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Summary: Individuals’ seizure rates are highly volatile, with large fluctuations from month-

to-month. Nevertheless, changes in individuals’ mean seizure rates are used to measure 

whether or not trial participants successfully respond to treatment. This study aims to 
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quantify the challenges in identifying individual treatment responders in epilepsy. A power 

calculation was performed to determine the trial duration required to detect a significant 50% 

decrease in seizure rates (p < 0.05) for individuals. Seizure rate simulations were also 

performed to determine the number of people who would appear to be 50% responders by 

chance. Seizure rate statistics were derived from long-term seizure counts recorded during a 

previous clinical trial for an implantable seizure monitoring device. We showed that 

individual variance in monthly seizure rates can lead to an unacceptably high false positive 

rate in the detection of individual treatment responders. This error rate cannot be reduced by 

increasing the trial population; however, it can be reduced by increasing the duration of 

clinical trials. This finding suggests some drugs may be incorrectly evaluated as effective; or, 

conversely, helpful drugs could be rejected based on 50% response rates. It is important to 

pursue more nuanced approaches to measuring individual’s treatment response, which 

consider the patient-specific distributions of seizure rates.

Key words: epilepsy, seizure rate, treatment, clinical trials, response rate

INTRODUCTION

Seizure rates show large fluctuations from month to month. Previous work has demonstrated 

that a memoryless statistical distribution can reasonably approximate seizure diaries1. In 

statistical terms, the memoryless distribution of most people’s seizure counts have been 

shown to be overdispersed compared to a Poisson distribution, (i.e. the variance is higher 

than the mean)2,3. This overdispersion is observed across diverse population studies and does 

not depend on the underlying rate of seizures2. In fact, there is a power-law relationship 

between the variance and the mean seizure rate2. This relationship shows that fluctuations in 

seizure rate scale in accordance with mean seizure rate, so regardless of whether someone has 

frequent or infrequent seizures they will see large deviations above and below their baseline 

seizure rate. Consequently, the mean seizure rate alone does not provide enough information 

to determine whether short-term changes are statistically meaningful. The distribution, or at 

least the variance, of someone’s seizure rates are required to assess if seizure rates have really 

increased or decreased. Nevertheless, changes in individual seizure rates are overwhelmingly 

used to assess drug efficacy in clinical trials. The percentage of “responders” (patients with at 

least a 50% reduction in seizure rates, RR50) remains a primary endpoint for clinical trials. 
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This study demonstrates that there may be unacceptably high error rates (p > 0.05) when 

detecting individual responders.

METHODS

We used data from a previous trial for an implantable seizure warning device (the 

“NeuroVista trial”)4 to determine expected seizure rates and standard deviations. The total 

clinical seizure count per month was computed for 15 subjects. Recording durations ranged 

from 6-months to 2-years and subjects were undergoing their usual day-to-day activities, 

including taking anti-seizure medication. For further details on subject demographics the 

reader is referred to Cook et al (2013). It should be noted that subjects all had refractory 

seizures, and most were taking multiple medications (see Table 1). Subjects’ medications 

remained stable throughout the recording period, although in the last month of recording 

there was the addition of clonazepam during predicted high risk periods. Hence seizure 

numbers from the final month were excluded from this analysis. One subject (S1) was 

excluded from this study as their medication regime changed halfway through the recording 

period. All seizures were recorded on intracranial EEG and reviewed by expert markers. 

Seizure symptoms were either self-reported, reported by carers or confirmed via audio 

recording. Seizures without confirmed symptoms that appeared electrographically identical to 

clinical seizures were also included. The present study only made use of the redacted seizure 

diaries produced from the above EEG analysis.

A standard 80% power calculation was used to determine how many samples (months) were 

needed to detect a 50% decrease in seizure rates. Sample size, N, is given as5:

� =
2�2(�� + �(1 ― �))

2∆2
                      (1)

where  and  are constants based on the desired Type I (  and Type II ( ) errors,  is �� �1 ― � �) � ∆
the desired effect size (the difference in seizure rate) and  is the sample variance of mean �2

monthly seizure rates. Power calculations typically use  and , which allows � = 0.05 � = 0.20

for a false positive rate of 5% and a false negative rate of 20%. Based on these values, we 

used  (for a one-sided significance test) and . Variance, , was �� = 1.65 �1 ― � = 0.8416 �2

calculated from the monthly seizure rates recorded during the NeuroVista trial. The mean 
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monthly seizure rate, , was also computed and the effect size, , was set to  seizures to � ∆ �
2

simulate a 50% reduction in mean seizure rate.

Seizure rate simulations were performed to determine the expected false positive rate of the 

50% response rate, that is the number of people who would appear to be 50% responders by 

chance. Every simulation used 1000 participants, where a given participant was randomly 

assigned a mean and standard deviation corresponding to the actual mean and standard 

deviation of monthly seizure rates recorded from a randomly chosen subject in the 

NeuroVista trial. NeuroVista subjects with a mean seizure rate of less than 2 seizures per 

month, or with medication changes (subject 1), were not included in simulations. For each 

simulated patient, a random sequence of monthly seizure rates was generated by sampling 

from a normal distribution and rounding to the nearest whole seizure count. The negative 

binomial distribution was also used for simulations, with parameters estimated from 

individuals’ monthly seizure counts using a maximum likelihood estimation. Where 

randomly generated seizure rates were negative, the rate was set to zero. For each simulated 

patient, the percentage change in seizure rates was computed as the difference in mean 

monthly seizure frequency between a baseline period and treatment period. The duration of 

the baseline and treatment periods were altered to simulate different trial parameters. The 

total simulation duration (months) was the sum of the baseline and treatment periods. 

Simulations were generated for different trial durations, where the treatment duration ranged 

from 1 to 12 months (step size = 1). The baseline duration was set to either a fixed 1- or 2-

month duration, or equal to the treatment duration (1 – 12 months). For each trial duration, 

the simulation was repeated 1000 times (i.e. in total we simulated 1000 trials each with 1000 

patients resulting in analysis of 1,000,000 individuals).

Note that simulations were not designed to imitate clinical trials in the sense that no 

intervention was actually applied in the treatment period – representing the idealized placebo 

situation. For each subject, the baseline and treatment periods were sampled from an identical 

distribution. In this way, simulations were designed to explore fluctuations in seizure rates 

that occur by chance in a population of people with epilepsy.

RESULTS
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Using historical seizure records of individual mean seizure rates and standard deviations, we 

performed a sample size calculation to determine how long it would take to reliably detect 

whether an individual was a 50%-responder with 80% power. Table 1 shows the mean and 

standard deviation of monthly seizure rates that were reported for the duration of the 

NeuroVista trial, as well as the required sample size to achieve 80% power (given by Eqn. 1). 

Here, sample size can be interpreted as the number of months required to detect a significant 

50% decrease in an individual’s mean seizure rate. Subjects typically required over 6 months 

(median of 20 months) to determine whether a 50% decrease was significant (p < 0.05).

Using the Kolmogorov-Smirnov test the null hypothesis that the data were normally 

distributed was rejected for two out of the fifteen patients (Patient 12, p < 0.05 and Patient 

14, p < 0.01). These subjects had the lowest seizure rates (mean of less than one seizure per 

month) and were not used in simulations. Such patients would typically be excluded by 

standard inclusion criteria of epilepsy trials; therefore, the use of the normal distribution for 

seizure rate simulations was justified. An autocorrelation analysis (with lags from one to 20 

months) was performed to determine whether individuals’ monthly seizure rates were 

uncorrelated from month to month or showed some dependence on previous data points. One 

individual (S6) showed significant autocorrelation at a lag of two months (p < 0.05). No other 

patients showed significant autocorrelation, providing some support for the assumption of 

independent sampling used in simulations. This aligns with our previous work showing that 

memoryless distributions are approximately equivalent to those that include hidden 

Markovian states representing memory of prior days’ seizures1.

We used simulations to explore how individual variability impacts the detection of 50%-

responders at the population level. Simulations computed the expected false positive rates of 

50%-responders in a clinical trial population (i.e. the rate of people who appear to be 

responders by chance alone) across different trial baseline and treatment periods. Figure 1 

shows the expected false positive rate based on a normal and negative binomial distribution 

of monthly seizure rates. It can be seen from Figure 1A that for equal baseline and treatment 

periods, the false positive rate dropped below 5% after a treatment phase of approximately 

four months (i.e. a total trial duration of 4-month baseline + 4-month treatment = 8 months). 

However, when only two months were used to measure the baseline seizure rate, the response 

rate did not reach significance until seven months of treatment (total trial duration of nine 
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months). The trial with two-month baseline did not achieve a false positive rate of less than 

5% under the assumption of a negative binomial distribution of seizure rates (Figure 1B).

DISCUSSION

Individual variance in monthly seizure rates means it may take a long time to reliably detect a 

50% decrease in seizure rates (Table 1). At the population level this can lead to an 

unacceptably high false positive rate (p > 0.05, i.e. more than 1 in 20) in the detection of 

individual treatment responders (Figure 1). The high rate of false positive responders using a 

2-month baseline period was especially concerning, as a baseline of 8-weeks is typical for 

trials6. This error rate cannot be reduced by increasing the trial population (our simulations 

used 1000 patients); however, it can be reduced by increasing the duration of clinical trials.

The 50% response rate remains the preferred outcome measure of the European Medicines 

Agency7. The U.S. Food and Drug Administration prefers median-%-reduction (MPR). The 

MPR is more statistically efficient than the 50% response rate8, which is likely due to the 

median’s resistance to large fluctuations. However, there is no widely accepted method for 

computing a sample size based on a difference in medians9. When sample size calculation is 

based on the 50% responder rate then it is important to consider how the population variance 

is estimated5. The individual variance in seizure rates is likely to translate to a high 

population variance governing the outcome of clinical trials that assess differences in 

responder proportions between trial arms. Future work will focus on precisely quantifying the 

impact of individual variance on group level statistics used in clinical trials.  

It is important to note that the reported false positive rates are based on the subjects in the 

NeuroVista trial, and do not represent the full range of participants enrolled in clinical trials. 

The NeuroVista cohort all had medically refractory, focal epilepsy which may manifest with 

different seizure rates compared to other epilepsy syndromes. However, we note that earlier 

work demonstrated that the seizure rate mean and variance for the NeuroVista participants 

was consistent with self-reported diary data from a large cohort2. The assumption that 

monthly seizure rates are independently distributed is likely to be violated by some 

individuals at particular time scales, especially considering the prevalence of slow, multiday 

cyclic trends10. In this study, one individual showed significant correlation in their monthly 

seizure rates at a lag of two months. This study also did not record drug effects (i.e. missed 

medication), which could affect seizure rate variance. During clinical trials the variance may 
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be somewhat reduced by controlling this environmental variability; however, it is worth 

nothing that in a trial patient self-reporting errors may also decrease the signal-to-noise ratio 

compared to intracranial monitoring. 

This study highlights how the low signal-to-noise ratio of individual seizure rates can make it 

challenging to assess treatment efficacy within a population. The traditional approach to this 

problem is to sample a large number of patients because it is only a group comparison (drug 

versus placebo) that is ultimately of interest for the “success” of a trial. However, population 

response rates are difficult to assess when there is higher uncertainty about whether 

individuals truly responded. Due to the limitations of this study, it is difficult to definitively 

state how individual seizure rate fluctuations alter group level 50% response rates. The 

presented results should not be taken to invalidate the success or failure of existing clinical 

trials. However, the assumptions used to calculate trial power and significance should be 

evaluated in light of the expected high false positive rate of 50% responders. Continually 

assessing and improving clinical trials is important considering anti-epileptic drugs showed 

modest efficacy across a meta-analysis of clinical trials11, and for decades there has been no 

improvement in the number of people with medically refractory epilepsy12. Developing more 

nuanced evaluation metrics may help to detect a treatment response in this challenging cohort 

of people with refractory seizures. 

In conclusion, it is difficult to detect a true difference between individual treatment 

responders and non-responders, particularly when the trial duration is short (i.e. < 8 months). 

This challenge may result in drugs being incorrectly evaluated as effective; or, conversely, 

could cause helpful drugs to be rejected, due to potentially high rates of false positive 

responders in the treatment or control arm of a clinical trial. To address this challenge, it is 

important to pursue and validate novel metrics for computing drug efficacy that consider 

patient-specific models of seizure rates. For example, models that account for the individual 

variance of seizure rates13 may provide a better chance of distinguishing responders from 

non-responders. We anticipate that digital seizure diaries and wearable devices could one day 

enable a-priori models of individual’s seizure patterns, providing valuable pre-trial screening 

tools.
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FIGURE CAPTIONS

Figure 1: False positive rate when detecting 50% responders. Simulations were 

performed to determine the proportion of people who appeared to be 50%-responders in a 

population of 1000 people with epilepsy. The mean false positive rate across simulations is 

shown on the y-axis. The shaded region shows the 95% confidence intervals using the 

standard deviation. Simulations were performed 1000 times for each treatment period (x-

axis). Different baseline periods were also considered (a 1-month and 2-month baseline 

monitoring period, and a baseline the same duration as the treatment period). A) Simulations 

based on a normal distribution, using the mean and standard deviation of seizure rates 

observed in the NeuroVista cohort (Table 1). B) Simulations based on a negative binomial 

distribution with parameters estimated from the monthly seizure count data recorded in the 

NeuroVista cohort.
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TABLES

Table 1: Seizure rate statistics and 50% response power. Recording durations, 

medications and monthly seizure rate means and standard deviations for subjects in the 

NeuroVista trial. N is the number of months required to assess whether a person showed 

>50% decrease in seizure rates (p < 0.05) based on a sample size calculation with 80% 

power.

Subject Recording 

(months)

Anti-seizure medication Mean Standard 

deviation

N 

(Months)

1 27 CLZ, LEV, LTG, VPA 5.7 2.9 13

2 23 LCM, LTG, OXC, VPA 1.4 1.0 29

3 20 CBZ, LTG, PHT 19.1 12.8 22

4 8 CBZ, LCM, LTG, TPM, PHT 2.7 0.7 4

5 8 CLZ, LTG, OXC, TPM 1.1 0.9 30

6 12 None 6.0 2.6 9

7 7 CBZ, CLZ, LEV 54.3 53.6 48

8 20 CBZ, LEV 23.8 15.5 21

9 14 CBZ 14.3 5.4 7

10 14 LEV, OXC, ZNS 40.8 26.3 20

11 24 LCM, PHT, PRP 20.3 12.2 18

12 22 LTG, LCM, PHT, RTG 0.6 1.3 239

13 24 CBZ, CLZ, LEV, LCM 21.2 11.9 16

14 19 CLZ, OXC 0.6 1.0 127

15 15 CBZ, LCM, PRP, TPM 5.1 2.0 7
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