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Abstract

Background: Monitoring unconsciousness under general anaesthesia typically relies on
indirect physiological indicators rather than direct measures of brain activity. This study
investigates a compact, real-time electroencephalography (EEG)-based monitoring sys-
tem that combines machine learning (ML) and edge artificial intelligence (Edge-Al) for
assessing anaesthesia-induced unconsciousness. Methods: Multitaper spectral analysis
(MSA) was incorporated into the real-time processing pipeline to enable feature extraction
from raw EEG prior to inference using LR, LDA, LDA+LR, NN and QNN classifier models.
A compact neural network was developed using spectral features from 2 s EEG epochs
obtained from an available third-party dataset and evaluated using subject-independent
five-fold cross-validation. Across the evaluated classifiers and class-balancing strategies, the
neural network trained using the Synthetic Minority Over-sampling Technique (SMOTE)
provided the strongest overall performance. The selected model was subsequently quan-
tised to 8-bit precision and deployed as a quantised neural network on an untethered
PYNQ-Z2 FPGA module. Results: The neural network achieved an accuracy of 0.90 under
subject-independent evaluation. Following 8-bit quantisation, the FPGA-deployed model
delivered an accuracy of 0.88, while achieving an inference-stage latency below 0.8 ms and
thus a computational speed-up exceeding 2.7x. Conclusions: These results demonstrate
the feasibility of combining subject-independent EEG-based classification with efficient,
low-latency Edge-Al implementation for real-time anaesthesia monitoring. The proposed
system provides a foundation for the development of EEG-based decision-support tools
for anaesthesiologists and has potential for future deployment in resource-constrained or
remote monitoring environments.

Keywords: Edge-Al; EEG anaesthesia monitoring; FPGA computing; machine learning;
multitaper spectral processing; neural networks

1. Introduction

Electroencephalography (EEG) is well established as a non-invasive method for mon-
itoring electrical brain activity using electrodes placed on the scalp. It has been widely
adopted in clinical and research contexts to assess neurological conditions, sleep quality,
cognitive state, and to predict seizures in epilepsy patients [1-7]. With recent advances in
signal processing and the growth of Edge Artificial Intelligence (Edge-Al), EEG data can
now be leveraged in real-time using compact, energy-efficient computing platforms and
applied to anaesthesia monitoring.
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The complexity of EEG monitoring systems varies widely, from simple and relatively
convenient two-point sensor devices, through to highly complex measurement arrays, such as
highlighted in Figure 1. The use of some of these systems in the monitoring of consciousness,
both in brain trauma monitoring and in anaesthesia applications, is an active field [8-12].

Monitoring of levels of unconsciousness can be envisaged in many scenarios, as
highlighted in Figure 2. Careful monitoring in operating theatre situations is perhaps
the most obvious case, where it is necessary to ensure both that consciousness does not
resurface during a medical procedure but also that anaesthesia is not over-administered,
leading to additional medical consequences. However, the ability to deploy monitoring
systems in wider usages is desirable. First responders dealing with head injury, effects
of drug or toxic effects, or needing to sedate patients in situ, could greatly benefit from
portable versions of such systems.
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Figure 1. A complex EEG monitoring scenario. A patient wears a tight-fitting EEG sensor cap over

the cranium, consisting of electrodes that sense electrical fluctuations attributable to internal brain
activity. A network of wires then transfers those signals to an amplification module and a processing
element (typically a computer) where the signals are acquired and then subsequently processed for
display on an EEG readout.

Whilst immediate feedback is of critical value, the behavior of EEG patterns during
such circumstances can have a significant relevance to long term outcomes and subsequent
after-care treatment [12-14]. Recording and analysis of such data is therefore of interest, as
may be real-time analysis.

General Anaesthesia (GA) induces a controlled, reversible unconscious state neces-
sary for many surgical procedures. Administered by anaesthesiologists using intravenous
or inhaled medications, GA suppresses pain perception and awareness while vital signs
are monitored [9,15]. Although generally safe, GA carries risks, especially in elderly pa-
tients, including pneumonia, stroke, or cardiac events. Traditionally, anaesthesiologists
infer consciousness state using indirect indicators, as direct brain monitoring is not stan-
dard practice.

This paper presents a real-time EEG-based system for patients undergoing GA to detect
Loss of Consciousness (LOC) and Return of Consciousness (ROC) using signal-processing
and machine learning (ML) techniques. The system design methods in this study, relied on
use of EEG data from an open-access PhysioNet dataset [10,16], where subjects received
anaesthetic agents (propofol and/or sevoflurane) to induce unconsciousness. Rather
than replacing clinical judgment, the presented embedded Al system design provides a
secondary source of insight into patient sedation.
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Figure 2. Unconsciousness monitoring scenarios, where feasibility of deployment varies in terms
of device form-factor and portability. Deployability is high for operating-theatre anaesthesia and
intensive care scenarios, where resources are readily available, but lower for other cases where
remoteness or limitations on resources are key constraints.

In this study, a physical implementation is explored whereby EEG signals are captured
using a proprietary wearable headband equipped with frontal electrodes, connected to a
Cyton open brain—computer interface (OpenBClI) biosensing board [17]. The Cyton module
then wirelessly transmits amplified EEG electrode signals for receipt and processing with
real-time inference to a chosen host module. Although the headset is capable of capturing
multiple EEG channels, the work undertaken in this study focussed upon the use of
minimal data-stream evaluations, limiting to a single Fp1 channel, thereby minimising
computational effort in the signal preprocessing stages. A more detailed discussion and
rationale for this arrangement is given in the later methodology section.

In this paper, the authors explore the use of an FPGA component as host, specifi-
cally the PYNQ-Z2 board [18], which integrates an on-board ARM processor core with
customisable FPGA logic. This provides the option of implementing any parts of the signal
processing pipeline in software (running on the CPU core) or in hardware (utilising custom
logic). The motivation for using such an approach is to develop an accurate, low-power
system suitable for clinical environments, but without dependence on bulky, expensive
and power hungry equipment.

This research work made use of a precomputed multitaper spectrum dataset derived
from live EEG data gathered during operating theatre and volunteer tests conducted by
the dataset owners [10], as hosted on PhysioNet.org. An important limitation therefore is
that, whilst the described hardware implementation provides an end-to-end implemen-
tation, that implementation could not be tested with the original raw EEG patient data.
Instead, it was implemented to perform the same processing front-end with the same
filters, parameters, and configurations described by the original data set provider for their
multitaper spectrum generation, and validated as operational with other methods. The
authors consider the implemented system to be equivalent but do not provide a one-to-one
verification against the data set provider’s tool-chain.

The remainder of the paper is organised as follows: A brief review of current work in
the field is given in Section 2, while the methodology and focus of this work is detailed in
Section 3. Experimental results and discussion are presented with specific attention given
to ML aspects in Section 4.1 and Edge-Al insights in Section 4.2. Conclusions are then
presented in Section 5, respectively.
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Key contributions to this study include:

e  Utilising a subject-independent cross-validation ML model evaluation framework.

*  Deployment of a quantised neural network (QNN) on a Field Programmable Gate Array
(FPGA), demonstrating Edge-Al for real-time EEG-based unconsciousness classification.

e Integration of MSA, ML and QNN processing on the PYNQ-Z2 platform, wirelessly
connected to the OpenBCI head gear for a unified low-latency solution.

e Empirical comparison of inference performance and power efficiency on edge (FPGA
versus CPU).

*  Demonstration of a clinically relevant, low-resource EEG monitoring tool suitable for
embedded medical applications.

In this field of work there are a number of papers making quantitative comparisons of
different algorithmic methodologies in EEG analysis (e.g., [19,20]), and also other works
describing implementations of specific algorithms on FPGA [21,22]. However, there appear
to be far fewer studies that collectively compare a number of algorithms, where each is im-
plemented on the same target FPGA platform and with the same EEG signal pre-processing
chain. The authors therefore believe that this paper makes a contribution to addressing
that knowledge gap and in comparing the performance and trade-offs of a selection of
algorithms implemented with the same resource-constrained hardware platform. This
work demonstrates that the least favourable software algorithm (NN based on CPU im-
plementation) can actually deliver the best performance trade-offs when implemented in
hardware (as an equivalent QNN implemented in custom FPGA logic blocks).

2. Related Works

Several comprehensive review articles have summarised the application of EEG and
ML for consciousness monitoring during general anaesthesia [11,12,23], and more widely
in related fields [24,25]. Rather than duplicating these extensive reviews, this section
focuses on the areas most relevant to the present study and build upon prior research
demonstrating the feasibility of using EEG-ML to detect anaesthesia-induced unconscious-
ness. Specifically, it reviews previous work on EEG-based consciousness monitoring, EEG
acquisition methodologies, hardware implementations, and ML approaches for real-time
anaesthesia monitoring. These topics provide the background and motivation for the ML
framework proposed in this paper.

2.1. EEG-Based Consciousness Monitoring

Depth-of-anaesthesia monitors (DoA) typically use a limited frontal EEG montage
(1-2 channels) because frontal signals reliably reflect anaesthesia-related spectral changes
associated with loss and recovery of consciousness [26]. The Bispectral Index (BIS), one of
the most widely used processed EEG depth monitors, is derived from frontal EEG for use
during GA based on correlations between frontal EEG patterns and clinical DoA [27].

Research comparing EEG channel locations for DoA classification showed that frontal
locations provided the best discrimination between awake and anaesthetised states, sup-
porting the use of a single frontal channel in monitoring [28].

Many approaches have been proposed for automating the measurement of depth of
consciousness/unconsciousness [29,30]. A notable study by Abel et al. [16] introduced a
logistic regression classifier trained on multitaper spectral features from healthy volunteers
administered propofol based on frontal electrode placement. Their work addressed the
scarcity of EEG datasets by releasing high-quality annotated data for public use. A high
accuracy was achieved (median AUC of 0.986, accuracy of 0.91), although its deployment
was limited to software-based offline analysis. Khan et al. [31] also explored ML models for
estimating DoA using a single EEG channel, reporting accuracy of 79% using novel feature
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extraction pipelines. A useful study by Schmierer et al. [32] reviewed many deep learning
ML methods which model the complex and non-linear relationship between EEG signals
and DoA, including the use of Convolution Neural Network (CNN) models [33] that can
be computationally intensive for more advanced architectures.

Although these efforts advanced the state of the art, they did not include hardware
deployment or considerations for real-time, resource-constrained environments. The ability
to deploy such technology for real-time monitoring, with limited resources, is an area of
great interest for disaster-emergency response scenarios, use in global regions with limited
infrastructure and in first-response situations. To further explore solutions for this domain,
this work focuses on efficient, Edge-Al compatible deployment of EEG classifiers using
compact neural networks and low-power FPGA hardware. It is demonstrated that real-time
inference is feasible with acceptable accuracy trade-offs, even using a single EEG channel.

2.2. EEG Acquisition and System Trade-Offs

EEG hardware varies in channel count, cost, and signal fidelity. Clinical systems of-
ten support 32-64 channels, but simpler setups can suffice for targeted applications like
anaesthesia monitoring. The OpenBCI Cyton board was chosen for its balance of afford-
ability, wireless connectivity, and compatibility with Python-based workflows [17]. The
Cyton offers eight channels and has shown comparable performance to more expensive
clinical-grade amplifiers [34]. For high-fidelity EEG capture in portable settings, the Bittium
BrainStatus™ system [35] offers 16 channels, wireless operation, and medical device
certification.

However, due to cost and form-factor constraints, the OpenBClI platform with a frontal
electrode configuration was selected. The PYNQ-Z2 platform (Figure 3) serves as the
processing unit. It features a Zynq system-on-chip (SoC) that combines programmable logic
with ARM processors, enabling efficient filtering, spectral analysis, and neural network
inference. Prior work has demonstrated its suitability for medical-grade signal processing
with low error and distortion [36].
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Figure 3. PYNQ programmable SoC architecture showing the ARM processing system and fixed
peripheral interfaces, with USB being utilised for connection to the Cyton board, and on-chip FPGA
fabric utilised for custom logic implementations (as discussed later). Diagram redrawn based on [18].
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2.3. Hardware-Based EEG Monitoring Systems

Whilst there are a variety of front-end signal acquisition systems available, such as
OpenB(lI, the implementation of complete EEG monitoring systems still requires signal
conditioning, data processing capability, decision making ‘intelligence’, and ultimately a
human interface feedback element. Many systems designed for what might be termed

‘permanently located deployment” are based upon large equipment footprints, often based

upon desktop PC (or equivalent) scales of technology at the back-end, and having ample
power and space available. The most obvious example of this is the operating theatre or
the intensive care unit (ICU). However, there has been a thread of work in the field that
relates to the optimisation of systems at the hardware level with the clear opportunity to
improve cost factors including size, portability, power consumption, and other criteria,
including recent reviews of these topics [37]. Thus the potential for wider deployment of
EEG monitoring capabilities, outside of theatre or ICU scenarios can be facilitated.

Examples for such work include dedicated but experimental integrated circuit de-
signs [38], which typically achieve high levels of integration, low power and low physical
size. FPGA platforms are more widely prevalent in related research projects, where rapid
design changes can be applied and tested without the complexity of chip design flows.
These works report varying power consumption figures for implementations of milliwatts
up to tens of watts, and iteration times and latencies typically ranging from hundreds of
milliseconds to seconds [21,39-41].

Recent works, including this paper, emphasise the value of real-time performance.
Importantly, in the domain of anaesthesia monitoring, the concept of real-time system
performance is bounded by clinical expectations rather than pure technology optimisation.
Feedback on DoA in the timescales of seconds is entirely suitable for an operating theatre
monitoring situation, given that the purpose is typically to ensure anaesthesia levels
are adjusted manually by the anaesthetist with response times of the patient being in
similar timescales. Higher rates of inference are still of interest however. Post-operative
study and analysis of EEG state and subsequent information on pre-operative recovery,
e.g., detection of burst-suppression events for instance, could lead to more sophisticated
monitoring systems, more tailored post-operative treatments, and better long term patient
outcomes [13]. Whilst such data can be analysed off-line in a post-operative mode, the
rapid recording and capture of initial diagnostic indicators and Al-enhanced feedback is
likely to be valuable in the immediate post-operative period.

2.4. Machine Learning and FPGA Acceleration

EEG analysis has traditionally used logistic regression, Support Vector Machines
(SVM), and more recently, deep neural networks such as CNNs and Recurrent Neural
Networks (RNNs). A comprehensive review by Roy et al. [42] identified CNNs and RNNs
as dominant in EEG classification tasks, yet emphasised the trade-offs between model
complexity and deployment feasibility.

Recent studies have shown that FPGA-based hardware acceleration can significantly
improve inference speed and reduce power consumption. Kostarelos et al. [43] developed
an FPGA-based system for traumatic brain injury detection, achieving 2x speedups over
CPU implementations. This work aligns with this direction by leveraging the FINN
framework (Fast Inference Engine for Neural Networks) [44] to compile QNNs to FPGA
logic. FINN's integration with Vivado High Level Synthesis (HLS) and Brevitas FPGA
tools [45] allows for scalable, low-precision neural network deployment with minimal
accuracy degradation [46].

Although previous studies have demonstrated the feasibility of EEG-based ML or con-
sciousness detection, comparatively fewer studies have investigated subject-independent
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evaluation across clinical cohorts while also examining the influence of different class-
balancing strategies on classifier performance. These limitations motivated the method-
ology adopted in this work. The contributions of this work are threefold. First, a subject-
independent ML framework is developed and evaluated using five-fold cross-validation
across volunteer and clinical operating room EEG cohorts. Second, the influence of multiple
class-balancing strategies and ML classifiers are investigated to identify the most effective
approach for consciousness detection. Finally, the selected algorithm is implemented as
an FPGA-based Edge-Al system incorporating spectral processing and a QNN model,
demonstrating the feasibility of real-time EEG-based anaesthesia monitoring.

3. Methodology

This section outlines the rationale, dataset processing and approach used to acquire,
process, and classify EEG data for detecting anaesthesia-induced unconsciousness.

3.1. Rationale

A core aim of this study was to assess how different ML inference methods would
perform when applied to the problem of classifying EEG data into conscious or uncon-
scious subject status in the presence of anaesthesia. The expectation was that there would
be variations in accuracy, complexity, iteration time, and resource utilisation. The im-
plication would then be that those factors would allow informed choices about optimal
implementation of such a system in deployment scenarios as outlined earlier.

Five ML inference models were examined:

* LR: Logistic Regression

¢ LDA: Linear Discriminant Analysis

e LDA+LR: Combination of LR and LDA

¢ NN Standard Neural Network implementation
e  QNN: Quantised Neural Network

LDA was included both as a standalone linear classifier and as a supervised feature
transformation method (LDA+LR) within a structured progression of models ranging
from simple linear baselines (LR) to nonlinear neural network approaches (NN and QNN).
Alternative techniques such as locality preserving projection (LPP) preserve local manifold
structure and may better capture nonlinear EEG relationships [47]. However, with the
emphasis on computational efficiency for hardware deployment, these five models were
chosen due to their supervised nature and computational simplicity.

The first four cases, LR, LDA, LR+LDA, and NN, were implemented as software coded
algorithms running on an ARM Cortex-A9 core embedded within a Zyng-7000 SoC device
(XC7Z2020-1CLG400C) and hosted on a PYNQ-Z2 development board (see details in Acknowl-
edgements section). The QNN implementation utilises reduced precision representation of
values within a neural network, based upon quantitation to 8-bit quantities, and was imple-
mented as a custom hardware module using FPGA logic block fabric instead of a CPU model.
The expectation here was that by quantising the NN values the accuracy would reduce, but it
would also permit reductions in hardware cost. Provided the trade-off was favourable, this
would then present a useful option for reducing hardware footprint of a future system.

Each inference implementation relies upon training their respective algorithm with
the same, appropriately selected, EEG dataset, tested with the same assumptions about pre-
processing front-end and spectral analysis. This is described in detail in Section 3.2, where
the methodology of multi-tapered spectrum is described as a technique for translating
raw EEG data into a dynamically updated power spectra, which updates at the end of
each two-second data window, applied consecutively across the whole of each patient
anaesthesia data run.
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The ML models were evaluated using subject-independent cross-validation, with
performance assessed using Accuracy, Precision, Sensitivity, Specificity, F1-score, and AUC.
Following comparative evaluation, the best-performing model was further analysed us-
ing aggregated confusion matrices, precision-recall analysis, and prediction probability
distributions before deployment as a QNN on the FPGA-based Edge-Al platform. The re-
maining subsections describe the dataset handling aspects and the ML models deployed for
classification, including the final QNN case with quantisation and FPGA implementation.

3.2. Dataset and Preprocessing

The dataset used in this study is an open-source compilation from PhysioNet [10],
which includes anonymised EEG spectral recordings from two cohorts undergoing GA: a
controlled volunteer group and a clinical operating room (OR) group. The dataset access
is restricted to authorised users bound by a Health Data Use Agreement to safeguard
privacy and avoid individual identification. The volunteer group included 10 healthy
individuals who underwent anaesthetic administration in a controlled experimental setting,
while their responsiveness was directly monitored. The volunteers received increasing
doses of propofol while responding to auditory cues to identify Loss of Consciousness
(LOC) and Return of Consciousness (ROC) events. The OR group consisted of 44 patients
receiving anaesthesia care in a surgical context, where 27 of these patients were adminis-
tered solely propofol, while 17 other patients received sevoflurane (alone or in addition to
propofol). The anonymised subject IDs are tabulated in Table 1, where they are grouped in
to anaesthesia subsets and separated into OR and volunteer cohorts. Two subjects from
the OR propofol + sevoflurane cohort (212 and 630) were excluded from the experimental
study following a data quality assessment because their EEG recordings exhibited sub-
stantial inconsistencies between the provided reference consciousness annotations and
the observed EEG spectral characteristics. Since the source of these discrepancies could
not be established, these recordings were not considered suitable, as reliable reference
labels are essential for supervised learning. More information about the exclusion of these
two subjects is discussed in Appendix B.

Table 1. Dataset subjects by category of anaesthesia and modality. Items in curly brackets represent
two individual subjects in the mixed cohort excluded from the experimental work.

Cohort Subject ID’s

OR (Propofol) 54, 62, 65, 154, 223, 373, 455, 511, 695, 697, 703,

(27 subjects) 713,724,788, 790, 796, 806, 808, 811, 834, 839,
856, 858, 867, 908, 937, 962

OR (Sevoflurane) 222

(single subject)
OR (Propofol with Sevoflurane) 132, 133, 143, 208, 228, 244, 281, 300, 731, 1014,

(16 subjects, 2 excluded) 1029, 1051, 1069, 1071, {212, 630}
Volunteer (Propofol) 02, 03, 04, 05, 07, 08, 09, 10, 13, 15
(10 subjects)

Patient status was classified as conscious or unconscious based on surgical timestamps
corresponding to induction, surgery initiation and surgery completion [16]. The EEG
signals were recorded based on a frontal electrode (Fpl) configuration, downsampled
to 250 Hz where necessary and then converted to the frequency domain using a Fourier
Transform (FT) utilising Multitaper Spectral Analysis (MSA).

MSA presents a refined technique that leverages a series of orthogonal tapered window
functions, typically Slepian sequences (also called discrete prolate spheroidal sequences,
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DPSS). Slepian sequences are designed to maximise energy concentration within a specified
bandwidth W in the frequency domain, while being limited to a finite time window of
length N. This makes them ideal for analysing signals where both time and frequency
resolution are important. A derivation of the multitaper equations is provided in [48],
however it is important to note that the sequences are orthonormal over the interval
[0, N — 1] as defined in (1), which ensures that each taper provides an independent view of
the signal’s spectrum.

N-1

Y vx[n]vj[n] = &, 1)

n=0

where: N = length of the sequence,
vk [n] = k-th taper,

dxj = Kronecker delta.

Figure 4 shows the principle of preprocessing the raw EEG signal data, with an initial
detrending phase which removes low frequency offsets due to baseline signal drift, after
which the data is segmented into two-second windows, in this implementation without
overlap. Each window is then further processed to yield a detailed frequency spectrum
suitable for inference usage. An example of the frequency derivation, via the application of
four Slepian tapers to an EEG signal, is illustrated in Figure 5. The frequency derivation
methodology involves the combination of the signal with each DPSS taper, followed by the
computation of individual taper spectra through the Fast Fourier Transform (FFT).

. Raw EEG data Detrended EEG data
S o : : o B —
= sl 6
S o
Lﬂ 0 1 2 3 4 5 6 7 8 0 1 2 :; 4 5 6 7 8
Time (s) Time (s)
. 1°" window 2" window 3 window 4t window
Sy . . .
3 2 20 2 20
0 0 0 0
% -20 -20 -20 -20
) % 1 % 1 2% 1 2% 1 2
Time (s) Time (s) Time (s) Time (s)
158 window spectral estimation
R 20 B
3 10 ]
5 0 J
g -10f 1
s
-20 -
L L L L
0 10 20 30 40 50

Frequency (Hz)

Figure 4. Data processing of the EEG signal leading to a multitaper spectrum.

As Figure 5 illustrates, the initial acquired digital signal for a signal x[n] at (a) is
subject to a set of K Slepian tapers v [n] at stage (b), yielding the tapered signals (2) at (c).
These signals are then transformed at stage (d) using the FFT (3) to give the frequency
representation of the signal under each taper. Finally, at stage (e) the power spectral density
(PSD) estimate from each taper is then calculated in (4). The orthogonality of DPSS tapers
permits the averaging of these single-taper spectra to obtain the multitaper spectral estimate
as defined in (5), resulting in a comprehensive multitaper spectrum.

xi[n] = x[n] - v n], k=1,2,...,K, ()
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Xi(f) = FFT(x¢[n]), ®)

Sk(f) = 1Xe(f)I, )

$(f) = & 3 S(f) = 2 3 X (f)[? 5
(f) = Ek; k(f) = Ek:le k(I )

The raw EEG signal is sampled at 250 Hz and data processing involves linear detrend-
ing and segmentation into 2 s epochs without any overlapping intervals. In order to match
the pre-processing used in the available dataset composition, the computation of spectral
power across the frequency range is generated using (in this case) five tapers, where MSA is
applied to each data segment and returns the signal power for 100 frequency bins, ranging
from 0 to 49.5 Hz in 0.5 Hz intervals.
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Frequency (Hz)

Figure 5. General example of MSA applied to EEG signal, where (a) shows the time-domain EEG
signal, (b) shows four DPSS tapers applied to the input signal, with the resulting individual outputs
shown in (c). Following on, the four DPSS taper outputs are then processed to yield individual FFTs
as shown in (d), and then finally summed and averaged to form a single multitaper spectrum as
illustrated in (e).

The application of MSA yields a spectral representation that helps with the accuracy
of traditional FT-based methods, but also avoids the introduction of ringing artefacts,
providing a clearer and more reliable insight into the signal’s frequency content.

Taking inspiration from the MSA study in [48] and to visualise the brain signal charac-
teristics from a patient undergoing GA, Figure 6a is an example of an EEG data recorded
from the Fpl electrode of a volunteer undergoing propofol-induced GA. The EEG was
recorded during a surgical procedure, with the displayed data section lasting ~1600 s,
and where the anaesthetic was administered at ~200 s. The right-hand figure illustrates a
close-up of a 2 s data window beginning at 1000 s, corresponding to the time the patient
was under GA. Figure 6b is the MSA derived EEG spectrogram, where the PSD uses a dB
scale colourmap. Under GA, alpha-band activity (8-12 Hz) is predominantly observed
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in the frontal region, whereas in the awake state, this frontal alpha activity is markedly
reduced [49]. A close-up of the PSD estimate at 1000 s is displayed on the right-hand side,
showing pronounced alpha-band activity.
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Figure 6. Illustration of EEG spectrogram for a patient undergoing GA. (a) Time-domain EEG trace;
(b) spectrogram derived from MSA. The right-side panels display a close-up of a 2 s interval at 1000 s,
highlighted by the red dashed line in (a).

3.3. Treatment of Signal Artefacts

It is well known that EEG electrode sensing comes with unwanted extraneous signal
behaviours. These include poor electrode contact with the skin, effects of movement of the
subject, and muscle related signals being picked up by the electrode: eye blinking being a
particularly prevalent cause in these scenarios.

In this study, the public repository dataset provided was labelled only for conscious
versus unconscious patient status, and no additional information was available to attempt
to train ML models or to apply mitigations to identify such transient effects. Consequently
this work does not attempt to identify or manage such effects but rather to achieve best
overall accuracy within that unrefined signal environment.

It is recognised however that more sophisticated systems might be trained to iden-
tify such artefacts based upon standard reference models, and future work might find
benefit in applying those techniques to unlabelled data to improve both training and
testing outcomes.

3.4. Class Balancing

The dataset containing the anonymous EEG recordings are included in multiple files,
linked by a unique case ID. The raw EEG signal is not provided and instead the files are
structured to contain the spectrogram information and labeled to equate the state the subject
was in at the time with ‘1’ indicating consciousness and ‘0" indicating unconsciousness.
Further information indicates the time in seconds since the start of the EEG recording along
with a set of data points to represent the 100 spectral frequency bins.
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The volunteer cohort consists of 10 separate recordings, each averaging about 2 h and
37 min in length, whilst the OR cohort consists of 44 different recordings, each averaging
about 59 min in length. The data in Figure 7 captures the level of class 0 to class 1 imbalance
across the OR and Volunteer cohorts, where the imbalance is measured as the absolute
difference between the number of valid class 0 and class 1 labels as a percentage of all n
class labels in a given subject i, as noted in Equation (6).

Class 0 / Class 1 imbalance per subject
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Figure 7. Class 0 to Class 1 imbalance ratios for OR patients and Volunteer cohorts.

imbalance; = \C—O — S % 100% (6)
noon

where: ¢y = class 0 count for subject i,
c1 = class 1 count for subject i,

n = total count for subject i.

It is noticeable that the majority of the OR cohort recordings occur during the patient’s
class 0 (unconscious) state as the imbalance percentages are very high. In comparison, the
volunteer cohort recordings are reasonably more balanced between the class 1 (conscious)
and class 0 (unconscious) states. This large skew, especially in the distribution of the
OR cohort data can lead to a negative effect on the ML classifier being trained and is
termed an ‘imbalanced dataset’. A 2D example representation for one of the OR patient’s
data is illustrated in in Figure 8a, where the majority class 0 is coloured blue, and the
minority class 1 is coloured red. To address the dataset class imbalance, both Random
Undersampling (RUS) and Synthetic Minority Oversampling Technique (SMOTE) methods
are utilised [50]. The undersampled data (Figure 8b) reduces the majority class by randomly
removing samples, while SMOTE generates synthetic minority class samples (Figure 8c) by
interpolating between existing instances.

These resampling strategies were selected as straightforward and widely used ap-
proaches to mitigate severe class imbalance during training, with the aim of stabilising
optimisation and improving class representation. Prior to model classification, the spectral
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features were scaled using the median and interquartile range to ensure standardisation
and to minimise the impact of outliers.
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Figure 8. 2D representation of Imbalanced, Undersampled and Oversampled datasets, where (a) is the
Original imbalanced dataset, (b) shows the RUS undersampling outcome, and (c) shows oversampling
using the SMOTE technique.

3.5. ML Five-Fold Evaluation Approach

For ML model analysis, EEG data from the volunteer and OR cohorts were combined
into a single dataset and evaluated using a five-fold subject-independent cross-validation
framework. Subjects were assigned to five mutually exclusive folds, such that all EEG
spectral samples from an individual subject were allocated exclusively to a single fold. As
subjects contributed varying numbers of EEG samples, an initial assighment followed by a
swap-based optimisation procedure was employed to distribute subjects across the five
folds, minimising deviation from the target number of samples per fold while maintaining
complete subject independence. During each cross-validation iteration, four folds were
used for model training and the remaining fold was reserved for testing. This evaluation
strategy prevented subject-level data leakage and provided a rigorous assessment of model
generalisation to previously unseen individuals.

To investigate the effect of class-balancing strategies on classifier performance, three
five-fold datasets were generated. The Original dataset retained the natural class distribu-
tion within both the training and test partitions, preserving the inherent imbalance between
conscious and unconscious EEG samples. The RUS dataset was generated by randomly
under-sampling the majority class within the training partition of each fold to produce a
balanced training set, while the corresponding test partition remained unchanged. Sim-
ilarly, the SMOTE dataset was created by applying SMOTE to the training partition of
each fold to synthetically increase the minority class and achieve class balance. In all cases,
the test partition retained its original class distribution to provide an unbiased evaluation
under realistic class prevalence. Performance metrics were calculated for each fold and are
reported as the mean and standard deviation across the five cross-validation folds using
radar plots from the tabulated results included in Appendix A.
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3.6. ML Models
As mentioned earlier, five key models were evaluated as part of this study:

¢  Logistic Regression (LR): A standard baseline for binary classification.

*  Linear Discriminant Analysis (LDA): Used both as a classifier and for feature reduction.

¢ LDA+LR: A hybrid model approach using LDA for input feature transformation
followed by LR classification.

*  Neural Network (NN): A fully connected multi-layer perceptron.

¢ Quantised Neural Network (QNN): The same NN architecture converted into an 8-bit
fixed-point representation for FPGA deployment.

The implementation methodology for each of the five evaluated models are described
in the following subsections.

3.6.1. Logistic Regression (LR)

This is a supervised ML algorithm designed for binary classification tasks, aiming to
predict one of two possible outcomes based on a set of input features. In contrast to linear
regression which predicts a continuous value, LR estimates the probability of an input
belonging to a specific class [51]. Mathematically, LR models the probability P(y =1 | x)
of a binary outcome y given a feature vector x, using the sigmoid function:

1

o (@)’ @)

Ply=1|x) =

where: w = weight vector,
b = bias term,

x = input features (e.g., spectral
power).

In this work, LR was implemented as a (Python) software coded solution running on
the ARM CPU core.

3.6.2. Linear Discriminant Analysis (LDA)

This is a supervised learning technique primarily used for classification and dimen-
sionality reduction, particularly effective when dealing with normally distributed data and
linearly separable classes [52]. In binary classification tasks, LDA seeks to find a linear
boundary that best separates the two classes based on the input features.

The LDA technique models the data by assuming that each class generates data
according to a Gaussian distribution with a shared covariance matrix, but different class
means. The algorithm computes a discriminant function that projects the input data onto
a line such that the between-class variance is maximised and the within-class variance is
minimised. In EEG-based ML, LDA is widely used due to its computational efficiency,
robustness to noise, and interpretability. It is particularly effective when the number of
features is large relative to the number of observations, a common scenario in EEG analysis.
In this work, LDA was also implemented as a (Python) software coded solution running
on the ARM CPU core.

3.6.3. LDA+LR Combination

LDA+LR builds on approaches that combine linear feature extraction with statistical
classification in EEG analysis [53]—this study extended the analysis by implementing a
hybrid model that integrates Linear Discriminant Analysis (LDA) for feature extraction
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with a Logistic Regression (LR) classifier as a unified pipeline. Again, the implementation
was software coded on the CPU core.

3.6.4. Neural Network (NN)

The NN model is based upon a class of ML models that consist of interconnected
layers of nodes (neurons) that learn complex mappings between input features and target
outputs through iterative optimisation. In EEG analysis, NNs are particularly effective for
capturing nonlinear relationships and spatiotemporal patterns in brain signals. NNs are
widely used in EEG-based applications such as emotion recognition, seizure detection, and
brain—computer interfaces (BCls) [54,55]. Their ability to learn hierarchical representations
makes them suitable for raw or minimally processed EEG data, although they typically
require large datasets and careful regularisation to avoid overfitting.

In this work, a two-layer NN was developed which comprised of 100 input features,
a single fully connected hidden layer containing 32 neurons with ReLU activation, and a
single output neuron with a sigmoid activation for binary classification as shown in Figure 9.
The network was trained for 300 epochs using a batch size of 64, using the Adam optimiser
(B1 = 09,82 = 0.9999) with a learning rate of 0.0002, and binary cross-entropy loss.
Reproducibility was ensured by fixing the PyTorch (torch.manual_seed(0)) and NumPy
(np.random.seed(0)) random seeds (PyTorch version 1.10.2, NumPy version 1.19.0). For
each subject-independent cross-validation fold, model training was performed only on
the corresponding training partition, with the class-balancing procedure (RUS or SMOTE)
applied to each subject ID in the training data folds. Feature scaling (RobustScaler) was
fit only on each fold’s training partition and applied to transform the corresponding
test fold, to avoid information leakage between folds. The model achieving the highest
balanced accuracy was retained for evaluation on the independent test fold maintaining
its original class distribution. The relatively compact 100-32-1 architecture was selected
following evaluation of alternative configurations (e.g., 16-64 hidden units and one vs.
two hidden layers), which showed no substantial performance gains for larger or deeper
models while increasing model complexity and CPU resource usage. This was done
with the objective of achieving a suitable balance between classification performance and
computational complexity for subsequent FPGA deployment, thus making it practical
for Edge-Al deployment. The trained NN runs on the CPU core as part of the Pytorch
Modeling Framework [56].

Input layer
100

T1—> Hidden layer

T2—>
Output layer
1

:173_)

Z100 —>

Figure 9. Two-layer neural network model.
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3.6.5. Quantised Neural Network (QNN)

This is based upon a class of neural models where the weights, activations, and
sometimes gradients are represented using low-precision numerical formats, such as 8-bit
integers instead of 32-bit floating-point values [57]. This quantisation significantly reduces
the computational complexity, memory footprint, and energy consumption, making QNNs
highly suitable for real-time EEG processing on resource-constrained devices. In QNNSs,
the standard NN operations are modified to use quantised values:

7= f(QW)-Q(x) +Q(b)), (®)

where: Q(.) = quantisation function,
W, x, b = weights, inputs, and biases,

f(.) = nonlinear activation function,
often also quantised.

QNNs maintain competitive performance compared to full-precision models, es-
pecially when combined with techniques like post-training quantisation (PTQ) [58] or
quantisation-aware training (QAT) [59]. Following selection of the full-precision NN archi-
tecture, an 8-bit QNN design was developed using QAT implemented with the Brevitas
library in PyTorch. The same network architecture 100-32-1 was maintained, while weights
and activations were quantised to 8-bit precision. The resulting QNN was exported through
ONNX for FPGA deployment on the PYNQ-Z2 platform. The same optimiser, learning
rate, epochs and batch size parameters were used as for the full-precision NN training
procedure. QAT was selected over PTQ to better account for quantisation effects during
optimisation and to preserve performance under low-precision constraints.

QNN are well-suited for EEG applications, offering fast and energy-efficient inference
that facilitates deployment on microcontrollers and FPGAs. Unlike the other models, QNN
was compiled as a hardware accelerator core, implemented using the FPGA logic block
fabric, and does not run on the CPU. Fuller details are given in the next Section 3.7.

3.7. Field-Programmable Gate Array (FPGA) and Hardware Validations

An FPGA features a matrix of configurable logic blocks for hardware acceleration,
enabling offloading of repetitive, compute-intensive tasks from the CPU, allowing it to
perform other tasks and to reduce overall power utilisation. The CPU may itself be part of
the same chip, allowing a highly integrated solution with small physical size. FPGAs are
traditionally programmed with hardware description languages like Verilog or VHDL, but
increasingly employ High-Level Synthesis (HLS) for transforming high-level behavioral
descriptions into synthesisable designs [60]. HLS utilises languages such as C and C++,
which simplifies embedded development. The work presented in this paper uses HLS
(AMD Vitis version 2022.2) to operate a NN on an FPGA applied to the PYNQ-Z2 platform.

The implementation methodology used in this work assumes a physical implementa-
tion, whereby EEG signals are captured using a proprietary wearable headband equipped
with frontal electrodes, connected to a Cyton open brain—computer interface (OpenBClI)
biosensing board [17] as shown in Figure 10. The Cyton module wirelessly transmits
amplified signals for receipt and processing with real-time inference to the host module: a
PYNQ-Z2 board [18], which integrates an ARM processor with FPGA logic. The spectral fea-
tures supplied by the third-party dataset were generated from non-overlapping two second
EEG epochs, using the NiTime Python package. Each epoch was linearly detrended using
bandpass filtering prior to multitaper spectral estimation over the 0-50 Hz frequency range,
using a time-bandwidth product of three and five tapers. To ensure consistency between

https:/ /doi.org/10.3390 /biomedinformatics6050080


https://doi.org/10.3390/biomedinformatics6050080

BioMedInformatics 2026, 6, 80

17 of 34

the spectral features used for model development and those generated during real-time
operation, the MSA stage of the real-time pipeline was configured using the corresponding
spectral estimation parameters and same Python (version 3.6) libraries. In all cases, Python
code executing on the on-board FPGA CPU core is used for signal processing, including
filtering and multitaper spectral analysis (MSA). The final stage is then performed by a
selected ML classification method implemented in either CPU-bound coding or as custom
FPGA logic with a hybrid CPU+FPGA model.

Figure 10. Example Headband configuration (left) with electrodes (blurred photo enhanced to show
sensor positioning) capturing EEG data from Cyton biosensing board (right). Data is then transmitted
wirelessly to the host platform under development.

Importantly, due to the practical constraints of actual live patient testing outside of
a clinical research setting, the prototype host platform was evaluated for performance
capabilities (speed, power, accuracy and performance) in two ways: Inference methods,
running on the FPGA-hosted CPU core, were evaluated via the use of a publicly available
dataset [10] which provides a precomputed MSA data stream for a number of patients from
clinical and control settings. The MSA pre-processing stages implemented for this system’s
evaluations were configured with the same processing parameters used by the dataset
originators and tested independently as a ‘“front-end’ stage to validate its operation. One of
the consequences of using the pre-existing dataset is that only a single EEG data channel is
available, however as the intention in this work was to utilise a single channel, Fp1, and
evaluate how well that simplest arrangement would perform, this was not an issue.

One key question (and motivation) relating to the trade-offs between software versus
hardware NN implementations relates to scaling complexity. In this paper only a single EEG
channel is used; however, multiple channels might be desirable. At the same time a more
sophisticated algorithm might also be employed. Both of these aims imply more artificial
neurons in an NN or QNN solution. In very general terms, doubling the complexity of
an NN solution implemented in software is likely to increase computational time (serial
by nature in a uni-processor) by a factor of 2 to 4 times. However, the layered and tree-
like architecture of a QNN implemented in hardware means that most of its additional
complexity is added in parallel to existing neurons, and computational time cost is therefore
likely to be minimally increased even with many EEG sensor channels. Studies of the scaling
complexity of artificial neural networks, and FPGA related optimisations, suggest there is
significant opportunity here for future development [61-63].

In this study, a complete design flow was implemented on an FPGA, which spanned
signal acquisition, frequency-domain transformation, and MSA to facilitate real-time EEG
signal processing and classification using data from the OpenBCI headband. That hardware
implementation was then tested for functional real-time correctness of operation in order to
validate its ability to acquire live signals via the headset, convert data channels into taper
spectra data blocks of the same size and format as those provided in the open dataset, and
then to apply those data-blocks in the analytical stage chosen for each test scenario (LDA,
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NN, ONN, etc.). The correctness and performance accuracy of the algorithms employed
was tested separately using the taper spectra blocks already preprocessed as this was how
they were supplied in the open dataset used.

4. Results and Discussion
4.1. ML Model Application and Results

The ML models described in Section 3.6 were evaluated using the subject-independent
cross-validation framework outlined in the methodology section. To facilitate a comparison
of classifier performance across the three class-balancing strategies that are SMOTE, RUS
and Original datasets, Figure 11 presents a radar plot of the Precision, Specificity, Sensitivity,
F1-score, AUC and Accuracy scores obtained across the five folds for the LR, LDA, LDA+LR
and NN models. The data used for these plots is provided in Appendix A along with
mean and standard deviation data for the five-fold cross-validation experiments (see
Tables A1, A2, and A3, respectively).

(a) SMOTE (b) RUS (c) Original

Precision

HAgcuracy Sensitivity s % Afcuracy Sensitivfity

— LR LDA - LDA+LR — NN

Figure 11. Radar plots comparing the mean performance of the LR, LDA, LDA+LR, and NN
classifiers for the (a) SMOTE, (b) RUS, and (c) Original training strategies. Polygon vertices represent
the mean values obtained from subject-independent five-fold cross-validation, while the shaded
regions indicate +1 standard deviation across the five test folds.

These plots provide a visual summary of the performance profile of each classifier,
highlighting the trade-offs between evaluation metrics, and compares the average perfor-
mance of the four evaluated classifiers under the three training strategies. The polygon
vertices correspond to the mean performance metrics obtained from subject-independent
five-fold cross-validation, while the shaded regions represent the corresponding standard
deviations across the five folds. The two-layer NN model consistently achieved the highest
mean performance across all evaluation metrics, while exhibiting relatively small variability
for sensitivity and specificity scores, indicating robust and consistent generalisation to
previously unseen subjects. The Original (imbalanced) training strategy performs rea-
sonably well, but its sensitivity and F1-scores are noticeably lower than those obtained
with SMOTE. Meanwhile RUS class balancing improves sensitivity relative to the Original
training set, but does not match the balance and overall performance achieved by SMOTE,
particularly for sensitivity, specificity and AUC scores. Based on these findings, the two-
layer NN model, trained using the SMOTE balancing strategy, was selected for detailed
performance analysis.

The confusion matrix, probability distribution and precision—-recall curve analyses
presented in the following sections were generated by aggregating the predictions from the
five independent test folds, thereby evaluating classifier performance across all previously
unseen subjects.
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4.1.1. Confusion Matrix Test Results

Following the cross-validation analysis, the performance of the selected NN-SMOTE
classifier was further evaluated using confusion matrices generated from the aggegrated
predictions of the imbalanced distributions in the five independent test folds. To assess
model performance across different acquisition settings and anaesthetic protocols, separate
confusion matrices were constructed for three distinct patient cohorts: (i) the Volunteer
cohort, in which unconsciousness was induced using propofol; (ii) the operating room
(OR) cohort receiving propofol-based anaesthesia; and (iii) the OR cohort receiving a
combination of propofol and sevoflurane.

Figure 12a—c presents the confusion matrices for all three cohorts with the correspond-
ing performance metrics summarised in Table 2. The classifier demonstrated consistently
strong performance across all cohorts, achieving accuracies between 88.89% and 91.3% and
AUC values ranging from 0.9472 to 0.9801. Good performance was observed for the OR
propofol cohort, with an accuracy of 91.24%, sensitivity of 96.28%, specificity of 90.96%,
and an AUC of 0.9801.

(a) Volunteer Propofol (b) OR Propofol (c) OR Mixed

. 20,591 2718 .
unconscious (0) (TN = §8.34%) (FP = 11.66%) unconscious (0)

2501 . 0 3183
(FP =9.04%) unconscious (0) (FP =8.67%)

Actual
Actual
Actual

N 2512 21,267 - 65 1680 N 161 1557
conscious (1) (FN = 10.56%) (TP = 89.44%) conscious (1) (FN =3.72%) (TP = 96.28%) conscious (1) (FN =9.37%) (TP = 90.63%)

unconscious (0) conscious (1) unconscious (0) conscious (1) unconscious (0) conscious (1)

Predicted Predicted Predicted

Figure 12. NN-SMOTE confusion matrices for the three cohorts (a) Volunteer cohort where propofol
is used to induce anaesthesia, (b) OR cohort receiving propofol-based anaesthesia and (c) OR cohort
receiving a combination of propofol and sevoflurane.

Table 2. Cohort comparison table.

Cohort Accuracy Sensitivity Specificity AUC
Volunteer (Propofol) 0.8889 0.8944 0.8834 0.9472
OR (Propofol) 0.9124 0.9628 0.9096 0.9801
OR (Propofol + Sevoflurane) 0.9130 0.9063 0.9133 0.9618

These findings indicate that the proposed classifier generalises well across both con-
trolled volunteer recordings and clinical operating-room environments despite differences
in anaesthetic protocols. The strong performance observed within the OR propofol co-
hort suggests that the proposed methodology is particularly well suited to clinical EEG
recordings, while the comparable results obtained for mixed-agent anaesthesia indicate
encouraging robustness across different anaesthetic protocols.

From a clinical perspective, false negative predictions (i.e., classifying a conscious
patient as unconscious) are generally considered more consequential than false positive
predictions, as failure to detect intraoperative awareness may expose patients to unintended
awareness and the associated risk of psychological distress. In contrast, false positive
predictions may prompt additional clinical assessment or a temporary adjustment of
anaesthetic delivery, representing a more conservative response that can be readily verified
using existing physiological monitoring and clinical judgment.

In this context, the NN-SMOTE classifier demonstrated consistently high sensitivity
across the clinical operating room cohorts, achieving sensitivities of 96.28% for the propofol
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cohort and 90.63% for the mixed propofol-sevoflurane cohort, while maintaining specifici-
ties of 90.96% and 91.33%, respectively. These results indicate that the classifier successfully
identified the majority of conscious EEG epochs while maintaining a balanced false-positive
rate. The consistently high AUC values (>0.94) together with sensitivity and specificity
scores across all cohorts demonstrate that the classifier maintains robust discrimination
despite differences in anaesthetic protocol.

This data reflects a good balance between sensitivity and specificity for an anaesthesia
decision-support system. By prioritising the detection of conscious states while maintaining
a low rate of false classifications, the proposed approach aims to reduce the likelihood of
missed awareness events while limiting unnecessary clinical interventions which is prefer-
able to maximise patient safety [64]. It is important to note that the classifier is intended
to complement, rather than replace, existing intraoperative monitoring by providing an
additional source of information to support anaesthetic management.

4.1.2. Violin Plot with Confidence Interval

To examine class separability, violin plots of the predicted probabilities for conscious-
ness were generated for each true class. Figure 13 illustrates the distribution of predicted
probabilities produced by the selected NN-SMOTE classifier for class 0 (unconscious) and
class 1 (conscious) EEG epochs aggregated across the five subject-independent test folds.
The predicted probabilities are strongly concentrated near 0 for unconscious epochs and
near 1 for conscious epochs, demonstrating excellent separation between the two classes.
Only a small proportion of predictions occur near the decision threshold, indicating that
the classifier makes high-confidence decisions for the majority of previously unseen EEG
samples. The narrow 95% confidence intervals (CI) around the median further demonstrate
the stability of the classifier outputs across the aggregated evaluation dataset.

1.0 1

0.8

Correctly classified
W Misclassified
0.61 ®  95% CI of median

0.4 -

0.2 1

0.0 = i

True Class 0 (IUnconscious) True Class ll (Conscious)

Predicted Probability of Conscious State

Figure 13. Violin plot of predicted scores for the NN-SMOTE model, where the black circle denotes
the median predicted probability.
4.1.3. Precision—Recall Curve

A Precision—Recall (PR) analysis was performed to further evaluate model perfor-
mance given the class imbalance associated with the OR cohort. Figure 14 presents the
aggregated PR curve for the proposed NN-SMOTE classifier obtained from the five subject-
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independent test folds. The classifier achieved an Average Precision (AP) of 0.870, substan-
tially exceeding the no-skill baseline precision of 0.230, which corresponds to the prevalence
of conscious EEG epochs within the evaluation dataset. The curve demonstrates that high
precision is maintained across a broad range of recall values, indicating that the classifier is
capable of detecting conscious states, while limiting false positive predictions over a wide
range of decision thresholds.

The PR analysis further demonstrates the flexibility of the proposed classifier. While
the default decision threshold of 0.5 was adopted throughout this study, the PR curve indi-
cates that the operating threshold may be adjusted to achieve alternative balances between
precision and recall. For example, the maximum F1-score was obtained at a threshold of
approximately 0.667. Such threshold optimisation may allow future implementations to
tailor classifier performance according to specific clinical priorities, such as maximising
awareness detection or reducing false alarms.

1.0

F1=0.821
Threshold = 0.667

Precision
(=)
N

0.5 1
0.41 —— Aggregated 5-fold PR Curve (AP = 0.870)
—---- No-skill baseline (Precision = 0.230)
0.3 Y¢ Best F1 =0.821 (Threshold = 0.667)
S S —— ,
0.2 0.4 0.6 0.8 1.0
Recall

Figure 14. Precision—Recall curve generated from the aggregated prediction probabilities of the
NN-SMOTE classifier across the five subject-independent cross-validation folds. The curve illustrates
classifier performance over the full range of decision thresholds, with an Average Precision (AP)
of 0.870.

The choice of decision threshold therefore depends on the relative cost of these error
types. In contexts where false alarm indications must be minimised: for example, when
premature declarations of regained consciousness carry clinical risks, a higher threshold
may be appropriate. Conversely, if missing conscious episodes are deemed more critical, a
lower threshold then would provide more sensitive detection.

It must be noted that the proposed system is not intended to function as a standalone
diagnostic device, but rather as a decision-support tool that provides continuous probabilis-
tic estimates of patient consciousness. Model outputs are designed to complement existing
physiological monitoring and clinician judgement, enabling anaesthesiologists to identify
potential awareness events earlier and intervene when appropriate. Decision thresholds
may be adjusted depending on clinical context, patient risk profile, and anaesthetic strategy,
allowing sensitivity and specificity to be tuned to clinically relevant operating points.

4.2. Edge-Al Implementation Results

The prototype Edge-Al design in Figure 15 represents the flow of data being collected
at the electrode all the way to the RGB LEDs that indicate the consciousness level. The
EEG single Fp1 electrode data is acquired by the OpenBCI Cyton module and wirelessly
transmitted to a dongle attached to the PYNQ-Z2 board. PYNQ contains a programmable
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system that integrates both FPGA programmable logic (PL) and an ARM Cortex-A9 CPU
processor system (PS). The PYNQ Linux OS running on CPU supports Python code devel-
opment. A Python EEGAnalyser class object uses a predict() function that waits for exactly
2 s of data equating to 500 points at a sampling frequency of 250 Hz. This single-channel
EEG data is then pre-processed by applying a Butterworth bandpass and ac noise notch
filter to remove unwanted components. Once the data is filtered, the power spectrum is
then estimated using MSA and then passes this output data to the QNN classifier designed
on the FPGA PL.

Electrodes

OpenBCI
PatientJ’*@\» YN e )
Board etoofh

Open BCI
USB Dongle

PYNQ-Z2

CUSTOM FPGA LOGIC FPGA CPU | (on chip)

Quantized Neural EEG Signal Filtering
Network *

Multitaper Spectral
Analysis

\

Output

RGB LEDS <\J

[ JFPGAChip (] PNYQResource () PNYQZ2Board [ ] EEG Interface

Figure 15. Design implementation and data flow, showing initial data acquisition stage (Cyton
open-BCI Board), Bluetooth wire-free link to main host system, signal preprocessing and spectral
transformation via on-board CPU, and final inference stage via QNN implementation. Note that (as
shown in earlier Figure 3), all data processing elements (both ARM CPU core and custom logic) are
embedded within the same single FPGA chip and are therefore all implemented on FPGA either as
custom logic or as code executing on the CPU core.

A FINN compiler [65] generates the QNN inference engine on the FPGA fabric and is
used in conjunction with Vivado HLS tools to build the logic design. A Python function is
used to quantise the input data to unsigned 8-bit values ranging from 0~255, while the
QNN class code shown in Figure 16 uses PyTorch and layers from the Brevitas library [45]
that migrate to the FPGA. The QNN consists of the same compact two-layer network as
for the CPU-deployable NN, however the key difference is that the network uses 8-bit
hardware operations. The QNN FPGA information in Table 3 provides the breakdown for
the resources used in the FPGA custom logic for the QNN design. As observed, the logic
used is very small in comparison to the total number of resources available on the XC7Z020

https:/ /doi.org/10.3390 /biomedinformatics6050080


https://doi.org/10.3390/biomedinformatics6050080

BioMedInformatics 2026, 6, 80

23 of 34

FPGA programmable logic fabric. This data suggests that the design could be ported to
a smaller FPGA device such as the XC7Z007 device which has ~ 8x less resources on the
chip and more scope for power reductions.

Table 3. Xilinx/ AMD XC7Z020 resource utilisation for QNN design.

Resource Total % Utilisation !
LUT 1386 2.61%
LUT (as logic) 1374 2.58%
LUT (as memory) 12 0.07%
Registers as Flip Flops 1210 1.14%
DSPs 1 0.45%
BRAM 1 0.71%

! As a percentage of total resources available on the FPGA fabric, as reported by Vivado compila-
tion output.

The QNN test accuracy results seen in Figure 16, shows good performance up to
88% which could be improved by more refinement on the NN and by gathering more data.
The FINN tool generates a driver which allows users to interact with the model through
Python. Unlike the CPU operated NN inference model, which consumes approximately
228 mW of power, the QNN based inference model deployed on the PYNQ-Z2 board
consumed 156 mW of on-chip power during operation.

A notable difference in performance is observed for the NN running on the CPU vs.
the NN post-quantisation running on the FPGA logic fabric seen in Table 4. There is a small
change in the model’s ability to correctly predict consciousness, but inference time does
become significantly faster.

The QNN FPGA implementation achieves almost two-thirds reduction in evaluation
time, with the additional benefit of a useful reduction in power consumption: For the infer-
ence stage, performing equal number of inferences per second (one per each two-second
data block as described earlier), then overall ML-stage power consumption reduces from
228 mW (NN) to 156 mw (QNN), approximately ~ 31.5% reduction. Although the overall
system power savings (228 vs. 156 mW) and total evaluation times (remaining in the low
300 ms range) are more modest, the key observation is that implementing the ML stage in
custom logic achieves similar accuracy with lower overall power demand, reduced CPU
loading and and no increase (rather a decrease) in overall evaluation time.

Test accuracy

0.88 | from brevitas.nn import QuantReLU, QuantLinear, QuantSigmoid
| |\ \ A 2 ’ import torch.nn as nn
bk ‘(' AND A vu M], I -‘r'“ s # Noural Network model class
0.86 | Mk \,“.\‘“n,/‘ VAN Wy
Al WYY ' I‘l | | ‘]q | ' class EEG.Nfet(nn.Mofiule): - ,
Y r | def __init__(self, input_size, hidden_layer,
. 0.841 ¢ output_size, weight_bit_width=8, act_bit_width=8):
& | ’1 super(EEGNet, self).__init__()
> ‘\‘ self.fcl = QuantLinear(input_size, hidden_layer, bias=True,
gos2 N weight_bit_width=weight_bit_width)
é self.actl = QuantReLU(weight_bit_width=act_bit_width)
; 0.801 self.fc2 = QuantLinear(hidden_layer, output_size, bias=False,
weight_bit_width=weight_bit_width)
def forward(self, x):
0.78] ‘ out = self.fc1(x)
out = self.actl(out)
out = self.fc2(out)

e
~
o

return out

0 50 100 150 200 250 300
Iterations

Figure 16. QNN accuracy results (left), and QNN model class (right).

This is an excellent result when considering the flexibility of system deployment and
the classifier’s robustness to quantisation. Indeed, as Table 4 indicates, the QNN FPGA
model out-performs all other models evaluated for inference time, overall power usage
and energy per inference, with almost no disadvantage for accuracy as compared to all
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of the other models. Although the NN model achieved marginally better accuracy, the
ONN FPGA implementation achieved a 2.7x reduction in ML-stage inference time and
significantly lower power consumption, making it suitable for battery-powered wearable
devices. With a measured ML-stage inference time of 0.78 ms and total system power
consumption of 156 mW, the system consumes approximately 122 pJ per inference, as
evaluated using (9).

Energy per inference(uJ) = Power(mW) x Inference time(ms). )

Such low-power performance enables long-duration monitoring without recharging
and supports continuous operation in portable EEG systems within operating rooms or
outpatient environments. Examples of the operational system are shown in Figure 17. Once
the EEG data stream is live, the PYNQ device will either show a green light to indicate that
the QNN is predicting consciousness from the single EEG electrode data, or a red light
indicating the subject has entered a state of unconsciousness. Although in this existing
implementation, there are only two measures of consciousness, it will be possible in future
systems to refine this to a degree of representation of level of consciousness on a suitable
scale, such as the bispectral index (BIS) scale [66].

Table 4. FPGA vs. CPU performance test cases.

Model Accuracy  Inference Time! Power 2 uJ/Event 3
QNN (FPGA) 0.880 0.78 ms 156 mW * 122 4]
NN (CPU) 0.903 210 ms 228 mW 478 uJ
LR (CPU) 0.877 1.01 ms 228 mW 230 u]
LDA (CPU) 0.882 1.04 ms 228 mW 237 u]
LDA+LR (CPU) 0.878 1.81 ms 240 mW 434 uJ

Data shows that significant speedups and power reductions are possible for an FPGA implementation
with only a small reduction in accuracy. ! ML stage inference time only, 2 Total power cost above
idle, assuming continuous operation, 3 Estimated microJoules per classification event, * Comprising
25 mW dynamic power, 131 mW static power.

Figure 17. PYNQ Predicting consciousness and unconsciousness states. (Left) hand photo represents
a ‘green light’ conscious state, and the (right) hand photo is the system predicting ‘red light” uncon-
sciousness. The size of the main board is 138 mm (length) x 85 mm (width) x 18 mm (height) and
weighs 90 g.
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The overall pipeline latency is dominated by the multitaper spectral analysis (MSA),
which requires 306 ms to process each sliding EEG window, as noted in Table 5. Since
the signal-processing stages (filtering and MSA) are identical for all implementations,
differences in execution time are solely due to the ML inference models. For consistency, all
reported latency measurements correspond to single-sample inference (batch size = 1).

Table 5. Timing measures of various pipeline stages.

Stage Timing
Butterworth filter 7.85 ms
Notch filter 2.28 ms
Multitaper spectral analysis 306 ms
Inference engine 0.78 to 2.10 ms
Total ~318 ms

All tests run on the PYNQ-Z2 board with 650 MHz CPU clock frequency, with custom FPGA logic
for the QNN.

The overall time delay is then approximately 318 ms for the total pipeline including
inference from the ML models. This suggests that an inference refresh rate of around
3.2 inferences per second could be achieved with simple adjustments. In some contexts,
higher inference refresh rates may be important. For example: detection and monitoring
of burst suppression events and other short transient signal features or where use of
finer-grained Al interpretation of levels of consciousness is desired. In the context of
anaesthesia monitoring, where EEG-based indices are commonly computed over windows
of hundreds of milliseconds or longer, this end-to-end latency remains compatible with
real-time continuous monitoring.

Future work that aims to achieve faster update rates would profitably focus upon
accelerating the MSA stage, perhaps by using a custom FPGA logic implementation of
the whole or sub-sections of this task. Trade-offs between MSA parameter selection vs.
speed and accuracy are of particular interest. Typically, FFT algorithms contain high
degrees of exploitable parallelism in hardware embodiments [67,68], and exploration of
parallelism within the computational structure when transposed into logic circuits would
undoubtedly yield much more significant speedups. Furthermore, extending the approach
to multi-channel EEG analysis represents potential for future work to progress further, as
single-channel EEG may not fully capture all inter-patient variability or spatially distributed
cortical dynamics.

5. Conclusions

In this paper, a compact and potentially portable real-time system was presented
for monitoring unconsciousness under anaesthesia by analysis of the power spectrum
characteristics of electrical brain activity. A multitaper spectrum method was used to
compute the initial spectra and then various inference models were used to evaluate them.
The NN and QNN models achieved comparably high classification performance, and
outperformed the conventional LR, LDA, and LDA+LR classifiers across many principal
evaluation metrics. While maintaining prediction performance relatively similar to the
full-precision NN, the QNN achieved substantially lower power consumption and faster
inference. This confirms that QNN would therefore be the preferred solution for FPGA-
based real-time deployment, based upon the evaluated hardware models.

Beyond the primary technical outcomes, this study has demonstrated several other
important outcomes. First of all, the relatively small form factor of the device (even as
a prototype), and its stand-alone capability, demonstrate that monitoring of degrees of
unconsciousness can be deployed in small, potentially hand-held, and self-powered devices.
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This opens up the possibility of applications beyond well-provisioned operating theatres,
and toward deployability in third-world regions, war-zones, disaster-relief situations, and
also in first-responder scenarios.

Where first-response situations are encountered, the ability to monitor the varying
levels of consciousness of a casualty and to monitor effects of emergency sedation, in a
portable device, could be extremely valuable [69]. The combination of intelligent EEG-
consciousnesses sensing with multi-sensing headband technologies such as pulsometer,
oxiometer and respiratory sensing [70], and wire-free connectivity to a base unit, would
certainly allow a sophisticated patient status monitor to assist in these scenarios.

This study encountered several limitations in the analysis and application of ML
techniques to EEG data. A primary limitation was sourcing a high-quality and sufficiently
large dataset. This study relied on an open-access PhysioNet dataset which was the sole
open-access resource available at the time. While containing both volunteer and OR cohorts
and exposure to two anaesthetic agents, it does not fully represent the variability encoun-
tered in routine clinical practice. The inclusion of both controlled volunteer recordings and
intraoperative patient data introduces diversity in acquisition conditions and anaesthetic ex-
posure; however, broader demographic variation, comorbidities, and additional anaesthetic
agents are not comprehensively represented. Accordingly, the reported results should be
interpreted as benchmark performance within this mixed dataset, and further validation on
independent and prospectively collected clinical datasets is necessary to establish broader
generalisability and to establish robustness for real-world clinical use. Another significant
constraint was the preprocessed nature of the available data; without access to the raw
data, it was not possible to explore and compare various analytical methods fully.

While the present study demonstrates methodological feasibility and hardware-
efficient implementation, validation for clinical deployment would require additional
steps beyond the current evaluation. These include prospective operating room studies
in which the proposed system is evaluated alongside established DoA indices, such as
BIS and clinician-in-the-loop assessments to examine usability, interpretability, and alarm
burden. Such staged validation would allow assessment of real-world performance while
ensuring that the system functions as a decision-support tool that augments, rather than
replaces clinical judgment.

Furthermore, practical device testing of the developed classifier presents its own set
of hurdles. Such testing would necessitate ethical approval, collaboration with a qualified
anaesthesiologist, and the recruitment of volunteers willing to undergo GA, all of which
are essential for further refining and validating the effectiveness of automated classifier’s.
An interesting conclusion is that whichever model is chosen, parameters may be tuned to
suit particular situations. There are opportunities here to refine accuracy performance by
accounting for subject age, medical background, and types of anaesthesia employed. In
particular, the authors have noted differences in spectral behaviour between propofol and
mixed anaesthesia groups in the dataset evaluated in this paper, and believe that there is
potential here for anaesthesia-aware classification to further improve performance.

This study has illustrated the potential for future work aimed at developing a fully de-
ployable small-form-factor monitoring device. This would require reduced power and size,
but also offer the opportunity to create a more sophisticated device that can potentially op-
erate untethered and in situations such as first-responder contexts and disaster emergency
response scenarios as well as offering more flexibility in standard clinical settings.

The authors conclude that significant advances in this area can be achieved with
further exploration of the topic in the coming years, leading to smaller and more powerful
monitoring systems with many new deployability contexts.
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The following abbreviations are used in this manuscript:

Al Artificial Intelligence
AUC Area Under Curve

BCI Brain Computer Interface
BIS Bispectral Index

CPU Central Processor Unit

CNN Convolution Neural Network

DoA Depth of Anaesthesia

DPSS Discrete Prolate Spheroidal Sequences
EEG Electroencephalography

FT Fourier Transform

FFT Fast Fourier Transform

FPGA Field Programmable Gate Array
GA General Anaesthesia

HLS High Level Synthesis

ICU Intensive Care Unit

LDA Linear Discriminant Analysis
LOC Loss of Consciousness

LPP Locality Preserving Projection
LR Logistic Regression

ML Machine Learning

MSA Multitaper Spectral Analysis
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NN Neural Network

OR Operating Room

PTQ Post-Training Quantisation
PSD Power Spectral Density
RNN Recurrent Neural Network
ROC Return of Consciousness

RUS Random Undersampling
SMOTE  Synthetic Minority Oversampling Technique

SoC System-on-Chip
SVM Support Vector Machines
QAT Quantisation-Aware Training

QNN Quantised Neural Network

Appendix A

This appendix contains the five-fold cross-validation table results for the ML models
attached to the radar plots in Figure 11 for the SMOTE, RUS and Original datasets. Each
column (Fold 1-Fold 5) corresponds to a different held-out test fold in the five-fold cross-
validation scheme. Folds were split at the subject level to ensure subject independence
between training and test data. For each fold as shown in Table A1, SMOTE was applied
only to the corresponding training partition (the remaining four folds) to address class
imbalance, while the held-out test fold retained its original class distribution. Similarly for
Tables A2 and A3 results, subject-independent RUS class-balancing and original (imbal-
anced) data were used in the training folds, while the held-out test fold retained its original
class distribution.

Table A1l. SMOTE dataset—model results.

Model Metric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean Std. Dev
Accuracy 0.9563 0.8735 0.8341 0.8601 0.8603 0.8768 0.0417
Precision 0.8746 0.7484 0.5504 0.7311 0.5813 0.6972 0.1185
IR Specificity 0.9588 0.9209 0.8257 0.8674 0.8478 0.8841 0.0489
Sensitivity 0.9479 0.7272 0.8681 0.8429 0.9145 0.8601 0.0758
F1 Score 0.9098 0.7376 0.6737 0.7830 0.7108 0.7630 0.0816
AUC 0.9846 0.9136 0.9113 0.9316 0.9481 0.9378 0.0269
Accuracy 0.9579 0.8731 0.8492 0.8595 0.8712 0.8822 0.0388
Precision 0.8830 0.7590 0.5820 0.7352 0.6041 0.7127 0.1100
LDA Specificity 0.9621 0.9276 0.8522 0.8721 0.8621 0.8952 0.0424
Sensitivity 0.9442 0.7048 0.8368 0.8301 0.9102 0.8452 0.0825
F1 Score 0.9126 0.7309 0.6865 0.7797 0.7262 0.7672 0.0785
AUC 0.9844 0.9116 0.9091 0.9303 0.9493 0.9370 0.0278
Accuracy 0.9569 0.8723 0.8384 0.8577 0.8628 0.8776 0.0412
Precision 0.8766 0.7471 0.5592 0.7276 0.5860 0.6993 0.1157
LDA+LR Specificity 0.9595 0.9209 0.8346 0.8656 0.8504 0.8862 0.0468
Sensitivity 0.9481 0.7224 0.8358 0.8393 0.9166 0.8560 0.0778
F1 Score 0.9110 0.7345 0.6758 0.7795 0.7150 0.7632 0.0811
AUC 0.9844 0.9116 0.9091 0.9303 0.9493 0.9370 0.0278
Accuracy 0.9496 0.8866 0.8439 0.9381 0.9058 0.9048 0.0378
Precision 0.8400 0.7370 0.5718 0.8662 0.6849 0.7400 0.1070
NN Specificity 0.9441 0.9037 0.8467 0.9380 0.9019 0.9069 0.0347
Sensitivity 0.9676 0.8338 0.8324 0.9382 0.9229 0.8990 0.0557
F1 Score 0.8993 0.7824 0.6779 0.9007 0.7863 0.8093 0.0836
AUC 0.9878 0.9258 0.9063 0.9815 0.9726 0.9602 0.0295
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Table A2. RUS dataset—model results.

Model Maetric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean Std. Dev
Accuracy 0.8388 0.8622 0.8187 0.9142 0.8272 0.8522 0.0343
Precision 0.7255 0.7789 0.6195 0.6958 0.5409 0.6271 0.0834
LR Specificity 0.8951 0.9133 0.8023 0.9034 0.8046 0.8638 0.0496
Sensitivity 0.6973 0.7384 0.8627 0.9612 0.9170 0.8353 0.1017
F1 Score 0.7111 0.7581 0.7212 0.8072 0.6804 0.7356 0.0436
AUC 0.8725 0.9016 0.9124 0.9710 0.9199 0.9155 0.0321
Accuracy 0.8341 0.8619 0.8301 0.9200 0.8465 0.8603 0.0315
Precision 0.7419 0.7858 0.6411 0.7149 0.5736 0.6914 0.0754
LDA Specificity 0.9049 0.9182 0.8220 0.9128 0.8292 0.8774 0.0426
Sensitivity 0.6875 0.7256 0.8518 0.9514 0.9151 0.8263 0.1035
F1 Score 0.7137 0.7545 0.7316 0.8163 0.7052 0.7443 0.0398
AUC 0.8770 0.9003 0.9146 0.9719 0.9245 0.9177 0.0315
Accuracy 0.8398 0.8604 0.8214 0.9162 0.8371 0.8550 0.0330
Precision 0.7278 0.7727 0.6238 0.7011 0.5566 0.6764 0.0770
LDA+LR Specificity 0.8963 0.9099 0.8058 0.9058 0.8150 0.8666 0.0462
Sensitivity 0.6974 0.7407 0.8632 0.9614 0.9252 0.8376 0.1027
F1 Score 0.7123 0.7564 0.7243 0.8108 0.6951 0.7398 0.0408
AUC 0.8770 0.9003 0.9146 0.9719 0.9245 0.9177 0.0315
Accuracy 0.8464 0.8756 0.8367 0.9278 0.8497 0.8672 0.0329
Precision 0.7225 0.7977 0.6456 0.7334 0.5776 0.6960 0.0764
NN Specificity 0.8887 0.9193 0.8187 0.9195 0.8286 0.8749 0.0435
Sensitivity 0.7398 0.7701 0.8852 0.9637 0.9340 0.8586 0.0887
F1 Score 0.7326 0.7837 0.7466 0.8329 0.7138 0.7619 0.0422
AUC 0.8729 0.9292 0.9359 0.9861 0.9470 0.9342 0.0365

Table A3. Original dataset—model results.

Model Metric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean Std. Dev
Accuracy 0.9163 0.8928 0.8927 0.8262 0.9184 0.8893 0.0334
Precision 0.9146 0.7439 0.7601 0.7885 0.8469 0.8108 0.0626
LR Specificity 0.9815 0.9302 0.9247 0.9234 0.9683 0.9456 0.0244
Sensitivity 0.6889 0.7535 0.7870 0.6162 07151 0.7121 0.0584
F1 Score 0.7859 0.7487 0.7733 0.6918 0.7754 0.7550 0.0339
AUC 0.9598 0.9403 0.9365 0.8259 0.9658 0.9257 0.0511
Accuracy 0.9212 0.8875 0.8903 0.8412 0.9202 0.8921 0.0292
Precision 0.9186 0.7251 0.7476 0.7967 0.8389 0.8054 0.0690
LDA Specificity 0.9819 0.9229 0.9184 0.9209 0.9653 0.9419 0.0265
Sensitivity 0.7097 0.7556 0.7978 0.6690 0.7363 0.7337 0.0433
F1 Score 0.8008 0.7400 0.7719 0.7273 0.7843 0.7648 0.0274
AUC 0.9613 0.9407 0.9382 0.8324 0.9646 0.9274 0.0487
Accuracy 0.9165 0.8887 0.8922 0.8432 0.9171 0.8915 0.0269
Precision 0.9197 0.7338 0.7592 0.8144 0.8433 0.8141 0.0650
LDA+LR Specificity 0.9828 0.9273 0.9245 0.9310 0.9676 0.9466 0.0239
Sensitivity 0.6857 0.7454 0.7853 0.6536 0.7110 0.7162 0.0458
F1 Score 0.7856 0.7395 0.7720 0.7252 0.7715 0.7588 0.0226
AUC 0.9613 0.9407 0.9382 0.8234 0.9646 0.9274 0.0487
Accuracy 0.9130 0.9271 0.9145 0.8603 0.9394 0.9109 0.0270
Precision 0.8648 0.8487 0.7947 0.8325 0.8864 0.8454 0.0310
NN Specificity 0.9675 0.9617 0.9333 0.9348 0.9750 0.9545 0.0172
Sensitivity 0.7230 0.7986 0.8526 0.6995 0.7942 0.7736 0.0554
F1 Score 0.7875 0.8229 0.8226 0.7602 0.8378 0.8062 0.0283
AUC 0.9565 0.9765 0.9599 0.8883 0.9774 0.9517 0.0328
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Appendix B

This appendix highlights the exclusion reasoning for subject IDs {212, 630} from the
OR mixed cohort in this study. We examine three cases to illustrate the point.

In case one, as shown in Figure A1, (subject ID 208) the data is considered valid by
examining the spectral characteristics (top) and annotated labelling from the dataset used
in this experimental study (middle). Here, it can be observed that the subject’s data is
labelled as conscious for a short time at the beginning of the procedure and then labelled as
unconscious there after. Viewing the spectral plot on top, one can observe short increases
of spectral power which are not accounted for in the binary classified labels, but maybe
due to body movements, burst suppression activities, etc. that forms the basis of future
work study. These type of characteristics are entirely expected, and therefore this patient
data was not excluded from the study in this manuscript.
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Figure A1. Case-1: Spectrogram of subject {208} (top), actual labels (middle) and model predictions
(bottom).

Conversely, the spectrogram in Figure A2 and Figure A3 for case 2 and 3 (Subject
IDs 212 and 630, respectively), as obtained from the third-party dataset, illustrates the
inconsistency of labelling between the actual annotated reference labels (middle plots) and
the observed spectral characteristics. These inconsistencies are especially noticeable for
subject {212} over the 2 s EEG intervals from time 350 s to 900 s and similarly for subject
{630} from 0 to 1400 s. We concluded that the labelling could not be validated without
access to the original patient data recordings and decided to exclude those two cases from
the study results. All other subject data as provided in the available dataset and shown in
Table 1 are included.

The subject data was also input to the NN-SMOTE model with the predictions (bottom
plots) confirming that the model is unable to reliably predict consciousness due to the
inconsistencies of labelling.
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Figure A2. Case-2: Spectrogram of subject {212} (top), labelling (middle) and model predictions
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Figure A3. Case-3: Spectrogram of subject {630} (top), labelling (middle) and model predictions
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