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Introduction

« Analysis and interpretation of electroencephalogram (EEG) is important in the diagnosis of
neurological conditions such as epilepsy.

* However, lack of standardization of EEG patient records makes automatic analysis
challenging.

« Standardized Computer-based Organized Reporting of EEG (SCORE)['] system: collection of
technical standards specifying terminology used and information included within reports.

* We propose a machine learning-based system that automatically extracts components from
the SCORE specification from unstructured, natural-language EEG reports.
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DESCRIPTION OF THE RECORD: In wakefulness, SCORE-IT
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Data

« Designed and validated on TUH EEG dataset[!:
16,000 EEG reports; classification of:

1. whether the patient is being evaluated for

TUH EEG Data

2. whether the recording contained any Samples
abnormal events (e.g., seizures). Epilepsy 561
3. the type of seizure if present (complex Seizure 1105

partial, simple partial, absence, myoclonic,

. : . Abnormal 2993
generalized tonic-clonic, other/none).

 As these tasks are a labeled subset of the
SCORE specifications, we are using our system’s
performance on them as a proxy for
evaluating automatic SCORE extraction.



Related Work & Challenges

« Named Entity Recognition (NER) is a related classification task in the clinical
domain where there is ample data availability.

« Extraction of relevant “entities” (i.e. medication names, medical procedures,
labs) from unstructured text.

« Recent successful work on NER has been with fine-tuning Transformer deep
neural networks such as BERT!,

* Challenges
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“This EEG is remarkable for...”
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» Given unstructured document, the pipeline consists of two steps:

* “Broad” Feature Extraction:

o)

« extraction of clinically relevant entities (i.e. medication, medical problems,
treatments, labs).

 via BERT-based deep neural network models finetuned on other available clinical NLP
corpora.

« “Narrow” Classification:

« utilization of hand-crafted rules built on general entities to perform classification.

* rules consist of medical record section header extraction, regular expressions, entity
matching.



Methodology

Broad Parsing

CLINICAL HISTORY: 26
year old right handed
female with past medical
history of epilepsy, has
been seizure free for
the past 7 years. This
is a follow-up EEG....

DESCRIPTION OF THE
RECORD: In wakefulness,
the background EEG is
appropriately organized
with a 9-Hz posterior
dominant rhythm.
Hyperventilation
produced supraharmonic
driving. When the
patient closed her eyes,
she had some alpha
squeaks. There was a
single burst of 3-5 Hz
spike and <..>
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INTRODUCTION: _ was performed In lab using
R ——

channel of EKG. Hyperventilation and photic stimulation are performed.

DESCRIPTION OF THE RECORD: In wakefulness, _
. is appropriately organized with a 9-Hz posterior dominant rhythm.
‘When the patient closed her eyes, she had _ .
There was a single burst of _ s

mostly located frontally predominantly. Patient also demonstrated POSTS in

stage 2 sleep.
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Results

Training Testing
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EEG Broad . Narrow :
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Report Parsing Parsing
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Dataset System Performance
Train Test
paseel LS Support Support Task Num Records | Weighted F1
Seizure Absence 10 6
Complex Partial 45 13
Myoclonic 1 12 Epilepsy Evaluation 561 0.82
Simple Partial 2 0
Tonic-Clonic 12 4
None 913 97 Normal vs. Abnormal Classification 2727 0.97
Epilepsy Epilepsy 428 428
No Epilepsy 133 133
Abnormal Normal 1371 150 Seizure Type Classification 171 0.92
Abnormal 1346 126




Impacts & Future Work

Impacts
 Facilitate better indexing, searching, and organization of existing EEG reports.
« Automatic classification of free-text records for research purposes.

Future Goals
 Integration of clinical domain knowledge.
 Establishing ground truth standards.
* Robust verification of system.
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