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GOAL: SOIL CARBON PREDICTION
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IMPORTANCE OF SOIL CARBON
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CHALLENGES
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SOIL CARBON PREDICTION FOR NORTHWYKE DATA*
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CAUSAL GRAPHS
DISCOVER SOME
WELL-KNOWN LINKS

(] Relationship between carbon

and nitrogen in soil

d Tilling/ploughing changes pH of
the soil that affects soil organic
carbon and total carbon,

nitrogen
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