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Abstract

Background: This study aims to illustrate the connection between seizure frequency (SF) and
performance metrics in seizure forecasting, and to compare the effectiveness of a moving average
(MA) model versus the commonly used permutation benchmark.

Methods: Metrics of calibration and discrimination were computed for each dataset, comparing
MA and permutation performance across SF values. Three datasets were used: (1) self-reported
seizure diaries from 3,994 Seizure Tracker patients, (2) automatically detected and sometimes
manually reported or edited generalized tonic-clonic seizures from 2,350 Empatica Embrace 2 and
Mate App users, and (3) simulated datasets with varying SFs.

Results: Most metrics were found to depend on SF. The MA model outperformed or matched
the permutation model in all cases. These more advanced metrics show that comparison to
permutation will falsely elevate poor forecasting models.

Conclusions: The findings highlight SF's role in seizure forecasting accuracy and the MA

model's suitability as a benchmark. This study underscores the need for considering patient SF in
forecasting studies and suggests the MA model may provide a better standard for evaluating future
seizure forecasting models.
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Introduction

Many studies attempt to forecast seizdré$However, patients’ seizure frequency (SF) is
usually ignored when reporting the model performance. It has been observed across studies
that patients have vastly different SRt is possible that model performance metrics
calculated over a cohort might be influenced by SF and, thus, confound the evaluation of
model performance.

Benchmark model selection is another important consideration. Often model performances
are compared against a permutation testiHUsing permutation testing to assess a
forecasting model is a very low bar to overcome, and probably does not have any clinical
significance (see Appendix). Conversely, a moving average model (“what happened before
is likely to happen again’) may be a better litmus test for a successful forecasting tool. In
our prior workS, we found that a deep-learning-based forecasting model which surpasses
the permutation testing does not perform better than a moving average model.

Recently, more forecasting studies use a probabilistic rather than a deterministic
approachk®121516 propability based models (like modern weather forecasts) can be used
as-is, or a threshold cutoff can be applied to artificially create a binary “yes/no” output
for users who choose to view simple outputs. In this study, we focused our attention on
evaluating the probabilities given by forecasting models.

We hypothesized that (1) there is a SF dependence that affects the performance of some
forecasting metrics, and (2) using a moving average model is a better benchmark model
compared to permutation testing. This study aims to explore these two hypotheses with
simulation and real-world data.

Materials and Methods

Datasets and data preprocessing

Simulated dataset— We produced a structured simulation of 9 seizure diaries with 9
different seizure frequencies respectively. Each diary was a 10000-days-long binary array
where 0 indicates there is no seizures and 1 indicates there is at least 1 seizure in that
day. The monthly SF is determined by the number of seizure days in a month ranging
from 1 seizure day to 9 seizure days per month. Of note, most patients from both clinical
datasets had SF values within 1-9/month. All the seizure days occurred consecutively at
the beginning of each month (Appendix). This organization of when seizures occurred was
arbitrary — the key was that each diary had a prespecified number of seizures per month.
Our simulated dataset also served as a perfect recording which contained no biases from
under-/over-reporting of seizure events.

Clinical datasets— Two clinical datasets were evaluated, both approved by BIDMC IRB
with Exempt status. We received access to the e-diary data through a data use agreement
with Seizure Tracker LLC, facilitated by the International Seizure Diary Consortium.
Seizure Tracké? provided de-identified self-reported diaries. We selected patients based
on the recording period and the length of diary (Appendix).
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Another dataset was recorded by Empatica’s FDA-cleared Embrace 2, a wearable device for
generalized tonic-clonic seizure (GTCS) detecti@e-identified wearable-derived seizure
diaries were provided by Empatica for the purposes of this statistical analysis. We selected
patients based on recording duration and on the reliability of their e-diary interactions
(Appendix).

The diaries in both datasets were further transformed into binary diaries, i.e. whether there is
at least one seizure within that day.

Metrics of interest

We focused on 4 commonly used metrics for evaluating probabilistic forecasting tools: two
for calibration (Brier Score and calibration curve) and two for discrimination (area under
curve of receiver-operating characteristics (AUROC), and area under curve of precision-
recall curve (AUPRC)}:24-8141%18 There are some other commonly used méftr
designed to evaluate binary forecasting tools (e.g. tools that only provide a yes/no answer
without a probability) not evaluated in our study. Any metric that might have an SF
dependence (e.g. time-in-warning) would need to account for it.

A desirable metric profile for forecasting tools is: having a low Brier Score (closer to 0 is
better), a high AUROC and a high AUPRC (closer to 1 is better for both). The calibration
curve should be as close to the diagonal line as possible.

To summarize results across diaries, we categorized each diary into SF bins ranging from
1 seizure day/month to 9 seizure days/month with a 1-seizure day/month bin size and
reported the average within each bin. For results on extremely high and low SF, please see
Appendix. The number of diaries in each bin was normalized by the total number of diaries
for visualization purposes.

Benchmark model: Moving average model vs. permutation testing

Moving average model (MA) is a simple causal forecasting model. It predicts the probability
of having seizure events by calculating the rate of seizure-present intervals (here, 24-hour
intervals) in the diary history using a lookback window. In this study, we used a 90-day
window, during which most SFs would be empirically expected to be stéd@ince

MA is intuitive and requires minimal computation (could even be computed manually by a
patient/caregiver), we consider MA a candidate benchmark model.

Permutation testing is a widely used benchmark in forecastingt43k$1t permutes the
model forecasts and calculates the metrics of interest. This process is then repeated (e.qg.,
1,000 times). The average metric across all permutations is typically reported.

Improvement over chance (IOC) is another way to quantify a model performance, as shown
in Eq. (2).

10C(model) = mean(Brier(permuted model)) — Brier(model)
()
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It can be shown that IOC for a perfectly accurate forecasting model (“truth”) is maximal
(Appendix). Therefore, we consider the average result of permutations of truth, denoted
permuted truth, as another candidate benchmark test, because it would provide the largest
possible 10C for a given SF.

One prominent model for seizure forecasting accounts for multidien ¢yéléor
parsimony, we focused on the simpler MA model. (See Appendix)

Results

After preprocessing, there were 3,994 patients from Seizure Tracker with diary durations
of 91-5,337 (median 525) days, and 2,350 patients from Empatica with diary durations of
90-1,551 (median 280) days.

Figure 1 shows the results of comparing the MA and permuted truth, across the four metrics
for each of the three datasets. Seizure Tracker and Empatica have more diaries with low
SF, as expectetf14. For all three datasets, MA always has smaller Brier Scores and equal

or higher AUPRC than the permuted truth across SF. Though all AUROC values fluctuate
around 0.5-0.6 across SF, MA never has an AUROC smaller than the permuted truth across
SF. The calibration curves of MA show slight overestimates in probability for low SF but
improve as SF increases, indicating by aligning with the diagonal line. On the other hand, all
the calibration curves of the permutation truth are nearly horizontal.

Among the metrics of interest, Brier Score, calibration curve, and AUPRC show SF
dependencies. The calibration curve and AUPRC improve as SF increases while Brier Score
decreases as SF increases. AUROC shows no dependency on SF.

Discussion

There are two main findings in our study. First, MA appears to be a better benchmark
compared to permutation testing. Second, three of the metrics, the calibration curve, Brier
score and AUPRC, show a dependence on SF while AUROC appears to be relatively
SF-independent.

It is necessary to report individual patient SF with these metrics when comparing model
performances across different studies. Bins of seizure frequencies can be used if narrowly
defined (as done here). When comparing models evaluated on datasets with different SF
ranges, we suggest imputing metric performance for a common SF range and including SF
independent metrics, such as AUROC (Appendix). Critically, some SF values may not be
very important to forecast (e.g., daily risk in patients who have a seizure per 2-days, or daily
risk in patients with yearly seizures, etc.).

When comparing the performance of MA and permuted truth, we found MA always
performs the same or better than permuted truth. Additionally, MA is preferable as a
benchmark because it (1) is causal (i.e. does not require knowledge of the future), (2)

is easily computed (“back of the envelope calculation”), and (3) is interpretable (“the
previous seizure rate will recur”). These three characteristics are also a good standard for
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any real-world seizure forecasting tool. Conversely, permutation is honcausal (knowledge

of the future is required) and requires more computational resources. Anecdotally, our
investigations have found MA to be surprisingly accurate in multiple seizure forecasting
contexts and therefore a more challenging benchmark to overcome for a candidate model. It
is important to emphasize that if a method was better than chance yet worse than MA, there
would be no clinical utility for it.

We elected to focus on the parsimonious computation of MA for this study. To date, it has
not been shown that the prominent cycles nfotfebutperforms MA. (See Appendix)

Based on our findings, we encourage investigators to consider the impact of SF on metrics
and replace permutation test by MA as a benchmark model when evaluating their forecasting
tools. This rigorous evaluation method can avoid errors caused by SF variance. It is also
more practical to compare a causal forecasting tool with a causal benchmark aligned with
realistic assumptions.

One thing to emphasize is that the potential SF dependence seen across metrics would

be expected for any candidate forecasting model. This can be understood from a simple
example: low SF patients would have good metrics for a model that often undercalls seizures
and high SF patients would have poor metrics for the same model.

Data from self-report or devices can suffer from varying degrees of under-reporting or noise.
Because the SF dependence issue is fundamental to the performance metrics themselves,
we assert that the conclusions here transcend specific data gathering techniques. To confirm
this, we presented perfectreporting noise-free synthetic data as well as two independent
real-world datasets.

All datasets come with biases. We selected 3 distinct forms of data. The encouraging finding
is convergence of results. While we recognize that only certain types of patients would

use Seizure Tracker or Empatica, we believe the principles we explored here have a firm
mathematical foundation, and are being illustrated by the imperfect datasets presents as real
examples of that foundation at work.

There were some differences between the simulation and the clinical datasets. Many of
these differences reflect the simplistic assumptions used for the simulation, as well as
methodological choices made for our study (Appendix).

In this study, we illustrated our ideas a 90-day historical window and 24-hour forecasts.
Other choices for both time windows would not change our two key recommendations (see
Appendix).

The emphasis of this paper is identifying mathematical guideposts for testing algorithms.
In contrast, theva/ueof seizure forecasting tools is beyond the scope of this study; patient
attitudes, beliefs, desires, and behaviors all need to be accounted for prior to deploying a
forecasting tool.
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In summary, this study provides insight into the importance of including patients’ seizure
frequency in seizure forecasting tasks and demonstrates that MA represents a valuable
benchmark with minimal computational complexity.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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HIGHLIGHTS

. Seizure forecasting metrics depend on the seizure frequency (SF)

. It is important to report forecasting metrics as a function of SF

. Comparing moving average (MA) to permutation reveals that MA is always
as good or better

. Comparing a candidate forecasting model against the moving average madel
(MA) is a better benchmark than permutation
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Figure 1.

Twelve scenarios comparing the performance of MA vs. permuted truth. The calibration
curve, brier score, AUROC, and AUPRC are shown in rows. The results of simulated,
Seizure Tracker, and Empatica datasets are shown in columns. In the calibration curves (first
row), the monthly seizure frequencies 1, 5, and 9 are shown in blue, green, and red. The
results of MA and permuted truth are indicated by solid line and dash line. The marker size
indicates the normalized number of diaries within each estimated probability bin. Since the
MA outcomes for the simulated dataset are constant, there is only one estimated probability
in the calibration curve, resulting in a single marker instead of a solid line. The brier

score, AUROC, and AUPRC of MA and permuted truth are indicated by black and green
solid lines respectively in the second, third, and fourth rows. The marker size indicates the
normalized number of diaries within each SF bin. Note that in all twelve comparisons, MA
performs as well or better than permuted truth. Additionally, within this range of SF, all
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metrics except AUROC vary monotonically with seizure frequency. Higher SF values were
explored in simulation (Appendix).

Epilepsy ResAuthor manuscript; available in PMC 2025 December 01.



	Abstract
	Introduction
	Materials and Methods
	Datasets and data preprocessing
	Simulated dataset
	Clinical datasets

	Metrics of interest
	Benchmark model: Moving average model vs. permutation testing

	Results
	Discussion
	References
	Figure 1.

