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Abstract

Objective: Seizure forecasting using e-diaries may help patients with seizures to organize their
daily life. Until now, most methods were not rigorously tested against a strict standard. This study
aims to assess whether the performance of various models for seizure forecasting using e-diaries
is better than the performance of a moving window average (aka, the Napkin method, due to
simplicity of calculation).

Methods: We analyzed 3 cohorts from Seizure Tracker — a retrospective study and two
prospective studies. E-diaries and the type of seizures were extracted from the datasets. We
implemented 5 machine learning models (Perceptron, 1D-convolution, Multilayer Perceptron,
Cycle, PPGLM) and compared their performance at seizure forecasting against the Napkin
forecast. The models predicted the probability of having at least one seizure in the next 24-hour
period based on a 90-day historical window. Model performances were evaluated by commonly
used metrics (AUPRC, AUROC, and Brier Score). We considered a model to be clinically
ineffective if it did not outperform the Napkin method across metrics and seizure frequencies.

Results: 5,501 retrospective patients (3,300 training, 1,100 validation, and 1,101 testing) and
36 prospective patients (21 from one cohort, 15 from the other) were included in the analysis.
No model achieved significantly better performance than the Napkin method across metrics and
frequencies.

Significance: Clinically effective seizure forecasting (i.e. beyond the Napkin method) for 24-
hour risk using e-diaries alone may be infeasible with currently available techniques.

Corresponding author: Daniel M. Goldenholz, 330 Brookline Ave, Baker 5, Boston MA 02215,
daniel.goldenholz@bidmc.harvard.edu.
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Introduction

Unpredictability of seizures can be very disabling. Seizure forecasts could warn patients
to enact short-term preventive therapies. However, forecasting is unsolved. There are
many proposed methods. They make use of e-dlafiaad/or physiological signals (e.g.
electroencephalogram (EEGY® or electrocardiograf®1?). It is unrealistic to record these
signals without expensive equipment. On the other hand, e-diaries allow patients to record
seizures unassisted with no cost using a mobile device or a website.

Previous studies focused on using e-diaries to forecast séiz@fesHowever, those studies

(with two exception’®) typically evaluated models by comparing them to a permutation test
(improvement over chance or I0C) instead of to a moving average (MA). Moreover, prior
studies implicitly ignore the effect of seizure frequency (SF) on forecasting metrics. Our
recent study® found that MA is a stronger clinical benchmark and SF dependency should

be considered when comparing metrics to avoid mistakenly promoting ineffective models.
Because it is simple enough that it can be calculated on the back of a napkin, we refer to MA
forecasts as the Napkin method.

In contrast to 10C, the Napkin method is a causal and interpretable forecasting model
applicable to real-world scenarios. The Napkin method is also among the simplest and most
intuitive forecasting models, which patients may naturally use when guessing their seizure
risk. However, as shown in our previous sttfiiyhe method is not accurate enough for
informed safety decisions. Therefore, the Napkin method isn’t clinically effective.

This study aims to leverage e-diaries to compare 5 machine learning forecasters to the
Napkin method: a Cycle modepoint-process generalized linear model (PPGIOM)
perceptroR®, multilayer perceptron (MLPY, and 1D convolutional neural network

(ConviD¥2 The models we selected covered different structures and complexities. Any
model considered clinically effective must surpass the efficacy of the Napkin method across
metrics and seizure frequencies. We therefore refer to such models as “passing the napkin
test”.

Materials and Methods

Datasets and data preprocessing

Three clinical cohorts were evaluated, all approved by BIDMC Institutional Review Board.
We received access to the data through a data use agreement with Seizure Tracker LLC,
facilitated by the International Seizure Diary Consortium. Seizure Tragkavided de-
identified self-reported diaries. Seizure Tracker is a free tool available on web and mobile
devices. It gives users the option to document their seizure date, time, and type. The
purpose of the tool is to empower people living with epilepsy to play an active role in
their own healthcare. The “retrospective” data comprised an export from Seizure Tracker
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of any patient in their database that did not opt-out of research. Because the retrospective
patients were evaluated post-hoc on user data, the completeness of these diaries is unknown.
The “prospective” datasets came from two separate prospective remote data collection
studies at BIDMC where patients were recruited explicitly for seizure forecasting. In both
prospective studies, Seizure Tracker was used for documenting seizures; however, study staff
independently checked in with patients to ensure complete diaries on a weekly basis. The
first study had a 5-month duration, and the second had a 10-month duration. There were no
overlapping patients between the two prospective studies. For safety reasons, all forecasting
analysis was done after the conclusion of these two studies, meaning patients were not
provided with “live” forecasts.

Patients in all datasets were screened to have a diary length longer than 90 days and an
average SF in the range of 0.5 to 9.5 seizures per month. These limits were chosen based
on the SF distribution from Seizure Tracdk&MWe used a 90-day historical window, during

which most SFs would be empirically expected to be approximately $t&algure types

were also recorded in the datasets. We additionally categorized seizure types into different
severity levels (Supplement Table 1). In the retrospective dataset, we split 5,501 patients into
training (3,300 patients), validation (1,100 patients), and testing (1,101 patients) sets. In the
prospective dataset, we assigned all patients to the testing set (36 patients). We transformed
all diaries into binary arrays indicating if there was at least one seizure in a 24-hour period
(00:00-24:00).

Forecasting models

We implemented a series of models, based on the literature as well as commonly used tools
for time-series analysis. In all cases, we attempted to use state-of-the-art model libraries

to prevent errors and use industry standard default values wherever possible. With the
exception of the Cycle model, all models used a 90-day lookback window as input for
forecasting. Additional detail about each model was provided in the Supplement.

We implemented the Cycle model using unaltered code provided by the Karoly Lab. The
model aims to find a combination of cycle periods which fit previous history best and uses
this combination to calculate the likelihoods of having seizures in the fd#/é24. We

trained Cycle models for each forecast day based only on seizure events that happened
before the forecasted day. The temporal resolution of the Cycle model is hourly by default.
To align the forecasting results with other models, we calculated the daily likelihoods by
taking an average of hourly likelihoods within the same day. Unlike the other models, the
Cycle model did not use a 90-day lookback, but rather used all available seizure data from
the past in order to make forecasts for the next day, to be aligned with prior publications
using this methodfl 117,24,

The point-process generalized linear model (PPGLM) was described in Prdi%%étfat
seizure forecasting. It assumes seizures to be a process that depends on a conditional Poisson
distribution based on patient-specific time series.

Perceptron and multilayer perceptron (MLP, also known as deep learning networks) are
two non-linear models commonly used in classification and regression. The MLP is a
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multiple-layer fully connected extension of the basic perceptron concept. The MLP had 8
hidden layers.

To investigate the performance of a more complicated model, we trained a 1D convolutional
network (Conv1D). There were two convolutional layers, followed by two fully connected
layers for classification purposés.

To enhance each model’'s sensitivity to SF, we trained a collection of models (also known as
mixture of expert&) instead of a single model for each type of selected model. In training,
we categorized each training diary into SF bins ranging from 1 seizure day/month to 9
seizure days/month with a 1-seizure day/month bin size. The SF was estimated using the
entire diary in training. Next, we trained 9 SF-dependent models using the training diary

in each SF bin respectively. In testing and validation, we estimated the SF of the incoming
90-day testing sample. This was then forecasted by the model whose SF was closest to the
estimated SF. In other words, the SF for testing was always estimated prior to forecast and
only used the 90-day history.

Models were tested using a simulated dataset to ensure that all metrics and testing code
would perform as expected. See Supplement for details.

Benchmark model and metrics of interest

Our previous study demonstrated that performance metrics are expected to have SF
dependency and MA appears to be a stronger benchmark model compared to a permutation
test when evaluating model performakté/oreover, unlike permutation tests, MA is a

causal forecasting model and can be simply calculated on the back of a napkin (we also call
MA the Napkin method). We considered a model to have potential clinical utility only if it

has better metrics than MA.

In this study, we selected MA as the benchmark model. MA was calculated using a 90-
day lookback window. We measured the Brier score for evaluating calibration, and area
under the receiver operating characteristic (AUROC) and area under precision recall curve
(AUPRC) to evaluate discriminati®fr3C. The calibration curves of models are available in
the Supplement. The cross-diary results were summarized by SF bins and reported as the
median within each bin. The number of diaries in each bin was normalized by the total
number of diaries for visualization purposes.

Multivariate analysis of variance (MANOVA) and Permutation test

The difference between models and the benchmark model was evaluated by multivariate
analysis of variance (MANOVA) on Brier, AUROC, and AUPRC. Each of the 9 metrics

from the SF bins was treated as independent variables in MANOVA. There are 5 forecasting
tools evaluated, with 1 MANOVA for each of 3 metrics (Brier, AUROC, AUPRC), resulting

in 15 MANOVA results. To correct for multiple comparisons, we implemented false
discovery rate (FDR) correction over the 15 MANOVA results.

Permutation tests are conventionally reported in previous stddigs We performed
permutation tests for each model (without accounting for SF in the result) including
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benchmark MA model. For each testing set diary, we performed 1000 permutations of
each model’'s outcomes and evaluated if the model metrics were within the top 5% of the
distribution of permuted metrics. We then calculated the percentage of the diaries which
passed the top 5% threshold in the testing diaries.

Seizure Severity Analysis: To maximize the models’ performance, we retrained our
models using seizure severity information. We focused on predicting the most severe
seizures (generalized tonic-clonic), as these pose a greater danger to patients. We designed
three kinds of training input: all seizure events as our original method, severity levels, and
only severe events. The same testing as above was used; however, Cycle was excluded
because it was not developed for inputs other than seizure timing. Further methodological
details for the severity analysis are available in the Supplement.

The retrospective data comprised 5,501 patients with ages ranging from 0 to 91. The
prospective datasets (prospective study 1=24 patients, study 2=12 patients, total 36 patients)
had ages 6 to 77. See Supplement for further detail.

After training and validating our models on the retrospective dataset, we tested the models
on 1,101 held-out patients in retrospective dataset and 36 patients in prospective dataset and
calculated our metrics of interest. Training loss, calibration curves, and summary plots are
available in the Supplement.

Fig. 1 shows the comparison between Brier scores, AUROC, and AUPRC of different
models across SF. There are more patients at SF=1 and 2, indicated by the sizes of the
markers. In both retrospective and prospective datasets, Brier scores and AUPRC showed
SF dependencies but not AUROC, as reported in our previous&twWdy observed the
differences of Brier scores, AUROC, and AUPRC between models and MA were small.
Also, there was substantial overlap among the 95% confidence intervals (Cls) of those
metrics. The 95% confidence intervals were wider in the prospective dataset due to the
small number of patients. There was only one patient in the SF=6 bin in the prospective
dataset, resulting in no Cl available at SF=6. Moreover, there was no patient in the SF=7
bin in the prospective dataset. The AUROCSs of all models were slightly above 0.5 across SF
in retrospective dataset. However, all models, except for the Cycle model had an AUROC
lower than 0.5 at SF=2 in the prospective dataset. In both retrospective and prospective
datasets, AUPRC was lower than 0.5.

Table 1 shows the results of MANOVA against MA. In the MANOVA results, no model

was significantly different from MA, except the Cycle model in the retrospective dataset.
Visual inspection in Fig. 1 reveals that the Cycle model performed worse than the MA
across all metrics, thus explaining why MANOVA found a difference. At higher frequencies
Cycle and PPGLM dramatically underperform on Brier Score retrospectively (higher scores
are undesirable for Brier). At low frequencies, MLP and PPGLM beat the MA only on
AUPRC retrospectively, however they did not beat MA on AUROC nor Brier. In Table 2,

the permutation tests show all models, including MA, exceeded the 5% threshold for all
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metrics to more than 20% of the patients in the retrospective dataset. On the other hand, in
prospective datasets, all models, except Cycle, exceeded the 5% threshold for Brier scores
on all patients while only around 10% of patients exceeded the 5% threshold for AUROC
and AUPRC.

All models, including MA, had a very low Brier score due to the low probability of having
seizures at typical seizure rates. Hence, the Brier scores’ difference between models and
MA were small especially when SF was low. The only two models that had an observable
Brier score difference from MA were the Cycle model and PPGLM (Fig. 1 and Table 1).
Cycle model had higher Brier scores than MA because Cycle uses sinusoidal functions to
mimic seizure period. Thus, Cycle gives higher likelihoods for those non-seizure days near
the day when sinusoidal functions reach maximum (suggesting poor calibration). The Brier
score difference between Cycle and MA increases as SF increases because the periods of
Cycle’s sinusoidal functions decrease, resulting in having more high-likelihood non-seizure
days. On the other hand, we observed that PPGLM appeared overconfident and pushed
most of the estimated probabilities toward 0 and 1, resulting in underestimation when the
estimated probabilities were low and overestimation when the estimated probabilities were
high (Supplement Fig. 3).

Using all seizures to forecast only severe seizures resulted in no model outperforming MA
across the 3 metrics. When using all seizures in combination with severity scores to predict
severe seizures, no model outperformed MA across the three metrics. When using only
severe seizures to predict severe seizures, again no model outperformed MA across metrics
(see Supplement).

Discussion

Our results show that there is no model that has overall better metrics than MA using our
rigorous evaluation approach.

The AUROC of all models were slightly above 0.5 in the retrospective dataset, indicating

the models have very limited prediction capabilities. It is worth noticing that Cycle has
AUROC worse than MA at most of the SF bins as shown in Fig. 1 and Table 1. This

result indicates that the pattern of seizures may be more complicated than periodic functions
(the primary assumption of Cycle). Conversely, the result may reflect other factors such as
averaging hourly forecasts from Cycle, potentially diluting underlying cyclical patterns. In

the prospective dataset, the AUROC below 0.5 of PPGLM, Perceptron, MLP, and Conv1D
indicate that the seizure patterns across cohorts are different. Our findings show that seizure
forecasting using e-diaries only is not easily transferable across cohorts of e-diary users.

It is important to note that the prospective cohorts had physician curation and weekly
supervision, whereas the retrospective cohort had neither. Thus, one might suspect the
retrospective data had higher levels of noise.

Our benchmark requirement that a model must overcome the Napkin method on 3 metrics
across SF is based on our prior sttfdshowing that without this consistent result, one
may erroneously expect clinically helpful results from underperforming models. Using Brier
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score addresses calibration, and AUROC/AUPRC addresses discrimination. If a model is
successful with either calibration or discrimination alone, it will still have problems in
deployment.

The Napkin method (a.k.a. MA), Perceptron, 1D-Convolution, Multilayer Perceptron and
PPGLM used a 90-day history window. The Cycle method, consistent with prior work, used
all available history from the diary. It is perhaps possible that other durations of history
would be more suitable (e.g. 180 days, 360, etc.). Our choice of 90 days reflects the tradeoff
between greater historical knowledge, the challenge of expecting longer accurate records,
and the unknown possibility of brain networks shifting over time. It is worthwhile to reflect
that prior studies find that 3 months is a very fruitful choice across mod®litesl that

the median seizure rate in a very large population of outpatients was 2.7 seizurés/month
which means that roughly 50% of such a population would have 8 or more seizures recorded
in 3 months. Nevertheless, future studies may discover robust reasons for unique window
sizes in specific cases.

The permutation test results (Table 2) show that all models had a fraction of patients

that are improved over chance. However, considering SF dependency and all aspects

of metrics, none of the models meet our rigorous standard for clinical utility. A less
demanding evaluation method may promote inaccurate or even harmful forecasting models.
For example, if one trains a forecasting model without considering SF dependency, the
model might perform well only around the majority SF of the patients tested. This would
result in overestimation for SFs lower than the majority and underestimation for SFs higher
than the majority.

We expected better performance when accounting for severity levels. However, no models
performed better than MA in all three training scenarios. Moreover, incorporating severity
levels into models did not enhance model performance compared to the original method.
This result suggests that the information provided by adding severity levels is limited for the
seizure forecasting task.

In this study, we explored 5 different flexible forecasting models as well as several input
forms (diaries with and without different severity markers). None of these techniques pass
“the napkin test” for clinical utility, meaning none of them exceed the performance of

MA (the “Napkin method”). These results imply that e-diaries do not provide enough
information for clinically effective seizure forecasting. There are many potential covariates
associated with seizures which are not included in our model, e.g. medication adference
external stimuff4, and sleep patterf Also, auxiliary physiologic inputs may be more
directly associated with underlying seizure mechariigf$17.31.36

A limitation of the present study is that we cannot evaluate all possible models. However, the
machine learning models we selected encompassed a wide range of architectures and varied
in their number of trainable parameters. When considering deep learning models such as
MLP and ConvlD, it is possible that the retrospective dataset did not include a sample size
sufficiently large to fully take advantage of those flexible models. However, the retrospective
dataset we used is one of the largest seizure diary datasets available in the world. Thus,
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until new datasets become available, this may be the best chance possible to explore such
models. Moreover, as shown the Supplement, there were no signs of overfitting with the
deep learning models, suggesting that the sample size from the retrospective dataset may
have been acceptable.

Another limitation of this study is the perceived reliability of self-reported seizure diaries.
Under-reported or over-reported self-reported data in the retrospective dataset and the
limited amount of prospective data may cause the poor performance of all models. A
previous study of 23 patients showed that only 26% of the patients with epilepsy were
always aware of their seizufésAnother study of 76 patients found that 57% of generalized
or focal seizures seem to be not recognized by witnesses within proximity of the’atient

It is unknown how much over-reporting truly exists, but under-reporting has been estimated
to vary widely from patient to patietft However, numerous studies find that results

found in self-reported seizure diaries match findings in other validated forms #ttfta
Another concern is the small cohort of prospectively collected data. It is possible that
larger prospective datasets may reveal new findings, however it is encouraging that a highly
curated prospective dataset matches the findings in the uncontrolled retrospective data.

It is important to recognize that the current appré@blas not yet been applied to

other forms of seizure forecasting, including scalp EE@®tracranial EE&, or other
physiologic signa®52. It remains unknown if adding e-diaries to those additional measures
would facilitate forecasting that would overcome the limitations seen here. The typical
benchmark that has been tested is permutation testing (also known as chance forecasting),
and as seen here, methods can deceptively look promising if compared to permutation. We
encourage other research groups to adopt our more rigorous benthmhigh is much

harder to overcome, but also has a clinically practical interpretation.

In this study, we compared the performance of various types of machine learning models
against MA for seizure forecasting tasks, considering SF dependency. None of the models
outperformed the Napkin method, a standard clinical benchmark. We suggest that achieving
clinically effective seizure forecasting within the next 24 hours using e-diaries alone

is infeasible. Because all the input data derives from Seizure Tracker, there remains a
possibility that alternative e-diary systems could overcome present obstacles, though we
suspect that such systems would require additional data from the patient. Further study is
needed with other systems, and other forms of physiologic inputs. It remains our hope that
clinically effective forecasting will be discovered soon.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Key Points

Five machine learning forecasts were compared to moving average (“Napk
method”) across seizure frequencies and metrics for discrimination and
calibration.

n

None of the models, including Cycle, outperformed the Napkin method.

Incorporating seizure severity into models did not improve forecasts over the
Napkin method.

Seizure forecasting with e-diaries alone was not clinically effective.
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Figure 1.
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Comparison of Brier score, AUROC, and AUPRC across models in retrospective dataset
and prospective dataset. The solid line indicates the median across diaries within the SF
bin. The shaded area indicates the 95% CI of the metrics. The sizes of the markers indicate
the percentage of patients in the SF bin, showing that some bins have larger or smaller
representative samples. Of note, unlike AUROC and AUPRC, in Brier scores, lower values
indicate better performance. In all cases, there is no forecasting method that is consistently

better than MA.
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Table 1.
The MANOVA significance against the benchmark model (Moving Average) for each metric. The results of

retrospective and prospective datasets are shown as Retro and Pro respectively. The p-values shown were
corrected by FDR correction. The p-values which were considered significant are bolded. Overall requires
statistical significance for all 3 metrics. Improved requires the forecasts to be better than MA visually.

Dataset | Brier | AUROC | AUPRC | Overall significance | Improvement over MA
Cycle Retro 0.000 0.000 0.000 True No
Pro 0.102 0.099 1.000 False No
PPGLM Retro | 0.000 1.000 0.000 False No
Pro 1.000 0.581 0.484 False No
Perceptron Retro | 0.447 0.001 0.000 False No
Pro 1.000 1.000 1.000 False No
MLP Retro 1.000 1.000 0.000 False No
Pro 1.000 0.653 1.000 False No
ConvlD Retro | 0.125 0.000 0.000 False No
Pro 1.000 0.531 1.000 False No
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The percentage of patients whose metrics were significantly better than permutation tests. The results of

retrospective and prospective datasets are shown as Retro and Pro respectively. Nearly all these fractions are

greater than 5% which is the expected value of chance level.

Dataset | % of better Brier | % of better AUROC | % of better AUPRC
Cycle Retro 24.8 26.9 24.2
Pro 48.2 13.8 10.3
PPGLM Retro 86.6 46.9 38.1
Pro 100 12.5 6.3
Perceptron Retro 94.9 50.6 49.3
Pro 100 11.1 13.9
MLP Retro 89.1 51.7 42.5
Pro 100 9.4 3.1
ConvlD Retro 90.5 52.7 50.0
Pro 100 13.9 13.9
Moving Average Retro 86.1 44.4 36.6
Pro 100 11.1 8.3
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