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Background
● Alzheimer's disease (AD) pathology begins years 

before dementia, but not all individuals with MCI 
progress to AD.

● Accurate prediction of MCI-to-AD conversion could 
improve patient counseling, early intervention, and 
clinical trial enrichment.

● Longitudinal clinical datasets are multimodal, 
irregularly sampled, and contain substantial 
missing data, limiting conventional prediction models.

● Traditional machine learning often relies on static 
baseline measurements and cannot fully capture 
temporal disease progression.

● We evaluated whether trajectory-aware machine 
learning and deep learning improve individualized 
prediction of near-term conversion.

Methods
Cohort:
● 204 biomarker-positive MCI participants from ADNI
● 61 converted to AD dementia within 3 years

Feature Sets:
● Cognitive assessments
● MRI volumetric measures
● Amyloid and tau biomarkers
● Demographics
● Combined multimodal dataset

Models Compared:
● Logistic Regression
● Random Forest
● Time-varying Cox Regression
● Trajectory-enhanced models
● Deep longitudinal neural network

○ GRU-D
○ Neural ODE
○ Multi-head attention
○ Dynamic proportional hazards

Evaluation:
● Nested cross-validation
● AUROC
● AUPRC
● Balanced Accuracy
● F1 Score

Conclusions
● Trajectory-based models modestly improved 

prediction over static baseline approaches.
● Random Forest with trajectory features achieved 

the strongest overall performance across 
multimodal data (AUROC 0.790, AUPRC 0.718, 
Balanced Accuracy 0.719).

● Deep learning achieved competitive performance but 
did not consistently outperform simpler machine 
learning models.

● Increased model complexity alone did not translate 
into superior discrimination in this moderate-sized 
longitudinal cohort.

● Longitudinal information appears more valuable than 
algorithmic complexity for short-term AD risk 
prediction.

Future Directions
● Evaluate models at later clinical landmarks 

(6-, 12-, and 24-month follow-up).
● Expand validation in larger, independent 

multicenter cohorts.
● Incorporate additional modalities (genetics, 

plasma biomarkers, PET imaging).
● Improve model interpretability using 

explainable AI methods.
● Develop clinically deployable tools for 

individualized AD risk stratification.
● Translation into clinician-facing decision 

support tools to facilitate individualized 
prognosis and clinical trial enrollment.
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Objectives/Aims        

Primary Aim:

● Develop a longitudinal machine learning framework to 
predict 3-year conversion from MCI to Alzheimer's 
disease.

Secondary Aims:

● Compare classical machine learning, survival analysis, and 
deep learning approaches.

● Determine whether incorporating longitudinal trajectories 
improves prediction beyond baseline measurements.

● Evaluate the contribution of cognitive, imaging, pathological, 
and multimodal feature sets.
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