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Summary

Seizure prediction is feasible but greater accuracy is needed to make seizure prediction clinically viable
across a large group of patients. Recent work crowdsourced state-of-the-art prediction algorithms in a
worldwide competition, yielding improvements in seizure prediction performance for patients whose
seizures were previously found hard to anticipate. The aim of the current analysis was to explore
potential performance improvements using an ensemble of the top competition algorithms. The results
suggest minor increments in performance may be possible; however, the outcomes of statistical testing
limit the confidence in these increments. Our results suggest that for the specific algorithms, evaluation
framework and data considered here, incremental improvements are achievable but there may be
upper bounds on machine learning-based seizure prediction performance for some patients whose
seizures are challenging to predict. Other more tailored approaches that, for example, take into account
a deeper understanding of preictal mechanisms, patient-specific sleep-wake rhythms, or novel

measurement approaches, may still offer further gains for these types of patients.
Keywords

Epilepsy; seizure prediction; intracranial EEG; refractory epilepsy; Open Data Ecosystem for the

Neurosciences; ensemble methods.

Introduction.

Methods for accurate seizure prediction have the potential to transform epilepsy management by
offering warnings to patients or triggering interventions.' Prospective seizure prediction has been
shown to be feasible using long-term intracranial electroencephalography (iEEG) recordings obtained
during the first-in-human trial of a seizure prediction device, however, prediction accuracy should be
increased for a broader range of patients in order to demonstrate clinical utility.? Several studies have
looked at achieving retrospective improvements with the same long-term data.>’ The recent
Melbourne-University AES-MathWorks-NIH Seizure Prediction Challenge yielded improvements for the

three patients from the NeuroVista trial whose seizures were the hardest to predict. The top
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internationally crowd-sourced algorithms increased seizure prediction sensitivity by 90% relative to the

original trial, for matched time in warning.” However, performance was still not optimal.

Further improvements to prediction accuracy may be made possible by ensembling the top seizure
prediction algorithms from this international contest. Ensembling is a general machine learning
technique that combines different algorithms in an intelligent manner by merging the complementary
outputs of algorithms and/or gain greater confidence in algorithm decisions by weighting the agreement

among them.®® Ensembling has yielded boosts in performance in various application domains.?

Over 10,000 algorithms were submitted in the aforementioned contest, and eight of the top algorithms
were evaluated on held-out data from the same patients.” After such extensive development, an
important question to answer is whether the performance level obtained from this competition was the
upper limit of what is possible for certain patients? To address this question, the current paper aims to
determine whether machine learning approaches that ensemble the best performing seizure prediction
algorithms from the contest improve on the top performing individual algorithms based on the data

from the same three patients who had the lowest seizure prediction performance in the original trial.
Methods.

Data in the form of iEEG were recorded chronically from three female subjects with refractory focal
epilepsy from the NeuroVista Seizure Advisory System trial described previously (Table 1a), whose
seizures were the hardest to predict.*” These data were used in the ‘Melbourne University AES-
MathWorks-NIH Seizure Prediction Challenge’ hosted on the crowdsourcing platform, Kaggle.com.”
Contestants were given 10-minute data clips that were labeled either as preictal or interictal in two sets:
a training set with the labels and a test set without the labels. In the test set, a randomly chosen subset
was used as a private set, for which the contestants had no information about the labels until after the
completion of the competition. For each clip, contestants were required to submit the probability that
the clip was preictal, referred to as “preictal probability”. The final ranking in the competition was
determined by the private subset. For the purposes of our analyses, seizure prediction has been defined
as the successful identification of a future ictal event within 65 minutes before seizure onset. The
criterion for performance was the maximal area under the curve (AUC) of the receiver operating
characteristic (ROC) in which thresholding of the range of probabilities yielded a curve of true positive

rates versus false positive rates.
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After the competition, eight of the top-performing teams participated in an analysis of a much larger,
held-out dataset from the same patients. These teams used a variety of machine learning algorithms as
previously described.” Additionally, circadian weighting was incorporated into a sub-analysis of results in
which the original preictal probability predictions from the machine learning algorithms were multiplied

by the probability of a seizure occurring at a given time of day.>’

This paper focuses on ensembling the eight algorithms from the aforementioned post-contest held-out
data evaluation to investigate improvements in seizure prediction performance. Supervised ensembling®
was performed with a multilayer perceptron neural network® taking as input the set of preictal
probabilities for a given ensemble of individual team algorithms for a given data segment. The private
contest test set was used as the training set, and the held-out data set was used as the test set. Only
private contest test data was used for training of ensemble weighting because this set was the basis of
ranking algorithms from the contest. In the neural network, the input layer was equal in size to the
number of algorithms in an ensemble, the middle layer size was set to a constant value of 12, and the
output layer size was set to 2 for binary classification: preictal or interictal. The objective function (also
known as the “cost function”) of the neural network was modified such that the errors of the preictal
class were multiplied by the ratio of interictal:preictal class in the training set to ensure balanced
training data. A sigmoidal activation function was used to obtain the output preictal probabilities. Thus,
a single preictal probability was output for each data segment, given an ensemble of input preictal

probabilities.

All 247 combinations of at least two team algorithms were explored separately to find which
combination achieved the highest performance. For each combination, regularization was used to
explore the prospect of improving generalization of the trained models to the test set (i.e. the held-out
set), and the regularization parameter A was set to 0, 0.2, 0.4, 0.6, 0.8, and 1. Each of the corresponding
1482 combinations (247 combinations x 6 A values) was run in triplicate. All training and testing was

performed in a patient-specific manner.
Statistical Methods

A statistical test to compare AUC scores derived from the same data’’!3 was used to assess if the AUC
score for the top contest algorithm for a given held-out data set (overall or individual patient) was
different from the AUC scores for the ensembled algorithms, both with and without the use of circadian

weighting.> In addition to AUC-based analysis, clinically relevant pseudo-prospective seizure prediction
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performance was evaluated with the metrics of sensitivity (proportion of seizures correctly predicted —
i.e. number of seizures occurring during high-seizure-risk divided by the total number of seizures) and
proportion of time in warning (i.e. proportion of time in high-seizure-risk warning). Success was defined
by an algorithm having higher AUC scores than the original contest algorithms, or higher sensitivities for
matching proportion of time in warning. Statistical tests for performance comparisons are reported with
a significance level of 0.05 with subsequent Bonferroni correction.”!3 Pseudo-prospective seizure
prediction performance was compared against the performance of random analytic Poisson prediction.”

See Supplementary Information for performance evaluation details.
Results

In the results without circadian weighting, for patients 1, 2, and 3, and Overall (refers to all data samples
independent of patient), 3, 1, 25, and 5 percent of ensembles, respectively, achieved higher AUC scores
than the top performing individual team. In the results with circadian weighting, for patients 1, 2, and 3,
and Overall, 0.07, 1, 9, and 5 percent of ensembles, respectively, achieved higher AUC scores than the
top performing individual team. Overall AUC and individual patient AUC values, with and without
circadian weighting, are summarized for the top three ensembles and for the top individual (reference)
algorithms in Table 1B. No statistically significant differences were found at the 0.05 significance level
after correction for multiple comparisons. Without this correction, however, a total of 58 ensembles of
the non-circadian-weighted submissions performed statistically significantly better (ensemble AUCs
ranged from 0.77459 to 0.78537 vs. Team A AUC = 0.76151, p < 0.05) than did the results of Team A on
the overall AUC analyses. A total of 15 ensembles of the circadian-weighted submissions performed
statistically significantly better (ensemble AUCs ranged from 0.81267 to 0.81481 vs. Team A AUC =
0.79684, p < 0.05) than did the results of circadian-weighted Team A on the overall AUC analyses.
Additional analysis provided in the Supplementary Information (Fig S1) revealed no apparent
relationships between complementarity of algorithms (captured by average Pearson’s correlation of the

algorithm predictions) and AUC.

Sensitivity versus proportion of time in warning curves for the top three ensembles, and the top
individual team algorithm reference are shown in Fig 1 for the three patients (rows) without (left
column) or with (right column) circadian weighting. In all cases, performance was above chance and the

best performing ensembles contained the reference team.

Discussion
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In the original NeuroVista trial, a machine learning algorithm was used to predict seizures and
demonstrate the feasibility of seizure prediction with very high performance for some patients, for
example the best case achieved 100% sensitivity and only 3% time in warning.* Nevertheless, for
patients whose seizures are the hardest to predict, as considered here, more refined approaches are

needed to achieve higher performance. Here the approach was ensembling of algorithms.

Although the ensembling methods used in this analysis gave incremental improvements in AUC
performance (between 0.5-1.5% depending on the patient) relative to the best individual performing
team both with and without circadian weighting, these were not found to be statistically significant
when corrected for multiple comparisons. Interestingly, patient 3 had a large number of ensembles with
AUC greater than the best original algorithm (25% of ensembles when circadian weighting was not
applied). Given the large number of ensembles considered here it is not surprising the statistical results
did not survive correction for multiple comparisons; however, the main goal was to consider all possible
combinations to search for an upper bound on performance. Our results suggest, for the challenging
data considered here, that an upper limit of prediction performance using a black-box, machine-learning

approach was reached by the winning competition algorithms.

This does not mean that machine-learning based seizure prediction is not useful, especially given that
excellent performance has been achieved with machine learning for some patients as described above.*
Beyond ensembling, other more refined approaches could be applied to find improvements for these
challenging cases. For example, these patients had many seizures that could potentially be characterized
and grouped by specific seizure types. Different machine learning algorithms could be trained
specifically for each seizure type, such that several algorithms would be used to predict a patient’s set of
seizure types.'® It is also very important to note that as a result of Kaggle contest formats, contestants
did not have full timing information available to them for training, such as the time of interictal
segments relative to preictal segments, which may significantly limit algorithm performance. Moreover,
algorithms that directly account for known seizure triggers, such as sleep-wake rhythms, as well as
novel measurement approaches may offer alternative routes to performance gains.?31° In addition,
recent work looking at long-term rhythms*8 holds significant promise for seizure forecasting, could be
applied in the machine learning context, and suggests that the performance limits seen here may not be

tied to potential limits imposed by the physiological processes underlying seizure occurrence.

It is also important to note that a number of the original team algorithms were ensembles themselves.

For example, Team A was an ensemble of 11 algorithms from four different individuals. In each of these
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cases, the teaming up of individuals was performed towards the end of the competition, so the
ensemble algorithms within these individual teams had already been developed independently from
one another. Therefore, further performance increments using the ensembling performed in the current

study may be limited.

The AUC was not affected by the average correlation of ensemble predictions. This suggests a near-peak
level of performance has been obtained by the original algorithms since ensembling complementary
algorithms (i.e. those with low average correlation) did not lead to a statistically significant boost in
performance. Taken as a whole these results suggest there is likely to be an upper bound on seizure
prediction performance for the patients and algorithmic and training approaches considered here.
Future work with data from more patients” will be needed to truly understand patient-specific or
patient-group-specific limits on seizure prediction performance. The online platform
Epilepsyecosystem.org’ and ongoing studies with wearable and implantable devices provide several

avenues to push in this direction.
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Table 1. Patient Data and Seizure Prediction Performance.

(A) Patient and seizure data characteristics.

Patient Age Gender Epilepsy Seizures Lead Recording Training Testing clips (% Held-out
(years) Type Seizures duration (days) clips (% interictal) clips (%
interictal) interictal)

1 22 F parieto- 390 231 559 797 (69.0) 205 (74.1) 12003
temporal (91.2)
focal

2 51 F occipito- 204 186 393 2027(89.2) 994 (94.0) 22630
parietal (96.8)
focal

3 50 F fronto- 545 216 374 2158 (88.3) 689 (91.3) 25079
temporal (95.6)

(B) Seizure prediction performance on held-out data - ensembles vs originals.

Algorithm Overall  Algorithm Patient 1 Algorithm Patient 2 Algorithm Patient 3

AUC AUC AUC AUC

Best original

team H 0.76632 TeamF 0.77943 Team A 0.82637 Team H 0.7255

Top 3 ensembles

Team A,F,H; A=0.4 0.78537 Team D,F,H; A=1 0.79138 Team AF,G,H; 0.83075 Team A,B,C,E,H; A=0.2  0.73477

A=0.2
Team A,B,F,H; A=0.4 0.78439 Team F,H; A=1 0.78983 Team A,G; A=0.4  0.82957 Team A,B,C,D,F,G,H; 0.73415
A=0.2
Team A,F,G,H; A=0.4 0.78323 Team A,D,F,H; A=1 0.78674 Team A,G; A\=0.6 0.82951 Team C,D,F,H; A=0.2 0.73392

Best original with circadian weighting
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teamH 0.80208 Team F

Top 3 ensembles - circadian weighted

Team AF,G,H; A=0.4 0.81481 Team A,D,F,G,H; A=0

Team A,F,G,H; A=0.6 0.81458 Team A,B,D,F,G,H;
A=0

Team AF,G,H; A=0.8 0.81335 Team B,C,F; A=0

0.74009

0.75808

0.75266

0.74899

Team A

Team A,G; A\=1

Team A,F,G; A=1

Team A,G; A=0.8

0.87458

0.87943

0.87912

0.87904

TeamH

Team A,F,H; A=1

Team A,D,F,H; A=1

Team A,B,C,D,E,H; A=1

0.75977

0.76354

0.76339

0.76326
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Figure Legend

Figure 1. Pseudo-prospective seizure prediction results for the held-out data for the best three
ensembles and for the best individual team for each patient without and with circadian weighting.
Seizure prediction performances without circadian-weighting for the three patients from the NeuroVista
trial whose seizures were the hardest to predict: patients (A) 1, (C) 2 and (E) 3, and with circadian-
weighting for patients (B) 1, (D) 2 and (F) 3. Results are compared to random prediction. The y- and x-
axes correspond to sensitivity and proportion of time in warning (i.e. time in high-seizure-risk),
respectively. For the different algorithms, data points on the curves correspond to different preictal
probability thresholds and only data points surviving correction for multiple comparisons against chance

are plotted.
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