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Summary
Background Epilepsy has long been suspected to be governed by cyclic rhythms, with seizure rates rising and falling 
periodically over weeks, months, or even years. The very long scales of seizure patterns seem to defy natural explanation 
and have sometimes been attributed to hormonal cycles or environmental factors. This study aimed to quantify the 
strength and prevalence of seizure cycles at multiple temporal scales across a large cohort of people with epilepsy.

Methods This retrospective cohort study used the two most comprehensive databases of human seizures 
(SeizureTracker [USA] and NeuroVista [Melbourne, VIC, Australia]) and analytic techniques from circular statistics to 
analyse patients with epilepsy for the presence and frequency of multitemporal cycles of seizure activity. NeuroVista 
patients were selected on the basis of having intractable focal epilepsy; data from patients with at least 30 clinical 
seizures were used. SeizureTracker participants are self selected and data do not adhere to any specific criteria; we 
used patients with a minimum of 100 seizures. The presence of seizure cycles over multiple time scales was measured 
using the mean resultant length (R value). The Rayleigh test and Hodges-Ajne test were used to test for circular 
uniformity. Monte-Carlo simulations were used to confirm the results of the Rayleigh test for seizure phase.

Findings We used data from 12 people from the NeuroVista study (data recorded from June 10, 2010, to Aug 22, 2012) 
and 1118 patients from the SeizureTracker database (data recorded from Jan 1, 2007, to Oct 19, 2015). At least 
891 (80%) of 1118 patients in the SeizureTracker cohort and 11 (92%) of 12 patients in the NeuroVista cohort showed 
circadian (24 h) modulation of their seizure rates. In the NeuroVista cohort, patient 8 had a significant cycle at 
precisely 1 week. Two others (patients 1 and 7) also had approximately 1-week cycles. Patients 1 and 4 had 2-week 
cycles. In the SeizureTracker cohort, between 77 (7%) and 233 (21%) of the 1118 patients showed strong circaseptan 
(weekly) rhythms, with a clear 7-day period. Between 151 (14%) and 247 (22%) patients had significant seizure cycles 
that were longer than 3 weeks. Seizure cycles were equally prevalent in men and women, and peak seizure rates were 
evenly distributed across all days of the week.

Interpretation Our results suggest that seizure cycles are robust, patient specific, and more widespread than previously 
understood. They align with the accepted consensus that most epilepsies have some diurnal influence. Variations in 
seizure rate have important clinical implications. Detection and tracking of seizure cycles on a patient-specific basis 
should be standard in epilepsy management practices. 
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Copyright © 2018 Elsevier Ltd. All rights reserved.

Introduction
The human body is a collection of thousands of clocks, 
each cycling in accordance with their own pacemaker.1 
Cells such as neurons can track time with millisecond 
accuracy.2 Hormonal cycles might have longer periods 
than cells of 24 h (eg, cortisol), 28 days (eg, oestrogen), or 
more. The presence of many metabolic cycles with their 
various peaks and troughs has a fundamental effect on 
human health. For example, sleep cycles are linked to 
healthy brain function.3 Understanding the cyclic nature 
of disease progression is vital for treating diseases that 
continuously fluctuate through stages of severity, rather 
than steadily worsening. 

Cycles of disease severity have been extensively studied 
in epilepsy, with data accumulating over hundreds of 
years. The rate of seizures has long been shown to oscillate 
regularly over the course of days,4 months,5,6 and years.7,8 

Modern research has provided extensive documentation 
of circadian patterns of seizures.9–11  Longer cycles of 
seizure frequency are less easily studied, although they 
have been recorded.12,13 Monthly seizure rhythms are often 
interpreted as catamenial seizures that coordinate with 
hormonal cycles.14,15 Notably, multiple studies have iden
tified approximate monthly cycles that did not appear to 
be more prevalent in women.5,16,17 Individuals vary in 
circadian rhythms of epilepsy, with different patients 
having distinct times of peak seizure onset.16,17

Although the existence of seizure cycles is clear, their 
cause is somewhat controversial. Peak seizure times 
might arise purely from behavioural changes, such as 
different stress levels at the weekend, or seasonal 
variation in sleep quality. Alternatively, innate and 
persistent biological drivers, such as those that govern 
sleep, menstruation, hibernation, or breeding cycles (eg, 
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in mammals) might affect seizure cycles. Increasing 
evidence shows that seizures are comodulated with 
subclinical epileptic activity that also adheres to patient
specific circadian and multiday cycles. In 2018, Baud and 
colleagues16 reported that seizures preferentially occurred 
within a particular phase of the underlying cycles of 
epileptic activity (referred to as phase locking). Karoly 
and colleagues17 had previously hypothesised that 
circadian rhythms of seizure and spikewave discharges 
occur with aligned phases. Taken together, these results 
suggest that subclinical epileptic activity and seizures 
share similar regulatory factors. Underlying oscillation 
in metabolic or regulatory factors would modulate both 
seizure susceptibility and the rate of interictal discharges. 
A better understanding of seizure cycles might provide 
new targets for treatment. 

Even without fully understanding the mechanisms of 
seizure cycles, temporal patterns can be incorporated 
into patient management plans. Chronotherapy, or 
scheduling medication so that drug concentrations 
coincide with times of peak seizure propensity has been 
explored in the treatment of epilepsy.18,19 Daily cycles of 
seizures might be caused by peaks and troughs in drug 
effectiveness due to metabolic cycles. Hence, trying to 
treat these seizure cycles by drug scheduling might 
simply shift the timing of patient’s peak seizure risk, 
unless longacting drugs with stable blood concentrations 
are used. By contrast, longer monthly cycles are less 
likely to be caused by medication. There is evidence that 
longer cycles of epileptic activity might be as strong as 
circadian rhythms;16 however, the possibility of titrating 
therapy over weekly or monthly cycles has not yet been 
explored.

A better understanding of seizure cycles will help 
advance our understanding and treatment of epilepsy. 
However, scarcity of reliable, longterm records of patients’ 
seizure times has restricted the ability to investi gate 
temporal rhythms. The study of patterns greater than 24 h 
is particularly challenging because of the require ment of 
very long recording periods. Documentation of monthly 
and annual cycles has generally been limited to small 
cohorts of tens of patients.15 Other, larger studies have not 
taken patientspecific patterns into account. Given the 
individual nature of epilepsy, where each person’s seizures 
might be uniquely caused by the specific wiring of their 
brain, population approaches will probably never reveal all 
facets of epilepsy progression. In this retrospective cohort 
study, we investigated whether repeating (cyclic) patterns 
of seizure onset aligned with a particular phase of (ie, are 
phase locked to) an underlying periodic signal in patients 
with epilepsy.

Methods
Study design and data sources
We used two unique seizure datasets to investigate cyclic 
patterns. The first dataset from a study by Cook and 
colleagues20 (NeuroVista data; Melbourne, VIC, Australia) 
is the longest continuously recorded electrocorticography 
in humans. To confirm findings across a large population, 
we also used selfreported seizures recorded from a study 
using SeizureTracker (USA).21 

In the NeuroVista study,20 epileptic seizures were 
recorded from 15 participants with focal epilepsy. 
Participants were each implanted with a single device, 
consisting of 16 intracranial electrodes and a sub
clavicular component, for 6 months to 3 years. Approval 

Research in context

Evidence before this study 
We searched for studies on epilepsy and cycles published in 
MEDLINE from Jan 1, 1946, to Nov 1, 2016, and Embase from 
Jan 1, 1974, to Nov 1, 2016, using comprehensive electronic 
search strategies combining terms “epilepsy”, “seizures”, 
“convulsions”, “cycles”, “circadian”, “diurnal”, “patterns”, 
“circaseptan”, and “catamenial” with no language restrictions. 
Historical publications relating to the same search terms were 
identified through Google Books. We identified a small number 
of studies in between 1946 and Aug 23, 2018, and some older 
historical texts relating to these terms, mostly in relation to 
cycles of the moon and the postulated connection with 
seizures. Although many authors have appreciated that cycles 
in the patterns of epileptic seizures exist, these have been 
poorly defined, chiefly because no accurate databases of seizure 
activity over sufficiently long timeframes were available. 

Added value of this study
We used two unique databases of seizure activity: the 
NeuroVista study, which captured continuous EEG recordings 

from intracranial electrodes for up to 3 years, and the 
SeizureTracker study, which has data from more than 
12 000 patients for periods of up to 8 years. The NeuroVista 
study captured much higher-resolution data over a shorter 
period than SeizureTracker, though SeizureTracker contains a 
much larger sample of seizures from a greater number of 
patients. This allowed hypotheses regarding the underlying 
patterns of seizure activity identified in the NeuroVista study to 
be validated in a much larger population. 

Implications of all the available evidence
Marked and highly individual patterns of seizure activity were 
seen in patients over multiple time scales. Circadian rhythms were 
most common, but a notable minority of patients had 7-day 
cycles (circaseptan), as well as much longer cycles (>3 weeks). 
These cycles were similarly prominent in men and women. The 
identification of these patterns might allow the development of 
personalised chronotherapies, more accurate seizure prediction 
algorithms, and provide an insight into the biological basis of 
culturally ubiquitous calendar measures such as the week.
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for the NeuroVista study20 and this study was obtained 
though the Human Research Ethics Committees of the 
three participating clinical centres: Austin Health, The 
Royal Melbourne Hospital, and St Vincent’s Hospital of 
the Melbourne University Epilepsy Group (LRR145/13). 

SeizureTracker is a website with connected mobile 
apps through which patients can self report and track 
their seizures. The data was managed in a deidentified 
format, consistent with the recommendations of the US 
Department of Health and Human Services Office for 
Human Research Protections, protocol number 12301. 
Patients consented to sharing their data under the terms 
of the SeizureTracker privacy policy. 

Because data from SeizureTracker is self reported, we 
used several preprocessing steps to improve the quality 
of the data. Seizures with no duration were removed, as 
were seizures with duration longer than 1 h. Because of 
recording protocol, seizures reported without onset 
times were saved at 1 am in the SeizureTracker database; 
therefore, we removed all seizures recorded at 1 am. We 
analysed people with at least 3 months of data collection 
and at least 100 recorded seizures.

Procedures
The presence of cyclic patterns over many time scales 
was measured using the magnitude of the mean resultant 
vector for different periods. The mean resultant vector 
can be intuitively understood  by realising that circular 
quantities, such as time, can be expressed as positions on 
a clock (ie, as unit vectors with a direction corresponding 
to the elapsed time allotted for each cycle). The vector 
sum of all the clock hands gives the mean resultant 
vector.22,23 Hence, the length of the mean resultant vector, 
or mean resultant length (R value), measures how well 
seizures aligned to the same phase of a given underlying 
period. The R value is the complement of the circular 
variance—ie, it inversely corresponds to the variance of 
seizure onset phase. Higher R values reflect stronger 
alignment to some phase of an underlying cycle (an 
R value of 0 reflects a random distribution and an R value 
of 1 suggests all seizures occurred at precisely the same 
time of every cycle; appendix).

In this study, the actual phase (the angle of the mean 
resultant vector) was not considered. Instead, the 
strength and significance of phase alignment (R value) 
was measured for different time scales. The R value was 
calculated for periods of 6 h to 3 months to enable many 
time periods to be viewed simultaneously for each patient 
(by plotting the cycle period vs R value). Peaks in the 
R value highlight the presence of an underlying cycle 
regulating seizure onset for that particular time scale. 
The same R value analysis was done for NeuroVista and 
SeizureTracker data.

To calculate the mean resultant vector, seizure times 
were represented as phases, depending on when they 
occurred in a cycle of a given period (ie, for a 24h period, 
seizure times are 0–24 h, for a 1week period seizure 

times are 0–168 h). To avoid clustered seizures artificially 
increasing the estimation of the R value, seizures 
occurring within the same hour were removed. For time 
scales longer than 48 h, seizures occurring on the same 
day were also removed (meeting a commonly used 
clinical definition for clustered seizures).24 Seizures 
occurring on the same day were not removed for cycles 
with only 1day or 2day periods, because this could bias 
results making seizures appear more common in the 
early hours of the morning (as any later seizures on the 
same day would be removed). Clustered seizures were 
also analysed separately (appendix).

We hypothesised that seizure times were phase locked 
to an underlying periodic signal. Therefore, instead of 
looking for a periodic signal in the rate of seizures, this 
study explicitly measured how well seizure onset aligned 
to the phase of a given underlying period (ie, a day, week, 
or month). The data were treated as a onedimensional 
signal (seizure times), an approach inspired by tech
niques for analysis of neural spike trains, which might 
be phase locked to many different periodic signals. 
Several key techniques from circular statistics were used 
in this analysis that are also used in the analysis of 
spiking neurons. 

Statistical analysis
Minimum seizure numbers were selected on the basis of 
simulation results (appendix). For the NeuroVista study,20 

the minimum seizure number was set to 30 seizures, 
resulting in 12 patients (from the original cohort of 15). 
For the SeizureTracker data,21 the minimum threshold 
was set at 100 seizures, resulting in 1118 patients (from 
the original cohort of 12 947). 

Because of known discrepancies between electro
cortico graphy data (NeuroVista data)20 and selfreported 
seizures (SeizureTracker data),21 a quantitative 
comparison across these two different datasets was not 
done. Instead, this study aimed to detect qualitative 
similarities relating to the existence, prevalence, and 
distribution of multiday seizure cycles.

The Rayleigh test can be used to measure the non
uniformity of circular data (under the assumption that 
data are normally distributed),22 as well as confidence 
intervals for the mean of circular quantities.25 In this study, 
the Rayleigh test was used to reject the null hypothesis 
that the phase of seizure times was uniformly distributed 
around a circle. The Rayleigh test assumes data are 
normally distributed (ie, follow a vonMises distribution, 
which is the equivalent of a Gaussian for circular data). 
The Stephens modified Watson test26 was used to establish 
whether data followed a vonMises distribution or not. 

In addition to the Rayleigh test, the HodgesAjne test27 
was used to test for circular uniformity. Although the 
HodgesAjne test is less powerful than the Rayleigh test, 
it works well for unimodal, bimodal, and multimodal 
distributions and does not make assumptions about the 
underlying distribution of the data.

For the SeizureTracker privacy 
policy see https://seizuretracker.
com/MainPrivacy.php

See Online for appendix

https://seizuretracker.com/MainPrivacy.php
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Because there are no established distributionfree 
statistics for the R value,28 MonteCarlo simulations were 
also done using a Poisson or negative binomial model 
for seizure times to confirm the results of the Rayleigh 
test for seizure phase. From the distribution of R values 
over multiple simulations, it was possible to calculate 
the magnitude of the mean resultant vector that was 
expected to occur by chance for our data (p<0·05; 
appendix). All significance was assessed after correcting 
for multiple comparisons (testing was done at multiple 

time scales for each patient). All analyses were done in 
MATLAB (version 2017a) using the Circular Statistics 
Toolbox.

Role of the funding source 
The funders of this study had no role in the study design, 
data collection, data analysis, data interpretation, or 
writing of the report. All authors had full access to all 
study data and the corresponding author had final 
responsibility for the decision to submit for publication.

Figure 1: Seizure cycles in electrocorticography data
R values were calculated from the 12 patients from the NeuroVista database. Each subpanel shows the R value for a patient’s seizure times (y axis) at a given time 
cycle (x axis). The presence of significant cycles is highlighted as pink diamonds (p<0·05, corrected for comparisons across multiple time cycles). R values were not 
computed for every time scale shown on the x axis, but the data were linearly interpolated for display.
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Results
From the NeuroVista study,20 we used data from 12 people 
(eight men and four women) who had at least 30 clinical 
seizures, recorded between June 10, 2010, and Aug 22, 
2012. Mean recording duration was 1·4 years (SD 0·5). 
All patients showed a significant oscillation for at least 
one time scale (figure 1). 11 (92%) of 12 patients had 
strong rhythms at 24 h. One person (patient 8) had a 
stronger 12h cycle than 24h cycle, showing two peaks in 
seizure probability per day. From the general behaviour 
of the R value, a 24h cycle should also show a smaller 
peak at 12 h (but no peak at 48 h). More generally, when 
phase alignment for some period occurs, the R value will 
also increase for half that period but would not increase 
at double the period (the phases cancel out). In an ideal 
case, in which seizure times show perfect alignment to a 
given phase, the R value does not decrease at half periods. 
For example, someone who always had a seizure at 
precisely 0800 h would have an R value of 1 at 6 h, 12 h, 
and 24 h. However, any noise (small deviations from 
0800 h) always favours the true cycle—ie, the largest R 
value appears at 24 h. Other multiples of the period do 
not show this effect. For example, a patient who always 
had a seizure sometime on a Monday would show a peak 
R value at 7 days, a slightly smaller peak at 3·5 days, but 
no peak at 24 h.

Patient 8 also had a significant cycle at precisely 1 week. 
Two others (patients 1 and 7) also had approximately 
1week cycles. Patients 1 and 4 had 2week cycles. Some 
people (patients 3, 6, 7, and 10) had stronger rhythms at 
time scales longer than 24 h, which suggests that 
circadian regulation was not necessarily the strongest 
modulating factor of epileptic activity.

The SeizureTracker database contained 12 947 patients 
with diverse types of epilepsy and recording durations of 
up to 8 years (median 1·8 years [IQR 0·9–3·8], mean 
2·5 years [SD 2·7]). All data were obtained from self
reported seizure diaries, extracted from Jan 1, 2007, 
to Oct 19, 2015. After preprocessing of seizure times in the 
SeizureTracker data, people with less than 100 seizures 
were excluded, leaving 1118 patients (500 women, 476 men, 
and 142 sex not recorded). Notably, despite the initially 
large cohort, only 3918 people had more than ten reported 
seizures (1782 had more than 50 seizures). It was necessary 
to set a cutoff for seizure numbers, because the 95th 
percentile of the R values begins to rapidly increase at less 
than about 50–100 seizures (appendix). To ensure a high 
degree of rigour in all statistical tests, a threshold of 
100 seizures was chosen; however, results were qualitatively 
similar for a cutoff of 50 seizures (appendix). Notably, a 
mean of 40% (SD 27) of seizures occurred in a cluster 
(median 37% [IQR 16–61]), and a mean of 19% (20) of lead 
seizures became clusters (median 13% [2–30]). The effect 
of clustering on cycles was assessed separately (appendix).

One patient in the SeizureTracker cohort mostly had 
seizures during the day (between 0800 h and 2000 h; 
figure 2A). Another patient had most seizures on Sundays 

and Fridays (figure 2B). Another patient (figure 2C) had 
no seizures in the final week of each month.

In the SeizureTracker cycles heatmap, dark vertical bands 
are visible at 12 h and 24 h, suggesting that most patients 
show circadian oscillations of their seizure occurrence 
(figure 3; appendix). Repeating cycles with a period of 
1 week was also common, evidenced by the vertical band, 
and small peak in the average phase locking value at 7 days. 
Many patients also showed some evidence of cycles lasting 
up to a month, although no obvious preference for longer 
periods, such as a 28day cycle, was seen. 

In 45% of the SeizureTracker data, the null hypothesis 
that the seizure phases belonged to a vonMises (normal) 
distribution was rejected. Hence, the results of the 
Rayleigh test might not be reliable. 

Figure 2: Example R values and histograms for multiday seizure cycles
Circular histograms of seizure times of three patients from the SeizureTracker database. For each histogram, the 
number of seizures is given on the radial axis, with each division representing ten seizures. (A) A patient with a 
daily cycle, seizures most prevalent in the morning. (B) A patient with a weekly cycle, seizures predominately on 
Friday and Sunday. (C) A patient with a monthly cycle, no seizures during 1 week of each 4-week period. 
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Figure 3: Raster plot of seizure cycles from SeizureTracker patient diaries
The colour code shows the mean resultant length (R value) for all 1118 patients (y axis) over different time scales 
(x axis). The R value was computed for 80 different time scales ranging from 6 h to 3 months. The red line shows 
the mean R value across all patients (right y axis). Dotted lines are 95% CI for the SEM. Peaks at 12 h and 24 h 
(circadian rhythms) and a smaller peak at 1 week are visible. The R value was computed for 80 different timescales 
ranging from 6 h to 3 months. Multiple patients also showed significant alignment for longer periods. A graphical 
representation of the exact p values is in the appendix.
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At least 86% of people showed one significant cycle in 
their seizure times (965 [86%] of 1118 with the Hodges
Ajne test, 990 [87%] with the Rayleigh test, and 958 [86%] 
with the MonteCarlo simulation; at least 64% had more 
than one cycle; table). Most cycles were circadian, with at 
least 891 (80%) of 1118 people showing significant 24h 
cycles. Some discrepancies were noted between statistical 
measures for 7day cycles; 77 (7%) people with the Monte
Carlo simulation and 233 (21%) people with the Hodges
Ajne test had significant 7day cycles. Between 151 (14%) 
and 247 (22%) people had significant cycles of longer 
than 3 weeks. 

Some relevant probabilities were computed to gain an 
intuitive understanding of the significance of the results. 
5% of patients are expected to show a significant cycle by 
chance alone (appendix). In a cohort of 1118 patients, the 
chance that two or more patients would randomly share 
a cycle is greater than 60%. However, this chance rapidly 
decreases for more then two people sharing a cycle, so 
the probability that six patients will share a cycle is 
less than 1%. The probability that 77 patients would 
randomly share a specific cycle (such as a 7day cycle) is 
infinitesimal. The chance that 151 patients would share a 
cycle longer than 3 weeks is greater: about 39 patients 
would be expected to be in this group by chance 
(appendix).

No significant pattern difference was seen between 
men and women for patients with seizure cycles at 
different key time scales (figure 4). We also investigated 
whether the epilepsy syndromes were markedly different 
for people with significant cycles compared with the rest 
of the cohort (appendix). Overall, the distribution of 
syndromes for people with daily, weekly, and longer 
seizure cycles did not greatly differ from the total cohort. 
Similarly, different seizure types were not strongly 
associated with the propensity to cycle (appendix). 
Weekly cycles showed the only notable differences in 
seizure types. People with weekly seizure cycles showed 
a higher proportion of focal onset aware seizures and a 
lower proportion of tonicclonic events and focal seizures 
with loss of awareness (appendix).

For the analysis of where peak seizure rates occurred 
for patients who had significant daily (figure 5A) and 
weekly (figure 5B) cycles, the correction for multiple 
comparisons was dropped from the Rayleigh significance 
test because it is now specifically investigating a daily 
and weekly cycle. With this less stringent limit, 959 (86%) 
of the 1118 patients had a 24h cycle, and 296 (26%) 
patients had a 7day cycle. The patients with significant 
daily cycles tended to have a peak in seizures around 
breakfast (293 [32%] of 914 had peaks at 0600–0900 h) 
and dinner time (163 [18%] had peaks at 1800–2100 h), 
although actual meal times and hours of sleep and wake 
were unknown in both datasets. No seizures were 
recorded at 0100 h because of data processing restrictions. 
Otherwise, patients had peak seizure times at all hours of 
the day (results were not unduly affected when seizures 
at 0100 h were included; appendix). Not many patients 
recorded their highest seizure rate during the night; 
although 164 001 (45%) of all 365 161 seizures in the 
SeizureTracker dataset were reported to occur between 
2100 h and 0900 h (appendix; 1528 [52%] of 2911 for the 
NeuroVista seizures). In the subset of people with 
significant circadian cycles, 411 (45%) of 914 still reported 
seizures between 2100 h and 0900 h. Weekly cycles were 
more evenly distributed; however, more patients had 
their peak seizure day as either a Tuesday or Wednesday 
compared with other days (figure 5B).

Discussion
Using two independent datasets, we showed that cycles 
in seizure propensity occur across different time scales 
in different people. Cycles occurred in more than 80% of 
all patients. These cycles were most often circadian 
(24 h), but they also included circaseptan (7 day) and 
longer periods. The cycles did not appear to be associated 
with sex. Furthermore, our findings show that it is 
possible to identify the subset of patients with significant 
cycles and their specific cycles using selfreported diaries. 
Cyclic patterns established from seizure diaries can be 
used as statistical priors to develop patientspecific 
models of seizure likelihood.29 These models have 
applications for seizure forecasting and chronotherapy.

Figure 4: Distribution of men and women
Proportion of men and women in the SeizureTracker cohort with significant 
daily, weekly, and longer (>3 weeks) cycles with 95% CIs. Exact p values for each 
proportional difference were as follows: p=0·2179 for daily cycles, p=0·5217 for 
weekly cycles, and p=0·6495 for longer cycles (using a two-sided z test).

Daily Weekly >3 weeks
0

0·6

Se
x 

ra
tio

Men
Women

Rayleigh test Hodges-Ajne test Monte-Carlo simulation

At least one cycle 990 (89%) 965 (86%) 958 (86%)

More than one cycle 811 (73%) 829 (74%) 720 (64%)

24-h cycle 912 (82%) 914 (82%) 891 (80%)

7-day cycle 107 (10%) 233 (21%) 77 (7%)

>3-week cycle 249 (22%) 247 (22%) 151 (14%)

Significant cycles had p<0·05, with a Bonferroni correction for testing at multiple time scales. The Rayleigh and 
Hodges-Ajne tests are used to reject the null hypothesis that seizure phases are randomly distributed around a circle. 
Monte-Carlo simulation was also done to measure the significance of the R value. Further details on simulation and 
graphs of exact p values are provided in the appendix.

Table: Prevalence of significant seizure cycles in the SeizureTracker cohort (n=1118)
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Tools that monitor individuals’ seizure cycles can 
augment epilepsy management. For example, by 
standardising treatment decisions to avoid inconsis
tencies (ie, where a new drug appears to be effective 
simply because the individual is in the decreasing phase 
of their cycle). Similarly, tracking seizure cycles during 
clinical trials is important to properly judge the effect of 
treatment. The therapeutic benefits that might be 
achieved through a knowledge of seizure cycles are yet to 
be tested, and several important considerations affect the 
actual clinical use of tools, such as the R value, to 
measure patient seizure cycles. For example, the ability 
to accurately measure the R value is related to the rate of 
seizure occurrence (appendix). 

Times of peak seizure likelihood were patient specific. 
For people with strong circadian rhythms, the peak time of 
day for seizures was distributed across all hours of the day, 
although more seizures occurred in the morning (around 
0800 h) and evening (around 2000 h) than at other hours of 
the day. However, patients with more than 100 seizures 
reported a similar number of seizures between 0900 h and 
2100 h as between 2100 h and 0900 h (with 0100 h events 
excluded), suggesting that these daytime peaks were not 
driven by reporting bias (patients more likely to report 
seizures during the day). The proportion of nocturnal 
(2100 h to 0900 h) seizures was the same for people with 
circadian cycles as the overall cohort. 

Historical data has shown a bimodal distribution of peak 
seizure times; for example, LangdonDown and Brain4 
observed in 1929 that seizure occurrence peaked on 
awakening and in the late afternoon in a closely monitored 
cohort. Furthermore, Gowers30 noted in a study of 
840 patients with epilepsy that diurnal peaks were more 
common (361 patients [43%]) than nocturnal peaks 
(176 patients [21%]). Previous work has also noted the 
presence of morning and evening preferred times in cycles 
of epileptiform activity.9,16 Associations between seizures 
and the sleep cycles have been well studied.31 In 1968, 
Janz32 noted that the link between sleep and seizures was 
particularly strong for tonicclonic seizures, although our 
study did not find a strong association between circadian 
cycles and seizure types (appendix). Observed morning 
and evening peaks might also have coincided with troughs 
in drug concentrations. The data in this study did not 
specify times of sleeping or waking or medication times; 
the future collection of this information will shed further 
light on the underlying causes of circadian cycles.

In this study, weekly cycles did not strongly favour any 
day of the week. Slightly more patients had high seizure 
rates on Tuesdays and Wednesdays. Other diseases show 
weekly trends. Cardiovascular diseases and stroke are 
known to have a Monday peak,33 and some evidence shows 
that people are more health aware early in the week.34 
Awareness might be linked to increased recognition and 
reporting of seizures. The question of whether 7day 
weeks are arbitrary, or have some endogenous, biological 
underpinning has long been debated. By contrast, 

circadian and seasonal cycles can plausibly be entrained 
by the rotation of the earth around its axis and orbit.35 
No clear celestial triggers exist for 7day cycles; yet evidence 
of their existence has been shown across a range 
of diseases,33,36,37 metabolic function,38,39 and human 
behaviours.34 Some studies have argued that the cause of 
weekly periodicity is primarily environmental;40 however, 
some evidence shows that the 7day week is endogenous.41 
The fact that seizure occurrence did not favour a particular 
day of the week provides some support that cycles were 
not purely due to environmental causes or reporting 
biases (in the case of SeizureTracker data).

Most metabolic, behavioural, and neurological func
tions show some circadian component.42 The presence of 
longer periodic rhythms is more intriguing, because the 
underlying physiological mechanisms have not been as 
well studied as circadian patterns. Monthly cycles of 
seizure frequency have previously been linked to 
menstruation.15 However, our results and those from 
previous studies16,17 have shown that cycles are equally 
common in men and women. Historically, there has been 
great interest in longer cycles of seizure activity: Langdon
Down and Brain (1929),4 Griffiths and Fox (1938),5 and 
Bercel (1964)6 provided documentation of monthly seizure 
rhythms in residents of an epilepsy colony, which were 
equally prevalent in men. Mead (1748)7 and Andree 
(1753)43 postulated that monthly seizures cycles were in 
some way linked to the phases of the moon. The 
hypothetical link between lunar cycles and seizures has 
been debated over millennia and is testament to the 

Figure 5: Distribution of peak seizure rates in the SeizureTracker cohort
(A) Number of patients with peak seizure rates at each hour of the day with 
95% CIs. Only patients with significant 24-h cycles are shown. (B) Number of 
patients with peak seizure rates at each day of the week with 95% CIs. Only patients 
with significant 7-day cycles are shown.
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longstanding association between the moon and mental 
health.44 However, even hundreds of years ago, remarkably 
precise records of seizure times in large patient cohorts 
were able to debunk the presence of a lunar influence.45,46 
Studies from the 21st century have renewed the possibility 
of increased seizures during the full moon;47 but, for the 
most part, results have been discredited or attributed to 
more mundane explanations such as sleep deprivation.48–50 
A study published in 2013 showed that the phase of the 
moon had a detectable effect on sleep quality,51 providing 
a candidate explanation for why the moon cycle influences 
seizure occurrence. The results of our study showed that 
long cycles of 3 weeks or more occurred in about 20% of 
people. At least some of these people’s cycles will probably 
align with the lunar phase or menses simply by chance, 
without signifying any deeper causal link.

Our study showed that seizure onset is more likely at 
certain phases of underlying multiday cycles. It seems 
likely that seizures at least partly track the underlying 
cycle of subclinical epileptic activity,16 and we have 
previously shown alignment between the likelihood of 
seizures and spikewave discharges.17 Given the ubiquity 
of seizure cycles, which occur in most people with 
epilepsy despite the diversity of their syndromes, we 
speculate that underlying physiological changes (possibly 
environmental and endogenous) might bring the brain 
closer to some threshold for seizure occurrence. That is 
to say, epilepsy is not driving the presence of cycles, but 
cycles are driving the propensity for seizures. Regardless 
of whether this hypothesis is correct, linking cycles to 
seizure likelihood might be valuable to patients. For 
example, Baud and colleagues16  explored the possibility 
of using tailored risk profiles for people’s seizures. We 
have also previously shown how a probabilistic model of 
seizure susceptibility can be constructed from multiple 
underlying rhythms.29 These models for seizure 
susceptibility could guide drug doses, aiming for a higher 
concentration at the time of day when patients are shown 
to have a higher chance of seizures. We hope that future 
human studies and clinical trials will investigate the 
usefulness of seizure risk profiles for improving quality 
of life, and the potential therapeutic effect of titrating 
drug concentrations on the basis of multiday cycles.

Limitations of selfreported seizure diaries are well 
documented.52–54 Patients might underreport or over
report events or have other reporting biases. Although the 
limitations of seizure diaries do impose restrictions on 
the type of analysis that can be done, data derived from 
diaries still provides important scientific insight. In our 
study, patient inaccuracy does not invalidate cycle 
detection provided that most reported seizures were real 
and that erroneous seizures were evenly distributed in 
time. Missing seizures (ie, diary fatigue) would not 
obscure cyclic patterns. Incorrect seizures would act as an 
overlaid noise on a true cyclic trend. Provided enough 
true seizures are recorded, the signal can be distinguished 
from the noise. The assumption of evenly distributed 

noise sources is common for statistical analyses, and 
often difficult to prove. In our analysis, we could not 
distinguish which seizures were erroneous. Therefore, 
cyclic patterns might arise purely from patterns of human 
bias. However, if human biases are assumed to be socially 
driven, then populationlevel trends (eg, more reports on 
weekends or no reports during the night) should be 
recorded. The results showed that seizure times were 
evenly distributed over times of day, days of the week, and 
months of the year, which provides some support that the 
results were not entirely driven by reporting bias.

Our study was limited to investigating cyclic trends of 
up to 3 months. Despite the length of recordings, more 
cycles would be required to measure the statistical 
significance of annual trends (eg, seasonal variation, 
holiday periods, or daylight saving time). The median 
recording duration of the SeizureTracker database was 
1·8 years (IQR 0·9–3·8) and mean NeuroVista recording 
duration was 1·4 years (SD 0·5). Therefore, most patients 
have only a couple of samples (cycles) from which to 
measure annual cycles. On a population level, seizures 
did not clearly favour a particular month (appendix). 
However, given the patient specificity of other seizure 
cycles, combining patients’ seizures in this way would 
probably dilute any potential annual trends.

To the best of our knowledge, this study is the largest 
investigation of patientspecific seizure rhythms. The 
results show that multiday cycles modulate seizure 
activity in humans. In addition to strong circadian 
modulation of seizures, clear weekly rhythms and longer 
periodic cycles were recorded. Notably, findings from 
longterm electrocorticography recordings were backed 
up by seizure times obtained from selfreported seizure 
diaries. This suggests that diaries can provide a valuable 
clinical tool to detect and monitor repeating patterns of 
seizures. The ubiquity of seizure cycles indicates that 
this is an important clinical phenomenon that affects 
most patients. The ability to identify unique cyclic 
patterns in individuals could lead to new opportunities in 
seizure forecasting tools, as well as improved treatment.
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