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1. Introduction 

1.1. Definition, measurement and composition of sleep 

According to Hendricks et al. (2000), sleep can be defined as a state characterized 

by a lack of voluntary movements, reversibility, spontaneous occurrence that follows a 

circadian rhythm, species-specific posture, elevated arousal threshold, homeostatic 

control influenced by the circadian rhythm, state-dependent neural changes and 

recognisability as a stable characteristic of the species. However, besides those 

phenomenological ones, sleep of birds and mammalians can also be characterized by 

marked polysomnography-measured electrophysiological activity changes. 

The first precise physiological characterization of sleep became possible 

following Hans Berger’s invention of human electroencephalography (EEG) in 1924 (H. 

Berger, 1929). Today, polysomnography (PSG) is the gold-standard method for 

measuring sleep. A polysomnography recording typically includes, in addition to EEG 

channels, electrooculography (EOG) and electromyography (EMG) derivations, which 

measures the electrical activity of the scalp, eyes, and muscles, respectively. EEG 

electrodes simultaneously capture signals from numerous neurons, reflecting the 

aggregate electrical activity within a given region. When this population-level neuronal 

activity is synchronized (i.e., several neurons firing together), their combined electrical 

signals summate, producing prominent, well-defined waveforms in the EEG recording. 

A detectable EEG signal requires approximately 10,000–50,000 neurons to be active 

synchronously (Murakami & Okada, 2006). Conversely, when neuronal activity is more 

random, the resulting electrical signal is desynchronized, producing low-amplitude 

waveforms characterized by seemingly irregular patterns. After researchers recognized 

that specific waveforms recur cyclically during the sleep period, they were able to 

characterize the different phases and stages of sleep.  

The first evidence that not only sleep-wake variation but also sleep itself is 

cyclical, came when Aserinsky and Kleitman (1953) described recurrent episodes of fast, 

abrupt and binocularly symmetrical eye movements during whole night sleep records of 

adult subjects. They reported 1-sec-long large potentials in the EOG channel, and a low-

amplitude, irregular EEG signal which they observed to recur 3–4 times in a lengthier 

sleep episode. Thereafter, sleep was divided into two phases: the so-called rapid eye 

movement (REM) sleep, and non-rapid eye movement (NREM) sleep. The typical signal 
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characteristics of the latter—such as slow waves, sleep spindles, and K-complexes 

(Loomis et al., 1938)—were recognised earlier but were considered as general features 

of sleep. This study revealed that sleep has a more complex composition. Later, by 

revising the work of Dement and Kleitman (1957a), based on the consensus of the era’s 

renowned sleep researchers, Rechtschaffen and Kales (1968) described the scoring rules 

for different sleep stages. Altogether, 4 stages of NREM sleep and stage REM was 

reported. Nowadays, epochs containing a moderate or large amount of slow waves are no 

longer separated, thus, the division of NREM sleep has been reduced to three stages. The 

universally accepted rules are periodically reviewed by the American Academy of Sleep 

Medicine (AASM) and published in the latest guidelines every few years. However, the 

fundamental criteria have not changed substantially since 1968. The most important 

characteristics of the different stages are summarized below.  

PSG activity indicates wakefulness (W) if more than 50% of the staging epoch 

(20 or 30 sec) contains alpha rhythm (~8–13 Hz) and/or eye blinks, eye movements (either 

rapid eye movements accompanied by high chin muscle tone, or slow, reading eye 

movements); NREM 1 (N1) is characterized by low-amplitude EEG activity in the 4–7 

Hz range, less than 50% of alpha activity, and/or the occurrence of vertex sharp waves. 

Chin EMG amplitude is variable, lower than wake, and slow-rolling eye movements may 

be observed; A NREM stage 2 (N2) epoch should contain at least one K-complex (a sharp, 

high-voltage, diphasic EEG waveform with at least 0.5 sec duration) unassociated with 

arousals, and/or at least one sleep spindle (a train of separate sinusoidal EEG waves with 

11–16 Hz frequency, lasting at least 0.5 sec). Chin EMG amplitude is variable, lower than 

in wakefulness, eye movement is not noticed; NREM stage 3 (N3), otherwise known as 

slow wave sleep (SWS), is scored when more than 20% of the epoch is dominated by 

frontally located EEG waves of 0.5–2 Hz frequency and a peak-to-peak amplitude 

exceeding 75 μV. Chin EMG amplitude is variable, lower than in N2, sometimes 

resembles that of REM sleep, furthermore, eye movements are not observed; REM is 

characterized by mixed-frequency activity with low amplitude. No spindles or K-

complexes, instead, sawtooth waves (2–6 Hz triangular waves) can be observed. EOG 

reveal sharply-peaked, rapid eye movements, chin EMG amplitude is low, especially 

during the eye movements (Berry et al., 2018; Lázár et al., 2022). 
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During a whole-night sleep, NREM and REM phases alternate. That is sleep has 

an ultradian (less than 24 hours) rhythmicity with a cycle length approximately 90 

minutes (Aserinsky & Kleitman, 1953; Dement & Kleitman, 1957a). An average sleep 

period contains around 4–6 full sleep cycles (NREM-REM alternations), and 

interestingly, the alternation of sleep stages is strictly regular. However, the signal 

characteristics of the successive sleep cycles are not stable over time. In later sections I 

will discuss that some of these overnight changes are known to be linked to sleep 

regulatory processes.  

1.2. Sleep regulation 

1.2.1. Neurobiological basis of sleep-wake regulation 

The first brain region linked to sleep-wake regulation was the hypothalamus, after 

Von Economo discovered that patients with anterior hypothalamus lesions suffered from 

insomnia, whereas lesions in the posterior hypothalamus led to sopor (hypersomnolence) 

(Economo, 1930). Second major discovery was related to the midbrain. Arousal-like 

activity was found as a result of electrical stimulation of the reticular formation in 

anesthetized cats (Moruzzi & Magoun, 1949). Based on that, along with previous findings 

regarding the inability of afferent stimuli to initiate arousal from somnolence, lethargy, 

or coma caused by damage to the upper brainstem while the primary sensory pathways to 

the cortex remain unaffected, the ascending reticular activating system was described 

(Moruzzi & Magoun, 1949). Finally, early studies have shown that pons plays an essential 

role in REM sleep, as lesions in the caudal pons disrupt muscle atonia while preserving 

fast EEG activity, whereas, the transections at the rostral pons maintained atonia and 

abolished fast EEG patterns (Jouvet, 1962; Siegel et al., 1984). 

All the aforementioned early findings served as a first step in the discovery of the 

main sleep-wake promoting systems in the brain. Now we understand that the interaction 

of several excitatory and inhibitory neurotransmitters supports the ability to wake up and 

fall asleep. The waking process is promoted by acetylcholine, norepinephrine, dopamine, 

serotonin, histamine, and orexin (also known as hypocretin) in brain regions such as the 

midbrain, pons and the posterior hypothalamus (Muza, 2018). Meanwhile, the arousal 

system is suppressed by neurotransmitters such as gamma-aminobutyric acid (GABA) 

and galanin, and the key brain regions involved in the initiation of the sleep process are 
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the anterior hypothalamus, particularly the preoptic area and nearby forebrain structures 

(NREM sleep) (Muza, 2018). REM sleep generation relies on the activity of the pons and 

adjacent midbrain regions, where neurotransmitters like acetylcholine, glutamate, and 

glycine play a significant role (Muza, 2018).  

1.2.1.1. Sleep-wake switch 

As mentioned above, early studies revealed that the preoptic area contains sleep 

promoting neurons primarily associated with SWS. Later studies demonstrated that 

mainly the inhibitory GABAergic neurons of the median preoptic nucleus (MnPn) and of 

the ventrolateral preoptic nucleus (VLPO) are involved, both having a role in initiating 

and sustaining sleep (Luppi & Fort, 2019).  

The flip-flop model, proposed by Saper et al. (2001, 2010), suggests that the wake-

sleep transition operates as a flip-flop switch mechanism, similar to that in electronics. 

This model describes a dynamically opposing interaction between VLPO and the arousal-

promoting system, where neurons on each side inhibit those on the other. Specifically, 

before and during sleep, GABAergic neurons in the VLPO suppress wake-promoting 

neurons including orexinergic, monoaminergic and cholinergic populations. Conversely, 

when wakefulness is required, these populations inhibit the sleep-active neurons of the 

VLPO. Just like in electronics, the model proposes that by strongly inhibiting each other, 

the two sides of the flip-flop circuit create a bistable feedback loop that stabilizes two 

distinct firing patterns, while preventing any intermediate state (Saper et al., 2001, 2010). 

As a result, the “seesaw” tilts from one side to the other. However, later research 

identified additional structures involved in sleep and wakefulness including parafacial 

zone, reticular thalamic nucleus and nucleus accumbens which role needs further 

investigation (Luppi & Fort, 2019). 

1.2.1.2. Slow waves and sleep spindles: major constituents of NREM sleep 

While the flip-flop model provides a compelling concept for transitions between 

sleep and wakefulness, the mechanisms assumed to underlie deep sleep are also important 

to consider when discussing neurobiological basis of sleep regulation.  

As will be discussed in later sections, the depth and intensity of sleep are most 

strongly linked to SWS. Slow oscillations (<1 Hz) originate from the cortex and reflect 

up- and-down state alternations, which refers to synchronized membrane depolarization 

and hyperpolarization, respectively (Ishii et al., 2024). Layer V of the cortex (pyramidal 
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cells) plays a primary role in up-state initiation. Subcortical input may trigger the onset 

of the down-state, whereas the thalamus plays a key role in generating the slow 

oscillations in conjunction with the cerebral cortex (Ishii et al., 2024). Furthermore, it has 

been shown that slow waves “travel” from the anterior to the posterior regions (Murphy 

et al., 2009) and can also appear locally (Vyazovskiy et al., 2011).  

Sleep spindles are well recognisable signal patterns observed in stage N2 and N3 

sleep, characterized by sinusoidal oscillations with frequencies ranging from 11 to 16 Hz 

with duration of at least 0.5 sec, and typically, with highest amplitudes in the central 

regions according to the AASM (Berry et al., 2018). Spindle bursts represent a typical 

oscillatory pattern in the human NREM sleep EEG, appearing as prominent spectral peaks 

in the power spectra (Bódizs et al., 2024) and associated with equivalent neural activity 

in the thalamus. Indeed, pioneering experiments on cats, ferrets and rodents revealed that 

the thalamic reticular nucleus (TRN) is a key generator of sleep spindles through its 

reciprocal interactions with thalamocortical cells (Fernandez & Lüthi, 2020). TRN is a 

GABAergic cell layer surrounding the thalamus, projecting inhibitory signals to all 

thalamic nuclei. During NREM sleep, TRN neurons fire in a burst mode triggered by 

hyperpolarization, which helps initiate and phase-lock thalamocortical spindle activity 

(Fernandez & Lüthi, 2020). Based on frequency, two types of spindle can be 

distinguished: slow (~12 Hz) and fast (~14 Hz) spindles, which also differ in their 

topographical distribution as slow spindles are predominantly frontal, while fast spindles 

are more centro-parietally located (Fernandez & Lüthi, 2020). Spindles also exhibit 

marked inter-individual differences (see Section 1.4.), show intraindividual stability and 

are largely heritable (De Gennaro et al., 2008; Finelli et al., 2001; Gennaro et al., 2005). 

In conjunction with the latter property, spindles are thought to mirror the strength and 

plasticity of thalamocortical circuits that contribute to unique cognitive functioning 

(Fernandez & Lüthi, 2020). 

1.2.2. Two process model of sleep regulation 

Alexander Borbély’s original model (1982) assumes sleep regulation is governed 

by two separate processes: a homeostatic, sleep-history-dependent mechanism and a 

circadian rhythm. While sleep depth is primarily defined by the former process, the 

propensity of sleep results from the combined influence of both mechanisms. The model 

represents process S with an exponential function which is increasing during wakefulness 
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and decreasing as sleep progresses. Process C was postulated as a sine function, fitted to 

the 24-hours day. The sum of the two functions is defined as sleep propensity, and their 

intersection represents the time of awakening in the model (Borbély, 2022). 

1.2.2.1. Homeostatic process 

Homeostatic S process, which represents sleep pressure/debt, builds up during 

wakefulness and depletes during sleep, fluctuating within a range that is typically aligned 

with the day-night cycle by the circadian pacemaker (Borbély et al., 2016). When S 

reaches the lower boundary of this range, it triggers wakefulness, while approaching the 

upper boundary signals the need for sleep (Borbély, 1982; Borbély et al., 2016). In the 

original model sleep homeostat was entirely based on SWS (stage N3), and especially on 

slow wave activity (SWA, the EEG activity in the 0.75–4.5 Hz frequency range) as it 

appears to best reflect the classical concept of homeostasis by maintaining the balance 

within the sleep-wake cycle. The author supported this assumption with studies showing 

that SWS is deeper (more un-respondent to external stimuli than other 

stages)(Goodenough et al., 1965; Loomis et al., 1937; Williams et al., 1964), increases 

following sleep deprivation (R. J. Berger & Oswald, 1962; Borbély et al., 1981; J. M. 

Moses et al., 1975; Webb & Agnew, 1971) and decreases as a result of longer prior sleep 

episodes or daytime sleep (Feinberg et al., 1980; Karacan et al., 1970). However, spectral 

analyses have made it possible to examine the whole-night variation in sleep EEG 

frequency composition, which is more dynamic than sleep macrostructure, and revealed 

that SWA increases as a result of sleep deprivation, as well as decreases throughout the 

sleep episode as sleep debt is diminished (Borbély, 1982; Borbély et al., 1981). These 

findings align with the idea that when sleep debt due to wakefulness accumulates, SWA 

during the sleep episode compensates to restore equilibrium, and vice versa. Therefore, S 

process was illustrated with SWA in the original model, and became the gold-standard 

measure of sleep homeostasis in later research.  

1.2.2.2. Circadian process 

The rotation of the Earth around the Sun and its own axis creates predictable 

environmental changes, prompting organisms to develop biological clocks early in 

evolution to better adapt, leading to a complex network of central and peripheral 

timekeepers in mammals (Deboer, 2020). The recognition of those biological clocks is 

based on the crucial finding that, even in the absence of external signals, organisms still 
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maintain their daily patterns, although the cycle length may slightly deviate from the 24-

hour. Thus, there is an entrainment (synchronization) between the inner and 

environmental (day-night) rhythms, which occurs with the help of the so-called zeitgebers 

(time-cues) (Roenneberg & Foster, 1997). The most important time cue is light, which 

modulates the activity of the suprachiasmatic nucleus in the hypothalamus (“the master 

clock”: central regulator of all peripheral timekeepers) through the retinohypothalamic 

tract (Deboer, 2020). The two process model takes into account that sleep is influenced 

by the circadian oscillator, which is independent of sleep-wake history and mostly plays 

a role in the timing of the sleep episode (Borbély, 1982).  

However, the circadian C process was only postulated in the original model, and 

was not described by any PSG variables. Instead, extensive research was cited, 

demonstrating that sleep propensity depends not only on sleep-wake history, but also on 

the time of day.  The author discussed the development of sleepiness, and sleep duration 

throughout the day—both of which follow a circadian rhythm (Akerstedt & Gillberg, 

1981; J. Moses et al., 1978; Murray et al., 1958; Patrick & Gilbert, 1896)—, to support 

the above hypothesis. In addition to sleep propensity, Borbély (1982) highlights that some 

macro-structural properties of REM sleep have also been shown to exhibit a circadian 

rhythmicity (Endo et al., 1981; Webb & Agnew, 1967) and to be associated with markers 

of the circadian rhythm, such as core body temperature (Czeisler, Weitzman, et al., 1980; 

Czeisler, Zimmerman, et al., 1980; J. Moses et al., 1978). He suggests that while NREM 

(SWS) represents sleep homeostasis, REM sleep reflects the level of process C (Borbély, 

1982).  

1.3. Experimental setups for investigating human sleep-wake dynamics by EEG 

1.3.1. Setups for measuring homeostasis 

Sleep deprivation is the most important constituent of the methodology in 

analysing sleep-wake dependent processes. Already in the very first sleep deprivation 

experiment in humans (Patrick & Gilbert, 1896) which was carried out almost 130 years 

ago—30 years before the first human EEG recording (H. Berger, 1929)—researchers 

concluded that “owing to the greater ‘depth’ of sleep after the sleep fast, the anabolism 

accompanying restoration was more rapid”, and “that the subjects, in other words, 

although apparently awake and, indeed, as wide awake as they could be kept, were 
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nevertheless at times partially asleep” (Patrick & Gilbert, 1896, p. 479), based on their 

finding that the duration of recovery sleep was disproportionately short relative to the 

preceding 90 hours of wakefulness. Many of the above quoted ideas have now become 

clearly defined and well-measurable pieces of evidence such as the deeper sleep in 

recovery sleep, micro sleeps as a result of sleep restriction (Bougard et al., 2018), local 

sleep (Krueger et al., 2019) and hallucinations during wakefulness after a prolonged sleep 

deprivation period (Waters et al., 2018). Thus, this early paper serves as a remarkable 

example of how much can be observed about sleep simply by depriving it. Once the EEG 

methodology became available and the main components of sleep were defined, 

researchers applied various deprivation protocols to test which component is influenced 

by the preceding sleep-wake history. The above-described study design applied 90-hour-

long acute total sleep deprivation; however, nowadays, sleep deprivation lasting more 

than 48 hours is considered unethical. Therefore, later studies usually applied ~24–40 

hours of wakefulness, depending on whether phase delay was also investigated. Other 

commonly used paradigms include one-time partial-, and chronic partial sleep 

restrictions, both of which aim to simulate everyday life situations (e.g. waking up early 

for work). Sleep can also be selectively deprived for different sleep stages. For example, 

in a SWS deprivation experiment, the EEG signal is monitored online and when SWS 

occurs, it is disturbed by stimuli (often acoustic stimuli) without causing awakening. 

Selective deprivation of REM sleep in humans often induced by awakening when entering 

the stage. It should be noted that paradigms using extensive sleep (the inverse of 

deprivation) are also useful for examining the influence of sleep-wake history on sleep. 

For this purpose, various types of nap studies (early morning, afternoon, or early evening 

naps) and constant bedrest paradigms are usually applied. 

1.3.1.1. Homeostatic characteristic of the NREM sleep EEG spectrum beyond SWA 

 SWA became the gold-standard of sleep homeostasis, as it reliably and strikingly 

reacted with a rebound to all types of deprivation/extension protocols. SWA increases 

after total deprivation, and the extent of this increase depends on the length of preceding 

waking period. As a result of selectively depriving SWS in the first half of the night, SWA 

levels are elevated after the deprivation is discontinued. Partial sleep deprivation causes 

an SWA increment during the following morning nap; furthermore, chronic partial 

deprivation results in a minor elevation of SWA in recovery sleeps. Finally, extensive 
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sleep results in decreased SWA in the following habitual episode (review of the different 

protocols and studies can be seen in Achermann & Borbély, 2017; Borbély & Achermann, 

1992). However, several of these studies also examined higher frequency EEG activities 

and found that, in addition to SWA, other frequency bands, sometimes up to lower beta 

range (20 Hz) could also change as a result of sleep progression or deprivation. The 

direction of these changes varies across the spectrum. Finelli et al. (2001) found that 

NREM sleep EEG power increases in the 0.75–10.5 Hz range but decreases in the 12–

12.25 Hz and 13.25–25 Hz ranges as a result of sleep deprivation. Similarly, earlier 

research reported a significant increase in 15–16 Hz activity across sleep cycles and 

decrease due to sleep deprivation (Borbély et al., 1981). Another study found and increase 

in power density in the 13.25–14 Hz range during baseline sleep, with the opposite pattern 

observed following sleep deprivation (Dijk et al., 1990). Not to mention the reported 

negative correlation between the overnight variation of the power in 20–28 Hz and 0.3–3 

Hz (Uchida et al., 1992). These findings raise the possibility that SWA is a necessary but 

not sufficient component for modelling sleep homeostasis. 

1.3.2. Setups for measuring time of day effects 

As it was introduced above (Section 1.2.2.2.), the internal circadian rhythm is 

synchronized with the environmental rhythm. However, in our world—at least since the 

introduction of artificial light usage—the social “clock” has also become a factor 

influencing the entrainment between environmental and inner time (Roenneberg et al., 

2019). Therefore, examining internal circadian rhythm independent of the environment 

is difficult and requires strict resource-intensive protocols. The main goal of such 

protocols is to exclude all potential zeitgebers, including both social and natural light 

factors, that is, anything that could provide information about the time of day. Two well-

established paradigms are the constant routine and forced desynchrony. The former when 

applied to humans, not only involves the removal of cyclic environmental cues but also 

eliminates periodic behaviour influences such as eating or the sleep-wake cycle. Thus, an 

optimal constant routine should last at least 24 hours and include constant ambient light, 

a stable room temperature, minimum physical activity while maintaining a consistent 

posture, and evenly distributed food intake across day and night (J. F. Duffy & Dijk, 

2002). The forced desynchrony protocol has similar aims, namely the elimination of the 

synchronization between the internal and environmental rhythms, while controlling for 
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undesired effects of sleep deprivation. In contrast to total sleep deprivation in constant 

routine, this protocol involves artificially created days with schedules shorter or longer 

than the natural 24-hour sleep-wake cycle. The most common schedule is 28-hour days, 

with one third of each day (~9.33-hours) dedicated to sleep (Carskadon et al., 1999; Dijk 

et al., 1992, 1999; J. F. Duffy et al., 1998). This schedule typically lasts several weeks 

(usually 20–40 days), allowing both wake and sleep periods to occur in different phases 

of the circadian rhythm. As a result, internal rhythms (such as core body temperature or 

melatonin) become desynchronized from the sleep-wake cycle, causing them to oscillate 

at their own intrinsic period.   

In human circadian research, core body temperature and melatonin are the primary 

indicators of rhythmic activity. However, the implementation of these measurements can 

be costly or inconvenient, therefore, metrics derived directly from EEG recordings would 

offer a significant advantage in assessing the circadian component of sleep regulation in 

both sleep medicine and research (Bódizs et al., 2022). Studies using the above described 

protocols revealed that beside REM sleep propensity, several aspects of sleep spindles 

modulated by circadian rhythm (Aeschbach et al., 1997; Knoblauch et al., 2005; Purcell 

et al., 2017; Wei et al., 1999). 

1.3.2.1. Circadian characteristic of sleep spindles 

As mentioned above, studies using the forced desynchrony protocol have found 

substantial circadian variation in spindles. For instance, one study observed that spindle 

activity follows an opposite circadian rhythm to the melatonin rhythm, furthermore, slow 

spindle activity is highest and fast spindle activity is lowest when sleep occurred during 

the phase of melatonin secretion (Dijk et al., 1997). Spindle frequency was also associated 

with the phase of melatonin, being lowest at the acrophase of melatonin secretion 

(Knoblauch et al., 2005). Additionally, spindle frequency was found to follow a similar 

pattern to the core body temperature rhythm, specifically, spindle frequency was lowest 

and highest during the same phases as body temperature (Wei et al., 1999). Furthermore, 

daytime recovery sleep following 25 hours of wakefulness was characterized by increased 

sleep spindle frequency compared to baseline nocturnal sleep (Rosinvil et al., 2015). In 

our recent studies, we could strengthen these findings as we observed higher frequency 

spindles during nap sleep compared to night sleep records, as well as a sleep-middle 
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deceleration of spindles, reflecting a U-shaped overnight dynamic of spindle frequency 

(Bódizs et al., 2022; G. Horváth & Bódizs, 2024). 

1.4. Individual differences of the sleep EEG in terms of age, sex and intelligence 

A previous study demonstrated that advancing age is linked to a reduction in 

NREM sleep SWA, alongside a concurrent increase in higher-frequency EEG power in 

healthy adults (Carrier et al., 2001). Additionally, age has been associated with a decline 

in sleep spindle activity and a shift toward higher intra-spindle oscillation frequencies 

with age (Nicolas et al., 2001; Principe & Smith, 1982; Purcell et al., 2017). 

Several studies have reported sex differences across multiple EEG frequency 

bands, with females exhibiting greater spectral power than males, independently of sleep 

stage or frequency range, suggesting a generally higher EEG amplitude in women (Carrier 

et al., 2001; Dijk, Beersma, & Bloem, 1989). Moreover, women tend to show higher 

spindle density, power (Carrier et al., 2001; Crowley et al., 2002; Dijk, Beersma, & 

Bloem, 1989; Ujma et al., 2014), as well as higher spindle frequency than men (Ujma et 

al., 2014). 

Sleep spindle activity has also been reported to correlate positively with measures 

of intellectual ability (Bódizs et al., 2005; Schabus et al., 2006), suggesting a potential 

link between spindle dynamics and cognitive performance. Interestingly, this association 

has been shown to exhibit sexual dimorphism, with significant correlations between 

spindle amplitude and intelligence in women, but not in men (Ujma et al., 2014, 2017); 

however, this finding has not been consistently supported in more recent studies (Pesonen 

et al., 2019; Ujma, 2021). 

In sum, spectral features of sleep EEG reliably reflect individual traits like age, 

sex, and intelligence. However, analytical variability can lead to inconsistent findings, 

making standardisable spectral methods essential. 

1.5. Spectral analysis of the sleep EEG 

The objective method of assessing sleep became even more reliable when 

researchers found out that the EEG signal can be decomposed into its frequency 

components with Fourier transformation. The moduli of the resulting complex 

coefficients represent wave amplitudes across frequencies, forming the amplitude 

spectrum, whereas their squared values define the power spectrum, which reflects signal 
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power distribution over frequencies. As EEG is a discrete time-domain signal sampled at 

a specific frequency, resulting in n data points, it can be transformed into frequency 

domain using the discrete Fourier Transform, producing n complex numbers that span the 

range from negative to positive Nyquist frequency (which latter is the half of the sampling 

rate). Computational demand of the discrete Fourier Transform is optimized via Fast 

Fourier Transform (FFT), which requires the data points to be a power of 2 (2n, where n 

is a positive integer). The transformation assumes that the data are stationary. However, 

as sleep EEG does not meet this assumption, Welch’s method is commonly used. In this 

method, the power spectral density (PSD) is estimated by dividing the signal into short, 

overlapping (usually 50%) segments (that can be considered stationary). A windowing 

function is then applied to minimize edge artefacts, the FFT is estimated to each segment, 

and the resulting spectra are averaged (Cox & Fell, 2020).  

Commonly used EEG spectral power measures are band-limited based on 

standard frequency ranges, and are often represented as integrals over specific segments 

of the spectrum or calculated bin-by-bin, indicating the amplitude of narrow frequency 

band (e.g. 1 Hz wide) (Bódizs et al., 2024). Analysing pre-defined frequency bands 

carries the risk of biases, as EEG data can be examined various ways depending on the 

specific electrophysiological phenomenon is being studied (Bódizs et al., 2021). 

Furthermore, the analysis specifications are not always clearly stated, making 

comparisons between studies challenging, as these studies may use PSD or power, raw or 

log-transformed values, which are either summed, averaged or integrated (Cox & Fell, 

2020). Thus, an overall characterization of the power spectra my serve as a more objective 

tool for analysing sleep EEG.  

1.4.1. Spectral parametrization 

Previous research has consistently shown that neurophysiological signals consist 

of rhythmic oscillatory activities and an aperiodic component. The scalp EEG spectrum 

follows a power-law distribution (Pereda et al., 1998; Pritchard, 1992) which implies a 

linear relationship between the logarithms of amplitude and frequency (Feinberg et al., 

1984). The 1/f pattern represents the aperiodic aspect of the signal, stemming from the 

inherent scale-free nature of power-law functions. Essentially, this suggests that no 

specific frequency dominates the signal; instead, the slope of the spectrum (without the 

spectral peaks) reveals the overall frequency distribution within the time series (G. 
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Horváth et al., 2022), providing the constant ratio between lower and higher frequency 

power (Bódizs et al., 2021, 2024). As EEG spectra can be accurately described by a power 

law function, band power measures are inherently redundant, reflecting the same 

statistical pattern across different frequency ranges (Bódizs et al., 2024). However, 

oscillatory activity also occurs in particular frequency ranges of the power spectrum, 

making it essential to properly separate these two components for a precise 

characterization of sleep EEG.  We suggest that the Fourier spectrum can be accurately 

represented by the following function, which considers both aperiodic part and peaks of 

the spectrum (Figure 1):  

𝑃(𝑓) =  𝐶𝑓𝛼𝑃𝑃𝑒𝑎𝑘(𝑓) 

Here, P represents power as a function of frequency (f), Ppeak denotes the peak 

power at frequency f (equalling 1 in the absence of peak and greater otherwise), the 

constant C is the intercept reflecting the frequency-independent EEG amplitude, and α is 

the spectral exponent (negative value). We can obtain the slope of the spectrum by 

applying a double logarithmic scaling to the above, resulting in the exponent becoming 

the spectral slope: 

ln P(f) = ln C + α*ln f + ln PPeak(f) 

 

Figure 1. The parametrization of non-rapid eye movement (NREM) sleep 

electroencephalogram (EEG) spectra. A. Hypnogram and workflow of spectral EEG 

analysis illustrated using a representative recording from a young male participant. 

Grey-shaded areas indicate NREM sleep. Blue-shaded EEG segments depict magnified 
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4-second epochs (with 2-second overlap) that were Hann-windowed prior to power 

spectral analysis using mixed-radix Fast Fourier Transformation (FFT). B. Mean 

spectral power (P) described by a frequency (f)-dependent exponential decay (α), a 

frequency-independent amplitude multiplier (C) and a peak power multiplier at specific 

frequencies [PPeak(f)]. C. The natural logarithm of spectral power (P) is a linear function 

of the natural logarithm of frequency (f), yields a linear slope α (identical to α in panel 

B) and an intercept (the natural logarithm of the amplitude multiplier C in panel B). This 

linear function is further summed with the natural logarithm of the peak power multiplier 

[PPeak(f), the same function as in panel B]. Figure is adapted from Bódizs et al. (2021). 

Previous studies on the aperiodic characteristics of EEG suggest that spectral 

slope is a function of age (Feinberg et al., 1984; Tan et al., 2001; Voytek et al., 2015), as 

well as of arousal level, as it can successfully discriminate between sleep and wake states, 

or different levels of consciousness (Colombo et al., 2019; Lendner et al., 2020; Waschke 

et al., 2021; Zhang et al., 2023). Furthermore, spectral slope has been shown to become 

progressively steeper with the deepening of sleep, with the flattest slope observed in 

wakefulness (Favaro et al., 2023; Freeman et al., 2006; Miskovic et al., 2019; Pereda et 

al., 1998; Schneider et al., 2022) and was reported as one of the most reliable metric of 

sleep stage categorization (Krakovská & Mezeiová, 2011). It can also differentiate 

between sleep cycles (Rosenblum et al., 2023), and between brain states of restful and 

active wakefulness (Höhn et al., 2024). Therefore, based on these result, one can assume 

that the spectral slope is a reliable marker of the homeostatic process of sleep regulation. 

It is likely more standardisable than the gold-standard (as reported values vary within a 

much narrower range compared to SWA) while still capturing interindividual differences 

(such as age), and accounts for the entire frequency composition of the spectrum. This 

may be crucial for modelling sleep homeostasis, as not only SWA changes in response to 

sleep pressure (see Section 1.3.1.1.).  

On the other hand, since spectral peaks represent oscillatory activity at particular 

frequencies (Gao, 2016), the most prominent peak of the 9–18 Hz range (broad sigma 

range) can be considered spindle activity if its characteristics (e.g. spatial distribution 

frequency, sex and age differences) align with the results obtained regarding sleep 

spindles (see Section 1.3.2.1. and 1.4.). As spindle frequency has been shown to reflect 

circadian variation in several studies (Section 1.3.2.1.), obtaining the spectral peak 

frequency in the spindle band using spectral parametrization procedures, would greatly 

simplify the investigation of the circadian process of sleep regulation.  
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2. Objectives 

The examination of the two key processes underlying sleep regulation (sleep 

homeostasis, circadian rhythm) by PSG remains unresolved.  While no validated EEG 

marker exits for the circadian process, sleep homeostasis is typically indicated by SWA 

of NREM sleep EEG. However, a major criticism of the latter is that quantitative EEG 

indicators are redundant and cannot be standardized, making intra-individual 

comparisons challenging and preventing the establishment of normative values for 

optimal sleep. Therefore, the overall objective of my PhD research was to characterize 

the NREM sleep EEG Fourier spectrum by considering its power-law scaling properties, 

with a primary focus on how the derived non-redundant parameters can be captured 

within the context of sleep regulatory processes. 

To achieve these objectives, the presented studies set out to accomplish the 

following: 

In the first study, we aimed to demonstrate that the parametrization procedure 

effectively reduces the typically analysed 191 spectral measures to just 4 (spectral slope, 

intercept, amplitude and frequency of the largest peak in the spindle frequency range), 

which reliably capture the known age-, sex-, and intelligence-related associations of the 

sleep EEG. 

The second study examined the overnight dynamics of those 4 parameters, 

focusing on the first four consecutive sleep cycles of habitual PSG recordings. The aim 

was to investigate whether separating the aperiodic and periodic components of the 

NREM spectra could serve as reliable indicators of known overnight sleep cycle 

dynamics associated with sleep regulatory processes. The main research question was 

whether spectral slope associates with SWA and more standardizable than the gold-

standard, as well as whether spindle peak frequency evolves in a U-shaped curve during 

the night.  

Finally, Study 3 aimed to validate the role of spectral parametrization in 

examining sleep regulatory processes using a 35-hour home sleep deprivation protocol 

with chronotype-dependent baseline sleep (BS) onsets. The main objective was to assess 

spectral slope and peak frequency by challenging the homeostatic process (sleep 

deprivation) and slightly advancing sleep onset, with the aim of unravelling the circadian 

rhythm (reschedule of recovery sleep (RS) by advancing it with ~ 4.5 hours).  
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3. Methods 

3.1. Study 1 and Study 2 

For the first two studies, overlapping database and the same spectrum 

parametrization techniques were used, but different analytical approaches were applied 

to address our research questions. In the following sections, methods of Study 1 and Study 

2 will be described together, with clear indications where the applied procedures differed. 

The aims and research settings of the studies are presented in Table 1. 

3.1.1. Sample 

The sample was drawn from the Budapest-Munich database (Bódizs et al., 2017) 

for both studies. This database includes N = 251 healthy participants (122 females) with 

an age between 4 and 69 years (mean: 25.13). In Study 2, the entire database was utilized 

(G. Horváth et al., 2022); however, in Study 1, data from children under the age of 17 

were excluded, resulting in a dataset of N=175 participants (81 females, mean age: 29.23, 

min. age: 17 years) (Bódizs et al., 2021). Intelligence Quotient (IQ) scores were assessed 

for N =149 participants (68 females, mean age: 29.23 years) with additional recruitment 

through Mensa Germany and Mensa Hungary to increase the representation of highly 

intelligent individuals (IQ score estimation is described in Bódizs et al. (2021)).  

Semi-structured interviews with experienced psychiatrists or psychologists 

confirmed that all participants were in good health, had no history of neurological or 

psychiatric disorders, and were free of any current drug effects, except for contraceptive 

use in females. The majority of the sample were non-smokers (only six men and two 

women self-identified as light-to-moderate smokers). Maximum allowed caffeine intake 

was defined as up to two cups of coffee before noon (moderate consumption), while 

alcohol was strictly prohibited. The research protocols were verified by the Ethics 

Committees of Semmelweis University (Budapest, Hungary) or the Medical Faculty of 

the Ludwig Maximilians University (Munich, Germany) (146/2010). All experiments 

were conducted in accordance with the principles outlined in the Declaration of Helsinki. 

All participants (or in case of minors, their parents/guardians) provided written informed 

consent to participate in the study. 
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3.1.3. Polysomnography 

The procedures for detailed data recording of the different studies in the Budapest-

Munich database can be found in Bódizs et al. (2017). The polysomnography data were 

recorded over two successive nights, with EEG electrodes placed based on the 

international 10-20 system at Fp1, Fp2, F3, F4, Fz, F7, F8, C3, C4, Cz, P3, P4, T3, T4, 

T5, T6, O1, and O2, re-referenced to mathematically linked mastoids. Besides EEG 

channels, EMG, EOG and electrocardiography (ECG) were also registered. Sampling 

frequency was either 249 Hz, 250 Hz or 1024 Hz depending on the site of data collection. 

However, the impedances for the electrodes were kept below 8 kΩ in all cases of the 

database. All PSG records were scored manually, in accordance with the standard criteria 

of sleep-wake states (Civan et al., 1992). Sleep scoring was followed by a 4-second based 

manual artefact removal. Only the second night of the sleep records were analysed in both 

studies to avoid first-night effect. In Study 1, analyses were conducted across all recording 

sites for NREM (N2 and N3) sleep of the entire sleep episode. In contrast, Study 2 focused 

only on parasagittal electrode sites (Fp1, Fp2, F3, F4, C3, C4, P3, P4, O1, O2) and 

analysed NREM episodes (N2 and N3) separately in consecutive sleep cycles. Sleep 

architecture was divided into sleep cycles according to the criteria proposed by 

Aeschbach & Borbély (1993). 

3.1.4. Power spectral analysis 

First, NREM (N2 + N3) power spectra were computed from 0 to Nyquist 

frequency (in μV2/0.25 Hz) after artefact-free 4-second epochs (with 2-second overlap) 

were Hann-windowed and processed using a mixed-radix fast Fourier transform. This 

was performed on the entire sleep period in Study 1, whereas in Study 2, it was applied 

separately to successive sleep cycles. Subsequently, EEG-location specific power spectral 

densities from all 4-second windows were averaged for the entire night (Study 1) or 

within the successive sleep cycles (Study 2). SWA in Study 2 was quantified as the sum 

of power values from each frequency bin (power spectral density) in the 0.75–4.5 Hz 

frequency range of the EEG signal. Analysis was performed using data from the left 

frontal electrode site (F3), with results averaged over N2 and N3 stages during complete 

sleep cycles. 
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3.1.6. Spectrum parametrization 

The parametrization of the power spectra in both studies was conducted with the 

parametrization procedure proposed in Study 1 (Bódizs et al., 2021). Main steps of the 

method are the following: 

1. Piecewise cubic Hermite interpolation of the log–log scale of NREM (N2 and N3) 

sleep EEG spectra to equidistant, 0.0052 Hz bins (the smallest frequency step). 

2. Estimation of spectral slope by fitting a linear function to the spectrum, excluding 

frequency bins below 2 Hz and between 6–18 Hz, to prevent fitting bias caused 

by non-random oscillatory activity in those frequency ranges. 

3. Detection of spectral peaks in the 9–18 Hz frequency range, known as broad sigma 

range. Peak detection was defined as searching for local maxima and minima in 

mathematical terms within the sigma range.  Therefore, we utilized the first and 

second derivatives to identify critical points and distinguish between maxima and 

minima, respectively. A spectral peak was recognised and validated when the first 

derivative was 0 and the second derivative was negative. 

3.1.7. Statistical analyses 

TIBCO Statistica 13 software was used for statistical analyses. Parametric tests were 

performed for normally distributed data, while non-parametric tests were applied for non-

Gaussian distributions. Normality was assessed using the Shapiro-Wilk test in all cases. 

In cases of significant effects or interactions Unequal N HSD post hoc test was conducted 

for further evaluation. 

3.1.7.1. Study 1 

Correlational analyses (Pearson product-moment-, Spearman’s rank correlation) 

and between-group comparisons (independent samples t-test, Mann-Whitney U test) were 

applied to assess the associations of age and IQ with the different spectral parameters, as 

well as to examine sex-related differences in these parameters. To control for Type-I 

errors arising from multiple electrodes and hypotheses, we applied a modified version of 

the Descriptive Data Analyses (DDA) protocol (Abt, 1987) specifically adapted for 

neurophysiological data (Abt, 1990; F. H. Duffy et al., 1990). Taking into account the 

intercorrelations among different electrodes, DDA relies on the identification of Rüger’s 

areas (Rüger, 1978), which are clusters of spatially adjacent results that are descriptively 
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significant (p<0.05). A Rüger area is significant, when either at least one-third of the 

descriptively significant results meet a threshold of p = 0.017 (0.05/3) or at least half 

reach p = 0.025 (0.05/2). In the present study both criteria were applied concurrently.  

Anterior-posterior changes in peak frequency were tested by the following 

analysis. As a first step, parasagittal regions were created by averaging peak frequencies 

in frontopolar (Fp1, Fp2), frontal (F3, F4, Fz), central (C3, C4, Cz), parietal (P3, P4, Pz), 

as well as occipital (O1, O2) derivations. Thereafter, the differences in spectral peak 

frequencies of all adjacent antero-posterior regions were calculated. That is, we 

subtracted the mean of the frontopolar region from the mean of the frontal region, the 

frontal from the central et cetera. The outputs represent shifts in peak frequency along the 

antero-posterior axis, with positive values indicating anterior-to-posterior increases. 

Successive frequency changes were summed per subject, which was then averaged across 

the sample. The maxima were also identified and localized individually, yielding a sample 

mean of maximal shift and its topographical distribution. 

3.1.7.2. Study 2 

The sample was divided into 4 age groups as in our earlier study (Bódizs et al., 

2017): children (4–9 years, N=31, 15 females),  teenagers (10–19 years, N = 36, 18 

females),  young adults  (20–39 years, N = 150, 75 females), and middle-aged adults (40–

69 years, N = 34, 14 females).  

General linear models were conducted with age groups and sex as between-

subject factors; sleep cycles, brain regions and hemisphere as within-subject factors. Here 

we considered the secondary interactions of the factors with significant main effects. 

In correlational analyses, the log-transformed SWA (lnSWA) was utilized 

ensuring compliance with the assumptions of parametric statistical tests. However, since 

classical SWA is typically reported in most research articles, the results of the general 

linear model are presented here using both type of SWA values.    

With respect to the spectral peak frequencies, their antero-posterior distribution 

was also tested. On one hand, we performed the descriptive analysis of the dominant 

frequency shift by relying on the procedure implemented in Study 1 (Bódizs et al., 2021), 

but separately for each sleep cycles. On the other hand, these frequency shifts were 

analysed using an adaptation of the Kullback–Leibler (KL) distance measure (Kullback 

& Leibler, 1951), a statistical tool to quantify differences between two distributions. 
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Precise description of these analyses can be seen in (G. Horváth et al., 2022). The goal 

was to assess whether region-specific variations in peak frequencies follow a uniform 

antero-posterior distribution, implying an equal likelihood of changes in the antero-

posterior direction across all adjacent parasagittal regions (null hypothesis: continuous 

antero-posterior frequency shifts), or if the changes are discontinuous, suggesting a 

distinction between slow and fast sleep spindles, potentially driven by non-continuous 

antero-posterior shifts.  

3.1.7.3. Goodness of Fit assessment 

The goodness of fit between the linear model and the equidistant log-log spectral 

data was assessed using Pearson product-moment correlations. These correlations were 

then Fisher Z-transformed, averaged, and back-transformed following the 

recommendations of Silver & Dunlap (1987). Finally, the mean r-value was squared to 

determine the shared variance. The standard deviation (SD) was calculated from the 

Fisher Z-transformed dataset and subsequently back-transformed.  

3.2. Study 3 

3.2.1. Sample 

Healthy young adults, free of neurological and psychiatric disease, as well as any acute 

or chronic illnesses based on self-reports took part in the experiment (G․ Horváth & 

Bódizs, 2025). The recruitment process combined convenience and snowball samplings 

utilizing personal contacts and social media outreach. Due to the strict exclusion criteria, 

out of more than 300 applicants, overall N=46 subjects participated in the examination. 

Inclusion criteria were based on questionnaires and were the following: Hungarian 

version of the Pittsburgh Sleep Quality Index (PSQI) (Takács et al., 2016) score below 5, 

Beck Depression Inventory (BDI) score below 13 (Beck et al., 1961), no alarm clock 

usage on free days, daytime work schedule, a Munich Chronotype Questionnaire 

(MCTQ) chronotype score (MSFsc) within the mean +/-3 SD range of young Hungarian 

subjects reported in (Haraszti et al., 2014), and age between 18 and 40 years.  

Ultimately, the final, analysable sample comprised N = 38 participants (age range: 

18–39 years, mean age= 24.9, 19 females). The reduction in sample size was due to low-

quality EEG recordings or complete data loss.  
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3.2.2. Study design 

After pre-screening, applicants who met the requirements were invited to the 

laboratory and received detailed information on the use of the mobile EEG device and 

completed cognitive tests. EEG-recorded sleep was performed at the home of the 

participants with the mobile EEG headband. During the BS measurement, participants 

were free to choose their bedtime, allowing them to follow their own sleep preferences. 

The use of an alarm clock was not permitted on either morning of the headband-EEG-

recorded sleep sessions (BS and RS). Upon awakening from BS, the sleep deprivation 

phase began, requiring participants to remain awake for the next 35 hours. During this 

period, alcohol intake was forbidden, whereas stimulant use restricted to caffeine, which 

could be consumed in the form of coffee in amounts consistent with the participant’s 

usual daily intake. However, total caffeine consumption was limited to a maximum 

equivalent of three espresso shots over this 35-hour period. Participants were free to 

choose their activities during the sleep deprivation. However, they were required to 

maintain continuous contact with the experimenter–providing at least one hourly report 

on their well–being and current activity via mobile phone messages–and to complete 

sleepiness scale questionnaires at designated time points (0, 12, 24 and 35 hours after 

sleep deprivation onset). Additionally, experimenters visited participants in their homes 

at the 24th and 34th hour of the course of prolonged wakefulness to conduct cognitive task 

recordings, assess their well-being, and ensure adherence to the study protocol in person. 

Compliance was monitored by verifying the availability of all hourly text messages and 

completed questionnaires at each designated time point. Before RS, the experimenter 

assisted participants to put on the EEG headband and instructed them to turn off the lights 

and go to bed. Upon waking, participants completed the sleepiness scales one last time, 

concluding their participation in the experiment. The present study focuses on the 

analyses of selected questionnaires (MCTQ, sleepiness scale) and the sleep EEG data.   

National Public Health Centre Institutional Committee of Science and Research 

Ethics approved the research protocols (48594-7/2020/EÜIG), and the experiment was 

implemented in accordance with the Declaration of Helsinki. Every participant signed an 

informed consent about their attendance in the study. 
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3.2.3. Sleep electroencephalography 

Sleep data was obtained by Hypnodyne corp. Zmax EEG headband. The device 

records two EEG derivations at F7-Fpz and F8-Fpz with sampling rate of 256 Hz, 

photoplethysmography (PPG), accelerometry, skin temperature, light- and acoustic noise 

intensity. EEG channels were re-referenced to their common average. Sleep staging was 

manually performed based on the consensual criteria for different states (Berry et al., 

2018), using 20-second epochs. Similar scoring schemas could be applied as for PSG 

data, as the aforementioned measurements offer nearly identical information content as 

the originally recommended derivations, such as EMG (can be substituted by head 

movement measure and muscle artefacts) or ECG (can be replaced by the PPG). After 

scoring, hypnograms were divided into consecutive NREM-REM periods (sleep cycles) 

according to the modified criteria of Feinberg & Floyd (1979) which takes into account 

the possible absence of stage REM in the first sleep cycle (Jenni & Carskadon, 2004).  

3.2.3. EEG spectral analyses 

Manual artefact removal was followed by a power spectral density (PSD) analysis 

based on the Welch method: EEG signal was segmented into 4-second epochs with an 

overlap of 50%, after which a Hann window function was applied, and Fast Fourier 

Transform (FFT) was computed for every NREM (N2 + N3) period in each sleep cycle. 

Finally, the resulting spectra were averaged across all 4-second epoch within each sleep 

cycles. SWA was determined by summing the PSD values within the 0.75–4.5 Hz range 

of EEG activity from the averaged N2 and N3 episodes across complete sleep cycles. 

3.2.3.2. Spectrum parametrization  

In contrast to Study 1 and Study 2, the parametrization of the power spectra was 

performed by the fitting oscillations and one over f (FOOOF) method, developed by 

Donoghue, Dominguez, et al. (2020). This procedure aims to separate aperiodic from the 

periodic components of the spectrum by first estimating and removing an approximated 

1/f-like background trend using a linear function, resulting in a flattened spectrum that 

highlights spectral peaks. After identifying and fitting oscillatory peaks, the aperiodic 

component is re-fitted.  The combined version of the periodic and refitted aperiodic 

component can be used for further analyses. 
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Fitting range was set to 2–48 Hz frequency range, with a bandwidth of accepted 

peaks of 0.7–3 Hz, and with a peak threshold of 1, as this setting were used in (Schneider 

et al., 2022) to avoid over- or under fitting.  

In this study (Study 3), only two spectral parameters, namely, slope and spindle 

peak frequency were analysed as they were hypothesized to be most closely linked to the 

examined sleep regulatory processes. Spindle frequency was defined as follows: the first 

three largest peaks were obtained and ranked by amplitude.  The peak within the 9–16 Hz 

(broad spindle) frequency range with the highest amplitude among the three was retained 

and its frequency was analysed (which parameter is referred to as peak frequency in the 

remaining part of my thesis). If all three fell outside the spindle range, the spectrum 

considered to lack a spindle peak (thus peak frequency) for that specific spectrum.  

3.2.4. Munich Chronotype Questionnaire, Sleepiness scales 

The MCTQ gathers information on habitual bedtimes, wake-up times, sleep 

latency and sleep inertia for work- and free days separately. Chronotype (denoted as 

MSFsc) is determined as the middle point of the sleep period on free days corrected for 

oversleeping. In the present study, MSFsc was used both as a continuous predictor and 

for the categorization of chronotypes. Participants whose MSFsc values fell outside the ± 

1 SD range of the mean reported for young Hungarian individuals (Haraszti et al., 2014) 

were classified as morning or evening types, while those within ± 1 SD range were 

categorized as intermediate types.  

Subjects completed two different sleepiness scales six times during the 

experiment (see study design for specific time points). A Likert scale with the following 

instruction: “Please indicate your sleepiness level on a scale from 1 to 10 where 1 means 

‘not sleepy at all’ while 10 refers to ‘very sleepy’.”. This approach was found to be more 

sensitive to measure daytime dysfunction than other scales in a former study (Riegel et 

al., 2013). Furthermore, the Stanford Sleepiness Scale was applied (Hoddes et al., 1973). 

This questionnaire comprises seven statements describing different levels of sleepiness, 

from which participants select the one that best reflects their actual state.   

3.2.6. Statistical analyses 

Data examination was carried out using TIBCO Statistica software in multiple 

settings to examine the overnight dynamics of spectral slope and spindle peak frequency 
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during baseline (BS) and recovery sleep (RS), as well as the differences in these 

parameters between the two nights. On the one hand, in order to maximize statistical 

power, we aimed to maintain the highest feasible sample size as a consequence, lower 

number of sleep cycles (first 4) remained available for analyses. On the other hand, we 

aimed to analyse the overnight dynamics of the aforementioned parameters across the 

entire night. To achieve this, subjects were categorized based on the number of sleep 

cycles they had (separately for the two nights), and the nocturnal variations of these 

variables were examined within each group. Although the group sizes were small in these 

analyses, this approach allowed for the assessment of the entire night for each participant 

who had complete recordings. Since the cycle effect was expected to be substantial, we 

deemed a group analysable if it had a minimum sample size of N = 7. As a result, BS 

groups with 3 and 7 sleep cycles, as well as RS groups with 6 and 10 cycles had to be 

excluded, as they comprised no more than 3 participants. Lastly, we compared specific 

cycles (those at the beginning, middle, and end of the sleep periods), as well as the BS vs 

RS cycle numbers in which the minimum and maximum values of the parameters 

occurred on the respective nights. 

Dependent samples t-tests were used for comparing two variables or conditions, 

repeated measures ANOVA for analyses involving more than two variables or time 

points, and General Linear Models when multiple factors were included. When the 

sample size was less than 10 (in the cycle group-wise analyses) or if any of the variables 

had non-Gaussian distribution, non-parametric alternatives of the aforementioned tests 

were applied. Normality was tested using Shapiro-Wilk W test for all variables. The 

number of sleep cycles in both conditions, the sleep cycle during which participants 

reached their peak frequency minimum in BS, BS cycle 4 slope values, RS cycle 7 slope 

values, cycle numbers in which the minimum and maximum slope values occurred, and 

both sleepiness scales at all time-points were characterized by a non-Gaussian 

distribution. In case of multiple comparisons, Bonferroni correction was applied. We 

reported mean (m) and standard deviation (SD) for normally distributed data, while 

median (Mdn) and interquartile range (IQR=[lower bound, upper bound]) are provided 

for non-normally distributed data. 
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Table 1. Overview of the samples, aims, and methods of the three studies. 

 

Participants Aims Methods 

Sample 
size 

Age 
range 
(years) 

Exclusion criteria 
Hypothesis to be 

tested 
Analysed Sleep 

stage  
Analysed EEG 

channels 
Sampling 

rate 

Spectrum 
parametrization 

method 

Additional 
metrics 

Study 1 
175 
(81 

females) 
17–69 

Diseases 
Neurological/ psychiatric 

disorders 
Current drug effect 

To derive 
physiologically 

meaningful metrics by 
parametrizing the 

sleep EEG spectrum  

Whole night 
average of N2 

& N3 

Fp1, Fp2, F3, F4, 
Fz, F7, F8, C3, 
C4, Cz, P3, P4, 
T3, T4, T5, T6, 

O1, O2 

249 / 
250 / 

1024 Hz 

(Bódizs et al., 
2021) 

IQ score 

Study 2 
251 
(122 

females) 
4–69 

Diseases 
Neurological/ psychiatric 

disorders 
Current drug effect 

To capture known 
overnight dynamics 

associated with sleep 
regulation using 

metrics derived from 
spectral 

parametrization of the 
EEG signal in 

successive sleep cycles  

Average of N2 
& N3 by sleep 
cycles (first 4 

cycles) 

Fp1, Fp2, F3, F4, 
C3, C4, P3, P4, 

O1, O2 

249 / 
250 / 

1024 Hz 

(Bódizs et al., 
2021) 

SWA at F3 
recording 
location 

Study 3 38 18–39 

Diseases 
Neurological/ psychiatric 

disorders 
Current drug effect 

PSQI>5 
BDI>13 

Alarm clock on usage on 
free days, 

Daytime work schedule, 
Extreme chronotype 

To validate spectral 
parametrization as a 

novel approach to 
measuring sleep 

regulatory processes 
using a 35-hour sleep 
deprivation protocol  

Average of N2 
& N3 by sleep 

cycles  
F7-Fpz, F8-Fpz 256 Hz 

(Donoghue, 
Haller, et al., 

2020) 

SWA, 
MSFsc, 

sleepiness 
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4. Results 

4.1. Study 1 

As a first step, we tested whether the linear model of our parametrization 

procedure has a good fit on the data (see section 3.1.7.3. Goodness of Fit assessment). 

The linear model applied to the [2–6]∪[18–48] Hz frequencies exhibited goodness of fit 

values spanning from 0.8955 to 0.9997, across individuals and EEG recording sites. The 

squared Pearson correlation coefficient between the fitted linear model and the spectral 

data was found to be R2=0.9952 (SD=0.1578). 

Spectral slope sample mean of 175 healthy participants, measured across up to 18 

common EEG derivations, ranged from -2.73 (SD=0.22) to -2.33 (SD=0.22), whereas the 

mean of intercepts (lnC) varied between 5.67 (SD=0.69) and 3.74 (SD=0.73). These 

values corresponded to the means of the frontocentral (Fz) and left temporal (T5) regions, 

respectively.  

4.1.1. Spectral peaks of the 9–18 Hz frequency range 

Spectral peaks within the 9–18 Hz range were identified using a combination of 

first- and second-derivative analyses, which mathematically pinpoint local maxima. The 

detected peaks were ranked based on their whitened amplitude, with the influence of 

coloured noise—characterized by the spectral slope (α) and intercept (C)—being 

removed prior to ranking. The presence of at least one peak was observed in 81.16% to 

100% of participants, varying by EEG recording site. The largest peak (with the highest 

whitened amplitude) in this frequency range aligned with the general topographical-

frequency distribution characteristic of sleep spindles. Specifically, spectral peaks in 

anterior regions appeared at lower frequencies compared to those in posterior areas (see 

example in Figure 2). The total increase in the frequency of the largest peak along the 

antero-posterior cortical axis was 1.99 Hz in average across subjects. However, this 

frequency shift was not gradual; instead, more than 83% (1.67 Hz) of the total increase 

occurred as a discrete jump, primarily localized to specific cortical transitions: frontal-to-

central (54.77% of subjects), frontopolar-to-frontal (36.94%), central-to-parietal (6.36%), 

and parietal-to-occipital (1.91%). Peak frequencies identified rostral to the highest antero-

posterior frequency transition are hypothesized to correspond to slow sleep spindles, 
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occurring in 100% of frontopolar, 63.05% of frontal, 8.28% of central, 1.91% of parietal, 

and 0% of occipital recording sites. In contrast, caudal spectral peaks are presumed to 

represent fast sleep spindles observed in 0%, 36.95%, 91.72%, 98.09%, and 100% of 

frontopolar, frontal, central, parietal, and occipital regions, respectively. 

 

 

Figure 2. Examples for spectral peaks over the antero-posterior cortical axis in one of 

the subjects. Top left panel: periodograms plotted in the double natural logarithmic plane 

displaying a combination of linear trends and spectral peaks. Bottom left panel: whitened 

powers obtained by subtracting the fitted linear components: ln P – (ln C + α ln f). Note 

the uniform baseline power (~1) and the spectral peaks. Right panel: enlarged spectral 

peaks in the spindle frequency range, characterized by lower frequency maxima in the 

anterior as compared to the posterior recording locations (see colour-coded arrows); 

maximal antero-posterior shifts in peak frequency emerged between the frontal and 

central recording sites, demarcating slow-anterior and fast-posterior sleep spindle-

related spectral peaks. Figure adapted from Bódizs et al., (2021). 

Second largest spectral peaks, with approximately half the amplitude of the 

primary ones, were identified in a subset of participants and EEG derivations (6.29–

50.64%). However, in most cases, these secondary peaks were about 1.5 Hz slower than 

the reported slow sleep spindle frequencies (Ujma et al., 2014) (Figure 3). This suggests 

that these peaks likely reflected alpha activity (~10 Hz) rather than genuine slow or fast 

sleep spindles. In other words, while the method applied in this study proved robust for 

reliably detection of the dominant spectral peak associated with sleep spindling at each 

recording site, it lacked the sensitivity to accurately capture non-dominant spindle 

peaks—namely, fast spindles in anterior regions and slow spindles in posterior regions. 
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Thus, throughout the rest of this study and in Study 2, we focused on the frequency and 

amplitude of the largest (maximal in amplitude) peak of the spectra, regarded as the 

spindle peak and referred to as peak frequency/amplitude.  

 

 

Figure 3. Boxplots of spectral peak frequencies at different electrode sites. Note that the 

widest interquartile range of peak frequencies, covering both slow and fast sleep spindles, 

was found in the prefrontal region (F3, F4, Fz), suggesting a mix of spindle types at these 

locations. In contrast, narrower ranges in anterior and posterior areas reflect 

predominantly slow and fast spindles, respectively. Figure was created based on the 

supplementary materials of Bódizs et al. (2021). 

4.1.2. Effects of age on spectral peaks and slope 

Age positively associated with spectral slope at all, and negatively with peak 

amplitudes and peak frequencies at 10 and 8 EEG derivations, respectively. All those 

areas can be considered significant according to the DDA (Table 2). 

As we hypothesized age-related increase in peak frequency, we tested whether 

changes in slow and fast spindle sizes underlie our contradictory finding. Specifically, if 

the dominant peak shifts from fast to slow spindle frequency more frequently in the 

frontal regions of older individuals. To investigate this, we compared the ages of a group 

with the largest antero-posterior frequency shift from the frontal to frontopolar region, 

and a group with the shift occurring from the central to the frontal area. Mann-Whitney 

U-test indicated significantly higher age in the central to frontal shift group (U = -2.41, 

η² = 0.713, p = 0.015), that is age-related reduction in frequency may reflect a decline in 

the occurrence of fast sleep spindles in the frontal region among older adults. 
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Table 2. Spearman rank correlations(ρ) indicating the associations of age with spectral 

slopes (a), peak amplitudes (b) and frequencies (c) of NREM sleep EEG. a, Spearman 

rank correlations between age and spectral exponents (α) of NREM sleep EEG. Note the 

significance of correlations at the descriptive level of significance (p < .05), as well as at 

both of the new critical p levels corresponding to p < .025 and p < .017. The minimum 

criteria of a significant Rüger’s area is 10 out of 18 (a), 5 out of 9 (b) and 5 out of 8 (c) 

descriptive significances to meet the p < .025 and 7 out of 18 descriptive significances to 

meet the p < .017 criteria. Table is sourced from supplementary materials of Bódizs et 

al. (2021). 

R
ec

o
rd

in
g

 

lo
ca

ti
o

n
 

a, slope (α) 
b, peak amplitude 

(PPeak(fmaxPeak)) 

c, peak frequency 

(fmaxPeak) 

ρ p N ρ p N ρ p N 

Fp1 .38 <.001 163 -.107 .193 150 -.22 .006 150 

Fp2 .39 <.001 171 -.035 .669 155 -.21 .007 155 

F3 .39 <.001 174 -.184 .018 166 -.27 <.001 166 

F4 .42 <.001 173 -.17 .029 165 -.25 .001 165 

Fz .44 <.001 156 -.288 <.001 151 -.37 <.001 151 

F7 .36 <.001 153 -.105 .223 137 -.29 .001 137 

F8 .38 <.001 154 -.002 .978 141 -.21 .010 141 

C3 .38 <.001 174 -.328 <.001 172 -.05 .46 172 

C4 .39 <.001 175 -.32 <.001 172 -.04 .586 172 

Cz .35 <.001 156 -.409 <.001 155 -.06 .44 155 

P3 .34 <.001 175 -.23 .002 175 .10 .16 175 

P4 .37 <.001 175 -.227 .003 174 .08 .253 174 

T3 .39 <.001 154 -.141 .116 125 -.14 .119 125 

T4 .39 <.001 156 -.125 .154 131 -.30 .001 131 

T5 .33 <.001 154 -.176 .030 152 .01 .861 152 

T6 .37 <.001 155 -.213 .009 151 -.00 .988 151 

O1 .29 <.001 175 -.127 .097 173 .10 .179 173 

O2 .33 <.001 174 -.132 .085 172 .11 .152 172 

 

4.1.3. Sex differences in spectral peaks and intercept 

Women had higher intercepts, and faster peak frequencies (p<0.05, except for T3 

and T4 locations; Figure 4) than man, and the two sex groups did not differ in terms of 

the whitened spindle peak amplitude at any derivations (p>0.05). All the significant areas 

can be considered significant according to the DDA (results of the Mann–Whitney U-

tests and t-tests can be seen in Supplementary Table 4 in Bódizs et al., (2021)). 
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Figure 4. Sex differences in intercept, peak frequency and peak amplitude across different 

recording locations. The upper panels display boxplots showing the median and 

interquartile range, while the bottom panel shows peak amplitude as means with 95% 

confidence intervals. Figure was created based on the supplementary materials of Bódizs 

et al. (2021). 

4.1.4. Associations of IQ with spindle peak amplitude 

Significant relationships between peak amplitudes and IQ were revealed in women 

according to the results of Pearson correlation (Figure 5), at the following recording sites: 

C3 (N=67, r=0.33, p=0.007), C4 (N=66, r=0.34, p=0.005), Cz (N=55, r=0.34, p=0.010), 

P3 (N=68, r=0.26, p=0.031), P4 (N=68, r=0.28, p=0.020), and T3 (N=45, r=0.32, 

p=0.031). Correlations remained significant in the centroparietal-left temporal region 

after adjusting for multiple comparisons with DDA. Specifically, 4 out of 6 correlations 

remained significant at α = 0.025 (0.05/2) and 3 out of 6 at α = 0.0167 (0.05/3). No 

significant associations were found in men.  
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Figure 5. Correlations between NREM sleep EEG spindle frequency whitened spectral 

peak amplitudes and IQ in females and males. A. Categorized scatterplot representing 

the correlation between whitened spectral peak amplitude of the NREM sleep EEG 

spindle frequency range (recording site: F4) and IQ in women and men. B. Pearson r-

values were transformed to Z-values and represented on topographical maps. C. 

Significance probability maps of the correlations presented in B. Figure is sourced from 

Bódizs et al. (2021). 

4.1.5. Interrelationship between spectral slope and intercept 

Although there were sex differences regarding intercepts, but no sex difference 

revealed in terms of spectral slopes, the two measurements strongly and negatively 

correlated in the sample. Steeper spectral slopes reflected higher intercepts (that is higher 

EEG amplitudes, Pearson’s r ranged between -0.85–(-0.76), p<0.001 across electrode 

locations). Thus, from this point onward, the present thesis focuses on the spindle peak 

characteristics (amplitude and frequency) and spectral slope. 

4.2. Study 2 

In the second study, the overnight dynamics of the different parameters of the 

parametrized power spectra were tested by dividing sleep into sleep cycles. The average 

number of sleep cycles in the sample was m=4.25, with two participants having only two, 

nine having three, 165 having four, and 75 participants having five full sleep cycles. The 

fifth sleep cycle was excluded from the statistical analyses to prevent a substantial 

reduction in sample size. Since the effect of hemisphere (left vs. right) did not reach 

significance in either model (p > 0.05), it was not investigated further.  
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Although in Study 1 we found that the goodness of fit for our parametrization 

procedure was around 0.8–0.9, we re-evaluate it here, as the sample size was increased 

by including additional subjects, and the fitting procedure was conducted separately for 

the consecutive sleep cycles rather than for the entire sleep period. The applied linear 

model showed a strong fit [2–6]∪[18–48] Hz spectral data in all cycles. Specifically, the 

goodness of fit ranged from 0.9195 to 0.9998 in cycle 1, 0.9002 to 0.9998 in cycle 2, 

0.8938 to 0.9998 in cycle 3, and 0.7686 to 0.9997 in cycle 4, across subjects and EEG 

recording locations. The squared Fisher Z-transformed Pearson correlations between the 

fitted linear model and the spectral data, after averaging and back-transformation, resulted 

in R2 = 0.9844 (SD = 0.42).  

4.2.1. Overnight dynamics of the spindle peak frequency 

GLM revealed significant main effects of age, sex, sleep cycles and region (Table 

4) indicating slower spindle frequencies in children, in adult males, in sleep cycles closer 

to the beginning of the sleep period, and in more anterior regions, respectively. Across 

the first 4 sleep cycles a U-shape-like trend can be observed in peak frequency variation 

in all except the middle-aged group (Figure 6). However, peak frequency of the first three 

cycles did not differ statistically from each other and the peak frequency of the fourth 

cycle was significantly higher than that of the earlier cycles. Post-hoc test of the 

significant cycle × age group interaction (F(9,543)=2.38, p=0.012) supported the 

aforementioned effect in both teenagers and young adults, as their peak frequencies in the 

4th sleep cycle was higher than in the preceding ones (Figure 6). Electrode location also 

impacted the effect of sleep cycles on peak frequency (cycle × region: F(12,2172)=5.34, 

p<0.001), indicating lower peak frequencies in the frontopolar regions during the second 

and third sleep cycles compared to the first and fourth (means and post-hoc test results 

can be seen in Table 2 of G. Horváth et al. (2022)). This effect also tended to emerge in 

the parietal and occipital regions; however, the overnight dynamics of the peak 

frequencies in the frontal and central areas were not U-shaped. Interaction of age group 

× region was significant (F(12,724)=9.51, p<0.0001), indicating lower peak frequencies 

for children in the central, parietal, and occipital electrode locations compared to the other 

age groups, and higher frontopolar and frontal peak frequencies for teenagers compared 

to middle-aged adults (Figure 6). 
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Figure 6. Cycle dynamics of the frequencies of the largest peaks in the spindle range. 

Dots are group mean values, whereas vertical bars denote 95% confidence intervals (G. 

Horváth et al., 2022). 

4.2.2. Anterior-posterior changes in spindle peak frequency 

Spindle frequency was also varied along the anterior-posterior axis in all cycles 

(Figure 6). More specifically, it increased by 1.53 Hz in the first, 1.59 Hz in the second, 

1.5 Hz in the third and 1.14 Hz in the fourth sleep cycle, from the frontopolar to the 

occipital regions. Location of the maximal frequency transitions were estimated by sleep 

cycles and tested using a modified KL distance measure incorporating surrogate control 

analyses (Kullback & Leibler, 1951). The measured frequency transitions significantly 

diverged from the uniform distribution (KL distance Z-values were 64.69 for cycle 1, 

84.26 for cycle 2, 80.97 for cycle 3, and 61.77 for cycle 4), suggesting substantial 

discontinuities in the anterior-posterior variations of the maximal peak frequencies. 

However, there was a dominant location of the largest frequency shift in every sleep 

cycles according to the descriptive statistics. Specifically, the maximal frequency 

transition occurred from the central to frontal region during the first two and the fourth 

sleep cycle for the majority of the sample (54.2%, 50.6%, and 40.6%, respectively). 

During the third cycle, the dominant location of the frequency transition was from the 

frontal to the frontopolar region, as 45% of the sample had their largest shift there (Table 

3).  
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Table 3. Percentage distribution of the location of maximal frequency shifts in the sample. 

Numbers mean percent of the occurrence of the maximum frequency shift in a given area. 

Table is from the supplementary materials of G. Horváth et al., (2022). 

  1. cycle (%) 2. cycle (%) 3. cycle (%) 4. cycle (%) 

Frontal-Frontopolar 17.53 31.47 45.02 38.25 

Central-Frontal 54.18 50.60 41.83 40.64 

Parietal-Central 15.54 5.98 4.78 8.76 

Occipital-Parietal 3.98 4.38 2.79 4.78 

4.2.3. Overnight dynamics of spectral slope, spindle peak amplitude and SWA 

Significant main effects of GLMs indicated that earlier cycles and younger age 

predicts steeper spectral slopes, higher SWA/lnSWA, and lower maximal sigma peak 

amplitudes (see statistics in Table 4). Additionally, more anterior brain region suggests 

steeper slope and lower peak amplitudes as well (effect of brain region was not analysed 

for SWA as data was only available from the left frontal derivation for that metric). Effect 

of sex was not significant any of the aforementioned models. However, several of the 

statistically meaningful main effects interacted significantly.  

Table 4. Main effects of the General Linear Models conducted on different spectral 

parameters using sleep cycles, age groups, brain regions, sex and hemisphere as within 

subject factors. The main effect of hemisphere was not significant for any of the variables, 

thus is not included here. Table was created from the results published in (G. Horváth et 

al., 2022). 

 Sleep 

cycles 

Age 

groups 

Brain 

region 

Sex children teenagers y. 

adults 

m.a. 

adults 

 F (p-value) Group sizes 

Slope 210.78 

(<0.001) 

17.05 

(<0.001) 

211.14 

(<0.001) 

0 

(0.97) 

30 36 142 32 

Peak 

amplitude 

78.45 

(<0.001) 

11.93 

(<0.001) 

56.94 

(<0.001) 

1.81 

(0.28) 

9 33 125 22 

Peak 

frequency 

11.65 

(<0.001) 

10.34 

(<0.001) 

150.1 

(<0.001) 

4.1 

(0.044) 

9 33 125 22 

SWA 524.88 

(<0.001) 

162.36 

(<0.001) 

- 0.7 

(0.38) 

30 36 142 32 

lnSWA 858.84 

(<0.001) 

58.68 

(<0.001) 

- 3.05 

(0.08) 

30 36 142 32 
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The interactions in the slope GLM indicated increased overnight variation in the 

children’s spectral slope compared to that of the adults (cycle × age groups: F(9,696) = 15, 

p < 0.0001), an absence of notable regional differences in children (region × age groups: 

F(12,928) = 3.66, p < 0.0001), and regional differences in the overnight variation of the 

slope (cycle × region: F(12,2784) = 51.92, p < 0.0001). The post-hoc test showed 

significantly higher slope values (flatter slope) in each subsequent sleep cycle compared 

to the preceding one in the young adult group, while children and teenagers only 

demonstrated this significant flattening of slope during the first three sleep cycles. A trend 

toward a further flattening was observed in the fourth cycle (see group means and post-

hoc test results in G. Horváth et al. (2022), Table 2). The middle-aged group showed 

smaller increment in slope values (flattening of the spectral slope) throughout the sleep 

period, leading to non-significant differences between consecutive sleep cycles (Figure 

7/a). Regional differences were significant across all cycles (Figure 7/b).  

 

Figure 7. NREM sleep EEG spectral slopes as functions of sleep cycles, age and 

recording location. a. Interaction between cycle x age group in spectral slope values. b. 

Interaction of sleep cycle, region and age group in spectral slope values. Group means 

are shown as dots with vertical bars representing 95% confidence intervals. Figure is 

adapted from (G. Horváth et al., 2022). 
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GLM interactions regarding the amplitude of the maximal peak in the sigma range 

indicated reduced overnight rise in sigma peak amplitude of the middle-aged (cycle × age 

group: F(9) = 3.65, p < 0.001), lower peak amplitudes in the centro-posterior regions of 

children (region × age group: F(12) = 8.67, p < 0.001), as well as faster overnight 

amplitude increment in the posterior region (cycle × region: F(12) = 16.64, p < 0.001). 

The increase of sigma peak amplitude across the four sleep cycles was significant in the 

young adult group according to the post-hoc analyses of cycle × age group interaction 

(Table 2 in G. Horváth et al. (2022)).  

Interaction of cycle × age group in the SWA/lnSWA GLMs was also significant 

(SWA: F(9,696) = 153.85, p < 0.001; lnSWA: F(9,696) = 5.42, p < 0.001). Furthermore, 

according to the post-hoc tests, lnSWA values significantly decreased across all four sleep 

cycles in all age groups. In contrast, the decrement of the classical SWA values was 

evident only during the first 3 cycle in the children and young adult groups (p<0.001), 

during the first two sleep cycles in the teenager group (p<0.001), and no significant 

difference were found between sleep cycles in the middle-aged participants (p>0.05)  

(Figure 8).  

 

Figure 8. Cycle-by-cycle dynamics of slow wave activity. a. Cycle dynamics of slow wave 

activity in different age groups. b. Cycle dynamics of the natural logarithm of SWA in 

different age groups. Note that the decline in lnSWA is follows a nearly linear pattern.(G. 

Horváth et al., 2022) 

4.3.4. Spectral slope and SWA: relationship and interindividual variability  

Pearson correlation (focusing on the left frontal EEG derivation) revealed a 

significant negative, moderate-to-strong associations between lnSWA and spectral slope 
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in all sleep cycles (Cycle 1: N = 251 r = − 0.73, p < 0.001; Cycle 2: N = 251 r = − 0.61, 

p < 0.001; Cycle 3: N = 249 r = − 0.56, p < 0.001; Cycle 4: N = 240 r = − 0.56, p < 0.001). 

To check the interindividual differences in both metrics, the number of outliers 

was visualized (Figure 9) and coefficients of variation were estimated (Table 5).  

Table 5. Descriptive statistics and Coefficients of Variation of NREM sleep EEG lnSWA 

and spectral slopes (left frontal recording location: F3) (G. Horváth et al., 2022). 

  cycle Valid N Mean Minimum Maximum Std.Dev. Coef.Var. 

ln SWA + 4 

1 251 10.65 8.98 13.12 0.81 7.64 

2 251 9.68 7.63 12.05 0.81 8.38 

3 249 8.85 6.15 11.32 0.84 9.46 

4 240 8.18 1.77 10.18 0.91 11.11 

slope + 4  

1 251 6.82 6.06 7.52 0.25 3.72 

2 251 6.72 6.08 7.41 0.23 3.38 

3 249 6.58 5.99 7.08 0.21 3.16 

4 240 6.50 5.70 7.05 0.21 3.30 

 

Figure 9. Raincloud plot of NREM sleep EEG spectral slopes, SWA, and lnSWA in the 

first four sleep cycles. Note the skewness and/or bimodality of the distributions, as well 

as the increased number of outliers of SWA and lnSWA compared to slope values (G. 

Horváth et al., 2022). 

For comparability, rescaling to a common absolute null point of the two 

measurements (slope and lnSWA) was a necessary step before calculating the coefficient 

of variation (which is a relative standard deviation). Both variables were shifted by 4 as 
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neither of them was lower than -4. The coefficients of variation were calculated on the 

scale-shifted variables and was approximately 2-to-3 times as high for lnSWA as for the 

spectral slopes in all four cycles (see Table 5). 

4.3. Study 3 

Due to technical issues, such as electrode problems, unexpected shutdown of the 

device or poor-quality data, three BS and seven RS recordings were incomplete. These 

data were excluded from analyses that assume the total length of the nights (e.g. overnight 

dynamics, minimum/maximum assessment, circadian phase examination), but were 

involved in cycle-based (sample means) evaluations of differences between BS and RS.  

The actual length of the sleep deprivation period can be calculated for participants 

with complete BS recordings by subtracting the end of the last sleep epoch in BS from 

the time of sleep onset in RS. Median length of this period was Mdn=35.79 hours (~35 h. 

and 47 min; min-max range: 34.9–37.3) in the sample. Analyses of complete recordings 

revealed that the mean sleep duration was mBS=7.9 (min-max: 5.8–10.7) hours in BS and 

mRS=12.2 (min-max: 9.7–14.74) hours in RS, while the sample median of the number of 

sleep cycles increased from MdnBS=5 (min-max:3–7) to MdnRS=8 (min-max: 6–10). 

Self-reported oversleeping adjusted sleep midpoint (MCTQ MSFsc) was at 04:34 

(SD=1:16) hh:mm in average and the sample can be divided into 7 early-, 15 intermediate-

, and 16 evening type (5, 6, 8 females respectively) participants. BS onset strongly and 

positively correlated with MSFsc (self-reported chronotype metric; p<0.0001, r=0.61) 

which assumes that subjects gone to bed according to their own circadian timing (or 

preferences) in the BS condition. However, the correlation between RS onset and MSFsc 

was not significant (r=0.3, p=0.07; Figure 10/A) which was expected due to the RS phase 

advancement introduced in our experimental intervention. Sleepiness (measured by both 

scales) increased significantly reaching its highest level between the 12th and 24th hour 

(tlikert(37)=-9.78, tSSS(37)=-9.82, p<0.0001) during the sleep deprivation period, and then 

decreased significantly from the 35th hour to RS wake (tlikert(37)=6.81, tSSS(37)=6.2, 

p<0.0001; Figure 10/B).  
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Figure 10. Subjective chronotype and sleepiness along with the expected sleep pressure 

and circadian time according to the two-process model of sleep regulation. A) 

Correlation between the MCTQ chronotype indicator (MSFsc) and actual bedtimes of BS 

and RS. B) Schematic representation of the expected behaviour of the two sleep 

regulatory processes (top) and the actual development of sleepiness according to the 

Likert scale (bottom) during the experiment. On the top, blue area indicates the 

approximate time duration of the sleep periods, while the black and light-grey lines 

demonstrate the homeostatic sleep pressure due to the intervention, and under normal 

circumstances without sleep deprivation, respectively (note the heightened sleep pressure 

due to the extended wakefulness). On the bottom, the graph displays the sample means 

with 95% confidence intervals of sleepiness levels at different time points during the 

wakefulness (G․ Horváth & Bódizs, 2025). 

4.3.1. Effect of sleep deprivation on spectral slope dynamics 

General linear model with sleep condition (RS, BS) and sleep cycle serving as 

within-subject factors revealed that spectral slope flattens during the first 4 cycles of sleep 

(F=65.94, p<0.0001) and it is significantly steeper in RS compared to BS (F=98.25, 

p<0.0001; Table 6). Additionally, the factors (condition × cycle) interact significantly 

(F=2.95, p=0.037, Figure 11).  Sample-level differences in spectral slope values between 

successive sleep cycles (Figure 11) were tested using Unequal N HSD post-hoc tests, 

which indicated significantly steeper slope in C2 than in C3 (BS & RS: p<0.001), and in 

C3 than in C4 (BS: p=0.02, RS: p<0.001), but not in C1 compared to C2 (BS: p=1.0, RS: 

p=0.83, see descriptive statistics in Table 6). 
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Figure 11. Spectral slopes of the NREM sleep EEG during the first four sleep cycles of 

the baseline and the recovery nights. Upper panel shows the spectrum of the first cycle of 

sleep for BS (black) and RS (orange), as well as the fitted aperiodic components with 

dashed lines in a 24-year-old male participant. Violin plots (left side of the lower panel) 

depict the distribution of the maximal and minimal slope values, whereas inner boxplots 

show the difference between sleep conditions: while maximum slope values got larger 

due to the sleep deprivation, slope minima returned to approximately the same level in 

the two conditions. Middle and right panels show the sample means and 95% confidence 

interval of slope values and lnSWA, respectively, in the first 4 cycle of sleep in BS and 

RS. At the beginning of the sleep RS as compared to BS Spectral slopes and lnSWA are 

steeper and larger, respectively (Figure adapted from (G․ Horváth & Bódizs, 2025). 

Table 6. Sample means and standard deviations of slope values in the first four sleep 

cycles (G․ Horváth & Bódizs, 2025) 

  baseline sleep (BS) recovery sleep (RS) 

cycle N Mean SD N Mean SD 

1 36 -2.402602 0.126357 38 -2.625733 0.214957 

2 36 -2.388576 0.170833 36 -2.615997 0.199933 

3 37 -2.218177 0.205926 34 -2.410661 0.189354 

4 36 -2.100263 0.179556 33 -2.247819 0.129501 

The overnight dynamics in NREM sleep EEG spectral slopes were further 

analysed within the context of the whole record approach in both the group- and cycle-

specific manner.  
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The effect of sleep cycle remained significant even when the whole-night sleep 

including all cycles was considered, as demonstrated by the Friedman ANOVA analyses 

of the cycle count-based groups (Table 7, Figure 13). The Wilcoxon matched-pairs test 

was conducted to test the difference of successive sleep cycles (e.g. cycle 1 vs. cycle 2, 

cycle 2 vs. cycle 3, …, cycle 6 vs. cycle 7). To adjust for multiple comparisons, 

Bonferroni correction was applied, setting the significance thresholds at p < 0.0125, p < 

0.01, p < 0.008, p < 0.007, p < 0.00625, and p < 0.00555 for 4, 5, 6, 7, 8, and 9 

comparisons, respectively. None of the consecutive slope values of BS cycles remained 

significant after correction in any of the cycle count-based groups. However, in RS, 

spectral slope remained significantly steeper in C2 compared to C3 in the 9-cycle group 

(Z=2.8, p=0.0051).  

Table 7. Overnight cycle effect of slope, peak frequency and lnSWA in the separate cycle 

count-based groups. Friedman ANOVA revealed significant or marginally significant 

cycle effect in all groups except with regards peak frequency in the BSC4 group (G․ 

Horváth & Bódizs, 2025) 

Groups 

defined by 

maximum 

cycle count 

Sample size Slope Peak frequency lnSWA 

 N (N for Pfreq) χ2 p χ2 p χ2 p 

BSC4 7 (6) 7.3 0.06 1.8 0.61 14.7 0.002 

BSC5 12 (10) 33.33 <0.0001 13.5 0.009 24.87 <0.001 

BSC6 11 37.13 <0.0001 23.94 0.0002 37.96 <0.0001 

ReSC7 8 (7) 41.3 <0.0001 11.51 0.07 42.5 <0.0001 

ReSC8 8 (7) 47.54 <0.0001 22.86 0.002 42.5 <0.0001 

ReSC9 10 60.27 <0.0001 34.24 <0.0001 61.1 <0.0001 

To evaluate the hypothesis that the largest difference in spectral slope will be at 

the beginning of the sleep periods, we compared the values of the first and last sleep 

cycles between BS and RS (BS C1 vs. RS C1, BS Clast vs. RS Clast). The results turned 

out as expected, with RS C1 spectral slope being significantly steeper than BS C1 (BS: 

m=2.4, SD=0.1; RS: m=2.63, SD=0.2, t(35)=-6.6, p<0.0001), while no significant 

difference was detected between the slope values of the last sleep cycles in the two 

conditions (BS: m=2.06, SD=0.15; RS: m=2.08, SD=0.14; t(29)=-0.5, p=0.62). 

Furthermore, we identified the sleep cycle (ordinal position within the sleep period) in 

which maximum and minimum spectral slope values occurred, as we hypothesized that 
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slope is the steepest at the beginning-, and the flattest at the end of the sleep periods. 

Finally, a comparison of these metrics between sleep conditions was conducted to support 

the assumption that BS vs. RS difference in the maxima will exceed the divergence 

observed in the minimum values. Results revealed that for 16 participants the steepest 

slope value occurred in the first sleep cycle; for 17 subjects the slope was the steepest in 

the 2nd sleep cycle; and for 2, steepest value appeared in the 3rd sleep cycle, during their 

BS. In RS, slope was the steepest in first sleep cycle for 18 subjects and in the second for 

13. Complete recordings were unavailable for the remaining participants. There was no 

statistical difference between BS and RS in which sleep cycle the steepest slope value fell 

(Z=0.2, p=0.23, BS: Mdn=2 (2nd cycle), IQR=[1,2]; RS: Mdn=1(1st cycle), IQR=[1,2]). 

Individual maxima of the absolute slope values in RS exceeded the respective 

assessments in BS, indicating significantly steeper slopes in the former condition (t(29)=-

9.5, p<0.0001). In contrast, the minima were statistically similar between the two sleep 

conditions (t(29)=-1.2, p=0.24, Figure 11). Additionally, flattest slope values not 

necessarily occurred in the last cycle of the sleep periods (BS: Z=4.2, p<0.0001, cycle 

index of Clast: Mdn=5, IQR=[5, 6], cycle index of Cmin: Mdn=4.5, IQR=[3, 5]; RS: Z=3.9, 

p<0.0001, cycle index of Clast: Mdn=8, IQR=[7, 9], cycle index of Cmin: Mdn=7, IQR=[6, 

8]). 

4.3.2. Effect of sleep deprivation on SWA 

Effect of condition and sleep cycles were tested with General Linear Model for the first 

4 sleep cycles of BS and RS. Significant main effects but non-significant interaction were 

found (BS/RS: F(1,32)=22.23, p<0.001, cycle: F(3,96)=80.1, p<0.001; condition × cycle: 

F(3,96)=2.17, p=0.096; Figure 12). The pattern of differences of lnSWA values in 

consecutive sleep cycles was similar to the one revealed for the spectral slopes. The 

difference was significant in both sleep conditions between C2 and C3 (BS & RS: 

p<0.001), furthermore, between C3 and C4 (BS: p=0.05, RS: p=0.002) and non-

significant between C1 and C2 (BS & RS: p<0.001) when the whole sample was analysed. 

Additionally, cycle effect remained significant when the full-night recordings in the 

cycle-count based groups were evaluated (Table 7). However, Bonferroni-adjusted results 

of the Wilcoxon matched-pairs test did not show significant difference in lnSWA values 

between consecutive cycles in any of the cycle count-based groups, except for the RS 9-

cycle group and BS 6-cycle group. In these groups the differences between C3 vs. C4 
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(Z=2.8, p=0.0051), and C2 vs. C3 (Z=2.67, p=0.0076) remained significant even after the 

correction, respectively. Ultimately, as expected, lnSWA was markedly higher in the first 

cycle of RS (m=4.8, SD=0.51) compared to that in the first cycle of BS (m=4.5, SD=0.5) 

(t(37)=-3.6, p<0.001), and converged to similar levels by the end of the sleep episodes in 

both conditions (BS Clast:m=3.1, SD=0.6, vs. RS Clast: m=2.9, SD=0.5; t(29)=1.13, 

p=0.27, m=2.9, SD=0.5, see Figure 12). 

 

Figure 12. NREM sleep EEG SWA and spectral slope values in successive sleep cycles. 

Sample means and 95% confidence intervals are displayed in accordance with the phase 

advanced RS as compared to regularly timed BS (phase shift: approximately 3 sleep 

cycles). Figure adapted from G․ Horváth & Bódizs, (2025). 

4.3.3. Effect of sleep deprivation on spindle peak frequency 

Sample-level test of peak frequency in the first 4 sleep cycles was conducted using 

General Linear Model with sleep condition and cycle as within subject factors. Only sleep 

cycle had a significant main effect on peak frequency values (BS/RS: F(1,27)=3.13, 

p=0.1, cycle: F(3,81)=3.27, p=0.025), while the effect of condition and condition × cycle 

interaction was not significant.  

A separate analysis of the cycle count-based groups, along with a sample-level 

examination of specific sleep cycles (first/middle/last), provided deeper insight into the 
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overnight dynamics of both sleep periods, as well as into the similarities/differences of 

the peak frequency values between BS and RS.  

 

Figure 13. Overnight dynamics of slope values and peak frequencies in the different cycle 

count-based groups. Means (open squares) and 95% confidence intervals (vertical lines) 

can be seen in successive sleep cycles. NREM sleep EEG spectral slopes get flatter during 

the night, while peak frequency follows a decreasing trend then starts to increase toward 

the end of the night. Figure adapted from (G․ Horváth & Bódizs, 2025). 

There was a significant effect of sleep cycle on peak frequency in all cycle count-

based groups except the 4-cycle group in BS and the 7-cycle group in RS (Table 7, 

descriptive statistics can be seen in Table 3 of G․ Horváth & Bódizs (2025)). Dependent 

samples t-tests were used to check whether peak frequency is decreased to the middle of 

the sleep period. Accounting for multiple comparisons the significance threshold was set 

at p<0.025 due to Bonferroni correction for comparisons between the first and middle, as 

well as the middle and last sleep cycle (2 comparisons). The mean of the middle two 

cycles was taken as the middle peak frequency value when the maximum cycle count was 
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even. Results showed that the peak frequency was significantly decelerated in the middle 

of the sleep period compared to the end of the nights (BS: Cmiddle [m=11.85, SD=0.7] vs. 

Clast [m=12.25, SD=0.7]: t(34)=-3.8, p<0.001; RS: Cmiddle  [m=11.8, SD=0.66] vs. Clast 

[m=12.31, SD=0.6]: t(30)=-5.3, p<0.0001), however, difference between sleep middle 

peak frequency and peak frequency in the first cycle was only a tendency (BS: Cfirst 

[m=12.03, SD=0.6] vs. Cmiddle : t(32)=1.86, p=0.07; RS: Cfirst [m=11.93, SD=0.7] vs. 

Cmiddle : t(28)=1.04, p=0.31). Indeed, peak frequency values of the last sleep cycles was 

significantly heightened compared to the peak frequency values in the first sleep cycle in 

both sleep conditions (BS: t(33)=-3.8, p<0.001; RS: t(28)=-4.2, p<0.001, Figure 13). 

Consistent with our hypothesis, peak frequency did not differ between the two 

sleep conditions, neither in the last nor in the first cycle of the sleep periods (Clast: 

t(29)=0.12, p=0.91, Cfirst: t(32)=0.89, p=0.38). To further test our assumption about the 

circadian phase, we estimated the timing of peak frequency minimum during sleep, 

defining it as the midpoint of the sleep cycle containing the slowest peak frequency value 

(marked as NSSF).  

As a first step, we examined to what extent the self-reported chronotype (both 

predefined chronotype groups and continuous MSFsc variable) was reflected in NSSF 

during the different sleep conditions. Although One-Way ANOVA revealed a significant 

difference between the three chronotype groups in BS (F(2)=3.81, p=0.03, mearly=2:18, 

SD=2:34, minterm=3:04, SD=2:15, mlate=4:45, SD=1:44 hh:mm), NSSF did not differ 

among the groups in RS (F(2)=1.08, p=0.4, mearly=23:07, SD=1:14, minterm=00:59, 

SD=2:08, mlate=0:56, SD=3:17 hh:mm; Figure 14). Correlational analyses between 

MSFsc and NSSF yielded similar results, as although RS NSSF and MSFsc did not 

correlated significantly (r=0.2, p=0.28), the positive association between BS NSSF and 

MSFsc was substantial (r=0.56, p<0.0001). 

Secondly, we tested whether minimum peak frequency occurred around the same 

time of day during both BS and RS, thus we compared NSSF between the conditions. 

Contrary to our hypothesis, NSSF fell earlier in RS than in BS (t(28)=5.7, p<0.0001, BS: 

m=03:44, SD=2:14 hh:mm; RS: m=00:40, SD=2:34 hh:mm). Based on the observation 

that NSSF typically takes place near the midpoint of sleep under normal conditions, we 

aimed to investigate whether earlier RS NSSF could be explained by its stronger 

connection to the midpoint of the sleep period rather than its alignment with the time of 
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day. Thus, to further examine the aforementioned difference, we estimated the midpoint 

(time) of the sleep periods for all individuals in both nights and compared those to the 

NSSFs. 

 

Figure 14. Difference in the phase of the peak frequency minima (NSSF) in RS and BS 

between MCTQ chronotype groups, and in peak frequency values between sleep 

conditions. Subjectively measured chronotype is well reflected in the time of BS NSSF, 

but not in RS NSSF, additionally, NSSF times differ between sleep conditions (upper left 

panel). Distribution, and medians of peak frequency in the first and last cycles of the sleep 

episodes are not different (violin/boxplot on the right). Lower panel represents the sample 

means and 95% confidence intervals of peak frequency in successive sleep cycles in both 

conditions and displays the shifted sleep period which was advanced by approximately 3 

sleep cycles (G․ Horváth & Bódizs, 2025).  

Similar means and strong associations were revealed between BS NSSF and BS 

Midsleep (Z=0.97, p=0.33, MdnNSSF=04:07, MdnMidsleep=03:47 hh:mm; Spearman 

R=0.64, p<0.0001), but significantly different means and nominally lower correlations 

were revealed for the relationship between RS NSSF and RS Midsleep (t(30)=3.2, 

p=0.003, MdnNSSF=00:11, MdnMidsleep=01:46 hh:mm; r=0.41, p=0.02). 
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5. Discussion 

The present thesis focused on the parameters characterizing the NREM sleep EEG 

Fourier spectrum by considering its power-law scaling properties and their usefulness in 

describing the fundamental sleep regulatory processes proposed by Alexander Borbély 

(Borbély, 1982). By separating periodic and aperiodic components of the NREM Fourier 

spectrum, it can be characterized by merely four parameters, namely the spectral slope, 

intercept, peak amplitude and peak frequency (Bódizs et al., 2021). We demonstrated that 

the most prominent peak of the 9–18 frequency range in the NREM sleep EEG spectrum 

is exhibiting equivalent properties in frequency and topographical distribution to one of 

the most recognizable characteristics of the NREM EEG signal: sleep spindles. We 

showed that the aforementioned spectral parameters capture known individual differences 

in NREM sleep EEG related to age-, sex-, intelligence, as well as known changes 

throughout sleep related to the homeostatic and circadian processes. These findings 

established our main question regarding whether these regulatory processes are reliably 

indexed by the sleep EEG. We revealed that the aperiodic part of the spectrum (spectral 

slope and intercept) changes in line with the changes in sleep pressure and its gold-

standard measure, SWA. Specifically, spectral slope flattens as sleep diminishes in depth 

throughout the night and becomes steeper as a result of sleep deprivation. Furthermore, 

unlike spectral slope, intercept is affected by sex, however, this measure is far from being 

independent of the slope value.  Our examinations of the periodic component (the largest 

spectral peak in the spindle range) revealed that peak amplitude increased during the night 

and with age, and this was accompanied by a U-shaped curve-like peak frequency 

dynamics in the frontopolar regions for all age groups, except older adults. This spindle 

deceleration in the middle of the sleep period was observed in habitual sleep, but the 

timing of peak frequency minimum was advanced as a result of the 35-hour sleep 

deprivation. 

5.1. Largest peak in the 9–18 Hz range reflects spindle activity 

In Study 1, one of the aims was to support our assumption, as the peaks of the 

NREM spectrum in the 9–18 Hz rage correspond to sleep spindles. As introduced earlier, 

these EEG waveforms can be categorized to fast and slow types based on their dominant 

frequency and topographical distribution. The boundary for distinguishing between the 

two types is usually defined as 12.5 Hz. Fast spindles, typically found in centroparietal 
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regions, oscillate at around 14 Hz, whereas, slow spindles are predominant in the frontal 

areas, oscillating at approximately 12 Hz (Cox et al., 2017; Gibbs & Gibbs, 1951). We 

found that frequencies of the largest peaks were higher in the centroparietal than in the 

frontal areas where the average frequency ranged between 11.55 and 13.50 Hz across 

electrode locations (Figure 3). We hypothesized that the frequency difference of peak 

frequencies between locations reflects the presence of the two spindle types on the scalp, 

as the observed frequency increase was not gradual along the anterior-posterior axis. 

Since more than 83% of the frequency increase occurred as a single shift, we considered 

the spatial location of this maximal anterior-posterior frequency change as a threshold for 

distinguishing slow and fast spindles in each participant. Following this definition, based 

on our findings when considering the entire NREM sleep period, 100% of the frontopolar 

and 63.5% of the frontal spindles can be classified as slow spindles. Additionally, 

91.72%, 98.09%, and 100% of the identified peak frequencies correspond to fast spindle 

frequencies in the central, parietal and occipital regions. We complemented these findings 

in Study 2, where we analysed frequency shifts across successive sleep cycles separately, 

and found that, in the majority of the sample, the maximal frequency transition occurred 

from the central to the frontal region in the 1st, 2nd and 4th sleep cycles. While these 

observations are in line with the aforementioned literature regarding the topographical 

distribution of fast and slow spindles (Gibbs & Gibbs, 1951), they will be discussed 

further in later sections. 

However, the average frequency of the second largest peak was approximately 1.5 

Hz lower than the detected slow spindle frequencies reported in a previous study using 

the same database (Ujma et al., 2014). It is possible that the detected secondary peaks 

mostly corresponded to alpha activity rather than sleep spindles. Thus, in overall, we 

concluded that the parametrization procedure used was capable of the detecting and 

distinguishing dominant spindles at all recording sites, but it could not reliably identify 

non-dominant spindle activity across electrodes. 

5.2. NREM sleep EEG spectral parameters reflect known individual differences 

When introducing new parameters, it is important to test whether they are 

physiologically (psychologically, etc., depending on the field) meaningful. This can be 

achieved by assessing how well the metric reflects known or hypothesized individual 

differences. Although studies before 2020 addressed the significance and utility of 
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spectral parametrization of sleep or resting state EEG (Colombo et al., 2019; Donoghue, 

Haller, et al., 2020; Dumermuth et al., 1977; Feinberg et al., 1984; He et al., 2010; 

Lendner et al., 2020; Miller et al., 2009; Miskovic et al., 2019; Pereda et al., 1998; 

Pritchard, 1992; Voytek et al., 2015; Wen & Liu, 2016), particularly in terms of spectral 

slope, none specifically focused on individual differences—except for Feinberg et al. 

(1984) and Voytek et al. (2015), who found age-related changes in the slope metric. Thus, 

in Study 1 and partly in Study 2, we examined well-known effects from the literature in 

relation to the spectral parameters, based on variable availability in our database.  

Age-related changes in the sleep EEG are a long-studied area of research in the 

field. Physiological aging parallels significant changes in sleep duration, architecture, as 

well as the quality and quantity of the different oscillations (Campos-Beltrán & Marshall, 

2021; Mander et al., 2017). In terms of the parametrized power spectrum we found that 

NREM sleep EEG spectral slope flattened, whereas the amplitude and frequency of the 

dominant spectral peak decreased with increasing age. As spectral slope reflects a 

constant ratio of activity between low and high frequencies, our finding of a flatter 

spectral slope in older participants aligns with earlier studies observing an increased or 

unchanged activity in higher frequencies (Carrier et al., 2001; Schwarz et al., 2017; 

Sprecher et al., 2016), beyond the most commonly reported age-related SWA and spindle 

activity reduction (Carrier et al., 2011; De Gennaro & Ferrara, 2003; Martin et al., 2013; 

Taillard et al., 2021). Furthermore, effects of age on the overnight slope and SWA 

dynamics found in Study 2 were also in line with the literature which describes shallower 

SWA dissipation throughout the night in older subjects (Dijk, Beersma, & van den 

Hoofdakker, 1989; Landolt et al., 1996), as we found a smaller amount of slope flattening 

and less SWA decrease during the night in the middle-aged as compared to other age 

groups. As regarding peak amplitude in the spindle range, its decrement with increasing 

age in Study 1 (where no data from children was included) and the attenuated overnight 

increase in middle-aged subjects found in Study 2 were consistent with the reported 

decline in spindle activity during adulthood (Principe & Smith, 1982; Purcell et al., 2017). 

However, age-related decrease in peak frequency of the frontal and right temporal areas 

(Table 2) contrasted with our presumptions. Indeed, aging was associated with increasing 

spindle frequency during adulthood in most (Crowley et al., 2002; Principe & Smith, 

1982), but not all (Purcell et al., 2017) reports. As we discussed earlier (Bódizs et al., 
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2021), our controversial results could be due to the decrease in the occurrence of fast 

spindles in the frontal regions with aging. This assumption is supported by the finding 

that participants with the largest shift from fast to slow spindles between the central and 

frontal regions were older than those in whom this shift occurred from the frontal to the 

frontopolar area. Additionally, in Study 2, we observed lower peak frequencies in children 

compared to other age groups, which is a known association between spindle frequency 

and age (Purcell et al., 2017). We also found a dampened overnight dynamics in spectral 

peak frequencies in middle-aged individuals, with no significant differences between 

consecutive sleep cycles, whereas a U-shaped dynamics tended to appear in teenagers and 

young adults (Figure 6). 

Sex differences in EEG power was reported for most frequency bands in several 

studies indicating higher power for females as compared to males (Armitage, 1995; Dijk, 

Beersma, & Bloem, 1989; Eggert et al., 2021; Mongrain et al., 2005). These results 

indicate that higher EEG power in females is independent of frequency suggesting that 

non-neural factors such as skull thickness, likely play a role in this effect (Dijk, Beersma, 

& Bloem, 1989). Although a recent systematic review considers sex effect to be moderate 

or of low certainty (Chapman et al., 2025), our results revealed similar differences 

regarding the intercept—which was proposed as a measure of the overall frequency-

independent amplitude (Bódizs et al., 2021)—as it was significantly higher in females 

than in males. However, we also found no sexual dimorphism in the whitened peak 

amplitude when the aperiodic component (intercept and slope) was removed from the 

spectrum. Finally, we could replicate the findings of a previous report from our laboratory 

including an overlapping sample with Study 1 in the present thesis. In this, Ujma et al., 

(2014) found significantly higher spindle frequency in females using a validated spindle 

detection method. In Study 1, we also found higher peak frequency in females, suggesting 

that analysing the frequency of the largest peak in the 9–18 Hz range results in similar 

outcomes to those of direct spindle analysis performed on the time-domain signals.  

Intelligence correlated significantly with spindle density, amplitude, and power in 

the spindle range in some studies (see meta-analysis in Ujma et al., 2020). Here, we could 

replicate previous report using overlapping database revealing a sex effect of IQ and 

spindle amplitude correlations (Ujma et al., 2014) as we found a significant correlation 

between IQ and peak amplitudes in females, but not in males.  
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Overall, it can be stated that decomposing the power spectrum into only slope, 

intercept, and peak properties offers a comprehensive approach to define and understand 

individual variations in sleep, as key characteristics of NREM sleep EEG can be 

effectively summarised using the aforementioned metrics (at least in terms of their 

relationship with age, sex and IQ).  

5.3. Overnight dynamics of spectral parameters correspond to sleep regulation 

After the authors of early studies recognized that sleep duration is a secondary 

metric in describing sleep quality—as it does not increase substantially even after drastic 

sleep restriction (Gulevich et al., 1966; Patrick & Gilbert, 1896)—, the observation of 

sleep depth/intensity came into the spotlight. Several studies found that SWA is largely 

associated with sleep intensity as it changes in coherence with sleep-wake history 

(Borbély et al., 1981; Dement & Kleitman, 1957b; Karacan et al., 1970; Webb & Agnew, 

1971)  thus, its overnight dynamic served as a cornerstone in the visualization and 

modelling of the homeostatic process of sleep regulation (Borbély, 1982). In Study 2 we 

showed, that besides SWA, the slope of the Fourier spectrum follows the same behaviour 

as “expected” from a putative sleep intensity metric during the first four sleep cycles of 

the night (~first 6 hours of sleep). First of all, it flattened from cycle to cycle at all 

derivations, thus was the steepest after sleep onset (in the first sleep cycle). Secondly, the 

decrement of spectral slope steepness during the first 3 cycles was only non-significant 

for the middle-aged group, which is similar to the reported observations for SWA 

dynamics of older participants, the latter hypothesized to be related to decreased sleep 

efficiency in the elderly (Landolt et al., 1996). However, one of the interesting results of 

our study was that between cycles 3 and 4, the decrement was not significant for any 

group except young adults, neither in terms of SWA nor regarding spectral slope. An 

early study revealed similar results for SWA dynamics (Borbély et al., 1981). This 

diminishing decay rate of sleep intensity toward the end of the night fits well within the 

concept of the “exponentially shaped” homeostatic process. Indeed, in a later work, Dijk 

et al. (1990) reported a significant reduction in SWA during the first 3 sleep cycles of 

habitual sleep and the first 5 cycles of recovery sleep following 36 hours of wakefulness, 

but after then SWA nearly stabilized at a constant level. In Study 3, where we applied a 

35-hour sleep deprivation protocol, we found significant slope flattening and lnSWA 

reduction from the second to the fourth sleep cycles when the first four cycles of the 
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whole sample were analysed. The steepest slopes were observed at the onset of sleep, 

while the lowest appeared toward the end of the night, however, contrary to our 

expectations, steepest slopes were not confined solely to the first sleep cycle. One possible 

explanation for the absence of a significant difference between the first and second 

NREM periods in spectral slope values is the “first-use effect” of the headband EEG 

device in BS. Another explanation could be that the headband-derived EEG data has its 

own limitations in signal quality, which is reflected in these results. However, this does 

not undermine the validity of using slope as a homeostatic marker, as the gold-standard 

SWA showed similar patterns in this particular dataset and the slope metric reliably 

reproduced other expected effects. For example, when the sample was divided according 

to the number of cycles participants had during their sleep periods, the same tendencies 

were found on both nights regarding both metrics (slope and lnSWA) in all cycle count-

based groups. All cycle effects were significant, although the significant post hoc test 

results regarding the comparisons of successive sleep cycles did not survive Bonferroni 

correction. However, it should be noted that the first published report relying on a highly 

similar experimental procedure (Dijk et al., 1990) did not apply any corrections for 

multiple comparisons.  Finally, in Study 2, spectral slope varied between recording 

locations. Specifically, slope was steeper in the frontal-central locations than in the 

occipital regions, in all sleep cycles. This spatial distribution is also in line with the known 

frontal predominance of slow waves (Werth, Achermann, & Borbély, 1997). 

Peak amplitude increased in successive sleep cycles which result parallels studies 

finding that spindle activity increases during the night in the higher spindle band (<12.5 

Hz) and shows an opposite pattern to SWA (Aeschbach & Borbély, 1993; Dijk et al., 

1993; Fernandez & Lüthi, 2020; Uchida et al., 1991, 1994). However, it does not aligns 

with a published inverse trend of slow spindle activity (Werth, Achermann, Dijk, et al., 

1997).  

Spindle frequency was associated with markers of the circadian rhythm, such as 

melatonin and core body temperature, as well as with the time of day by authors of early 

research reports (Aeschbach et al., 1997; Knoblauch et al., 2005; Wei et al., 1999). Our 

initial attempt to examine the assumed circadian modulation of sleep spindle frequency 

targeted the issue of nocturnal and daytime variation of this metric. In this pioneering  

study (Bódizs et al., 2022) we found that sleep spindle frequency (detected by the IAM 
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method (Bódizs et al., 2009)) decreased by ~0.1 Hz toward the middle of the sleep period 

in the sample and this decrement was larger for younger participants. Furthermore, 

spindle frequency was higher in afternoon nap than in nocturnal sleep. Thus, in Study 2 

we assumed that peak frequency would follow similar trends during the first 4 sleep 

cycles. We found that the U-shaped curve dynamic was significant only in the frontopolar 

region. As mentioned above, an early study found that the power of slow spindles 

decrease, while the power of fast spindles increase in consecutive NREM periods (Werth, 

Achermann, Dijk, et al., 1997), furthermore, that the current source density in frontal and 

parietal regions follows a decreasing and increasing trend, respectively, across successive 

sleep cycles (Alfonsi et al., 2019). Thus, the lack of significance in central and frontal 

regions might be due to time-varying dominance in discrete frequencies (slow vs. fast) 

during the night (especially in the middle cycles) over these areas. Furthemore, around 

the central regions, the largest peak may vary across subjects, corresponding to either 

slow or fast spindles, leading to a mixture of both types contributing to the sample mean. 

Indeed, a study found substantial interindividual topographical difference of slow and fast 

spindles, but with a reliable stability across nights (Cox et al., 2017). That reasoning is 

partly supported by our findings regarding the location of the maximal frequency shifts 

in the sample. We found dominant central-to-frontal shift in the first two cycles, and 

largest shift from frontal to frontopolar region in the third cycle. In the fourth cycle the 

shift predominantly occurred in the central to frontal region (~40% of the sample), 

however, as the sleep cycles progressed, the difference between the most and second most 

dominant locations of the shifts gradually diminished (see Table 3). While the first cycle 

showed a clear central-to-frontal predominance, the 4th cycle exhibited a more balanced 

distribution between central-to-frontal and frontal-to-frontopolar shifts. Again, we 

suggest that the cycle-by-cycle dynamics of peak frequencies are influenced by both the 

assumed circadian dynamics and the sleep duration-dependent reorganization of fast and 

slow spindles, except the frontopolar region, which seems to be characterized by an 

unchanged dominance in slow spindles. In Study 3, we had the chance to reveal the 

overnight dynamics of peak frequency both during a habitual, chronotype-adjusted sleep 

(BS), and in a slightly advanced (~4–5 hours) sleep schedule after 35 hours of 

wakefulness (RS). Awakenings from both nights were spontaneous; thus, we could 

observe the true build-up of peak frequency during the sleep periods. We found that cycle 
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effect was not significant when analysing the first four cycles of the whole sample. 

However, when considering complete recordings, the cycle effect reached significance in 

most cycle count-based groups. The fact that the majority of the sample had more than 

four sleep cycles even in BS (the median was 5) appeared to be a logical explanation for 

this phenomenon as we expected a peak frequency decrease toward mid-sleep in BS and 

the corresponding local time in RS. Accordingly, we carried out comparisons between 

the peak frequencies of the middle and the first/last sleep cycles. Peak frequency was 

significantly higher in the last than in the middle sleep cycles, however, only a trend 

emerged regarding the difference between the first and middle sleep cycles. Furthermore, 

the last peak frequencies were higher than the first ones. Due to the fact that our analysis 

covered sleep periods of longer duration than usually reported in the literature, it is 

reasonable to assume that spindle frequency peaks around the first half of the biological 

day. This hypothesis is partially corroborated by findings showing that daytime sleep 

spindle frequency is higher than sleep spindle frequency of a night time sleep (Knoblauch 

et al., 2003, 2005; Rosinvil et al., 2015; Wei et al., 1999). However, as we can only 

measure sleep spindle frequencies in the frontal region (common average reference of 

F7Fpz and F8Fpz derivations) in Study 3, the above explanation of the changing 

predominance of slow and fast spindles during the night may also be applicable here. 

5.4. Sleep deprivation has a substantial impact on spectral parameters 

Sleep deprivation is the most effective method for experimentally challenging the 

sleep homeostat, whereas the displacement of sleep has been shown to induce time-of-

day variations in certain aspects of sleep (Akerstedt & Gillberg, 1981). Therefore, using 

this kind of paradigms to examine the homeostatic and circadian aspects of the spectral 

parameters of human EEG appears to be an effective approach for providing direct 

evidence and drawing conclusions on their role in sleep regulatory processes. 

Our assumption on the sleep homeostasis indexing role of the spectral slope did 

not rely solely on our findings regarding its similar dynamics to those of the SWA (e.g. 

with age, during sleep, etc.), instead, on studies showing differences of this metric across-

(Lendner et al., 2020), and within brain states (Höhn et al., 2024), sleep cycles 

(Rosenblum et al., 2023), and between sleep stages (Schneider et al., 2022). We found an 

overall effect of sleep deprivation, with a steeper slope (& higher lnSWA) in the first four 

cycles, with a more pronounced steepest slope (& higher lnSWA) in RS than in BS, 
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furthermore, with nearly identical flattest slopes (& lnSWA values) between the two 

conditions. This latter finding is important within the context of homeostasis, as it 

suggests that spectral slope returns to a nearly steady state after the “sleep hunger” of the 

organism was satisfied, furthermore, as discussed above, the same can be observed 

regarding SWA (Aeschbach et al., 1997; Dijk et al., 1990).  

Contrary to our hypotheses, we found that in addition to spectral slope, sleep 

deprivation also affected the peak frequency. Although peak frequency was similar in the 

first and last cycles of BS and RS, which is in line with our expectations, we had assumed 

that the first 4 cycles would differ between the conditions, as bedtime was advanced, and 

sleep duration was longer for all subjects in RS. That is, we expected higher frequencies 

to persist until the habitual bedtime of the participants in RS. However, this hypothesis 

was not supported, as the peak frequency began to decrease already in the second cycle 

in both nights. Furthermore, we observed a substantial deviation in the phase of the 

assumed (and previously evidenced (Bódizs et al., 2022; G. Horváth & Bódizs, 2024)) 

circadian phase-indicator, NSSF in RS as compared to BS. We assumed that NSSF would 

develop around the same local time in both sleep conditions, but it was advanced in RS 

when compared to BS. Moreover, in contrast to BS, RS NSSF did not reflect subjective 

chronotype and did not occur around the middle of the night. We concluded that a logical 

explanation of these discrepancies may lie in the severity of the intervention, which 

implies the immediate need for a strong homeostatic process-based compensatory 

mechanism while overshadowing or even resetting some of the core components of the 

circadian clock. Indeed, nowadays works focusing on clock gene expression suggest that 

the two processes of sleep regulation are not as independent as originally proposed by 

Borbély (1982)  (Franken & Dijk, 2024). This is supported by findings indicating that the 

circadian rhythmicity of sleep can change naturally (Crosley-Lyons et al., 2025), as well 

as by data on circadian rhythm markers. For example, phase-advancing effect of morning 

bright light was indicating in terms of diminished Dim Light Melatonin Onset (DLMO) 

after acute partial sleep deprivation (Burgess, 2010). Furthermore, one night of sleep 

deprivation has been linked to delayed melatonin peak and suppressed BMAL1 gene 

expression (Ackermann et al., 2013) while the phase-shifting effects of darkness has also 

been demonstrated in former studies (Buxton et al., 2000; Santhi et al., 2005). In the 

present study, participants were not only severely sleep deprived, but darkness was also 
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artificially advanced in RS due to earlier bedtimes. Based on the aforementioned literature 

both factors could contribute to an advanced circadian phase. Additionally, a study which 

found that electrical activity of the SCN (the circadian “master clock”) is a function of 

the vigilance state, with NREM sleep lowering its activity (Deboer et al., 2003). This 

suggests that sleep pressure during an advanced sleep onset can influence sleep EEG 

spectral peak frequency, even if it is primarily regulated by a circadian mechanism 

orchestrated by the SCN. Since the evolution of peak frequency in BS aligned with our 

expectations, we believe that the phase advancement in RS was rather a limitation for 

time-of-day analyses of peak frequency.  

5.5. Advantages of spectral parameters over the gold-standard indicators 

The primary aim of the studies presented in my thesis was to identify EEG-derived 

metrics that are non-redundant, relatively easy to implement, and last but not least 

standardisable—potentially serving as a reference values for distinguishing between 

health and disease. Spectral slope appears to roughly meet these expectations, which is 

its main advantage over the gold-standard measures of sleep homeostasis, SWA. 

Although homeostasis was originally modelled using SWA itself, one of its biggest 

drawbacks is its high individual specificity, making it difficult to establish universal 

reference points for healthy sleep (Gander et al., 2010; Hertenstein et al., 2018; Tucker et 

al., 2007). While SWA is effective in predicting its own future fluctuations when 

considering the sleep-wake history of the organism, it is not well suited for comparing 

recordings across individuals (Bódizs et al., 2024). In contrast, spectral slope follows a 

normal distribution, and as shown in Study 2, exhibits lower interindividual variability 

even when compared to the log-normalized value of SWA. It should be noted that while 

slope is less individual-specific, it still preserves essential differences, such as those 

related to age or regional distribution. This suggests that slope could be a useful metric 

for differentiating between healthy and unhealthy sleep, whereas SWA could be superior 

in predicting within-subject changes according to sleep-wake history.  

Although PSG is the gold-standard method for assessing sleep, there is no widely-

accepted EEG-derived metric for measuring the circadian component of sleep regulation. 

Several non-PSG-based methods exist to estimate circadian phase, including objective 

but invasive approaches such as melatonin or core body temperature assessment, as well 

as non-invasive techniques of temperature measurement and actigraphy-based of sleep-
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wake cycle assessment. However, these objective methods are often time-consuming and 

costly, requiring complex study protocols, such as the DLMO measurements, or multi-

day recordings. A metric derived directly from PSG data could significantly simplify 

circadian rhythm assessment in both sleep medicine and research (Bódizs et al., 2022; G. 

Horváth & Bódizs, 2024).  

5.6. Outlook: Fractal and Oscillatory Adjustment Model (FOAM) 

A recent work by Bódizs et al. (2024)—heavily relying on the results discussed 

in the present thesis—proposed a new model of sleep regulation considering that periodic 

and aperiodic part of the sleep EEG spectrum are two intertwined components conveying 

equally important information content.  

In this review, we suggested that a steeper spectral slope reflects a statistical trend 

in which increased membrane hyperpolarization in neural network tends to be followed 

by even greater hyperpolarization, while increased depolarization similarly leads to 

further depolarization (Bódizs et al., 2024). This pattern reflects the bistability of neural 

networks. We based this assumption on studies which found spectrum of rat and human 

LFP recordings with alternating up and down states/phases of sustained, rapid firing and 

periods of quiescence resulted in spectral exponent around -2 (Baranauskas et al., 2012; 

Milstein et al., 2009), suggesting that bistability alone may give rise to Brownian-type 

power spectra (i.e. red noise: relative lower frequency predominance). Additionally, 

spectral slope may also be influenced by the E:I ratio of the nervous system, as differences 

in post-spike decay rates between excitatory and inhibitory neurons result in different 

LFP spectral slopes, with steeper slopes indicating stronger inhibition (Gao et al., 2017). 

Findings on the relationship between spectral slope and neurochemical sleep regulatory 

factors further support its role in homeostasis (Bódizs et al., 2024). That is, spectral slope, 

beyond its widely discussed associations with various aspects of the homeostatic process 

in the present thesis (regarding age, topography, overnight dynamics, sleep history, etc.), 

can also be linked to neurophysiological mechanisms previously identified as essential 

for sleep regulation (network bistability, E:I balance, neurotransmitter release) (Bódizs et 

al., 2024). 

FOAM proposes oscillatory spindle frequency as an index of the circadian rhythm 

(Bódizs et al., 2024). In the three studies of the present thesis, an indirect measure of this 

metric was introduced and analysed in detail—specifically, the frequency of the largest 
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peak in the spindle range. As the relevant literature has been thoroughly reviewed in 

earlier sections, it will not be reiterated here. 

In addition to the sleep regulatory processes introduced and measured in the 

present thesis, this model also considers the ultradian component of sleep regulation. 

According to FOAM, the ultradian regulation of sleep (NREM-REM variation) can be 

modelled by abrupt shifts in peak frequency (Bódizs et al., 2024). The role of shifts in 

peak frequency is supported by early findings, based on binwise examination of the power 

spectra during state transitions showing that variation in the predominance of different 

frequency band values determines the architecture of sleep cycles (Aeschbach & Borbély, 

1993; Merica & Fortune, 1997). Furthermore, recent evidence shows that, after 

parametrizing the power spectra, the frequency of the largest peak differs between sleep 

stages. Maximal peaks tend to appear in the spindle range during N2 and N3, whereas 

wakefulness and REM sleep are dominated by non-spindle spectral peaks, in the theta, 

alpha, or beta frequency bands (Schneider et al., 2022). However, ultradian rhythmicity 

can also be modelled by the time series of fractal spectral slopes (Bódizs et al., 2024), 

which have been shown to decrease and increase cyclically over the course of the night, 

in parallel with the progression of sleep cycles. This observation has been proposed in 

one study as a potential new definition of sleep cycles (Rosenblum et al., 2023).  

The most important advantage of the FOAM compared to the two process model 

is its assumption that the derived metrics indexing the sleep regulatory processes could 

be somnologically meaningful (Bódizs et al., 2024). Although spectral parametrization is 

a relatively new approach, there are some examples which support this assumption. For 

instance, it seems that spectral slope can reliably discriminate participants with major 

depressive disorder (Rosenblum et al., 2022), insomnia (Andrillon et al., 2020; Bódizs et 

al., 2024), NREM parasomnia (Pani et al., 2021) from the control groups. Besides, 

increased spindle frequency has been reported in both Williams syndrome (Bódizs et al., 

2012) and post-traumatic stress disorder (Denis et al., 2021) compared to controls, 

conditions previously linked to circadian dysregulation. 

Thus, based on the literature, the combination of oscillatory and aperiodic activity 

can be proposed as reliable, mathematically precise and somnologically meaningful 

markers of EEG dynamics, as their joint analysis provides comprehensive view of its 

most important changes.  
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6. Conclusions 

 

According to our results, the following conclusions can be drawn: 

 

1. A proper distinction between the periodic and aperiodic components of the 

sleep EEG Fourier spectrum results in four physiologically and behaviourally 

meaningful metrics that efficiently characterize the known age-, sex- and IQ-

correlates of the sleep EEG. 

2. The largest peaks in the 9–18 Hz frequency range, as detected by our 

parametrization procedure in Study 1 and 2, effectively mirror spindles as they 

replicate topographical, sex-, age- and cognitive ability-related properties of 

sleep spindles. 

3. The overnight dynamics of spectral slope are similar to those of the gold-

standard sleep homeostasis indicator, SWA. Furthermore, this measure has 

lower interindividual variability, suggesting its potential as an easily 

conceptualized reference value in future research and medical works. 

4. The overnight dynamics of peak frequency in the spindle range follow a U-

shaped curve during habitual sleep, which has been associated with circadian 

modulation in other studies. 

5. Sleep deprivation evidently induces changes in spectral slope, leading to 

spectral steepening due to heightened sleep pressure. However, it also affects 

peak frequency and advances the time of its minimum in RS, which may 

indicate the entanglement of the two regulatory processes. 

 

In sum, our results strongly support spectral slope as a reliable marker of sleep 

homeostasis, while promising about peak frequency. However, latter requires 

further research involving the direct manipulation of the circadian cycle to gain 

deeper insights. 
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7. Summary 

Two process model is one of the most extensively used framework characterizing 

the regulation of sleep-wake states which lacks standardisable, non-redundant EEG 

markers. In my thesis, I aim to demonstrate, that by proper separation of the aperiodic 

and periodic part of the NREM sleep EEG Fourier spectrum, we obtain physiologically 

interpretable markers effectively reflecting known individual differences in sleep EEG 

and could serve as reliable indicators for homeostatic and circadian processes of sleep. 

In Study 1, we demonstrated that spontaneous human brain activity measured by 

EEG during NREM sleep—in addition to rhythmic oscillations in specific frequency 

bands—, exhibits aperiodic, scale-free properties that follow a power-law scaling of the 

Fourier spectra. We derived four metrics using our parametrization procedures: spectral 

slope, the intercept, peak amplitude, and peak frequency in the spindle range. We showed 

that these measures, are sufficient to capture known age-, sex-, and IQ-related changes in 

the sleep EEG. 

In Study 2, we analysed the first four NREM periods of sleep from 251 healthy 

human subjects (aged 4–69 years). We observed a flattening of spectral slopes, decrease 

in intercept, increase in spectral peak amplitude, and a U-shaped dynamic of peak 

frequencies in frontopolar regions. While the spectral slope reflected known age- and sex-

related effects, the variability in its steepness was lower than that of SWA. Our findings 

suggest that combining scale-free and oscillatory measures of sleep EEG could offer 

composite indicators of sleep dynamics with minimal redundancy, potentially providing 

new insights into sleep regulation. 

Finally, in Study 3, we validated the sleep homeostasis-related assumption 

regarding the spectral slope using a 35-hour sleep deprivation study. Spectral slope 

steepening effectively reflected changes in sleep depth due to sleep deprivation. Peak 

frequency during BS showed the expected overnight dynamics, with mid-sleep minima. 

BS timing of these minima significantly correlated with self-reported chronotype. 

However, sleep deprivation advanced the timing of the peak frequency minima in RS and 

reduced its correlation with chronotype.  

Overall, our study highlights the spectral slope of sleep EEG as a marker of wake-

sleep homeostasis and encourages further research on EEG-derived indicators of the 

circadian rhythm, particularly their interaction with the homeostatic process. 
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A set of composite, non‑redundant 
EEG measures of NREM sleep 
based on the power law scaling 
of the Fourier spectrum
Róbert Bódizs1,2*, Orsolya Szalárdy1,3, Csenge Horváth1, Péter P. Ujma1,2, Ferenc Gombos4,5, 
Péter Simor1,6,7, Adrián Pótári5,8, Marcel Zeising9,10, Axel Steiger9 & Martin Dresler11

Features of sleep were shown to reflect aging, typical sex differences and cognitive abilities of 
humans. However, these measures are characterized by redundancy and arbitrariness. Our present 
approach relies on the assumptions that the spontaneous human brain activity as reflected by 
the scalp-derived electroencephalogram (EEG) during non-rapid eye movement (NREM) sleep is 
characterized by arrhythmic, scale-free properties and is based on the power law scaling of the Fourier 
spectra with the additional consideration of the rhythmic, oscillatory waves at specific frequencies, 
including sleep spindles. Measures derived are the spectral intercept and slope, as well as the maximal 
spectral peak amplitude and frequency in the sleep spindle range, effectively reducing 191 spectral 
measures to 4, which were efficient in characterizing known age-effects, sex-differences and cognitive 
correlates of sleep EEG. Future clinical and basic studies are supposed to be significantly empowered 
by the efficient data reduction provided by our approach.

The frequency characteristics of sleep-dependent neuronal oscillations as recorded by scalp EEG are increasingly 
recognized as potent markers of aging1–3, health and disease4, typical and atypical development and maturation5,6, 
as well as of neurocognitive features of high practical relevance7–9. However, many of these studies are suffering 
from increased susceptibility to Type I error as a result of an inherently increased level of “researcher degrees 
of freedom”. That is, EEG data can be analysed in almost infinite different ways, by focusing on one or another 
specific electrophysiological phenomenon9,10. Instead of focusing on multiple frequencies or phenomena, our 
aim is to provide an overall characterization of the broadband NREM sleep EEG. Our data-driven approach is 
based on the statistical properties of the signal, in order to assess the intercept and the slope, as well as the most 
prominent/important spectral peak of the Fourier spectrum.

Evidence suggests the linear relationship between the logarithmic amplitude or power of EEG and the loga-
rithm of frequency11–13. Such power law scaling is a general, state-independent feature of cortical EEG, suggest-
ing that the Fourier spectrum can be reliably described by an approximation of the parameters of the following 
function:

where P is power (P ≥ 0) as a function of frequency (0 ≤ f ≤ fNyquist), C is the constant (or the intercept) expressing 
the overall, frequency-independent EEG amplitude (C > 0), whereas α is the spectral exponent indicating the 
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decay rate (slope) of power as a function of frequency. Reported values for the spectral exponent are − 4 < α <  − 1, 
with lower values indicating lower arousal/(deeper) sleep14,15,18. That is, instead of providing 191 values for the 
power spectra of 0.5–48 Hz activity in bins of 0.25 Hz, the background slope of the spectrum of scale-free activ-
ity can be characterized just by two parameters (C and α). Most notably, if reliable, this function suggests that 
classical bandwise or binwise spectral analyses are not considering the frequency-determined nature of power 
values when applying statistical tests focusing on specific oscillatory phenomena. Similar views were expressed 
and successfully implemented for the analysis of various time series characterizing the power law scaling of brain 
activity in humans, some of them emphasizing the conceptual and methodological aspects12–14,19–23, while others 
focusing on sleep cycle effects, arousal and consciousness15,16,24, but none of them specifically targeting the issue 
of interindividual differences. In addition, available reports do not consider the constant (C) or the intercept as 
a variable of interest in describing sleep–wake EEG features.

Besides the spectral slope and the constant, there are further specific features of the EEG spectrum, known 
as spectral peaks12,19, which are upward deflections in the decreasing power law trend described by function (1) 
above. Peaks reflect oscillatory activities of specific frequencies25, which might prevent the reliable estimation of 
α if they are not considered24,26. In order to deliberately describe the power spectrum by taking into account its 
prominent peaks, we suggest the inclusion of a peak power function in the formula as follows:

Peak power (PPeak) at frequency f equals 1 if there is no peak and is larger than 1 if there is a spectral peak 
at that frequency. Thus, the number of parameters is increased by considering spectral peaks, but is still lower 
than the values included in the original spectra, as putative “no peak regions” can be compressed in series of all 
ones. It has to be noted, that PPeak(f) is a whitened power measure, because it is characterized by roughly equal 
power along the frequency axis and is thus statistically independent from the spectral slope (α) and intercept 
(C), which constitute the colored-noise or power-law noise part of the spectrum, characterized by an exponen-
tial decrease of power with increasing frequencies (Fig. 1). Although it is known that most subjects might have 
several peaks in their NREM sleep EEG spectra and the peak that is greatest can vary between individuals and 
recording locations, in the following we only consider the maximal peak in the 9–18 Hz range, emerging at a 
specific fmaxPeak frequency, with an amplitude exceeding all other potential peak amplitudes (PPeak(fmaxPeak) > PPeak(f) 
for any 9 < f < 18). No multiple peaks are analysed in this report.

As a proof of concept, we apply these measures on a large sleep EEG dataset with previously demonstrated 
effects of age, sex, and general intelligence. The issue of individual differences in NREM sleep was not explicitly 
addressed in former reports on spectral parameters of power law scaled sleep EEG15,16, with the exception of a 
report focusing exclusively on whitened spectral peak sizes in the spindle range27. Our intention is to fill this gap 
and broaden the validity of the power law scaling-type of spectral EEG parameters, as well as to provide a set of 
non-redundant measures of individual differences in NREM sleep EEG.

Age was reported to correlate negatively with NREM sleep EEG slow wave activity, but positively with high 
frequency activity in healthy adult subjects28. In addition, steeper spectral slopes of wakefulness and NREM 
sleep-derived EEG were found in young as compared to older subjects11,22.

Thus, we hypothesize (H1) that the slope of the Fast Fourier Transformation (FFT)-based spectrum of NREM 
sleep EEG is characterized by age-dependent flattening (α closer to 0). In addition, aging was shown to be asso-
ciated with decreased sleep spindle activity29,30, thus we hypothesize (H2) a negative correlation between age 
and spectral peak amplitude as measured by PPeak(fmaxPeak) value. In addition to decreased spindle activity, the 
increase in intra-spindle oscillatory frequency (Hz) was shown to be a characteristic feature of aging according 
to some29,31, but not all30 reports. As a consequence, we hypothesize (H3) that maximal spectral peak amplitudes 
in the spindle range emerge at higher fmaxPeak values in aged, as compared to young subjects.

Reported sex differences in NREM and REM sleep EEG indicate higher spectral power in several frequency 
bands in women, as compared to men28,32. Such broad band and state-independent differences suggest a general 
tendency for a higher EEG amplitude in women, due to a contamination with non-neuronal factors, like skull 
thickness and bone mineral density32,33. As a consequence, we hypothesize (H4) that women are characterized by 
higher spectral intercepts, than men (C♀> C♂). Furthermore, we will reanalyze some of the reported sex differ-
ences in sleep spindle density/power, indicating increased sleep spindling in women as compared to men28,32,34,36, 
by relying on whitened spectral peak amplitudes of the spindle range (PPeak(fmaxPeak)), the latter being a measure 
which is independent of overall EEG-amplitude (C).

Based on a largely overlapping dataset, formerly we reported another sex difference in terms of sleep spindle 
frequency: women were shown to be characterized by higher oscillatory frequencies as compared to men36. Thus, 
our explicit intention is to provide convergent validity of the present method, by testing the following hypothesis 
(H5): maximal spectral peaks occur at higher frequencies in women as compared to men (fmaxPeak♀ > fmaxPeak♂).

Intelligence was shown to correlate positively with NREM sleep EEG sleep spindle activity7. Although, a recent 
metaanalysis casts doubt on the sexual dimorphism of this relationship9, the dataset we analyse in our current 
report is characterized by a clear difference among women and men: women were characterized by positive cor-
relation between sleep spindle amplitude/power and IQ, whereas null correlations were reported for men8,36. As 
our current analyses are based on the same dataset, we aim to provide convergent validity of our current method 
by testing the hypothesis (H6): PPeak(fmaxPeak) values of the sleep spindle range (9–18 Hz) correlate positively with 
IQ in women, but not in men. Intelligence was also reported to modulate the relationship between the decrease 
in NREM sleep EEG slow activity associated with aging: participants showing average IQ (AIQ) scores were 
characterized by significant negative correlations regarding age vs. slow wave activity, whereas no such correla-
tions were found in individuals with high IQ (HIQ) in an overlapping sample1. As the original report provided 
overwhelming evidence for an age vs relative delta power correlation as being modulated by IQ range, whereas 
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Figure 1.   The parametrization of non-rapid eye movement (NREM) sleep electroencephalogram (EEG) spectra. (A) 
Hypnogram and steps of the spectral EEG analyses as exemplified in a representative record of a young male volunteer. Grey 
shaded areas represent NREM sleep, which is analysed in the present report. Blue-shaded EEG segments are magnified 4 s long 
epochs, with 2 s overlap and modified with a Hanning window before power spectral analysis via mixed-radix Fast Fourier 
Transformation (FFT). (B) Average spectral power (P) is characterized by a frequency (f)-dependent exponential decay (α), 
as well as by an overall, frequency-independent amplitude multiplier (C) and a peak power multiplier at critical frequencies 
[PPeak(f)]. (C) The natural logarithm of spectral power (P) is a linear function of the natural logarithm of frequency (f), 
characterized by a linear slope α (which is equal with α in panel B) and an intercept (the latter being the natural logarithm of the 
amplitude multiplier, C in panel B). In addition, this linear function has to be summed with the natural logarithm of the peak 
power multiplier [PPeak(f), equal to the same frequency-dependent function in panel B]. Please note that “no peak regions” can 
be compressed in series of all ones, resulting in reduced number of variables as compared to the bins in the original spectra.
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weaker evidence was found for absolute power1, we do not know if this finding reflects the age-dependency of 
slow wave activity per se, or the combined age-dependency of slow wave activity and slow/high activity ratio. 
The former scenario would fit with a null effect for IQ-modulation of age vs spectral slope correlation, whereas 
the latter would lead to an IQ-dependence of age vs spectral slope relationship (H7).

Results
Goodness of fit: Is the logarithm of spectral power a linear function of the logarithm of fre‑
quency?  NREM sleep EEG spectra of 175 healthy subjects (81 females, age range 17–60  years), with a 
maximum of 18 available (artefact-free) common recording locations were included in our analyses. Linears 
were fitted to the equidistant log–log plots of the EEG power spectra below 48 Hz, excluding the 0–2 and the 
6–18 Hz range, both known to be characterized by spectral peaks (slow oscillation and spindles) in NREM sleep 
(Fig. 1, see details in section “Methods”). The sample mean of fitted slopes ( α ) varied between − 2.73 (SD = 0.22) 
and − 2.33 (SD = 0.22) for the frontocentral (Fz) and left posterior temporal (T5) region, respectively. In turn, 
the sample mean of the intercepts ( ln C ) varied between 3.74 (SD = 0.73) and 5.76 (SD = 0.69) for recording 
locations T5 and Fz, respectively (Suppl. table 1). Goodness of fit (R2) of the linear model of the equidistant 2–6 
and 18–48 Hz spectral data varied in the range of 0.8955–0.9997 across subjects and EEG recording locatios. 
The square of the Fisher Z-transformed, averaged and back-transformed Pearson correlations between the fitted 
linear and the spectral data is R2 = 0.9952 (SD = 0.1578).

Here we claim that the spectral slope (α) and the intercept (ln C) carry meaningful information. In order to 
demonstrate that the present method of determining slope and intercept is comparable with existing methods, we 
tested these parameters against the respective outputs of a recently published method termed fitting oscillations 
& one over f (FOOOF)23. Our spectral slopes and intercepts correlated significantly with FOOOF slopes and 
intercepts, respectively. Mean correlation (Fisher-transformed, averaged and back-transformed) over recording 
locations was r = 0.90 for spectral slopes and r = 0.92 for intercepts (see Suppl. Figure 1).

Spectral peaks in the 9–18 Hz range.  Spectral peaks in the alpha/sigma range were determined by a 
combination of the first and the second derivative tests indicating local maxima in mathematical terms (see 
details in section “Methods”). Detected peaks were ranked according to their whitened amplitude (coloured 
noise characterized by the spectral slope (α) and intercept (C) was removed before ranking). At least one peak 
was detected in 81.16–100% of the subjects, depending on recording location (relatively lower values were found 
in the temporal locations T3, and T4, whereas above 90% was the rule for other regions, see details in Suppl. 
Table 2). Spectral peaks with maximal amplitudes in the 9–18 Hz range were found to conform the overall topog-
raphy vs frequency relationship of sleep spindles. That is, anterior spectral peaks were slower than the posterior 
ones (Suppl. Figure 2). The total antero-posterior frequency increase of maximal spectral peaks in the 9–18 Hz 
range (fmaxPeak) equalled 1.99 Hz (sample mean). However, the above change was largely non-continuous along 
the antero-posterior cortical axis, as more than 83% (1.67 Hz) of the upward shift in spectral peak frequency 
emerged in a single, maximal value characterizing the frontal to central (54.77% of the subjects), frontopolar 
to frontal (36.94%), central to parietal (6.36%) or parietal to occipital (1.91%) shifts. Spectral peak frequencies 
(fmaxPeak) which were detected rostral to the maximal antero-posterior upward frequency shift are hypothesized 
to reflect slow sleep spindles (100% of frontopolar, 63.05% of frontal, 8.28% of central, 1.91% of parietal and 0% 
of occipital recording sites), whereas the caudal ones are reflections of putative fast sleep spindles (0, 36.95, 91.72, 
98.09, and 100% of frontopolar, frontal, central, parietal and occipital regions, respectively) (Fig. 2).

A second spectral peak with roughly half of the amplitude of the first was detected in a subgroup of subjects/
EEG recording locations (6.29–50.64%) (Suppl. Table 2). However, in most of the cases the second peaks were 
roughly 1.5 Hz slower than the reported slow sleep spindle frequencies in an overlapping sample36, thus it seems 
that these peaks reflected rather alpha activity (~ 10 Hz) instead of true slow or fast sleep spindles (see also Suppl. 
Figure 2). That is the method used in the present study was robust enough in terms of the reliable detection of 
the dominant spectral peak of sleep spindling in the given location, but not sufficiently sensitive in testing the 
non-dominant sleep spindle peaks (fast spindles in the anterior and slow spindles in the posterior locations, see 
Suppl. Table 2 for details). A third peak was only detected in a few instances (between 1 and 6 cases, depending on 
recording locations, data not shown). Given the fact that we only focus on the maximal spectral peak parameters 
in the following parts of our paper, we can conclude that these parameters reflect the prevailing anterior slow 
and the posterior fast spindles, depending on recording location. However, the anatomical boundary between 
prevailing anterior slow and posterior fast sleep spindles varies among subjects, leading to some uncertainty 
in the frontal leads, which can express both slow and fast sleep spindles (in 63.05% and 36.95% of the cases, 
respectively).

H1: Age‑associated flattening of spectral slope.  Positive association between age (years) and NREM 
sleep EEG spectral exponents (α), indicating age-associated flattening of slopes were found at all recording loca-
tions (Suppl. Table 3a). The Rüger’s area (consisting of spatially contingent recording locations characterized by 
uncorrected significances) including all recording locations in this specific case, proved to be significant at both 
of the new critical probability (p) levels (0.025 and 0.017). Thus, based on the Descriptive Data Analysis (DDA, 
see details in section “Methods”) procedure37,38, this area can be considered as a significant one (see also Fig. 3A).

H2: Age‑dependent decrease in spectral peak amplitude.  Maximal whitened spectral peak ampli-
tudes of NREM sleep EEG spindle frequencies (PPeak(fmaxPeak)) and age correlated negatively at 10 recording 
locations covering the frontocentral, parietal and posterior temporal areas (F3, F4, Fz, C3, Cz, C4, T5, T6, P3, 
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Figure 2.   Examples for spectral peaks over the antero-posterior cortical axis in one of the subjects. Upper 
part: periodograms in the double natural logarithmic plane characterized by a combination of linear trends 
and spectral peaks. Middle panel: whitened power by subtracting the fitted linears: ln P − (ln C + α ln f); note 
the uniform baseline power (~ 1) and the spectral peaks. Lower panel: enlarged spectral peaks in the spindle 
frequency range, characterized by lower frequency maxima in the anterior as compared to the posterior 
recording locations (see colour-coded arrows); maximal antero-posterior shifts in peak frequency emerged 
between the frontal and central recording sites, demarcating slow-anterior and fast-posterior sleep spindle-
related spectral peaks.
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and P4). The above region remained significant after the control of multiple testing (see a representative example 
in Fig. 3B).

H3: No age‑related increase in spectral peak frequency was found.  Maximal sleep spindle spec-
tral peak emerge at lower fmaxPeak values in the frontal region of aged, as compared to young subjects. This finding 
evidently contrasts our prediction. Peak frequency and age correlated negatively at 8 recording locations cover-
ing the frontal and the right temporal areas (Fp1, Fp2, F3, F4, Fz, F7, F8 and T4). This Rüger’s area was signifi-
cant, as all correlations conformed to both of the new critical probabilities (Fig. 3D; Suppl. Table 3c).

In order to test if changes in slow/fast spindle peak sizes could underlie these effects, that is if the maximal 
spindle peak “jumps” from the fast to the slow spindle peak more frequently in frontal recording sites of aged 
individuals, we compared the age of the following groups of subjects. Group F-Fp was characterized by a maximal 
antero-posterior frequency increase of fmaxPeak between the frontopolar and frontal recording sites, whereas for 
the C-F group this frequency shift was measured between the frontal and the central region. Mann–Whitney 
U-test revealed higher age in the C-F, as compared to the F-Fp group (U =  − 2.41; η2 = 0.713; p = 0.015). That is 
the age-associated dampening of fmaxPeak might indicate a decrease in the emergence of fast sleep spindles in the 
frontal region in aged subjects.

H4: Spectral intercepts, but not peak amplitudes are higher in women as compared to 
men.  The spectral intercept is the power value at which the spectral slope crosses the y-axis. Women are 
characterized by significantly higher spectral intercepts [the natural logarithm of C values in formula (1) and (2)] 
compared to men at all recording locations (see an example at location C4 as an example: Fig. 4).

Figure 3.   Representative scatterplots of the correlations between age and measures of the NREM sleep EEG 
spectra at the left prefrontal region (F3). (A) Correlation of age with the spectral exponent (α) indicating the 
flattening of the spectral slope in the aged subjects. (B) Correlations of age with the whitened maximal spectral 
peak amplitude in the sleep spindle frequency range (PPeak(fmaxPeak). Note the decrease in whitened spectral peak 
amplitude in the aged. (C) Correlation of age with the NREM sleep EEG spectral exponent (α) as categorized 
by intelligence (HIQ high intelligence quotient, AIQ average intelligence quotient). Note the lack of an IQ effect. 
(D) Correlation of age with NREM sleep EEG maximal spectral peak frequency (fmaxPeak) in the spindle range. 
Note the age-dependent decline in frequency. Color codes are consistent with Fig. 1: red—spectral slopes, blue—
spectral peaks.
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After correction for multiple testing the Rüger-area remained significant (Suppl. table 4). As predicted women 
and men did not differ in NREM sleep EEG maximal spectral peak amplitudes of the spindle range (PPeak(fmaxPeak)) 
at any of the recording locations (Fig. 4; Suppl. table 4b).

H5: Women are characterized by faster sleep spindles.  Women were characterized by significantly 
higher fmaxPeak values as compared to men (Fig. 4), except temporal recording locations T3 and T4. The area 
remained significant after the correction for multiple testing (Table 1).

These findings might be confounded by the factor spindle type in the case if fast spindles are dominant in 
more anterior leads in females as compared to males. However, the analysis of the localization of the major 
antero-posterior frequency shift in fmaxPeak of women and men did not reveal a significant difference (χ2 = 0.42; 
p = 0.51).

H6: IQ correlates positively with spectral peak amplitude in women.  Pearson correlations 
revealed significant associations of whitened maximal spectral peak amplitudes (PPeak(fmaxPeak)) pertaining to 
NREM sleep EEG spindle activity with IQ at recording locations C3 (N = 67, r = 0.33, p = 0.007), C4 (N = 66, 
r = 0.34, p = 0.005), Cz (N = 55, r = 0.34, p = 0.010), P3 (N = 68, r = 0.26, p = 0.031), P4 (N = 68, r = 0.28, p = 0.020), 
and T3 (N = 45, r = 0.32, p = 0.031) in women (Fig. 5; Suppl. table 5). The Rüger area at this centroparietal-left 
temporal region remained significant after the control for multiple testing (4/6 correlations are significant at 
0.05/2 and 3/6 correlations at 0.05/3). No significant correlations of whitened spectral peak amplitude and IQ 
were found in men.

H7: Do age‑related flattenings of spectral slopes differ among subjects with average and high 
IQ?  As already presented in the former subheadings (H1) an age-associated flattening of spectral slopes char-
acterizes the NREM sleep EEG of adult volunteers. This effect was separately assessed in subjects with average 
and high IQ, and results were compared. Age and slopes of the NREM sleep EEG spectra (α) were significantly 
associated in both subgroups (AIQ and HIQ). We found no significant difference between these correlations, 
however (Table 2). That is, age-associated flattening of the slopes of the NREM sleep EEG spectra are independ-
ent of the subjects’ IQ (Fig. 3C).

Overcoming model redundancy by determining the alternative intercept of the spec‑
tra.  Although our model resulted in good fit with empirical data in terms of background (scale-free) activ-
ity and the majority of our hypotheses (including the ones regarding peak power features) were supported by 
parameters derived from Eq. (2), the spectral slope and the intercept are far from being independent in statistical 

Figure 4.   Women vs men differences in measured and parametrized mean NREM sleep EEG spectral power 
at electrode location C4. The natural logarithm of pectral power was averaged in women and men (continuous 
lines), as where individual fits (dotted lines) acoording to our current method (see details in section “Methods”). 
Note the overall amplitude differences (women > men), as well as the higher spectral peak frequencies (fmaxPeak) 
in women and the lack of differences in spectral peak amplitudes (PPeak(fmaxPeak)). IQR interquartile range.
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terms. That is, although women vs men differences emerged in our spectral intercepts (ln C♀ > ln C♂) as pre-
dicted in H4 (see Suppl. table 4), and no sex differences in NREM sleep EEG spectral slopes (α) were observed 
(Suppl. table 6a), the intercepts and the slopes are negatively correlated in our database (Suppl. table 6b): subjects 
with steeper spectral slopes (lower α exponents) are characterized by higher intercepts (apparently higher EEG 
amplitudes). This might reflect the position of the intercept, which is at ln f = 0 (f = 1 Hz). The interpolated 1 Hz 
power (based on the fitted line in the double logarithmic plots) partially reflects the steepness of the slope of the 
spectrum.

In order to overcome the above issue of parameter-interdependency, we derived alternative intercepts with 
the aim of determining parts of the interpolated scale-free spectrum at which our parameter do not reflects 
the steepness of the slope (α). We based our search for this alternative intercept on two assumptions: (1) the 
alternative (“slope-free”) intercept is situated at the border of low and high frequency activities, delineated by 
the reported sleep deprivation-induced increases and decreases of spectral power, respectively; (2) intercepts 
below the border mentioned in point 1. correlate negatively with the spectral slopes, whereas intercepts above 
this border correlate positively with slopes. Extended wakefulness of human adults is known to increase the 
NREM sleep EEG spectral power below the sleep spindle frequencies, that is the power of 1–9, 1–12 or 1–13 Hz 
according to different studies39–43, whereas power above 10 or 13 Hz was shown to be decreased during recovery 
sleep40,42,43. Thus, we used our fitted model parameters α and ln C, as well as the modified version of formula (3), 
with the last term (ln PPeak(f)) omitted (see “Methods”) to determine the interpolated scale-free natural logarithm 
power ln P(f) at frequencies of f = 7.4, 10, 12.2, 13.5, 15 and 20 Hz corresponding to natural logarithm values 
of ln f = 2, 2.3, 2.5, 2.6, 2.7, and 3, respectively. These alternative intercepts representing different scenarios of 
y-axis crosses (changing the position of the y-axis) were tested for their independence from the slopes (α) by 

Table 1.   Women vs men differences in NREM sleep EEG spindle spectral peak frequencies. Mann–Whitney 
U test indicates that women as compared to men are characterized by higher fmaxPeak values at which spindle 
range PPeak(f) maxima emerge. The Rüger area containes 16 nominally significant effects. 15 of these women vs 
men differences were significant at both of the more stringent criteria (p < .025 and p < .017), which supports 
the significance of the area.  Italic and bold italic values indicate statistical significance at p < .05, and  p < .017, 
respectively. Md median.

Recording location
U
(η2) p N♀

Md♀
(Q1–Q3)♀ N♂

Md♂
(Q1–Q3) ♂ Md♀–Md♂

Fp1 1888
(.076) .001 67 11.97

(11.36–12.45) 83 11.32
(10.87–11.93) 0.65

Fp2 1864
(.100)  < .001 68 12.00

(11.33–12.44) 87 11.29
(10.83–11.81) 0.71

F3 2191
(.095)  < .001 75 12.80

(12.10–13.25) 91 11.86
(11.14–12.86) 0.94

F4 2217
(.088)  < .001 76 12.98

(12.06–13.35) 89 11.80
(11.04–12.97) 1.18

Fz 2259
(.028) .041 66 13.06

(11.75–13.41) 85 12.51
(11.10–13.13) 0.55

F7 1492
(.090)  < .001 59 12.23

(11.60–12.66) 78 11.59
(11.19–12.04) 0.64

F8 1608
(.088)  < .000 63 12.14

(11.53–12.59) 78 11.49
(11.13–12.14) 0.65

C3 2651
(.058) .002 80 13.53

(13.20–13.96) 92 13.26
(12.86–13.59) 0.27

C4 2502
(.075)  < .001 79 13.60

(13.33–14.04) 93 13.28
(12.96–13.61) 0.32

Cz 1830
(.107)  < .001 68 13.68

(13.39–14.13) 87 13.33
(13.05–13.64) 0.35

P3 2290
(.118)  < .001 81 13.71

(13.38–14.12) 94 13.36
(13.03–13.68) 0.35

P4 2368
(.102)  < .001 81 13.70

(13.37–14.12) 93 13.38
(13.06–13.68) 0.32

T3 1829
(.002) .635 55 12.80

(12.19–13.42) 70 12.91
(11.79–13.37)  − 0.11

T4 1942
(.005) .440 57 12.94

(12.14–13.39) 74 12.93
(11.65–13.29) 0.01

T5 1893
(.084)  < .001 68 13.62

(13.27–14.06) 84 13.32
(13.00–13.63) 0.27

T6 1730
(.108)  < .001 66 13.63

(13.35–14.11) 85 13.33
(12.97–13.62) 0.30

O1 2282
(.111)  < .001 80 13.65

(13.34–14.10) 93 13.33
(12.96–13.64) 0.32

O2 2253
(.112)  < .001 80 13.65

(13.33–14.12) 92 13.35
(12.99–13.64) 0.30
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Figure 5.   Correlations between NREM sleep EEG spindle frequency whitened spectral peak amplitudes and 
IQ in females and males. (A) Categorized scatterplot representing the correlation between whitened spectral 
peak amplitude of the NREM sleep EEG spindle frequency range (recording site: F4) and IQ in women and 
men. (B Pearson r-values were transformed to Z-values and represented on topographical maps. C. Significance 
probability maps of the correlations presented in B.



10

Vol:.(1234567890)

Scientific Reports |         (2021) 11:2041  | https://doi.org/10.1038/s41598-021-81230-7

www.nature.com/scientificreports/

Pearson correlations (Fig. 6). The pattern of correlations supported our assumptions: alternative intercepts below 
12.2 Hz were found to correlate negatively with spectral slopes, whereas above 12.2 or 13.5 Hz (depending on 
electrode location) positive correlations were found. That is the best “slope-free” intercepts in the scale-free part 
of the parametrized NREM sleep EEG spectra are emerging at 12.2 Hz and the 13.5 Hz for anterior and posterior 
recording locations, respectively (ln C2.5 and ln C2.6). The original intercept derived at ln f = 0 could be termed as 
ln C0, according to this terminology. We reanalyzed our hypothesis based on the assumption of higher intercepts 
in women as compared to men, which is the only hypothesis involving term C of the formula (H4). Substituting 
ln C0 with ln C2.5 and ln C2.6 resulted in increased mean effects sizes (larger intercepts in women) from η2 = 0.084 
to η2 = 0.118 (both averaged over recording locations).

Discussion
When analyzing the Fourier spectra of EEG records performed for long periods of sleep, researchers and clini-
cians rely on statistics. That is, the periodograms of short modified EEG segments are averaged in order to obtain 
the averaged spectra44. As a consequence, the spectral profiles are inherently statistical in nature. In coherence 
with former reports focusing on sleep stages and arousal15,16 our current approach provides a characterization 
of the NREM sleep EEG Fourier spectra by taking into account their inherent electrophysiological and statisti-
cal regularities based on its power law scaling properties. Our focus is on individual differences in NREM sleep 
and we assume that the approach we follow results in an integrated characterization of NREM sleep EEG, which 
is superior in terms of construct validity and accuracy. First of all, a frequency-independent amplitude meas-
ure potentially reflecting a contamination of neuronal and non-neuronal factors, like brain activity and skull 
anatomy, can be reliably separated and is not mixed up in power spectral values focusing on specific oscillatory 
phenomena. Although the natural logarithm of term C derived from formula (1) and (2) (ln C0) reliably reflects 
the hypothesized sex differences, the model could be refined by using alternative intercepts, which were inde-
pendent from the slopes (ln C2.5 and ln C2.6) (Fig. 6). Thus, we were able to determine the slope free intercepts, 
which—according to our best knowledge – is a first explicit and successful attempt to build a non-redundant, 
power law scaling-based mathematical model of sleep EEG spectra. The slope free intercept might constitute an 
ideal normalization value for NREM sleep EEG (spectra) in future basic and clinical studies.

In addition to the spectral intercepts, the power law functions describing the sleep EEG spectra appropriately 
address the issue of the ratio of EEG power at different frequencies, providing a single measure (α), instead of 
several ones scattered redundantly in all frequency bins and bands. This approach was found to be effective in 
deriving measures of consciousness24, sleep stages15 and arousal16 from sleep EEG records, as well as to index 
aging as a function of scale free wake EEG features22. Here we complete these studies with the individual dif-
ferences approach of NREM sleep EEG, which was suggested to be a seminal perspective of all sleep studies45.

Last, but not least, spectral peak amplitudes (PPeak(f)) are whitened in our approach, that is, the scale-free 
part of the spectrum is effectively controlled, which might enable researchers to differentiate background and 
oscillatory activities at specific frequencies.

The findings derived from our approach of parametrizing the NREM sleep EEG spectra clearly supports the 
robustness and validity of the method presented in this paper, which was inspired by studies aiming to whiten 

Table 2.   Comparison of the correlations between age and the slope of the NREM sleep EEG spectra in 
subjects with average and high intelligence (AIQ vs HIQ). Spearman rank correlations (ρ) were significant in 
both intelligence groups, however, the differences between the higher (HIQ) and average (AIQ) intelligence 
groups was not significant (pdifference). Bold italic values indicate statistical significance at p < .017.

Recording location ρAIQ pAIQ NAIQ ρHIQ pHIQ NHIQ pdifference

Fp1 .44  < .001 79 .40 .001 60 .787

Fp2 .44  < .001 85 .45  < .001 63 .901

F3 .48  < .001 84 .41 .001 64 .622

F4 .52  < .001 83 .42 .001 64 .476

Fz .57  < .001 70 .45  < .001 60 .370

F7 .39 .001 70 .45  < .001 58 .660

F8 .45  < .001 69 .43 .001 59 .900

C3 .44  < .001 84 .45  < .001 64 .956

C4 .45  < .001 85 .43  < .001 64 .896

Cz .47  < .001 70 .37 .004 60 .507

P3 .39  < .001 85 .42 .001 64 .801

P4 .42  < .001 85 .41 .001 64 .927

T3 .43  < .001 70 .49  < .001 59 .640

T4 .51  < .001 70 .42 .001 60 .507

T5 .32 .007 70 .45  < .001 58 .412

T6 .40 .001 70 .42 .001 60 .896

O1 .31 .004 85 .40 .001 64 .549

O2 .34 .002 84 .41 .001 64 .610
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the spectral power in the sleep spindle frequency27,46. As predicted (H1), age correlates positively with NREM 
sleep EEG spectral exponents (Suppl. Table 3a), indicating that aging is associated with flattening of the Fourier 
spectra (i.e. exponents closer to 0) (Fig. 3). This finding coheres with reports of bandwise power spectral analyses 
of NREM sleep EEG, indicating decreased low and increased high frequency activity in the NREM sleep EEG of 
healthy aged subjects28. Moreover, the steepness of the slope of the linear describing the relationship between the 
log-amplitude and the log-frequency of NREM sleep EEG revealed the same age-dependency11. Thus, our method 
is capable of extracting spectral slope information with sufficient precision and is a valid and simple approach 
to be used in future (translational) studies. The slope of the spectrum is basically a measure of the constant ratio 
between low and high frequency activities, which was hypothesized to reflect the ratio between inhibition and 
excitation, the depth of sleep and/or the level of conscious awareness15,24,47,48. Findings might indicate that aged 
subjects have lower sleep depth, but might also open new avenues beyond the exclusive focus on sleep slow 
waves/oscillation when studying the relationship between aging and sleep. The latter point is supported by our 
finding on the lack of a difference in the age-dependency of the NREM sleep EEG spectral slopes in subjects with 
average and high intelligence (Table 2). This finding apparently contrasts the outcomes of our previous report 

Figure 6.   Determining the optimal alternative intercept for the NREM sleep EEG spectra. (A) Linear fitted to 
the double logarithmic plot of an average NREM sleep EEG spectral power (P) derived from right frontopolar 
location (Fp2) in a young female volunteer. Beside the original, violet-coloured intercept at ln f = 0 (f = 1 Hz), 
alternative intercepts are depicted at 7.4, 10, 12.2, 13.5, 15 and 20 Hz. (B) Between-subject correlations of the 
potential intercepts (ln C) with the slopes of the spectra (α) in a location-dependent manner. Note the negative 
correlations for low and the positive correlation for high frequencies, respectively. Zero-correlations are seen in 
the middle of the sleep spindle frequency range (at 12.2 and 13.5 Hz), although occipital recording locations are 
characterized by a slightly different pattern.
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on the significant differences in age-dependent declines in NREM sleep EEG slow wave/oscillation of average 
and high IQ subjects. That is in terms of NREM sleep EEG slow waves high IQ subjects tend to age at a slower 
pace than average IQ subjects1. In spite of the fact that the database we used in the two studies are the same, the 
methods (band-limited spectral analysis focusing on specific frequencies vs. spectral exponent extraction) yield 
different results. Besides trivial methodological differences (spectral power vs exponent), our current approach 
of excluding the 0–2 Hz range from slope-fitting might contribute to this difference. That is, our present findings 
indicate that average and high IQ subjects tend to age at a same pace, at least in terms of their NREM sleep EEG 
spectral exponents. These contrasting results indicate that our former findings are preferentially reflecting the 
age- and IQ-dependency of the NREM sleep EEG slow oscillatory mechanism per se, but not the scale-free activ-
ity and/or the constant ratio of slow and high frequency activities. The latter could be a subject of aging which 
is at least partially independent from the well characterized age-dependent decreases in slow oscillations49 and 
is equally present in average and high IQ subjects. Recent findings and considerations suggest that the spectral 
slope derived from an electrophysiological signal indicates the ratio of excitation and inhibition in the underly-
ing neural tissue47. Thus, according to our current findings and previously published modeling data47 aging is 
characterized by a relative increase in excitation over inhibition during the state of night time NREM sleep, and 
this effect seems to be relatively independent from the decreased slow oscillation reported in former studies1,49.

Aging was also shown to be associated with decreased sleep spindle frequency activity and decreased phasic 
sleep spindles in former studies30. These findings cohere with our current report of an age-associated decrease 
in whitened spectral peak amplitudes of NREM sleep EEG spindle frequency range (Suppl. Table 3b). Reports 
suggest that the age-dependent decrease in sleep spindles recorded over the prefrontal regions mediates the cog-
nitive decline in later ages50. Moreover, it was suggested that this effect reflects the disruption of thalamocortical 
regulatory mechanisms involved in sleep spindle rhythmogenesis51. Thus, our index of whitened NREM sleep 
EEG spectral peak amplitude in the spindle frequency range could serve as a potential biomarker of the above 
mentioned50,51 neurocognitive aspects of aging.

The age-associated increases in the frequency of sleep spindle oscillations (also known as intraspindle fre-
quencies) were reported in several former reports31, although the largest study did not reveal such changes in 
adulthood30. Our present findings reveal a non-predicted decrease in maximal frontal spectral peak amplitude 
in the spindle frequency range of NREM sleep EEG. The range of the spindle frequency changes clearly indicate 
a change from the predominant fast (~ 14 Hz) to predominant slow (~ 12 Hz) sleep spindle spectral peaks during 
aging. That is, our finding indicates a decrease in relative frontal emergence of fast sleep spindles during aging, 
rather than a deceleration of sleep spindles at a rate of 0.5 Hz/decade (Fig. 3). This post-hoc assumption is sup-
ported by our additional empirical findings indicating the increasing rates of frontal slow sleep spindle domi-
nance in the aged. In addition, the parietal recording locations, which are almost uniformly characterized by fast 
sleep spindle types of spectral peaks over the whole sample, do not provide any evidence for an age-dependent 
acceleration of intraspindle oscillatory frequencies. That is, our findings clearly do not support this hypothesis.

Women were shown to be characterized by significantly higher NREM sleep EEG spectral intercepts as 
compared to men. This difference is not seen in the spectral slopes and is sharpened when using the alternative 
(“slope-free”) intercepts (ln C2.5 and ln C2.6 instead of ln C0). To the best of our knowledge this is the first report 
explicitly targeting these issues. We based our hypothesis on findings suggesting that women vs men differences 
in EEG power are largely frequency-independent28, thus indicating an overall amplitude effect captured by the 
term C in formula (1) and (2). That is, previous reports focusing on specific frequency ranges and oscillatory 
phenomena are confounded by overall amplitude differences in the EEG of women and men. Examples for such 
potentially confounded findings are reports on women vs men differences in sleep spindle densities/occur-
rences. Spindles detected by fixed thresholds34,35 or raw (non-whitened) spectral power values of the spindle 
frequency range28,32 indicate sex differences (increased sleep spindle density/activity in women), but are not 
controlled for overall amplitude differences. It has to be noted however, that one of the early publications cited 
above hypothesized that women vs men differences in sleep EEG spectral power might reflect sex differences in 
skull thickness32, but—at least to our best knowledge—this hypothesis remained largely unexplored from the 
electrophysiological point of view. Our current approach considers this issue and provides a reliable and poten-
tially useful method for controlling non-specific effects, potentially contaminated with non-neuronal issues in 
EEG amplitude. The estimation of the spectral intercept provides a simple index which can be included in future 
biophysical, electrophysiological-modeling studies of the skull-thickness-EEG power issue. Our current findings 
clearly indicate the lack of sex differences in sleep spindle power when overall amplitude women vs men differ-
ences are controlled (Fig. 4; Suppl. table 4).

Women were shown to be characterized by higher frequency sleep spindle oscillations as compared to men 
according to our former study based on the individual adjustment of sleep spindle frequencies and amplitudes36. 
This finding was strengthened by our current report based on the detection of whitened spectral peak location 
with 0.0052 Hz resolution (Table 1). That is, our current finding strengthens the validity of our spectral para-
metrization approach. In addition, the hypotheses suggesting that sleep spindle frequency is accelerated by either 
progesterone and its neuroactive, indirect GABA-agonist metabolite allopregnanolone52 or the progesterone-
induced hyperthermia53 during the follicular phase of the menstrual cycle in women are indirectly supported 
by our present findings. Although our participants were not controlled for menstrual cycle phases and oral 
contraceptive use, we can assume that at least some of the female subjects were examined during the follicular 
phase of their menstrual cycle. Furthermore, oral contraceptive use involve the intake of progestagenic com-
pounds, which might induce some of the neural effects of endogenous progesterone in naturally cycling women.

Here we reveal a positive correlation between whitened spectral peak amplitude of sleep spindle frequency 
activity during NREM sleep and IQ in women, but not in men (Fig. 5; Suppl. table 5). Intelligence was shown 
to be reflected in the intensity (amplitude and/or density) of phasic sleep spindle events or alternatively in 
the spectral power of sleep spindle frequency activity during NREM sleep7–10,36. In the database we use in our 
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present study a marked sexual dimorphism of this effect was also revealed: women but not men were shown 
to be characterized by the sleep spindle amplitude/power vs IQ correlations8,36. Although this latter effect was 
not unequivocally reflected in a significant meta-regression between effect size and % female in the sample in a 
subsequent metaanalysis9, here we refer to it because convergent findings obtained by different methods used on 
the same dataset are an issue of validity of the methods. That is, we reproduced the positive sleep spindle vs. IQ 
correlation in women by using a linear fitting approach to the log–log spectra of NREM sleep and a concurrent 
whitening of spectral peaks, without assumptions on time-domain sleep spindle features. Again, this finding 
might strengthen our views on the reliability of the method of analyzing the constant, the slope and the (whit-
ened) peak attributes of the NREM sleep EEG in human subjects.

Among the shortcomings of our work we would emphasize the lack of slow vs fast sleep spindle differentia-
tion by the current version of our method, as well as the fact that we disregarded low frequency power (< 2 Hz) 
when fitting the slopes. Fitting of two slightly overlapping spectral peaks instead of just one, would increase 
considerably the complexity of the approach, whereas our intention was to keep the process as simple and intui-
tive as possible. Moreover, we intended to follow the already published method of finding the maximal peak 
in the spindle frequency range and correlating its amplitude/power with neurological-clinical and cognitive 
data27,46. Similarly, the potential and largely unpredictable contamination of low frequency power with sweating 
artefacts, as well as the high-pass filtering effects of gold-coated electrodes54 we used in our studies precluded us 
from a precise measurement of the power law scaling at low frequencies below 2 Hz. Our approach of excluding 
the alpha and spindle frequencies before fitting a linear to the equidistant double logarithmic NREM sleep EEG 
power spectra requires a priori knowledge on the position of the spectral peaks and, as a consequence, increases 
the researchers degrees of freedom. In addition, this approach inherently omits a wide range of frequencies when 
fitting the linear. Although, there are reported methods for handling the above issues14, here we focused on the 
current method because of our the explicit intention of comparability with former reports focusing on NREM 
sleep EEG power spectra and neurocognition27,46.

In sum, the parametrization of NREM sleep EEG of healthy adult subjects by relying on the power law scaling 
behavior of the electrical activity of the brain, as well as by completing this statistical property with the prominent 
spectral peak at the sleep spindle range, provides an integral method of describing and characterizing individual 
differences in sleep and cognition. Here we show, that most of the features of NREM sleep EEG can be efficiently 
compressed in the spectral intercepts, slopes and peaks, at least in terms of demographic (age, sex) and cognitive 
(IQ) correlates of sleep. It remains to be determined, if known arousal and sleep state-dependent changes15,16 
or overnight sleep dynamics48 can be efficiently completed with measures of sleep regulatory mechanisms (e.g. 
homeostatic and circadian factors) derived from our integrative parameters of NREM sleep EEG spectra. In addi-
tion, further studies are needed for an adequate handling of multiple spectral peaks and low frequency (< 2 Hz) 
oscillations in the non-full-band EEG.

Methods
Subjects/databases.  Data was combined from multiple databases (Max Planck Institute of Psychiatry, 
Munich, Germany; Institute of Behavioural Sciences of Semmelweis University, Budapest, Hungary) for this 
retrospective multicenter study3,8. Polysomnography data were recorded from 175 participants 81 females, 94 
males, mean age 29.57  years, age range 17–60  years) and IQ scores were measured for 149 participants (68 
females, 81 males, mean age 29.23 years, age range 17–60 years). Volunteers were recruited also via Mensa Ger-
many and Mensa Hungary to increase the number of highly intelligent individuals. As some of the participants 
have missing data of some electrodes and/or IQ scores the data numbers from which the statistical analysis was 
conducted are always reported in the results.

Based on self-reports, none of the participants had a history of psychiatric or neurological disorders. Alco-
hol consumption was restricted before recording, but a small amount of caffeine (max. 2 cups of coffee before 
noon) was allowed to the participants. Based on self reports 8 participants were light or moderate smokers. 
Data were combined from multiple databases (Max Planck Institute of Psychiatry, Munich, Germany; Institute 
of Behavioural Sciences of Semmelweis University, Budapest, Hungary). The experiment was conducted in full 
accordance with the World Medical Association Helsinki Declaration and all applicable national laws and it was 
approved by the institutional review board, the Ethical Committee of the Semmelweis University, Budapest, or 
the Ludwig Maximilian University, Munich. Written informed consent was obtained from adults participants 
and parents/guardians of the children (age: 17 years).

Psychometric intelligence.  Standardized nonverbal intelligence tests were recorded from 149 partici-
pants: 70 of them completed the Culture Fair Test (CFT)55,56 and 39 of them completed the Raven Advanced 
Progressive Matrices (Raven APM)57 test. 40 participants completed both tests. These tests have been shown 
to similarly measure abstract pattern completion and are particularly good measures of the general factor of 
intelligence58–60. A composite raw intelligence test score was calculated, expressed as a Raven equivalent score 
(RES)1. RES for Raven APM tests was equal to the actual raw test score, whereas RES of the CFT test raw scores 
were equal to the Raven APM score corresponding to the IQ percentile derived from CFT performance and the 
age of the participant. Scores were averaged for participants who completed both tests. Standardization of APM 
was applied according to 1993 Des Moines (Iowa). Based on their mean IQ score, the sample was split into an 
average (AIQ: 88 < IQ < 120; IQ = 106.9; N = 85) and a high intelligence (HIQ: 120 ≤ IQ < 156; IQ = 130.38; N = 64) 
subgroup1.

Polysomnography recordings.  Detailed data recording procedures and power spectral analysis are also 
reported in published studies2,8. Sleep data were recorded on two consecutive nights by standard polysomnog-
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raphy including EEG, electro-occulography (EOG), electrocardiography (ECG) and bipolar submental electro-
myography (EMG). EEG channels were placed according to the international 10–20 system (Fp1, Fp2, F3, F4, 
Fz, F7, F8, C3, C4, Cz, P3, P4, T3, T4, T5, T6, O1, O2 and left and right mastoids)61. Impedances for the EEG 
electrodes were kept below 8 kΩ. The sampling frequency was either 249 Hz, 250 Hz or 1024 Hz, depending on 
recording site (Suppl. table 7). Data were offline re-referenced to the average of the mastoid signals and notch 
filtered at 50 Hz. Electrodes excluded from the analysis due to artifacts and/or recording failures were treated as 
missing data. The number missing data for the total 175 participants is reported in Supplementary Table 8, sepa-
rately for each electrode. Recordings of the first night were used for habituation and therefore were not included 
in further analyses. Sleep data of the second night in the laboratory were scored for sleep-waking states and 
stages according to standard AASM criteria on a 20-s basis62 by an expert. Furthermore, artefactual segments 
were marked on a 4-s basis and excluded from further analyses.

Power spectral analysis.  Power spectral densities were calculated for the NREM (N2 and N3) sleep, in 
0.25 Hz bins from 0 Hz to the Nyquist frequency (fNyquist) by relying on 4 s Hanning-tapered, non-artefactual 
windows. A 50% overlap was used for consecutive windows, whereas mixed-radix FFT for calculating power 
spectral densities. Power spectral densities from all 4  s windows were then averaged. As data were recorded 
with different EEG devices producing different analog filter characteristics, average power spectral densities 
were corrected as follows1: An analog waveform generator was connected to the C3 and C4 electrode positions 
of all EEG devices and sinusoid signals of various frequencies (0.05 Hz, every 0.1 Hz between 0.1–2 Hz, every 
1 Hz between 2–20 Hz, every 10 Hz between 10–100 Hz) were generated with 40 and 355 μV amplitudes. The 
amplitude reduction rate of each recording system at each frequency was determined by calculating the propor-
tion between digital (measured) and analog (generated) amplitudes of sinusoid signals at the corresponding fre-
quency. The amplitude reduction rate was averaged for the 40 and 355 μV at each frequency. The reduction rate 
at the intermediate frequencies were interpolated by spline interpolation. The measured power spectral density 
values were corrected with the device-specific amplitude reduction rate by dividing the original value with the 
squared amplitude reduction rate at the corresponding frequency according to previous suggestions63,64.

Estimation of the spectral intercepts and slopes.  Basically our approach is based on obtaining the 
power spectrum of the EEG signal (see above), fitting a line to the log–log power and performing a peak detec-
tion. In order to manage the second step the power law function (formula (2)) was transformed to one which fits 
in the double logarithmic plots as follows (Fig. 1C):

This means that the natural logarithm of spectral power (P) is expressed as a linear function of the natural 
logarithm of frequency (f). In addition, there are two terms in the equation: the natural logarithm of the constant 
(C) and the natural logarithm of peak power (PPeak, see Fig. 1). If the latter equals 1 (PPeak = 1), that is, there is no 
peak at a given frequency f, the value is 0 (ln 1 = 0). The logarithmic frequency scale inherently induces increasing 
data density at higher frequencies. Thus, a linear fit to this data would induce a strong bias against low frequency 
bins, which would contribute less to the determination of slopes compared to the higher frequency bins. In order 
to manage this problem and obtain an equal distribution of the data points, power values were interpolated up to 
the smallest frequency step (0.0052 Hz) by the piecewise cubic Hermite interpolation method. In the next step a 
linear was fitted to the 2–48 Hz frequency range of this equidistant log–log plot, excluding the 6.0052–17.9948 Hz 
frequency range corresponding to the alpha and spindle bands (in order to avoid those parts of the NREM sleep 
EEG spectra which are characterized by oscillatory activities as well). This part of our procedure was inspired 
by two former studies using a similar approach for whitening of the NREM sleep spindle spectra27,46. The slope 
of the linear is α, whereas its intercept is ln C.

Our intention to determine alternative, slope-free intercepts of the linear function in the double logarithmic 
plot was performed by using individually fitted α and C values in an alternative version of formula (3). In this 
case the term expressing spectral peak power PPeak(f) was omitted, and ln P(f) values were calculated for f values 
equalling 7.4, 10, 12.2, 13.5, 15 or 20 Hz. The goal of this step was the determination of the scale-free part of the 
spectrum at which the line cross of the y-axis is statistically independent from the slope of the line (α) across 
subjects.

Estimation of the spectral peak frequencies.  Spectral peak frequency was determined in the 9–18 Hz 
range, separately for each EEG recording location by automatically defining local maxima in mathematical 
terms. That is, we used the first derivative test in order to find the critical points, followed by the second deriva-
tive test to differentiate local maxima and minima. A spectral peak was accepted if the first order derivative was 
zero and the second order derivative was negative. Calculations were performed as follows: a second-degree 
polynomial curve fitting was performed using all sets of successive bin triplets (0.75 Hz), with an overlap of 2 
bins (0.5 Hz) in the 9–18 Hz range resulting in equations of the following type:

P: power; f: frequency (9–18 Hz); a, b, and c: fitted parameters.
The first derivative of these functions were calculated for each triplet, resulting in:

(3)lnP(f ) = lnC+ αlnf + lnPPeak(f )

(4)P
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f
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The slope of the function described in formula (5) is 2a, which was considered as the derivative at the middle 
of the triplets, resulting in the first derivative function of the spectra. The procedure was repeated for calculating 
the second derivatives: in this case the first order derivative function served as an input for fitting the quadratic 
polynomials.

Zero-crossings of the first derivatives were determined by spline interpolation (interpolating the series 
between the bins of 0.25 Hz). In addition, the second derivative was interpolated by the spline method at each 
detected zero crossing of the first derivatives. The cases which were characterized by the co-ocurrences of the 
two criteria below were considered as spectral peak frequencies:

Estimation of the spectral peak amplitudes.  Spectral power at peak frequencies were estimated by 
spline interpolation of the double logarithmic plots of the power spectra. The spectral peak amplitude was then 
whitened by subtracting the estimated power based on the fitted linear function from the peak power containing 
both arrhythmic and rhythmic activity (Fig. 2):

In order to avoid negative amplitudes due to the logarithmic scale, the power values were shifted for being 
all positive before this subtraction by adding a constant. This latter step was applied for the calculation of the 
amplitude measures only. As multiple spectral peaks were detected for some of the participants/EEG recording 
locations, the one with the largest amplitude was determined and used in this study. If no spectral peak was found 
in the spindle frequency range, peak values were considered as missing data (see Suppl. table 8). Data analysis 
was performed by MATLAB 9.5 (Mathworks Inc., https​://www.mathw​orks.com).

Antero‑posterior changes in prevailing spectral peak frequency.  Frequency measures of spectral 
peaks with maximal amplitudes (PPeak(fmaxPeak)) were analyzed in terms of antero-posterior changes as follows. 
First, we formed (para)sagittal regions by averaging fmaxPeak values in frontopolar (Fp1, Fp2), frontal (F3, F4, Fz), 
central (C3, C4, Cz), parietal (P3, P4, Pz), as well as occipital (O1, O2) recording locations. In the following, the 
regional means of fmaxPeak values were serially subtracted in consecutive antero-posterior regions as follows: fron-
tal-frontopolar, central-frontal, parietal-central, occipital-parietal. Outputs express the antero-posterior shifts 
in fmaxPeak (Hz), with positive values indicating antero-posterior increases in frequency (Fig. 2). The successive 
frequency shifts were summed for each subject, whereas the results of this addition were averaged over the whole 
sample. In a separate analysis maximal frequency shifts were determined and localized in each subject, result-
ing a sample mean of maximal antero-posterior frequency shift and a topographical distribution of this shifts.

FOOOF analyses.  In order to test the convergent validity of our analyes we run separate analyses with a 
recently published method23. The same frequency range (2–48 Hz) was analyzed and the so-called knee-param-
eter, unique to the FOOOF-method was omitted, because the latter was specifically designed to describe the 
lowest frequency end of the spectrum (which we did not include in our analyses).

Statistical analyses.  Goodness of fit of the linear to the equidistant log–log spectral data was assessed by Pear-
son product moment correlations, which were Fisher Z-transformed, averaged and back-transformed according 
to Silver and Dunlap65. Last, but not least the resulting average R-value were squared in order to determine the 
shared variance. Standard deviation (SD) was assessed from the Fisher-Z-transformed dataset, and the resulting 
value was back-transformed as well.

We used parametric tests (Pearson correlation, independent sample t-test) on normally distributed data and 
non-parametric tests (Spearman’s rank correlation, Mann–Whitney U test) when the distribution of the data 
was not Gaussian. The normality of the distributions was analysed by Shapiro–Wilk tests. In order to control 
Type 1 statistical errors due to multiple electrodes/hypothesis, we used a version of the Descriptive Data Analysis 
(DDA) protocol37 adapted for neurophysiological data38,66. This procedure tests the global null hypothesis (“all 
individual null hypotheses in the respective region are true”) at level 0.05, against the alternative that at least 
one of the null hypotheses is wrong. DDA considers the intercorrelations between the different electrodes and is 
based on defining Rüger’s areas67, which are sets of spatially contingent conventionally (descriptively) significant 
(p < 0.05) results. The global significance of the Rüger area means that at least 1/3 of the descriptive significances 
are significant at a p = 0.05/3 = 0.017 and/or 1/2 of the descriptive significances are significant at p = 0.05/2 = 0.025. 
We used both criteria simultaneously (the “and” operator) in this study. In order to obtain a better localization 
of regions with significant correlations, associations between NREM sleep EEG spindle frequency whitened 
spectral peak amplitudes and IQ were represented by significant probability maps68.

Ethical statements.  We confirm that we have read the Journal’s position on issues involved in ethical pub-
lication and affirm that this report is consistent with those guidelines.
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Data availability
All corrected power spectral data, as well as the fitted parameters and the program code used are available at 
https​://osf.io/c487g​/.
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Overnight dynamics in scale‑free 
and oscillatory spectral parameters 
of NREM sleep EEG
Csenge G. Horváth1*, Orsolya Szalárdy1,2, Péter P. Ujma1, Péter Simor3,4, Ferenc Gombos5,6, 
Ilona Kovács6, Martin Dresler7 & Róbert Bódizs1

Unfolding the overnight dynamics in human sleep features plays a pivotal role in understanding 
sleep regulation. Studies revealed the complex reorganization of the frequency composition of sleep 
electroencephalogram (EEG) during the course of sleep, however the scale-free and the oscillatory 
measures remained undistinguished and improperly characterized before. By focusing on the first 
four non-rapid eye movement (NREM) periods of night sleep records of 251 healthy human subjects 
(4–69 years), here we reveal the flattening of spectral slopes and decrease in several measures of the 
spectral intercepts during consecutive sleep cycles. Slopes and intercepts are significant predictors 
of slow wave activity (SWA), the gold standard measure of sleep intensity. The overnight increase in 
spectral peak sizes (amplitudes relative to scale-free spectra) in the broad sigma range is paralleled 
by a U-shaped time course of peak frequencies in frontopolar regions. Although, the set of spectral 
indices analyzed herein reproduce known age- and sex-effects, the interindividual variability in 
spectral slope steepness is lower as compared to the variability in SWA. Findings indicate that distinct 
scale-free and oscillatory measures of sleep EEG could provide composite measures of sleep dynamics 
with low redundancy, potentially affording new insights into sleep regulatory processes in future 
studies.

The dynamics of NREM sleep EEG spectral features over consecutive sleep cycles is of crucial importance 
in understanding the regulation and the function of sleep1,2, as well as in revealing the physiological bases of 
insomnia3 and major depressive disorder4. The well-known physiological marker of sleep intensity, the slow 
wave activity (SWA, power in the 0.75–4.5 Hz range) of sleep EEG was shown to decrease exponentially in 
consecutive sleep cycles5,6 reflecting overall sleep–wake history7. Furthermore, much less emphasized observa-
tions suggest that in contrast to SWA, the power in several spectral bins of the sleep spindle frequency range 
increases across sleep cycles, whereas beta activity remains nearly stable over consecutive NREM periods1. In 
addition, the time course of gamma EEG activity is characterized by slight overnight increase8, whereas both 
beta and gamma frequency EEG activity in NREM sleep are attenuated after periods of extended wakefulness9. 
Last, but not least, both the occurrence rates and the amplitudes of slow and fast sleep spindles were character-
ized by changing dominance (overnight decreases and increases for slow and fast sleep spindles, respectively), 
whereas frequencies were shown to follow a U-shaped overnight distribution over consecutive sleep cycles, with 
decelerations of 0.1 Hz during the middle part of the sleep period for both sleep spindle types10. These findings 
indicate that the overnight dynamics of NREM sleep EEG is a complex and multi-faceted process, involving 
a broad range of frequencies of the spectrum, but these constituents are not yet fully unraveled at the current 
stage of knowledge in the field.

Prior research generally confirms that neurophysiological signals comprise a rhythmic oscillatory-, and an 
arrhythmic (or aperiodic) activity. Thanks to its special statistical property the scalp electroencephalogram 
(EEG) spectrum follows a power-law distribution11,12, thus, there is a linear relationship between the logarithm 
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of amplitude and the logarithm of frequency13. This 1/f relationship is the aperiodic component of the signal 
due to the self-evident scale-free being of the power-law functions. Namely, such a scale-invariant nature sug-
gests that no specific frequency dominates the signal, rather, the spectral slope reflects the overall frequency 
composition within the time series. The oscillatory part of the power spectrum is shown as upward deflections 
in specific frequency bands.

Analysing pre-defined oscillatory bands contains several possibilities for biases due to the so-called 
“researcher degrees of freedom”14. That is why the parametrization of neural power spectra has gained much 
importance in recent years15. Former reports on the aperiodic, 1/f-type measures of EEG suggest that depth 
of sleep or sleep intensity could indeed be reflected by the spectral slope (or exponent) of the signal. Findings 
which support this assumption were reported in studies revealing the sensitivity of EEG and electrocorticogram 
(ECoG) spectral slopes in discriminating wakefulness from states of reduced arousal including NREM and REM 
sleep, as well as general anesthesia or unconsciousness16,17. Furthermore, increasingly negatively sloped EEG 
and ECoG power spectra were reported from wakefulness through REM and N2 to N3 sleep states11,18,19. Last, 
but not least modelling studies indicate that spectral slopes of neural time series data reflect the ratio of inhibi-
tion over excitation in the underlying neural tissue, where increased inhibition associates with steeper slopes20. 
However, none of the above studies explicitly focused on across sleep cycle (or overnight) dynamics of spectral 
slopes, which is of crucial importance in depicting the regulatory aspects of sleep. Moreover, no former study 
analyzing 1/f-type activity characterized the dynamics of other parameters of the NREM sleep EEG spectra, 
namely the intercept (or amplitude multiplier) and the parameters of the major spectral peaks (peak power and 
peak frequency). Here we suggest that an appropriate separation of the rhythmic and aperiodic components of 
non-rapid eye movement (NREM) sleep EEG activity may provide feasible and non-redundant indicators of 
known across sleep cycle dynamics hypothetically linked to sleep regulatory processes.

Moreover, it was found that interindividual differences in slow wave sleep (SWS) and in quantitatively evalu-
ated delta power in the NREM sleep are considerable, exceeding the effect sizes attributable to sleep–wake 
history21,22. The striking interindividual variability of healthy subjects lead several researchers to the conclusion 
that available laboratory measures of sleep are inappropriate for the construction of reference values23 or for 
defining "normal" sleep24, reducing the sensitivity and specificity of clinical tests based on sleep parameters22. 
This means that despite its importance in sleep medicine and research, it is nearly impossible to give an exact 
metric as a standard for the measurement of overnight sleep dynamics and intensity. In order to provide a more 
comprehensive picture of across sleep cycle dynamics here we test the spectral slope and peak parameters in terms 
of overnight changes and associations with SWA. The set of parameters analyzed in our report were found to be 
composite, non-redundant and efficient in characterizing known age- sex- and cognitive correlates of sleep14. 
Here we test the feasibility of describing overnight sleep dynamics by this set of parameters, assuming that we will 
encounter a lower interindividual variability, hence, opening the way to define reference values for healthy sleep 
cycle dynamics. In order to facilitate the reliance on reference values we publish detailed descriptive statistics of 
our dataset, which might help other researchers in circumscribing the range of healthy sleep in future studies.

We used the method from our earlier publication14 to obtain the slope and the most prominent peak of the 
Fourier spectrum, that is, to distinct the periodic and aperiodic part of the NREM sleep EEG activity. In this, we 
proposed that there is a need to include a peak power function in the power law formula as follows:

where, P is power as a function of frequency, PPeak is the peak power at frequency f (PPeak (f) = 1 if there is no 
peak and larger if there is), C is the intercept (a constant) which expresses the frequency-independent EEG 
amplitude, and α is the spectral slope (spectral exponent; negative number). The latter was associated with sleep 
depth and arousal level17,18. As in our previous work, we define fmaxPeak as the frequency at which PPeak reaches 
its maximum level.

Based on previously published and above cited findings, our main hypotheses are the following:

–	 The spectral slope (α) and peak amplitude (the maxima of PPeak) increase during successive NREM periods 
(indicating flattening spectra and increasing oscillatory spindle activities, respectively).

–	 Spectral slope correlates negatively with SWA, the gold-standard measure of sleep intensity.
–	 The fmaxPeak values (i.e. the frequency of the largest peak in the spindle range) in the frontopolar and parieto-

occipital regions are characterized by a U-shaped distribution across consecutive sleep cycles (reflecting the 
overnight dynamics of slow and fast sleep spindle frequencies, respectively).

–	 fmaxPeak values in the central regions are characterized by a linear increase over the night (reflecting the chang-
ing dominance of fast over slow sleep spindles which are mixed in this region).

Results
The number of full sleep cycles were between 2 and 5 among participants (mean: 4.25). All subjects (N = 251) 
had at least two, 249 had at least three, 240 had four or more, and 75 had five complete sleep cycles. The last 
(5th) cycles were not included in the models because they would have reduced the sample size considerably. The 
main effect of hemisphere (left vs. right) was not significant in either of the models, so it was not investigated 
further (p > 0.05).

Goodness‑of‑fit in the separate sleep cycles.  As in our earlier publication14, the equidistant log–log 
plots of the NREM EEG power spectra were fitted with linear functions below 48 Hz, furthermore, these fit-
tings was performed with the exclusion of the 0–2 and the 6–18 Hz range to avoid spectral peaks such as slow 

(1)P(f ) = Cf αPPeak(f )
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oscillation and sleep spindles. The sample mean of slope and intercept values were − 2.71 (SD = 0.28) and 5.53 
(SD = 1.11) in cycle 1, − 2.61 (SD = 0.38) and 5.03 (SD = 1.01) in cycle 2, − 2.46 (SD = 0.68) and 4.65 (SD = 0.93) 
in cycle 3, − 2.398 (SD = 0.65) and 4.46 (SD = 0.88) in cycle 4, respectively. Goodness of fit of the linear model of 
the equidistant 2–6 and 18–48 Hz spectral data varied in the range of 0.9195–0.9998 in cycle 1, 0.9002–0.9998 
in cycle 2, 0.8938–0.9998 in cycle 3, 0.7686–0.9997 in cycle 4 across subjects and EEG recording locations. The 
square of the Fisher Z-transformed, averaged and back-transformed Pearson correlations between the fitted 
linear and the spectral data is R2 = 0.9844 (SD = 0.42).

Dynamics of slope and maximal peak amplitude throughout the night.  Sleep cycles 
(F(3,696) = 210.78, p < 0.001, N = 240), age groups (F(3,232) = 17.05, p < 0.001, Nchild = 30, Nteenager = 36, 
Ny.adult = 142, Nm.a.adult = 32; here, and throughout the text, the marks y.adult and m.a.adult refers to young adults 
and middle-aged adults, respectively) and region (F(4,928) = 211.14, p < 0.001, N = 240) had significant main 
effects on the slope of the spectrum: later cycles, older ages and more posterior regions predicted smaller absolute 
values of the spectral slope parameters. In addition these main effects interacted as follows: cycle × age groups 
(F(9,696) = 15, p < 0.0001), region × age groups (F(12,928) = 3.66, p < 0.0001), cycle × region (F(12,2784) = 51.92, 
p < 0.0001), indicating accelerated overnight slope changes in children as compared to adults, lack of striking 
regional differences in children, and regional differences in overnight dynamics, respectively. Post hoc test (see 
results in Table 2) revealed that slope values were significantly higher (smaller absolute value i.e., flatter slope) in 
each sleep cycle compared to the preceding ones in the young adult group (see an example in Fig. 1). However, in 
the children and teenager groups this significantly increasing effect throughout the night was evident just for the 
first three cycles. Only a trend appeared in the fourth cycles for this effect. Finally, in the middle-aged group, the 
increment of the spectral slope values was smaller during sleep which resulted in the lack of a significant differ-
ence between successive cycles (Fig. 2a). The differences between regions were significant in all cycles (Fig. 2b).

Amplitudes of the largest peaks were significantly affected by age group (F(3) = 11.93, p < 0.001, Nchild = 9, 
Nteenager = 33, Ny.adult = 125, Nm.a.adult = 22), cycle (F(3) = 78.45, p < 0.001, N = 189), and region (F(4) = 56.94, 
p < 0.001, N = 189). Effect of sex was not significant. Cycle × age group (F(9) = 3.65, p < 0.001), region × age 
group (F(12) = 8.67, p < 0.001), cycle × region (F(12) = 16.64, p < 0.001), indicating attenuated overnight spectral 
peak amplitude increase in middle-aged adult subjects, decreased peak amplitude in centro-posterior regions 
of children, faster overnight amplitude increase in posterior regions, respectively. Post hoc test of cycle × age 
group interaction revealed a significant increase in peak amplitudes throughout the 4 sleep cycles in the young 
adult group (Table 2).

Overnight dynamics of SWA and its correlation with the slope.  The same models were used to 
assess SWA at derivation F3. As SWA values are squared numbers, these data evidently do not meet the criteria 
of parametric statistical tests. Consequently, before running the statistical tests a logarithmic transformation was 
performed. Nonetheless, the original parameter is the one which is often used in the literature. That is why the 

Figure 1.   Example for cycle dynamics of spectral slopes and peak frequencies in a 20-year-old male subject in 
the right frontopolar EEG location (Fp2). C1, C2, C3, C4 reflects cycles 1–4, respectively. Note that slope values 
show a non-linear increase. Furthermore, the frequencies of the largest peak form a U-shape curve throughout 
the night, that is, in the middle of the night the peak frequencies are lower than in cycle 1 and 4.
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general linear model is reported here for both the classical SWA and for the logarithm of SWA (lnSWA). How-
ever, in the comparative estimations between the slope and SWA the log-transformed metric will be reported.

Cycle (N = 240; SWA: F(3,696) = 524.88, p < 0.001; lnSWA: F(3,696) = 858.84, p < 0.001), and age effect 
(Nchild = 30, Nteenager = 36, Ny.adult = 142, Nm.a.adult = 32; SWA: F(232,3) = 707.98, p < 0.001; lnSWA: F(232,3) = 58.68, 
p < 0.001), in addition, the interaction between them (SWA: F(9,696) = 153.85, p < 0.001; lnSWA: F(9,696) = 5.42, 
p < 0.001) was evident. Although a significant decrease in logarithmized SWA was evident in all age groups in 
all cycles according to the post hoc tests (p < 0.001), in case of the classical SWA this effect was only significant 
in the children and young adult group for the first three (p < 0.01), and in the teenager group for the first two 
cycles (p < 0.001). In the other cycles and in the middle-aged group the decreasing trend was not significant 
(p > 0.05) (Fig. 3).

In order to test whether spectral slope values and the natural logarithm of SWA index are overlapping con-
cepts Pearson correlation analyses were applied. Analyses were focused on the left frontal recording location (F3). 
Significant, negative, moderate to strong correlations were found in all cycles between the two metrics (Fig. 4) 
(Cycle 1: N = 251 r = − 0.73, p < 0.001; Cycle 2: N = 251 r = − 0.61, p < 0.001; Cycle 3: N = 249 r = − 0.56, p < 0.001; 
Cycle 4: N = 240 r = − 0.56, p < 0.001).

Interindividual differences in slope and SWA (/lnSWA) values.  Our main goal was to propose a 
sleep intensity index which varies less among people than the slow wave activity. Thus, we checked the amount 
of outliers as well as the coefficients of variation in these two metrics (slope values and SWA) at derivation F3 
(Fig. 5).

Figure 2.   NREM sleep EEG spectral slopes as functions of sleep cycles, age and recording sites. (a) 
Representation of cycle × age group interaction in spectral slope values. (b) Depiction of cycle × region × 
age group interaction in spectral slope values. Dots are group mean values, whereas vertical bars denote 95% 
confidence intervals.

Figure 3.   Cycle-by-cycle dynamics of slow wave activity. The left panel shows the common measure of slow 
wave activity in different age groups and sleep cycles. The natural logarithm of SWA is depicted in the right 
panel. Note that the decrement of lnSWA is nearly linear.
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In order to make the two measures (spectral slopes and lnSWA) comparable there was a need to rescale them 
according to a common absolute null point, which is a pre-requisite of assessing a relative standard deviation 
(coefficient of variation). As neither lnSWA nor the slope values were lower than − 4 we add 4 to both variables 
in all individual datapoints. Based on this rescaling we could calculate the coefficients of variation in both metrics 
which proved to be more than twice higher in the lnSWA as compared to the spectral slopes (Table 1).

Is there a cycle dynamic of the alternative intercepts?  Here we did not analyse the original inter-
cept considering its interdependency with the slope. The square of the Fisher Z-transformed, averaged and 
back-transformed Pearson correlations between the original intercept (lnC0 at ln f = 0, f = 1 Hz) and the spectral 
slope is: cycle 1: R2 = 0.69 (SD = 0.11), cycle 2: R2 = 0.61 (SD = 0.11), cycle 3: R2 = 0.54 (SD = 0.09), cycle 4: R
2 = 0.50 (SD = 0.06). However, cycle significantly affected both alternative intercepts:  lnC2.5 (F(3,696) = 339.9, 
p < 0.0001) and lnC2.6 (F(3,696) = 274.8, p < 0.0001). Post hoc test of cycle effect revealed a significant differ-
ence between all cycles with respect to lnC2.5 (N = 240, p < 0.001, MC1 = − 1.08, SE = 0.03; MC2 = − 1.32, SE = 0.03; 
MC3 = −  1.4, SE = 0.03; MC4 = −  1.43, SE = 0.03) as well with regard lnC2.6 (N = 240, p < 0.001, MC1 = −  1.35, 
SE = 0.03; MC2 = −  1.58, SE = 0.03; MC3 = −  1.65, SE = 0.03; MC4 = −  1.67, SE = 0.03). Due to the similar cycle 
dynamics of the two alternative intercepts we hypothesized that the two metrics are highly correlated. The square 
of the Fisher Z-transformed, averaged and back-transformed Pearson correlations between the two alterna-
tive intercepts in the 4 sleep cycles are: cycle 1: R2 = 0.99 (SD = 0.072), cycle 2: R2 = 0.99 (SD = 0.075), cycle 3: R
2 = 0.99 (SD = 0.083), cycle 4: R2 = 0.99 (SD = 0.077). Thus we used just lnC2.5 for further analyses. In addition 
to cycle, age groups (F(3,232) = 100.9, p < 0.0001), sex (F(1,232) = 9.6, p < 0.0001) and region (F(4,928) = 110.7, 
p < 0.0001) had significant main effects on lnC2.5. These effects reflect decreasing lnC2.5 across successive NREM 
periods, and age groups, as well as higher lnC2.5 in women as compared to men and in anterior as compared 
to posterior regions. Furthermore, significant interactions were evident for cycle × age groups (F(9,696) = 2.98, 
p = 0.002), region × age groups (F(12,928) = 4.96, p < 0.0001), region × sex (F(4,928) = 5.51, p = 0.0002), and cycle 
× region(F(12,2784) = 6.97, p < 0.0001, indicating increased lnC2.5 values in first cycle of children, increased 
lnC2.5 in the fronto-central regions of children, decreased lnC2.5 in posterior regions of men, lack of decreasing 
from cycle 3 to 4 in central and parietal regions compared to other regions, respectively.

Figure 4.   Scatterplots of the correlations between spectral slope value and lnSWA at the left frontal EEG 
location (F3).
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Can the classical measure of sleep intensity (SWA) be predicted by the spectral slope and 
alternative intercept?  As the alternative intercepts have shown a cyclic change, we were curious about 
how much the slope and the lnC2.5 contribute to the nature of SWA in different cycles.

A linear regression model was built to predict SWA from slope of the spectrum and lnC2.5 in all cycles (fitted 
regression model in cycle 1: SWA = − 4293.8–0.44*(slope) + 0.59*(lnC2.5); cycle 2: SWA = − 1165.1–0.39*(slope) + 
0.59*(lnC2.5); cycle 3: SWA = − 378.3–0.36*(slope) + 0.63*(lnC2.5); cycle 4: SWA = − 230.6–0.45*(slope) + 0.57*(ln
C2.5)). The model gave significant result in each case with both of the predictors having a significant contribution 
(cycle 1: R2 = 0.73, F(2,248) = 334.8, p < 0.0001; cycle 2: R2 = 0.60, F(2,248) = 187.7, p < 0,0001; cycle 3: R2 = 0.58, 
F(2,246) = 172.9, p < 0,0001; cycle 4: R2 = 0.51, F(2,237) = 123.3, p < 0.0001). The contribution of slope was lower 
than of lnC2.5 and it has a negative sign (decrease in lnSWA; cycle 1: β = − 0.44, p < 0.0001; cycle 2: β = − 0.39, 
p < 0.0001; cycle 3: β = − 0.36, p < 0.0001; cycle 4: β = − 0.45, p < 0.0001) while the alternative intercept contributed 
to the model with a positive sign (increase in lnSWA; cycle 1: β = 0.59, p < 0.0001; cycle 2: β = 0.59, p < 0.0001; 
cycle 3: β = 0.63, p < 0.0001; cycle 4: β = 0.57, p < 0.0001). Thus, the two predictors together explained about the 
73%, 60%, 58%, 51% of the variance in the 1st, 2nd, 3rd, 4th sleep cycles respectively.

Overnight change in the frequencies of the maximal peaks (fmaxPeak) in the spindle frequency 
range (9–18  Hz).  Frequencies of the maximal peaks were significantly affected by age (F(3,181) = 10.34, 

Figure 5.   Raincloud plot of NREM sleep EEG spectral slopes, SWA, and lnSWA in the first four sleep cycles. 
Note the skewness and/or bimodality of the distributions, as well as the increased number of outliers of SWA 
and lnSWA compared to slope values.

Table 1.   Descriptive statistics and coefficients of variation of NREM sleep EEG lnSWA and spectral slopes 
(left frontal recording location: F3).

Cycle Valid N Mean Minimum Maximum Std.Dev. Coef.Var.

ln SWA+4

1 251 10.65 8.98 13.12 0.81 7.64

2 251 9.68 7.63 12.05 0.81 8.38

3 249 8.85 6.15 11.32 0.84 9.46

4 240 8.18 1.77 10.18 0.91 11.11

slope+4

1 251 6.82 6.06 7.52 0.25 3.72

2 251 6.72 6.08 7.41 0.23 3.38

3 249 6.58 5.99 7.08 0.21 3.16

4 240 6.50 5.70 7.05 0.21 3.30
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Figure 6.   Cycle dynamics of the frequencies of the maximal peaks in the spindle range. Dots are group mean 
values, whereas vertical bars denote 95% confidence intervals.

Table 2.   Descriptive statistics and post-hoc test (unequal N HSD) results on the cycle dynamics of the 3 
spectral parameters. The table displays the difference between sleep cycles (C1, C2, C3, C4) in particular age 
groups and regions. M, mean; SE, standard error.

C1 vs. C2 p-value C2 vs. C3 p-value C3 vs. C4 p-value Mc1 SEc1 Mc2 SEc2 Mc3 SEc3 Mc4 SEc4

Slope

Children  < 0.0001  < 0.0001 0.644 − 3.10 0.037 − 2.83 0.038 − 2.57 0.036 − 2.50 0.036

Teenagers 0.034 0.012 0.452 − 2.69 0.034 − 2.58 0.035 − 2.46 0.033 − 2.38 0.032

Young adults  < 0.0001  < 0.0001 0.048 − 2.68 0.017 − 2.59 0.018 − 2.50 0.017 − 2.44 0.016

Middle-aged 1.000 0.052 0.591 − 2.57 0.036 − 2.54 0.038 − 2.43 0.035 − 2.35 0.035

Frontopolar  < 0.0001  < 0.0001  < 0.0001 − 2.76 0.017 − 2.67 0.018 − 2.50 0.017 − 2.40 0.017

Frontal  < 0.0001  < 0.0001  < 0.0001 − 2.84 0.017 − 2.74 0.017 − 2.57 0.016 − 2.48 0.016

Central  < 0.0001  < 0.0001  < 0.0001 − 2.82 0.017 − 2.70 0.017 − 2.55 0.016 − 2.48 0.017

Parietal  < 0.0001  < 0.0001  < 0.0001 − 2.76 0.017 − 2.61 0.017 − 2.47 0.016 − 2.41 0.016

Occipital  < 0.0001  < 0.0001  < 0.0001 − 2.61 0.018 − 2.47 0.018 − 2.35 0.018 − 2.32 0.017

Max peak frequency

Children 1.000 1.000 0.972 12.05 0.213 11.88 0.202 11.77 0.183 11.99 0.190

Teenagers 0.724 1.000 0.011 12.96 0.106 12.81 0.100 12.88 0.090 13.15 0.094

Young adults 0.834 0.303 0.010 12.88 0.054 12.81 0.051 12.91 0.046 13.05 0.048

Middle-aged 0.999 0.981 0.578 12.67 0.131 12.81 0.124 12.95 0.112 13.15 0.116

Frontopolar  < 0.0001 0.980  < 0.0001 11.85 0.100 11.67 0.110 11.66 0.090 12.04 0.090

Frontal 0.167 0.001  < 0.0001 11.95 0.110 12.06 0.100 12.23 0.100 12.48 0.090

Central 1.000 0.940 1.000 12.85 0.110 12.93 0.090 12.99 0.080 13.06 0.080

Parietal 0.043 1.000 0.930 13.23 0.080 13.11 0.080 13.12 0.070 13.24 0.070

Occipital 0.109 0.999 0.507 13.30 0.080 13.11 0.070 13.12 0.060 13.36 0.070

Max peak amplitude

Children 0.031 0.137 1.000 0.94 0.15 1.28 0.16 1.49 0.16 1.63 0.16

Teenagers  < 0.0001 0.073 0.999 1.67 0.07 1.92 0.08 2.07 0.08 2.13 0.08

Young adults  < 0.0001  < 0.0001 0.001 1.85 0.040 2.04 0.040 2.15 0.040 2.26 0.040

Middle-aged 1.000 0.973 1.000 1.60 0.090 1.67 0.100 1.76 0.100 1.77 0.100

Frontopolar 0.991  < 0.0001  < 0.0001 1.37 0.063 1.43 0.065 1.54 0.066 1.66 0.068

Frontal  < 0.0001  < 0.0001  < 0.0001 1.61 0.056 1.75 0.061 1.88 0.059 1.96 0.060

Central  < 0.0001  < 0.0001  < 0.0001 1.59 0.053 1.88 0.060 2.06 0.057 2.15 0.057

Parietal  < 0.0001  < 0.0001  < 0.0001 1.72 0.054 2.04 0.060 2.21 0.060 2.28 0.058

Occipital  < 0.0001  < 0.0001  < 0.0001 1.29 0.053 1.53 0.060 1.66 0.061 1.69 0.059
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p < 0.001, Nchild = 9, Nteenager = 33, Ny.adult = 125, Nm.a.adult = 22) sex (F(1,181) = 4.10, p = 0.044, Nmale = 104, 
Nfemale = 85), sleep cycles (F(3,543) = 11.65, p < 0.001, N = 189), and region (F(4,724) = 150.10, p < 0.001, N = 189). 
These effects indicate the already reported lower sleep spindle frequencies in children, adult males, earlier sleep 
cycles, and more anterior regions, respectively. Although fmaxPeak values formed a U-shape-like curve throughout 
the first 4 sleep cycles (Fig. 6), post hoc test revealed that the first 3 cycles were not significantly different from 
each other, whereas the fmaxPeak values in the 4th cycle were significantly higher than in the others. During the 
night, the overall frequency increase along the anterior–posterior axis was 1.53 Hz in the 1st, 1.59 Hz in the 2nd, 
1.5 Hz in the 3rd, and 1.14 Hz was in the 4th sleep cycle. The maximal value and location of the frequency shifts 
were also estimated in the different sleep cycles. Antero-posterior frequency shifts in adjacent (para)sagittal 
regions were tested by an adaptation of the Kullback–Leibler distance type measure involving surrogate control 
analyses25. Tests revealed striking divergences of empirically measured antero-posterior frequency shifts from 
the uniform distribution indicating largely non-continuous rostro-caudal changes in the frequencies of maximal 
spectral peaks (Z-values of the Kullback–Leibler distances were 64.69, 84.26, 80.97, and 61.77 for cycles 1, 2, 
3, and 4, respectively, p < 0.00001 for each cycle). In terms of descriptive statistics, we found that the maximal 
frequency shift has a dominant location in every cycle. In the first, second and fourth sleep cycles the central to 
frontal region was the location of the maximal frequency shift for most of the sample (54.2%, 50.6%, and 40.6%, 
respectively), whereas in the third cycle, the 45% of the subjects had their maximal frequency shift in the frontal 
to frontopolar region (Suppl. Table 1).

Significant interaction between sleep cycles × age groups was observed (F(9,543) = 2.38, p = 0.012). Post hoc 
test of cycle and age groups interaction revealed that fmaxPeak values in the fourth cycles of teenagers and young 
adults are higher than in the previous ones (Table 2). There was a trend for a U-shaped curve (higher first and 
fourth cycle, lower middle cycles) for all but the middle-aged adult group (Fig. 6). Effects of sleep cycles on 
maximal peak frequencies depended on electrode location (cycle × region: F(12,2172) = 5.34, p < 0.001). In the 
frontopolar regions the maximal peak frequencies in the second and third cycles were significantly lower than 
in the first and fourth (see also Fig. 1). In the parietal and occipital regions there was a trend for this effect, how-
ever, the peak frequencies in the frontal and central area did not show a U-shaped curve throughout the night 
(Table 2). Region and age groups significantly interacted in predicting spectral peak frequencies (F(12,724) = 9.51, 
p < 0.0001). That is, children had significantly lower peak frequencies in central, parietal and occipital regions 
than the other groups, whereas teenagers had higher frontopolar and frontal peak frequency values than middle 
aged adults in the same regions (Fig. 6; Suppl. Table 2, Suppl. Table 3).

Discussion
A precise description of the overnight dynamics of sleep EEG is essential for a better recognition of sleep charac-
teristics and for understanding the underlying processes. In this proof-of-concept study we focused on overnight 
dynamics of the parameters that describe the power law scaling of the NREM EEG spectrum based on the analysis 
of successive sleep cycles. Overall, we found that both aperiodic and periodic components of the Fourier spectra 
undergo remarkable overnight changes. Namely, the slope values increased (absolute values decreased) and the 
alternative intercepts decreased during the night, besides, the largest peak of the spectrum was characterized by 
continuously increasing amplitudes in consecutive NREM episodes, and decreased frequencies in the middle of 
the night in the frontopolar region (U-shape curve in consecutive sleep cycles). Our findings suggest that sleep 
intensity can be approached by the scale-free measure of frequency dependent decay rate of EEG power, that is 
by the spectral slope (in the log–log plane) or spectral exponent (in the linear coordinate system). However, the 
absolute value of the spectral slope (exponent) is not the only measure characterized by overnight decreasing 
dynamics, nor in predicting SWA, the gold standard measure of sleep intensity. The alternative intercept measure 
termed lnC2.5 is characterized by similar features. Furthermore, the maximal peak frequencies of the Fourier 
spectra decelerate in the 2. and 3. sleep cycles in the frontopolar, but not in the frontal and central regions. The 
latter regions might be characterized by the reorganization of the fast and slow spindles during the night.

The number of studies indicating that the power-law exponent of EEG spectra is a correlate of sleep depth, 
consciousness, and arousal increases steadily. Reduced conscious awareness (or arousal) was related to steeper 
spectral slopes in these studies16–18. Besides, in our former study14, we found that aging was associated with 
decreased steepness of the whole night NREM sleep EEG Fourier spectra. This finding coheres with the literature 
indicating decreased SWA26 and at the same time increased high frequency EEG activity27 in the aged. In the 
present study, we analyzed the cycle-to-cycle dynamics of spectral exponents, as well as SWA at derivation F3. 
In coherence with the above-mentioned reports, we found an overall age effect in spectral slopes (exponents), 
SWA and lnSWA. That is with aging, the absolute values of the NREM sleep EEG spectral slopes got smaller at 
all derivations and in all sleep cycles, whereas the well-known SWA reduction with the progression of age was 
also evident. A decrement in stage 3 or slow wave sleep, and in slow wave activity (for an overview see26) was 
often associated with the reduction of sleep depth in the elderly. Further similarities between the spectral slopes 
and SWA was seen in the cycle dynamics of the metrics. Regarding slope values an increasing trend (absolute 
values declining) can be seen in all age groups throughout the cycles and the opposite trends (because of the 
opposite sign) were seen in the cycle dynamics of SWA and lnSWA. Thus, increasing and decreasing spectral 
exponents and SWA in successive sleep cycle were significant in the whole sample, respectively. However, this 
cycle effect was not significant neither with respect to slopes nor in terms of SWA in the middle-aged group 
(Fig. 3, Table 2). That is, the increase of the slope values and decrease of SWA throughout the night was smaller 
in middle-aged as compared to younger subjects. This finding parallels earlier reports on the reduced decay rate 
of SWA in aged subjects and can be modelled by the assumed attenuation of sleep efficiency in the elderly28,29. 
Nevertheless, it seems that the slope of the Fourier spectrum behaves similar to the classical SWA. Not only 
with respect to their non-linear decay as sleep progresses, but also regarding age and their regional differences 
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along the fronto-posterior gradient. In the frontal and central regions, the slope was steeper than in the occipital 
region. It is known that delta waves have higher values over the frontal areas30. Furthermore, the two metrics 
highly correlated which fact alone suggest a convergent validity of the slope. In the light of former studies on sleep 
depth and spectral exponents and our findings on the spectral slopes in relation with age, cycle dynamics and 
regional differences, we can suggest that α can be a promising alternative indicator of sleep intensity. Although 
the reliability and trait-like nature of SWA is indisputable, the slope also has its own advantages. Firstly, this 
metric is normally distributed, which makes it “usable” in standard statistical models. Secondly, its variability 
between individuals is much smaller than the interindividual variability of the SWA, even if the log-normalized 
value of the SWA is considered. That is, the spectral slope is a less individual specific metric. One of the largest 
criticism in the literature with regard to SWA is its large interindividual variability which make impossible to 
set up a given reference point for healthy sleep22–24. Although slope values smooth down the individual trait 
effects of specific to the particular subjects as compared to SWA, yet it does not completely blur the fundamental 
individual differences (such as age or regional), thus it could provide a road toward setting up reference values 
of sleep intensity in later studies. If this assumption holds true, in the future, we could make difference between 
healthy and unhealthy sleep with the help of this metric, but less between two individuals with healthy sleep 
(which latter is one of the main advantage of the classical power values in general and SWA in particular). Hints 
for the reliability of this assumption were already published in a report indicating flattened spectral slopes in 
insomnia and sleep misperception subjects31. Of course, this idea needs further investigations including even 
larger datasets, protocols involving the experimental challenge of the sleep homeostat, and /or, measurements 
of the same subjects across time to reveal inter- and intraindividual differences more widely.

The overnight dynamics of the “slope-free” alternative intercepts were also tested. Results were similar to 
the ones reported for the spectral slopes in terms of cycle, age, and region effects. However, we found that these 
alternative intercepts are not independent from the slope if we parametrize the spectra in separate sleep cycles. 
Indeed, the regression models revealed that these intercepts and the spectral slopes are reliable predictors of 
SWA. A social isolation EEG study found reduction in broadband power as a result of isolation32, suggesting the 
neural origin and homeostatic relevance of the spectral intercept. However, for a better understanding of the 
role of broadband power/spectral intercept, as well as the dynamical change of the assumed slope-free intercept 
during the successive sleep cycles, future studies should explicitly focus on this phenomenon.

Maximal peak frequency values in the spindle frequency range (9–18 Hz) were hypothesized to show a 
U-shaped distribution over consecutive sleep cycles in the frontopolar and parieto-occipital regions. In a recent 
report10 we revealed that slow and fast sleep spindle frequencies display a U-shaped overnight dynamic, dampen-
ing with age and during daytime-sleep sleep spindles are faster than during the night. While our former study 
revealing the U-shaped overnight dynamics of sleep spindle frequencies was based on the Individual Adjustment 
Method (IAM)10, here we relied on the peak frequency of the whitened power spectra of NREM sleep EEG. 
Whitening means the removal of the power law trend of the spectra, a step implemented before peak detection 
in the current, but not in our former study based on the inflection points of the amplitude spectra of NREM 
sleep EEG. Further differences between our current spectral parametrization and former IAM-based study find 
its roots in the robust, overall mean frequencies used in the IAM, which contrast the EEG recording location-
specific approach in the present report. Last, but not least, IAM sleep spindle frequencies are categorized into 
slow and fast instances based on both frequency and topography, whereas this distinction is not inherent to the 
current approach during which we only focused on the EEG recording-specific maxima of the whitened power. 
Anyhow, the known sex33,34, age35,36, and region37 effects on sleep spindle frequencies were reproduced by this 
measure. Namely, women had higher, children had lower maximal peak frequencies than men and other age 
groups, respectively. Furthermore, maximal peak frequencies were lower in anterior as compared to posterior 
regions. That is, the frequency of the largest peak is roughly corresponding to the sleep spindle frequency. In the 
present report we found a significant U-shaped curve dynamic of maximal oscillatory peak frequency in the fron-
topolar region. However, in the frontal and central regions the maximal peak frequencies did not show U-shaped 
curve during the night. This phenomenon can be due to the changing predominance of slow and fast spindles in 
consecutive sleep cycles. Fast spindle frequency activity was found to increase during the night, but at the same 
time a decrease in slow frequency spindling activity was also reported37,38. Indeed, in the present study we found 
that the amplitude of the largest peaks increased in consecutive sleep cycles. As the regional differences between 
the fast and slow spindle frequencies are powerful and there is a well-known spindle activity growing during 
the night, it is possible that we see the blurring of the two types of spindles moving towards the central regions. 
Indeed, in the first two cycles, the dominant location of the maximal frequency shift was the central-to-frontal 
area in the sample. For the third cycle, this maximal frequency shift moved forward to the frontal-to frontopolar 
region. This phenomenon can be due to the increase of the fast spindle dominance. However, although in the 
4th cycle the maximal frequency shift was occurred again in the central-to-frontal area in most of the subjects 
(~ 40% of the sample), the difference between the percentage distribution regarding the most and second most 
dominant location of the maximal frequency shifts getting smaller as the cycles progressed (see Suppl. Table 1). 
That is, there is an obvious central-to-frontal predominance of the maximal frequency shift in the first cycle but 
nearly-equal dominances in the 4th cycle regarding central-to-frontal and frontal-to-frontopolar areas. Thus, we 
suggest that the cycle dynamic of the maximal peak frequencies is contaminated by nocturnal reorganization of 
the fast and slow spindles in these regions.

There is a lack of and a desperate need for a set of reliable, standardisable polysomnography markers suitable 
for the assessment of sleep regulation and quality. Such EEG indicators would reduce the complicatedness and 
arbitrariness of measuring healthy sleep in the related fields of research and medicine. With the present report, we 
aimed to describe the overnight dynamics of both periodic and aperiodic components of the NREM EEG power 
spectra. We would like to draw attention to the possibility that these nocturnal patterns may reveal important 
information on assumed sleep regulatory processes, thus, the description of them is an essential initial step in 
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this field of research. However, there are some shortcomings of this study which need to be handled in the future. 
Firstly, the parametrization of the power spectra was only adapted to NREM sleep. It would be interesting to 
test the development of the spectral slope during the whole sleep in all states. Secondly, the frequency range of 
the linear fitting (2–48 Hz, excluding the 6–18 Hz frequency range) was chosen arbitrarily which can influence 
the results. In addition, it is known, that the amount and size of spectral peaks can be variable among people, 
thus considering only the most prominent spectral peaks (in the spindle range) could bias our results. There is 
a need for more precise extraction of the spindle frequency values from the parametrized power spectra and 
the comparison our results with other parametrization methods such as Fitting Oscillations & One-Over-F15 
or Irregular Resampling Auto-Spectral Analysis39. Finally, we think that future studies could reveal the role of 
these parameters in sleep regulatory mechanisms, for example by comparing them with gold standard sleep 
regulatory indicators (SWA, melatonin, core body temperature) in specific conditions (such as sleep depriva-
tion, sleep displacement).

Methods
Subjects.  For this retrospective study, second night records of the already published night-time polysom-
nography data were used from the Budapest-Munich database40 to avoid first night effect. Age ranges of the 251 
participants (122 females) were between 4 and 69 years with a mean of 25.13. Maximum of two cups of coffee 
were allowed before noon but alcohol consumption was restricted. Eight participants were light smokers, for 
them, smoking was not prohibited. All subjects were free of psychiatric or neurological disorders based on self-
reports. Ethics Committee of the Semmelweis University (Budapest, Hungary) or the Medical Faculty of the 
Ludwig Maximilians University (Munich, Germany) approved the research protocols, and the experiment was 
implemented in accordance with the Declaration of Helsinki. Every participant (or in case of underage, their 
parents/guardians) signed an informed consent about their attendance in the study.

Polysomnography.  The polysomnography included EEG derivations at Fp1, Fp2, F3, F4, C3, C4, P3, P4, 
O1, O2 and re-referenced to mathematically linked mastoids, (all of which were placed according to interna-
tional 10–20 system), furthermore, electromyography (EMG), electro-oculography (EOG) and electrocardiog-
raphy (ECG) were also used. The sampling frequency for the EEG was either 249 Hz, 250 Hz or 1024 Hz and the 
impedances for the electrodes were kept below 8 kΩ. After the scoring of the EEG records a 4-s based artefact 
removal was happened. Determination of sleep cycles was based on the criteria proposed by Aeschbach and 
Borbély1.

Power spectral analysis.  Artefact-free, 4 s epochs with 2 s overlap were Hanning-tapered, mixed-radix 
fast Fourier transformed, power spectra derived in μV2/0.25 Hz. Furthermore, EEG location-specific average 
power spectral density of the NREM (N2 and N3) periods of sleep cycles was calculated.

Definition of SWA.  Slow-wave activity was defined as the power spectral density of 0.75–4.5 Hz EEG activity 
(sum of the bin power values). Analysis was performed on the left frontal EEG recording location (F3) and aver-
aged in chunks of NREM (N2 and N3) periods of complete sleep cycles.

Spectrum parametrization.  The comprehensive description of the parametrization of the power spectra 
can be seen in our earlier publication14, here, the basic steps are summarized. The log–log scale of NREM (N2 
and N3) sleep EEG spectra was interpolated to equidistant bins of the smallest frequency step (piecewise cubic 
Hermite interpolation, 0.0052 Hz). To estimate the slope of the spectrum a linear function was fitted to the data 
but the frequency ranges below 2 and between 6 and 18 were excluded to avoid the non-random oscillatory 
parts. The peak detection was conducted in the 9–18 Hz frequency range, known as broad sigma range, search-
ing for local maxima and minima in mathematical terms. Thus, we used the first and second derivative to define 
critical points and differentiate maxima and minima, respectively. A spectral peak was detected and accepted if 
the first derivative was equal 0 and the second derivative was smaller than 0.

Statistical analysis.  The 251 subjects were organized in groups along age as in our earlier report40. The 
age ranges in the resulting four groups were the following: 4  years ≤ children < 10  years, N = 31, 15 females; 
10 years ≤ teenagers < 20 years, N = 36, 18 females; 20 years ≤ young adults < 40 years, N = 150, 75 females; and 
40 years ≤ middle-aged adults ≤ 69 years, N = 34, 14 females. All statistical analyses were carried out with Statis-
tica 13 software. We used general linear models to test our hypotheses. Age groups and sex were between-subject 
factors whereas sleep cycle, region (frontopolar, frontal, central, parietal, occipital) and hemisphere (left, right) 
serve as within-subject factors in the models. Second level interactions of the variables with significant main 
effects are considered herein. With respect to SWA, a logarithmic transformation was also applied. The values of 
SWA are squared numbers which do not meet the criteria of parametric statistical tests. Thus, in the comparison 
with the spectral slope we used the logarithm of the SWA values (lnSWA). Furthermore, as SWA was calculated 
only on the left frontal EEG location we did not include region and hemisphere as factors in the statistical models 
where we analysed SWA or lnSWA. In case of significant effects or interactions we used the Unequal N HSD post 
hoc test for further examinations.

The antero-posterior distributions of spectral peak frequencies were tested by the following procedure. 
First, we formed parasagittal regions by averaging peak frequency values in frontopolar (Fp1, Fp2), frontal 
(F3, F4), central (C3, C4), parietal (P3, P4), as well as occipital (O1, O2) recording locations. In the following, 
the regional means of spectral peak frequencies were serially subtracted in adjacent antero-posterior regions 



11

Vol.:(0123456789)

Scientific Reports |        (2022) 12:18409  | https://doi.org/10.1038/s41598-022-23033-y

www.nature.com/scientificreports/

as follows: frontal-frontopolar, central-frontal, parietal-central, occipital-parietal14. These successive frequency 
shifts were subjected to an analysis based on an adaptation of the Kullback–Leibler distance (KL distance)25 which 
is widely used in statistics for estimating the difference between two distributions. The mean frequency shifts 
were calculated for adjacent locations as 4 bins (frontal-frontopolar, central-frontal, parietal-central, occipital-
parietal) and normalized dividing each bin value by the sum over the bins, which defines the distribution P(x). 
The uniform distribution Q(x) was defined as the equal distribution over the four bins, 0.25. The KL distance 
were then calculated using the following formula: KL = sum(P(x)*log(P(x)/Q(x))). Specifically, we compared the 
empirical frequency shifts with the outcomes of a randomization based on 1000 iterations in each of the 4 sleep 
cycles separately. The observed KL values were then z-standardized to the shuffled values, where normalized 
z-values directly reflect p-values, Z-values of the Kullback–Leibler distances equal to 1.645 corresponds to the 5% 
p-value, and larger values reflect p < 0.05. We aimed to test if region-specific differences in peak frequencies form 
a uniform antero-posterior distribution with an equal probability of antero-posterior changes over all adjacent 
parasagittal regions (null hypothesis assuming continuous antero-posterior changes in peak frequencies) or the 
changes are non-continuous (assuming a differentiation between slow and fast types of sleep spindles based 
on non-continuous antero-posterior shifts). Furthermore, we provided a descriptive analysis on the dominant 
(maximal) frequency shift in each sleep cycle based on our former approach14.

Ethical statement.  We confirm that we have read the Journal’s position on issues involved in ethical pub-
lication and affirm that this report is consistent with those guidelines.

Data availability
All data generated or analysed during this study are included in this published article (and its Supplementary 
Information files). The datasets generated during and/or analysed during the current study are available in the 
OSF repository, https://​osf.​io/​q37w4/.
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Effect of sleep deprivation on fractal and oscillatory spectral measures of 
the sleep EEG: A window on basic regulatory processes

Csenge G․ Horváth * , Róbert Bódizs
Institute of Behavioural Sciences, Semmelweis University, Nagyvárad tér 4. 20th floor, Budapest H-1089, Hungary
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A B S T R A C T

Sleep is vital for sustaining life; therefore, reliable measurement of its regulatory processes is of significant 
importance in research and medicine. Here we examine the effect of extended wakefulness on the putative in
dicators of fundamental sleep regulatory processes (spectral slope and spindle frequency) proposed by the Fractal 
and Oscillatory Adjustment model of sleep regulation by involving a healthy young adult sample in a 35-hour 
long sleep deprivation protocol. Wearable headband EEG-derived results revealed that NREM sleep electroen
cephalogram (EEG) spectral slope estimated in the 2–48 Hz range is an accurate indicator of the predicted 
changes in sleep depth induced by sleep deprivation (steepened slopes in recovery sleep) or by the overnight 
dissipation of sleep pressure (flattening slopes during successive sleep cycles). While the baseline overnight 
dynamics of the center frequency of the sleep spindle oscillations followed a U-shaped curve, and the timing of its 
minimum (the presumed phase indicator) correlated with questionnaire-based chronotype metrics as predicted, a 
different picture emerged during recovery sleep. Advanced recovery sleep advanced the timing of the minima of 
the oscillatory spindle frequency, reduced considerably its relationship with chronotype, but retained partially its 
U-shaped overnight evolution. Overall, our study supports the use of the spectral slope of the sleep EEG as a 
homeostatic marker of wake-sleep regulation, in addition, encourages further research on the EEG-derived 
measure of the circadian rhythm, primarily focusing on its interaction with the homeostatic process.

1. Introduction

In the past few years, the characterization and appropriate parame
trization of the EEG Fourier power spectrum has gained increasing in
terest, as it became clear that besides the undeniable importance of 
neural oscillations, the aperiodic brain activity also carries substantial 
information on neural functioning. The same holds true for the field of 
sleep research, where nowadays -after the proper distinction of the pe
riodic and aperiodic part of the spectrum-, analyses of the aperiodic 
component came to the forefront.

The so-called spectral slope (or spectral exponent) describes the 
linear relationship between the logarithm of power and the logarithm of 
frequency which is due to the power-law distribution of the EEG spec
trum (Bódizs et al., 2021; Feinberg et al., 1984; Pritchard, 1992). In a 
recent paper of ours, we thoroughly reviewed the literature and came to 
the conclusion that results regarding the spatio-temporal and 
age-related variation of the sleep EEG spectrum are highly consistent 
with the assumption of the pivotal role of aperiodic activity in 
wake-sleep regulation (Bódizs et al., 2024). The EEG metrics of 

aperiodic activity were found to be a suitable indicators of consciousness 
and arousal (Colombo et al., 2019; Lendner et al., 2020; Waschke et al., 
2021; Zhang et al., 2023), as well as reliable measures in distinguishing 
between different brain states like resting and active wakefulness or 
between stages of sleep (Favaro et al., 2023; Höhn et al., 2024; Miskovic 
et al., 2019; Schneider et al., 2022). Additionally, we found that the 
temporal evolution of the spectral slope throughout the night depends 
on the preliminary amount of sleep, that is slope flattens as sleep pro
gresses (Horváth, et al., 2022), based on which it is a putative indicator 
of sleep-wake history. Hence, results of the literature support the 
assumption that EEG spectral slope could be a reliable marker of sleep 
homeostasis. To put it simply, sleep homeostasis refers somehow to the 
constancy of the sleep-wake dynamics. When one state overloads, the 
other has to recover so that the system can be stable again.

However, to maintain a balanced functioning within the context of 
ecologically definitive day-night cycles, the timing of sleep and wake is 
also an important factor. Formerly we proposed a putative sleep timing- 
related EEG measure derived from the oscillatory (periodic) activity 
emerging in the spindle frequency range (Bódizs et al., 2024). Sleep 
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spindles are major EEG graphoelements of the NREM sleep EEG 
composed by 0.5–3 s long trains of waves of 11–16 Hz frequency and 
characteristic biphasic amplitude evolution: progressive increase fol
lowed by gradual decrease. This type of oscillations is hypothesized to 
critically depend on the inhibitory projections of the thalamic reticular 
nucleus and reflect the hyperpolarization-rebound sequences of thala
mocortical cells. The spectral EEG signature of sleep spindle oscillations 
is known to contribute to the periodic component of the Fourier spectra 
in the form of spectral peaks at distinct frequencies (Bódizs et al., 2009; 
Fernandez and Lüthi, 2020). Former research indicate that sleep spindle 
frequency can convey information on sleep timing (Bódizs et al., 2022). 
Accordingly, spindle frequency was found to covariate with reliable 
circadian indicators, like core body temperature (correlation) and 
melatonin (anticorrelation) (Knoblauch et al., 2005; Wei et al., 1999), 
furthermore, the timing of the nadir of the spindle frequency (NSSF) 
associated with actigraphy-derived circadian phase index (Horváth and 
Bódizs, 2024). Time-of-day dependence of spindle frequency activity 
was proved directly with specific study designs targeting the separated 
analysis of circadian phase and sleep-wake history (Aeschbach et al., 
1997; Dijk, 1999). These studies found larger spindle activity at lower 
spindle frequencies during the night-time and this activity dominance 
transferred to higher frequencies towards daytime. Further indirect 
proofs of time-of-day-dependency are the results showing spindle fre
quency is higher during daytime as compared to night-time sleep (Bódizs 
et al., 2022; Rosinvil et al., 2015), and follows a U-shape curve during 
the night with the minimum around the middle of the sleep period 
potentially reflecting night time temperature drop-related oscillatory 
deceleration and/or direct melatoninergic effects (Bódizs et al., 2022; 
Csernai et al., 2019; Horváth, et al., 2022; Horváth and Bódizs, 2024).

The ground-breaking framework which considers the interaction of 
timing and sleep homeostasis as the foundations of sleep regulatory 
mechanisms is the two-process model of sleep regulation proposed by 
Alexander Borbély (1982). However, the original model relies only on 
the oscillatory activity of the brain, and no EEG indicator for the 
circadian process (that is for the timing) was suggested. In our recent 
work, we recommended a new, so-called Fractal and Oscillatory 
Adjustment Model by revising the two-process model (Bódizs et al., 
2024). In this work, we took into account the discovery that periodic and 
aperiodic components are two types of coexisting brain activity with 
equally important information content. Besides this model proposition, 
our aim was to support the assumptions that sleep homeostasis is reli
ably reflected by the spectral slope while circadian regulatory process 
can be indexed by the oscillatory frequency in the spindle band.

To validate the above assumptions, we implemented the recordings 
and analyses of baseline- and recovery sleep (BS and RS, respectively) of 
healthy young adults with the use of a sleep deprivation (and 
displacement) study design adapted from Dijk et al. (1990). Here we 
applied a 35-hour long home sleep deprivation protocol relying on 
wearable headband EEG devices, with chronotype-dependent BS bed
times. To our best knowledge this is the first report in which spectral 
slope and oscillatory spindle frequency were examined by experimental 
challenge of the homeostatic process (35-hours of sleep deprivation) and 
with a slight rescheduling of sleep with the aim of unravelling the 
circadian clock (RS period advanced by ~4.5 h). We parametrized the 
NREM EEG power spectra for every sleep cycle (NREM-REM periods), 
furthermore, we defined spindle frequency as the center frequency of the 
most prominent peak in the 9–16 Hz frequency range (CF) as indicated 
by the parametrization procedure. Both the effect of sleep deprivation 
and the overnight dynamics of spectral slope and CF were thoroughly 
analysed, and the following hypotheses were tested: 

A) The NREM sleep EEG spectral slope:

hyp 1. will be flatter in BS than in RS in the first 4 cycles of sleep 
(experimental challenge of the sleep homeostat results in 
increased sleep EEG spectral slope steepness)

hyp 2. will flatten during the night in both sleep condition (BS and RS) 
in parallel with the decrease of sleep pressure

hyp 3. values of the BS and RS conditions will differ to a greater extent 
in the first cycles, as compared to the last cycles of sleep due to 
the increased sleep pressure caused by the deprivation at the 
beginning of the night, as well as because of the concept of ho
meostasis assumes that a near-equilibrium state should return at 
the end of recovery sleep.

hyp 4. will be the steepest at the beginning of the night and this steepest 
slope will be flatter in BS than in RS. However, there will be no 
difference regarding minimal values (same explanation as for 
hyp 3) which are hypothesized to occur at the end of the night in 
both conditions.

B) Spindle center frequency (CF):

hyp 1. will develop differently during the first 4 cycles of sleep in BS 
compared to RS. CF will evolve according to a U-shaped curve 
(decelerate in 2nd or 3rd cycle) in the first 4 cycles of sleep in BS, 
but not in RS. We hypothesized this latter is caused by the 
advanced sleep schedule (sleeping period starts approximately 
4.5 hours earlier than the habitual bedtime of the participants), 
as well as because of the heightened number of sleep cycles in RS 
(the 4th cycle should fall around the middle of the night).

hyp 2. will follow a U-shape-like evolution (deceleration followed by 
acceleration) in both BS and RS, when the whole sleep period is 
considered.

hyp 3. values will not differ in the last and first cycles of the two nights
hyp 4. minima will appear around the same time in both nights, that is 

NSSF will not differ between conditions as it depends more on 
time-of-day. Furthermore, NSSF in BS (when the sleep schedule 
is regular) will occur around the middle of the sleep period.

Finally, for validation purposes we intended to replicate the SWA 
results of Dijk et al. (1990), (Dijk et al., 1990). Namely, elevated SWA in 
RS, SWA decrease in the first 3–4 sleep cycles and nearly uniform SWA 
levels in the later sleep cycles.

2. Methods

2.1. Sample

In this experimental study N = 46 healthy young adults participated 
in a 7-day long protocol involving actigraphy, headband-wearable 
recorded sleep EEG, and a 35 hour-long sleep deprivation followed by 
ad libitum recovery sleep. Due to poor quality EEG recordings or com
plete data loss the final sample consisted of N = 38 subjects (age range: 
18–39 years, mean age= 24.9, 19 females).

Participants were enrolled by a combination of convenience and 
snowball sampling procedures involving personal contacts and social 
media calls. All subjects were free of psychiatric or neurological disor
ders based on self-reports. In addition, the exclusion criteria of the study 
included the Hungarian version of Pittsburgh Sleep Quality Index 
(Takács et al., 2016) score over 5, Beck Depression Inventory (Beck 
et al., 1961) score over 12 (moderate and severe depression symptoms 
(Rózsa et al., 2001), alarm clock usage on free days, extreme circadian 
preference (MCTQ chronotype scores outside of the ±2 SD of reported 
values in young Hungarian subjects according to Haraszti et al. (2014)
and shift work, as well as reported acute and/or chronic medical di
agnoses or ongoing pharmacological treatments.

2.2. Study protocol

After the questionnaire-based testing of inclusion/exclusion criteria, 
enrolled participants had to wear a GENEActiv triaxial accelerometer 
(Activinsights, Cambridge, United Kingdom) for 7 days on their non- 
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dominant wrist. No instructions were given for the first 4 days except not 
to take off the actigraphy device for any activity. On the 5th day, par
ticipants had to go to the laboratory to learn how to use the mobile EEG 
device and to perform Mnemonic Similarity Test (Stark et al., 2013), 
N-back (Layden, 2018) and a perceptual inference paradigm (Pálffy 
et al., 2021). On this same evening (5th night of the experiment), sub
jects slept with the wearable EEG headband in their own home. During 
this BS EEG measurement, the bedtime was freely chosen by the par
ticipants thus, they could go to bed according to their own preferences. 
The use of an alarm clock was prohibited in both the mornings of 
headband-EEG-recorded sleep (BS and RS). After waking up from BS, the 
sleep deprivation part of the study began. Participants had to stay awake 
for 35 hours during which alcohol and any kind of stimulant con
sumption was prohibited with the exception of caffeine. Participants 
were allowed to consume as much coffee as they typically would in an 
average 24-hour day; however, caffeine intake was restricted to no more 
than the equivalent of 3 espresso shots during the entire sleep depriva
tion period. As it was an at-home examination, participants could freely 
choose their activities throughout the 35 hours of wakefulness, however, 
they had to have continuous contact with the experimenter (at least one 
report on their well-being and actual activity per hour via mobile phone 
messages) and complete questionnaires (sleepiness scales) at specified 
time points (in the 0th, 12th, 24th, and 35th hour of the sleep depri
vation). Moreover, in the 24th and 34th hour of sleep deprivation, ex
perimenters went to the participants’ homes to record the cognitive 
tasks and check their well-being and their adherence to the study pro
tocol in person. Overall, compliance with the study protocol was 
checked by verifying whether all hourly text messages were sent, and the 
questionnaires were completed at every given time points by the par
ticipants. Finally, compliance was confirmed through offline 
post-participation evaluation of actigraphy data if there were no in
dications of sleep during the 35-hour period. At the end of the sleep 
deprivation, the experimenter helped the subjects to put on the EEG 
headband and instructed them to turn off the lights and go to bed. This 
was the recovery night sleep EEG measurement. After waking up, par
ticipants’ last task was to fill out the sleepiness scales one more time, 
then the experiment ended. In the present study some of the question
naires (MCTQ, sleepiness scales) and the sleep EEG data were analysed.

National Public Health Centre Institutional Committee of Science 
and Research Ethics approved the research protocols, and the experi
ment was implemented in accordance with the Declaration of Helsinki. 
Every participant signed an informed consent about their attendance in 
the study.

2.3. Sleep EEG

Electroencephalography of sleep was recorded by Hypnodyne corp. 
Zmax EEG headband with sampling rate of 256 Hz at derivations F7-Fpz 
and F8-Fpz re-referenced to their common average. Manual sleep 
scoring and artefact removal was performed in 20 and 4 s epochs, 
respectively. Sleep recordings were divided into sleep cycles (successive 
NREM+REM episodes) and only NREM sleep was analysed in each cycle. 
Determination of sleep cycles was based on the modified Feinberg and 
Floyd criteria (Feinberg and Floyd, 1979) proposed by Jenni and Car
skadon (2004) with the consideration of skipped REMs in the first cycle 
of sleep. Manual artefact removal was followed by a power spectral 
density (PSD) analysis using the Welch method. The EEG signal was 
divided into 4-second epochs with 50 % overlap. A Hann window was 
applied to each epoch, and the Fast Fourier Transform (FFT) was 
computed for all NREM (N2 + N3) periods within each sleep cycle. 
Finally, the resulting spectral estimates were averaged across all 4-sec
ond epochs within each sleep cycle. For spectral calculations, the 
number of analysable epochs across individuals and sleep cycles ranged 
from 158 to 1442 epochs in BS (C1–C6), and 154 to 1448 epochs in RS 
(C1–C9). The mean number of artefact-free epochs during BS was 752.8 
in C1, 741.2, in C2, 786.3 in C3, 671.6 in C4, 547 in C5, 552.8 in C6. 

During RS, the mean was 759.8 in C1, 706.9 in C2, 793.6 in C3, 783.3 in 
C4, 814.7 in C5, 798 in C6, 682.8 in C7, 625 in C8, and 550 in C9.

2.3.1. Definition of SWA
SWA was calculated as the sum of the bin power values in the 

0.75–4.5 Hz EEG activity range of the averaged N2 & N3 episodes of 
complete sleep cycles.

2.3.2. Parametrization of the sleep EEG spectrum
The fitting oscillations and 1-over-f (FOOOF) method, developed by 

Donoghue et al. (2020), aims to parametrize the power spectrum into 
aperiodic and periodic components. The method can be described 
briefly with the following steps. First, it estimates and removes an 
approximated aperiodic component from the spectrum, thus creating a 
flattened version of the spectrum that highlights the spectral peaks. 
Then, Gaussians are iteratively fitted and subtracted to isolate the pe
riodic components. Periodic components are removed from the spec
trum, and the aperiodic part is re-fitted, then the combined version of 
the periodic and refitted aperiodic component can be used for further 
analyses.

To avoid over- or under fitting, the settings recommended by 
Schneider et al. (2022) was used in the present study. Fitting range was 
set to the 2–48 Hz frequency interval, the bandwidth of accepted peaks 
(peak width limit) was set to 0.7–3 Hz, the peak threshold was set to 1, 
aperiodic mode was set to ‘fixed’. No minimum peak height or maximum 
number of peaks was specified; in this case, the default settings were 
applied.

2.3.3. Definition of CF in the spindle frequency range
To define spindle frequency, we ranked the three largest peaks (ob

tained using the FOOOF method) based on amplitude. In the next step, 
among these three peaks, we identified the one with the highest 
amplitude that fell within the 9–16 Hz frequency range (representing the 
broad spindle frequency range). This method was applied to all spectra 
in all sleep cycles, and the resulting frequency was analysed as spindle 
frequency, referred to as (spindle) CF throughout the remainder of the 
present study. If none of the top three peaks fell within the spindle 
frequency range, the corresponding spectrum was considered to lack a 
spindle peak, and therefore no CF value was assigned.

2.4. Questionnaires

2.4.1. Munich chronotype questionnaire
MCTQ collects information on usual bed- and wake times, sleep la

tency and inertia, separately for working and free days. From these time 
points, the middle of the sleep periods is calculated. Finally, chronotype 
is given as the oversleeping adjusted sleep midpoint on the free days 
(MSFsc) (Roenneberg et al., 2003). In most cases, this variable was used 
as a continuous predictor. However, groups of the different chronotypes 
(early-, intermediate-, and evening types) were also calculated. A person 
was classified either early or evening types if their values fell outside the 
± 1 SD range (but within ±2 SD) and as intermediate if their MSFsc fell 
inside the ± 1 SD range of the mean of young Hungarian subjects re
ported by Haraszti et al. (2014).

2.4.2. Sleepiness scales
Sleepiness was measured by two scales at the above-mentioned time- 

points. Firstly, by using a simple likert-scale from 1 to 10 which was 
reported more sensitive to daytime dysfunction than other subjective 
rating scales (Riegel et al., 2013): participants were asked to rate their 
sleepiness level where 1 meant ‘not sleepy at all’ while 10 referred to 
‘very sleepy’. Secondly, with the widely-used Stanford Sleepiness Scale 
(Hoddes et al., 1973). The instrument consists of 7 phrases describing 
sleepiness, and participants are asked to choose the one which best in
dicates their current sleepiness level.
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2.5. Statistics

All statistical analyses were carried out using TIBCO Statistica soft
ware. Data examination was performed in multiple settings.

We were interested in the overnight dynamics of specific spectral 
EEG parameters during the two nights (BS and RS) separately, as well as 
in the comparison of BS vs. RS. Both research questions were analysed in 
two ways. Firstly, in a simplified manner where we strived for keeping 
the sample size as high as possible, thus, the number of analysable sleep 
cycles were limited (the first 4 cycles were examined). Furthermore, we 
grouped participants according to their number of sleep cycles, and 
evaluated the overnight dynamics in these groups separately. In this case 
the sample sizes were low in the groups, but we could assess the over
night dynamics for the total night of each participant who had complete 
recordings. As the cycle effect was hypothesized to be substantial, we 
considered a group analysable if its sample size was at least N = 7, 
consequently the BS groups with 3 and 7, furthermore, RS groups with 6 
and 10 sleep cycles had to be excluded as these consisted of a maximum 
of 3 participants. Finally, specific sleep cycles (at the beginning, the 
middle, and the end of the night sleep periods), as well as the sleep cycle 
numbers corresponding to the minimum and maximum values of the 
parameters were compared between the two nights.

Differences between variables and conditions were tested with the 
appropriate parametric statistical tests on normally distributed data: 
dependent sample t-test for two variable/condition comparison, 
Repeated Measures ANOVA where more than two variables/time-points 
were involved, General Linear models in case of multiple factors 
included. If the sample size was <10 (cycle group-wise analyses) or one 
of the variables included in the analysis had non-Gaussian distribution, 
non-parametric statistical version of the above-mentioned tests were 
used: Wilcoxon Matched pairs test, Friedman ANOVA. Except regarding 
SWA analyses, where logarithmic transformation of the data was per
formed in order to avoid statistical biases caused by the use of squared 
values in parametric statistical tests. In the descriptive statistics mean 
(m) and standard deviation (SD) are reported for data with normal 
distribution, and median (Mdn) with interquartile range (IQR=[lower 
border, upper border]) for non-normally distributed data. Test of 
normality was performed by Shapiro-Wilk W test for all variables. Ac
cording to its results, the following variables significantly deviated from 
a normal distribution: the number of sleep cycles in both BS and RS, the 
sleep cycle in which participants had their CF minimum in BS, slope in 
BS cycle 4 and RS cycle 7, both sleepiness scales at all time-points, the 
cycles which contain the BS and RS slope value minimum and 
maximum.

The threshold of significance was defined as p < 0.05 in all analyses, 
in addition, Bonferroni correction was applied with the appropriate 
significance level, where multiple comparisons were conducted.

3. Results

Out of the recordings of the 38 participants 3 in the baseline and 7 in 
the recovery nights were incomplete due to device failure (e.g. poor 
quality data, electrode contact problems, unexpected shutdown of the 
device). These recordings were not involved in the analyses which as
sume the total length of the nights (e.g. whole night dynamics, mini
mum/maximum values during the night, circadian analyses), but 
included in the cycle-based (sample mean) comparisons between BS and 
RS.

Participants stayed awake for Mdn=35.79 hours (~35 h. and 47 min; 
min-max range: 34.9–37.3) during the extended wakefulness period. 
This was estimated from the scored recordings of BS and RS (length of 
the period between the end of BS last sleep epoch and RS sleep initiation 
for participants whose BS recording was complete). The average sleep 
duration during the BS and RS conditions was mBS=7.9 (min-max: 
5.8–10.7) hours and mRS=12.2 (min-max: 9.7–14.74) hours, respec
tively, whereas the sample median of the number of sleep cycles 

increased from MdnBS=5 (min-max:3–7) to MdnRS=8 (min-max: 6–10) 
due to the experimental intervention involving sleep deprivation and RS 
phase advancement (analyses based on complete recordings).

The sample mean of MSFsc (MCTQ-based chronotype metric) was at 
04:34 (SD=1:16 hh:mm). In total, 7 early-, 15 intermediate-, and 16 
evening type (5, 6, 8 females respectively) subjects’ data were analysed. 
Participants slept according to their circadian timing in BS as the time of 
day at BS start (derived from the EEG recordings) strongly positively 
correlated with the MCTQ-based chronotype results (r = 0.61, p <
0.0001). However, the correlation between the questionnaire-derived 
chronotype and RS start times was weaker and non-significant (r =
0.3, p = 0.07; Fig. 1/A). Sleepiness level increased the most from 12th to 
the 24th hour of the sleep deprivation period according to both scales 
and reduced again after waking up from RS (Fig 1./B). The difference in 
sleepiness levels between successive time points is significant from the 
12th to the 24th hour (tlikert(37)=− 9.78, tSSS(37)=− 9.82, p < 0.0001) 
and from the 35th hour to RS wake (tlikert(37)=6.81, tSSS(37)=6.2, p <
0.0001).

3.1. EEG spectral slope

Effect of sleep deprivation was tested on the whole sample with 
General linear model using cycle and sleep condition (RS vs. BS) as 
within subject factors. Spectral slope was significantly steeper after sleep 
deprivation (F = 65.94, p < 0.0001) and flattened in the first 4 cycles of 
sleep (F = 98.25, p < 0.0001; Table 1), furthermore the condition ×
cycle interaction was also significant (F = 2.95, p = 0.037, Fig. 2.). 
Unequal N HSD posthoc test was conducted to examine whether suc
cessive sleep cycles differed from each other in terms of the EEG spectral 
slope values. Sample-level slope difference (Fig. 2.) was significant be
tween C2 vs. C3 (BS & RS: p < 0.001,) and C3 vs. C4 (BS: p = 0.02, RS: p 
< 0.001) in both conditions, but not between C1 vs. C2 (BS: p = 1.0, RS: 
p = 0.83).

In order to further analyse the overnight dynamics of the whole sleep 
period and the differences of BS and RS, group-level and cycle-specific 
analyses were conducted.

Cycle count-based group analyses showed that the cycle effect 
remained significant even if the whole sleep period was considered 
(Table 2; Fig.5.). To check whether successive sleep cycles differed from 
each other Wilcoxon matched-pairs test was carried out, followed by 
Bonferroni correction for multiple comparisons resulting in a signifi
cance levels set at p < 0.0125, p < 0.01, p < 0.008, p < 0.007, p <
0.00625, p < 0.00555 for 4, 5, 6, 7, 8, 9 comparisons, respectively. After 
the correction, no significant difference in BS spectral slopes of succes
sive cycles (e.g. cycle 1 vs. cycle 2, cycle 2 vs. cycle 3, …, cycle 6 vs. cycle 
7) was revealed (in none of the cycle count based groups). However, RS 
spectral slope differences remained significant in the 9-cycle group be
tween C2 and C3 (Z = 2.8, p = 0.0051).

Furthermore, we compared the parameter in the first and last cycle of 
the sleep periods (BS C1 vs. RS C1, BS Clast vs. RS Clast) as we hypothe
sized that the main difference will be at the beginning of the night. 
Indeed, in the first cycle of BS the slope was flatter than in RS (BS: m =
2.4, SD=0.1; RS: m = 2.63, SD=0.2, t(35)=− 6.6, p < 0.0001), whereas, 
slope values of the last cycles were not significantly different in the two 
conditions (BS: m = 2.06, SD=0.15; RS: m = 2.08, SD=0.14; t(29)=−

0.5, p = 0.62). As a next step, we defined the maximum and minimum 
slope values along with their corresponding sleep cycle numbers to 
support the assumption that the steepest and flattest values are at the 
beginning and at the end of the sleep period, respectively. Besides, we 
compared them between sleep conditions in order to test the hypothesis 
stating that the BS vs RS difference in slope maxima will be larger than 
the divergence in the minima. In BS, slope was the steepest in the first 
cycle of sleep for 16, in the 2nd cycle for 17, and in the 3rd for 2 subjects; 
in RS, 18 subjects had their steepest slope in the 1st sleep cycle, and 13 in 
the 2nd (remaining participants did not have complete recordings). 
Slope maximum was significantly steeper in RS (t(29)=− 9.5, p <
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0.0001), furthermore, BS and RS did not differ significantly in terms of 
which sleep cycle contained the steepest slope value (Z = 0.2, p = 0.23, 
BS: Mdn=2 (2nd cycle), IQR=[1,2]; RS: Mdn=1(1st cycle), IQR=[1,2]). 
Minimum slope values did not differ between BS and RS (t(29)=− 1.2, p 
= 0.24), moreover, the cycle number of the last cycles significantly 
differed from the cycle number in which the minimum values (flattest 
slopes) occurred, that is flattest slope did not always fall in the last sleep 
cycle of the night (BS: Z = 4.2, p < 0.0001, cycle index of Clast: Mdn=5, 
IQR=[5, 6], cycle index of Cmin: Mdn=4.5, IQR=[3, 5]; RS: Z = 3.9, p <
0.0001, cycle index of Clast: Mdn=8, IQR=[7, 9], cycle index of Cmin: 
Mdn=7, IQR=[6, 8]).

3.2. Slow wave activity

Both the effect of sleep deprivation and sleep cycles were significant 
on lnSWA according to the General Linear Model applied to the first 4 
cycles of the two sleep conditions (BS/RS: F(1,32)=22.23, p < 0.001, 
cycle: F(3,96)=80.1, p < 0.001; Fig. 2.). Condition × cycle interaction 
was not significant (F(3,96)=2.17, p = 0.096). Similar to the spectral 
slope results, sample-level lnSWA difference was significant between C2 
vs. C3 (BS & RS: p < 0.001,) and C3 vs. C4 (BS: p = 0.05, RS: p = 0.002) 

in both conditions, but not between C1 vs. C2 (BS & RS: p = 0.99). Cycle 
count-based group analyses revealed significant cycle effects even if the 
whole sleep period was considered (Table 2). However, there were no 
significant difference between successive sleep cycles according to the 
Bonferroni corrected Wilcoxon matched-pairs test results in none of the 
cycle-count based groups, except in RS 9-cycle group where C3 vs. C4 (Z 
= 2.8, p = 0.0051), and in BS 6-cycle group where C2 vs. C3 (Z = 2.67, p 
= 0.0076) differences remained significant after the correction. Finally, 
as hypothesized, lnSWA was significantly higher in the first cycle of RS 
(m = 4.8, SD=0.51) than in BS C1 (m = 4.5, SD=0.5) (t(37)=− 3.6, p <
0.001), but returned to similar levels for the last cycle of sleep in both 
nights (Fig. 3. BS Clast:m = 3.1, SD=0.6, vs. RS Clast: m = 2.9, SD=0.5; t 
(29)=1.13, p = 0.27, m = 2.9, SD=0.5).

3.3. Spindle frequency

General Linear Model applied to the first 4 cycle of the whole sample 
with condition (BS/RS) and cycle as within subject factors, revealed 
that, only cycle affected significantly CF (BS/RS: F(1,27)=3.13, p = 0.1, 
cycle: F(3,81)=3.27, p = 0.025). The interaction was not significant.

Similar to the approach used for spectral slope analyses, further 
details on the overnight dynamics of the total night in the separate cycle 
count-based groups, as well as CF similarities/differences of the two 
sleep conditions were analysed.

Cycle effect in CF was significant in all groups except the 4-cycle 
group in BS and 7-cycle group in RS (Fig. 5., see descriptive statistics 
in Table 3). However, as we hypothesized that CF will decelerate around 
the middle of the night sleep period, we conducted sample-level com
parisons between the middle- and first-, as well as between the middle- 
and last sleep cycles’ CF values using dependent sample t-test with 
Bonferroni correction for multiple comparisons, resulting in a signifi
cance level set at p < 0.025 for the 2 comparisons. Where the maximum 

Fig. 1. Subjective chronotype and sleepiness along with the expected sleep pressure and circadian time according to the two-process model of sleep regulation. A) 
Correlation between the MCTQ chronotype indicator (MSFsc) and actual bedtimes of BS and RS. B) Schematic representation of the expected behaviour of the two 
sleep regulatory processes (top) and the actual development of sleepiness according to the Likert scale (bottom) during the experiment. On the top, blue area in
dicates the approximate time duration of the sleep periods, while the black and light-grey lines demonstrate the homeostatic sleep pressure due to the intervention, 
and under normal circumstances without sleep deprivation, respectively (note the heightened sleep pressure due to the extended wakefulness). On the bottom, the 
graph displays the sample means with 95 % confidence intervals of sleepiness levels at different time points during the wakefulness.

Table 1 
Sample means and standard deviation of slope values in the first four sleep 
cycles.

baseline recovery

cycle N Mean SD N Mean SD

1 36 2.402602 0.126357 38 2.625733 0.214957
2 36 2.388576 0.170833 36 2.615997 0.199933
3 37 2.218177 0.205926 34 2.410661 0.189354
4 36 2.100263 0.179556 33 2.247819 0.129501
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cycle count was an even number, average of the two middle cycles was 
considered as the middle of sleep. In the middle of the sleep period CF 
was significantly slower than in the last sleep cycle in both conditions 
(BS: Cmiddle [m = 11.85, SD=0.7] vs. Clast [m = 12.25, SD=0.7]: t(34)=−

3.8, p < 0.001; RS: Cmiddle [m = 11.8, SD=0.66] vs. Clast [m = 12.31, 
SD=0.6]: t(30)=− 5.3, p < 0.0001), however, sleep middle CFs did not 
differ significantly from CFs of the first sleep cycles (BS: Cfirst [m = 12.03, 
SD=0.6] vs. Cmiddle: t(32)=1.86, p = 0.07; RS: Cfirst [m = 11.93, SD=0.7] 
vs. Cmiddle: t(28)=1.04, p = 0.31). Furthermore, we compared last and 
first CF values in the sample to test whether the beginning and the end of 
sleep is similar regarding spindle CF. Last cycle CFs were significantly 
faster than first cycle CFs in both condition (BS: t(33)=− 3.8, p < 0.001; 
RS: t(28)=− 4.2, p < 0.001).

In line with our hypothesis we found no significant CF difference in 
the last and first cycles of sleep between BS and RS (Clast: t(29)=0.12, p =
0.91, Cfirst: t(32)=0.89, p = 0.38). Additionally, we calculated the mid
dle time of the sleep cycle which contains the slowest CF value (NSSF). 
First, we tested whether NSSF reflects the subjectively measured chro
notype (MCTQ MSFsc and the created chronotype groups). According to 
the results of One-Way ANOVA, there is a difference in BS NSSF among 
the different chronotype groups (F(2)=3.81, p = 0.03, mearly=2:18, 
SD=2:34, minterm=3:04, SD=2:15, mlate=4:45, SD=1:44 hh:mm), but no 
difference can be captured when the RS NSSF is tested (F(2)=1.08, p =
0.4, mearly=23:07, SD=1:14, minterm=00:59, SD=2:08, mlate=0:56, 
SD=3:17 hh:mm; Fig.4.), which latter result was supported by the 
correlational findings showing a strong positive correlation between BS 

Fig. 2. Spectral slopes of the NREM sleep EEG during the first four sleep cycles of the baseline and the recovery nights. Upper panel shows the spectrum of the first 
cycle of sleep for BS (black) and RS (orange), as well as the fitted aperiodic components with dashed lines in a 24-year-old male participant. Violin plots (left side of 
the lower panel) depict the distribution of the maximal and minimal slope values, whereas inner boxplots show the difference between sleep conditions: while 
maximum slope values got larger due to the sleep deprivation, slope minima returned to approximately the same level in the two conditions. Middle and right panels 
show the sample means and 95 % confidence interval of slope values and lnSWA, respectively, in the first 4 cycle of sleep in BS and RS. At the beginning of the sleep 
RS as compared to BS Spectral slopes and lnSWA are steeper and larger, respectively.

Table 2 
Overnight cycle effect of slope, CF and lnSWA in the separate cycle count-based groups. Friedman ANOVA revealed significant or marginally significant cycle effect in 
all groups except with regards CF in the BSC4 group.

Groups defined by maximum cycle count Sample size Slope CF lnSWA

​ N (N for CF) χ2 p χ2 p χ2 p
BSC4 7 (6) 7.3 0.06 1.8 0.61 14.7 0.002
BSC5 12 (10) 33.33 <0.0001 13.5 0.009 24.87 <0.001
BSC6 11 37.13 <0.0001 23.94 0.0002 37.96 <0.0001
ReSC7 8 (7) 41.3 <0.0001 11.51 0.07 42.5 <0.0001
ReSC8 8 (7) 47.54 <0.0001 22.86 0.002 42.5 <0.0001
ReSC9 10 60.27 <0.0001 34.24 <0.0001 61.1 <0.0001
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Fig. 3. NREM sleep EEG SWA and spectral slope values in successive sleep cycles. Sample means and 95 % confidence intervals are displayed in accordance with the 
phase advanced RS as compared to regularly timed BS (phase shift: approximately 3 sleep cycles).

Table 3 
Sample sizes, medians and interquartile ranges of CF values in the different cycle count-based groups.

Cycle N Mdn IQR:25 % IQR:75 % N Mdn IQR:25 % IQR:75 % N Mdn IQR:25 % IQR:75 %

​ BSC4 BSC5 BSC6
1 7 12.20 11.26 12.47 11 12.01 11.74 12.39 11 11.76 11.57 12.31
2 6 11.92 10.98 12.28 10 11.93 11.68 12.32 11 11.78 11.33 12.25
3 6 11.99 11.15 12.24 12 11.95 11.38 12.35 11 11.74 11.41 12.24
4 7 12.29 10.96 12.53 12 12.27 11.79 12.61 11 11.84 11.53 12.29
5 ​ ​ ​ ​ 12 12.47 11.89 12.87 11 11.94 11.59 12.52
6 ​ ​ ​ ​ ​ ​ ​ ​ 11 12.11 11.74 12.67
7 ​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​
​ RSC7 RSC8 RSC9
1 8 11.69 11.33 12.08 7 12.22 11.64 12.46 10 11.95 11.62 12.38
2 7 11.53 11.37 12.19 7 11.93 11.89 12.22 10 11.60 11.34 12.29
3 7 11.50 11.29 12.03 7 11.78 11.60 12.17 10 11.88 11.62 12.14
4 8 11.89 11.06 12.34 8 11.72 11.25 12.09 10 12.06 11.49 12.11
5 8 11.65 11.10 12.18 8 11.87 11.65 12.62 10 11.85 11.23 12.22
6 8 11.92 11.28 12.38 8 12.08 11.80 12.64 10 12.05 11.11 12.73
7 8 12.06 11.57 12.52 8 12.44 11.88 12.99 10 12.00 11.59 12.38
8 ​ ​ ​ ​ 8 12.57 11.92 12.82 10 12.04 12.01 12.43
9 ​ ​ ​ ​ ​ ​ ​ ​ 10 12.31 11.87 12.60
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NSSF and MSFsc (r = 0.56, p < 0.0001), but no significant correlation 
between RS NSSF and MSFsc (r = 0.2, p = 0.28). In the next step, NSSF 
was compared between sleep conditions to prove hypothesis 8 stating 
that CF minima will appear around the same time on both nights. 
However, in contrast to our assumptions, NSSF developed significantly 
earlier in RS as compared to BS (t(28)=5.7, p < 0.0001, BS: m = 03:44, 
SD=2:14 hh:mm; RS: m = 00:40, SD=2:34 hh:mm). To examine this 
difference in more detail, we calculated the time of the middle of the 
sleep periods in BS and RS for every participant (with complete re
cordings) and compared it with NSSF values, following the intuition that 
as the minimum occurs around the middle of the sleep under normal 
circumstances, the cause of earlier RS NSSF could be attributed to its 

stronger association with the sleep midpoint, rather than with the time 
of day. Results indicated similar NSSF and sleep period middle times in 
BS (as reflected by the statistically similar means and the strong positive 
correlation between the two metrics: NSSF vs. Midsleep: Z = 0.97, p =
0.33, MdnNSSF=04:07, MdnMidsleep=03:47 hh:mm; Spearman R = 0.64, p 
< 0.0001), but not in RS (significant difference: NSSF vs. Midsleep: t 
(30)=3.2, p = 0.003, MdnNSSF=00:11, MdnMidsleep=01:46 hh:mm; 
nominally lower, but still significant correlation: r = 0.41, p = 0.02).

4. Discussion

The aim of the present study was to provide further evidence for the 

Fig. 4. Difference in the phase of the CF minima (NSSF) in RS and BS between MCTQ chronotype groups, and in CF values between sleep conditions. Subjectively 
measured chronotype is well reflected in the time of BS NSSF, but not in RS NSSF, additionally, NSSF times differ between sleep conditions (upper left panel). 
Distribution, and medians of CF in the first and last cycles of the sleep episodes are not different (violin/boxplot on the right). Lower panel represents the sample 
means and 95 % confidence intervals of CF in successive sleep cycles in both conditions and displays the shifted sleep period which was advanced by approximately 3 
sleep cycles.
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significance of NREM sleep EEG spectral parameters in estimating the 
fundamental processes of sleep regulation. In addition, we aimed to 
provide further advancement of the idea of home sleep recordings 
(Korkalainen et al., 2021) by setting up an experimental intervention 
(sleep deprivation) taking place in the subjects’ home and not in the 
laboratory. Firstly, NREM sleep EEG spectral slope changed along with 
changes in sleep pressure and evolved similar to lnSWA (homeostatic 
process): it got flatter in both sleep conditions in parallel with the 
diminishing sleep need during the night (while lnSWA decreased); 
moreover, it got steeper in RS just as sleep pressure is increased after 
sleep deprivation (while lnSWA was increased). These findings suggest 
that sleep homeostasis can indeed be studied by measuring the spectral 
slope of the wearable headband-recorded EEG in ecologically valid, 

home settings. Secondly, spindle CF deceleration in the middle of the 
sleep period was captured in BS (with minimal CF in the middle of the 
night) which resulted in a U-shaped curve-like overnight dynamics of 
this parameter. Nonetheless, although the evolution of CF in RS was the 
same (CF deceleration followed by an acceleration to or above the initial 
CF level), the timing of minimal CF (NSSF) was neither in the middle of 
the sleep period, nor at the same time as that in BS.

4.1. Aperiodic brain activity: an index of sleep homeostasis

Results of previous research works unanimously imply the brain 
state indexing role of spectral slope. Some of them emphasize its dis
tinguishing function between outwardly clearly distinct brain states 

Fig. 5. Overnight dynamics of slope values and CFs in the different cycle count-based groups. Means (open squares) and 95 % confidence intervals (vertical lines) can be 
seen in successive sleep cycles. NREM sleep EEG spectral slopes get flatter during the night, while CF follows a decreasing trend then starts to increase toward the end 
of the night.
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such as wakefulness and unconsciousness (Lendner et al., 2020). Others 
found proof on its fine-tuned discriminating ability within a specific 
brain state, like the distinction between “resting” and “working” awake 
brain (Höhn et al., 2024), as well as between sleep cycles (Rosenblum 
et al., 2022) or sleep stages (Schneider et al., 2022) in nocturnal EEG 
records. Our approach takes into account both these finer and larger 
scale findings and hypothesize that spectral slope can give an insight 
into the homeostatic process of sleep-wake regulation. Results of the 
present-, and our former study support this claim indirectly, as we found 
that spectral slope is behaving similar to the gold-standard measure of 
sleep homeostasis the slow wave activity (SWA) during the course of 
regular sleep periods. Both SWA reduction and slope flattening were 
revealed to correlate with age, with the progression of sleep during the 
night, and along the fronto-posterior gradient (Horváth, et al., 2022). In 
our previous reports we also discussed the advantages of slope over SWA 
(Bódizs et al., 2024; Horváth, et al., 2022), which is however not the 
scope of the present study.

Here we provide direct evidence for slope as a homeostatic marker 
using a total, 35-hour long sleep deprivation protocol. In line with the 
prior findings, spectral slope flattened during the night in the first 4 
cycles of sleep, and this cycle effect remained significant even when the 
whole sleep period was considered in the small-sample sized groups 
divided along the number of sleep cycles’ participants had.

Cycle-to-cycle decrease in slope steepness proved to be significant 
between C2 and C3, C3 and C4 in both BS and RS, when the first 4 cycles 
of the sample were analysed, furthermore, between C2 and C3 in the 9- 
cycle group in RS. These findings are analogous to the SWA-related re
sults of Dijk et al. (1990) reporting a similar study design with extended 
sleep after 36 hours of wakefulness. They found reduced SWA in 
consecutive sleep cycles over the first 3 cycles in BS, and over the first 5 
cycles in RS after which this canonical measure of sleep intensity 
reached a nearly constant level. Later cycles were not found to be 
significantly different in terms of SWA. We could replicate those findings 
as the tendency was the same regarding both spectral slope and lnSWA 
in all the cycle count based groups. It should be noted that no loga
rithmic-, neither Bonferroni correction was applied in the earlier report.

Comparing RS and BS, a significant condition effect and increased 
SWA in the first 2 cycles of RS was captured in the study of Dijk et al. 
(1990). When we compared slope values among conditions, we also 
found an overall effect of sleep deprivation. Slope was steeper after 
deprivation in the first 4 cycles of sleep, the maximum slope value 
indicated steeper slope in RS than in BS, however, slope minimum did 
not differ in the two conditions. This parallels earlier finding reporting a 
steady level to which SWA returns, and that early RS SWA exceeds that 
in BS (Aeschbach et al., 1997; Dijk et al., 1990). The maximum slope 
values occurred at the beginning of the sleep periods while the minima 
were found around the end of nights, however, in contrast to our as
sumptions, the steepest values were not exclusively present in the first 
cycle. In BS the distribution of first and second sleep cycle containing the 
steepest slope was almost 50–50 % in the sample, however, in RS this 
“balance” shifted towards the first cycle. A possible explanation for the 
lack of a significant difference between the first and the second NREM 
period in terms of EEG spectral slopes is the “first use effect” of the 
headband EEG device in BS, which could disturb the very beginning of 
sleep resulting in slightly flatter slopes in the first compared to the 
second sleep cycle.

Our finding on the increase of NREM sleep EEG spectral slope 
steepness following the challenge of the sleep homeostat induced by 
extended wakefulness is the first experimental evidence supporting the 
reliability of fractal spectra in indicating sleep intensity.

4.2. Oscillatory frequency in the spindle range

Oscillatory frequency of sleep spindles was suggested recently as an 
EEG-biomarker for circadian rhythm by the Fractal and Oscillatory 
Adjustment Model (Bódizs et al., 2024) of sleep regulation. This 

suggestion was based on several findings supporting time-of-day mod
ulation of spindles (Dijk et al., 1997), its association with validated 
circadian markers (Knoblauch et al., 2005; Wei et al., 1999), and its 
change during the lifespan (Bódizs et al., 2022; Purcell et al., 2017; Wei 
et al., 1999) in parallel with the age-related changes in circadian biology 
(Duffy et al., 2015; Roenneberg et al., 2004).

When the overnight dynamics in CF of the two nights were tested 
separately for complete recordings, the cycle effect was significant in 
most groups, but not when the first 4 cycle of the entire sample were 
analysed. This is logical considering the expected behaviour of CF mid- 
sleep deceleration and that more than half of the participants had >4 
sleep cycles already in BS (MdnBS=5 cycle). To capture mid-sleep 
deceleration of CF, a comparison of the first and last cycle with the 
middle cycle was conducted. CF was found to be significantly faster in 
the last cycles of sleep than in the middle, but there was only a tendency 
regarding first-to-middle cycle deceleration in both sleep conditions. 
Furthermore, when we compared first with last cycles separately in the 
two conditions, we found that last CF values were significantly faster 
than first ones. The pattern of CF development throughout the night 
indeed followed a U-shape, and the deceleration in the first half of the 
night is a consequent finding in earlier reports (Bódizs et al., 2022; 
Horváth, et al., 2022, also see the development in dominant frequency 
changes during the night in Aeschbach et al., 1997), but not always a 
statistically significant change. It is possible that spindle frequency 
peaks somewhere in the first half of the biological day, which is sup
ported by findings showing that spindle frequency is higher in daytime 
sleep compared to that occurring during night time (Knoblauch et al., 
2003, 2005; Rosinvil et al., 2015; Wei et al., 1999). On the other hand, it 
is also possible that the differences in the methods of spindle frequency 
definition resulted in discrepancies between former and current results. 
Although in our previous studies, we found that the largest peak of the 
spectrum in the 9 – 18 Hz range reliably reflects spindle activity as it 
shows the similar sex-, age-, topographical- and cognitive ability-related 
features as the ones formerly reported for sleep spindles (Bódizs et al., 
2021; Horváth, et al., 2022), the definition of CF was slightly different 
here than in our earlier studies as here we did not directly search for the 
largest peak across the broad sigma range. Instead, we ranked the first 
three peaks with the largest amplitudes and “chose” the (largest) one 
which fell within the 9–16 Hz frequency range. Furthermore, no direct 
sleep spindle detection procedure was implemented in our current 
study, whereas this was the case in our first study on spindle frequency 
dynamic during the night (Bódizs et al., 2022).

However, the long-term sleep deprivation might also have an impact 
on the partially inconsistent findings regarding RS in the present study. 
Although CF correspondence in the last and first cycles of the different 
sleep conditions was fulfilled, CF development in the first 4 cycles was 
not different between the sleep conditions. Furthermore, there were 
large discrepancies regarding the assumed phase-indicator, NSSF. On 
the one hand, we hypothesized that overnight CF trajectory will differ 
between conditions, as the bedtime was earlier, and as sleep period was 
longer for all participants in RS. Besides, we assumed that NSSF will be 
around the same time in the two nights suggesting a time-of-day de
pendency of this variable. However, the tendency of CF deceleration 
started already in the second cycle of sleep in RS (such as in BS), and 
NSSF occurred significantly earlier in RS than in BS. Furthermore, 
although BS NSSF was reflected in subjective chronotype, and occurred 
around the middle of the night, this was not true for NSSF in RS. One 
possible explanation can be the severity of the intervention. 35 hours of 
wakefulness challenges the homeostatic process to such extent that the 
regulation of circadian pacemaker may be overshadowed. Indeed, in 
their recent literature review, Franken and Dijk (2024) concluded that 
the two processes are much more entangled as compared to the basic 
assumption expressed in the original two process model. Furthermore, 
data on biomarkers of the circadian rhythm seems to support the above 
entanglement. The phase-advancing effect of morning bright light 
measured in terms of Dim Light Melatonin Onset (DLMO) indices was 
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found to be reduced after acute, short-time sleep deprivation (Burgess, 
2010), whereas a delayed acrophase of melatonin and suppressed 
BMAL1 gene expression after one night sleep deprivation was found 
(Ackermann et al., 2013). The circadian phase shifting effect of darkness 
was also reported (Buxton et al., 2000; Santhi et al., 2005). As in the 
present study a lights-off instruction was given to the participants at 
bedtime, early darkness in RS could advance the circadian phase of the 
participants, which could result in earlier NSSF. Besides, a study 
reporting electrical activity of the suprachiasmatic nucleus (SCN; the 
pacemaker of the circadian timing system) along with EEG revealed that 
neuronal activity of SCN depends on the vigilance state of the animal, for 
instance, NREM sleep is lowering it (Deboer et al., 2003). This finding 
supports the idea that earlier sleep window can modulate CF develop
ment even if it is primarily related to the circadian process (like 
SCN-activity). Given that CF-related variables in BS mostly behaved as 
expected, such as U-shape dynamics (mid-sleep deceleration), or the 
associations between subjectively measured chronotype and BS NSSF, 
we think that after all the advanced sleep protocol was rather a limita
tion of the time-of-day analyses in this study. Thus, further studies with 
the direct modulation of the circadian cycle, with the follow up of 
spindle frequency development in the whole 24-hour period are needed.

4.3. Limitations and overall conclusions

Overall, our findings corroborate the idea of Fractal and Oscillatory 
Adjustment Model, thus support the use of spectral slope as a homeo
static marker, and highly recommend further research on spindle fre
quency as a circadian phase indicator. Among the limitations we can 
mention the lack of adaptation night, and the advanced sleep protocol 
which latter contradicted our expectations regarding the time-of-day 
analyses as outlined above. However, despite further constraints such 
as the availability of frontolateral EEG recordings only, small group 
sizes, or limited age-range, results are clear regarding spectral slope as 
an indicator of sleep homeostasis, and promising about CF.
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Deboer, T., Vansteensel, M.J., Détári, L., Meijer, J.H., 2003. Sleep states alter activity of 
suprachiasmatic nucleus neurons. Nat. Neurosci. 6 (10), 1086–1090. https://doi. 
org/10.1038/nn1122.

Dijk, D.J., 1999. Circadian variation of EEG power spectra in NREM and REM sleep in 
humans: dissociation from body temperature. J. Sleep Res. 8 (3), 189–195. https:// 
doi.org/10.1046/j.1365-2869.1999.00159.x.

Dijk, D.J., Brunner, D.P., Borbély, A.A., 1990. Time course of EEG power density during 
long sleep in humans. Am. J. Physiol. Regul. Integrat. Comparat. Physiol. 258 (3), 
R650–R661. https://doi.org/10.1152/ajpregu.1990.258.3.r650.

Dijk, D.J., Shanahan, T.L., Duffy, J.F., Ronda, J.M., Czeisler, C.A., 1997. Variation of 
electroencephalographic activity during non-rapid eye movement and rapid eye 
movement sleep with phase of circadian melatonin rhythm in humans. J. Physiol. 
505 (3), 851–858. https://doi.org/10.1111/j.1469-7793.1997.851ba.x.

Donoghue, T., Haller, M., Peterson, E.J., Varma, P., Sebastian, P., Gao, R., Noto, T., 
Lara, A.H., Wallis, J.D., Knight, R.T., Shestyuk, A., Voytek, B., 2020. Parameterizing 
neural power spectra into periodic and aperiodic components. Nat. Neurosci. 23 
(12), 1655–1665. https://doi.org/10.1038/s41593-020-00744-x.

Duffy, J.F., Zitting, K.M., Chinoy, E.D., 2015. Aging and circadian rhythms. Sleep Med. 
Clin. 10 (4), 423–434. https://doi.org/10.1016/j.jsmc.2015.08.002.

Favaro, J., Colombo, M.A., Mikulan, E., Sartori, S., Nosadini, M., Pelizza, M.F., 
Rosanova, M., Sarasso, S., Massimini, M., Toldo, I., 2023. The maturation of 
aperiodic EEG activity across development reveals a progressive differentiation of 
wakefulness from sleep. NeuroImage 277, 120264. https://doi.org/10.1016/j. 
neuroimage.2023.120264.

Feinberg, I., Floyd, T.C., 1979. Systematic trends across the night in Human sleep cycles. 
Psychophysiology 16 (3), 283–291. https://doi.org/10.1111/j.1469-8986.1979. 
tb02991.x.

Feinberg, I., March, J.D., Floyd, T.C., Fein, G., Aminoff, M.J., 1984. Log amplitude is a 
linear function of log frequency in NREM sleep EEG of young and elderly normal 
subjects. Electroencephalogr. Clin. Neurophysiol. 58 (2), 158–160. https://doi.org/ 
10.1016/0013-4694(84)90029-4.

Fernandez, L.M.J., Lüthi, A., 2020. Sleep spindles: mechanisms and functions. Physiol. 
Rev. 100 (2), 805–868. https://doi.org/10.1152/physrev.00042.2018.

Franken, P., Dijk, D.J., 2024. Sleep and circadian rhythmicity as entangled processes 
serving homeostasis. Nature Rev. Neurosci. 25 (1), 43–59. https://doi.org/10.1038/ 
s41583-023-00764-z.
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Leppänen, T., Töyräs, J., 2021. Self-applied home sleep recordings: the future of 
sleep medicine. Sleep Med. Clin. 16 (4), 545–556. https://doi.org/10.1016/j. 
jsmc.2021.07.003.

Layden, E. (2018). N-back for Matlab.
Lendner, J.D., Helfrich, R.F., Mander, B.A., Romundstad, L., Lin, J.J., Walker, M.P., 

Larsson, P.G., Knight, R.T., 2020. An electrophysiological marker of arousal level in 
humans. ELife 9, 1–29. https://doi.org/10.7554/eLife.55092.

Miskovic, V., MacDonald, K.J., Rhodes, L.J., Cote, K.A., 2019. Changes in EEG multiscale 
entropy and power-law frequency scaling during the human sleep cycle. Hum Brain 
Mapp. 40 (2), 538–551. https://doi.org/10.1002/hbm.24393.

Pálffy, Z., Farkas, K., Csukly, G., Kéri, S., Polner, B., 2021. Cross-modal auditory priors 
drive the perception of bistable visual stimuli with reliable differences between 
individuals. Sci. Rep. 11 (1). https://doi.org/10.1038/s41598-021-96198-7.

Pritchard, W.S., 1992. The brain in fractal time: 1/f-like power spectrum scaling of the 
human electroencephalogram. Int. J. Neurosci. 66 (1–2), 119–129. https://doi.org/ 
10.3109/00207459208999796.

Purcell, S.M., Manoach, D.S., Demanuele, C., Cade, B.E., Mariani, S., Cox, R., 
Panagiotaropoulou, G., Saxena, R., Pan, J.Q., Smoller, J.W., Redline, S., 
Stickgold, R., 2017. Characterizing sleep spindles in 11,630 individuals from the 
national sleep research resource. Nat. Commun. 8. https://doi.org/10.1038/ 
ncomms15930.

Riegel, B., Hanlon, A.L., Zhang, X., Fleck, D., Sayers, S.L., Goldberg, L.R., Weintraub, W. 
S., 2013. What is the best measure of daytime sleepiness in adults with heart failure? 
J. Am. Assoc. Nurse Pract. 25 (5), 272–279. https://doi.org/10.1111/j.1745- 
7599.2012.00784.x.

Roenneberg, T., Kuehnle, T., Pramstaller, P.P., Ricken, J., Havel, M., Guth, A., 
Merrow, M., 2004. A marker for the end of adolescence. Curr. Biol. 14 (24). https:// 
doi.org/10.1016/j.cub.2004.11.039.

Roenneberg, T., Wirz-Justice, A., Merrow, M., 2003. Life between clocks: daily temporal 
patterns of human chronotypes. J. Biol. Rhythms 18 (1), 80–90. https://doi.org/ 
10.1177/0748730402239679.

Rosenblum, Y., Bovy, L., Weber, F.D., Steiger, A., Zeising, M., Dresler, M., 2022. 
Increased aperiodic neural activity during sleep in major depressive disorder. Biol. 
Psych. Global Open Sci. https://doi.org/10.1016/j.bpsgos.2022.10.001.

Rosinvil, T., Lafortune, M., Sekerovic, Z., Bouchard, M., Dubé, J., Latulipe-Loiselle, A., 
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