Open Source Resources to Advance EEG Research
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Since 2012, the Neural Engineering Data Consortium (NEDC) at Temple University has been providing many key data resources to support machine learning research in bioengineering [1]. In this poster, we present an update on several significant resources available from NEDC that were established to support a new generation of electroencephalogram (EEG) technology development.
Our flagship product, the Temple University Hospital Electroencephalography Corpus (TUH EEG), is the world’s largest open source EEG corpus [2]. Over 1,200 sites worldwide are using this corpus to support their machine learning research. For the past 6 years we have collected every EEG session conducted at Temple University Hospital. Our historical archive goes back to 2002 and has resulted in a database of over 30,000 EEG studies from more than 16,000 patients. Each study includes a report that consists of detailed information about the patient, the patient’s medical history, and a neurologist’s review of the study.
Our most current release is v1.1.0 and includes 13,539 patients, 23,002 EEG sessions and reports, and 53,506 EEG files. A new feature of this release is the inclusion of three types of automatically generated annotations: (1) seizure events that include the start time, stop time, channel label and type of seizure, (2) normal/abnormal classification of a session, and (3) a six-way classification of each one-second epoch (spike/sharp waves, periodic lateralized epileptiform discharges, generalized periodic epileptiform discharges, artifacts, eye movement, and background). These annotations were generated automatically using a state-of-the-art deep learning system [3].
There are a number of subsets of this corpus that were created to support specific types of EEG analysis:
· The TUH EEG Seizure Corpus (v1.3.0): supports the development of automatic seizure detection technology. The data has been manually annotated for seizure events [4]. The training dataset has been extended and contains 264 patients, 580 sessions, and 1,987 files. The development test dataset consists of 50 patients, 238 sessions, and 1,013 EEG files. Also included is a held-out blind evaluation dataset which will be used in an upcoming Kaggle-style challenge hosted by IBM. This blind evaluation set consists of 50 patients, 152 sessions, and 1,023 EEG files. More details about this challenge will follow within the next few months.
· The TUH Abnormal EEG Corpus (v2.0.0): supports the development of automatic detection of abnormal EEGs. The training dataset consists of 2,310 patients, 2,717 sessions, and 2,717 EEG files. The evaluation dataset includes 253 patients, 276 sessions, and 276 EEG files. Each session is labeled as either normal or abnormal using a decision-making process described by Lopez et al. [5]. Approximately 50% of the data constitute abnormal EEG sessions.
· The TUH EEG Slowing Corpus (v1.0.1): aids in the development of technology that can differentiate between post-ictal and transient slowing. Slowing can be a focal or generalized decrease in frequency and is either a part of a seizure or an independent event. This corpus consists of 38 patients, 75 sessions, and 300 annotations in 112 aggregated files. It has been used to study common error modalities in automated seizure detection [6][7].
· The TUH EEG Epilepsy Corpus (v1.0.0): supports the study of the characteristics of patients diagnosed as epileptic. These patients were sorted into two classes (epileptic/non-epileptic) based on medications listed during the recording, the clinical history of the patient, and EEG signal features associated with epilepsy. There are 237 patients, 561 sessions, and 1,648 files in this dataset.
· The TUH EEG Events Corpus (v1.0.1): used to develop the six-way classification system previously described. This corpus consists of two datasets, training (359 files) and evaluation (159 files).
An important feature of all these corpora is that patient numbering is now consistent. Therefore, users can study specific patients or diseases across a broad range of conditions. Previous releases of these corpora had not been reconciled because they were preliminary releases made at different points in time and were anonymized individually.
We also have expanded the documentation about the corpus to explain electrode locations, channel labels, sample frequencies and annotation formats. There is a wealth of metadata now available for each patient and session.
In addition to data resources, NEDC also provides some supporting tools to facilitate research. These include:
· The NEDC Demo System (v0.4.1): a visualization tool developed to rapidly annotate EEG signals [8]. Our demo system allows users to annotate EEG signals on a per-channel basis. This tool is written in Python, using the PyQt toolkit, and is easily customized to support specific annotation tasks. We have used it on most popular operating systems including Windows, Linux, and Mac systems. A cohort retrieval system has been integrated into this viewer that allows users to query the TUH EEG Corpus for sessions that match particular search criteria. Both signal and report events can be searched.
· NEDC Eval EEG (v1.2.0): a standardized scoring package that is an important piece of any common evaluation framework [9]. This software implements a variety of popular scoring metrics based on common measures such as sensitivity, specificity, and Cohen’s kappa statistic. It also includes new metrics based on time-aligned and epoch scoring, providing a more balanced view of performance.
In this poster, we will discuss these resources and describe how they fit together to promote the development of deep learning technology for automatic interpretation of EEGs. All of the data and resources presented here are freely available at https://www.isip.piconepress.com/projects/tuh_eeg/downloads/. No licensing or data sharing agreements are needed. An automated registration process provides users with a username and password to access the data. The unencumbered nature of these resources is a very important differentiating feature of these NEDC resources.
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