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Aphasia is an acquired language disorder—often resulting
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However, the current gold-standard assessments, including '°§‘f;°;;§~f; ° °

the Western Aphasia Battery (WAB), require around 60-90
minutes of clinician-administered tasks plus manual scoring.
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In contrast, our objective is to investigate Al-based solutions * Classify transcripts using word embeddings o NI ¥ Taaphs 101

to assist SLPs, beginning with an in-depth predictive analysis.  Test oversampling methods e ALy

To best represent the semantics of the transcribed ftext for Baseline MLP N Evaluate performance with 5 key metrics e Ve 'e{yr
word embeddings, a novel tokenization of the text was cSEHIE -

implemented, guided by an expert.
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Subsequently, multiple goal-specific predictive analyses are
investigated for the five most observed aphasia types.
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Challenges & limitations

— Rare classes (e.g., Wernicke) still incurred low recall (~0.64) despite weighted
sampling; oversampling often hurt due to synthetic samples.
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each technigue’s strengths.
Future directions:
— Booftstrap confidence intervals for all metrics to quantify statistical uncertainty.
— Tailor data augmentation per class and head
—  Explore hierarchical models that aggregate multiple transcripts or time segments.

— Although other pretrained models yielded similar or worse results in preliminary
tests, further tuning of models may uncover gains.
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