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Figure 3. Model performance and feature importance of the 8 domains neuropsychological model for predicting progression from normal cognition to MCI and dementia. (A) ROC curves of the model for
predicting incident MCI and dementia, with corresponding AUCs shown in the legend; (B, C) SHAP summary plots show the relative importance and direction of effect of each cognitive domain and years of
education for predicting MCI onset and Dementia onset.
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Figure 4. Age-dependent AUC and Brier score of the 8 Domains model for predicting incident MCI and dementia across
5-year age groups.
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Parametric Loss Function:
Normal (State 0): Probability of survival beyond age t:

1- chi(t)
MCI (State 1): Probability of falling between two thresholds:

chi(t) _ Fdem (t)
Dementia (State 2): Probability of onset before age t:

Fdem (t)

« By incorporating SHAP explainability, the framework offers interpretability at both the global and
individual levels, enabling clinicians to identify personalized risk factors and specific cognitive
deficits that accelerate disease onset. The results indicate that discrimination power is
particularly high for predicting Dementia and that probability estimates for MCI are well
calibrated, providing reliable risk stratification. These properties suggest that the proposed
model can serve as a comprehensive tool to support early intervention strategies, guide
personalized patient management, and improve decision-making in aging populations at risk for
cognitive decline.
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