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A Quantum Multilayer Perceptron for Intraoperative
Nociception Prediction
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Abstract—Pain pathways and interpatient variability represent
an ongoing challenge for nociception monitoring. Inter- and
intrapatient variability require large patient data for training
conventional nociception predictive models. In this paper, we
propose a quantum multilayer perceptron (QMLP) model for
nociception prediction utilizing quantum features such as en-
tanglement which enables the capturing of complex parameter
dependencies using less data, by representing intralayer con-
nections between parameters. Our QMLP architecture encodes
input physiological parameters into quantum states which are
processed through entangled quantum circuits, and optimized
using parameter shift rule for gradient estimation. Our nocicep-
tion prediction model is trained and evaluated on surgical data
collected from two hospitals, with features extracted from electro-
cardiogram, photoplethysmography, and electroencephalogram.
Through systematic comparative analysis across multiple datasets
using two sampling approaches (patient-wise and downsampling),
we demonstrate that our QMLP model consistently outperforms
different classical baselines including deep learning models, tree-
based ensembles, and linear models across all evaluation metrics.
Clinical evaluation on different populations of patients confirms
the QMLP model’s superior ability to predict nociceptive changes
during surgical events including Intubation, Incision, and Extu-
bation. Expressivity analysis reveals that QMLP models achieve
approximately twice the local effective dimension of classical
baselines with identical parameter counts. Entanglement topology
analysis demonstrates that circular configuration consistently
achieves lower training loss compared to linear, pairwise, and
non-entangled architectures, with quantum advantage driven by
entanglement structure independent of data quantity. Our find-
ings suggest quantum neural networks might offer advantages for
nociception monitoring in anesthesia applications, particularly
in data-limited scenarios where complex interrelated parameters
influence clinical outcomes. The code used in this research can
be accessed from: https://github.com/oyanoth/qmlp-nociception.
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Quantum machine learning (QML) has shown promise in solving
complex problems with minimal data. However, its application in
clinical settings such as real-time nociception monitoring remains
largely unexplored. Our quantum multilayer perceptron (QMLP)
model contributes to addressing this challenge by achieving
superior accuracy in predicting nociception compared to classical
models while requiring significantly less training data. Through
quantum entanglement, QMLP creates intralayer connections
that enable qubits to simultaneously represent and correlate
multiple physiological signals, naturally capturing the complex,
interconnected nature of nociceptive processing. This work ad-
vances nociception monitoring in anesthesiology while contribut-
ing to the broader advancement of QML by demonstrating how
quantum entanglement can address real-world clinical challenges
involving multimodal signal integration with significantly reduced
required training data.

Index Terms—Nociception prediction, quantum multilayer per-
ceptron (QMLP), quantum machine learning (QML).

I. INTRODUCTION

THE clinical assessment of pain is based on a complex
relationship of the body’s physiological responses which

can be used to define it [1]. In particular the neural process of
encoding and processing noxious stimuli that can be physically
harmful to a patient is defined as Nociception [2]; The accurate
assessment of Nociception is a critical component that affects
the adequacy of General Anesthesia (GA) during surgical
procedures. Pain, on the other hand, is a subjective experience
that depends on biopsychosocial factors [2]. GA involves
combinations of opioids, inhalational agents, muscle relaxants,
and hypnotic agents [3]. Despite induced unconsciousness
and suppressed physiological responses, nociceptive reactions
persist within the spinal cord and brain [4]. A critical risk of
GA is when improper analgesia dosing can lead to harmful
side effects and stress responses [5]. Therefore, precise noci-
ception monitoring is necessary [6] and requires complex data
processing in addition to measurements of sufficient biological
indicators.

The complexity of pain pathways presents challenges for
nociception monitoring. Sympathetic tone activations could
be reflected by heartrate/blood pressure changes, which to
some extent might indicate nociceptive reactions [7], [8].
Current nociception monitors rely either on autonomic nervous
system (ANS) reactions through signal processing techniques
[9], [10], and linear mathematical modeling [11], or brain
activity monitoring using neuro-fuzzy inference systems [12]
and through measurements of uncertainty such as entropy [13].
Other studies have utilized EEG spectral power and coherence
analysis [14], EEG FFT-based frequency band analysis [15],
HRV time-frequency and nonlinear dynamics analysis [16],
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HRV wavelet transform analysis [17], PPG morphometric
analysis with statistical modeling [18], or deep learning with
multiple parameters [19]. While Entropy based monitoring
was shown to reduce opioid consumption in [20], it is less
definitive in postoperative and hemodynamic effects [21].
Moreover, ANS tools such as Analgesia Nociception Index
(ANI) [10] and Surgical Pleth Index (SPI) [11] have reacted
to noxious stimuli in various procedures, however, ANI could
be subjected to high interpatient variability, and SPI might
react to antihypertensive drugs and arrhythmia [22].

Multilayer Perceptron (MLP) is a well-known feedforward
neural network [23], in which, data are processed unidirection-
ally without intra-layer connections [24]. MLPs perform well
on large datasets [25], and unlike traditional machine learning
techniques that require feature engineering tailored to each
specific task, MLP can automatically learn relevant feature
representations directly from raw data, thereby reducing the
need for feature extractors [26]. Nociception prediction, how-
ever, requires complex computing since it relies on multiple
sensors, which in fact are all related; Pain pathways are
processed in different systems, including nociceptive signals
triggering, nervous system detection, peripheral sensitization,
and spinal facilitation [27]. Processing such information in
separation might not be beneficial if this process does not
connect them together. MLP offers such an approach, which
has shown its ability to model nociception effectively, es-
pecially in cases where physiological reactions are unstable.
In contrast, recurrent neural networks such as LSTM, which
rely on sequences of time steps, may be less effective for
nociception prediction, as it primarily depends on the current
physiological state rather than past events during surgery
[19]. While classical MLP (CMLP) models can learn complex
relationships between features, they lack the ability to directly
model intra-layer dependencies. Introducing intraconnections
within hidden layers could enhance the network’s capacity
to represent the intricate relationships inherent in multimodal
physiological data, potentially reducing both the required
training dataset size and prediction errors. Quantum computing
(QC) offers a promising approach to address these limitations
by enabling novel neural network architectures that can capture
more complex data relationships through its entanglement
property. Quantum entanglement has been theoretically linked
to consciousness and anesthetic mechanism. It has been pro-
posed as a mechanism to explain the” binding problem” in
consciousness, where separate sensory processes integrate into
unified experiences [28]. Additionally, quantum mechanics has
been used to reinterpret key pathophysiological mechanisms
underlying neuropathic pain, suggesting that quantum pro-
cesses might contribute to pain persistence [29].

QC could be defined as a process that combines classical
information, computer science, and quantum physics theories
[30]. Due to its unique properties such as entanglement and
superposition, QC has the advantage of exponentially boosting
computation [31]. This has been shown in famous quantum
algorithms such as Shor’s (for Integer factorization) [32], and
Grover’s (for unstructured search problems) [33] algorithms.
Entanglement, considered one of QC’s primary advantages
over classical computing [34], represents quantum correlation

between two subsystems [35]. Integrating this phenomenon
into quantum machine learning could provide intra-connection
between the hidden units within the same layer of a neural
network, potentially reducing prediction error and dataset size
when multiple measurements are required [36].

Nociception monitoring faces two fundamental challenges
in clinical practice. First, significant inter and intrapatient
variability in physiological responses to noxious stimuli com-
plicates nociception assessment, traditionally requiring large
dataset sizes for training robust machine learning models
to capture this variability across diverse patient populations.
Second, the complex connections between multimodal phys-
iological parameters (ECG, EEG, PPG) during nociceptive
processing are not fully modeled in classical methods, which
process these correlated parameters independently despite their
correlative nature. In this study, therefore, we propose a quan-
tum multilayer perceptron (QMLP) architecture that leverages
quantum entanglement to address both challenges, the main
contributions of this work are as follows:

1) We propose a QMLP model for nociception prediction,
performed using hybrid quantum-classical framework
through parameterized quantum circuit (PQC) optimiza-
tion.

2) We integrate entanglement within the QMLP archi-
tecture through multiple configurations, showing that
circular topology enhances training performance and
might support stronger generalization compared to other
topologies.

3) We perform a comparative analysis between the QMLP
and multiple state-of-the-art classical baselines, includ-
ing deep learning, ensemble, and linear models, evalu-
ated under patient-wise and downsampling approaches
using multiple performance metrics on new unseen test
data.

4) We evaluate the best QMLP and classical baselines
models on newly collected data from a different patient
population during surgical events such as intubation, in-
cision, and extubation, where we analyze the difference
(∆) before and after each event, demonstrating their
generalizability and clinical relevance.

The remainder of the article is organized as follows: Section
II discusses the literature review. Section III introduces QML
and QMLPs. Section IV describes our proposed QMLP model.
Section V presents the experimental settings and implementa-
tion, and we conclude the article in Section VI.

II. LITERATURE REVIEW

There have been several efforts to assess nociception in clin-
ical settings. Traditional methods often rely on hemodynamic
indicators such as heart rate and blood pressure [37]; however,
these are affected by anesthetics (e.g., propofol, ephedrine)
and surgical procedures (e.g., cardiopulmonary bypass) [21],
limiting their specificity and sensitivity. Researchers have
attempted to address this challenge by developing algorithms
towards objective assessment of nociception. For instance,
SPI combines heartbeat interval and pulse wave amplitude
to reflect sympathetic activity [11], yet it is sensitive to
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agents that affect hemodynamics and sedation depth [38].
Similarly, ANI uses heart rate variability [10], but suffers from
high inter-patient variability, inconsistent opioid responses,
and lacks standard thresholds [39]. EEG-based monitors such
as qNOX [12] utilize frontal EEG frequency parameters to
predict nociceptive responses, though their clinical utility is
limited by overlapping patient reactions and insensitivity to
anesthetic depth. Other methods like skin conductance [40]
and pupillometry [41] indicate nociception but are affected by
sympathetic activity and opioids.

The application of quantum mechanics in sensing technolo-
gies has attracted huge attention, through offering enhanced
sensitivity and precision in neural signal acquisition such
as EEG signals [42]. While the applications of QML in
GA measurements remain relatively unexplored, it has been
studied in various fields of healthcare. QML has the potential
to uncover complex patterns and discover novel biomarkers
[43], which includes GA measurements such as nociception.

A quantum-inspired machine learning framework has shown
higher accuracy and efficiency in pain decoding from fMRI
data, outperforming recent machine learning techniques [44].
In addition, quantum computing technologies have demon-
strated potential in spinal care for pain detection and enhanc-
ing treatment precision [45]. Furthermore, QML has shown
promise in supporting clinical decisions for pain management
in a study focused on personalized treatments for knee os-
teoarthritis, demonstrating its potential to classify responders
based on pain and function outcomes [46]. A recent study has
involved the integration of edge computing, federated learning,
and quantum transfer learning in pain assessment using ECG
signals [47]. Here a quantum-classical hybrid model achieved
94.8% accuracy in classifying pain levels, underscoring QML
promise in pain assessment applications.

Despite these promising applications in pain-related re-
search, a critical gap exists in QML approaches to nociception
assessment during GA. While statistical and signal processing
methods have been extensively applied to develop intraoper-
ative nociception monitoring systems, QML has never been
investigated for intraoperative nociception detection. This rep-
resents a significant unexplored opportunity, as the complex,
correlative nature of physiological parameters associated with
nociceptive responses during GA may benefit from quantum
computing’s abilities such as entanglement and superposition.

III. PRELIMINARY (QUANTUM COMPUTING AND
QUANTUM MACHINE LEARNING)

In this section, we provide a brief introduction about QC,
followed by an overview of QML, then we discuss QMLPs
and their implementation. QC is performed using a set of
attributes, superposition, entanglement, and interference [48].
Unlike classical computing, QC processes data using qubits,
and can exist in both 0 and 1 states simultaneously due to its
superposition property [30]. The superposition state of a qubit
could be described in Hilbert space as a unit vector, where the
qubit has a quantum state of:

|ψ⟩ = α|0⟩+ β|1⟩ (1)

where α and β are complex probability amplitudes. Quantum
entanglement in quantum physics, is when two particles are
connected, regardless of the distance between them, their states
will always be correlated; such that, measuring the state of
one particle affects the state of the other [49]. Interference,
on the other hand, refers to the way probability amplitudes of
quantum states combine—constructively or destructively—to
enhance correct computational paths while suppressing incor-
rect ones [50]. Combining the effects of these three attributes
could be achieved by quantum circuits, where the circuits are
first configured using quantum gates, that act on qubits. Such
gates could be single-qubit (e.g., Hadamard gate for superposi-
tion), or multi-qubit gates (e.g., CNOT gate for entanglement).
Running quantum circuits could provide two outcomes based
on the problem to be solved, the first one is based on sampling
and returns a set of bit strings based on the number of qubits
utilized, and the second one is the expectation value, which
is calculated based on Pauli operators. Both outcomes rely
on measurements, which removes the superposition state of a
qubit when applied [51]. The measurement yields a probability
p of measuring an outcome m, and can be described as follows
[52]:

p (m) =
〈
ψ
∣∣M†

mMm

∣∣ψ〉 (2)

where Mm is the measurement operator corresponding to
outcome m, and M†

m is its Hermitian conjugate. similarly,
the expectation value could be calculated after applying mea-
surements many times on a qubit [53]. Given the quantum
state |ψ⟩, its expectation value could be calculated in Z basis,
which is a convention [54], as follows:

⟨ψ |Z|ψ⟩ =
[
α∗ β∗] [ α

−β

]
(3)

where α∗ and β∗ are the complex conjugates of α and β
respectively.

These measurement outcomes are critical for practical ap-
plications, as they convert quantum information into classical
data that can be used for further processing. In particular,
expectation values often serve as objective function values
or predictions in QML models. This ability to extract mean-
ingful classical information from quantum circuits enables
the integration of quantum computing with machine learning
algorithms, enabling new approaches to data analysis and
optimization.

QML combines classical machine learning with quantum
information processing, leveraging quantum principles like
superposition and entanglement [55]. It could be divided into
different categories based on the algorithms and data used
[56], [57]: In this work, we adopt a classical–quantum ap-
proach, where classical physiological data are processed using
quantum algorithms implemented via parameterized quantum
circuits.

QMLP models could be classified under the term quantum
neural networks (QNNs). Unlike classical neural networks
(NNs), which rely on nonlinear activation functions [58],
quantum mechanics is fundamentally linear [59], presenting
a challenge in replicating classical behavior. Nonlinearity
in QNNs can be introduced through data encoding (feature
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Fig. 1. Overview of the QNN implementation pipeline, including data en-
coding, variational quantum circuit, measurement, and classical optimization.

maps), measurements, and parameterized quantum gates. Fea-
ture maps such as angle or basis encoding [60] embed classi-
cal data into high-dimensional Hilbert spaces via nonlinear
transformations [61], improving representation and separa-
bility for learning tasks [62]. Additional nonlinearity arises
from measurement-based operations and parameterized gates,
although the latter may limit entanglement [63]. These circuits
are trained using classical optimizers and follow a pipeline
involving data encoding, parameterized gate updates, mea-
surements, and optimization. As shown in Fig. 1, input data
are encoded via single-qubit rotational gates [60], processed
through layers combining parameterized gates and entangling
operations (e.g., CNOT gates) [64], and iteratively optimized
using expectation values measured with Pauli operators.

IV. QUANTUM MULTILAYER PERCEPTRON MODEL FOR
NOCICEPTION PREDICTION

In this section, we describe our proposed QMLP model
for nociception prediction in details. We start by defining the
problem, followed by the methods used for data processing and
preparation. Then, we present the architecture of the QMLP
model along with its key components and training procedure.

A. Problem Definition

In this study, our main objective is to develop a QMLP
model to predict nociception based on multiple physiological
parameters. Let the dataset be represented as a collection of
samples:

D = {(xi, yi)}Ni=1 (4)

where xi ∈ Rd is the feature vector for sample i, composed of
multimodal physiological parameters (i.e., derived from EEG,
ECG, PPG), yi ∈ R is the corresponding nociception score
(e.g., derived from clinical assessments), and N is the total
number of samples. Then, the objective is to learn a function
fθ : Rd → R parameterized by quantum circuit parameters
θ, such that the predicted nociception ŷi = fθ (xi) closely
approximates the true value yi. The objective is to minimize
the prediction error over the training set using a loss function
such as Mean Absolute Error (MAE) or Mean Squared Error
(MSE):

L (θ) =
1

N

N∑
i=1

(fθ (xi)− yi)
2 (5)

To achieve this functionality using QMLPs, the model needs
to be built by addressing the following considerations; Data
encoding, layers connections, and nonlinearity, which will be
discussed in detail in further sections. Briefly, the main steps
used in building our QMLP model are outlined as follows:

1) Dataset: Our input data are a collection of raw ECG,
EEG, and PPG signals. Whereas the target variable is
provided by anesthesiologists and represents nociception
level during surgery.

2) Preprocessing: from each available signal different pa-
rameters are extracted specifically:
EEG → Delta, Theta, Alpha, Beta, Gamma bands (spec-
tral power)
ECG → RRHFPS (high-frequency HRV component)
PPG → PPGA (amplitude), PPGAUC (area under the
curve)

3) Feature Encoding: As a part of preparing our data for
encoding into quantum states, the input features are first
scaled by an angle [0, π], then data are encoded through a
feature map: |Xi⟩ = Uencode

(
X̃i

)
|0⟩⊗n, which serves

as the input layer for our model.
4) Parameter optimization: this step includes running the

QMLP model, by encoding via input layer Uencode (x),
hidden layers entanglements via U (l)

ent, data reuploading
layer through U (l)

reupload (x), and quantum measurements
which reveals the prediction: yi = ⟨ϕi |O |ϕi⟩ as in (3),
where O is an observable (e.g., tensor product of Pauli-Z
operators).

5) Loss Computation and Parameter Optimization: The loss
function is computed classically using methods such as
MSE or MAE, then, the hidden layers parameters (e.g.,
θ) are optimized through gradient-based methods).

B. Data Collection and Preprocessing

In this section, data collection, processing, and transfor-
mations are explained. First, raw data collection methods
and patient demographics are detailed, then, we describe the
processing applied on nociception assessments, followed by
parameter transformations.

1) Raw Data

The data used in this study were collected from two
hospitals: National Taiwan University Hospital (NTUH, 2015)
and En Chu Kong Hospital (ECKH, 2023), with institutional
review board approval and informed consent from all par-
ticipants. Physiological signals (ECG, EEG, and PPG) were
recorded using a Philips IntelliVue MP60 monitor (Koninklijke
Philips N.V, Amsterdam, The Netherlands) at NTUH, and
a CARESCAPE B650 monitor (GE Healthcare Finland Oy,
Helsinki, Finland) at ECKH. The NTUH dataset initially
included 142 patients, whereas ECKH provided data from
10 patients. After excluding cases with incomplete data, the
final analysis included 90 patients from NTUH and all 10
from ECKH. Nociception assessments were performed by ex-
pert anesthesiologists based on patients’ responses to surgical
stimuli and hemodynamic changes, using a scale from 0 to
100. All patients received standardized GA with inhalation
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anesthetics for maintenance and intravenous administration of
fentanyl and propofol. At NTUH, patient ages ranged from 22
to 78 years (mean±SD: 48±12), weights from 40 to 160 kg
(59±14 kg), and heights from 138 to 185 cm (157±7 cm).
At ECKH, ages ranged from 40 to 67 years (57±10), weights
from 41 to 93 kg (68±18 kg), and heights from 150 to 189
cm (166±15 cm). Fentanyl and propofol doses administered
were 117±42 µg and 124±30 mg at NTUH, and 80±27 µg
and 122±45 mg at ECKH, respectively [19].

2) Nociception Assessments

The nociception assessments used in this study were pro-
cessed and explained following procedures described in pre-
vious work [19]. Briefly, the assessments were provided by
five doctors, and time alignment was applied when different
doctors assessed nociception on different start/end times. Ad-
ditionally, the assessments were aligned with ECG, EEG and
PPG signals, such that, latest start time L, and earliest end time
U were noted on both doctor assessments and signals, hence,
time offsets out of this range were excluded from all data.
Finally, the data used are covered in an interval [L, U ] and
aligned based on timestamps. Additionally, assessments pro-
vided by one of the doctors were excluded due to significant
difference based on statistical analysis [65], and the average
was taken for assessments from the other doctors for further
analysis.

3) Parameters

A previous study used physiological parameters collected
during GA and based on correlation with nociception [19]. We
extracted eight parameters from various biomedical signals to
be used as input to our models: five frequency bands were
extracted from frontal EEG (Delta, Theta, Alpha, Beta, and
Gamma), two parameters were extracted from PPG signals
(PPGA and PPGAUC), and one parameter from ECG signals
(RRHF). EEG parameters and RRHF were further processed
and their spectral power was estimated. Our dataset contains
at least +100,000 samples per feature.

C. Quantum Multilayer Perceptron Framework

Various architectures exist for QMLP models. The post-
variational QNN in [66] mimics a two-layer classical MLP
with frozen quantum circuit parameters. Another model in [64]
uses a feature map to embed classical data into quantum states,
followed by variational quantum circuit (VQC) layers. Inspired
by both approaches, we combine the encoding strategy from
[66] with data reuploading from [64], while incorporating
intuitive initialization and layered variational processing. Since
frozen parameters can limit expressivity [67], [68], we fully
train all rotation gates, making the model highly adaptable.

1) Entanglement Topology Design

To better find our optimal QMLP architecture, its important
to select the best circuit configuration that include entangle-
ment topology, which directly affect model’s performance and
contributes to lower prediction error [36]. Therefore, we sys-
tematically evaluate multiple CNOT gate topologies through
dual analysis combining quantum state characterization and
training performance.

Fig. 2. CNOT entanglement topologies evaluated in this work. The optimal
topology is selected based on entanglement generation capacity and training
performance (Section V-B).

For topology comparison, we selected three widely used
entanglement schemes (illustrated in Fig. 2) that were found
to act differently in specific configurations, where model
performance could be affected by multiple factors, including
the specific topology, the amount of entanglement within the
topology, or the utilized gates for parameter optimization [69]:
(1) Circular entanglement, where each qubit is entangled with
its neighbor in a ring topology including wraparound connec-
tion; (2) Linear entanglement, in which qubits are entangled
sequentially without wrap-around; (3) Pairwise entanglement,
where qubits are entangled in adjacent pairs; Additionally, we
evaluated a topology with no CNOT gates, which was used as
a baseline without quantum entanglement.

The entanglement operation for each topology can be ex-
pressed in a general form. For a topology with K CNOT
gates applied to specific pair of qubits (ck, tk) where ck is
the control qubit and tk is the target qubit:

U
(l)
ent =

K∏
k=1

CNOTck,tk (6)

for each topology, we analyzed entanglement by computing
the normalized maximum entanglement entropy across bipar-
tite cuts [70]. The entanglement entropy for a bipartition is
calculated as:

S(ρA) = −Tr[ρA log2 ρA] (7)

where ρA = TrB [|ψ⟩⟨ψ|] is the reduced density matrix of
subsystem A obtained by tracing out subsystem B from the
full quantum state |ψ⟩. We normalized this quantity to the
maximum Haar-random entanglement entropy:

S̃n =
maxei [S(ei)]

Smax
Haar

(8)

where Smax
Haar ≈ n

2 log2 2− 1
2 for an equal bipartition of n qubits

[70]. Our models were trained on their respective datasets,
once finished, we calculated von Neumann entropy on 1000
randomly selected samples, the average was then taken at each
of the seven bipartition cuts to characterize the entanglement
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spectrum, finally, the maximum entropy is the highest averaged
entropy among all seven bipartition cuts, which represents the
peak entanglement capacity of the trained model.

2) QMLP Architecture

The QMLP framework consists of several sequential stages,
starting from classical physiological data transformation into
quantum states, processing through parameterized quantum
circuits, measurements and classical postprocessing

The QMLP model begins with initial quantum state prepa-
ration. All qubits are initialized in the |0⟩ state as follows:

|ψinit⟩ = |0⟩⊗n (9)

where n=8 in our study, representing the number of qubits,
with each qubit corresponding to one input parameter.

The qubits states are transformed into a uniform super-
position state using Hadamard gates, then a rotational-based
encoding is used to map classical data into the quantum
domain. For a given vector x = [x0, x1, . . . , xn−1], the
encoding operation is defined as:

Uencode (x) =

n−1∏
i=0

Hi ·RY (xi)i (10)

here, Ry (xi)i denotes a single-qubit rotation around the y-axis
applied to the i-th qubit, with the rotation angle determined
by the input value xi.

An important feature of the QMLP architecture is its mul-
tilayer structure that enables deep quantum processing. The
model consists of L layers, where each layer l ∈ {1, 2, . . . , L}
sequentially applies the following operations:

1) Parameterized Rotations: Each layer applies trainable
weight parameters w(l) ∈ Rn using Ry gates:

U
(l)
weight

(
w(l)

)
=

n−1∏
i=0

Ry

(
w

(l)
i

)
i

(11)

2) Entanglement Operations: Following the parameter-
ized rotations, an entanglement pattern is applied to
create quantum correlations between qubits. The specific
topology is systematically selected through empirical
evaluation (detailed in Section V-B) and can be ex-
pressed as shown in (6). The choice of connectivity
pattern directly impacts the model’s ability to capture
correlations in multimodal physiological data.

3) Data Reuploading: For all layers except the final one,
the input data are reuploaded into the circuit. In classi-
cal MLP models, nonlinear activations are used within
hidden layers to introduce nonlinearity. In QNNs, data
reuploading serves an analogous purpose by re-encoding
the input features during training iterations [71], which
introduces nonlinearity through repeated quantum state
transformations:

U
(l)
reupload(x) =

n−1∏
i=0

Hi ·RY (xi)i (12)

the complete transformation for a single layer l can be ex-
pressed as:

U
(l)
layer

(
x,w(l)

)
= U

(l)
reupload (x) · U

(l)
ent · U

(l)
weight

(
w(l)

)
(13)

finally, the full quantum circuit for the QMLP can be formally
expressed as:

UQMLP =

L∏
l=1

U
(l)
layer

(
x,w(l)

)
· Uencode(x) · |ψinit⟩ (14)

where L is the number of hidden layers, and will be deter-
mined based on our experimental setup and analysis.

After the quantum circuit execution, measurements are per-
formed to extract classical information from the quantum state.
The expectation value is computed using Pauli-Z operators (by
convention, measuring in the computational basis [54]):

⟨O⟩ = ⟨ψfinal|
n−1⊗
i=0

Zi|ψfinal⟩ (15)

where |ψfinal⟩ is the final quantum state after applying all
layers, and Zi is the Pauli-Z operator on qubit i.

Then, classical postprocessing is applied to the quantum
measurement results. A ReLU activation function is applied
to the expectation value to introduce additional nonlinearity:

ypred = ReLU(⟨O⟩) = max(0, ⟨O⟩) (16)

where the final prediction ypred represents the model’s estimate
of the nociception level. Finally, for model optimization, we
used the parameter shift rule (PSR) [72], which enables gradi-
ent calculation without requiring backpropagation through the
quantum circuit. Hence, the gradient is calculated based on
two shifts as follows:

∂ ⟨O⟩
∂θj

=
1

2

[
⟨O⟩θj+π

2
− ⟨O⟩θj−π

2

]
(17)

where ⟨O⟩θj±π
2

represents the expectation value of the ob-
servable O when parameter θj is shifted by ±π

2 , and θj is the
weight assigned to parameterized gate.

V. EXPERIMENT

In this section, the proposed QMLP model is applied to
our dataset through different settings. We first explain our
dataset sampling approaches (Section V-A). Then, we present
the entanglement topology selection analysis that informed
our architectural design (Section V-B). The training process
of our QMLP models is described (Section V-C), followed
by the results and discussion comparing QMLP performance
against classical baselines (Section V-D); We then discuss the
deployment feasibility of our QMLP (Section V-E), and we
finally discuss the limitations of our approach (Section V-F).

A. Datasets

1) Patient-wise Sampling

Our original dataset contains 90 patients, initially, we ran-
domly held out 10 patients as an independent test set for
final model evaluation across all experiments in our study.
From the remaining 80, we implemented an incremental
patient sampling approach to evaluate model performance
across different dataset sizes. We started by randomly selecting
10 patients from the available 80 patients, and applied our
optimization process using both quantum and classical models.
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For subsequent sampling, we retained all previously selected
patients and added 10 new randomly selected patients. This
process resulted in datasets containing 10, 20, 30, 40, 50, and
Full patients’ data (Hereafter, these datasets are referred to as
m=10, 20, 30, 40, 50, and Full for clarity).

2) Full Dataset Downsampling

The full dataset (80-patients pool) was resampled into
different sizes (n=100, 1,000, 2,000, 5,000, 10,000) using
linear interpolation, while maintaining its temporal and distri-
butional characteristics. Here, the original Full dataset (before
downsampling) was not included as a separate dataset for
model training, since it corresponds to the m=Full from the
first sampling approach. We resampled our dataset using linear
interpolation to generate different numbers of samples per
parameter. Given a parameter x = [x0, x1, . . . , xL−1] ∈ RL,
we first define a set of uniformly spaced target indices:

ti =
i(L− 1)

N − 1
, i = 0, 1, . . . , N − 1 (18)

where L is the original length, and N is the desired number
of resampled points. Then, for each resampled point ti, linear
interpolation is applied between the two surrounding original
indices j = ⌊ti⌋ , j+1 = ⌈ti⌉, resulting in the interpolation
value:

x′i = xj + (ti − j) (xj+1 − xj) (19)

hence, the resampled data x′ =
[
x′0, x

′
1, . . . , x

′
N−1

]
∈ RN

maintain the overall temporal trend of the original data.

B. Topology Selection

All our experiments were implemented on a virtualized
AMD EPYC 7B13 processor running under a KVM hypervi-
sor. The system provides 16 logical CPUs, corresponding to 8
physical cores with simultaneous multithreading (2 threads per
core) on a single socket. For our quantum models, all trainable
parameters were initialized using a uniform distribution in
the range [0, 2π] with a random seed of 42. Table I shows
our software details. All quantum circuit simulations were
performed using the Qulacs state-vector simulator with a
CPU backend. Double-precision arithmetic (complex128) was
used for all quantum state computations. Experiments were
executed on a Linux-based x86 64 system equipped with 16
logical CPU cores (8 physical cores) and 31.35 GB of RAM.

Table II presents training loss and normalized maximum
entanglement entropy (S̃n) across all architectures and dataset
sizes. For this analysis, we used the patient-wise sampling
approach since it simulates different cases of data availability,
and accounts for variability. The results show that circular
topology consistently achieved the highest S̃n among all
configurations, with values ranging from 39.17% to 98.33%
of the Haar limit depending on architecture depth and dataset
size. Averaging across all dataset sizes, circular topology
in the 3-hidden-layer architecture achieved the strongest en-
tanglement (S̃n = 86.54 ± 7.37%), outperforming linear
(S̃n = 71.78 ± 1.33%) and pairwise (S̃n = 15.01 ± 3.16%)
topologies in the same architecture.

The 3-hidden-layer circular configuration achieved lowest
training losses (0.0061–0.0084 MSE) while maintaining the

TABLE I
COMPUTATIONAL ENVIRONMENT

Component Specification

Quantum Simulator Qulacs state-vector simulator (CPU backend)
Simulation Precision complex128 (double precision)
CPU 16 logical cores (8 physical cores)
System Memory 31.35 GB RAM
Operating System Linux (x86 64)

highest entanglement across all dataset sizes. While the results
suggest that our configuration achieved best loss at higher
entanglement across different topologies, it is not obvious
whether the amount of entanglement within a specific topology
indicates performance across different dataset sizes. Table II
shows that within the same topology, higher entanglement
does not mean better performance, represented by lowest
loss at m=30 (0.0061 MSE, 80.24% Entropy) versus the
maximum entropy at m=10 (0.0079 MSE, 98.33% Entropy)
for circular topology; however, the circular configuration pro-
vided consistent performance in both metrics. Moreover, as
the entanglement increased, the performance improved across
different topologies; hence, circular topology was selected as
our entanglement configuration for further analysis and is
shown in Fig. 3.

Based on that, the general entanglement operation from (6)
in Section IV is implemented in the final QMLP architecture
as:

U
(l)
ent = CNOTn−1,0

n−2∏
i=0

CNOTi,i+1 (20)

Additionally, we show resource utilization of the QMLP model
during training for the used topologies in Table III. The data
are provided on average for training one epoch.

C. Model Training and Evaluation

We trained and compared our QMLP against classical
baseline models to evaluate performance in nociception pre-
diction across both sampling approaches. For comprehensive
evaluation, we trained each model with two different loss
functions (MSE and MAE).

1) QMLP Training

Following the framework described in Section IV with the
circular entanglement topology selected in Section V-B, we
trained the QMLP models using the parameter shift rule for
gradient estimation with Adam optimizer. The hyperparame-
ters including learning rate, number of epochs, and number of
layers were optimized for each dataset size in both sampling
approaches, with specific configurations presented in Table IV.

2) Classical Baselines

For a comparative analysis, we benchmarked the QMLP
against multiple state-of-the-art classical machine learning
algorithms:

• Deep Learning Models: CMLP and Feature Tokenizer
Transformer (FT-Transformer).

• Tree-based Ensemble Models: Random Forest (RF),
XGBoost (XGB), and LightGBM (LGBM).

• Linear Regression Models: Ridge, Lasso, and Elastic-
Net.
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TABLE II
COMPREHENSIVE TOPOLOGY EVALUATION: TRAINING LOSS AND

ENTANGLEMENT GENERATION ACROSS ARCHITECTURES AND DATASET
SIZES

Architecture Topology CNOTs Dataset Size
m=10 m=20 m=30 m=40 m=50 m=70

Training Loss (MSE)

3 Hidden
Layers

Circular 8 0.0079 0.0066 0.0061 0.0078 0.0084 0.0083
Linear 7 0.0126 0.0095 0.0096 0.0106 0.0112 0.0108
Pairwise 4 0.0135 0.0102 0.0105 0.0111 0.0115 0.0112
None 0 0.0176 0.0169 0.0165 0.0181 0.0175 0.0179

2 Hidden
Layers

Circular 8 0.0089 0.0067 0.0066 0.0082 0.0087 0.0088
Linear 7 0.0147 0.0110 0.0111 0.0116 0.0121 0.0117
Pairwise 4 0.0149 0.0111 0.0112 0.0118 0.0123 0.0118
None 0 0.0155 0.0119 0.0120 0.0124 0.0130 0.0125

1 Hidden
Layer

Circular 8 0.0106 0.0082 0.0084 0.0094 0.0094 0.0098
Linear 7 0.0176 0.0169 0.0165 0.0181 0.0181 0.0179
Pairwise 4 0.0176 0.0169 0.0165 0.0181 0.0181 0.0179
None 0 0.0176 0.0169 0.0165 0.0181 0.0181 0.0179

Normalized Maximum Entanglement Entropy (% of Haar)

3 Hidden
Layers

Circular 8 98.33 88.34 80.24 78.71 83.07 90.56
Linear 7 71.30 70.99 73.55 71.11 70.39 73.36
Pairwise 4 18.99 11.35 14.84 14.15 12.22 18.48
None 0 0.00 0.00 0.00 0.00 0.00 0.00

2 Hidden
Layers

Circular 8 60.80 50.91 62.67 49.75 57.52 50.19
Linear 7 56.79 55.28 53.26 56.53 56.03 54.20
Pairwise 4 18.93 22.83 17.24 24.38 19.32 20.57
None 0 0.00 0.00 0.00 0.00 0.00 0.00

1 Hidden
Layer

Circular 8 40.79 39.17 46.52 48.05 48.05 47.74
Linear 7 28.51 28.07 29.19 28.19 28.19 26.13
Pairwise 4 27.33 26.17 21.06 21.85 21.85 22.47
None 0 0.00 0.00 0.00 0.00 0.00 0.00

Top section: Training loss (MSE) after 400 epochs. Bottom section: Normalized
maximum entanglement entropy relative to Haar limit (Smax

Haar ≈ 2.273 for 8 qubits).
Measurements averaged across 1000 quantum states per dataset size. Bold values
indicate best performance within each architecture depth across all dataset sizes. Circular
topology consistently achieves lowest training loss and highest entanglement across
all architectures, with 3-hidden-layer configuration offering optimal balance between
performance and circuit depth.

• Instance-based Model: K-Nearest Neighbors (KNN).
CMLP models were implemented using TensorFlow, with

hyperparameters optimized through Bayesian optimization via
Optuna. The optimization process involved 200 trials per
objective function for all models, exploring architectures and
hyperparameters including the number and size of hidden lay-
ers, learning rates, optimizers, batch sizes, activation functions,
and L2 regularization for deep learning models. For tree-based
models, the search space included parameters such as number
of estimators, maximum depth, learning rate, subsample ra-
tio, and regularization parameters. For linear models, alpha
and l1 ratio parameters were optimized. All models were
optimized separately for both MSE and MAE loss functions
across all dataset sizes in both sampling approaches. All our
models used a random state of 42 for reproducibility. The
FT-Transformer and CMLP models were trained with early
stopping using a patience of 40 epochs (maximum 400 epochs)
and ReduceLROnPlateau learning rate scheduling was used
with FT-Transformer.

3) Model Expressivity Analysis

To further evaluate our models, we conducted an expres-
sivity analysis using Local Effective Dimension (LED) [73]
to compare CMLPs and QMLPs across different dataset sizes.
LED is a model capacity metric based on the Fisher Informa-
tion Matrix (FIM). For regression problems, we used the LED
framework following [74] defining the FIM as:

Fj,k(θ) = Ex

[
∂fθ(x)

∂θj

∂fθ(x)

∂θk

]
, (21)

TABLE III
RESOURCE UTILIZATION BY DATASET SIZE AND TOPOLOGY

Topology L n jobs Epoch Time (s) Peak Memory (GB)

m=10 (26,947 samples)
Circular 0 12 38.41 3.15
Circular 1 16 33.34 4.00
Circular 2 16 50.81 4.01
Linear 0 12 33.89 4.01
Linear 1 16 34.15 4.00
Linear 2 16 50.16 4.01
Pairwise 0 12 31.96 4.01
Pairwise 1 16 33.87 4.00
Pairwise 2 16 49.01 4.01

m=20 (58,367 samples)
Circular 0 12 74.85 4.01
Circular 1 16 71.07 4.01
Circular 2 16 111.19 4.01
Linear 0 12 73.37 4.01
Linear 1 16 71.58 4.01
Linear 2 16 109.57 4.01
Pairwise 0 12 68.58 4.01
Pairwise 1 16 70.96 4.01
Pairwise 2 16 106.30 4.01

m=30 (90,627 samples)
Circular 0 12 119.22 4.01
Circular 1 16 111.29 4.01
Circular 2 16 169.77 4.02
Linear 0 12 112.98 4.02
Linear 1 16 109.25 4.01
Linear 2 16 169.85 4.02
Pairwise 0 12 107.21 4.02
Pairwise 1 16 110.35 4.01
Pairwise 2 16 164.98 4.02

m=40 (103,663 samples)
Circular 0 12 134.95 4.02
Circular 1 16 126.74 4.02
Circular 2 16 193.30 4.02
Linear 0 12 131.18 4.02
Linear 1 16 125.43 4.02
Linear 2 16 193.06 4.02
Pairwise 0 12 121.86 4.02
Pairwise 1 16 124.34 4.02
Pairwise 2 16 190.19 4.02

m=50 (136,885 samples)
Circular 0 12 174.82 4.02
Circular 1 16 166.64 4.02
Circular 2 16 255.69 4.03
Linear 0 12 171.88 4.03
Linear 1 16 166.17 4.02
Linear 2 16 256.39 4.02
Pairwise 0 12 161.38 4.02
Pairwise 1 16 164.15 4.02
Pairwise 2 16 248.79 4.03

m=Full (185,041 samples)
Circular 0 12 241.42 4.03
Circular 1 16 229.51 4.03
Circular 2 16 351.83 4.04
Linear 0 12 238.57 4.03
Linear 1 16 230.42 4.03
Linear 2 16 352.14 4.04
Pairwise 0 12 225.09 4.03
Pairwise 1 16 229.54 4.03
Pairwise 2 16 342.38 4.04

n jobs refers to the number of parallel jobs processed concurrently.

where fθ(x) represents the model’s continuous output. This
differs from classification-based effective dimension [73]
which uses probability-weighted gradients. Our regression
approach computes the FIM through direct gradient outer
products F = ∇f ⊗ ∇f , appropriate for continuous value
predictions. LED analysis was applied to the CMLP, as it
consistently outperformed other classical models in the down-
sampled dataset approach. The LED was computed on the
trained parameters using 1000 for downsampled datasets n ≥
1000 and using the 100 samples at n=100, where at n ≥ 2000,
the samples used for LED were randomly selected, following,
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Fig. 3. QMLP model architecture used in this study based on topology and
performance analysis.

LED values were then calculated across multiple hypothetical
dataset sizes n ∈ {500, 1000, ..., 1,000,000} to characterize
how model expressivity would scale with data availability.

Initially, the trained CMLPs had a high number of param-
eters, which resulted in very low LED values. To ensure a
fair comparison with QMLPs, the CMLPs were retrained with
24 parameters (excluding bias) to match the QMLP parameter
count. Training was performed by hyperparameter optimiza-
tion using Optuna (200 trials per run). Despite our attempts to
achieve a performance close to the higher-parameter CMLPs,
the optimization was repeated until the lowest achievable
loss was obtained for the 24-parameter configuration. LED
was computed on the resampled datasets, and both the mean
and standard deviation were obtained to capture variability in
expressivity.

4) Test Evaluation

Our models were evaluated using MSE and MAE on train-
ing and validation sets. To ensure comprehensive evaluation,
we assessed all models using multiple regression metrics
on the out-of-sample test dataset: MAE, MSE, Root Mean
Squared Error (RMSE), R2, Pearson Correlation, and Mean
Absolute Percentage Error (MAPE).

D. Results and Discussion

1) Model Selection and Validation Performance Across
Sampling Approaches

Our Bayesian optimization process was applied using MSE
and MAE as separate objective functions for each model
type. After all trials were completed, models with the lowest
validation loss for each objective were selected for final
training. For clarity, only the top-performing models across
all baselines are reported for each dataset size.

Table IV presents the optimal hyperparameters and valida-
tion losses for both QMLP and the selected classical baselines
across both sampling approaches. Bold values indicate the
best-performing model for each loss type (MSE or MAE)
within each dataset size. Although models were optimized for
either MSE or MAE objectives, all final models were evaluated
on both metrics to facilitate comparison, and we only show
the metric used in optimization for clarity.

QMLP architectures demonstrated consistency across dif-
ferent dataset sizes in both approaches, utilizing three hidden
layers with eight parameters per layer and the circular entan-
glement topology selected in Section V-B. The learning rate
was the primary hyperparameter that varied (0.05 or 0.1) based
on dataset size.

Patient-wise sampling results on validation: Our training
results indicate that at smaller dataset sizes (m=10, 20, 30),
QMLP models outperformed classical baselines trained on
the same datasets, with validation MSE of 0.00994, 0.00637,
and 0.00721, respectively. Additionally, Table IV shows that
QMLP at m=20 and m=30 achieved lower validation loss than
all other models within the patient-wise sampling approach
on both objectives, with m=20 having an MSE of 0.00637
and MAE of 0.05304. As previously noted, our entanglement
analysis identified circular topology as optimal, specifically
at m=20 (0.0066 MSE, 88.34% entanglement) and m=30
(0.0061 MSE, 80.24% entanglement). Despite m=30 achiev-
ing lower training loss, the validation performance at m=20
(0.00637 MSE) was better than m=30 (0.00721 MSE), sug-
gesting that the higher entanglement at m=20 may contribute
to better generalization relative to training performance.

Downsampling approach results on validation: Downsam-
pled datasets results show that at the lowest sample size
(n=100), all models had a high MSE loss, with QMLP
achieving validation MSE of 0.01958, comparable to the best
classical baseline (ElasticNet-MSE at 0.02047); moreover,
CMLP had the lowest MAE-optimized model validation loss
(0.09157) compared to QMLP-MAE (0.10973). Results show
that as the downsampled dataset size increased, tree-based
models started to outperform other models on vlaidaiton loss,
specifically, at n=1000 (0.00696 MSE), while achieving the
lowest validation loss across all sampling approaches at n=
5000 (XGB-MSE, 0.00493). In contrast, QMLP-MSE and
QMLP-MAE achieved lower loss than their counterparts at
n=100 (0.01958) and n=1000 (0.05930), respectively.

2) Test Set Performance Evaluation

10 patients datasets were held-out prior to sampling ap-
proaches. Following model selection via validation loss com-
parison, all models were evaluated on the test datasets for the
two approaches. Tables V and VI show a comprehensive test
performance for both sampling strategies, with bold values
denoting optimal performance for each metric within the
respective dataset size.

Patient-wise sampling results on test: Table V presents
the test performance across patient-wise datasets. The re-
sults reveal that QMLP maintained competitive performance
throughout all dataset sizes, with its advantage being most
evident in smaller datasets.
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TABLE IV
OPTIMAL HYPERPARAMETERS AND VALIDATION LOSSES FOR QMLP AND CLASSICAL MODELS ACROSS BOTH SAMPLING APPROACHES

Size Model Type Loss Key Hyperparameters Val. MSE Val. MAE
Patient-wise Sampling (m)

m=10

QMLP Quantum Both LR=0.1, Layers=3 0.00994 0.07220
ElasticNet Lin. MAE α=0.00265, l1=0.272 — 0.07486

Lasso Lin. MAE α=0.000688 — 0.07511
Ridge Lin. MAE α=9.975 — 0.07454
CMLP DL MAE L: 64-16, LR=0.0013, D=0.18, B=256,

WD=0.00064, Act=ReLU, Opt=AdamW
— 0.07542

m=20

QMLP Quantum Both LR=0.1, Layers=3 0.00637 0.05304
CMLP DL MSE L: 64-32, LR=0.00065, D=0.043, B=256,

WD=0.00065, Act=ReLU, Opt=RMSprop
0.00833 —

CMLP DL MAE L: 32-64, LR=0.0036, D=0.099, B=256,
WD=0.00071, Act=LeakyReLU, Opt=Adam

— 0.06254

Ridge Lin. MSE α=0.000102 0.00956 —
Ridge Lin. MAE α=9.495 — 0.06877

m=30

QMLP Quantum Both LR=0.1, Layers=3 0.00721 0.05789
Ridge Lin. MAE α=9.962 — 0.06179
Lasso Lin. MAE α=0.00142 — 0.06164

ElasticNet Lin. MAE α=0.00278, l1=0.536 — 0.06163
Ridge Lin. MSE α=7.220 0.00786 —

m=40

QMLP Quantum Both LR=0.05, Layers=3 0.00827 0.06391
CMLP DL MSE L: 32-32, LR=0.0095, D=0.097, B=512,

WD=0.00049, Act=LeakyReLU, Opt=Adam
0.00828 —

FT-Transformer DL MAE dtok=128, Bl=3, LR=8.1e-5, B=128,
WD=0.00035, Act=ReGLU, Opt=AdamW

— 0.05889

CMLP DL MAE L: 16-32, LR=0.013, D=0.0007, B=512,
WD=0.00062, Act=ReLU, Opt=AdamW

— 0.06316

FT-Transformer DL MSE dtok=128, Bl=5, LR=0.00012, B=128,
WD=1.1e-6, Act=ReGLU, Opt=AdamW

0.00743 —

m=50

QMLP Quantum Both LR=0.1, Layers=3 0.00837 0.06809
FT-Trans. DL MSE dtok=64, Bl=5, LR=0.00019, B=512, WD=0.0001,

Act=ReGLU, Opt=AdamW
0.00831 —

CMLP DL MAE L: 32-32, LR=0.017, D=0.15, B=256,
WD=0.00014, Act=LeakyReLU, Opt=AdamW

— 0.06701

LGBM Tree MSE Est=158, Dp=10, LR=0.026, Lv=103 0.00789 —
LGBM Tree MAE Est=246, Dp=13, LR=0.010, Lv=117 — 0.06281

m=70

QMLP Quantum Both LR=0.1, Layers=3 0.00978 0.07053
RF Tree MAE Est=136, Dp=17, MS=5, F=sqrt — 0.06590
RF Tree MSE Est=269, Dp=13, MS=2, F=log2 0.00836 —

LGBM Tree MAE Est=287, Dp=8, LR=0.021, Lv=54 — 0.06614
LGBM Tree MSE Est=141, Dp=6, LR=0.039, Lv=81 0.00847 —

Downsampling Approach (n)

n=100

QMLP Quantum Both LR=0.05, Layers=3 0.01958 0.10973
CMLP DL MAE L: 32-64, LR=0.0058, D=0.091, B=256,

WD=0.00061, Act=ReLU, Opt=AdamW
— 0.09157

ElasticNet Lin. MSE α=0.018, l1=0.231 0.02047 —
ElasticNet Lin. MAE α=0.031, l1=0.233 — 0.10347

Lasso Lin. MSE α=0.006 0.02084 —

n=1000

QMLP Quantum Both LR=0.05, Layers=3 0.00750 0.05930
CMLP DL MSE L: 64-64, LR=0.0081, D=0.24, B=256,

WD=0.00061, Act=LeakyReLU, Opt=Adam
0.00699 —

XGB Tree MSE Est=299, Dp=8, LR=0.012, S=0.87 0.00696 —
Lasso Lin. MAE α=0.002 — 0.06100

ElasticNet Lin. MAE α=0.004, l1=0.382 — 0.06105

n=2000

QMLP Quantum Both LR=0.05, Layers=3 0.00761 0.06279
CMLP DL MSE L: 64-16, LR=0.0029, D=0.27, B=256,

WD=0.0001, Act=ReLU, Opt=Adam
0.00699 —

RF Tree MSE Est=157, Dp=20, MS=3, F=log2 0.00628 —
RF Tree MAE Est=255, Dp=19, MS=2, F=sqrt — 0.05518

XGB Tree MSE Est=128, Dp=11, LR=0.035, S=0.85 0.00677 —

n=5000

QMLP Quantum Both LR=0.05, Layers=3 0.00680 0.06107
CMLP DL MSE L: 16-16, LR=0.0018, D=0.16, B=256,

WD=7.5e-6, Act=ReLU, Opt=RMSprop
0.00670 —

XGB Tree MSE Est=282, Dp=8, LR=0.211, S=0.73 0.00493 —
XGB Tree MAE Est=285, Dp=8, LR=0.093, S=0.83 — 0.04801

CMLP DL MAE L: 64-64, LR=0.0043, D=0.23, B=512,
WD=0.00018, Act=ReLU, Opt=Adam

— 0.05788

n=10000

QMLP Quantum Both LR=0.05, Layers=3 0.00680 0.06080
CMLP DL MAE L: 32-32, LR=0.0011, D=0.29, B=256,

WD=0.00093, Act=LeakyReLU, Opt=AdamW
— 0.05748

Lasso Lin. MAE α=0.001 — 0.06281
ElasticNet Lin. MAE α=0.003, l1=0.481 — 0.06292

CMLP DL MSE L: 64-64, LR=0.0021, D=0.031, B=512,
WD=0.00015, Act=LeakyReLU, Opt=AdamW

0.00603 —

For classical models, only the best-performing model (MSE- or MAE-optimized) is shown. ”—” indicates the alternative variant was selected. Lin.=Linear,
DL=Deep Learning, Tree=Tree Ensemble, L=Layers, D=Dropout, Est=Estimators, Dp=Depth, Lv=Leaves, MS=MinSplit, F=Features, S=Subsample, Bl=Blocks,
B=Batch Size, WD=Weight Decay, Act=Activation, Opt=Optimizer, Val.=Validation. Bold values indicate best performance for each loss type (MSE/MAE) within
each dataset size.

The results show that QMLP-MAE performed well across
most metrics at m=10, achieving MSE of 10.04±6.14, RMSE
of 3.04± 0.95, MAE of 2.26± 0.74, MAPE of 4.02± 1.29,
and R2 of 0.664± 0.118. While ElasticNet-MAE and Ridge-
MAE showed slightly higher correlations (0.870 ± 0.057
and 0.870 ± 0.055), QMLP-MAE better maintained stronger
performance across other metrics, suggesting it captures the
underlying patterns more effectively despite limited data.

QMLP achieved the best performance across all experiments
(9.04± 6.89), alongside the best RMSE (2.81± 1.14), MAE
(2.09 ± 0.83), MAPE (3.69 ± 1.45), and R2 (0.715 ± 0.141)
at m=20. This highlights our earlier validation results and
entanglement analysis, which identified m=20 as an optimal
point. Although Ridge-MSE obtained a marginally higher
correlation (0.872±0.068 versus 0.859±0.091), QMLP-MSE
demonstrated superior generalization across the broader set of
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TABLE V
TEST PERFORMANCE COMPARISON: TOP MODELS BY TRAINING

DATASET SIZE (PATIENT-WISE SAMPLING)

Model MSE RMSE MAE MAPE R2 Corr

m=10
QMLP-MSE 17.88±9.15 4.09±1.13 3.10±0.90 5.55±1.66 0.353±0.300 0.733±0.143
QMLP-MAE 10.04±6.14 3.04±0.95 2.26±0.74 4.02±1.29 0.664±0.118 0.856±0.072
EN-MAEa 10.89±5.84 3.19±0.91 2.41±0.65 4.29±1.18 0.597±0.220 0.870±0.057
Lasso-MAE 11.14±5.87 3.23±0.90 2.44±0.66 4.36±1.20 0.581±0.237 0.868±0.058
Ridge-MAE 11.31±6.20 3.24±0.95 2.47±0.72 4.42±1.31 0.575±0.247 0.870±0.055
CMLP-MAE 12.10±8.37 3.28±1.23 2.33±0.83 5.11±1.98 0.533±0.337 0.837±0.110

m=20
QMLP-MSE 9.04±6.89 2.81±1.14 2.09±0.83 3.69±1.45 0.715±0.141 0.869±0.072
QMLP-MAE 10.03±6.69 3.00±1.06 2.23±0.86 3.96±1.51 0.673±0.130 0.855±0.072
CMLP-MSE 10.00±6.34 3.03±0.95 2.16±0.62 3.81±1.10 0.641±0.186 0.855±0.088
CMLP-MAE 10.38±6.65 3.08±0.99 2.19±0.69 3.86±1.21 0.646±0.155 0.845±0.096
Ridge-MSE 11.74±7.45 3.27±1.09 2.53±0.84 4.49±1.47 0.563±0.283 0.872±0.068
Ridge-MAE 11.27±6.99 3.20±1.06 2.42±0.74 4.26±1.29 0.597±0.225 0.872±0.067

m=30
QMLP-MSE 9.88±5.93 3.03±0.87 2.23±0.58 3.95±1.02 0.651±0.148 0.859±0.089
QMLP-MAE 10.58±7.38 3.08±1.09 2.27±0.75 4.00±1.29 0.648±0.165 0.838±0.105
Ridge-MAE 10.41±6.36 3.08±1.01 2.35±0.72 4.15±1.27 0.621±0.221 0.871±0.067
Lasso-MAE 10.42±6.33 3.08±1.00 2.32±0.66 4.07±1.14 0.636±0.170 0.868±0.067
EN-MAEa 10.45±6.44 3.09±1.01 2.31±0.66 4.04±1.14 0.639±0.163 0.868±0.067
Ridge-MSE 10.45±6.36 3.09±1.00 2.36±0.73 4.19±1.28 0.616±0.230 0.871±0.067

m=40
QMLP-MSE 9.96±7.16 2.97±1.13 2.25±0.74 3.99±1.28 0.669±0.163 0.846±0.087
QMLP-MAE 11.57±8.90 3.15±1.35 2.35±0.92 4.13±1.56 0.641±0.176 0.838±0.094
CMLP-MSE 10.04±6.72 3.01±1.05 2.18±0.72 3.87±1.23 0.664±0.153 0.848±0.084
FTT-MAEb 10.91±6.73 3.16±1.03 2.31±0.78 4.13±1.39 0.632±0.145 0.829±0.076
CMLP-MAE 11.31±7.02 3.20±1.11 2.29±0.76 4.06±1.34 0.606±0.214 0.814±0.087
FTT-MSEb 11.59±6.31 3.28±0.95 2.42±0.79 4.35±1.43 0.599±0.151 0.823±0.076

m=50
QMLP-MSE 9.91±7.37 2.95±1.15 2.23±0.75 3.93±1.29 0.681±0.159 0.860±0.080
QMLP-MAE 11.61±7.85 3.23±1.16 2.39±0.79 4.20±1.34 0.615±0.166 0.835±0.093
FTT-MSEb 9.77±6.22 2.99±0.98 2.18±0.60 3.88±1.05 0.657±0.171 0.859±0.071
CMLP-MAE 9.98±7.58 2.96±1.18 2.13±0.82 3.77±1.42 0.680±0.163 0.847±0.096
LGBM-MSE 10.77±7.75 3.11±1.11 2.30±0.80 4.10±1.42 0.640±0.180 0.833±0.106
LGBM-MAE 10.91±7.69 3.13±1.12 2.38±0.80 4.23±1.39 0.640±0.169 0.832±0.095

m=Full
QMLP-MSE 10.62±8.25 3.04±1.25 2.27±0.83 4.00±1.40 0.673±0.160 0.860±0.086
QMLP-MAE 11.37±8.18 3.17±1.21 2.35±0.75 4.13±1.22 0.643±0.158 0.851±0.089
RF-MAE 10.72±6.92 3.12±1.03 2.32±0.71 4.12±1.20 0.645±0.142 0.842±0.083
RF-MSE 10.87±6.67 3.16±0.98 2.32±0.66 4.11±1.12 0.632±0.142 0.840±0.080
LGBM-MAE 10.88±6.67 3.16±0.98 2.37±0.72 4.21±1.22 0.641±0.122 0.842±0.077
LGBM-MSE 10.94±6.09 3.20±0.89 2.39±0.63 4.25±1.08 0.624±0.132 0.842±0.073

a EN denotes Elastic Net. EN-MSE and EN-MAE indicate models trained using MSE
and MAE loss functions, respectively.
b FTT denotes FT-Transformer.

evaluation criteria.
Similarly, At m=30, QMLP-MSE outperformed with MSE

of 9.88 ± 5.93 and R2 of 0.651 ± 0.148, surpassing the best
classical baseline (Ridge-MSE: 10.28 ± 6.44 MSE, 0.639 ±
0.152 R2). At m=40, QMLP-MSE achieved MSE of 9.96 ±
7.16 and R2 of 0.669 ± 0.163, compared to CMLP-MSE’s
10.46± 7.29 and 0.650± 0.162, respectively. As the training
size increased to m=50, FT-Transformer-MSE achieved the
lowest MSE (9.77±6.22), slightly outperforming QMLP-MSE
(9.91± 7.37). However, QMLP-MSE had better R2 (0.681±
0.159 versus 0.657 ± 0.171) with lower standard deviation,
indicating more consistent performance across test datasets.

The largest dataset size (m=Full) results showed that
QMLP-MSE had an MSE of 10.62 ± 8.25 and R2 of
0.673 ± 0.160, outperforming RF-MSE (11.07 ± 8.44 MSE,
0.655± 0.165 R2). Notably, while validation losses generally
improved with more data, test performance degraded beyond
m=20 for both quantum and classical approaches, suggesting
increasing inter-patient variability. However, this degradation
was less pronounced for QMLP, indicating better generaliza-
tion across different patient populations.

TABLE VI
TEST PERFORMANCE COMPARISON: TOP MODELS BY DATASET SIZE

(DOWNSAMPLING APPROACH)

Model MSE RMSE MAE MAPE R2 Corr

n=100
QMLP-MSE 11.25±6.04 3.24±0.91 2.41±0.64 4.20±1.14 0.589±0.209 0.837±0.071
QMLP-MAE 14.61±5.37 3.76±0.70 2.74±0.53 4.76±0.95 0.450±0.217 0.803±0.073
CMLP-MAE 12.10±8.37 3.28±1.23 2.33±0.83 4.07±1.46 0.533±0.337 0.837±0.110
EN-MSEa 13.33±7.20 3.52±1.03 2.56±0.75 4.43±1.28 0.528±0.227 0.814±0.106
EN-MAEa 13.41±7.20 3.53±1.03 2.57±0.75 4.35±1.29 0.523±0.229 0.814±0.106
Lasso-MSE 14.09±7.49 3.62±1.04 2.65±0.75 4.58±1.29 0.501±0.228 0.802±0.122

n=1000
QMLP-MSE 10.36±7.10 3.06±1.04 2.24±0.68 3.94±1.18 0.653±0.155 0.860±0.083
QMLP-MAE 11.13±7.54 3.17±1.11 2.30±0.77 4.03±1.32 0.638±0.151 0.840±0.088
CMLP-MSE 10.59±6.40 3.13±0.95 2.28±0.63 4.07±1.14 0.609±0.211 0.849±0.096
XGB-MSE 10.87±6.87 3.16±1.00 2.30±0.69 4.06±1.20 0.639±0.137 0.842±0.081
Lasso-MAE 11.05±6.98 3.16±1.08 2.37±0.73 4.16±1.28 0.616±0.197 0.859±0.079
EN-MAE 11.07±7.00 3.17±1.08 2.37±0.73 4.12±1.26 0.616±0.195 0.859±0.079

n=2000
QMLP-MSE 9.75±6.88 2.96±1.03 2.20±0.70 3.90±1.21 0.668±0.167 0.858±0.093
QMLP-MAE 11.26±7.11 3.20±1.06 2.34±0.65 4.08±1.07 0.631±0.129 0.859±0.065
CMLP-MSE 10.15±6.80 3.04±1.01 2.19±0.71 3.88±1.26 0.652±0.161 0.849±0.091
RF-MSE 10.65±6.02 3.15±0.91 2.32±0.59 4.15±1.05 0.616±0.201 0.843±0.086
RF-MAE 10.76±6.32 3.16±0.94 2.32±0.61 4.14±1.09 0.610±0.214 0.838±0.091
XGB-MSE 10.98±6.91 3.19±1.00 2.33±0.70 4.18±1.04 0.631±0.158 0.840±0.085

n=5000
QMLP-MSE 10.33±6.58 3.07±1.00 2.26±0.64 3.99±1.11 0.659±0.133 0.855±0.090
QMLP-MAE 10.66±7.42 3.08±1.14 2.27±0.71 3.99±1.18 0.660±0.138 0.862±0.075
CMLP-MSE 10.97±6.56 3.19±0.95 2.25±0.66 3.99±1.18 0.606±0.185 0.832±0.094
XGB-MSE 11.00±7.03 3.18±1.03 2.32±0.70 5.07±1.03 0.629±0.152 0.838±0.086
XGB-MAE 11.04±7.18 3.17±1.06 2.32±0.72 4.65±1.00 0.632±0.148 0.838±0.085
CMLP-MAE 11.19±6.28 3.22±0.96 2.30±0.62 4.07±1.08 0.596±0.217 0.840±0.080

n=10000
QMLP-MAE 10.64±7.43 3.08±1.14 2.29±0.73 4.04±1.21 0.661±0.137 0.860±0.075
QMLP-MSE 10.92±6.62 3.16±1.01 2.34±0.66 4.13±1.13 0.641±0.125 0.853±0.086
CMLP-MAE 10.78±7.18 3.12±1.08 2.22±0.75 3.91±1.29 0.634±0.176 0.841±0.087
Lasso-MAE 10.93±6.76 3.15±1.05 2.38±0.70 4.20±1.21 0.617±0.191 0.863±0.072
EN-MAE 10.95±6.78 3.16±1.06 2.38±0.70 4.13±1.18 0.617±0.189 0.863±0.072
CMLP-MSE 11.34±6.20 3.27±0.91 2.35±0.60 4.95±1.13 0.579±0.221 0.828±0.085

a EN denotes Elastic Net. EN-MSE and EN-MAE indicate models trained using MSE
and mean MAE functions, respectively.

Downsampling approach results on test:
The downsampling experiment examined model perfor-

mance across varying sample sizes (n=100 to n=10,000).
Across all sample sizes tested, QMLP demonstrated consistent
superiority in test performance metrics (Table VI). At the
smallest sample size (n=100), QMLP-MSE achieved the low-
est MSE (11.25±6.04) and highest R2 (0.589±0.209), while
CMLP-MAE obtained lower MAE (2.33±0.83). Both QMLP-
MSE and CMLP-MAE demonstrated the highest correlation
values (0.837), indicating strong predictive capability with
limited data.

At n=1,000, QMLP-MSE achieved optimal performance
across all evaluation metrics. The model produced an MSE
of 10.36±7.10, MAE of 2.24±0.68, R2 of 0.653±0.155,
and correlation of 0.860±0.083. These results surpassed
both CMLP-MSE (MSE: 10.59±6.40, MAE: 2.28±0.63, R2:
0.609±0.211) and XGB-MSE (MSE: 10.87±6.87, MAE:
2.30±0.69, R2: 0.639±0.137), despite classical baselines
achieving lower validation loss values.

As sample size increased to n=2,000, QMLP-MSE achieved
the lowest MSE across all sample sizes tested (9.75±6.88) and
the highest R2 (0.668±0.167), while CMLP-MSE obtained
lower MAE (2.19±0.71 versus 2.20±0.70). Notably, RF-
MSE demonstrated superior validation loss (0.00628 versus
0.00761), yet QMLP-MSE showed better generalization to
unseen test data. This sample size represented the optimal
balance for minimizing prediction error across the resampled
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datasets approach.
At larger sample sizes (n=5,000 and n=10,000), QMLP

maintained its superior performance compared to classical
baselines (MSE: 10.33±6.58 to 10.66±7.42; R2: 0.660±0.138
to 0.661±0.137), while CMLP-MSE (n=5000) and CMLP-
MAE (n=10000) obtained lower MAE of 2.25±0.66 and
2.22±0.75 respectively.

Our results highlight the importance of out-of-sample test
datasets in both sampling approaches. In the patient-wise ap-
proach, QMLP-MSE achieved optimal performance at m=20
patients (MSE: 9.04±6.89, R2: 0.715±0.141), whereas in
the downsampling approach, QMLP-MSE achieved the lowest
MSE at n=2,000 samples (9.75±6.88, R2: 0.668±0.167).
Both approaches demonstrated a divergence between test and
validation performance, where classical baselines had superior
validation loss at some cases, as example, RF-MSE: 0.00628
at n= 2,000 in downsampling approach; and LGBM-MSE:
0.00789 at m=50 in patient-wise approach, did not translate
better validation performance to optimal test metrics. QMLP,
on the other hand, frequently outperformed models while
achieving lower validation loss, suggesting better generaliza-
tion capability both in lower and higher dataset sizes.

3) Model Performance on ECKH Dataset

The best three models were used (one quantum and two
classical baselines) for this comparison. The models were
QMLP-MSE (m=20), CMLP-MAE and FT-Tokenizer-MSE
(m=50). We analyzed nociception predictions in 60 samples
windows before and after each event, where each sample
represents nociception prediction across 5s–window.

Fig. 4 shows the nociception changes during surgical
events. All models increased during surgical events (all
p≤0.0078, Wilcoxon signed-rank test). During intubation,
QMLP increased by ∆=8.30±1.59, whereas CMLP and FT-
Transformer showed smaller increases (∆=4.34±0.94 and
∆=4.23±0.99, respectively). During incision, QMLP in-
creased further (∆=12.54±4.22) compared with CMLP (∆ =
9.32 ± 2.17) and FT-Transformer (∆=9.23±2.58). The dif-
ference between QMLP and classical baselines was less pro-
nounced during extubation, with similar differences across all
models (QMLP: ∆=13.05±3.13; CMLP: ∆=13.32±2.97; FT-
Transformer: ∆=13.39±3.72).

Notably, QMLP consistently predicted higher absolute noci-
ception values than classical models across all events (Fig. 4,
upper panel). On a 0-100 nociception scale with mean baseline
of approximately 50, classical models rarely exceeded this
threshold during events, whereas QMLP systematically pre-
dicted values above 60 during intubation and above 70 during
incision and extubation. This difference is particularly relevant
given that test data originated from a different hospital, where
interpatient variability typically challenges model general-
ization. Fig. 5 presents representative cases from individual
surgical procedures.

4) Model Expressivity Analysis

To understand the mechanisms underlying QMLP’s superior
generalization, we analyzed model expressivity using LED.
Fig. 6 presents the LED comparison between QMLP and
CMLP architectures across varying training dataset sizes,
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Fig. 4. Difference in means before and after surgical events. Upper plot
shows the mean nociception prediction distribution across 10 patients. Lower
plot shows the difference in mean before and after each event. **p≤0.01
indicate significance.

with CMLP models constrained to 24 parameters for fair
comparison.

Results show that QMLP models demonstrated approxi-
mately twice the effective dimensionality of CMLP variants
at n=1,000, reaching normalized LED values of 0.68-0.70
compared to 0.34-0.35 for classical models. This gap in LED
indicates that quantum models occupy a larger region of model
space despite equivalent parameter counts.

The higher LED values achieved by QMLP at smaller
dataset sizes demonstrate quantum models’ capacity to extract
more information from limited training data. This proved
particularly relevant in patient-wise sampling experiments,
where QMLP-MSE achieved optimal performance at m=20
patients despite lower training data.

The LED analysis provides a theoretical explanation for
QMLP’s superior test performance despite sometimes higher
validation loss: the quantum model’s higher effective dimen-
sionality enables it to learn more robust representations that
generalize better to unseen data, rather than overfitting to
validation set characteristics. This is particularly evident in the
downsampling experiments, where tree-based models achieved
lower validation losses but QMLP consistently outperformed
them on test metrics.

The combined results from topology selection (Section
V-B), test performance evaluation, and expressivity analysis
reveal several key insights. First, our QMLP models constantly
outperformed classical baselines when trained on limited pa-
tient data (m ≤ 30 and n ≤ 2000) moderate sample sizes, or
even at large training dataset sizes, despite achieving higher
validation loss in some cases. Our topology selection analysis
demonstrated its effectiveness when evaluated on new unseen
data, where the models with the lowest training loss (m = 20
and m=30) had the lowest (m=20) and a comparative (m=30)
loss results.

E. Deployment Feasibility

The inference performance of the proposed QMLP model
was evaluated across all test datasets, containing a total
of 19,182 samples. The total prediction time was 6.30 s,
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Fig. 5. Event responses from one patient showing QMLP (blue), CMLP (orange) and FT-Transformer (green) sensitivity to surgical events. Each subplot
shows nociception predictions for 60 samples before and after a specific event (marked by the black dashed vertical line at sample index 0). The horizontal
dotted lines represent mean predictions before (lower dots) and after (upper dots) each event for each model. During intubation, QMLP demonstrated the
largest response (∆=9.14) compared to CMLP (1.00) and FT-Transformer (5.26). Similarly, during incision, QMLP showed better sensitivity (∆=12.26)
versus CMLP (3.32) and FT-Transformer (3.67). At extubation, QMLP maintained its better sensitivity with the largest response (∆=29.49) compared to
FT-Transformer (∆=21.36) and CMLP (∆=12.21). The shaded regions indicate pre-event (light blue) and post-event (light coral) periods.
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Fig. 6. Local Effective Dimension (LED) comparison between QMLP and
CMLP models across dataset sizes, showing QMLP’s superior expressivity
particularly in smaller dataset sizes. QMLP demonstrated approximately twice
the effective dimensionality of CMLP models.

corresponding to an average inference latency of 0.33 ms
per sample. Hence, per-sample prediction time indicates that
the model is computationally efficient and suitable for real-
time nociception assessment in intraoperative settings. From a
clinical perspective, this inference latency falls well within
the constraints of real-time surgical monitoring. In general
anesthesia, nociception-related measurements are not required
to update at the raw signal sampling frequency, but rather at a
clinically meaningful temporal resolution (e.g., 1–5 seconds).
Within our framework, physiological features are extracted
over a 5-second time window, which provides both a sufficient
interval for generating nociception predictions and adequate
parameter information within each window.

F. Limitations and Future Work

Our study has several limitations that should be addressed
in future research. First, All experiments were conducted on
quantum simulators, which do not account for real hardware
noise, decoherence, or gate errors that would affect practical
deployment. Future work should evaluate QMLP on actual
quantum hardware with error mitigation strategies to assess
real-world viability.

Additionally, although Section V-B demonstrated that cir-
cular topology achieved the lowest training loss and highest
entanglement, we did not assess test performance across
different topologies. Consequently, it remains unclear whether
other configurations (linear and pairwise) would result in com-
parable generalization. Future studies should evaluate out-of-
sample test metrics across different topologies, which would
contribute to more understanding for the underlying influence
of entanglement on model performance.

VI. CONCLUSION

In this study, we have developed a novel QMLP model
that utilizes quantum computing methods for nociception
prediction. The model consists of four main blocks: a feature
encoding layer, hidden layers with entanglement operations,
a reuploading layer, and a classical postprocessing layer. We
systematically evaluated the QMLP across multiple dataset
sizes using two sampling approaches: patient-wise sampling
and downsampling. We compared QMLP performance against
different classical baselines including deep learning mod-
els (CMLP, FT-Transformer), tree-based ensembles (Random
Forest, XGBoost, LightGBM), and linear models (Ridge,
Lasso, ElasticNet). Results show that QMLP consistently
outperformed all classical baselines across evaluation metrics,
showing superior generalization capability across different
dataset sizes, with optimal performance achieved in data-
limited cases. Evaluation on different patients population fur-
ther supported our findings, showing QMLP model’s improved
response to clinically relevant nociceptive events, such as
intubation, incision, and extubation. Our expressivity analysis
revealed that QMLP models achieved approximately twice the
local effective dimension of CMLPs with identical parameter
counts. Entanglement topology experiments showed that cir-
cular topology reduced training loss compared to other two
topologies (Linear and Pairwise), suggesting that entanglement
structure might drive quantum advantage independent of data
quantity. Our work shows that quantum models might be a
valuable candidate for medical applications when interpatient
variability interferes, playing a critical role in reducing both
the prediction error and the required dataset sizes. Future work
should focus on deploying the QMLP model on actual quan-
tum hardware to assess performance under realistic constraints.
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Expanding the dataset to include more patients and diverse
surgical contexts will enable more robust validation.
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