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The apparently random occurrence of seizures is a core 
feature of epilepsy and one of the most debilitating 
aspects of the disorder. For millennia, humans have used 
correlative observations to try to explain the timing of 
seizures1. Modern neurologists still observe conspicuous 
regularities in seizure occurrence in some individuals 
with epilepsy, whose diaries show seizures repeatedly 
striking at similar times of day, days of the month or 
even seasons of the year. Since the early 2000s, advances 
in miniaturization and telecommunication have enabled 
the production of fully implantable EEG systems that 
can chronically monitor epileptic brain activity. This 
approach strongly contrasts with the classical use of 
non-invasive scalp EEG, which can only collect data over 
hours (outpatient EEG) or, at most, over several days 
(inpatient EEG). Now, EEG data from the same indi-
vidual can be accumulated over months, or even years, 
opening the possibility of identifying robust cyclical 
patterns in seizure occurrence that manifest over long 
timescales (hereafter, ‘seizure cycles’). The statistical 
analysis of large EEG datasets has matured over the past 
decade and has now provided convincing evidence that 
cycles in epilepsy exist at multiple timescales — circadian, 
multidien and circannual — and are highly prevalent 
across human and animal epilepsies.

Here, we review the literature concerning cyclical 
influences on seizure occurrence and compare the find-
ings from four chronic EEG (cEEG) (Box 1) datasets — 
two human, one rodent and one canine — highlighting 
a striking cross-species convergence in cycles of epileptic 

brain activity. First, we discuss how the results of these 
studies, performed between 2010 and 2020, supported 
and extended seminal observations from meticulous 
records made in epilepsy colonies at the turn of the 
twentieth century, thus filling a knowledge gap that had 
existed for more than 80 years. Second, we discuss cycli-
cal influences on seizures at circadian, multidien and cir-
cannual timescales both from a clinical and a statistical 
standpoint. We synthesize putative mechanisms of epi-
leptic cycles, which are likely to involve the joint influ-
ence of endogenous pacemakers, such as cyclic patterns 
of gene expression or hormone production, and external 
factors such as 24-hour light–dark cycles or the 365-day 
year. Third, we discuss recent successes in extrapolat-
ing cycles of seizure occurrence into the future, using 
a probabilistic seizure forecasting framework. We syn-
thesize the existing evidence into the concept of cycles 
of seizure likelihood that condition the stochastic tim-
ing of seizures over multiple timescales. We conclude 
on the practical implications of these discoveries for 
fundamental, translational and clinical epilepsy research.

Historical cycles of knowledge
Ancient beliefs
Historical records dating back to Babylonian writings 
indicate that humans have experienced epilepsy and 
cycles of seizure occurrence for millennia1. It has long 
been known that seizures can occur with regularity — 
“according to the calendar” (multidien) or “according to 
the clock” (circadian) — and, in 1964, Nicholas Bercel 

Circadian
Noting or pertaining  
to biological cycles of  
~24 hours that are  
generated endogenously  
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by an external cue.

Multidien
A recently coined term noting 
or pertaining to biological 
cycles that are likely to be 
generated endogenously  
with a period of >2 days  
to several weeks.

Circannual
Noting or pertaining to 
biological cycles of around  
1 year that are likely to be 
generated endogenously.
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observed that “the heavy clustering of attacks around 
certain days of the calendar has intrigued scientists 
and magicians from time immemorial”2. Indeed, the 
proposed link between lunar cycles and seizure occur-
rence is rooted in mythologies that predate Hippocrates3. 
During the Age of Enlightenment, European savants 
debated the influence of celestial movements on human 
disease, particularly in conjunction with mental health 
and epilepsy4. Sir Richard Mead, a British physician in 
the eighteenth century, argued for a lunar influence on 
seizures based on predictive power: “The Moon’s influ-
ence was so visible on the generality of them [people with 
epilepsy] at the new and full, that I have often predicted 
the times of the fits with tolerable certainty”4. By contrast, 
medical authorities at the French court, like Swiss physi-
cian Samuel Auguste Tissot, fiercely combatted the idea: 
“[These beliefs] originate from an antique superstition, 
that, ignoring the true cause of the disorder [epilepsy], 
attribute it to a specific act of celestial anger” (translated 
from the original French)5. In the nineteenth century, 
most authors refuted the view of a lunar connection  
to seizures and favoured the endogenous influence of  
specific brain states6–9. On the basis of the meticulous 
records of hundreds of seizures, Sir William Richard 
Gowers classified epilepsies by circadian seizure chrono-
type: “nocturnal”, “diurnal” and “mixed”, with a preva-
lence of about 22%, 45% and 33%, respectively10. This 
150-year-old observation still awaits an explanation.

Epilepsy colonies
At the turn of the twentieth century, intendant physi-
cians of the epilepsy colonies had the scientific advantage 
of studying individuals with epilepsy in an institutional-
ized setting, where activities such as timing of medica-
tions, meals and sleep were strictly controlled for many 
years in an attempt to improve health11. Building on the 

observations made by Gowers, Mary Langdon-Down, 
W. Russell Brain and others detected circadian sei-
zure chronotypes in 65% of individuals in the epilepsy  
colonies studied and they identified distinct peaks in 
seizure occurrence that were related to times of sleep 
and wake10–12 (FIG. 1). Furthermore, G. F. Griffiths and  
J. T. Fox identified multidien cycles ranging from ~1 week  
to ~3 months in institutionalized individuals with 
epilepsy13 (FIG. 2). These historical studies also showed 
that it was possible to shift the identified circadian and 
multidien peaks of seizure occurrence by modifying 
times of sleep, wake, meals or medication11,13,14.

A few years after the discovery of these phenomena 
at large timescales in epilepsy, the invention of EEG15 
shifted the focus to the sub-second timescale. Indeed, 
EEG can detect and record the abnormal brain elec-
trical activity underlying seizures with millisecond 
precision16, which has advanced our understanding 
of epilepsy and continues to elucidate new aspects of 
ictogenesis and epileptogenesis. One fundamental insight 
from EEG studies in individuals with epilepsy is that 
abnormal brain activity correlates with seizures but also 
exists between seizures in the form of interictal epilep-
tiform activity (IEA), that is, transient electrographic 
discharges visible on the EEG that do not produce overt 
symptoms17 (Box 1). The rate of IEA is typically expressed 
as counts of discharges per unit of time, for example, per 
hour or per day, and is typically thought to reflect differ-
ent levels of ‘brain irritability’, although, until recently, 
this clinical notion lacked an evidence-based definition. 
Long-term EEG recordings in the hospital have repeat-
edly shown that both IEA and seizure occurrence exhibit 
circadian organization18,19. However, hospital-based stud-
ies necessarily adopt cross-sectional designs and cannot 
assess cycles that span beyond a few days, highlighting 
the value of tracking seizures in ambulatory settings.

Seizure diaries
Accurate longitudinal recordings of seizure times are 
essential for understanding cycles in epilepsy but can be 
difficult to obtain as individuals with epilepsy now live in 
the community. To this day, seizure diaries maintained 
by people with epilepsy or their caregivers are the gold 
standard for monitoring seizure burden both in clinical 
practice and clinical trials. On the basis of such records 
from >1,000 patients, in the 1960s, Nicholas Bercel 
identified regular seizure cycles in ~10% of people liv-
ing with epilepsy in the community2. With the advent 
of the Internet, online diaries and mobile applications 
have been developed to facilitate seizure charting20,21. 
However, self-reported seizure diaries are frequently 
unreliable — they can either underestimate or overesti-
mate seizure rates — and often show limited correlation 
with the true underlying rate of seizure occurrence as 
determined by EEG22–24 (Box 1). These inaccuracies could 
obscure rhythmicity in self-reported diaries; however, 
because cycles are repeating patterns (Box 2), periodic 
signals can still be found within noisy data if the dura-
tion of recording is sufficient25. Nevertheless, self-reports 
of seizures are subject to recall and reporting biases, 
which could also be cyclical, a concern that highlights 
the need for objective data in epilepsy.

Key points

•	Cyclical	phenomena	have	long	been	described	in	epilepsy,	but	tools	to	quantify	them	
in	humans	have	only	recently	become	available.

•	Chronic	recordings	of	brain	activity	in	rodents,	canines	and	humans	have	yielded	
converging	evidence	that	robust	cycles	in	epilepsy	exist	across	species.

•	Cycles	of	epileptic	brain	activity	exist	over	multiple	timescales,	including	circadian,	
multidien	and	circannual.

•	Critical	phases	of	these	cycles	help	determine	periods	of	highest	seizure	risk,	opening	
the	possibility	of	forecasting	seizures	over	long	horizons.

•	Unanswered	questions	involve	the	mechanistic	basis	of	cycles	in	epilepsy	and	how		
to	leverage	these	cycles	for	clinical	applications	such	as	chronotherapy.
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Chronic EEG
(cEEG). EEG of long duration 
(months to years) that requires 
an implanted device, in 
contrast to conventional EEG 
that involves the temporary 
application of electrodes  
to the scalp.

Seizure chronotype
one of several discrete 
temporal patterns based  
on the observed clustering  
of seizure occurrence, at 
particular times or with a 
particular periodicity, prevalent 
at the group level in individuals 
with epilepsy.

Epilepsy colonies
Group housing facilities  
where people with epilepsy 
could live and work away from 
mainstream society, founded  
in England and elsewhere in 
the late 1800s owing to the 
stigma surrounding epilepsy.

Ictogenesis
The mechanisms and dynamics 
by which the epileptic brain 
generates seizures.

Epileptogenesis
The processes that lead the 
brain to become epileptic.
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Ambulatory recording devices
Recent developments in wearable sensors of physio-
logical parameters (for example, heart rate, oxygen 
level, movement)26,27 and in algorithms for seizure 
detection24,28,29 have resulted in devices (for example, 
Brain Sentinel30 and Empatica31) for seizure detec-
tion using peripheral signals. These devices have the 
potential to improve the identification of seizure cycles, 
although confirmatory studies are currently lacking. 
Dry electrodes32 and stick-on scalp EEG patches are 
emerging technologies aimed at expanding the use of 
scalp EEG to the ambulatory setting, but they are not 
currently in widespread use.

Over the past decade, cEEG monitoring has become 
possible with the advent of implantable systems with 
electrodes placed in the brain (stereotactic or depth 
EEG)33,34, on the surface of the brain (subdural EEG)35, 
or between scalp and skull (sub-scalp EEG)36. To date, all 
cEEG recordings (months to years) have been obtained 
with intracranial electrodes connected to implanted 
devices used in clinical trials or approved for epilepsy 
therapy. Recording cEEG enables the quantification of 
clinical and electrographic seizures and reveals how 
IEA relates to seizures over longer periods than can be 
studied in the hospital (Box 1).

Chronic recordings in animals
In parallel to these advances in human electrophysiol-
ogy and technology, substantial advances in our under-
standing of epilepsy, including seizure timing, have come 
from decades of work with animal models37. EEG can 
be recorded in animals of vastly different sizes — from 
flies38 to whales39 — all of which are capable of generating 

brain activity that resembles human seizures. Although 
no single animal model fully recapitulates the disorder, 
the diversity of available models — from zebrafish to 
rodents and canines — parallels the diversity of human 
epilepsies and some models show electrophysiological 
and pathological features that are hallmarks of human 
epilepsy syndromes. Genetic or macroscopic insults to 
the brain can cause epilepsy in almost every species of 
laboratory animal37, and convergent characteristics of sei-
zures from different causes in different organisms must be 
regarded as a phenomenon of likely clinical importance.

In spite of their lissencephalic brains, rats and mice 
are often the favoured species for epilepsy modelling, 
given the available armamentarium of genetically modi-
fied lines40,41 and the possibility of implanting intra-
cranial and/or cranial EEG electrodes for long-term 
recording. Recording of cEEG over multiple weeks has 
been performed in mice and rats for decades for the 
study of sleep42 and epilepsy43, and newer recording 
methods in these animals, based on optical signals44,45, 
hold promise for the study of seizures in the coming 
years. Canine epilepsy is the most common neurological 
disorder in the domesticated dog (Canis familiaris)46 and 
is therefore studied in its own right, using EEG record-
ing techniques similar to those used in humans. Canine 
epilepsy shares many features with human epilepsy47, 
including the existence of seizure cycles (FIGs 1,2).

Computational advances
In addition to advances in EEG hardware, the analysis 
of EEG data using time–frequency analysis and circu-
lar statistics (Box 2), borrowed from the field of phys-
ics and the study of oscillations in neuroscience, takes 

Box 1 | Key concepts in epilepsy

Seizures
Seizures	are	paroxysmal,	stereotyped	episodes	of	altered	movement,	
sensation,	experience	and/or	consciousness	resulting	from	abnormal	
brain	electrical	activity.	Epilepsy	is	the	tendency	to	have	recurrent	
seizures,	which	can	often	be	recorded	by	EEG	to	corroborate	clinical	
diagnosis.	Clinical	(self-reported)	seizures	are	the	main	symptom	to		
be	treated	in	individuals	with	epilepsy.

Ictal eeg
Electrographically,	seizures	show	spatiotemporal	organization	and	
evolution	(‘Ictal’	in	the	figure).	The	sensitivity	of	conventional	scalp	EEG		
is	limited,	as	clinical	seizures	might	not	always	have	an	electrographic	
correlate	on	these	recordings.	Intracranial	EEG	can	be	more	sensitive	
than	scalp	EEG,	as	it	samples	from	deep	brain	regions	not	‘visible’	from	
the	scalp.	Spatially	restricted	electrographic	seizures	might	or	might	not	
generate	clinical	symptoms.

Interictal eeg
Interictal	(that	is,	between	seizures)	EEG	reveals	physiological	background	
activity	punctuated	by	transient	discharges,	including	spikes	(*),	polyspikes,	
sharp	waves	and	high-frequency	oscillations.	The	rate	of	these	discharges,	
termed	interictal	epileptiform	activity,	is	typically	expressed	as	counts	per	
unit	time	and	is	thought	to	reflect	the	electrical	‘irritability’	of	the	brain.

Chronic eeg
Current	methods	for	chronic	EEG	(cEEG)	are	limited	as	techniques	
involving	scalp	electrodes	are	only	practical	for	short-term	monitoring	
(days).	Most	cEEG	datasets	have	been	obtained	with	intracranial	
electrodes,	either	from	continuous	EEG	monitoring	or	from	devices	
providing	responsive	neurostimulation	or	deep-brain	stimulation	that	also	
record	chronic	intermittent	EEG.	A	major	advantage	of	cEEG	is	the	ability	
to	track	brain	activity	longitudinally,	revealing	the	timing	of	seizure	onsets	
(**)	in	relation	to	cyclical	fluctuations	in	interictal	epileptiform	activity.

Interictal* ** Ictal
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advantage of the periodic recurrence of a phenomenon 
within the same individual (that is, individual cycles) 
to elucidate phase relationships48,49 (Box 2). The identi-
fication of individual temporal patterns that might be 
shared across a group of individuals is a prerequisite 
for the definition of seizure chronotypes, which cannot 
be uncovered in cross-sectional analyses. Additionally, 
quantitative methodology borrowed from the fields of 
weather forecasting and machine learning have sup-
ported advances in the pursuit of the holy grail of fore-
casting seizures (discussed in more detail below). In the 
past decade, new technology for tracking seizures and 
IEA, combined with novel analyses, has greatly contri-
buted to our understanding of seizure cycles, which have 
now been identified in multiple independent datasets 
from humans50–52 and animals53,54. Indeed, the consist-
ent observation of organized cycles of seizure recurrence 
in historical records, recordings in laboratory animals, 

modern cEEG studies and mobile seizure diaries is 
remarkable (FIGs 1–3).

Seizure cycles
Evidence indicates that the momentary likelihood of a 
seizure is co-modulated by cycles operating at divergent 
timescales: from the ultradian sleep cycle to circannual 
influences. For example, although the modulation of 
seizures by the sleep–wake cycle and the circadian cycle 
are often conflated in the epilepsy literature, they should 
be treated as distinct but intertwined modulators of epi-
leptic brain activity55–57. Disentangling these modulators 
can be challenging and might require the use of ‘forced 
desynchrony’ protocols, possible in animal models and 
humans, in which behaviours (for example, sleeping 
and eating) are evenly scheduled across all phases of the 
circadian cycle and environmental influences (for exam-
ple, light and temperature) are kept constant. Existing 
cEEG datasets from people with epilepsy currently lack 
information on the sleep–wake cycle; therefore, herein, 
we use the term circadian cycle to indicate an ~24-hour 
rhythm without reference to a specific mechanism and 
the term sleep–wake cycle when specifically referring 
to the effects of vigilance state. Highlighting the impor-
tance of cycles of epileptic brain activity as clinical phe-
nomena, modern cEEG data show an ~90% prevalence 
of circadian seizure cycles25,58. Other, longer cycles are 
also prevalent as demonstrated in a recent study based 
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Fig. 1 | Circadian seizure cycles. a | Historical chart drawn 
in the 1930s from 503 and 220 seizures observed over  
1 year in 14 and 6 participants with “diurnal epilepsy”  
and “nocturnal epilepsy”, respectively, who lived in the 
Asylum of Utica State Hospital. b | Circadian distribution  
of 1,037 ,909 seizures logged by 10,186 individuals  
(56.7% children) using the online diary seizuretracker.com, 
between December 2007 and January 2016. Note that 
participants were not grouped into circadian seizure 
chronotypes, likely smoothing out the nocturnal profile.  
c | Two participants with predominance of diurnal (P1) and 
mixed nocturnal and diurnal (P2) seizures recorded with 
chronic, implantable EEG from the NeuroVista (NV) and 
NeuroPace (NP) trials. The NV trial included participants 
with drug-resistant focal epilepsy who were implanted with 
intracranial devices that recorded epileptic brain activity 
for warning of incoming seizures. The NP trial also 
delivered responsive cortical stimulation upon detection  
of a seizure. d | Circadian distribution of seizures recorded 
with chronic, implantable EEG in two dogs with diurnal  
and nocturnal epilepsy that participated in the canine  
arm of the NV trial. e | Reproduction of the circadian 
distribution in one rat housed in day–night conditions  
for 2 weeks (top graph) followed by constant darkness for  
2 weeks (bottom graph). EEG-based methods to capture 
interictal epileptiform activity varied across the devices 
used in parts c–e, emphasizing different types of 
epileptiform activity, which makes the convergence  
of key findings from the different parts of this figure 
striking. f | Meta-analysis and summary circular plot where 
each vector represents individual or group circadian 
distributions of seizures shown in parts a–e. The angle and 
length of each vector represent the average circadian 
timing and circular effect size of phase clustering (Box 2). 
PLV, phase-locking value. Part b data from rEF.115. Part c data 
from rEFs51,52. Part d data from rEF.53. Part e data from rEF.90.

Ultradian
Noting or pertaining to 
biological cycles with a  
period of less than 24 hours 
(that is, a frequency above 
once per day) that are 
generated endogenously.
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on cEEG data from >200 patients that showed a preva-
lence of ~60% and ~10% for multidien and circannual 
seizure cycles, respectively58. Historical reports com-
plete the landscape of cycles in epilepsy by providing 
the current best evidence of a prevalence of 20–30% for 
sleep-related seizures2,10–12,14. We next discuss the influ-
ence of these cycles on seizure occurrence, by order of 
timescale, from ultradian to circannual.

Sleep–wake seizure cycles
Historical studies of different epilepsy syndromes indi-
cated that around twice as many individuals with epilepsy 
have predominant diurnal seizures than have predom-
inant nocturnal seizures10–14 (FIG. 1a). Although these 
studies did not collect information on the sleep–wake 
cycle, nocturnal seizures are likely to be sleep related. 
Among more recent studies that did include EEG-based 
staging of nocturnal sleep, a meta-analysis of 1,990 sei-
zures in 542 people with epilepsy suggested that seizure 
rates were 50–90 times higher in non-rapid eye move-
ment (NREM) sleep than in rapid eye movement (REM) 
sleep55. Bringing together knowledge of anatomical and 
temporal aspects of epilepsy, evidence indicates that 
individuals with focal-onset epilepsy are more likely to 
experience seizures during sleep than individuals with 
generalized epilepsy56,59. In focal epilepsy, analyses of 
seizure localization suggest that frontal lobe seizures are 
often sleep related, whereas temporal lobe seizures varia-
bly occur during sleep and wakefulness; data on occipital 
and parietal seizures were insufficient for firm conclu-
sions to be drawn60. Canonical examples of specific epi-
lepsy syndromes that are linked to vigilance states include 
sleep-related hypermotor epilepsy61–63 and seizures after 
awakening, a form of generalized epilepsy64,65. Evidence 
of concordance of sleep–wake seizure timing among 
family members of individuals with specific epilepsy syn-
dromes suggests a possible genetic basis for the influence 
of vigilance states on seizures59. Although disruptions to 
sleep homeostasis are widely acknowledged to influence 
seizure frequency and timing, causal evidence for this 
link is lacking66.

In addition to modulating the timing of overt sei-
zures, the sleep–wake cycle also profoundly modi-
fies electrographic epileptic brain activity. With the 
advent of EEG in the 1940s, Frederic Gibbs and Erna 
Gibbs soon showed that IEA was higher during sleep 
than during wakefulness, even when individuals pre-
sented mostly with wake-related seizures67. Sleep is now 
thought to promote IEA by inducing state-dependent 
neuronal synchrony68–70. To increase the diagnostic yield 
of EEG, this sleep-related EEG activation is routinely 
assessed in clinical practice by encouraging naps during 
recordings66,71,72. Indeed, IEA, including epileptic spikes 
and high-frequency oscillations, is more prevalent and 
involves more extended brain networks during NREM 
sleep than during wakefulness and REM sleep68. In a 
small, innovative study55, five individuals with genetic 
epilepsies were kept under a constant dim-light protocol 
over 3 days with equal time for sleep and wakefulness. 
IEA increased dramatically during NREM sleep in all 
individuals regardless of the circadian time, highlighting 
the permissive effect of sleep on IEA.

Circadian seizure cycles
Beyond the presumed permissive role of sleep in pro-
moting seizures in nocturnal epilepsy, clinical evidence 
indicates that the majority of individuals (~90%) with 
any epilepsy syndrome, nocturnal or diurnal, demon-
strate peak seizure incidence at particular times of day, 
with substantial variability, but also shared patterns 
across individuals (that is, seizure chronotypes)11,14,25.

Circadian seizure chronotypes. On the basis of obser-
vational and experimental data, variability in the tim-
ing of peak seizure incidence across individuals is likely 
to be driven by endogenous circadian factors with an 
additional contribution of variation in the timing of 
specific behaviours such as sleep, eating meals or taking 
medication11,13,14. Seizures are more common around 
sleep–wake transitions, so seizure chronotypes with late 
evening and/or early morning peaks have been observed 
at the population level19,58,73 (FIG. 1a–c). However, evidence 
indicates that some individuals with mostly diurnal sei-
zures have peak seizure incidence in the afternoon11,58. 
Individuals with sleep-related epilepsy can have a peak 
seizure time soon after falling asleep (typically before 
midnight) or in late sleep (typically at dawn)7,11,14, which 
is likely not fully explained by the differential effects of 
NREM and REM sleep on seizures.

Analysis of cEEG data indicates that individual sei-
zure chronotypes are fairly stable over months to years, 
although some people with epilepsy have a weaken-
ing of or ‘switches’ in preferential seizure time74. For 
example, some individuals who previously experienced 
only sleep-related seizures can begin to experience 
wake-related seizures, a spontaneous change that can 
have dramatic practical consequences for day-to-day 
life74. Conversely, some individuals with awaken-
ing epilepsies experience an increasing frequency of 
sleep-related seizures after years with epilepsy56. Some 
evidence suggests that paediatric and adult populations 
show different seizure chronotypes19,75, which could be a 
result of age-dependent differences in sleep–wake cycles 
and of hormonal and behavioural factors but could also 
reflect the development of intrinsic circadian regulatory 
mechanisms in the brain.

Relationship to hormonal cycles. Although both epilep-
tic brain activity and the blood levels of some hormones 
show a circadian profile of fluctuation, studies on a 
potential causal role of hormones in determining seizure 
circadian timing are currently lacking. Nevertheless, 
studies of plasma hormone concentration in individuals 
with epilepsy can provide further insight into circadian 
cycles of IEA and seizures. In healthy individuals, mel-
atonin production increases in the evening, providing a 
robust marker of the circadian phase in humans, although 
production can also be affected by other factors, includ-
ing diet76. Some studies have found baseline melatonin 
levels to be higher in individuals with epilepsy than in 
healthy individuals77,78, whereas other studies have found 
the inverse79–82. However, compared with baseline levels, 
consistent increases in melatonin levels after seizure 
occurrence76,80,82,83 have been observed, further supporting 
the idea that circadian modulation of seizure threshold 

High-frequency oscillations
High-frequency (>80 Hz) 
interictal waveforms that  
can be pathological and  
relate to epilepsy.
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is specific to an individual. Furthermore, the levels of 
cortisol (another circadian hormone) in saliva have been 
found to fluctuate in parallel to epileptic brain activity in 
a subset of people with ‘stress-sensitive’ seizures84,85.

Combined circadian and sleep–wake influences. Taken 
together, clinical observations of daily patterns in indi-
viduals with epilepsy suggest that hourly IEA is mostly 
modulated by the sleep–wake cycle, whereas seizures 
seem to be modulated by both the circadian cycle and the 
sleep–wake cycle. This modulation results in a few sei-
zure chronotypes, which are sometimes associated with 
specific epilepsy syndromes. Therefore, two key differ-
ences exist between the circadian rhythmicity of seizures 
and IEA. First, unlike IEA, which has a similar circadian 
modulation day after day, seizures do not occur during 
every circadian cycle, suggesting that phasic alterations 
create permissive but insufficient conditions for seizure 
occurrence. Second, no general relationship has been 
identified between the circadian rhythms of seizures and 
IEA. Evidence indicates that seizures can occur prefer-
entially near the peaks or the troughs of circadian IEA 
cycles, depending on the individual51,52,76, which perhaps 
explains why IEA has been variably reported to increase 
or decrease around seizures52,86–89. Rapid changes in IEA 
are likely to reflect changes in vigilance states, which 
means that IEA is most informative as a proxy for ‘brain 
irritability’ when averaged over a full sleep–wake cycle. 
In some individuals, the circadian processes governing 
IEA and ictogenesis might converge, whereas, in others, 
a circadian rise in IEA might coincide with an increase 
in seizure threshold.

Putative mechanisms. In the late 1990s, Mark Quigg 
and colleagues demonstrated the endogenous nature of 
the modulation of seizure timing as epileptic rats kept 
in constant darkness for 2 weeks retained strong and 
unchanged preferential circadian timing of seizures90,91 
(FIG. 1e). This observation rules out the direct effect of 
daylight as the only explanation for preferential circadian 
timing of seizures, which is important as some rare sei-
zures are photosensitive92. This landmark chronic exper-
iment was never replicated in humans with epilepsy for 
obvious ethical reasons, but this animal data lends cre-
dence to the idea that human seizures are also under 
strong circadian influence. The circadian influence on 
IEA and seizures is less pronounced in rodent models  
of epilepsy than in humans with the disorder54,90,93 
(FIG. 1e), likely owing to the presence of a polyphasic 
sleep–wake cycle in rodents, although studies measur-
ing sleep and circadian effects in rodents are lacking to 
confirm this point. Some experimental evidence fur-
ther suggests that cortical excitability in rodent models 
of epilepsy, as assessed by measurements of electrical94 
and chemical95 seizure thresholds and cortical responses 
to short electrical pulses96, varies according to the time 
of day. Importantly, studies using transcranial magnetic 
stimulation (TMS) in healthy volunteers have also found 
that cortical excitability is modulated over the course of 
24 hours97,98. Such circadian changes in cortical excitabil-
ity might facilitate ictal transitions in epilepsy and result 
from an interplay between sleep and circadian processes 
at the cortical level.

Indeed, the individual timing of seizures could be 
linked to the molecular machinery responsible for cir-
cadian changes in neuronal dynamics. The suprachias-
matic nucleus lies in the hypothalamus and acts as the 
body’s master circadian clock. In the suprachiasmatic  
nucleus, key molecular relays, including the transcription  
factors CLOCK and BMAL1, drive local transcription–
translation feedback loops99 with far-reaching influ-
ences on almost all organs100, cells101 and microbiota102.  
In the brains of healthy rodents, molecular analyses at 
fine spatial scales identified circadian fluctuations in 70% 
of the synaptic transcriptome, proteome and phospho-
rylome in the forebrain103,104; the results of other studies 
indicated that circadian regulation of gene expression 
was brain-region specific105. In mice with epilepsy, the 
molecular architecture of the brain also oscillates accord-
ing to the circadian cycle but involves different sets of 
genes and proteins: some oscillate in epilepsy but not 
in healthy animals and others oscillate in healthy ani-
mals but are stable in epilepsy105. Thus, the differential 
expression of clock genes (that is circadian transcription 
factors) could have a profound impact on regional or 
cell type-specific excitability. For example, mice with 
a targeted deletion of the gene clock in pyramidal neu-
rons have spontaneous seizures, predominantly during 
sleep, suggesting that the deletion of clock causes these 
neurons to act in an uncoordinated way at times when 
they should synchronize with neighbouring cells during 
sleep106. Finally, sleep and wake states could have a direct 
effect on cortical excitability through similar molecular 
pathways, as gene expression differs among vigilance 
states18. The circadian rhythmicity of IEA and seizures is 

Fig. 2 | Multidien seizure cycles. a | Meticulous charting of seizures in one individual 
over 17 weeks by the superintendent of the Lingfield epilepsy colony in the 1930s.  
b | Seizures reported by one individual using the online diary, seizuretracker.com.  
c | The upper panels show self-reported seizures over 7 weeks in one participant from  
the NeuroPace trial of implantable EEG recording and neurostimulation (left) and one 
participant from the NeuroVista trial of implantable EEG recording only (right). Although 
recorded with entirely different systems, these independent data reveal strikingly similar 
patterns of seizure occurrence and epileptic brain activity over days. The lower panels 
show the corresponding interictal epileptiform activity (IEA) for both individuals 
measured as hourly counts (grey line) and daily averages (rainbow-coloured line) by the 
implanted EEG recording devices. Black dots indicate individual seizures. Each colour  
of the rainbow is a different phase. Seizures consistently occur at the same phase of the 
underlying multidien cycle of IEA. d | The upper panel shows observed seizures in one 
dog participating in the NeuroVista canine trial of implantable EEG recording. The  
lower panel shows the corresponding IEA measured by the implant. e | Upper panel 
shows observed seizures in a laboratory rat over 8 weeks. The lower panel shows the 
corresponding IEA measured by the implant. f | Meta-analysis and summary circular  
plot (Box 2) where each vector represents individual distributions of seizures shown  
in parts a–e. Regardless of the individual periodicity of multidien cycles of IEA, seizures 
cluster in the rising phase of these cycles with very high consistency (strong effect-sizes, 
phase-locking value (PLV) >0.4 in all; Box 2) in the human (NeuroPace (NP), NeuroVista 
(NV)), dog (D) and rat (R) examples given here. The EEG-based methods used to capture 
IEA varied across devices and species, and each emphasized different features of 
epileptiform activity, making the convergence of key findings in this figure striking.  
The methodology and data used to study the relationship between IEA and seizures  
were previously published25,50–54. For this Review, some data were re-analysed with the 
time–frequency analysis of IEA proposed in rEF.51, to enable the direct comparison  
across datasets (part f). Part a was reprinted with permission from rEF.13, The Lancet.  
Part b data from rEF.25. Part c is adapted from rEF.51, CC BY 4.0 (https://creativecommons.
org/licenses/by/4.0/) and data from rEF.52. Part d data from rEF.53. Part e adapted with 
permission from rEF.54, Elsevier.

◀

Vigilance states
Different states of alertness 
and responsiveness to the 
environment. specifically 
defined as wakefulness, 
non-rapid eye movement  
sleep (NrEM sleep, further 
subdivided into N1–3) and 
rapid eye movement (rEM) 
sleep.
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thus grounded in the oscillatory molecular landscape of 
the brain, perhaps via large changes in peripheral or local 
signalling, neurotransmission, and cortical excitability 
during different circadian phases and vigilance states107.

Multidien seizure cycles
Seizures often occur periodically in clusters interleaved 
with symptom-free intervals (FIG. 2); about-monthly cycles 
in seizure occurrence have been termed circalunar108  
or, when related to the female menstrual cycle, cata-
menial109,110. However, historical studies in institution-
alized cohorts (FIG. 2a) identified about-monthly cycles 
of seizure occurrence in males and females, across 
both children and adults, and these cycles were not 
limited to catamenial epilepsy or to an exact relation-
ship to the lunar cycle13. In subsequent studies based 
on self-reporting of seizures (FIG. 2b), about-monthly 
cycles of seizures were consistently found2,25, with addi-
tional periods of 1 or 2 weeks2 (including in catamenial 
epilepsy108). Other studies of seizure records, using statis-
tical analyses borrowed from the field of physics, identi-
fied the presence of long-range dynamics governing the 

duration of intervals between seizures111–114. Analysis of 
a very large set of online seizure diaries also identified a 
weak influence of the day of the week on the frequency 
of self-reported seizures25,115. In the same cohort, approx-
imately one-quarter of individuals reported seizure 
cycles of longer than 3 weeks, which were not aligned 
to lunar cycles25. These self-reported cycles had a simi-
lar prevalence across different epilepsy syndromes and 
seizure types25.

In addition to the observed periodic intervals 
between seizures, analyses of cEEG data from indivi-
duals with epilepsy found that IEA fluctuates with 
similar periodicity50–52 (FIG. 2c). This multidien peri-
odicity in seizures and IEA has been identified in the 
cEEG data of most individuals that have been studied 
to date50–52,58,74. Generally, multidien cycles in epilepsy 
do not align with calendar days or other cycles of 
fixed period length, rather, their period length fluctu-
ates around a central frequency74. Moreover, complex 
rhythms comprising multiple component periods are 
often observed. The average periodicity varies individ-
ually, but group trends (multidien seizure chronotypes)58 
include about-monthly periodicity of ~20–35 days51 
and more rapid cycles of 14–15 days and 7–10 days51,58. 
A given pattern is typically robust over years within 
individuals51,74.

Multidien rhythms of IEA and seizures have also 
been observed in animal models of epilepsy (FIG. 2d,e). 
The results of a cEEG study in male rats with epilepsy 
showed multidien cycles of IEA recorded over several 
weeks without intervention54 (FIG. 2e). These cycles lasted 
6 days on average and were not aligned with calendar 
days. Importantly, multidien rhythms were not synchro-
nous across animals housed together, suggesting that the 
cycles were not driven by a shared environment. Recent 
work using ambulatory cEEG in canines with naturally 
occurring epilepsy also found that circadian and multi-
dien (approximately weekly to monthly; FIG. 2d) seizure 
periodicities were common53. Canine seizure cycles 
occurred independently from anti-seizure medication 
schedules and were asynchronous across animals.

The relationship between seizures and IEA. Seizure peri-
odicity is best understood by examining the relationship 
between seizure timing and cycles of IEA at long time-
scales: cycle after cycle, seizures tend to occur on the ris-
ing phase of multidien cycles of average daily IEA (FIG. 2f). 
The observation of this phasic relationship (Box 2), which 
holds true for cycles spanning 6–45 days and is consis-
tent across individuals51, helps settle a long-standing 
debate about the relationship between IEA and seizures. 
Previous studies relied on short-timescale recordings 
and reported that IEA increases, decreases or remains 
unchanged before seizures52,86,87 and that changes in IEA 
after seizures were also variable across individuals86,88,89. 
In our opinion, these apparent discrepancies can be 
recon ciled by considering the timescale of recording 
and the intermingling of circadian and multidien cycles 
of IEA: seizures tend to occur when average daily IEA 
increases over days, so daily IEA tends to increase both 
before and after seizures50,51. By contrast, seizure tim-
ing in relation to circadian cycles of hourly IEA is more 

Box 2 | Circular data and statistics

Cycles
A	cycle	is	a	temporal	sequence	of	events	or	states	that	recurs	with	a	relatively	regular	
period.	Cycles	are	best	described	as	circular	data	measured	in	degrees	or	radians	on	a	
circle,	to	account	for	the	continuity	between	0°	and	360°	(rEF.197),	as	opposed	to	a	linear	
representation.	For	example,	January	and	December	are	adjacent	in	circular	space	but	
opposite	in	linear	space.	Attributes	of	circular	data	(figure)	include	their	period	(P),	
amplitude	(A)	and	phase	(rainbow	colours).

Synchrony
Two	continuous	cycles	synchronize	if	they	have	a	consistent	phase	relationship.	Similarly,		
a	point-event	synchronizes	with	a	continuous	cycle	when	it	consistently	occurs	at		
similar	phases	of	the	cycle	(black	and	white	dots).	Circular	histograms	provide	a	binned	
representation	of	the	distribution	of	point-events	in	a	cycle,	which	can	be	non-uniform,	
that	is,	phase	clustered	(dark	and	light	grey	histograms	corresponding	to	single	events	
shown	as	black	and	white	dots,	respectively).	The	mean	resultant	vector	is	a	compact	
representation	calculated	from	all	unitary	phases	(black	and	white	vectors).	The	angle	of	
this	vector	indicates	the	preferred	phase	and	its	length	indicates	the	circular	effect	size	or	
phase-locking	value	(PLV;	ranging	from	0	to	1;	also	called	the	r-value	or	synchronization	
index).	Strong	phase-clustering	(PLV	>0.4,	black	dots	and	resultant	vector)	reflects	events	
occurring	at	similar	phases	on	each	cycle,	suggesting	a	permissive	effect.	Weak	and	
moderate	phase-clustering	(PLV	<0.2	and	PLV	0.2–0.4,	respectively)	reflect	events	
occurring	at	many	phases,	albeit	with	skewed	distribution,	suggesting	a	modulatory	effect	
(white	dots	and	resultant	vector).	The	statistical	significance	of	these	different	effect	sizes	
depends	on	the	number	of	events	and	can	be	tested	with	parametric	or	non-parametric	
(for	example,	surrogate	timeseries)	circular	statistics198,49.	Circular	statistics	applied	to	
longitudinal	timeseries	of	recurring	events	enable	the	identification	of	individual	temporal	
patterns,	thus	avoiding	the	mixing	of	effects,	potentially	in	opposite	directions,	that	may	
cancel	out	in	cross-sectional	analyses	(for	example,	black	and	white	vectors	are	in	
opposite	directions).	Circular	statistics	also	offer	flexibility	when	evaluating	multiple	
coexisting	cycles	within	an	individual.
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variable across individuals and the preferred phase could 
be near the peak or the trough of these shorter cycles51,52. 
Thus, studies examining hour-to-hour IEA trends in 
individuals with different circadian seizure chrono-
types could draw seemingly contradictory conclusions. 
In sharp contrast, more recent studies that recorded 
IEA over longer time periods consistently observed sin-
gle seizures or clusters of seizures when IEA increased 
over several consecutive days50,51,54. This observation 
was initially made in a cohort of patients implanted 
with an EEG recording and neurostimulation device51 
and later confirmed in data from patients who did not 
receive neurostimulation50 as well as in rats54 and dogs53 
with epilepsy. Thus, these independent studies, which 
were based on data from different recording devices in 
different organisms, came to the same conclusion, sup-
porting the veracity of the finding. Nevertheless, these 
studies defined IEA in several different ways and the 
recording techniques used emphasized different epilep-
tiform waveforms (for example, interictal spikes versus 
high-frequency activity). Future work should focus on 
unravelling the intricacies of the spatiotemporal rela-
tionship between distinct epileptiform discharges and 
seizure cycles.

Putative mechanisms. Evidence indicates that multi-
dien cycles are present in ~60% of individuals with focal 
epilepsy and are as strong as circadian influences51,58, 
supporting the long-standing view that seizures repre-
sent the ‘tip of the iceberg’ of the complex and varied 
activity that occurs in epileptic networks over multiple 
timescales. At a fundamental level, the phasic relation-
ship between IEA and seizures has consequences for the 
mechanistic understanding of the dynamics of epilepsy. 
The risk of seizures is not uniformly distributed over 
time and the state of the epileptic brain is signalled by 
cyclic variation of IEA. This simple insight, exploited 
over the appropriate timescales, offers a new opportunity 
to understand sudden ictal transitions and slower fluctu-
ations of frequently comorbid mood and cognitive dys-
functions. In our opinion, elucidating the mechanisms of 
multidien biological rhythms is central to understanding 
the cyclical nature of epileptic seizures.

In contrast to the circadian influences on epilepsy, 
where photic inputs act as zeitgeber for neuronal fir-
ing, the statistical characterization of multidien cycles 
indicates no strong influence of environmental cues74. 
Multidien cycles of IEA and seizures do not strictly syn-
chronize with days of the week or month or lunar phases 
but can occasionally align with these cycles of fixed 
period length25,74. Therefore, multidien cycles seem to 
stem from endogenous mechanisms with a free-running 
period, which perhaps explains why these cycles were 
difficult to study before the introduction of cEEG. 
Multidien cycles have been described in other areas of 
medi cine, including psychiatry116,117, oncology118 and 
cardio logy119, suggesting a systemic basis for these cycles, 
putatively mediated through the hormonal system.

Current evidence of a hormonal basis for seizure 
cycles is inconclusive. Studies in large cohorts of healthy 
women of child-bearing age have established that  
most have a consistent 29-day long menstrual cycle but  
some have a more variable cycle length averaging  
~35 days120. In many women with epilepsy, seizure tim-
ing co-occurs with menstruation (about monthly) or 
with both menstruation and the follicular phase (about 
bi-weekly)109,121. These important clinical observations 
are in concordance with the finding that female sex hor-
mones and/or their derivatives (that is, the brain-active 
metabolites) can modulate the seizure threshold122 by 
acting on neuronal receptors, for example, the GABA-A 
receptor123. More specifically, a long-standing hypo-
thesis based largely on experimental evidence from 
rodent models stipulates that oestradiol is pro-ictal 
and progesterone is anti-ictal122. A small number of 
animal studies have identified an important role for 
ovarian hormones in seizure susceptibility in female 
rats124 and mice125. A pro posed mechanism involves 
oestrous cycle-dependent fluctuation in the expression 
of δ-subunit-containing GABA-A receptors that medi-
ate tonic inhibition in the hippocampus125. Conversely, 
a landmark clinical trial in women with epilepsy found 
no difference in seizure frequency between those receiv-
ing progesterone therapy and those receiving placebo, 
although subsequent analysis identified a subpopulation 
of participants (~20% of the cohort) in whom treatment 
showed some benefit121,126. This modest response rate to 
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the year in which the individual experienced the most seizures. Data from rEF.25.

Zeitgeber
From German, “time giver”; 
rhythmically occurring external 
or environmental cue that 
entrains or synchronizes  
a biological rhythm.
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progesterone therapy suggests that the modulation of 
seizure occurrence by female sex hormones might be 
less prevalent than previously thought.

Fluctuations in female sex hormones alone cannot 
explain the clinical observations that about-monthly 
seizure cycles are present in children13, men13,51,52 and 
postmenopausal women with a similar prevalence as 
in premenopausal women. Whether or not males have 
multi-day cycles in hormone levels remains an open 
question owing to a paucity of evidence. However, the 
results of small studies in men suggest that testosterone 
levels fluctuate with a ~20–30-day periodicity127 and 
that oestradiol fluctuates with a 12-day periodicity128. 
Evidence also indicates that aldosterone fluctuates with 
a periodicity of 7 days in men129 and that corticosterone 
fluctuates with a similar periodicity in male rodents130. 
On the basis of its effects on neuronal excitability and 
its correlation with IEA fluctuations in individuals with 
stress-sensitive seizures, cortisol is a candidate hormo-
nal modulator of epileptic brain activity84,85. In a survey 
of 89 individuals with epilepsy, the majority felt that 
stress increased the frequency of their seizures131; how-
ever, stress is typically considered to be a non-cyclical 
precipitating factor in epilepsy.

The blood levels of several other hormones, includ-
ing prolactin and growth hormone, are altered after 
seizures132, possibly contributing to a feedback loop 
between the endocrine and the nervous system. Blood 
concentrations of metabolites, such as ketone bodies133, 
glucose134 and branched-chain amino acids135, might 
influence seizure susceptibility and dietary modi-
fications (for example, ketogenic diet) can be powerful 
anti-seizure therapies136. The concentrations of these 
metabolites in the blood and cerebrospinal fluid dis-
play substantial, rapid (minutes to hours) fluctuations 
in animal137 and human138 studies, but the existence of 
underlying longer (daily to multi-day) rhythms remains 
under-explored139.

A brain-centric hypothesis for seizure cycle mech-
anisms, which provides an alternative to the hormonal 
hypothesis described above, involves a weak coupling 
between the epileptic network and the rest of the brain. 
This hypothesis is based on modelling studies that 
showed progressive drift in the phase of biological oscil-
lators operating near the circadian entrainment domain, 
which can lead to the development of longer oscillations, 
suggesting that multidien cycling might be an emer-
gent property of quasiperiodic shorter (about-daily) 
oscillations140. Fundamentally, this would mean that epi-
leptic networks are out of pace with other brain networks 
that operate closer to a physiological regime, resulting in 
a rhythmic interplay between the two at short (circadian) 
and long timescales (multidien)109.

Unravelling the physiological drivers of multidien 
cycles in epilepsy will remain speculative until suffi-
cient multi-modal longitudinal data become available. 
However, owing to a cycle length of many days, the 
collection of such datasets is challenging. As multidien 
periodicity in epilepsy can change in length, even in 
one individual, finding matching periodicities between 
EEG recordings of IEA, as a ground truth, and biochem-
ical assays will be instrumental in enabling the precise 

monitoring of these cycles. Catamenial epilepsy should 
be regarded as a special case of epilepsy with multidien 
cycles and future efforts must focus on the identifica-
tion of mechanisms of multidien cycles that generalize 
to either sex.

Circannual seizure cycles
Circannual cycles can drive profound physiological and 
behavioural changes in animals and humans141. Seasonal 
changes in seizure frequency have been observed in 
individuals with epilepsy142. Instances of individuals 
experiencing a single seizure per year, always during 
the same month, have been described anecdotally13. 
Even when seizures occur more than once per month, 
the seasons could have a modulatory effect resulting in 
increases in seizure rates during specific months of the 
year. For example, by tracking seizures as an admission 
diagnosis or seizure rates on inpatient epilepsy wards, 
multiple studies have identified a peak occurrence of 
seizures in either winter143–145 or summer146, although 
these cross-sectional studies provide limited insight 
into the long-term effects of seasonal factors in a natural 
environment at the level of the individual patient. A lon-
gitudinal analysis of self-reported seizure diaries from  
a small cohort of individuals with epilepsy identified a  
weak increase in seizure frequency during winter147. 
However, similar analyses in two large cohorts found no 
consistent effect of season on seizure frequency across 
individuals25,58. By contrast, in one longitudinal study 
seeking circannual seizure cycles at the individual level, 
~10% of individuals reported substantially more seizures 
in a given season compared with the rest of the year25,58 
(FIG. 3), underscoring the notion that seizure cycles have 
individual-specific characteristics at all timescales. 
Overall, circannual cycles are likely to be minor modu-
lators of seizure timing, especially in comparison to 
other cycles discussed here.

Putative mechanisms. Limited data exist on the mecha-
nisms underlying circannual cycles in humans. Seasonal 
variation in human cognition, assessed with neuropsy-
chological testing and cognitive task-based functional 
MRI, has been observed148,149, indicating that brain phys-
iology can change with the seasons, although seasonal 
modulation at the level of the individual participant was 
not described in these studies.

In addition to possible circannual physiological 
changes150, external influences might also play a role 
in circannual seizure cycles. Evidence suggests that the 
weather can influence seizure likelihood142, with one 
study showing that a low atmospheric pressure and high 
relative air humidity were associated with an increased 
risk of epileptic seizures, whereas high ambient tempera-
tures were associated with a decrease in seizure risk within 
a population151. Daylight duration might also play a role 
in modulating seizure risk, either via an influence on 
sleep quality, the circadian cycle74 or other effects of sun-
light, the latter based on one observation that seizures on 
inpatient epilepsy wards are less likely to occur on sunny 
days144. To our knowledge, longitudinal mechanistic 
studies of circannual cycles in epilepsy have not yet been 
performed but at least one study in humans has involved 

Seizure risk
stratification of a seizure 
likelihood into a number of 
lower and higher risk states.
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serial scalp EEG recordings during different seasons92, 
and another identified an association between the sea-
sons and the threshold for chemoconvulsant-induced 
seizures in mice152.

Cycles of seizure risk
For individuals with epilepsy, many difficulties arise 
from the apparent unpredictability of seizures and a 
fundamental challenge in epilepsy treatment is to fore-
cast seizures153. Methods that can anticipate seizure onset 
would enable the development of novel preventive treat-
ments and could lead to improvements in the quality 
of life of individuals with epilepsy. Despite decades of 
progress in seizure forecasting, methods that can reli-
ably mitigate the threat of approaching seizures remain 
elusive154. The (re)discovery of cycles in epilepsy at 
multiple timescales has now enabled the analyses of the 
temporal organization of seizure likelihood to inform 
probabilistic forecasts155,156 (FIGs 4,5). This approach, akin 
to weather forecasting, enables information from multi-
ple sources and at multiple timescales to be leveraged 
to estimate seizure probability with increasing precision 
over days, hours and seconds.

Pre-ictal and pro-ictal states
The pre-ictal state is defined retrospectively as the 
period immediately preceding seizure onset, typically 
by the identification of features of brain activity that 
predictably change just before seizures. However, a pri-
ori (real-time) detection of such deterministic seizure 
precursors, which would allow warning of imminent 
seizures, has proven elusive in most studies154. By con-
trast, the pro-ictal state involves periods of heightened 
seizure risk that stochastically result in zero, single or 
multiple seizures157,158. The distinction between pre-ictal 
and pro-ictal states is important when considering the 
likelihood of seizure occurrence (seizure risk) in relation 
to actual seizure occurrence (the realization of seizure 
risk)26,159. By definition, seizures always follow pre-ictal 
states, but seizures might or might not occur during 
a given pro-ictal period, even though the momentary 
risk is high. Pre-ictal and pro-ictal states are also used 
in different statistical strategies for seizure forecasting. 
The deterministic prediction of seizures relates to the 
classification of pre-ictal states. By contrast, probabil-
istic forecasting of seizures relates to the modelling 
of pro-ictal states (FIG. 4). The potential usefulness of 
probabilistic methods for the forecasting of seizures 
has been recognized in the epilepsy literature for many 
years158,160,161 and, given the rapid accumulation of lon-
gitudinal epilepsy data153, now represents a particularly 
attractive strategy.

Seizure precursors
Seizure precursors are features of brain activity that 
precede seizures consistently or with a high probability, 
that is, they act as markers of either pre-ictal or pro-ictal 
states. Most research into clinical seizure forecasting 
has focused on identifying seizure precursors with 
EEG. Advances in EEG recording (for example, higher 
spatial and temporal resolution) and post-processing 
techniques (for example, signal and network analyses) 

have opened promising avenues in the hunt for seizure 
precursors and this remains an active area of research. 
Phase information from the IEA cycles described above 
has now been extensively investigated as a potential sei-
zure precursor and new insights into the cyclic relation-
ship between IEA and seizures27,52 have highlighted the 
predictive value of days-long fluctuations in IEA27,50,156. 
Importantly, the likelihood of seizures does not seem 
to depend on momentary low or high rates of IEA but 
rather on long-term trends. High-frequency oscillations 
have also been investigated for their potential as seizure 
precursors, although magnetoencephalography162 and 
intracranial EEG studies163,164 have yielded conflict-
ing results as to whether high-frequency oscillations 
increase or decrease prior to seizures163.

Markers of pre-ictal or pro-ictal states can also be 
identified with methods other than EEG recording. 
Indeed, actively probing cortical excitability might 
unravel dynamic parameters invisible in passive EEG 
recordings that are relevant to seizure likelihood165. For 
example, a few TMS studies have shown changes in cor-
tical excitability hours before seizure occurrence in both 
inpatient166 and outpatient167 settings. Intracranial pulse- 
stimulation has also been used to identify changes in 
cortical excitability associated with vigilance states168, 
medication and seizures169,170. Finally, several studies 
using functional MRI during focal seizures have identi-
fied changes in BOLD signal at the seizure focus seconds 
to minutes before the appearance of any correlated scalp 
EEG changes or clinical symptoms171–174, suggesting that 
cerebral blood flow and oxygenation is altered seconds 
before seizures, although these studies lacked intracra-
nial EEG confirmation of seizure onset. The inclusion of 
advanced measurements, for example, from functional 
MRI or TMS, in routine seizure forecasting is not fea-
sible; however, insights into diverse pre-ictal changes 
should guide the choice of recording technologies and 
seizure precursors used in future forecasting systems.

Seizure prodromes. Some individuals with epilepsy 
have direct conscious access to their own pre-ictal or 
pro-ictal states in the form of prodromal symptoms. 
Indeed, a minority of individuals with the condition 
can ‘self-forecast’ seizure occurrence with an accuracy 
above chance level175–177. This ‘internal gauge’ is based 
on the presence of diffuse prodromal symptoms, which 
are experienced by 7–40% of individuals with epilepsy 
and include behavioural, mood and cognitive changes as 
well as fatigue175–178. When reports from external observ-
ers are included, the prevalence of seizure prodromes 
increases, as individuals with epilepsy do not always 
notice the changes themselves178. Multidien and circa-
dian fluctuations in IEA could provide an explanation 
for prodromal changes in brain function in individuals 
with epilepsy, as evidence suggests that IEA can induce 
cognitive impairment179–181.

Seizure forecasting
In 2013, the first and only truly prospective trial of a sei-
zure advisory system in humans used intracranial EEG 
recordings and a participant-specific machine learning 
approach to show that it is possible to alert individuals 

Pre-ictal state
retrospectively defined as the 
period preceding the onset of 
seizures, often seconds to 
minutes long, the real-time 
detection of which would allow 
warning of imminent seizures.

Pro-ictal state
Consolidated periods of time 
when seizures are more likely 
but not certain.
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with epilepsy to an approaching seizure minutes to 
hours before seizure onset with reasonable accuracy35. 
Alerts were continuously updated as categorical deter-
minations of high, moderate and low seizure likelihood. 
Algorithms used in this trial and in follow-up seizure 
prediction studies and competitions155,182 were applied 

to minutes-long EEG segments. The analysis of these 
EEG segments enables the differentiation between 
pre-ictal and interictal states and was typical in previous 
community-based seizure prediction competitions182–184. 
However, the problem of false alarms remains pervasive 
in the field of seizure forecasting185, suggesting that most 
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Fig. 4 | Deterministic and probabilistic seizure forecasting. a | Illustration of three forecasts, where F0 is a perfect but 
unrealistically sharp categorization based on an infallible seizure precursor (arrows) and F1 and F2 are two distinct, 
realistic, reliable forecasts based on the anticipation of pro-ictal states lasting 3 and 7 days, respectively. Green–red trace 
indicates the daily seizure likelihood forecast (scale on the left). b | Deterministic forecasting aims to predict whether an 
event will occur or not, based on the real-time detection of seizure precursors. To account for the unbalanced nature of 
epilepsy data (seizure times are much rarer than non-seizure times), the performance of a deterministic seizure forecast  
is typically evaluated by comparing the proportion of seizures occurring versus the proportion of time spent (in warning) 
above a systematically varying threshold, summarized as the area under the curve (AUC; chance-level AUC ~0.5, perfect 
AUC ~1, F0). Relative to this threshold, observations are categorized as true or false positives or negatives. The AUC  
differs drastically for F1 and F2 as it does not evaluate the calibration of probabilities, but only the ability to discriminate 
observations. c | Probabilistic forecasting aims to reproduce the empirical (observed) probability of an event, based on the 
anticipation of pro-ictal states. The performance of a probabilistic forecast can be visualized with a reliability diagram  
and quantified with the Brier Skill Score (chance-level ~0, perfect ~1). Binned forecasts (black dots) are compared with the 
prospectively observed event frequency to determine reliability. F1 and F2 show almost perfect reliability (overlap with  
the diagonal), albeit with different resolutions (dispersion on the y-axis), meaning that F2 (pro-ictal state of 7 days) fully 
captures a case where risk is truly more diffuse than F1 (pro-ictal state of 3 days). d | The reliability diagram offers excellent 
diagnostic insight into forecasts that are, for example, globally biased (F3, an underestimation that is easily correctable), 
globally overconfident (F4, systematically forecasting probabilities that are too low or too high, easily correctable) or 
locally underconfident (F5, between 0 and 0.5), and locally poorly resolved (F5, between 0.5 and 1, flattening of the curve). 
Reliable forecasted probabilities may be useful per se but can also serve as prior probabilities to interpret the real-time 
detection of seizure precursors. In a Bayesian view, posterior probabilities will become more reliable by combining 
multiple risk factors and their associated probabilities.
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Fig. 5 | Probabilistic seizure forecasting in two individuals. a | Example data 
from implanted EEG recording in one participant from the NeuroPace trial. Blue 
trace shows levels of interictal epileptiform activity (IEA), recorded daily for 
7 months. Green–red trace indicates the daily seizure risk forecast, which is 
issued 24 hours in advance and is predominantly based on trends in IEA over 
multiple days156. Seizures are indicated by the dots below the trace, showing 
that seizures predominantly occurred during periods of high forecasted risk 
(denoted by pink shading). b | Example data from implanted EEG recording in 
one participant from the NeuroVista trial. The top trace shows the original 

seizure warnings issued upon detection of seizure precursors in real-time EEG. 
The hourly forecast (below) shows the circadian profile of seizure risk for this 
individual, based on the clock time of past seizures and updated after each 
seizure. This trace represents the prior likelihood of seizures given the time of day 
and was used to weight the real-time EEG warnings shown in the bottom trace. 
High-risk warnings are shaded in pink, showing that circadian weighting reduced 
false positives while maintaining high sensitivity. c | Knowledge of the prior  
likelihood of seizures increases the reliability of real-time warnings and the 
posterior likelihood of seizures. p(sz), seizure probability. Part b data from rEF.155.
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studies are, in fact, detecting pro-ictal states as opposed 
to pre-ictal states. Approaches involving the classifi-
cation of minutes-long EEG segments as pre-ictal or 
interictal are inherently limited in their ability to reveal 
dynamic fluctuations in seizure risk that may unfold 
over much longer (hours to days) timescales.

Probabilistic seizure forecasting. As multi-scale seizure 
cycles condition periods of heightened seizure risk, as 
opposed to seizure occurrence (seizure timing remains 
stochastic), tools developed for probabilistic forecasting 
in a meteorological setting might also be useful in fore-
casting cycles of seizure risk. Early seizure prediction 
studies explored probabilistic forecasting, including 
Bayesian methods and the Brier score, although these 
studies were limited by small seizure numbers160,186. 
Other studies explicitly incorporated the time of day 
or vigilance state into seizure forecasts, thus drawing 
on circadian cycles of seizure risk155,187,188. With the 
knowledge of cycles of epileptic brain activity, tracking 
momentary phases at multiple timescales could be engi-
neered to extrapolate, hours to days in advance, periods 
when seizures are most likely to occur156, that is, when 
the highest-risk phases of multiple cycles align. Recent 
research has exploited circadian and multidien cycles 
in this way to smoothly partition pro-ictal periods in a 
probabilistic framework50,51,155,156,189,190 (FIG. 5). The wide-
spread uptake of probabilistic seizure forecasting in the 
clinical setting is likely to require further conceptual 
shifts, particularly in the assessment and interpretation 
of forecasting performance (FIG. 4), although substantial 
advances have already been made to facilitate trials of the 
next generation of forecasting devices153.

A probabilistic forecasting framework enables the 
supple combination of now-established and yet-to-be- 
discovered modulators of seizure risk. It also opens the 
door to the application of Bayesian statistics to account for 
prior knowledge about seizure probability at the level of 
the individual patient155. This method starts with account-
ing for an individual, long-term expected seizure rate156. 
Although this approach has not yet been prospectively 
tested, it has the potential to provide individuals with 
forecasts about their upcoming seizure risk over days and 
hours156, analogous to the ubiquitous weather forecasts.

Unanswered questions
Recent discoveries about cycles of seizure risk in epi-
lepsy raise as many questions as they answer. Although 
progress has been made in elucidating the physiology 
of circadian rhythms, much remains to be learned, in 
particular the differential contributions of circadian 
modulation and sleep–wake cycles to IEA and seizures. 
In addition, the biological mechanisms underlying 
multidien cycles in epilepsy remain virtually unknown. 
Animal models are the most feasible system for the 
investigation of mechanisms of seizure cycles; therefore, 
the demonstration of multidien seizure cycles, similar 
to those seen in humans with epilepsy, in rodent and 
canine models is fortuitous. Future research into the 
mechanisms of multidien cycles in epilepsy should aim 
to find mechanisms that can explain periodicity in both 
females and males.

Efforts are also under way to determine which meas-
urable physiological, cognitive and behavioural varia-
bles fluctuate in concert with circadian and multidien 
cycles of epileptic brain activity153. Correlative obser-
vations from longitudinal studies involving the collec-
tion of multimodal data will inform hypotheses about 
causal relationships. The identification of variables that 
faithfully track multidien cycles but can be measured 
non-invasively might enable multimodal seizure fore-
casts without an implanted device, potentially making 
seizure forecasting available to a broader range of indi-
viduals with epilepsy. Many questions surround the  
optimal delivery of seizure forecasts. For example,  
the minimum level of certainty about upcoming sei-
zures required for the initiation of change in behaviour  
or therapy has not yet been established. The ways in 
which people with epilepsy may benefit from forecasts at 
different horizons and related prophylactic inter ventions 
must be determined by future large-scale prospective 
seizure forecasting trials. Such trials might also help 
determine the prevalence of cycles in epilepsy across 
patients with diverse epilepsy syndromes.

Meanwhile, for clinicians, cycles in epilepsy have 
important implications for routine diagnostic proce-
dures. For example, the yield of short-timescale record-
ings of brain activity, such as brief outpatient EEG or 
days-long inpatient video-EEG studies, likely depends 
heavily on the timing of these procedures in relation to 
the underlying cycles of brain activity27,191. The nature 
and timing of clinical therapies might also be informed 
by cycles in epilepsy. By definition, effective therapies 
reduce seizure risk, but whether this reduction involves 
the lengthening of seizure risk cycles, such that seizures 
still occur cyclically but with reduced average frequency, 
or the dampening of seizure risk cycles, such that cri-
tical thresholds are more difficult to cross159, remains 
unknown.

Most of the current treatments for seizures, such as 
taking the same doses of the same anti-seizure medica-
tion each day, are relatively static, contrasting sharply 
with the dynamic nature of epilepsy and potentially 
exposing people with epilepsy to unnecessary adverse 
effects when therapies are administered during periods 
of low seizure risk. Chronotherapy refers to the adjust-
ment of treatment on the basis of temporal changes in 
seizure risk192,193. For example, circadian chronotherapy 
can involve administering higher doses of medication 
at bedtime for individuals with epilepsy who have pri-
marily nocturnal seizures194. Some women with cat-
amenial epilepsy benefit from taking extra anti-seizure 
medication during their menstrual cycle when seizures 
are most likely126. Such treatment of catamenial epilepsy 
represents a form of multidien chronotherapy, but the 
feasibility and benefit of using information on multidien 
cycles of epileptic brain activity to guide chronother-
apy, whether with medication, behavioural modifica-
tions or time-varying neurostimulation paradigms, will 
need to be tested directly in clinical trials. Ironically, 
such trials themselves might benefit from designs that 
account for these cycles. The natural variability in 
seizure frequency over time explains a portion of the 
‘placebo’ and ‘regression to the mean’ effects observed 
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in epilepsy clinical trials, thus contributing to their high 
cost and inefficiency195,196. Pre-intervention assessments 
should involve the capture of full cycles of seizure risk 
or, at least, appropriate statistical methods should be 
employed to account for the presence of partial cycles 
during the trial.

Conclusions
The study of chronobiology in epilepsy is undergo-
ing a renaissance. Modern quantitative methods and 
emerging technologies have validated and extended 
clinical observations that have been made since antiq-
uity. The concept of time-varying seizure risk provides 
a framework for understanding the temporal structure 
of epilepsy and expanding the search for seizure precur-
sor signatures in EEG recordings and potentially other 
modalities. Patterns of seizure occurrence are apparent 

over wide-ranging timescales, including years, seasons, 
days and hours, and are increasingly understood to be 
multifactorial, involving genetic, hormonal, environ-
mental and behavioural factors. Among neurological 
disorders, epilepsy is arguably one of the most dynamic, 
and conventional static therapies are evolving to reflect 
this aspect. The implications of our increasing know-
ledge of cycles in epilepsy are far-reaching and include 
the development of devices that can track cycles effi-
ciently, the optimization of clinical trial design, a reduc-
tion of unpredictability through seizure forecasting, 
and the use of risk-stratified chronotherapy. With these 
advances come new questions that demand continued 
investigation and, for people with epilepsy, clinicians and 
researchers alike, time is of the essence.
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