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Abstract

Objective: A realistic seizure diary simulator is currently unavailable for many
research needs, including clinical trial analysis and evaluation of seizure detec-
tion and seizure-forecasting tools. In recent years, important statistical features
of seizure diaries have been characterized. These include (1) heterogeneity of in-
dividual seizure frequencies, (2) the relation between average seizure rate and
standard deviation, (3) multiple risk cycles, (4) seizure clusters, and (5) limita-
tions on inter-seizure intervals. The present study unifies these features into a
single model.

Methods: Our approach, Cyclic Heterogeneous Overdispersed Clustered
Open-source L-relationship Adjustable Temporally limited E-diary Simulator
(CHOCOLATES) is based on a hierarchical model centered on a gamma Poisson
generator with several modifiers. This model accounts for the aforementioned
statistical properties. The model was validated by simulating 10 000 randomized
clinical trials (RCTs) of medication to compare with 23 historical RCTs. Metrics
of 50% responder rate (RR50) and median percent change (MPC) were evaluated.
We also used CHOCOLATES as input to a seizure-forecasting tool to test the flex-
ibility of the model. We examined the area under the receiver-operating charac-
teristic (ROC) curve (AUC) for test data with and without cycles and clusters.
Results: The model recapitulated typical findings in 23 historical RCTs without
the necessity of introducing an additional “placebo effect.” The model produced
the following RR50 values: placebo: 17 +4%; drug 38 + 5%; and the following MPC
values: placebo: 13 + 6%; drug 40 +4%. These values are similar to historical data:
for RR50: placebo, 21 + 10%, drug: 43 + 13%; and for MPC: placebo: 17 +10%, drug:
41 +11%. The seizure forecasts achieved an AUC of 0.68 with cycles and clusters,
whereas without them the AUC was 0.51.

Significance: CHOCOLATES represents the most realistic seizure occurrence
simulator to date, based on observations from thousands of patients in different
contexts. This tool is open source and flexible, and can be used for many applica-
tions, including clinical trial simulation and testing of seizure-forecasting tools.
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1 | INTRODUCTION

Seizure diaries represent a record of the most salient symp-
tom of epilepsy and are to date the most practical proxy
for degree of illness.! Having a realistic simulation of sei-
zure diaries would be useful in many areas of epilepsy
research. In the domain of randomized controlled trials
(RCTs), simulations could be used for statistical power
calculations,”™ assessment of different trial parameters,3
outcome metrics,*®’” and the impact of enrolling different
types of patients on trial success.® For seizure detection,
simulation could help assess risk levels for different de-
vices”® and algorithms.11 For neuromodulation devices,?
a realistic simulator could help facilitate optimization
of stimulation parameters. For seizure forecasting,B"15
simulation is critical to develop a “null hypothesis” upon
which new forecasting tools can be tested. For preven-
tion of sudden unexpected death in epilepsy (SUDEP),'°
a realistic simulator would provide developers of potential
alerting devices and treatments with a tool to plan studies
and improve safety.

Therefore, there have been several attempts to model
seizure diaries over the years.'”'® Most models have been
based on a single small data set, or even no data at all.
Often a Poisson model was assumed, which although easy
to compute, is known to poorly represent seizure diaries.
Several other studies use variations of Poisson models or
negative binomial models, although typically these mod-
els encompass only one or two statistical features of dia-
ries (for more details about prior models, see this study®).
In the past few years, larger data sets have become avail-
able,'® and several additional statistical features across
different seizure diaries have been well described. These
features are (1) statistical characteristics of the large-scale
heterogeneity in average seizure rates across subjects,'
(2) a strong relationship between average seizure rate and
standard deviation across patients and data sets (the “L-
relationship”),20 (3) multiple coexisting risk (:ycles,ZI’22 (4)
seizure clusters,”>** and (5) limitations on inter-seizure
intervals.'?>?® Thus far no simulator has incorporated all
these features into a unified model.

Our approach, Cyclic Heterogeneous Overdispersed
Clustered Open-source L-relationship  Adjustable
Temporally-limited E-diary Simulator, or CHOCOLATES,
accounts for each of the above-mentioned properties. It
produces synthetic diaries that mimic features of a popu-
lation of people with epilepsy at the individual and popu-
lation levels.

Key points

« We introduce a new open-source simulation
tool called Cyclic Heterogeneous Overdispersed
Clustered Open-source L-relationship
Adjustable  Temporally limited E-diary
Simulator (CHOCOLATES).

« CHOCOLATES accounts for five, well-
documented statistical features of seizure
diaries.

« CHOCOLATES represents the most realistic
seizure diary simulator to date.

« CHOCOLATES can recapitulate historical clin-
ical trial results without a “placebo effect.”

« CHOCOLATES can be used to test ideas about
seizure forecasting.

2 | METHODS

2.1 | Model architecture

The simulator design is summarized in Figure 1, with
example data in Figure 2. A complete description of the
mathematics of the model can be found in Appendix A.
Briefly, a seizure frequency is chosen randomly for the in-
dividual, which is then used to generate parameters for
the base risk rate generator. This base risk is modulated
by randomly selected risk cycles for that individual. The
modulated risk rate is used to produce diary A. The timing
of actual seizures is used to modify the modulated risk to
allow for clusters. This new modulated cluster risk is used
to produce diary B. If there are samples of diary B that
have too many seizures based on the maximum limita-
tions, those are truncated to form the final diary.

The monthly seizure frequency is chosen randomly
with a log-normal distribution, tuned to produce a dis-
tribution mimicking a population of 1186 subjects.'” The
main seizure diaries are produced via a modified version
of a gamma-Poisson distribution (equivalent to a nega-
tive binomial®’). The gamma-Poisson parameters were
optimized using a modified stochastic gradient descent
approach to account for an appropriate seizure-rate distri-
bution (feature #1) and the L-relationship20 (feature #2).
A modulation signal is composed by randomly selecting
a set of sine waves from a distribution optimized to re-
produce cycle results reported previously**** (feature
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FIGURE 1 Simulation architecture. The conceptual workflow for the generation of a synthetic diary with Cyclic Heterogeneous
Overdispersed Clustered Open-source L-relationship Adjustable Temporally limited E-diary Simulator (CHOCOLATE). First, a seizure frequency
is generated. This number influences the parameters of the base risk rate. That rate is modulated by the multiple cycles. The modulated risk is
used to produce DIARY ,, which in turn is used for the clustered diary, DIARY . Maximum seizure counts are limited before the DIARY pyay, IS
produced. Note, some of the stages have an asterisk (*) next to them. These indicate stages that include user modifiable parameters

— r[n] = base risk rate
® c[n] = cycles

NN | IN
- m[n] = modulated risk rate, m[n]
—— Seizure diary A

- k[n] = modulated clustered rate
—— Seizure diary B

—— Final seizure diary

0 5 10 15 20 25 30 35 40
Time (days)

FIGURE 2 Anexample of a synthetic diary being generated. Top row: The base risk rate, r/n]. Under r/n], a bar of cycling colors
indicates a sinusoidal risk cycle signal, ¢/n]. Warmer (brighter) colors of c¢/n] represent higher risk susceptibility and cooler (darker) colors
represent lower. To appreciate the modulating effect of ¢/n] when multiplied by r/n/, look at the second row, m[n]. Second row: The risk
cycle signal modulates the base risk rate to produce the modulated risk rate m/n/. This signal is used to produce Seizure Diary A (vertical
lines). Third row: Diary A and m/n] are used to produce the modulated cluster risk rate k/n], which in turn is used to produce Diary B
(vertical lines). Fourth row: The Final Diary (vertical lines) is produced by requiring that Diary B have no more than a maximum number
per unit time. Note: Scales of each plot differ for clarity; therefore relative heights should be considered rather than absolute heights. In all
the plots of diaries (Diary A, Diary B, and Final Diary), each vertical line represents one seizure
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#3). The modulation parameters were optimized using a
modified stochastic gradient descent algorithm to match
the results from a multiple cycle analysis published
from two data sets: 256 responsive neurostimulation pa-
tients® and from 1118 self-reported Seizure Tracker di-
aries.”” A clustering algorithm that accounts for known
characteristics®>**?°73! (feature #4) is then applied (see
Appendix A). A maximum seizure limitation is imposed
on diaries as well (feature #5). This limitation arises from
the observation that 95% of generalized convulsions last
less than 2 min,'*?>?% >90% of 1 037909 self-reported sei-
zures last less than 5 min,'® and the International League
Against Epilepsy (ILAE) recognizes seizures longer than
5 min (or multiple seizures over 5 min without return to
clinical baseline) to be status epilepticus.” It is challeng-
ing to quantify a typical duration for return to baseline.*
Anecdotally, seizures can include a very short inter-
seizure interval with apparent return to baseline while
intracranial monitoring reveals ongoing electrographic
status epilepticus. In the absence of additional studies,
we propose a simple rule to avoid confusion with status
epilepticus: we stipulate a maximum of one seizure in a
10-min interval. This simple rule ensures that the inter-
seizure interval be at minimum twice the minimum sta-
tus epilepticus duration. The code for this software is
freely available at https://github.com/GoldenholzLab/
CHOCOLATE.

2.2 | Simulating randomized
controlled trials

To simulate RCTs, a standard parallel placebo-
controlled design was used, modeled after typical RCTs
used for medication and devices in epilepsy.*®**** The
RCT simulation used modeling assumptions mirroring
prior studies.>**® Each of 10 000 trials comprised 200
synthetic CHOCOLATES patients, treated with “pla-
cebo” and “drug” in a 1:1 ratio. The “drug” was assumed
to have a 30% efficacy® in all patients (a number typi-
cally seen across many clinical drug trials). The “pla-
cebo” was assumed to have an intrinsic 0% efficacy (i.e.,
no psychological “placebo effect” expected*®*’). Effect
of treatment was modeled by probabilistically remov-
ing seizures during the treatment period based on drug
efficacy. In the absence of any seizure-rate variability,
placebo-treated patients would see no change in seizure
rate, and drug-treated patients would see a 30% reduc-
tion in seizure rate.>® However, CHOCOLATES includes
several features that produce variability in seizure rates;
thus the outcomes are not easily predicted without simu-
lation. Moreover, even in the absence of a modeled “pla-
cebo effect,” synthetic patients in the placebo arm could

Epilepsia >

appear to improve due to variability alone. There were
8 weeks of baseline (i.e., no treatment) and 12weeks of
treatment. Typical outcome metrics used by regulatory
agencies were reported, including 50%-responder rate
(RR50) and median percentage change (MPC).** Both
metrics involve the percentage change from baseline
seizure rate of each trial participant to be calculated.
The results were compared to the RR50 and MPC from
23 historical anti-seizure medication trials.**%* To illus-
trate the flexibility of CHOCOLATES, additional trial
simulations using different numbers of patients, drug
strengths, and placebo strengths were evaluated as well
(Appendix B).

2.3 | Evaluating a seizure-forecasting tool
To explore one potential use for CHOCOLATES, it was
used to train a machine-learning algorithm. A training
set of 10 000 seizure diaries ranging from 6 to 24 months
in duration was produced. One diary sample was pro-
duced per day. A deep learning algorithm (fully con-
nected eight-layer multilayer perceptron with dropout)
was given the task of predicting risk of seizure in the
coming 24-h given 3 months of history from that patient.
Once trained, the algorithm was tested on two different
datasets. First a set of 1000 test patients were gener-
ated in the same manner as the training set (“features
on”). Second, a set of 1000 test patients were generated
similarly but with the clustering and cycle features disa-
bled (“features oft”). A receiver-operating characteristic
(ROC) curve and area under the curve (AUC) was pro-
duced based on the algorithm's ability to correctly pre-
dict the next day's seizure risk in each of the two test
sets (this AUC represents all forecasts from all patients
in one calculation).

3 | RESULTS

A demonstration of the stages of CHOCOLATES is shown
with example outputs (Figure 2).

A plot of the distribution of seizure rates (Figure 3A)
demonstrates the heterogeneity of seizure frequencies
across a population of 50000 daily sampled synthetic
patients. Highlighted are the median seizure frequency
of the population (2.9 seizures/month) and the median
seizure frequency of patients who have >4 seizures/
month (8.6 seizures/month). These two values are com-
parable to the 2.7 seizures/month in adults and 3.5 sei-
zures/month in children reported in a study of 10 186
subjects,'” and the average baseline seizure rate of study
populations in the 23 RCTs, which was 8.4, whereas

85U8017 SUOWILLOD BATER1D 3(dedl|dde sy} Aq peusenob a1e ss(ie YO ‘8sn JO S9N 1oy ARIqiT8ulIUQ A1\ UO (SUONIPUCD-PUR-SLLIBYLIOD S| IM ALRIq 1 BU1UO//SANY) SUORIPUOD PUe SWB | 841 88S *[9202/70/92] Uo ArigiTauliuo A8|IM ‘AISIBAIUN peARH AQ T/¥2 T IdS/TTTT OT/I0p/L00" A8 |1M AReaq 1 BulUo//Sdny Woly pepeojumod ‘Z ‘€202 ‘Z9TT8ZST


https://github.com/GoldenholzLab/CHOCOLATE
https://github.com/GoldenholzLab/CHOCOLATE

GOLDENHOLZ AND WESTOVER

» LEpilepsia

Distribution of seizure rates
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FIGURE 3 Seizure rate properties. (A) A population histogram of average monthly seizure rate from 50000 synthetic patients. The

median seizure rate from the population is highlighted. Also highlighted is the median seizure rate from a subpopulation if the seizure rate

must be >4 seizures/month. A prior study found the population median to be 2.7 for adults and 3.5 for children. (B) The L-relationship

is shown. Each dot represents one of the 50000 simulated patients. The position of the dot represents the logarithm of the mean and of

the standard deviation of the monthly seizure rate from that patient. A fit line is plotted through the entire population of points, with a y

intercept = 0 and the slope, which is shown. A prior study®® found this slope to be 7.3-8.3

Significant (p<.05) PLV values
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FIGURE 4 Multiple cycle properties. The result of simulating 1000 synthetic patients for 5years is shown. Each patient is represented

along the y axis. On the x axis, various period lengths are shown. The phase locking value (PLV) is calculated for each period length for each

patient. Using a permutation method, statistically significant (p <.05) PLV values are shown as colored lines (if not statistically significant,

only white is shown). Superimposed is an average PLV across all patients (blue curve) with 1 standard deviation above and below

highlighted with dashed red curves. Prominently, significant 12- and 24-h cycles are noted in most patients, with longer duration, coexisting

cycles seen in many patients at different period lengths

the average minimum eligibility seizure rate was 3.7 in
those RCTs. "%

The L-relationship represents a strong linear correla-
tion between the logarithm of the mean seizure rate and
the logarithm of the standard deviation of the seizure
rate, measured as a slope of the fit line with a y inter-
cept of zero. The slope was found to be 0.71-0.83 across
multiple data sets,® which included intracranial data

from the NeuroVista project,’® physician-curated dia-
ries from the Human Epilepsy Project, and user-curated
self-reported diaries from Seizure Tracker.'® Figure 3B
shows the slope of the L-relationship to be 0.77 from
CHOCOLATES.

A plot of the multiple co-existing cycles seen in the
CHOCOLATES population is shown in Figure 4. This
figure plots 1000 synthetic patients sampled hourly for
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Efficacy endpoints over simulated and historical RCTs
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FIGURE 5 Randomized controlled trial simulations. After
simulating 10 000 trials comprising 200 patients each (1:1 for

0% efficacy placebo to 30% efficacy drug), presented here are the
simulated 50% responder rates (RR50) and the median percentage
change (MPC) values. These are similar to values from 23 historical
trials, also summarized here

4years. The fixed-cycle phase locking value (PLV) was
computed for seizure cycle durations between 12h and
1 year.**®* A conservative statistical permutation test
was used to identify outlier (p <.05) PLVs with 1000 per-
mutations.®* All PLVs that were significant are drawn
on the plot. Superimposed is the average + standard de-
viation of PLVs across patients. The figure shows strong
peaks at 12h and 24h for most patients, whereas sig-
nificant peaks can be seen occasionally in a seemingly
random fashion in some individual patients ranging up
to 1-year periods.

The clustering capabilities of CHOCOLATES were
tested by simulating 10 000 patients with and without
the cluster tool enabled, sampled hourly for 20years.
For testing, clusters were defined using the traditional
two or more seizures in 8 h definition. When the
CHOCOLATES clustering feature was turned on, 47% of
patients had >20% of their seizures in the form of clusters,
whereas when it was off, this was only 13%. This aligns
well with a study that found 52% of non-seizure-free pa-
tients to exhibit clusters (n = 137).” When clusters were
enabled, a median of 80% of seizures were isolated, and
20% were clustered (across patients). When clusters were
disabled, 83% of seizures were isolated and 17% were clus-
tered (across patients). These results align well with the
observation that some clusters are the results of spurious
timing of random events.**

When simulating RCTs (Figure 5), the model pro-
duced RR50: 17+4% placebo, 38 +5% drug; and MPC:
13+6% placebo, 40+4 drug. This compared favorably
to historical data: RR50 21+10% placebo, 43+13%
drug; and MPC: 17+10% placebo, and 41+11% drug.®
Additional simulations are presented in Appendix B, with

Epilepsia -
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FIGURE 6 Testing a seizure forecasting tool. The receiver
operating characteristic curves are plotted for two test sets: 1000
patients with clusters and cycles enabled (“with features”) and 1000
patients clusters and cycles disabled (“without features”). These
test sets were fed into a seizure-forecasting deep-learning algorithm
trained from an independent 10 000 patients with clusters and
cycles enabled. The plots demonstrate that when the features were
enabled, the deep-learning algorithm was able to forecast the risk
of seizure with higher accuracy, measured by area under the curve
(AUC), representing all forecasts across patients

alternative parameters to demonstrate the flexibility of
CHOCOLATES to simulate many possible outcomes.

The seizure-forecasting tool (Figure 6) achieved an
AUC = 0.68 with features on, and an AUC = 0.51 with
features off, indicating that the presence of clusters and
cycles facilitates seizure forecasting, whereas their ab-
sence makes forecasting very challenging. This forecasting
example shows that CHOCOLATES can be used to inter-
rogate potential mechanisms for forecasting by modifying
features of simulated diaries.

4 | DISCUSSION

This study investigated a new realistic seizure diary
simulator, CHOCOLATES, based on data from multiple
studies of people with epilepsy. It accounts for many sta-
tistical features found in seizure diaries and was able to
recapitulate results from typical anti-seizure medication
RCTs. Nothing in the design or parameter specifications
of CHOCOLATES mathematically required that it rep-
licate RCT results; therefore this result may represent
a form of model validation. In addition, it was able to
shed light on the cause for the seemingly high seizure
rates (roughly eight seizures/month) of patients in his-
torical RCTs, showing that the heavy-tailed distribution
(seen in Figure 3A) of seizure rates results in higher
typical values when setting inclusion criteria at baseline
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rates of >4 seizures/month. CHOCOLATES also dem-
onstrated how seizure-forecasting tools (such as deep
learning) can be explored more systematically with an
unlimited supply of virtual patients that have easily ad-
justable statistical features. As shown here, investigators
can simulate patients with or without cycles, with or
without clusters, and control the details of each. A set of
patients without some feature (i.e., a null distribution)
can be produced when testing forecasting tools. The
simulator accounts for (1) the heterogeneity of seizure
rates,'® (2) the L-relationship between rate and variabil-
ity in rate,? (3) multiple co-existing cycles,”>** (4) sei-
zure clusters,? and (5) maximum seizure counts.'®*>
Unlike many prior simulator tools (see tab. 1 in Tharayil
et al.'®), CHOCOLATES accounts for multiple statistical
results reported from many different data sets derived
from many different data collection modalities. Thus
CHOCOLATES may be more generalizable and more
realistic than previous models.

Because the tool is open-source and flexible, it can be
used in a variety of situations. For RCTs, CHOCOLATES
can be used for computing statistical power,”” designing
trial parameters,” comparing trial outcome metrics,*®’
and early prediction of trial success.® For seizure-detection
devices” and algorithms,11 CHOCOLATES could help
assess risk by comparing known “true” seizures to simu-
lated detections accounting for sensitivity and false alarm
rates. For neuromodulation devices,'> CHOCOLATES
could help optimize parameters. For seizure forecast-
ing,"*'> CHOCOLATES can produce unlimited supplies
of realistic “random” data sets upon which new fore-
casting tools can be tested and compared. Data sets can
be controlled for desired properties (such as types and
relative quantities of cycles, duration of clusters, and so
on). As shown in our example, the impact of manipulat-
ing specific features on forecasting accuracy can be tested.
For preventing SUDEP,'® CHOCOLATES could simulate a
targeted epilepsy population for proposed devices, and the
number needed to treat could be estimated. Clearly, many
uses are possible.

The simulator comes with certain drawbacks. First
and foremost, it is no better than the data that was used
to design it. Therefore, the previously reported studies
that included statistical results about seizure diaries
may contain biases, calculation errors, or omissions.
Those studies were taken at face value for the con-
struction of CHOCOLATES. As examples of unknown
quantities, skew and kurtosis of inter-seizure inter-
vals have not been reported previously. Future studies
will be needed to determine expected values. Second,
any model system must make simplifying assump-
tions. Epilepsy is a collection of related conditions with
more than100 underlying causes.’® We believe that the

key findings of most epilepsy conditions can be simu-
lated with CHOCOLATES, but this remains to be fur-
ther validated over time as data sets become larger and
more comprehensive. Third, an important drawback of
CHOCOLATES is that it comes with several parameters
that have been tuned to obtain previously published
results related to the five key statistical features. The
parameters for the cluster module was not optimized
precisely due to the wide range of expected values in
the literature,??*2°3! with prevalence of clustering
between 13% and 76%. Our current default parame-
ters matched the number of clustering patients with
a study that found 52% of patients showing clustering
over 1 year.29 With newer studies of seizure clustering,
it may be necessary to further tune the model, although
the default cluster parameters are easily adjustable.
Previously, it has been noted that self-reported clinical
seizure diaries suffer from inaccuracies due to under-
reporting67 and over-reporting.63 These inaccuracies
are effectively built into CHOCOLATES, given that the
model was built from data derived from these imperfect
diaries. It is noted that data from the Human Epilepsy
Project (physician verified self-reported data),*® respon-
sive neurostimulation,?*® and prolonged intracranial
recordings63 were also accounted for in CHOCOLATES,
partially mitigating this effect.

Could a simpler model suffice? The answer will de-
pend on the application. Sometimes, it may be adequate
to ignore known statistical features of seizure diaries. In
the case of a clinical trial simulation, sometimes a very
simple model may suffice."' If the simulation accounts
for the intra-individual variability seen in seizure rates,
a more realistic model is preferable.8 Similarly, when
considering the impact of clustering or multiple cycles
on RCT outcomes, CHOCOLATES would be very help-
ful. Conversely, none of this complexity is required if one
is only interested in, for example, average seizure fre-
quency. Because CHOCOLATES is an open-source model
it can be reduced and simplified to meet the demands of
individual studies. The full model was designed to have
characteristics in common with measured human data.

CHOCOLATES represents the state-of-the-art in real-
istic seizure diary simulation, accounting for empirically
derived features of seizure diaries across patient-reported,
intracranial, and physician-curated data sets. We hope
that this contribution will further the study of epilepsy
and accelerate research toward more effective treatments.
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