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Signal, Not Noise: Aperiodic Dynamics in the 
Electroencephalogram Under Anesthesia
Christopher W. Connor, MD, PhD1,2

Let’s indulge in a pleasant and diverting thought 
experiment. Imagine and hold in your mind’s-
eye, if you can,1 one of the small, brightly- 

colored, bubble-shaped iMacs (Apple) from the turn 
of the century. If you are a resident today, then it is 
quite possible that this is the earliest home com-
puter that you can recall from your own lifetime. 
However, suppose that this small computer comes to 
us not from our own ingenuity but as a gift of a more 
advanced culture; our own technology being some 75 
years behind and no more advanced than the early 
days of radio. What might we be able to understand 
about the internal workings of the computer using 
the technology that we do have? We might determine 
that we can pick up different frequencies of radioac-
tivity coming off from the computer. For example, 
we would be able to pick up a low frequency of 60 
Hz from the power supply, a frequency of around 70 
kHz from the cathode ray tube monitor scanning pix-
els across the screen, a peak at around 66 MHz from 
the timing of information transfer on the system bus, 
and perhaps even the frequency of the processor itself 
at 233 MHz. All of these would show up as peaks of 
intensity on a spectrogram. However, we would not 
expect to be able to look at the radio spectrogram and 
understand important but complex user events like 
moving the mouse, doing calculations, or opening 
and editing a document. These events do not occur 
on precise, repeating timescales and can be described 
as being “scale-free.” The effect of these events on the 
spectrogram would be to create something that would 

resemble a broad, almost indecipherable background 
noise in the power spectrum against which the more 
evident frequency peaks from the power supply, 
screen, bus, and processor would arise. Obviously, 
though, we would be making a mistake if we wholly 
disregarded this background, scale-free information 
just because it is challenging to analyze.

Scale-free dynamics like these are common in com-
plex natural systems, such as seismic activity, stock 
market fluctuations, and even the human electroen-
cephalogram (EEG).2 The power distribution against 
frequency in these systems tends to follow a power-
law distribution in which the signal power P drops 
off proportionately as frequency increases with a rela-
tionship of P ∝ f−β, where β is called the aperiodic 
exponent and larger values of β cause the power to 
drop off more quickly. This value of β is often close 
to 2, as is the case for seismic waves in the vicinity of 
Nevada, the Dow Jones Index, or the electrical activ-
ity of the awake human cortex.3 The value of β can be 
estimated easily by comparing the power in a loga-
rithmic unit like decibels (dB) against the logarithm 
of the frequency, or by plotting power and frequency 
on logarithmic axes: the spectrogram then becomes a 
download sloping straight line with β as the negative 
gradient (since logP ∝ −β log f ). Because this back-
ground signal can also be written as P ∝ 1/fβ it is 
sometimes referred to as “one-over-f noise.” However, 
it is not strictly correct to call it noise. The underlying 
signal may contain lots of scale-free information, it is 
just that when plotted as a spectrogram it contains 
no easily discernable peaks to examine and interpret 
because the information is not constrained within cer-
tain repetitive frequencies.

Consequently, we can say that the human EEG con-
tains both periodic and aperiodic components.4 The 
periodic components are activity that is focused in the 
5 classic EEG frequency bands, producing peaks in 
the delta band (1–4 Hz) seen with sleep;5 theta band 
(4–8 Hz) seen with attention, cognition and memory 
recall;6 alpha band (8–12 Hz) seen with visual atten-
tion and relaxed wakefulness;7 beta band (12–30 Hz) 
seen with voluntary suppression of movement;8 and 
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gamma band (30–100 Hz) seen perhaps with the bind-
ing of sensory experience into consciousness.9 In con-
trast, the aperiodic component is the broad spectrum 
“one-over-f” background, against which these peaks 
are visible. The study of the periodic oscillations goes 
back to the discovery of the EEG in the 1920s. Until 
recently, comparatively little has been said about the 
aperiodic background.

In this issue, Dr Kreuzer and colleagues examine 
the implications of separating the power spectrum 
under anesthesia into both its aperiodic and peri-
odic components, using analytic techniques called 
Variational Mode Decomposition (VMD) and “fitting 
oscillations and one-over-f” (FOOOF).10 FOOOF, for 
example, proceeds as an iterative operation: first, the 
best 1/fβ aperiodic fit is made to the spectrogram data 
overall, then several additional normal distributions 
are calculated to approximate the visible periodic fre-
quency peaks. Subsequently, the original data can be 
refit minus these peaks to produce a better approxi-
mation of the underlying aperiodic component. Then, 
the periodic component can be fit again, and so on. 
Ultimately, the EEG is separated out into its individ-
ual periodic (“oscillations”) and aperiodic (“one-over-
f”) constituent parts.

Why might this be an important and useful thing 
to do? A recent article by Brake et al examined the 
apparent changes in EEG signal power during induc-
tion with propofol.11 When we look at the EEG power 
spectrum as a whole, the process of loss of conscious-
ness (LOC) with propofol induction is associated with 
increasing power in the delta, alpha, and beta bands, 
although without any apparent sharply time-locked 
change at the moment of LOC itself.12 However, Brake 
et al demonstrated that these changes in the EEG 
result not only from the effects of propofol on periodic 
oscillations but also from the effect of propofol on the 
synaptic deactivation kinetics of GABA receptors: an 
aperiodic effect. Once the EEG data are effectively 
detrended or deskewed of its aperiodic component, 
an alternative interpretation emerges. The alpha 
and beta power rise but already plateau before LOC 
occurs, whereas the detrended delta power increases 
sharply at the moment of LOC. Separating the EEG 
spectrogram into its aperiodic and periodic compo-
nents fundamentally alters our interpretation of the 
mechanistic interplay between the pharmacological 
effect and the EEG biomarkers.

Dr Kreuzer and colleagues now take this analysis 
further by considering the role of periodic and ape-
riodic components in quantifying and differentiat-
ing anesthesia as accomplished with either propofol 
or with volatile agents. As far as we know, all cur-
rent depth-of-anesthesia monitors in contemporary 
clinical use operate on the power spectrum taken 
as a whole.13–15 Also, all current depth-of-anesthesia 

monitors treat all anesthetics as essentially the same: 
the algorithms do not attempt to identify the agents in 
use from the spectrogram or by asking the clinician. 
There is no adaptation, which the authors describe 
correctly as a “one-size-fits-all approach.” In practice 
so far, the characteristic EEG spectra under anesthesia 
with propofol and with sevoflurane are discernably 
different but also just about similar enough16 that it 
is been possible to craft a processing algorithm that 
covers both these bases. However, the authors’ work 
holds out the possibility of developing better index 
algorithms that are able to capture more precisely 
the contributions of these agents to the anesthetized 
state. For example, the authors find a difference in the 
aperiodic exponent β between propofol (β = 2.45) and 
sevoflurane (β = 2.71).

If this all seems esoteric, let’s consider a real, 
practical example. Figure A shows the density spec-
tral array (DSA) for a case conducted using general 
anesthesia, lasting a total of 220 minutes. This DSA is 
obtained from true intraoperative EEG signal using 
patient data previously reported in this journal.13,17 
Prominent delta and alpha power bands are visible 
between about 30 and 180 minutes, as would be con-
sistent with general anesthesia obtained either with 
propofol or sevoflurane, during the major surgical 
stages of the procedure. Qualitatively, propofol tends 
to produce delta and alpha bands that are delineated, 
whereas the DSA signature of sevoflurane tends to 
feature more infilling of the power between these 2 
bands.16 In this context, the interpretation of Figure 
A looks ambiguous—which anesthetic agent was it? 
Figure B shows the power spectral density obtained 
using an EEG sample from the midpoint of the case. 
The delta and alpha peaks are strongly present in the 
power spectrum but, particularly at higher frequen-
cies, we see the signal that looks noise-like but actu-
ally represents scale-free activity. Figure C shows 
exactly the same data as in Figure B but now after 
log-log transformation of the axes, allowing us to 
observe the aperiodic activity more clearly. Using 
regression between 0.1 and 50 Hz, we can perform 
a one-over-f fitting, which gives an aperiodic expo-
nent β of 2.70. This is agreeably concordant with the 
authors’ measurements of β for sevoflurane, which 
would imply that sevoflurane was the anesthetic 
agent in question. And, in fact, that is correct: it was 
sevoflurane.

Ultimately, we would have to be rather naïve to 
believe that 2 anesthetic plans are functionally iden-
tical simply if they happen to produce an identical 
processed EEG index from a contemporary moni-
tor. For the purposes of careful scientific inquiry, 
even small differences may matter. A current active 
area of research is the relation of alpha-band power 
to deleterious surgical outcomes such as delirium 
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and postoperative cognitive dysfunction. One of the 
challenges here may lie in mechanistically relating a 
periodic EEG component such as alpha power to a 
scale-free phenomenon such as the ordered working 
of human cognition. Perhaps to compare outcomes 
results and biomarkers between studies using vola-
tile anesthetics versus propofol, we may need to 
consider the role of the aperiodic component in addi-
tion to more obvious periodic EEG quantities such 
as the apparent alpha power. Furthermore, the use 
of multimodal adjunct agents such as dexmedeto-
midine and ketamine has become much more com-
mon in contemporary practice in our push to reduce 
or spare the use of opioids. Ketamine in particular 
moves the alpha peak18 and produces effects on the 
EEG spectrogram19 that are confounding to current 
processed EEG indices.20 A processed EEG algorithm 
that would be capable of reliably and automatically 
determining the ensemble hypnotic and analgesic 
effects of combinations of all of these agents could be 
of real clinical utility. E
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