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Introduction and Objectives Results: Accuracies of Classification Applied Model: Prediction Distributions
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* Our objective was to train a classification model to answer the following six ® +Epic: Condensed, Oversampled |
classification questions about each patient note: i Rt oo Ovsreamaled | :
Human Annotators i | | | * Having determined the overall best-performing model, we ran this model
1) Did the patient have an epileptic seizure during this visit? 0.0 seizure NEE Author Thinks  Classification  Lateralization  Localization Total on a dataset of over 2600 other patient notes, and determined the
2) Did the patient have non-epileptic events during this visit? Question distribution of predicted answers to each question.
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=) IEV i CUHer Gomaie @ Mz fis p2EEE [y (e SRl EEayT * The best-performing model was the one trained on the larger dataset that had undergone two rounds of label condensing * The distribution of predictions was consistent with that of the randomly
And if applicable: but no oversampling; this had a slightly higher total accuracy (87.06%) than the one trained on a dataset that was sampled training dataset for most questions. The model that performed
4) What is the classification of the patient’s epilepsy? oversampled as well as condensed twice (86.38%), likely due to overfitting. second best overall (trained on data both condensed and oversampled)
5) What Is the lateralization of the p?tiet‘t s epileptic s.eizuris?  The expansion of the training dataset had an extremely significant impact on accuracy, especially for the last three questions produced a similar prediction distribution, with higher counts of labels for
6) What is the localization of the patient’s epileptic seizures: (which had more possible answers to choose from). Oversampling the less common categories increased accuracy for the “Possible” epilepsy and “Both” left and right seizure lateralization for
smaller initial training dataset, but had a less dramatic effect on the larger one. (X symbols represent the accuracy of a model questions 3 and 5, respectively, as well as fewer “Focal” predictions for
that simply guesses the most common label for each question.) question 4—the expected results of oversampling less common categories.

Methods and Data Augmentation Extracted Seizure Times and Medications Conclusions and Next Steps
* From a database of over 2500 patient notes from the EMU, we randomly selected 124 notes to * In addition to training the model to ittt s * Increasing the size of the training dataset, and condensing less common categories to create a
manually annotate as training data for the model, and later added 545 additional labeled extract information about each N balanced training set, had the most significant impact on model accuracy.
training notes from the Epic platform. patient’s diagnosis from each EMU 5 1000 E - - - - -
E * Further improvements to prediction accuracy may include exploring different methods of data
* For each of these, we manually answered the six questions above, regarding the patient’s note, we also extracted the precise 2 e augmentation, rather than oversampling and simple duplication of notes with less common
diagnosis. For each question, we gave each note a label corresponding to the “correct” ground- dates and times of their seizures. [ N labels, as well as adding additional training data.
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J . . 'g. . ’ We then used a pharmacok|net|.c model s = 5 - * The plots of anti-seizure medication (ASM) dosages over time have also been modified
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Classification, which uses the ClinicalBERT transformer model pre-trained on medical notes. anti-seizure medications, developed by Medication Doses and Event Times Over EMU Admission than dosage (mg). Future research may explore correlations between the blood concentration
* |In order to improve the model’s accuracy, we made several modifications to the training another researcher at the lab, jco . of each ASM at the time of first seizure, medication tapering speed, administration of alcohol
dataset: c.alculate the bIoo.d cc.)ncentra.tpn over o | as a seizure induction method, and other factors, with whether seizures were successfully
1. Condensing less common categories, or answer labels, to create a more balanced t'm? of each med|cat|on administered £ s induced, in order to optimize the seizure induction process and treatment of EMU patients.
training dataset and reduce bias toward the more common classes during the visit. 1 N
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