-2014 estimated by the random forest regression model at a high spatial
resolution of 0.25° x 0.25°.
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