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= Two-step prediction m Direct prediction

Enhanced interpretability of model outputs with
analytical techniques such as SHAP analysis,
communicate direct insights to all stakeholders

March-April: conduct initial exploratory analysis\
on the dataset of independent variables Predicted vs. actual value plots show the distribution of

outputs from 1-year growth potential prediction model
and 3-year growth potential prediction model

3-year growth potential prediction model 1-year growth potential prediction model
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