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Machine learning frameworks trained on neuropsychological scores and digital cognitive metrics predict MCI-to-AD conversion with high accuracy (up to 91-95%), while explainable Al tools
(SHAP/LIME) successfully translate these algorithms into transparent, actionable profiles for clinical practice.
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Aim: To review recent ML approaches

that use neurocognitive, behavioral, and
functional measures to predict MCI-to-
AD conversion and identify the key
factors driving disease progression.

Figure 2. PRISMA Flow Diagram
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n =50

\

INCLUDED

Studies included in
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Reports excluded: n = 35
* Wrong study design: n =15
* No ML models: n =12
 Exclusively global scores: n =
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Accuracy: 88.0%Median
conversion: 25 months

Accuracy: 76.9-
95.2%MAE: 1.27-2.12

AUC: 0.885-0.945MAE:
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Depression, anxiety,
stress, and subjective
complaints accelerate
conversion risk.

Time-series models

improve 3-year cognitive

forecasting despite
missing data.

Higher BrainAge predicts
faster decline; each extra

year increases risk by
~29%.

 High predictive accuracy: ML models based on low-cost cognitive and
behavioral measures predict MCI-to-AD conversion with up to 91-95% accuracy.

e Process-based metrics outperform global scores: Speech features, learning
slopes, and reaction-time variability capture subtle cognitive decline more
effectively than traditional assessments.

o« Explainable Al enhances clinical applicability: SHAP and LIME provide
transparent, patient-specific explanations that support clinical decision-making.

e Multimodal approaches improve prediction: Combining cognitive, behavioral,
and BrainAge-related markers strengthens early detection and risk stratification.
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