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Why this matters
e This work is part of the larger ADBMO etfort to accelerate biomarker annotation in
Alzheimer’s disease clinical trials.
e Clinical trial records contain biomarker-related eligibility criteria and outcome measures,
but manual review is slow and expert-intensive.
« We automatically identity biomarker presence and absence in trial text, narrowing expert
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« PubMedBERT was the strongest single model (CV F1 = 0.9660,
AUC = 0.9947),

e The soft-vote BERT ensemble achieved CV F1 = 0.9702 and
perfect AUC = 1.000 on the held-out test set.
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X 89% [Primary] Number of Participants with Adverse Events Baseline to week 518

. . . (. e 80% Key Inclusion Criteria:
Flve_ FO | d C ross_val I d O-t Ion (St rat I .FI ed by N CTI D) g 98% [Secondary] Change from baseline in florbetapir-fluorine-18 (18F-AV-45F-AV-45) positron emission tomography (PET) imaging in
NONE certain brain areas. Day 1, Weeks 26, 54, End of year 2, 3, and 4
Add another...
) 98% Participants must have a positive florbetapir positron emission tomography (PET) amyloid scan.

e 94% [Secondary] Multiple dose pharmacokinetic (PK) serum concentrations of Aducanumab Up to week 518

PET-AR x PET el Add another...
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Strong Classical Alternative: SVM with BioWordVec-200 B (oo A s B (e
So o AT el o nearly matched the best transtormer while oftering much —
I ... Taster inference, making it practical for large-scale trial
. triage. :
= Efficiency Matters: Fast inference enables scalable Sl Conclusion
R . screening of trial records before expert annotation.
" High Accuracy: Transformer models , especially e An SVM trained using BioWordVec embeddings produced comparable results to the transformer models but with
s s PubmedBERT achieved best performance on both CV tfaster inference. This shows that carefully training classical models with quality data can still be a competitive and
e and test set. efficient alternative to Transformer models.
1! 1 — Zero-Shot Limitations: General Foundational Model e Task-specific training improved identification of biomarker-relevant text within the ADBMO pipeline.
etoheed without task specific training performed poorly « Automated biomarker flagging reduced annotation workload by directing experts to relevant text and filtering out

filler.
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