
Aphasia is an acquired language disorder—often resulting 
from stroke or brain injury—that impairs a person’s ability to 
speak, understand, read, or write.
Subtyping aphasia is critical because each subtype is 
correlated with impacts to different regions of the brain, and 
also each type responds best to different therapeutic 
approaches. 
However, the current gold-standard assessments, including 
the Western Aphasia Battery (WAB), require around 60–90 
minutes of clinician-administered tasks plus manual scoring. 

In contrast, our objective is to investigate AI-based solutions 
to assist SLPs, beginning with an in-depth predictive analysis.
To best represent the semantics of the transcribed text for 
word embeddings, a novel tokenization of the text was 
implemented, guided by an expert.
Subsequently, multiple goal-specific predictive analyses are 
investigated for the five most observed aphasia types.
Some aphasia types are more frequently observed 
compared to others, adding to the complexity of aphasia-
centric data analysis. Ongoing work involves analyzing 
combinations of class ratios and data sampling and 
augmentation techniques to address class imbalance.
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Conclusions

• The MLP baseline on mean-pooled CLS embeddings reached ~67% accuracy 
(Macro-F1 0.60), performing well on majority but poorly on minority classes.

• Fine-tuning BERT with an MLP head improved to ~74% accuracy (Macro-F1 0.673).
• The BiLSTM+Attention head improved performance (~76% accuracy / 0.697 Macro-F1) 
• The TextCNN head delivered the best fine-tuned performance (~77% accuracy / 0.740 

Macro-F1), confirming that convolutional filters are strong at capturing local patterns in 
transcripts.

• The XGBoost model yielded the strongest overall results, achieving an accuracy of 81% 
and a 0.773 Macro-F1, suggesting that tree-based learners can capitalize on learned 
representations.

Challenges & limitations
– Rare classes (e.g., Wernicke) still incurred low recall (~0.64) despite weighted 

sampling; oversampling often hurt due to synthetic samples.
– Transcript-level variability such as length, and disfluencies complicates modeling 

under fixed maximum sequence lengths.
– Using uniform hyperparameters across augmentation methods may under-utilize 

each technique’s strengths.
Future directions:

– Bootstrap 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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• Preprocess and label data
• Establish baseline performance
• Fine-tune BERT utilizing 3 different classification heads
• Tune key hyperparameters
• Evaluate the models on cross-validated accuracy, macro-F1, 

AUPRC, AUROC, and G-mean recall
• Test against gradient boosting methods 
• Explore data oversampling and undersampling
• Test deep-learning and rule-based data augmentation methods on 

the transcripts
• Test XGBoost on tuned embeddings
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Preprocessing

• Strip metadata, convert annotations into special tokens
• Tokenize with custom tokens
• Attach class labels 

Baseline MLP

• Classify transcripts using word embeddings
• Test oversampling methods
• Evaluate performance with 5 key metrics

Fine-tuning
MLP

• Use the BERT pretrained model
• Attach MLP classification head and fine-tune hyperparameters
• Test performance on 5 metrics: Accuracy, Macro f-1, AUPRC, AUROC, 

and G-mean recall

Fine-tuning
Sequence

Models

• Freeze all BERT layers for cross validation
• Unfreeze last 3 encoder layers for final tuning
• Test the performance of tuned MLP, BiLSTM+attention, and TextCNN

heads using 5 key metrics

Oversampling

• Implement and test over and undersampling on embeddings
• Implement weighted random sampling by inverse class frequency

Data
Augmentation

• Implement Easy Data Augmentation, Data-boost, non-linear mix-up, 
back-translation, masked-LM replacement, and TAU-DR to augment 
transcripts

• Train the model on the augmented dataset and test on 5 key metrics

XGBoost

• Extract word embeddings from the fine-tuned models
• Test mean-pooling, CLS-pooling, CLS+mean+max pooling concatenation, 

last-4 layer average, and weighted layer averages
• Test PCA dimensionality reduction, contrastive learning, and SVM-

SMOTE

Data 
Visualization

• Use PCA on the set of transcript embeddings to represent them in 2D 
space
• Use t-SNE to better separate the classes and find outliers
• Use spectrogram analysis to visualize the difference between aphasic 

and non-aphasic speech
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