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Abstract— Despite its increasing use and public health
importance, very little is known about the consistency and
variability of baseline electroencephalogram (EEG)
measurements in healthy individuals and in patient
populations. This research aims to investigate population
variability of EEG features and their ability to classify
patients based on patient characteristics. We first propose a
data-driven method of evaluating consistency and variability
of commonly used EEG features. Using a Kruskal-Wallis test
we find normalized features compared across different time
intervals within a given recording to be consistent. Further,
we find certain features to have better intra-subject
consistency than others, notably spectral entropy, skew, and
kurtosis. Using these results we apply machine learning
techniques to classify patients based on sex, age, medications
taken, and clinical impressions. We find statistically
significant classifications for age, medications taken, and
clinical impressions, achieving accuracies above 86%, 72%,
and 74%, respectively.

I. BACKGROUND AND MOTIVATION

M

EDICAL devices that interface with the nervous
system for diagnostic, therapeutic, or rehabilitative
purposes are a major area of innovation in the medical
products industry. Electroencephalography (EEG), which
measures brain electrical signals from the scalp, is a
common neuro-monitoring technique used in both clinical
and research settings. EEG is typically non-invasive,
relatively inexpensive, and has been shown to contain
biomarkers for neurological disorders and for behavioral
states, including specific movement intent. EEG signals can
also be used for brain-machine interfaces to control external
robotic devices, such as exoskeletons and prostheses.
However, EEG has only recently begun to move into
quantitative applications beyond visual inspection by trained
professionals. Further, despite its increasing use and public
health importance, very little is known about the consistency
and variability of baseline EEG measurements in healthy
individuals and in patient populations. Understanding

population variability and individual variation in EEG could
affect the safety and efficacy of therapeutic, diagnostic, and
rehabilitative medical devices.
II. METHODS
A. Dataset
The Neural Engineering Data Consortium (NEDC) EEG
Corpus from Temple University Health, version 0.6, has
10,535 subjects with 16,377 EEG recording sessions
(~500GB) [1]. Each recording session is accompanied by a
clinical note containing clinical impressions and patient
characteristics. Further, 2,999 of the sessions are labeled by
the NEDC as ‘Normal’, n=1,509, or ‘Abnormal’, n=1,490.
B. Extracting patient information and common EEG
Patient information and demographics were obtained
through textual analysis of the clinical notes, an example of
which can be seen in Fig. 1. Through custom Python code,
the following patient information was extracted:
• Sex: Male (n=4,673), Female (n=5,039)
• Age: Mean=47.97, SD=22.08, IQR=32 (n=10,233)
• Medication Lists (e.g. Dilantin, Keppra)
• Neurological Disorders (e.g. Epilepsy, Seizures)
• Expanded ‘Normal’ (n=4,164), ‘Abnormal’ (n=9,912)

Fig. 1. Sample clinical report for single EEG recording session.
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Further, since the data were acquired across a variety of
systems, a standard 19 channel 10-20 layout was used for all
subjects. The subset of channels was: Fp1, Fp2, F3, F4, C3,
C4, P3, P4, O1, O2, F7, F8, T3, T4. T5, T6, Fz, Cz, Pz.

Fig. 2. Results of intra-subject Kruskal-Wallis test showing percent of intra-subject tests that failed to reject the null hypothesis, p > 0.05. Notably, spectral
entropy, skew, and kurtosis have high intra-subject consistency (n=2,257).

C. Preprocessing raw EEG
From each session, the first 16 minutes of an EEG
recording across the same 19 channels was used. Sessions
without at least one recording with 16 minutes were ignored.
If necessary, recordings were down-sampled to 250Hz. The
data were then filtered using a forward-backward 6th order
Butterworth bandpass filter from 1Hz to 50Hz, and rereferenced using a common average.
D. EEG feature validation and variability analysis
Frequency and time domain features were computed and
analyzed. The frequency domain features analyzed were
Power Spectrum Density (PSD) band ratios (<1Hz [lower],
1-4Hz [Delta], 4-8Hz [Theta], 8-12Hz [Alpha], 12-16Hz
[Mu], 16-25Hz [Beta], 25-40Hz [Gamma], where the band
power of each range is divided by the total power, 0-40Hz),
and spectral entropy. The time domain features analyzed
were curve length, energy, non-linear energy, sixth power,
minimum value, maximum value, median, mean, variance,
standard deviation, skew, kurtosis, integral, summation [2].
Features were computed on varying lengths of time, from 30
seconds to 4 minutes, on the same EEG recording.
Stationarity of these features was determined by applying a
non-parametric Kruskal-Wallis (K-W) test. Further, intrasubject variability of these features was computed by
applying a Kruskal-Wallis test on features from the same
subject across different sessions. Finally, for the same time
lengths, Intraclass Correlation Coefficients (ICC) were
computed for PSD band ratios [3].
E. EEG Classification
Using a kernel Support Vector Machine (k-SVM), with
418 (22 features x 19 channels) possible features, we attempt
to classify sex, age groups, medication taken, and ‘normal’
and ‘abnormal’ impressions, the labels of which were
extracted through text analysis of the clinical notes.

greater stationarity compared to unnormalized features.
(n=13,970). Assessment of intra-subject variability suggests
spectral entropy, skew, and kurtosis features are highly
consistent (Fig. 2). Lastly, analysis of the ICC showed that
Delta, Theta, Alpha, and Beta band ratios had higher
agreement than band ratios outside this range. These initial
results were used to guide feature selection for classification.
Cross-validation was used to train the SVM on different
kernels with varying hyperparameters on 90% of the total
samples available. Selected binary classification results,
using no more than 100 features, on 10% untrained testing
data are shown in Table I.
TABLE I
CLASSIFICATION RESULTS
Classes
Male vs. Female
Age < 20 vs. others
20 < Age < 50 vs. others
Age > 50 vs. others
Age < 10 vs. Age > 60
Taking Dilantin vs. none
Taking Keppra vs. none
NEDC ‘Normal’ vs. ‘Abnormal’
All ‘Normal’ vs. ‘Abnormal

n=12,222
n=754
n=9,220
n=8,422
n=738
n=982
n=802
n=2,920
n=7,681

Test Accuracy
~50.00%
77.03%
64.75%
67.46%
86.11%
66.32%
72.50%
74.35%
71.62%

IV. CONCLUSION
This research proposes novel data-driven metrics for
evaluating consistency of EEG features. Further, significant
classifications are found on certain patient characteristics
and clinical EEG impressions using a limited number of
features. Future work may include testing additional features
and classifications.
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