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Abstract

Background: Electroencephalography (EEG) is increasingly used for monitoring the depth of general anaesthesia, but EEG
data from general anaesthesia monitoring are rarely reused for research. Here, we explored repurposing EEG monitoring
from general anaesthesia for brain-age modelling using machine learning. We hypothesised that brain age estimated
from EEG during general anaesthesia is associated with perioperative risk.

Methods: We reanalysed four-electrode EEGs of 323 patients under stable propofol or sevoflurane anaesthesia to study
four EEG signatures (95% of EEG power <8—13 Hz) for age prediction: total power, alpha-band power (8—13 Hz), power
spectrum, and spatial patterns in frequency bands. We constructed age-prediction models from EEGs of a healthy
reference group (ASA 1 or 2) during propofol anaesthesia. Although all signatures were informative, state-of-the-art age-
prediction performance was unlocked by parsing spatial patterns across electrodes along the entire power spectrum
(mean absolute error=8.2 yr; R>=0.65).

Results: Clinical exploration in ASA 1 or 2 patients revealed that brain age was positively correlated with intraoperative
burst suppression, a risk factor for general anaesthesia complications. Surprisingly, brain age was negatively correlated
with burst suppression in patients with higher ASA scores, suggesting hidden confounders. Secondary analyses revealed
that age-related EEG signatures were specific to propofol anaesthesia, reflected by limited model generalisation to
anaesthesia maintained with sevoflurane.

Conclusions: Although EEG from general anaesthesia may enable state-of-the-art age prediction, differences between
anaesthetic drugs can impact the effectiveness and validity of brain-age models. To unleash the dormant potential of
EEG monitoring for clinical research, larger datasets from heterogeneous populations with precisely documented drug
dosage will be essential.

Keywords: brain age; burst suppression; electroencephalogram (EEG); general anaesthesia; machine learning; propofol;
sevoflurane
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Electroencephalography (EEG) is often used during general
anaesthesia for monitoring anaesthetic depth and adjusting
drug dosage.’™ The increasing availability of EEG recordings
from general anaesthesia has stimulated cross-cutting
research linking anaesthesiology and neuroscience.® EEG
dynamics during general anaesthesia and the drug dosage
required for achieving stable anaesthesia can depend on age
and general health.® Cognitive decline has been associated
with reduced drug requirement and EEG power changes in
the alpha frequency band (8—13 Hz).'>!! These recent results
raise the possibility that brain health may be reflected in EEG
signals observed during general anaesthesia.'?

It follows that EEG during general anaesthesia might be
used as a screening tool to assess the risk of developing
neurodegenerative diseases. Several factors are favourable to
this idea. First, EEG signals during stable anaesthesia can be of
high signal quality, as neuromuscular block minimises
movement artifacts. Second, the availability of EEG recordings
from general anaesthesia keeps growing, as general anaes-
thesia is conducted worldwide in all age groups, potentially
avoiding selection bias, which may be a factor in laboratory
research.'®! Third, recent progress in advanced analytics and
machine learning for EEG has led to the development of novel
biomarkers of cognition, brain function, and health.”™
When combined, these factors could turn EEG monitoring
data obtained during general anaesthesia into a valuable tool
for clinical research.

In this study, we explore the possibility of repurposing
existing EEG monitoring data from general anaesthesia for
building data-driven measures of brain ageing.'® Specifically,
we propose to translate the previously developed brain-age
framework® to the context of general anaesthesia. By using
machine learning, brain age can capture individual ageing.
This framework provides quantitative comparisons of the
chronological age of a person against their statistically ex-
pected age given their brain data (‘this brain looks older/
younger’).?%?! Over recent years, numerous studies'®?%?%%3
have found that brain-age estimates from the general popu-
lation yield sensitive measures of neurodegenerative risk and
disease severity in clinical populations.?*

The bulk of the brain-age literature is based on MR
and brain age is believed to mainly reflect cortical atrophy.
Although MRI-based brain age shows leading state-of-the-art
performance (age prediction with 2—5 yr mean absolute error
[MAE]), the present focus on MRI hampers exploration of brain
age in situations in which MRI is not available. A promising
line of research has demonstrated that brain age can be esti-
mated from EEG (current state-of-the-art age prediction with
around 8 yr MAE) and can even contribute additional infor-
mation to MRI?>?®?° by providing insights into neuronal
activity.

Applied to general anaesthesia, EEG-derived brain age
could help develop a real-time intraoperative biomarker of
brain health, facilitating individualised treatment. Brain age
estimated during an intervention could also be used as a
postoperative indicator to systematically assess the risk of
abnormal cognition and identify patients who may benefit
from a consultation with a neurologist (e.g. a memory
consultation).

Itis currently unknown whether brain age can be estimated
from EEG during general anaesthesia. Most EEG approaches for
brain-age modelling have relied on fine-grained spatial infor-
mation provided by dozens to hundreds of electrodes and data

1,23.25-27

collected in the laboratory setting.!”-*® However, brain age has
recently been estimated from sleep EEG with fewer elec-
trodes.’®*° Another source of potential complications for
estimating brain age from EEG during general anaesthesia is
related to the type of anaesthetic drug. For example, compared
with propofol anaesthesia, inhalation anaesthesia can shape
EEG activity differently, increasing modelling complexity.
Moreover, the amount of anaesthetic drug given to a patient to
achieve stable anaesthesia may by itself reflect the patient’s
cognitive health,'® potentially inducing confounding effects.

Our primary objective was to demonstrate the feasibility of
modelling chronological age as a function of EEG power from
intraoperative recordings in ASA 1 or 2 patients for whom the
perioperative risk should be relatively low. We used state-of-
the-art machine learning methods to estimate model predic-
tion performance and hypothesised that the entire power
spectrum was informative rather than specific frequency
bands commonly used for monitoring anaesthetic depth. Our
secondary objective was to investigate the association be-
tween chronological age, EEG-derived brain age, and intra-
operative burst suppression in patients with ASA scores of 1 or
2 and those with higher scores (ASA 3) and hence higher
perioperative risk. Finally, we investigated the specificity of
the propofol-induced EEG signature of brain age through
generalisation testing against EEG collected under sevoflurane
anaesthesia.

Methods

We reanalysed EEG and clinical data from the Brain Power
Spectral Density Under Propofol (PROBRAIN) study registered
under the ID NCT03876379 and approved by the Société de
Réanimation de Langue Francaise (SRLF; Paris, France) Ethics
Advisory Committee (chairperson: Dr Jean Reignier) on 5
January 2016, under the reference CE SRLF 11—356. SRLF is the
French national academic society for anaesthesia and critical
care consulted by the Department of Anaesthesiology at the
Lariboisiére Hospital (Paris, France). Patients were provided
with an information letter. Verbal consent was recorded from
every patient before anaesthesia.

Patient selection

Between September 2017 and January 2020, patients under-
going an elective interventional procedure under general
anaesthesia (for orthopaedic surgery or neuroradiology inter-
vention for asymptomatic aneurysm) were selected to partic-
ipate in the prospective, observational, monocentric
PROBRAIN study at the Lariboisiere Hospital. This sample was
built by opportunistically including all EEG monitoring data
available and compatible with the data collection procedure.
The following exclusion criteria applied: pregnant women, age
below 18 yr, patients receiving sedation and mechanical
ventilation of the lungs before the procedure, history of
bleeding aneurysm, neurodegenerative disease, neurological
disorders, and untreated depression. The patient selection is
illustrated with a flowchart (Fig. 1).

Anaesthetic protocol

General anaesthesia was administered according to standard
practices. An opioid was administered (sufentanil 0.2 pg kg™!
h~! for orthopaedic patients and remifentanil 3—5 ng m1~? for
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518 patients

included

473 patients
with general anaesthesia

435 patients
known anaesthestic drug

345 patients
exploitable EEGs

323 patients
propofol or sevoflurane

45 excluded: Loco-regional anaesthesia

38 excluded: Unknown anaesthetic drug

87 excluded:
3 excluded:

Missing EEG files
Unexploitable EEG files

3 excluded:
4 excluded:
15 excluded:

Patient younger than 18 yr
Pre-processing failed (data quality)
Desflurane anaesthetic drug

249 patients
ASA 1 and 2
(model construction)

170 patients
propofol

79 patients
sevoflurane

40 patients
propofol

2 6 missing: ASA score absent

68 patients
ASA 3
(clinical exploration)

28 patients
sevoflurane

167 patients
with BS annotations

37 patients

DS5

204 patients

propofol with BS annotations

= 3+3 excluded: No BS annotations

with BS annotations

Fig. 1. Flowchart illustrating patient selection and distinct data subsets used for data analysis. BS, burst suppression.

neuroradiology patients) followed by i.v. induction of anaes-
thesia using propofol. Atracurium was used for neuromus-
cular block, and anaesthesia was maintained using propofol or
sevoflurane at the discretion of the anaesthesiologist in
charge. Propofol was administered using a target-controlled
infusion (TCI) system with a brain effect-site concentration
ranging from 3 to 3.5 pg ml~! according to the Schnider
model,*! whereas the end-tidal sevoflurane concentration was
typically 1.5-2%. Propofol and sevoflurane doses were
adjusted to maintain a spectral edge frequency 95 (SEF95) be-
tween 8 and 13 Hz during anaesthetic maintenance. For
comparability, we used this frequency range as the definition
of stable anaesthesia for all analyses in this study. The MAP
during the entire intervention was maintained at 90% of its
reference value and always above 65 mm Hg.

Data collection

Cerebral activity during general anaesthesia was monitored
using a Masimo™ SedLine® device with a four-frontal elec-
trode EEG montage (Fpl, Fp2, F7, and F8, referenced on Cz),
sampled at 63 Hz by default. EEG sub-hairline electrodes were
placed a few minutes before general anaesthesia induction
and removed shortly after recovery of consciousness. Intra-
operative EEG data were then extracted from the device,
anonymised, cleaned from burst suppression and artifacts,
and stored on a file server in enhanced disk format (EDF). In
other words, EEG segments containing burst suppression were
never used for model construction. We retrieved patient
characteristics (age, gender, weight, height, and BMI) and
clinical information (type of anaesthetic drug and ASA score)
from the anaesthetic assessment consultation.
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EEG processing, model construction, and clinical
exploration

The EEG processing and feature extraction is outlined in Figure
2. In summary, the signal from each patient was divided into
epochs using 60-s sliding windows with a 10-s shift. For every
epoch, we computed two different types of power spectral
features. First, we estimated the power spectral density (PSD)
between 0 and 30 Hz using Welch’s method. Second, we
computed the 4 x 4 covariance matrices between all four
electrodes, in five frequency bands, leading to five 4 x 4
matrices per epoch. Each of these five matrices contains the
corresponding band powers of the EEG signal of a particular
electrode in its diagonal and the cross-powers between elec-
trodes in its off-diagonal terms. Compared with PSD, the
covariance matrices encapsulate additional information about
the spatial distribution of the power spectrum. After

discarding epochs with peak-to-peak amplitude below 0.1 pV
on any of the four electrodes (to avoid inclusion of artifacts or
burst suppression), we retained the longest period of consec-
utive epochs (during anaesthesia maintenance) for which the
average SEF95 across the four channels falls in the 8—13 Hz
range. The PSDs and the covariance matrices were then
averaged across the selected epochs. All features were
computed using the open-source software package coffeine
(https://github.com/coffeine-labs/coffeine), ~which imple-
ments and documents the methods from our previous work.

We applied brain-age models and methods for model
comparisons from previous reference publications.’®?® We
performed linear regression (Ridge regression) based on four
different sets of features, each model complementing the
previous one by including additional EEG features. First, the
‘total power’ model summed EEG power over the whole range
(1-30 Hz), averaged across all four electrodes (one feature),
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Fig. 2. Building biomarkers of brain ageing from stable segments of general anaesthesia. (a) We selected the longest consecutive period of
stable anaesthesia (propofol), defined by the spectral edge frequency 95 (SEF95) falling in the 8—13 Hz range and the absence of high-
voltage artifacts or burst suppression. (b) We estimated the power spectral density (PSD), which can reveal EEG signatures commonly
used in anaesthetic monitoring, such as total power or alpha power. Furthermore, we investigated the hypothesis that additional infor-
mation on targets beyond clinical monitoring (i.e. brain age is distributed across the entire power spectrum). For this purpose, we
adaptively summarised the PSD over all frequencies and channels using supervised learning. Reference models for estimating brain age
from EEG have exploited spatial patterns in different frequency bands presented by the covariance between EEG channels (c) whose di-
agonal represents the PSD in the given frequency band. To assess the complementarity of these readouts, we used the stacking approach
in which (i) ‘alpha power’, (ii) ‘total power’, (iii) the ‘power spectrum’, and (iv) ‘spatial patterns’ from five frequency bands were gradually
included. Model comparisons established the relative merit of these increasingly complex features.
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representing the hypothesis of spectrally uniform informa-
tion. Second, the ‘alpha power’ model added EEG power
averaged between 8 and 13 Hz across all four electrodes (one
additional feature; two features total), representing the hy-
pothesis of a local spectral effect in the frequency range used
for monitoring anaesthetic depth. Third, the ‘power spectrum’
model added the PSD at uniformly spaced frequencies be-
tween 1 and 30 Hz averaged across all four electrodes (16
features), representing the hypothesis of distributed spectral
effects. Finally, the ‘spatial patterns’ model used the 4 x 4
covariances in five frequency bands (low [0.1-1.5 Hz], delta
[1.5—4 Hz], theta [4—8 Hz], alpha [8—15 Hz], and beta [15—30
Hz]), representing the hypothesis of distributed spatio-
spectral effects (50 features). The first three models used
only the PSD, and the last used the covariance matrices.

By performing model comparisons, we can understand the
relative merit of these increasingly complex features and
assess their complementarity. For statistically balanced com-
parisons between models based on different numbers of fea-
tures, the stacking method was used as in previous brain-age
publications.’®?? This approach integrates the different sets
of features through a second-level model, which gets one
input per feature set. The prediction performance between the
different stacking models preserves the performance of the
simpler model. Hence, improved performance can only be
attributed to additional information while reducing the risk of
overfitting by representing every feature set with one single
input (first-level model prediction). Ridge regression was used
for both the first-level and second-level prediction algorithms
with 100 (Monte Carlo) cross-validation (CV) splits. This design
choice uses stacking simply to decorrelate the inputs and
represent every feature set by one component while not add-
ing any non-linearity.

To date, no generally accepted procedure exists for defining
statistically justified null-hypothesis significance tests of
observed performance rankings between pairs of prediction
models. However, the CV distribution itself provides valuable
uncertainty estimates. To gauge practical significance, we
followed the strategy from previous work’®?® and plotted or
reported percentiles of the CV distribution (P2, Pss, P7s, and
Pg;5) alongside rank statistics counting on how many splits
one model was better than the other. Model superiority was
then assessed via pair-wise ranking across CV splits.?%?®
Chance level was assessed by a dummy regressor predicting
the mean outcome of the training data for each sample. For
model construction, we focused on patients with low ASA
scores under propofol anaesthesia (ASA 1 or 2; n=170; see DS1
in Fig. 1). The brain ages of these healthy reference subjects
should match their chronological ages. This allows us to esti-
mate a reference model of normally expected ageing-related
EEG patterns by calibrating and validating it using CV on the
same set of patients with ASA score of 1 or 2. To investigate the
clinical utility of the reference model for anomaly detection,
we then studied the potential drift and deviation in model
predictions from the reference population by applying the
model to patient populations with higher ASA scores (second
analysis). As an exploratory endpoint, we compared brain age
with burst suppression (a common predictor of postoperative
complications). We computed cross-validated brain-age pre-
dictions?® on the data used for model building (ASA 1 or 2; DS3
in Fig. 1) and then predicted brain age in a dataset from a
population with higher ASA scores that was not used for
model building (ASA 3; DS4 in Fig. 1). The brain-age variable
was then obtained by concatenating the predictions across the

two datasets (DS5 in Fig. 1). For additional details on model-
ling, definition of burst suppression, and details on statistical
analyses and software, see the supplementary material. We
hypothesised that our model calibrated on patients with lower
ASA scores would make informative prediction errors on the
population with higher ASA scores, and that these errors
would be associated with an increase in burst suppression.

Results

We considered 323 patients (see Table 1 for details) with both a
properly concatenated EEG recording and metadata informa-
tion. Analysis-defining subsets of patients are listed in Figure
1. We first explored the relationship between EEG activity
and ageing across the frequency spectrum under propofol
anaesthesia (Fig. 3), which was the more common mainte-
nance anaesthetic administered in this study (Table 1; Fig. 1,
DS1). Binning the power spectra by age groups revealed age-
related patterns (Fig. 3a). Across frequencies, younger pa-
tients tended to show higher EEG power. We formally quan-
tified this tendency using a linear mixed effects model
regressing the log power (dB) on age, log frequency, and their
interaction (intercepts varying by patient). The analysis un-
covered that regardless of frequency, EEG power declined on
average by —0.10 dB; 95% confidence interval (CI) [-0.13 to
—0.08] with every year of age. The full model is summarised in
Supplementary Table S1.

Figure 3b presents model comparisons for combinations of
different EEG signatures. Chance level was estimated around
16 yr of MAE (P25=14.8; P;5=17.5). The ‘total power’ model led
to an improvement of the CV score by about —2.9 yr MAE on
average (P;s=—4.12; P;5=—1.9), performing better than chance
in 95/100 CV splits. As average alpha power was included, the
CV scores improved by another —1.2 yr MAE (Py=—1.9;
P;5=—0.34), improving on the previous model on 86/100 CV
splits. Adding fine-grained spectral information across all
frequencies from 1 to 30 Hz led to further improvements by
—2.7 yr MAE (P25=—3.7; P75=—1.86), outperforming the previous
model on 95/100 CV splits. Finally, including information
about the spatial patterns of covariance between the elec-
trodes lowered the CV score by another —1.22 yr MAE
(P25=—1.93; P;5=—0.47 superiority: 85/100 CV splits). In absolute
terms, the final performance was about 8.2 yr MAE (P25=7.09;
P75=9.19) and corresponded to an R? score equivalent to 65% of
explained variance (P25=0.58; P;5=0.75; Supplementary Fig. S1).

For clinical exploration, we focused on the age-prediction
signal under propofol anaesthesia in a subset of patients for
whom burst suppression was annotated (DS5). We investi-
gated the link between brain age, ASA score, and undesirable
intraoperative burst suppression. Figure 4a plots model-based

Table 1 Patient characteristics. Data are presented as median
[25th—75th percentiles].

Variable Number of patients or median
Female/male 211/112

Age (y1) 57 [39—70]

Body weight (kg) 74 [61-85]

BMI (kg m?) 25 [22—29]
Propofol/sevoflurane 216/107

ASA 1 or 2/ASA 3 249/68
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age group represented by different colours (n=170; ASA 1 or 2). Shaded areas represent twice the standard error of the mean for every age
group. Power and peak frequencies tend to decrease with age. (b) Cross-validated performance of age-prediction models based on pro-
gressive inclusion of different EEG signatures (Monte Carlo; 100 splits). Dots represent scores at individual cross-validation splits, box plots
summarise the cross-validation distribution, and whiskers show the 2.5th and 97.5th percentiles. The dotted line indicates the expected
performance for a chance-level model. Results are ordered by prediction error, descending from top to bottom. Models include EEG sig-
natures from previous models (e.g. ‘alpha power’ refers to combining total power and alpha power). Informal analyses revealed that
spatial patterns enabled virtually identical performance as the final model combining the diverse EEG signatures. For simplicity, we
focused on the spatial patterns model in all subsequent analysis. MAE, mean absolute error.
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the proportion of burst suppression. Also note that in this statistical analysis, the brain-age coefficient reflects the age-prediction error of
the machine learning model as, here, the effect of brain age is conditional on age, hence captures what is not explained by age.
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age predictions against chronological age and burst-
suppression proportion for the previously analysed cohort of
patients with good general health (DS3) and extrapolations to
a distinct cohort of patients (DS4). Our results suggest more
complex relationships between EEG-predicted age and burst
suppression across patients of different ASA scores and
chronological ages. One can observe that in younger ASA 1 or 2
patients, burst suppression was more frequent amongst those
with higher brain age. This trend seems inverted in older ASA
3 patients, where bigger dots concentrate under the diagonal
identity line. To formalise these relationships, we modelled
the logit of the proportion of burst suppression as a weighted
sum of scaled age, scaled brain age and ASA score, and their
respective interaction terms (Fig. 4b). The analyses revealed a
significant effect of brain age (f=0.85; standard error [sg]=0.20;
t[196]=4.4; P<0.0001). Given a standard deviation of brain age
of about 16 yr, this suggests that across age and ASA score,
burst suppression increased by 134% (exp[0.85]=2.34) for every
16 yr of brain age. Furthermore, a significant effect of brain age
and ASA score emerged (f=—0.99; se=0.44; t[196]=—3.7;
P=0.03), suggesting that the proportion of burst suppression
was reduced by 63% (exp[—0.99]=37%) for every 16 yr of brain
age in ASA 3 patients as compared with the other patients
across all chronological ages. Of note, the term for brain age
captures what is not explained by age (i.e. the error of machine
learning model).”*® The full model is reported in
Supplementary Table S2.

Visual inspection of EEG activity under sevoflurane anaes-
thesia (Fig. 5a; DS2) suggested higher EEG power levels and
weaker correlation between EEG power and age. We formally

EEG during sevoflurane anaesthesia
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contrasted these trends with the previous results through a
linear mixed effects model regressing the log power (dB) on
age, log frequency, drug type, and their interactions; intercepts
varied by patient. Independently of frequency or drug type,
EEG power declined by —0.10 dB; 95% CI [-0.13 to —0.08] for
every year of age. Compared with propofol, sevoflurane led to
3.6 dB higher EEG power; 95% CI [1.21—6.10]. Notable interac-
tion terms pointed at more complex EEG patterns. First, a two-
way interaction suggested that differences between propofol
and sevoflurane depended on frequency, implying that under
sevoflurane anaesthesia, the power declined, on average, by
about —1.00 dB more than under propofol anaesthesia per
hertz; 95% CI [-1.27 to —0.76]. Second, a three-way interaction
suggested that under sevoflurane anaesthesia, the effect of
age may non-linearly increase log power by 0.01 dB Hz™%; 95%
CI [<0.01-0.01]. The full model is reported in Supplementary
Table S3.

Figure 5b presents comparisons between age-prediction
models that were either separately fitted and evaluated
within each drug type, fitted within one drug type and evalu-
ated on the other drug type, or fitted and evaluated by pooling
both drug types. When fitted separately, the prediction model
from sevoflurane EEG performed about 4.9 yr of MAE (P5=2.7;
P;5=7.0) worse than propofol, inferior on 95/100 CV splits.
Similarly, cross-drug generalisation of prediction models led
to low prediction performance between 14 and 15 yr of MAE. By
comparison, generalisation from propofol to sevoflurane EEG
was by —1 yr of MAE more successful (Pys=—1.8; P75=—0.25;
superiority: 86/100 CV splits). Prediction models trained on the
pooled EEG data from both drug types led to worse

Generalisation of drug-specific
EEG signatures

Within drug |

Propofol — propofol

Between drugs ‘

Pooling ‘
All - all — ;
All — propofol — !
All — sevoflurane —— i
T T T T
5 10 15 20

Cross-validated performance (MAE)

Fig. 5. Divergence and pooling of EEG signatures by drug type. (a) The power spectral density (PSD) of EEG under sevoflurane anaesthesia
(n=79; ASA <2). Visual conventions as in Figure la. Age appeared less consistently revealed by the PSD from sevoflurane as compared with
propofol anaesthesia, raising the question if age prediction can be compared between these two drugs. (b) breakdown of modelling
performance of the ‘spatial patterns’ model by drug type (100 Monte Carlo splits; conventions as in Fig 1b). Within-drug models were fitted
and evaluated separately by drug type (blue). Between-drug models were fitted on one drug type but evaluated on the other drug type
(orange). Pooling was attempted (dark orange) by combining data for fitting and evaluation on both drug types (first row). Separate scoring
was performed by drug type (rows 2—3). Results suggest that performance was best when using EEGs from propofol anaesthesia. Whilst
generalisation between drug types was poor, pooling EEGs from different drug types preserved the individual drug-specific performance.

MAE, mean absolute error.
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performance than the model trained under propofol EEG with
about 1.3 yr higher MAE (P25=—0.31; P75=2.8; inferiority: 68/100
CV splits). However, results improved over the sevoflurane-
based model by —3.7 yr of MAE (P25=—6.4; P75=—1.3; superior-
ity: 85/100 CV splits). Considering the sub-scores of the pooled
model for the observations under sevoflurane EEG suggested
that combining both drugs led to an improvement of —1.6 yr of
MAE (P25=—1.01; Py5=4.0) compared with the model trained on
sevoflurane EEG (superiority: 67/100 CV splits).

Discussion

This study explored the feasibility of repurposing EEG moni-
toring data from general anaesthesia for building measures of
brain ageing by importing machine learning approaches for
brain-age prediction originally developed in the laboratory
setting. Under propofol anaesthesia, using four electrodes
only, we reached prediction performance comparable with
reference studies using research-grade EEG?® 32 with 2062
electrodes. Model comparisons revealed that age-related in-
formation was present in spatial activity patterns distributed
across the entire power spectrum. Clinical exploration of the
propofol model highlighted important associations between
brain-predicted age and the probability of burst suppression,
which, however, depended on ASA score. Additional results
suggested that the brain-age signature was specific to propofol
and may not generalise to sevoflurane.

Clinical studies have identified a link between EEG power
spectra in the alpha band (8—13 Hz), preoperative cognitive
decline,'® intraoperative burst suppression,>** and post-
operative cognitive disorders.* This body of work pointed to
the possibility that the EEG response to anaesthetic drugs may
reveal the presence of neurodegenerative risk. Here, we
extended this prior art by directly applying brain-age predic-
tion models for EEG*® on a larger dataset of EEG obtained
during anaesthesia. Under propofol anaesthesia, this
approach has led to performance matching recent work with
high-density MEG and EEG.?%? Previous studies during
anaesthesia have instead focused on EEG signatures closely
related to anaesthesia monitoring, with particular emphasis
on total power and alpha power.®*° Our results have shown
that the entire power spectrum and fine-grained correlations
between signals collected at different electrodes may contain
information relevant to developing biomarkers beyond
anaesthesia monitoring.

However, prediction models constructed from EEG under
sevoflurane anaesthesia were far less convincing and did not
combine well with EEG collected under propofol anaesthesia.
This may be intrinsically related to differences between the
drugs regarding the mechanism of action. Propofol selectively
activates gamma-aminobutyric acid Type A (GABA,) re-
ceptors,”” whereas sevoflurane acts on several synaptic path-
ways, potentially increasing the complexity of the signal
across age.’® An alternative explanation might be that the dose
of sevoflurane was more consistent between patients, as it
relied on standard minimum alveolar concentration target
values, and its elimination is less dependent on liver meta-
bolism compared with propofol. Propofol dose was deter-
mined by a personalised TCI target value, chosen to stabilise
general anaesthesia (i.e. to keep SEF95 in 8—13 Hz), potentially
leading to higher inter-patient variability. This could, in prin-
ciple, introduce confounding effects if, for example, the pro-
pofol requirement for stable anaesthesia depends on age and
health. Higher propofol dose and brain age both dampen EEG

power, whilst patients at risk of developing burst suppression
might receive lower doses of propofol. In turn, this should lead
to reduced propofol-induced dampening, obscuring the effect
of brain age on EEG power. A similar effect may be present in
the level of analgesia induced by the opioid. Patients under-
going the more painful orthopaedic surgery are generally older
and more frail than those undergoing neuroradiology in-
terventions, so have a higher chance of higher brain age. These
patients received a higher dose of opioid (sufentanil in the case
of our study) generally resulting in notable increase in EEG
power in the delta and theta bands.*® Thus, patients at risk of
developing burst suppression might receive higher doses of
opioid, which boosts EEG power, which could make their
brains ‘look younger’. That would be in line with observed
changes of direction of association between brain age and
burst suppression when comparing patients with lower (1lor 2)
us higher (3) ASA scores, for whom higher brain age was
associated with less burst suppression. Unfortunately, this
hypothesis cannot be readily disambiguated using the present
study. The critical pieces of information for moment-by-
moment deconfounding were not captured: neither the dose
of opioids, the TCI parameters controlling propofol dose, nor
the changes in haemodynamic variables and noxious stim-
uli.*® Tackling these potential confounders calls for more
complete data collection, ideally implemented with rando-
mised controlled designs.

The present study has successfully applied concepts and
methods from laboratory research in cognitive neurosci-
ence'®?? on EEG monitoring data collected during general
anaesthesia. Therein, our systematic model comparisons of
EEG signatures, drug types, and patient populations have
extended the scope of brain-age research to clinical real-
world EEG collected in the absence of consciousness. Our
findings motivate future research in neuroscience and
anaesthesiology beyond monitoring of anaesthesia depth.
These strengths of our work must be put in perspective with
several limitations.

First, this proof-of-concept study does not validate brain
age as a preoperative or postoperative biomarker of brain
function, such as attention, memory, or dysfunction (e.g.
delirium). Future work will have to close this gap through
dedicated studies. The second limitation concerns the
inconsistent findings regarding the variability of brain-age
effects across drug types. Despite successful age-prediction
results, the current work therefore does not yet present a
ready-to-use brain-age measure as, for example, the MRI-
based brain-age delta.'’® To push this exploratory effort to
the next level, future studies with ideally larger samples must
focus on precise control and measurement of drug dose at any
moment during anaesthesia. Preferably, propofol should be
administered at a consistent dose to rule out confounding by
clinical factors. Validation against pre-surgical brain-age es-
timates derived from gold-standard anatomical MRI*®> or
research-grade high-density EEG?® will be essential. Finally,
future work should strive towards generalising the approach
to patient populations beyond orthopaedic and neuroradio-
logical surgery.

In conclusion, the present study points out the general
feasibility of repurposing EEG from anaesthesia for learning
biomarkers of brain ageing and health beyond the imminent
perimeter of patient monitoring, complementing medical
images and other biomarker modalities. To unleash this
dormant potential of EEG monitoring data for clinical and
public health research, collecting larger datasets with
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precisely documented drug dose, haemodynamic changes,
and noxious stimuli will be key enabling factors.

Authors’ contributions

Conceptualisation: AM, AG, DAE, EG, FV.
Data curation: CT, DS, JJ, FV.
Software: AG, DAE, DS, JC.

Formal analysis: AG, DAE, DS, JC.
Supervision: AG, DAE, EG.

Funding acquisition: DAE, EG.
Validation: AM, CT, DAE, DS, JC.
Investigation: DAE, DS.
Visualisation: DAE.

Methodology: DAE, DS.

Project administration: DAE.
Writing of original draft: DAE, DS.
Writing/review/editing: all authors.

Funding

This work was supported by a 2018 ‘médecine numérique’ (for
digital medicine) thesis grant issued by the Institut National de
la Santé et de la Recherche Médicale (Inserm; French National
Institute of Health and Medical Research) and the Institut
National de Recherche en Sciences et Technologies du
Numérique (Inria; French National Research Institute for the
Digital Sciences). It was also supported by the Inserm—Inria
artificial intelligence (Al) chair EDS-PeriOP and the ANR
BrAIN AI chair (ANR-20-CHIA-0016).

Declarations of interest
DAE is a full-time employee of F. Hoffmann-La Roche Ltd.

Appendix A. Supplementary data

Supplementary data to this article can be found online at
https://doi.org/10.1016/j.bjao.2023.100145.

References

1. Gibbs FA, Gibbs EL, Lennox WG. Effect on the electro-
encephalogram of certain drugs which influence nervous
activity. Arch Intern Med 1937; 60: 154—66

2. Schneider G, Gelb AW, Schmeller B, Tschakert R, Kochs E.
Detection of awareness in surgical patients with EEG-
based indices—bispectral index and patient state index.
Br ] Anaesth 2003; 91: 329—35

3. Purdon PL, Sampson A, Pavone KJ, Brown EN. Clinical
electroencephalography for anesthesiologists: part I:
background and basic signatures. Anesthesiology 2015; 123:
937—-60

4. Myers RR, Stockard JJ, Fleming NI, France CJ, Bickford RG.
The use of on-line telephonic computer analysis of the
E.E.G. in anaesthesia. Br ] Anaesth 1973; 45: 664—70

5. Radtke FM, Franck M, Lendner J, Kriiger S, Wernecke KD,
Spies CD. Monitoring depth of anaesthesia in a random-
ized trial decreases the rate of postoperative delirium but
not postoperative cognitive dysfunction. Br J Anaesth 2013;
110: i198—-105

6. Purdon PL, Pavone KJ, Akeju O, et al. The ageing brain:
age-dependent changes in the electroencephalogram

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

during propofol and sevoflurane general anaesthesia. Br ]
Anaesth 2015; 115: i46—57

. Mashour GA, Palanca BJA, Basner M, et al. Recovery of

consciousness and cognition after general anesthesia in
humans. Elife 2021; 10, e59525

. Supp GG, Siegel M, Hipp JF, Engel AK. Cortical hyper-

synchrony predicts breakdown of sensory processing
during loss of consciousness. Curr Biol 2011; 21: 1988—93

. Cartailler J, Parutto P, Touchard C, Vallée F, Holcman D.

Alpha rhythm collapse predicts iso-electric suppressions
during anesthesia. Commun Biol 2019; 2: 327

Touchard C, Cartailler J, Levé C, et al. Propofol require-
ment and EEG alpha band power during general anes-
thesia provide complementary views on preoperative
cognitive decline. Front Aging Neurosci 2020; 12, 593320
Tanabe S, Mohanty R, Lindroth H, et al. Cohort study into
the neural correlates of postoperative delirium: the role of
connectivity and slow-wave activity. Br J Anaesth 2020;
125: 55—-66

Palanca BJA, Wildes TS, Ju YS, Ching S, Avidan MS. Elec-
troencephalography and delirium in the postoperative
period. Br ] Anaesth 2017; 119: 294—307

Fry A, Littlejohns TJ, Sudlow C, et al. Comparison of
sociodemographic and health-related characteristics of
UK Biobank participants with those of the general popu-
lation. Am ] Epidemiol 2017; 186: 1026—34

Henrich ], Heine SJ, Norenzayan A. The weirdest people in
the world? Behav Brain Sci 2010; 33: 61—83. discussion
83—135

Engemann DA, Raimondo F, King J-R, et al. Robust EEG-
based cross-site and cross-protocol classification of
states of consciousness. Brain 2018; 141: 3179—92
Gaubert S, Raimondo F, Houot M, et al. Alzheimer’s dis-
ease neuroimaging initiative: EEG evidence of compensa-
tory mechanisms in preclinical Alzheimer’s disease. Brain
2019; 142: 2096—112

Gemein LAW, Schirrmeister RT, Chrabaszcz P, et al. Ma-
chine-learning-based diagnostics of EEG pathology. Neu-
roimage 2020; 220, 117021

Ye E, Sun H, Leone M]J, et al. Association of sleep
electroencephalography-based brain age index with de-
mentia. JAMA Netw Open 2020; 3, e2017357

Cole JH, Franke K. Predicting age using neuroimaging:
innovative brain ageing biomarkers. Trends Neurosci 2017;
40: 681-90

Engemann DA, Kozynets O, Sabbagh D, et al. Combining
magnetoencephalography with magnetic resonance im-
aging enhances learning of surrogate-biomarkers. Elife
2020; 9, €54055

Spiegelhalter D. How old are you, really? Communicating
chronic risk through ‘effective age’of your body and or-
gans. BMC Med Inform Decis Mak 2016; 16: 1-6

Liem F, Varoquaux G, Kynast J, et al. Predicting brain-age
from multimodal imaging data captures cognitive
impairment. Neuroimage 2017; 148: 179—-88

Cole JH, Ritchie SJ, Bastin ME, et al. Brain age predicts
mortality. Mol Psychiatry 2018; 23: 1385—92

Cole JH, Marioni RE, Harris SE, Deary IJ. Brain age and
other bodily ‘ages’: implications for neuropsychiatry. Mol
Psychiatry 2019; 24: 266—81

Franke K, Luders E, May A, Wilke M, Gaser C. Brain
maturation: predicting individual BrainAGE in children
and adolescents using structural MRI. Neuroimage 2012;
63: 130512


https://doi.org/10.1016/j.bjao.2023.100145
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref1
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref1
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref1
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref1
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref2
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref2
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref2
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref2
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref2
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref2
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref3
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref3
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref3
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref3
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref3
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref4
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref4
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref4
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref4
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref5
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref5
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref5
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref5
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref5
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref5
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref6
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref6
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref6
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref6
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref6
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref7
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref7
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref7
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref8
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref8
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref8
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref8
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref9
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref9
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref9
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref9
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref10
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref10
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref10
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref10
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref10
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref11
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref11
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref11
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref11
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref11
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref12
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref12
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref12
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref12
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref13
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref13
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref13
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref13
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref13
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref14
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref14
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref14
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref14
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref14
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref15
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref15
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref15
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref15
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref16
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref16
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref16
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref16
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref16
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref17
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref17
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref17
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref18
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref18
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref18
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref19
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref19
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref19
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref19
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref20
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref20
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref20
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref20
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref21
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref21
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref21
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref21
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref22
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref22
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref22
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref22
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref23
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref23
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref23
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref24
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref24
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref24
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref24
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref25
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref25
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref25
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref25
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref25

10 | Sabbagh et al.

26.

27.

28.

29.

30.

31.

32.

33.

Jonsson BA, Bjornsdottir G, Thorgeirsson TE, et al. Brain
age prediction using deep learning uncovers associated
sequence variants. Nat Commun 2019; 10: 1-10

Yin C, Imms P, Cheng M, et al. Alzheimer’s disease neu-
roimaging initiative: anatomically interpretable deep
learning of brain age captures domain-specific cognitive
impairment. Proc Natl Acad Sci U S A 2023; 120,
€2214634120

Sabbagh D, Ablin P, Varoquaux G, Gramfort A,
Engemann DA. Predictive regression modeling with MEG/
EEG: from source power to signals and cognitive states.
Neuroimage 2020; 222, 116893

Xifra-Porxas A, Ghosh A, Mitsis GD, Boudrias M-H. Esti-
mating brain age from structural MRI and MEG data: in-
sights from dimensionality reduction techniques.
Neuroimage 2021; 231, 117822

Sun H, Paixao L, Oliva JT, et al. Brain age from the elec-
troencephalogram of sleep. Neurobiol Aging 2019; 74:
112-20

Absalom AR, Mason KP. Total intravenous anesthesia and
target controlled infusions. Cham: Springer; 2018
Engemann DA, Mellot A, Hochenberger R, et al. A reusable
benchmark of brain-age prediction from M/EEG resting-
state signals. Neuroimage 2022; 262, 119521

Touchard C, Cartailler J, Levé C, et al. EEG power spectral
density under propofol and its association with burst

34.

35.

36.

37.

38.

39.

40.

suppression, a marker of cerebral fragility. Clin Neuro-
physiol 2019; 130: 13119

Cartailler J, Touchard C, Parutto P, Gayat E, Paquet C,
Vallée F. Brain fragility among middle-aged and elderly
patients from electroencephalogram during induction of
anaesthesia. Eur ] Anaesthesiol 2021; 38: 1304—6

Cartailler ], Loyer C, Vanderlynden E, et al. Determinants
of post-operative cognitive decline in elderly people. J Prev
Alzheimers Dis 2021; 8: 322—8

Bojak I, Liley DTJ. Modeling the effects of anesthesia on
the electroencephalogram. Phys Rev E Stat Nonlin Soft
Matter Phys 2005; 71, 041902

Yip GMS, Chen Z-W, Edge CJ, et al. A propofol binding site
on mammalian GABA, receptors identified by photo-
labeling. Nat Chem Biol 2013; 9: 715—-20

Kreuzer M, Stern MA, Hight D, et al. Spectral and entropic
features are altered by age in the electroencephalogram in
patients under sevoflurane anesthesia. Anesthesiology
2020; 132: 1003—16

Balanza GA, Bharadwaj KM, Mullen AC, et al. An electro-
encephalogram biomarker of fentanyl drug effects. PNAS
Nexus 2022; 1: gac158

Hight DF, Gaskell AL, Kreuzer M, Voss lJ, Garcia PS,
Sleigh JW. Transient electroencephalographic alpha po-
wer loss during maintenance of general anaesthesia. Br J
Anaesth 2019; 122: 635—42

Handling Editor: Phil Hopkins


http://refhub.elsevier.com/S2772-6096(23)00024-2/sref26
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref26
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref26
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref26
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref26
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref27
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref27
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref27
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref27
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref27
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref28
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref28
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref28
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref28
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref29
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref29
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref29
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref29
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref30
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref30
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref30
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref30
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref31
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref31
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref32
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref32
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref32
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref32
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref33
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref33
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref33
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref33
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref33
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref33
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref34
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref34
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref34
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref34
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref34
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref34
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref35
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref35
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref35
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref35
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref36
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref36
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref36
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref37
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref37
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref37
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref37
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref37
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref38
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref38
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref38
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref38
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref38
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref39
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref39
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref39
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref40
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref40
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref40
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref40
http://refhub.elsevier.com/S2772-6096(23)00024-2/sref40

	Repurposing electroencephalogram monitoring of general anaesthesia for building biomarkers of brain ageing: an exploratory  ...
	Methods
	Patient selection
	Anaesthetic protocol
	Data collection
	EEG processing, model construction, and clinical exploration

	Results
	Discussion
	Authors’ contributions
	Funding
	Declarations of interest
	Appendix A. Supplementary data
	References


