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INTRODUCTION MODELS COMPARED KEY RESULTS

Early identification of individuals at risk for dementia Test-set accuracy
may be improved by modeling longitudinal trajectories GPBoost

of brain structure and cognitive performance. To this Gradient boosting with grouped random effects
end, we leverage two large repositories (SCAN and
ADNI) to test how accurately combined neuroimaging
and neuropsychological data predict conversion from
normal cognitive to dementia.

Gaussian Process Boosting (GPBoost) 0.740 %

MERF
Mixed-Effects Random Forest

Linear Mixed Effects (LME) 0.727
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Compare three mixed-effects machine learning models for LME :
sredFaiting Cliiesl] Demeain Baifig (COREhkEel T One-vs-rest logistic linear mixed-effects (BinomialBayesMixedGLM) Mixed-Effects Random Forest (MERF) 0.715

RESULTS: CDR TRAJECTORIES

structural MRI, white matter measures, and demographics
across repeated visits.

METHODS

Multiclass accuracy on subject-wise test set (range: 0.68 — 0.76)

Study cohort Population-level longitudinal trajectory
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two follow-up visits. 5 frontal and parietal regions formed the next tier.
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processing Figure 1. Population-level mean CDR-GLOB trajectories; shaded bands = +1 SD. GPBoost and
MERF track the rising trend more closely than the flatter LME trajectory. * Mixed-effects machine learning Integrates
» FreeSurter regional volumes and cortical longitudinal multimodal MRI with demographics

standard segmentation.

. . o « GPBoost captures nonlinear, regionally-localized
 Site effects removed with ComBat harmonization; P 9 y

features residualized for age, sex, education and Hippocampus (vol.) | ¢/ associations and outperforms both LME and
. . o | MERF.
head size (Total intracranial volume). WMH burden | 599
» All preprocessing was fit on the training set only Middle temporal (thick.) SR 473 * A compact set of medial-temporal and cortical-
to prevent leakage. Posterior cingulate 448 thickness features carries most of the signal,

Caudal middle fronta nointing to parsimonious, interpretable models.

Analysis

« Future work: longer follow-up and additional
cohorts.
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Outcome: CDR-Global (0-2) was modeled with time-
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effects. Data were split 80/20 by subject; test Pericalcarine [

predictions use fixed effects only. 0 100 200 300 400 500 600 700 EXPLORE INTERACTIVE FIGURES

Model comparison metric: multiclass accuracy. Mean |SHAP| importance . .

Scan to open the interaction & causal-network
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