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1. Background 3. Methodology & Preliminary Results 4. Riverine Influence on pCO,
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drastically since the pre-industrial era. As a result, the » We will be using various environmental predictor variables to build a machine learning
ke in CO. b < aleo y (Fi 1)'Th model to estimate pCO, in James Bay from 2021 — 2023 based on observational ship data |
uptake in CO, by oceans is also increasing (Fig. 1). The > Th del will hiv bCO hich will b 9 culate CO. fl p Hudson Bay '
ocean is a major global CO, sink [1] e model will output monthly pCO, maps which will be used to calculate CO, fluxes for .\
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by the partial pressure of CO, in seawater, or pCO,, f A\ Hj;ggg;ggg
which varies depending on water properties [2]. \ g ° —_—
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measured pCO, in S tmoustaric reanalvsic data sea.[12]. James Bay is fed by several large rivers that
James Bay (Fig. 2) and o - ~ drain boreal Canada and the Hudson Bay Lowlands,
found it to be a weak ..] The southern tip of James Bay shows some of the highest pCO, (Fig. 2) but also has very high which store vast quantities of carbon (Fig. 4) [13].
CO, source [4], in temperatures (Fig. 3A), very low salinities (Fig. 3B) and elevated chlorophyll a (Fig. 3D). * Oncein the ocean, both the warmer water and influx
2 L . . . . . . . . . . .
S Ty e - lesuaIIy, we can see that these variables are likely driving high pCO, in this area...but why? Y of carbon from degraded organic material contribute

to increased pCO, [14], explaining why there is higher

studies in Hudson Bay
- pCO, near the Moose River outlet.

[5] Machine Learning Workflow: Self Organizing Map Feed-Forward Network [10][11]
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Bay [4] . Self organizing maps group the study area into regions based on biogeochemical ~ Validate and tweak model 9 Mid-February
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and temporally in James Bay > Rivers play a large, but not completely understood role
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