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Abstract

Quantum machine learning (QML) leverages quantum phenomena such
as superposition, entanglement, and interference to address computa-
tional challenges that are difficult for classical systems. In radiation on-
cology, where treatment planning, image guidance, adaptive replanning,
and multi-modal data integration require high-dimensional optimisation
and complex pattern recognition, QML may offer advantages in compu-
tational efficiency and representational capacity. This review systemati-
cally maps quantum algorithms to the clinical radiation oncology work-
flow. We outline foundational concepts in quantum computing, including
complexity insights from the BQP class and practical constraints of the
noisy intermediate-scale quantum (NISQ) era. The radiation oncology
pipeline—from consultation and simulation to treatment planning, de-
livery, and follow-up—is analysed to identify computational bottlenecks
where quantum methods could provide benefit. Current developments in
quantum-enabled diagnostic modelling, quantum-inspired clinical decision
support for precision radiotherapy, quantum reinforcement learning for
adaptive treatment policies, and emerging concepts such as quantum dig-
ital twins are reviewed. Key challenges—including hardware limitations,
barren plateaus, data encoding constraints, limited datasets, regulatory
considerations, and the gap between theoretical speedups and clinical im-
plementation—are critically examined. Finally, a three-horizon roadmap
is proposed outlining near-term proof-of-concept research, mid-term in-
tegration with treatment planning systems, and long-term prospects for
fault-tolerant quantum simulation in oncology.

Keywords. Quantum machine learning; Radiation oncology; Quantum
algorithms; Treatment planning optimisation; Adaptive radiotherapy



1 Introduction

Radiation oncology is a data-intensive discipline that relies on complex, multi-step
workflows encompassing patient simulation, treatment planning, image guid-
ance, and adaptive replanning [I, 2]. Each step involves computationally de-
manding tasks: high-resolution image registration, multi-objective optimisation
under uncertainty, Monte Carlo dose calculation, and extraction of high-dimensional
radiomic features [3} 4, [5]. Classical machine learning (ML) has made significant
inroads into automating and improving these tasks, yet it faces fundamental lim-
itations when confronted with the scale, dimensionality, and inherent quantum
nature of the underlying physical processes [6]. Quantum computing offers a
fundamentally different paradigm, leveraging superposition, entanglement, and
interference to explore solution spaces that are inaccessible to classical architec-
tures [7]. In the near term, noisy intermediate-scale quantum (NISQ) devices
[8] are being combined with classical algorithms in hybrid quantum-classical
frameworks that have already shown promise for optimisation, simulation, and
machine learning tasks [9]. The field of quantum machine learning (QML) aims
to harness these advantages by embedding classical data into exponentially large
Hilbert spaces, potentially capturing correlations that escape classical models
10, [11].

In radiation oncology, early theoretical and experimental work has explored
QML for beam angle optimisation [12], toxicity prediction [13], adaptive treat-
ment planning [14], and multi-omics integration [15]. However, a comprehensive
review that systematically maps the landscape of quantum algorithms to the
specific computational challenges of the radiation oncology workflow is still lack-
ing. This article fills that gap by:

e Providing a rigorous taxonomy of quantum algorithms relevant to oncol-
ogy, distinguishing between fault-tolerant and NISQ-era approaches.

e Detailing the radiation oncology workflow and pinpointing where quantum
methods could offer transformative advantages.

e Reviewing the state of the art in quantum-enhanced diagnostic modelling,
clinical decision support, adaptive radiotherapy, and digital twin concepts.

e Critically assessing the current challenges, limitations, and future direc-
tions for translating QML into clinical practice.

By synthesising knowledge from quantum information science and radiation
oncology, we aim to provide a foundation for interdisciplinary research and
to guide the community toward realistic, high-impact applications of quantum
computing in cancer care.



2 Background and Foundations

Radiation oncology requires complex treatment planning that balances tumor
control with normal tissue protection. Classical multivariate optimization, such
as Pareto-based convex planning, has improved planning time and quality while
providing a baseline to evaluate emerging computational approaches [I6]. Clas-
sical Machine Learning (ML) methods, including neural networks, SVMs, have
been applied to integrate high-dimensional imaging and clinical data but face
limitations due to small sample sizes and non-linear interactions. Quantum Ma-
chine Learning (QML) leverages superposition, entanglement, and probabilistic
measurement to represent complex data more efficiently. Quantum-enhanced
feature spaces can embed classical data into exponentially large Hilbert spaces,
enabling better pattern recognition and potentially better handling of high-
dimensional clinical datasets [1I} [I7].

2.1 Quantum Computing and Machine Learning in Health-
care

QML operates with the formalism of quantum mechanics, encoding information
in qubits that evolve in Hilbert spaces under unitary transformations [7]. Un-
like classical bits, qubits can exist in superposition, representing multiple states
simultaneously, and can exhibit entanglement, which introduces non-classical
correlations essential for enhancing representational power [18]. Classical data
first must be embedded into quantum states via angle or amplitude encod-
ing, creatung quantum featue maps that oreserve information in the Hilbert
space. Once encoded Variational Quantum Circuits (VQCs) are constructed
from parameterized unitary gates process the data, with model outputs ob-
tained through projective measuremntsproducing probabilistic predictions that
requre repeat sampling for stability [7]. Practical implementations are con-
strained by noise and decoherence inherent in current quantum hardware. In
the Noisy Intermediate-Scale Quantum (NISQ) era, these limitations make hy-
brid quantum-classical approaches, such as variational classifiers adn quantum
kernels, the most feasible frameworks for early applications in healthcare [§].

QML offers several paradigms to exploit the representational and optimization
advantages of quantum computing. One approach involves quantum kernels
where classical data is embedded via parameterized quantum circuits into ex-
ponentially large Hilbert spaces which creates implicit feature maps that can
enhance classification performance on high dimensional datasets [10]. Varia-
tional Quantum Circuits (VQCs) represent a near-term QML framework con-
sisting of parameterized quantum circuits trained using classical optimization
algorithms. These models can learn complex decision boundaries, making them
suitable for supervised tasks such as disease classification or patient stratification
in healthcare [19]. Quantum Convolutional Neural Networks (QCNN) extends
this paradigm by leveraging hierarchical entanglement and parameter sharing to
mimic classical CNN feature extraction, offering a powerful tool for structured



healthcare data such as high-resolution medical images [20]. Finally, hybrid op-
timization strategies inspired by the Quantum Approximate Optimization Algo-
rithm (QAOA) demonstrate how parametrized quantum circuits combined with
classical optimization can tackle combinatorial and learning problems, providing
a flexible framework for quantum-enhanced predictive modeling in healthcare

[9].

Healthcare data is inherently high-dimensional, heterogeneous, and multi-modal,
presenting challenges that classical machine learning often struggles to address.
Radiomics which extracts quantitative image features to capture intra-tumor
heterogeneity that represent the type of complex data that can benefit from
enhanced representational frameworks [21]. Integrating imaging with genomic
and clinical variables has shown improved predictive modeling in oncology, but
this requires methods capable of capturing intricate multi-modal relationships
[22]. Classical models in radiation oncology such as neural networks and other
supervised methods, often face overfitting and poor generalization due to limited
patient data and high dimensional features [23]. Oncology prediction is further
complicated by uncertainty and variability in multi-omics datasets [I4]. Deep
learning has advanced biomedical imaging and genomics by extracting hierar-
chical non-linear feature, setting a benchmark for representational power [€].
QML provides a potentially transformation alternative which offers access to
exponentially larger Hilbert spaces, entanglement-enabled correlations and hy-
brid quantum-classical optimization , all of which may improve representation,
learning and prediction in high -dimensional multi-modal healthcare datasets.

2.1.1 Complexity Theoretic Understanding

To rigorously assess the potential of quantum machine learning (QML) in ra-
diation oncology, we must ground the discussion in quantum computational
complexity theory. This framework provides formal language to describe when
quantum advantage is possible, the conditions under which it can be realized,
and the fundamental obstacles that remain even with ideal hardware. The class
BQP (Bounded-error Quantum Polynomial time) comprises decision problems
solvable by a uniform family of polynomial-size quantum circuits with error
probability at most 1/3 for all instances. Formally, a language (L C {0,1}) is
in BQP if there exists a polynomial-time uniform family of quantum circuits
{Qn}nen such that for all inputs x:

Wl =

2
v € L = Pr(Q, accepts r) > 3 ¢ ¢ L = Pr(Q|, accepts r) <

The relationship between BQP and classical complexity classes is character-
ized by the inclusions BPP C BQP C PP C PSPACE, where BPP is classi-
cal bounded-error probabilistic polynomial time, PP is probabilistic polynomial
time with unbounded error, and PSPACE is polynomial space. It is widely
conjectured that BPP C BQP, implying the existence of problems solvable in
polynomial time on quantum computers that require superpolynomial time on



classical machines [24]. However, it remains open whether BQP C NP or vice
versa. For radiation oncology, this formalism is relevant insofar as clinical tasks
can be reduced to decision problems within BQP. For instance, inverse treat-
ment planning often requires solving large systems of linear equations Ax = b
where A is the dose-influence matrix. If A is sparse and well-conditioned, the
Harrow-Hassidim-Lloyd (HHL) algorithm solves this system in O(log(N)x?/¢)
time [25], where N is the matrix dimension, x the condition number, and € the
precision. Classical algorithms scale as O(N log(NN)) under the same assump-
tions, so HHL offers an exponential speedup in N. However, this advantage
is contingent on the ability to load b efficiently (a nontrivial input bottleneck)
and to extract the solution vector x without exponential overhead. Moreover,
for dense or ill-conditioned matrices, the speedup vanishes.

A more subtle potential advantage lies in quantum kernel methods. Consider
a quantum feature map ¢ : XY — H that embeds classical data into an n-qubit
Hilbert space H = (C2)®". The quantum kernel is defined as

K(a,a') = [(p(@)|o(@))]* = [Tr [|p(@))(¢(x)] - [6(a) (S]] -

For certain feature maps (e.g., those based on instantaneous quantum polyno-
mial time circuits), estimating k(x,2’) to within additive error e is #P-hard
under polynomial-time reductions [I7]. Formally, if there existed a classical
randomized algorithm that, for any x,z’, outputs an estimate k such that
|l~cfk(x, 2")| < e in time poly(n, 1/¢), then BQP C BPP would follow, collapsing
the polynomial hierarchy. This provides a theoretical guarantee that quantum
kernels can, in principle, capture correlations that are classically intractable to
compute. In radiomics, where one extracts thousands of quantitative features
from medical images, the ability to compute such kernels could reveal nonlinear
interactions among features that are invisible to classical kernel methods. How-
ever, this advantage is only meaningful if the clinical prediction task requires the
evaluation of such hard kernels. Moreover, on NISQ devices, the estimation of
these kernels is subject to shot noise: with M measurements, the empirical ker-
nel k satisfies [k — k| < O(1/v/M) with high probability, so achieving precision €
requires M = Q(1/€?) circuit repetitions. Thus, the asymptotic advantage may
be offset by sampling overhead in practice.

Variational quantum algorithms, which form the backbone of most near-term
QML proposals, optimize a parameterized quantum state [1)(0)) to minimize a
cost function C(6) = (¢(0)|H|y(0)). The trainability of such circuits is gov-
erned by the variance of the gradient. For a sufficiently expressive ansatz that
forms a unitary 2-design, the partial derivative with respect to any parameter
0,, satisfies
aC aC
Eg|—| =0, Varg |—| <O (27"
[0 ] o

provided that H is a global observable (i.e., acts nontrivially on all qubits) [20].
This exponential decay of gradient variance—the barren plateau—implies that



for problems requiring many qubits, gradient-based optimization becomes in-
feasible, as the number of shots needed to estimate a nonzero gradient grows as
Q(2™). More recently, the analysis has been extended to local observables and
shallow circuits. For a local Hamiltonian H = ), H; where each H; acts on at
most k qubits, the gradient variance can scale polynomially in n if the circuit
depth is O(logn) and the ansatz respects locality [27]. This suggests that QML
models for medical imaging, which must process high-dimensional data, should
be designed with local cost functions and shallow, problem-inspired architec-
tures to avoid barren plateaus. For example, in dose optimization, the cost
function naturally decomposes into local terms (e.g., dose-volume constraints
for individual voxels), which may preserve trainability.

From the perspective of statistical learning theory, quantum models do not
inherently require fewer training examples than classical models. In the PAC
(Probably Approximately Correct) framework, a concept class C is learnable by
a quantum learner if there exists a quantum algorithm that, with probability
at least 1 — §, outputs a hypothesis h such that error(h) < € using m exam-
ples. Arunachalam and de Wolf [28] showed that any concept class learnable
by a quantum learner with m examples is also learnable by a classical learner
with O(mlogm) examples, up to constant factors. Formally, if a concept class
has quantum sample complexity mq (e, d), then its classical sample complexity
me (€, ) satisfies me = O(mg logmg). Thus, quantum advantage cannot arise
from superior sample efficiency; it must come from representational power (i.e.,
the ability to express functions that classical circuits cannot approximate with
a given number of parameters) or from computational speedups in training.
This result has profound implications for radiation oncology, where datasets are
often small (N ~ 102 — 10%). QML cannot circumvent the fundamental need
for high-quality, well-annotated data; any claim of improved accuracy on small
datasets must be scrutinized for overfitting and should be accompanied by rig-
orous cross-validation and comparison to classical baselines.

Where quantum models may excel is in reducing the time required for training
or inference. Consider a classical neural network with P parameters; training
via backpropagation scales as O(P?) per epoch. A variational quantum circuit
with P parameters may, in principle, be trained using the parameter-shift rule,
which requires O(P) circuit evaluations per gradient step, each evaluation re-
quiring O(1) shots. If each circuit evaluation is exponentially faster than the
corresponding classical computation (e.g., because it leverages quantum paral-
lelism to compute a kernel that would take classical O(2") time), then a time
advantage emerges. However, this is heavily contingent on the absence of bar-
ren plateaus, the efficiency of data encoding, and the overhead of measurement.
In the noisy intermediate-scale quantum (NISQ) regime, additional complexity-
theoretic considerations apply. The effective depth of implementable circuits
is limited by decoherence: for a circuit of depth D with gate error rate 7, the
overall fidelity scales as (1 — n)”. To maintain a non-negligible success prob-
ability, we require D < 1/n. This restricts the class of problems that can be



solved on NISQ devices to those with shallow circuits. Moreover, the overhead
of quantum error correction, which would enable deeper circuits, is currently
prohibitive for the problem sizes of interest in oncology.

Data loading presents another fundamental bottleneck. Amplitude encoding
of an N-dimensional vector into an n = [log, N]-qubit state requires coherent
arithmetic operations that themselves scale as poly(n) in depth, but may be
impractical for N ~ 10° (e.g., a 1024 x 1024 image). Angle encoding, while
simpler, uses one qubit per feature, limiting the dimensionality of data that can
be processed with available qubits. Thus, even if a quantum algorithm offers
an asymptotic advantage in problem size N, the constant factors and practical
constraints of data encoding may dominate for clinically relevant scales.

Table 1: Complexity-Theoretic Summary for Key Clinical Tasks

Clinical Task Quantum Algorithm  Theoretical Advantage Conditions f
Inverse planning (linear systems) HHL Exponential in matrix dimension N  Sparse, well-
Deformable image registration HHL / QPE Exponential in grid size Sparse defor
Dose calculation (Monte Carlo) QAE Quadratic in precision € Low-noise, d
Radiomic feature selection Grover Quadratic in number of features F*  Oracle for fe
Multi-omics classification Quantum kernel Potential P-hard kernel evaluation Kernel maps

Complexity theory provides both a rigorous foundation for optimism and a
sobering framework for understanding limitations. The promise of exponential
speedups for certain linear algebra and Monte Carlo tasks is real but contingent
on problem structure, encoding efficiency, and hardware capabilities. The ab-
sence of universal advantage in sample complexity or PAC learning reminds us
that QML is not a panacea for small datasets. Barren plateaus impose archi-
tectural constraints that must be respected in any practical QML model. For
radiation oncology, the path forward lies in identifying subproblems that sat-
isfy these stringent conditions—such as sparse, well-conditioned linear systems
from deformable registration, or low-dimensional feature selection tasks—and in
developing hybrid quantum-classical workflows that insulate the quantum core
from the data loading and output extraction bottlenecks. Only through such
targeted, complexity-aware design can the theoretical advantages of quantum
computing be translated into tangible clinical impact.

2.2 The Radiation Oncology Workflow

The radiation oncology workflow represents a meticulously orchestrated, multi-
step process that transforms a patient’s initial consultation into a precisely
delivered course of treatment. This workflow, standardized over the past three
decades, comprises several key phases: patient selection and consultation, simu-
lation, treatment planning, quality assurance, treatment delivery, and follow-up



care [I} 29]. Each phase involves distinct clinical expertise, specialized technolo-
gies, and computational methods, creating a complex pipeline where accuracy
and precision are paramount. Understanding this workflow is essential for iden-
tifying where emerging computational approaches, such as quantum machine
learning, might offer transformative potential.

2.2.1 Patient Selection and Consultation

The workflow begins with a comprehensive consultation, where the radiation on-
cologist reviews the patient’s diagnostic imaging, pathology results, and overall
clinical status to determine whether radiation therapy is an appropriate treat-
ment option [30]. This multidisciplinary evaluation considers tumour character-
istics, prior treatments, patient performance status, and potential synergies with
surgery or systemic therapies. For patients with a history of prior radiation, this
consultation becomes particularly complex, requiring careful assessment of cu-
mulative dose risks and consideration of reirradiation as a specialized pathway
[31]. The decision to proceed involves shared decision-making with the patient,
including discussion of treatment goals, potential side effects, and the expected
duration of therapy.

2.2.2 Simulation and Immobilisation

Once the decision to treat is made, the patient undergoes simulation—a critical
planning procedure that establishes the geometric foundation for all subsequent
steps [32]. During simulation, the patient is positioned on the CT table in the
exact posture that will be reproduced for each daily treatment fraction. Immo-
bilisation devices are custom-fabricated to ensure reproducibility: thermoplas-
tic masks for head and neck patients, vacuum-locked body bags for pelvic or
thoracic treatments, and knee supports or bite blocks as needed [33]. These de-
vices restrict patient movement and enable millimetre-level positioning accuracy
across the entire treatment course. A planning CT scan is acquired with the
patient in this treatment position, providing a volumetric dataset that captures
both the tumour region and surrounding normal anatomy [2]. Unlike diagnostic
scans, this planning CT is optimised for dose calculation, with the CT table be-
ing flat to replicate treatment conditions and lasers used to establish reference
coordinates. For many patients, additional imaging modalities are co-registered
with the planning CT to enhance target definition: MRI fusion provides supe-
rior soft-tissue contrast for brain and prostate tumours, while PET-CT adds
metabolic information that can identify biologically active subregions requiring
higher radiation doses [34]. Four-dimensional CT (4D-CT) may be employed
for tumours affected by respiratory motion, capturing images throughout the
breathing cycle to quantify tumour movement and inform motion management
strategies [35].



2.2.3 Treatment Planning

Following simulation, the acquired images and contours are transferred to a
treatment planning system (TPS)—specialised software that serves as the com-
putational engine of modern radiation oncology [36]. The TPSperforms several
essential functions: it imports three-dimensional image datasets, enables con-
touring of target volumes and organs at risk, computes expected dose distribu-
tions based on physical beam models, and optimises treatment parameters to
achieve clinical objectives.

2.2.4 Contouring and Volume Definition

The first planning step involves delineating the structures to be treated and pro-
tected. The radiation oncologist contours the gross tumour volume (GTV), clin-
ical target volume (CTV)—which includes microscopic disease extension—and
planning target volume (PTV), which adds a margin to account for setup un-
certainties and organ motion [37]. Simultaneously, organs at risk (OARs) such
as the spinal cord, lungs, heart, and parotid glands are outlined, each with spe-
cific dose constraints that must be respected to minimise toxicity [38]. This
contouring process, historically performed manually, is increasingly augmented
by auto-segmentation algorithms that use deep learning to identify anatomical
structures, reducing both the time required and inter-physician variability [39].

2.2.5 Dose Prescription and Optimisation

With contours complete, the medical dosimetrist and physicist, working under
the radiation oncologist’s guidance, design the beam arrangement and calcu-
late the treatment plan. Modern radiation therapy employs inverse planning,
particularly for intensity-modulated radiation therapy (IMRT) and volumet-
ric modulated arc therapy (VMAT) [40]. In inverse planning, the physician
specifies desired dose constraints—for example, “deliver 70 Gy to the PTVwhile
keeping spinal cord dose below 45 Gy”—and the optimisation algorithm com-
putes the beam intensities and multileaf collimator (MLC) sequences that best
achieve these objectives [41]. For stereotactic treatments delivering extremely
high doses per fraction, planning incorporates additional complexity, including
4D datasets that account for tumour motion over time [42]. The TPScalculates
dose distributions using sophisticated algorithms that model radiation transport
through tissues, accounting for tissue heterogeneity based on CT Hounsfield
units [3]. The resulting dose distribution is evaluated using dose-volume his-
tograms, which quantify the percentage of each structure receiving specific dose
levels, and by visual inspection of isodose curves overlaid on the planning CT.
For reirradiation patients, this planning phase requires additional complexity:
previous treatment doses must be retrieved, converted to equieffective doses
using appropriate radiobiological models, and accumulated—often through de-
formable image registration—to estimate the new cumulative dose to organs at
risk [43].



2.2.6 Quality Assurance

Before the plan can be delivered to the patient, it undergoes rigorous qual-
ity assurance (QA) testing. The physicist verifies that the calculated plan can
be accurately delivered by the specific treatment machine for which it was de-
signed [44]. This typically involves delivering the plan to a phantom—a plastic
device containing dosimeters—and comparing the measured dose distribution
with the calculated one [45]. Discrepancies trigger investigation and potential
plan modification. This QAstep ensures that the complex, computer-optimised
plan translates into safe and accurate treatment delivery.

2.2.7 Treatment Delivery and Image Guidance

With QAcomplete, the patient begins their course of treatment, which typically
spans one to eight weeks with daily fractions delivered Monday through Friday
[1]. Each daily session follows a consistent routine: the therapist positions the
patient on the treatment couch using the immobilisation devices and skin marks
or tattoos created during simulation. Lasers in the treatment room align with
these marks to establish the initial position. Modern treatment delivery relies
heavily on image guidance (IGRT) to ensure millimetre accuracy. Before deliv-
ering the radiation beam, the therapist acquires images of the patient in treat-
ment position—typically cone-beam CT (CBCT) for volumetric verification or
planar X-rays for orthogonal alignment [46]. These images are compared with
the planning CT, and the treatment couch is automatically adjusted to correct
any misalignments [47]. This daily imaging accounts for both setup errors and
internal anatomical changes, such as bladder filling or tumour shrinkage during
the treatment course. For tumours affected by respiratory motion, real-time
motion management may be employed, with the beam gated to fire only during
specific phases of the breathing cycle or the treatment couch tracking tumour
movement [35]. The actual radiation delivery is painless and lasts only a few
minutes, though the entire session—including positioning, imaging, and deliv-
ery—typically occupies approximately 30-60 minutes. During beam-on time,
the linear accelerator gantry may rotate around the patient, delivering radia-
tion from multiple angles to concentrate dose at the tumour while spreading
entrance dose across healthy tissues. Throughout delivery, therapists monitor
the patient via cameras and intercom from an adjacent control room.

2.2.8 On-Treatment Monitoring and Adaptation

Throughout the treatment course, patients are monitored for both treatment re-
sponse and side effects. The radiation oncologist conducts weekly on-treatment
visits to assess the patient’s clinical status, manage any emerging toxicity, and
answer questions. From a technical perspective, the weekly imaging acquired for
positioning is also reviewed to detect anatomical changes that might necessitate
plan adaptation [48]. If significant changes occur—such as tumour shrinkage,
weight loss altering external contour, or pleural effusion developing—the origi-
nal plan may no longer be optimal. In such cases, adaptive replanning may be

10



triggered, ranging from simple recalculations on new anatomy to complete re-
simulation and re-planning [49]. Emerging online adaptive workflows, enabled
by MR-linacs or CT-linacs with artificial intelligence assistance, can even per-
form real-time replanning with the patient on the treatment couch, creating a
new plan adapted to the day’s anatomy within a single session [50].

2.2.9 Post-Treatment Follow-Up

Following treatment completion, patients enter a structured follow-up program.
An end-of-treatment visit reviews the completed course, discusses expected side
effects and their management, and outlines the follow-up schedule. Subsequent
follow-up appointments, typically at 4-12 weeks post-treatment and then at
regular intervals, assess treatment response, manage late-emerging side effects,
and coordinate surveillance imaging [I]. This longitudinal follow-up generates
critical data on treatment outcomes and toxicity that, when systematically col-
lected, can inform future treatment decisions and refine planning objectives.

2.2.10 Computational Challenges Across the Workflow

Throughout this workflow, numerous computational challenges emerge that
represent potential opportunities for advanced computational methods. Im-
age registration—aligning diagnostic MRI or PET with planning CT, or daily
CBCTwith the reference plan—requires robust algorithms capable of handling
non-rigid deformations [4]. Dose calculation demands accurate physical mod-
elling with ever-increasing speed, particularly for online adaptive workflows.
Optimisation algorithms must navigate complex, multi-objective trade-offs be-
tween tumour coverage and organ sparing, often with dozens of conflicting
constraints [5]. Auto-segmentation must achieve clinically acceptable accuracy
across diverse anatomies and imaging conditions. Cumulative dose assessment
for reirradiation requires deformable dose accumulation with rigorous quality
assurance. These computational tasks—image analysis, optimisation, physical
simulation, and pattern recognition—each present characteristics where quan-
tum machine learning might offer advantages over classical approaches, whether
through more efficient optimisation, enhanced feature extraction, or accelerated
simulation. Understanding the clinical workflow thus provides the essential con-
text for evaluating where quantum computing could address real clinical needs
rather than merely offering theoretical improvements.

2.3 Algorithmic Frontier in Quantum Information and In-
telligence

The computational challenges inherent in modern radiation oncology—multi-

objective optimization under uncertainty, high-dimensional feature extraction,

deformable image registration, and stochastic simulation—demand algorithmic
innovations that transcend classical limitations. Quantum computing offers a

11
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Figure 1: The radiation oncology workflow with quantum intervention points.
The flowchart illustrates the sequential phases of clinical radiation therapy: pa-
tient selection and consultation, simulation and immobilisation (with multi-
modal imaging), treatment planning (contouring of GTV, CTV, PTV, and
OARs), dose prescription and optimisation (inverse planning for IMRT /VMAT),
quality assurance (phantom delivery), treatment delivery with image guidance
(CBCT, motion management), on-treatment monitoring and adaptation (on-
line/offline replanning), and post-treatment follow-up. Quantum algorithms
that can address computational bottlenecks at each stage are highlighted:
Grover’s search for patient database retrieval, QAE for Monte Carlo dose cal-
culation acceleration, HHL for inverse planning linear systems, QAOA for MLC
sequencing and beam angle optimization, QCNN for auto-segmentation, and
QRL for adaptive replanning decisions. Feedback loops between stages, partic-
ularly for adaptive radiotherapy, are indicated by arrows.
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fundamentally different computational paradigm, leveraging superposition, en-
tanglement, and interference to explore solution spaces inaccessible to classical
architectures. This section provides a rigorous taxonomy and critical exam-
ination of quantum algorithms relevant to radiation oncology, distinguishing
between fault-tolerant algorithms requiring error-corrected logical qubits and
near-term variational algorithms suitable for noisy intermediate-scale quantum
(NISQ) devices. We emphasize the theoretical foundations of each approach,
their computational complexity advantages, and their potential translational
pathways to clinical deployment.

2.3.1 Foundational Concepts in Quantum Computation

Before examining specific algorithms, we establish the relevant quantum me-
chanical principles that confer computational advantage. A quantum state re-
sides in a Hilbert space spanned by computational basis states {|0),]1)}®™,
enabling superposition: |¢) = 212:(; Yo, i) with 3 |a;|2 = 1. Entanglement
creates non-classical correlations between qubits that cannot be factorized into
product states, while interference allows quantum amplitudes to combine con-
structively or destructively, amplifying desired computational paths. The chal-
lenge of extracting classical information from quantum states—the measurement
postulate—imposes fundamental limits on quantum speedups and necessitates
repeated measurements or sophisticated estimation techniques. The current
quantum computing landscape encompasses two regimes: (i) fault-tolerant quan-
tum computing (FTQC), which requires error correction codes with substantial
qubit overhead but enables deep circuits with arbitrarily high precision; and (ii)
noisy intermediate-scale quantum (NISQ) computing, characterized by limited
qubit counts (~50-1000), finite coherence times, and absence of error correction.
Most near-term medical applications will likely employ hybrid quantum-classical
variational algorithms within the NISQ paradigm, while long-term transforma-
tive advances await fault-tolerant implementations.

2.3.2 Fault-Tolerant Quantum Algorithms

Fault-tolerant algorithms achieve exponential or polynomial speedups over clas-
sical methods but require logical qubits with error rates below the fault-tolerance
threshold. While their clinical implementation remains distant, they establish
the theoretical upper bounds of quantum advantage and motivate continued
hardware development. To begin with, we have the Shor’s algorithm, which
solves the hidden subgroup problem for abelian groups, achieving exponential
speedup over the best classical factoring algorithms through quantum phase es-
timation on the modular exponentiation function f(z) = a® mod N. Despite
its revolutionary implications for cryptography, direct applications in radiation
oncology are limited. However, Shor’s algorithm serves as a existence proof
that quantum computers can solve certain problems exponentially faster than
classical machines, justifying investment in quantum infrastructure for medi-
cal applications. Grover’s algorithm performs unstructured search over a space
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of size N with 0(\/N ) queries, providing a quadratic speedup over classical
O(N) scaling. The algorithm iteratively applies the Grover diffusion operator
G = (2|¢) (¢| — I)O, where O is an oracle marking target states. In radiation
oncology contexts, this quadratic speedup can accelerate: (i) nearest-neighbor
search in large patient databases for case-based reasoning; (ii) combinatorial
optimization for beam angle selection in treatment planning; and (iii) feature
subset selection in high-dimensional radiomic spaces, where exhaustive search
is intractable. The optimal number of iterations k = %\/N ensures maximum
probability of measuring a marked state.

Quantum Phase Estimation (QPE) forms the computational kernel of numer-
ous quantum algorithms, estimating eigenvalues e?™*¢ of unitary operators U
with precision 27 using the inverse quantum Fourier transform. The HHL
algorithm leverages QPE to solve systems of linear equations AZ = b with com-
plexity O(log(N)k?/e) for sparse matrices, where £ is the condition number and
€ the precision—an exponential improvement over classical O(N log(N)) solvers
under specific conditions. For radiation oncology, HHL could revolutionize: (i)
inverse treatment planning, where optimization reduces to solving large linear
systems; (ii) deformable image registration, which requires solving partial differ-
ential equations; and (iii) dose calculation kernels that involve transport equa-
tions. However, practical implementation requires efficient block-encoding of A,
well-conditioned matrices, and amplitude amplification for, with caveats regard-
ing sparsity and condition number that limit applicability to certain problem
instances. Quantum Amplitude Estimation (QAE) generalizes Grover’s algo-
rithm to estimate the amplitude a of a target state |¥;) in a superposition
[¥) = V1 —a|¥o) + v/a|¥1). Using m ancilla qubits and quantum phase esti-
mation, QAE achieves quadratic speedup over classical Monte Carlo, requiring
O(1/€) samples versus classical O(1/€2). In radiation oncology, QAE can ac-
celerate: (i) Monte Carlo dose calculation, where statistical uncertainty scales
inversely with the square root of particle histories; (ii) radiobiological endpoint
estimation (tumour control probability, normal tissue complication probability);
(iii) uncertainty quantification in adaptive radiotherapy; and (iv) probabilistic
risk assessment for reirradiation scenarios.

The Quantum Fourier Transform (QFT) implements the discrete Fourier trans-
form on quantum amplitudes with O(n?) gates, achieving exponential speedup
over the classical fast Fourier transform’s O(n2™). While direct QFT on classical
data requires amplitude encoding—a nontrivial preprocessing step—its applica-
tions include: (i) image filtering in frequency space for CBCT or MRI denoising;
(ii) feature extraction in radiomics; and (iii) convolution operations in quantum
machine learning architectures. The QFT also underpins QPE and Shor’s al-
gorithm, making it a fundamental building block. Quantum walks generalize
classical random walks by evolving a walker’s amplitude coherently through
position and coin spaces. The hitting time for marked vertices can exhibit
quadratic or exponential speedups depending on graph structure. In radiation
oncology, quantum walks could: (i) model particle transport in Monte Carlo
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dose calculations, potentially capturing quantum interference effects in coher-
ent scattering; (ii) optimize brachytherapy seed placement through graph-based
search; and (iii) analyze connectivity in radiomic feature networks for outcome
prediction.

Taxonomy of Quantum Algorithms for Radiation Oncology
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Figure 2: Taxonomy of quantum algorithms relevant to radiation oncology. The
tree diagram distinguishes between fault-tolerant algorithms (requiring error-
corrected logical qubits) and NISQ-era algorithms (suitable for near-term hard-
ware). Fault-tolerant branch includes search (Grover), linear systems (HHL),
Monte Carlo (QAE), transform (QFT), and graph (quantum walks) methods.
NISQ-era branch divides into variational algorithms (QAOA, VQE), quantum
machine learning (QNN, QCNN, QSVM, QPCA, QGANSs, quanvolutional NNs,
QGNNSs), quantum-inspired classical algorithms (QICO, tensor networks), and
hybrid architectures (QTL, DQOR, QDRL). Icons indicate clinical applications:
beam angle optimisation, genomics, imaging, etc.

2.3.3 Hybrid Variational Algorithms and Quantum-Enhanced Ma-
chine Learning Architectures for the NISQ Era

Given current hardware constraints, variational quantum algorithms (VQAs)
represent the most viable pathway for near-term quantum advantage. These
algorithms optimize parameterized quantum circuits U (5) using classical opti-
mizers, minimizing cost functions C(0 ) derived from measurement outcomes. To
begin with, Quantum Approximate Optimization Algorithm (QAOA) approxi-
mates solutions to combinatorial optimization problems by alternating between
problem Hamiltonian Hs and mixer Hamiltonian Hpg evolution:

U(B, 7) — ¢~ WpHp—impHe | o~iP1Hp ~imHc r®n (1)
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where p is the circuit depth, and (3;, ;) are variational parameters. QAOA has
been applied to: (i) multi-leaf collimator (MLC) sequencing in IMRT /VMAT,
a constrained combinatorial problem; (ii) beam angle optimization, where the
search space grows factorially with candidate angles; (iii) treatment scheduling
under resource constraints; and (iv) inverse planning with multiple conflicting
objectives. The approximation ratio and depth requirements for clinically rel-
evant problem sizes remain active research areas. Quantum-Inspired Immune
Clone Optimization (QICO) synthesizes quantum computing principles (super-
position, measurement collapse) with artificial immune systems (clonal selection,
affinity maturation). Each antibody is represented as a quantum superposi-
tion state, and clonal expansion is modulated by measurement probabilities.
In IMRT inverse planning, QICO has demonstrated improved convergence to
Pareto-optimal solutions compared to classical genetic algorithms and particle
swarm optimization, particularly for non-convex objective landscapes. Quan-
tum Measurement Regression (QMR) frames regression as parameter estima-
tion from quantum measurements, where uncertainties are naturally encoded
in measurement statistics. Deep Quantum Ordinal Regressor (DQOR) extends
this by integrating convolutional neural networks (CNNs) with QMR layers
to perform ordinal regression—predicting ordered categorical outcomes such as
toxicity grades (0-5) or tumour response categories. The quantum layer pro-
cesses CNN-extracted features through a variational circuit, with measurements
yielding probabilities over ordinal classes. This architecture offers: (i) inherent
uncertainty quantification; (ii) ability to capture correlations between adjacent
classes; and (iii) potential resistance to overfitting on small medical datasets.

Quantum machine learning (QML) integrates parameterized quantum circuits
into classical learning architectures, leveraging exponentially large Hilbert spaces
as feature spaces. The expressibility and entangling capacity of quantum cir-
cuits can capture correlations inaccessible to classical neural networks, though
trainability issues (barren plateaus) and finite sampling noise pose significant
challenges. Quantum Neural Networks (QNNs) consist of layered variational
circuits U(6) acting on input-encoded quantum states p(z), with measurement
outcomes f(z;0) = Tr[OU(0)p(z)UT(A)] serving as predictions. For classifi-
cation tasks, the output is compared to true labels via a cost function, and
gradients 0y f are estimated using the parameter-shift rule. QNNs have been
demonstrated for medical image classification on downsampled datasets, but
scalability to clinically relevant resolutions (512 x 512 pixels) requires advanced
encoding schemes such as amplitude encoding or quantum random access mem-
ory (QRAM). Quantum Convolutional Neural Networks (QCNNSs) mimic clas-
sical CNNs by applying translationally invariant quantum circuits that preserve
spatial structure. Each layer performs convolution-like operations through en-
tangling gates acting on local patches, followed by pooling via partial trace
or mid-circuit measurements. QCNNs offer: (i) exponential reduction in pa-
rameters compared to classical CNNs; (ii) ability to process quantum data
directly (e.g., from quantum sensors); and (iii) potential for enhanced gener-
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alization. Improved QCNN (IQCNN) architectures incorporate better entan-
glement schemes (e.g., hierarchical entanglement), adaptive pooling strategies,
and error mitigation techniques to address NISQ limitations. Applications in
radiation oncology include: (i) tumour segmentation on multi-modal imaging;
(ii) detection of metastatic lesions; and (iii) radiomic feature extraction for out-
come prediction.

Quantum Support Vector Machines (QSVMs) map classical data x to quantum
states |¢(x)) via a feature map Ug(x), then compute kernel entries K(x;,x;) =
| (p(z:)) ¢(x;)|? through swap tests or fidelity estimation. Quantum kernels
can exploit classically intractable feature spaces, potentially achieving better
separation for complex datasets. In radiation oncology, QSVMs have been ap-
plied to: (i) prostate cancer recurrence prediction from multi-parametric MRI;
(ii) lung nodule malignancy classification on CT; (iii) toxicity prediction from
dosimetric and patient data. The main challenge lies in designing feature
maps that are both expressive and efficiently implementable on NISQ hard-
ware. Quantum Principal Component Analysis (QPCA) uses quantum phase
estimation to perform PCA on density matrices p, exponentiating p via the trick
e~ ~ [, e~ "*At for ensembles p = Y, px. The algorithm extracts eigenvec-
tors corresponding to largest eigenvalues with exponential speedup when p is
low-rank. QPCA could accelerate dimensionality reduction in: (i) radiomics,
where thousands of features are extracted per patient; (ii) genomics, for identi-
fying biomarkers of radiation response; (iii) dosimetry, for discovering latent pat-
terns in dose distributions predictive of toxicity. Quantum Reinforcement Learn-
ing (QRL) incorporates quantum circuits into reinforcement learning agents,
representing policies or value functions as parameterized quantum states. The
quantum advantage arises from: (i) efficient exploration through superposition
of actions; (ii) compressed representation of large state spaces; (iii) quadratic
speedups in policy evaluation via amplitude amplification. Quantum Deep Rein-
forcement Learning (QDRL) extends this to deep architectures, where classical
neural networks process raw observations and quantum layers implement the
RL core. Potential applications include: (i) adaptive radiotherapy policy opti-
mization, where the agent learns when to replan based on anatomical changes;
(ii) personalized fractionation scheduling; (iii) real-time motion management in
stereotactic treatments.

Quantum Transfer Learning (QTL) combines pre-trained classical networks
(e.g., ResNet, DenseNet) with variational quantum circuits for task-specific fine-
tuning. The classical layers extract general features from medical images, while
the quantum layer captures dataset-specific correlations that may be subtle
but clinically significant. QTL is particularly attractive when medical datasets
are small, as the quantum component operates on a reduced-dimensional rep-
resentation, mitigating barren plateau issues and improving sample efficiency.
Quantum Wavelet Transform with Attention Pyramid CNN (QWT-APCNN) in-
tegrates quantum wavelet transforms for multi-scale image decomposition with
attention mechanisms in a pyramid CNN. The quantum wavelet layer performs
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simultaneous spatial-frequency analysis, decomposing images into approxima-
tion and detail coefficients through controlled rotations and QFT. The atten-
tion pyramid CNN then fuses multi-scale features, emphasizing clinically rele-
vant regions (e.g., tumour boundaries, infiltrative edges). QWT-APCNN could
enhance: (i) delineation of gross tumour volumes (GTV) in head and neck can-
cer; (ii) detection of microscopic disease extension; (iii) fusion of PET/CT/MRI
for target definition. While originally developed for quantum chemistry, Varia-
tional Quantum Eigensolver (VQE) has emerged as a versatile hybrid algorithm
that can be adapted for optimisation problems in radiation oncology. VQE

—

prepares a parameterised quantum state [¢)(6)) and measures the expectation

— =

value of a problem Hamiltonian H, minimising (¢ (8)|H|(8)) via a classical op-
timizer. In treatment planning, one could map the dose-delivery constraints to
a Hamiltonian and use VQE to search for near-optimal beam configurations. Its
scalability and robustness to noise make it a prime candidate for NISQ-enabled
radiotherapy optimisation.

Quantum Generative Adversarial Networks (QGANSs) extend the classical GAN
framework by employing quantum circuits for either the generator, the dis-
criminator, or both. The quantum generator can produce synthetic medical
images or radiomic profiles that faithfully represent the training data distribu-
tion, even with limited samples. This is particularly valuable for augmenting
small oncology datasets, simulating rare toxicity patterns, or generating realistic
anatomical changes for adaptive radiotherapy training. Early proof-of-concept
studies have demonstrated QGANs for medical image synthesis, although clin-
ical validation remains pending. Quanvolutional neural networks replace the
initial convolutional layers of a classical CNN with random or trained quantum
circuits that act on local image patches. Each patch is encoded into a quan-
tum state, processed by a parameterised circuit, and measured to produce a
feature map. This approach has been shown to achieve competitive accuracy
on medical image classification tasks (e.g., breast cancer detection) while using
far fewer trainable parameters than classical CNNs. The inherent randomness
of the quantum convolution can also act as a regulariser, reducing overfitting
on small datasets. Many oncology data types are naturally graph-structured:
gene regulatory networks, tumour-atlas connectivity, or patient similarity net-
works. Quantum Graph Neural Networks (QGNNs) generalise graph neural net-
works by representing node features as quantum states and employing parame-
terised quantum circuits for message passing. The ability to encode and process
high-dimensional node attributes in superposition may reveal higher-order in-
teractions that are invisible to classical graph models. Potential applications
include predicting radiation response from multi-omics networks and modelling
tumour evolution during therapy. Although not strictly quantum algorithms,
tensor networks (particularly matrix product states) are inspired by the efficient
representation of quantum many-body states. They have been successfully ap-
plied to compress high-dimensional medical data, perform supervised learning,
and solve optimisation problems. In radiomics, where thousands of correlated
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features are extracted per patient, tensor networks can uncover low-rank struc-
tures and reduce dimensionality while preserving predictive power. Their clas-
sical implementation on conventional hardware makes them an immediately
accessible bridge between quantum concepts and clinical applications.

2.3.4 Theoretical Considerations and Limitations

Despite the promise of quantum algorithms, several fundamental challenges tem-
per expectations for near-term clinical impact. The barren plateau phenomenon
causes gradients in variational quantum circuits to vanish exponentially with
qubit count, rendering training intractable for large circuits unless carefully ini-
tialized or constrained. Finite sampling noise limits the precision of gradient
estimates, requiring many circuit repetitions that erode quantum advantage.
Quantum decoherence and gate errors restrict circuit depth on NISQ devices,
constraining the complexity of implementable algorithms. Input/output bot-
tlenecks—the need to encode classical data into quantum states and extract
classical results—can dominate runtime, particularly for dense data such as
medical images. Finally, provable speedups often require stringent conditions
(sparsity, well-conditioned matrices, structured data) that may not hold for
real-world oncology problems. These limitations motivate a pragmatic research
agenda: (i) developing problem-specific quantum algorithms that exploit the
structure of radiotherapy optimization; (ii) designing hardware-efficient ansétze
with built-in symmetries; (iii) integrating quantum and classical components
to leverage the strengths of both paradigms; and (iv) benchmarking quantum
methods against state-of-the-art classical algorithms on clinically relevant prob-
lem instances. Only through rigorous, domain-aware evaluation can the true
potential of quantum computing in radiation oncology be assessed.

Table 2: Summary of Quantum Algorithms and Their Potential Applications in
Radiation Oncology

Algorithm Class Specific Algorithm Complexity Advantage

Search Grover’s Algorithm O(VN) vs. O(N)

Linear systems HHL Algorithm Exponential for sparse, well-conditioned

Monte Carlo QAE Quadratic in precision

Optimization QAOA Heuristic for combinatorial problems

Optimization QICO Heuristic for non-convex landscapes

Machine learning QSVM, QCNN, QNN  Expressive quantum feature spaces

Dimensionality reduction QPCA Exponential for low-rank matrices

Reinforcement learning QRL/QDRL Quadratic in exploration, compressed representation
Signal processing QFT, QWT Exponential for Fourier transforms

The algorithmic frontier described herein represents a rapidly evolving land-
scape. Many approaches remain theoretical or have been demonstrated only
on simplified, downsampled problems. However, the convergence of quantum
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hardware development, algorithmic innovation, and clinical need creates un-
precedented opportunities for transformative advances in radiation oncology.
The following sections critically review the existing literature on quantum ap-
plications in medical physics and outline a roadmap for future research.

3 Quantum Machine Learning Applications in
Radiation Oncology

Having established the foundational principles of quantum computing and the
algorithmic landscape relevant to radiation oncology in Section 2, we now turn
to the critical question: where and how can quantum machine learning (QML)
address real clinical needs? This section provides a comprehensive review of
existing and proposed applications of QML in radiation oncology, organized by
clinical task and computational paradigm. We examine four major areas: (i)
quantum-enhanced diagnostic and predictive modelling, which leverages quan-
tum feature spaces and variational circuits to improve tumour characterization
and outcome prediction; (ii) quantum-inspired clinical decision support sys-
tems (CDSS) that integrate multi-omics data for precision radiotherapy; (iii)
quantum reinforcement learning (QRL) for adaptive treatment planning and
dose fractionation; and (iv) the emerging concept of quantum digital twins for
system-level oncology integration. For each application area, we describe the
quantum algorithms employed, the clinical problem addressed, the current state
of evidence from proof-of-concept studies, and the challenges that remain be-
fore clinical deployment. Throughout, we emphasize not only the potential
advantages of quantum approaches but also the critical evaluation of their per-
formance against classical baselines and the practical constraints of near-term
quantum hardware.

3.1 Quantum Enhanced Diagnostic and Predictive Mod-
eling

Quantum-Enhanced ML (QuEML) models show slightly higher accuracy (96%
vs 95%) and faster training (192.5 pis gain) [I5]. The quantum-enhanced diag-
nostic workflow extends the classical radiomics pipeline by explicitly incorporat-
ing feature harmonization, quantum feature encoding, quantum model training,
and quantum-aware optimization, followed by rigorous evaluation and inter-
pretability analysis. The quantum-enhanced diagnostic workflow extends the
classical radiomics pipeline by explicitly incorporating feature selection [51]

3.1.1 Data Acquisition and Pre-processing

The initial stages of the radiation oncology workflow—image acquisition, recon-
struction, and pre-processing—present several opportunities for quantum and
quantum-inspired techniques to enhance data quality and accelerate compu-
tationally intensive tasks. These methods operate before any disease-specific
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modelling begins, yet their impact propagates through the entire pipeline, influ-
encing the reliability of subsequent feature extraction, segmentation, and pre-
dictive modelling. A fundamental task in medical imaging is the reconstruction
of clinically usable images from raw sensor data. Whether in CT (sinogram
inversion), PET (coincidence detection), or MRI (k-space filling), reconstruc-
tion often involves statistical inference problems that require sampling from
high-dimensional posterior distributions. Classical Markov chain Monte Carlo
(MCMC) methods converge as O(1/v/M) with the number of samples M, a rate
that is often prohibitively slow for real-time applications. Quantum amplitude
estimation (QAE) provides a quadratic speedup, achieving root-mean-square
error € with O(1/€) oracle calls rather than the classical O(1/€?) [52]. Formally,
given a unitary operator A that acts on a quantum register as

Al0) = Va|¥1) + V1 — a|¥o),

QAE estimates the amplitude a to precision € using O(1/¢) applications of A and
the inverse quantum Fourier transform, leveraging quantum phase estimation.
In the context of image reconstruction, if one can construct a quantum oracle
that encodes the likelihood of a candidate reconstruction, QAE can accelerate
the estimation of posterior moments or maximum-a-posteriori (MAP) solutions.
Similarly, in histogram-based dose verification, QAFE can rapidly estimate dose-
volume metrics from simulated particle histories, reducing the computational
burden of Monte Carlo dose calculation.

Quantum phase estimation (QPE) serves as a subroutine for estimating eigenval-
ues of unitary operators, with applications in model parameter estimation from
imaging data. For example, in quantitative MRI, parameters such as relaxation
times 77 and Ty are extracted by fitting signal models to acquired data. This
fitting can be formulated as a nonlinear least-squares problem, which is often
solved iteratively. QPE offers the potential to directly estimate frequencies (and
hence relaxation rates) from the time-domain signal by encoding the signal into
the phases of a quantum state [52]. While practical implementations on NISQ
hardware remain challenging due to circuit depth requirements, the asymptotic
advantage motivates continued investigation. Beyond reconstruction, hybrid
quantum-classical algorithms are being explored for image pre-processing tasks
that enhance the quality of input data for downstream radiomic analysis. These
methods typically use small-scale quantum circuits to perform operations that
are computationally expensive classically, while leaving the bulk of the data
processing to classical hardware [53]. Quantum denoising algorithms leverage
the fact that noise often manifests as high-frequency components in the im-
age’s Fourier representation. By encoding the image into a quantum state and
applying the quantum Fourier transform (QFT), one can filter out these com-
ponents through amplitude amplification techniques that preferentially preserve
low-frequency coefficients. The QFT operates with O(n?) gates on an n-qubit
register, offering an exponential speedup over the classical fast Fourier trans-
form’s O(n2™) for amplitude-encoded data. However, the need to load classical
image data into quantum states (e.g., via amplitude encoding) currently limits
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this approach to small image patches or downsampled representations. Quan-
tum clustering algorithms, such as those based on quantum k-means or quantum
support vector machines, have been proposed for medical image segmentation.
These methods map pixel features (intensity, texture, spatial coordinates) into
quantum states and compute distances or kernel values in the exponentially
large Hilbert space. For instance, a quantum k-means algorithm can find clus-
ter assignments with quadratic speedup in the number of data points using
Grover search [53]. While proof-of-concept studies on small 8 x 8 image patches
have shown feasibility, scaling to clinically relevant image sizes (512 x 512 or
larger) remains an open challenge due to qubit limitations and input/output
bottlenecks.

Quantum anomaly detection algorithms can identify regions of interest that
deviate from normal tissue appearance. By training a quantum circuit to repre-
sent the distribution of healthy tissue features, one can use the circuit’s output
probability as a measure of abnormality. This approach is conceptually similar
to quantum kernel density estimation and may offer advantages in capturing
complex, non-linear feature correlations that characterize tumour boundaries.
The ultimate goal of these pre-processing techniques is to improve the reliability
of downstream radiomic feature extraction and predictive modelling [53]. Ra-
diomics relies on the assumption that quantitative image features (e.g., shape,
texture, intensity histograms) are reproducible and reflect underlying tumour
biology. Noise, artefacts, and segmentation variability can corrupt these fea-
tures, leading to non-reproducible biomarkers. By enhancing image quality and
segmentation accuracy, quantum-assisted pre-processing can reduce this vari-
ability, potentially improving the performance of both classical and quantum
predictive models. However, any quantum enhancement at this stage must be
rigorously validated against classical state-of-the-art methods to ensure that the
added complexity is justified by measurable improvements in downstream task
performance. The practical implementation of these techniques hinges on effi-
cient strategies for encoding classical image data into quantum states. Three
primary encoding methods are relevant:

o Amplitude encoding: Represents an N-dimensional vector as amplitudes
of an n = [log, N1]-qubit state. This is exponentially efficient in qubit
count but requires coherent arithmetic to prepare the state from classical
data, which is often prohibitive on NISQ hardware.

e Angle encoding: Encodes each feature as a rotation on a separate qubit,
using N qubits for N features. This is simple to implement but scales
linearly in qubit count, limiting applicability to small image patches or
feature vectors.

e QROM and QRAM: Quantum random access memory (QRAM) and quan-
tum read-only memory (QROM) provide theoretical mechanisms for load-
ing classical data in superposition, but their physical realization remains
a major engineering challenge.
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Given these constraints, current hybrid approaches typically operate on
downsampled images or extracted feature vectors, rather than on full-resolution
clinical images. The development of more efficient encoding methods and the
maturation of quantum hardware will be essential for translating the theoret-
ical advantages described above into clinically applicable tools. In summary,
data acquisition and pre-processing represent the earliest entry point for quan-
tum methods in the radiation oncology workflow. While the field is still in its
infancy, with most techniques demonstrated only on simplified problems, the
potential for quantum speedups in sampling, parameter estimation, and image
enhancement justifies continued exploration. The critical next step is to bench-
mark these methods against classical alternatives on clinically realistic datasets,
under conditions that reflect the noise and scale constraints of actual practice.

3.1.2 Image Processing and Feature Extraction

Medical images constitute the primary data source for radiation oncology, in-
forming target delineation, treatment planning, and response assessment. The
extraction of clinically meaningful features from these images—whether for seg-
mentation, tumour characterization, or radiomic analysis—is a computationally
intensive task that must capture complex, multi-scale spatial patterns. Quan-
tum machine learning offers several paradigms for enhancing this process, lever-
aging entanglement, superposition, and interference to represent and extract
features that may be inaccessible to classical architectures. Quantum convo-
lutional neural networks (QCNNs) extend the classical CNN paradigm by re-
placing convolutional filters with parameterized quantum circuits that act on
local image patches [I5]. In a typical QCNN architecture, a classical image is
first encoded into a quantum state using either angle encoding (where pixel in-
tensities determine rotation angles on individual qubits) or amplitude encoding
(where the entire image is represented as a superposition state). Parameterized
quantum gates—including entangling operations such as CNOT and CZ—then
act as quantum filters, creating correlations across qubits that capture com-
plex spatial features. The output is obtained through projective measurements,
yielding a high-dimensional feature map that can be used for subsequent classi-
fication or regression tasks [I5]. The representational power of QCNNs derives
from two quantum mechanical properties: (i) entanglement enables the simul-
taneous encoding of correlations between spatially separated pixels that would
require exponentially many classical parameters to represent; and (ii) superpo-
sition allows each quantum filter to evaluate multiple feature combinations in
parallel. Studies on ultrasound breast images have demonstrated that QCNN-
based quantum filters can outperform classical CNN filters of comparable size,
and hybrid quantum-classical-quantum (QCQ) architectures further validate the
advantage conferred by entanglement-based feature extraction [54]. However,
these demonstrations have thus far been limited to downsampled images (typ-
ically 8 x 8 or 16 x 16 patches) due to qubit constraints and the overhead of
classical-quantum data conversion.

23



Improved QCNNs (IQCNNSs) build upon the basic QCNN architecture by in-
corporating trainable quantum filters, deeper variational circuits, and advanced
pre-processing strategies to capture more subtle clinical patterns [53]. The ”im-
proved” designation encompasses several architectural innovations:

e Trainable quantum filters: Rather than using fixed entangling gates, IQC-
NNs parameterize the gates within each convolutional layer, allowing the
quantum circuit to adapt to the specific feature extraction task during
training. This increases the expressivity of the model at the cost of addi-
tional trainable parameters and deeper circuits.

e Hierarchical entanglement schemes: By structuring entanglement to re-
spect the spatial hierarchy of image features (e.g., local edges, textures,
and global shape), IQCNNs can extract multi-scale representations more
efficiently than generic all-to-all entanglement.

e Adaptive pooling strategies: Quantum pooling operations, implemented
via partial trace or mid-circuit measurements, are designed to preserve
clinically relevant information while reducing dimensionality. In IQCNNS,
these pooling layers may themselves be parameterized and optimized dur-
ing training.

e Integration with classical pre-processing: IQCNNs often incorporate clas-
sical pre-processing steps—such as edge detection, wavelet decomposition,
or contrast enhancement—to reduce the burden on the quantum circuit
and to ensure that the input data is optimally formatted for quantum
encoding.

The combination of these techniques enables IQCNNs to model prognosis more
accurately by learning deeper representations of tumour heterogeneity, subtle
infiltrative patterns, and treatment-induced changes. Nevertheless, the exact
mechanisms by which quantum circuits capture these clinical nuances remain
an active area of investigation, and systematic ablation studies are needed to
disentangle the contributions of quantum entanglement from those of increased
parameter counts and architectural complexity.

Beyond feature extraction, the selection of informative features from a high-
dimensional pool is critical for building parsimonious and generalizable predic-
tive models. Quantum-inspired immune clone optimization (QICO) is a hybrid
metaheuristic that combines principles from quantum computing—specifically
superposition and measurement collapse—with artificial immune systems (clonal
selection, affinity maturation) to perform feature selection [53]. In QICO, each
candidate feature subset is represented as a quantum superposition state, and
the population of subsets evolves through clonal expansion, where the probabil-
ity of cloning a given subset is proportional to its measurement probability (i.e.,
its fitness). Affinity maturation is implemented through quantum-inspired mu-
tation operators that explore the feature space while preserving promising sub-
structures. The algorithm terminates when measurement probabilities concen-
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trate on a near-optimal subset. Studies in cancer classification have shown that
QICO can outperform discovery-based feature selection methods (e.g., forward
selection, genetic algorithms) in both accuracy and computational efficiency,
and the approach is conceptually extendable to dose optimization problems
where the feature space comprises beamlet weights or other treatment param-
eters [53]. However, as with other quantum-inspired methods, QICO runs on
classical hardware and does not require a physical quantum computer; its ad-
vantage stems from algorithmic innovation rather than quantum parallelism per
se. Hybrid quantum-classical image processing algorithms have been developed
to enhance multi-scale feature extraction and to model ordered clinical imag-
ing outcomes. The quantum wavelet transform (QWT) with attention pyramid
CNN (QWT-APCNN) is a prominent example [53]. The QWT decomposes an
image into approximation and detail coefficients at multiple scales using con-
trolled rotations and the quantum Fourier transform, achieving simultaneous
spatial-frequency analysis that is computationally more efficient than classical
wavelet transforms for amplitude-encoded data. The resulting multi-scale repre-
sentation is then fed into a pyramid CNN equipped with attention mechanisms
that emphasize clinically relevant regions (e.g., tumour boundaries, areas of
suspected infiltration). This architecture has been applied to tasks such as tu-
mour segmentation and response assessment, where the combination of quantum
multi-scale analysis and classical attention-based refinement yields improved ro-
bustness to variations in image quality and acquisition protocol.

Quantum genetic algorithms (QGAs) leverage quantum principles to enhance
the exploration of large combinatorial spaces in image processing. By rep-
resenting candidate solutions as quantum states and using quantum gates to
implement crossover and mutation, QGAs can theoretically achieve quadratic
speedups over classical genetic algorithms [53]. In practice, most implementa-
tions are quantum-inspired and run on classical hardware, but they have been
successfully applied to optimize imaging representations (e.g., selecting opti-
mal filter banks or registration parameters). Deep quantum ordinal regression
(DQOR) models extend the QMR framework introduced in Section 2.3.3 to
the task of predicting ordered clinical outcomes from imaging data. By inte-
grating CNNs for feature extraction with quantum measurement layers that
naturally model uncertainty, DQOR can predict ordinal endpoints such as toxi-
city grades or tumour response categories while providing calibrated confidence
estimates [53]. This is particularly valuable in adaptive radiotherapy, where de-
cisions must be made under uncertainty and where the cost of misclassification
varies with the severity of the outcome. The potential advantages of quantum
approaches in image processing and feature extraction can be traced to two
fundamental quantum phenomena: interference and parallelism. Quantum in-
terference allows amplitudes corresponding to different feature combinations to
combine constructively or destructively, effectively amplifying patterns that are
indicative of a particular class or outcome while suppressing irrelevant varia-
tions. Quantum parallelism enables a single circuit to simultaneously evaluate
multiple feature maps, providing an exponential speedup in the number of fea-
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ture combinations that can be explored per circuit evaluation [53]. However,
these theoretical advantages are contingent on the ability to encode image data
efficiently, to design circuits that avoid barren plateaus, and to extract useful
classical information from measurement outcomes without excessive sampling
overhead.

In summary, image processing and feature extraction constitute a rich domain
for quantum and quantum-inspired methods in radiation oncology. From QC-
NNs that leverage entanglement as a computational resource, to hybrid archi-
tectures like QWT-APCNN that combine quantum multi-scale analysis with
classical attention mechanisms, these techniques offer the potential to extract
more expressive and clinically meaningful representations from medical images.
The critical next steps involve systematic benchmarking against classical state-
of-the-art methods on large, clinically representative datasets, and the devel-
opment of encoding strategies that can scale to full-resolution images without
prohibitive qubit or circuit depth requirements.

3.1.3 Feature Selection

In radiomics and multi-omics analysis, the dimensionality of extracted features
often exceeds the number of available patient samples by orders of magnitude—a
regime that is prone to overfitting, multicollinearity, and the curse of dimension-
ality. Feature selection aims to identify a subset of informative, non-redundant
features that are predictive of clinical outcomes while discarding noise and ir-
relevant measurements. Quantum and quantum-inspired methods offer new
approaches to this problem, leveraging principles such as superposition, entan-
glement, and eigenvalue estimation to explore high-dimensional feature spaces
more efficiently than classical techniques. Quantum principal component analy-
sis (qPCA) is a dimensionality reduction technique that identifies the principal
components of a dataset by performing eigenvalue decomposition on its co-
variance matrix using quantum phase estimation [53]. Given a set of M data
vectors {x; ;Vil in RY, the classical PCA problem involves computing the eigen-
vectors of the covariance matrix C' = 7 ZJM:I xjij. For high-dimensional data
(N > M), this computation scales as O(N3) classically, which is prohibitive
for large radiomic feature sets. The qPCA algorithm operates on the density
matrix p = Zjle |x;)(x;| representing the quantum states corresponding to
each data vector. The key insight is that the exponential of the density matrix,
e~ can be applied to an arbitrary quantum state using the trick
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where p = )", pi is decomposed into a sum of easily implementable terms [53].
With this capability, quantum phase estimation can be used to estimate the
eigenvalues and prepare the eigenvectors of p, which correspond to the principal
components of the original data. Under appropriate conditions, qPCA offers an
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Figure 3: Hybrid quantum-classical architecture for medical image analysis
using a quantum convolutional neural network (QCNN). Top (classical pre-
processing): a CT or MRI image is divided into patches; feature extraction
via classical CNN layers or wavelet transforms reduces dimensionality. Middle
(quantum processing): each patch is encoded into a quantum circuit via an-
gle or amplitude encoding. The circuit comprises data encoding layers (e.g.,
Ry rotations), entangling layers (CNOT), variational layers (trainable quan-
tum filters), and pooling layers (partial trace or mid-circuit measurements).
Measurement yields a probability distribution over classes. Bottom (classical
post-processing): measurement statistics are converted to classification outputs
(e.g., malignant vs. benign, toxicity grade) with confidence intervals. A parallel
track shows quantum kernel methods where circuit outputs feed into a classical
SVM. Colour coding distinguishes classical (blue), quantum (purple), and hy-
brid (green) components.
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exponential speedup over classical PCA in terms of the dimension N, requiring
only O(log N) qubits and O(log N) gates per step.

In the context of radiation oncology, qPCA could accelerate dimensionality re-
duction in several applications:

e Radiomics: Thousands of quantitative features (shape, texture, intensity,
wavelet) are extracted from medical images. qPCA could identify a low-
dimensional subspace that captures the majority of variance in these fea-
tures, enabling more robust predictive models and revealing latent imaging
phenotypes associated with treatment response.

o Multi-omics integration: When combining genomics, proteomics, and ra-
diomics data, the total feature count can reach tens of thousands. qPCA
offers a pathway to compress these heterogeneous datasets into a unified
representation that preserves biologically relevant signal while discarding
noise.

e Dosimetry: Dose-volume histograms and voxel-level dose distributions can
be treated as high-dimensional vectors. qPCA could uncover latent pat-
terns in dose deposition that correlate with toxicity, potentially informing
more personalized planning objectives.

Despite its theoretical promise, several practical obstacles currently limit the
application of qPCA to clinical problems:

e State preparation: The algorithm assumes efficient preparation of the
states |x;) corresponding to each data vector. For dense, high-dimensional
radiomic feature vectors, this requires either amplitude encoding (which
demands coherent arithmetic operations that are challenging on NISQ
hardware) or access to a quantum random access memory (QRAM) that
can load classical data in superposition. Neither is currently available at
the scale required for clinical datasets.

o Low-rank assumption: The exponential speedup of qPCA is most pro-
nounced when p is low-rank, i.e., when most of the variance is captured
by a small number of principal components. While this often holds for
radiomic features (which are frequently correlated), it is not guaranteed
for all datasets, and the algorithm’s performance degrades as the rank
increases.

e Measurement overhead: FExtracting the classical principal components
from the quantum eigenvectors requires tomographic reconstruction, which
scales exponentially with the number of qubits if full state information is
needed. In practice, one can only estimate a few features of the eigenvec-
tors (e.g., overlaps with known states), limiting the utility of the output
for downstream classical modelling.
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o NISQ-era constraints: On current hardware, circuit depth and noise limit
qPCA to proof-of-concept demonstrations on synthetic, low-dimensional
data. Scaling to clinically relevant feature sets will require advances in
error correction, coherence times, and qubit counts.

Beyond qPCA, other quantum techniques have been proposed for feature selec-
tion. Quantum support vector machines (QSVMs) with explicit feature maps
can be used to rank features by their contribution to the decision boundary,
effectively performing feature selection as part of model training [I5]. Grover’s
algorithm can accelerate exhaustive search over feature subsets, providing a
quadratic speedup over classical branch-and-bound methods when the num-
ber of features F' is modest (typically F' < 30) [52]. However, for the high-
dimensional feature spaces typical of radiomics (F ~ 102 —10%), even a quadratic
speedup leaves the problem intractable, and heuristic methods remain neces-
sary. Quantum-inspired immune clone optimization (QICO), discussed in Sec-
tion 3.1.2, has also been applied to feature selection, demonstrating improved
performance over classical genetic algorithms in cancer classification tasks [53].
While not requiring quantum hardware, QICO illustrates how quantum princi-
ples can inspire classical algorithms that outperform traditional methods.

Feature selection does not occur in isolation; it is intimately connected to
the encoding, modelling, and validation steps that precede and follow it. In a
quantum-enhanced diagnostic pipeline, feature selection methods such as qPCA
or QICO would typically be applied after feature extraction (Section 3.1.2) and
before quantum feature encoding (Section 3.1.4). The selected features must
be compatible with the encoding scheme used by the downstream quantum
model—for instance, if amplitude encoding is used, the number of selected
features must be a power of two, and their dynamic range must be suitable
for representation as probability amplitudes. This coupling between selection
and encoding adds an additional layer of complexity that is absent in classi-
cal workflows. In summary, feature selection represents a critical bottleneck in
high-dimensional oncology data analysis, and quantum methods offer intriguing
theoretical advantages. qPCA, in particular, promises exponential speedups in
dimensionality reduction under ideal conditions. However, substantial hardware
and algorithmic advances are required before these methods can be applied to
clinically realistic datasets. In the near term, quantum-inspired classical algo-
rithms such as QICO may offer a more practical pathway to improved feature
selection, providing some of the benefits of quantum principles without the need
for fault-tolerant hardware.

3.1.4 Quantum Feature Encoding

The translation of classical clinical data—whether radiomic features, genomic
profiles, or imaging-derived biomarkers—into quantum states is a fundamental
prerequisite for any quantum machine learning (QML) application. This pro-
cess, known as quantum feature encoding, determines both the representational
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capacity of the quantum model and the feasibility of its implementation on near-
term hardware. The choice of encoding strategy directly impacts the number of
qubits required, the depth of the quantum circuit, and the resilience to noise,
making it a critical design decision in any QML pipeline for radiation oncology.
Three primary encoding methods are relevant to clinical data:

e Basis encoding: Classical binary data is directly mapped to computa-
tional basis states. For a binary string x = x125 ... z,, the quantum state
|z) = |21) ® |x2) ® - - ® |z,) is prepared. This method is straightforward
and requires only single-qubit gates, but it is inefficient for continuous-
valued radiomic features unless they are first discretized, which may lose
information.

e Angle encoding: Each feature 6; is encoded as a rotation on a separate
qubit: [4(0)) = @, Ry (6;)|0). This requires n qubits for n features and
has circuit depth O(1), making it attractive for NISQ implementations.
However, the linear scaling in qubits limits its applicability to feature sets
of moderate size (n < 100), which is often insufficient for radiomics where
thousands of features are extracted.

o Amplitude encoding: A normalized 2"-dimensional classical vector x =
(zo,21,...,2an_1) is encoded as the amplitudes of an n-qubit quantum
state: |Px) = Zflal x;|1). This is exponentially efficient in qubit count,
requiring only [log, N qubits for an N-dimensional feature vector. How-
ever, state preparation typically requires O(2") gates and coherent arith-
metic operations, which are challenging on current hardware. Moreover,
the normalization condition ), |z;|* = 1 imposes constraints on the data
representation.

Hybrid strategies, such as amplitude encoding of compressed features or angle
encoding of selected features, are often employed to balance expressivity with
implementability. The choice of encoding must also account for the downstream
quantum model: kernel methods require the ability to estimate inner products
(¢p(x)|¢(x")), which is natural with amplitude encoding, while variational cir-
cuits often use angle encoding for simplicity.

A compelling demonstration of quantum feature encoding in clinical practice
is provided by Huang et al. [55], who developed an integrated framework for
the classification of pure ground-glass nodules (pGGNs) in lung CT. pGGNs
present a diagnostic challenge due to their subtle appearance and the need to
distinguish indolent from potentially malignant lesions. The workflow comprises
several stages that illustrate the principles of quantum feature encoding in a real
clinical context. From each CT image, a comprehensive set of radiomic features
was extracted, capturing intensity distributions, texture patterns, shape descrip-
tors, and wavelet decompositions. These features constitute a high-dimensional
representation of the nodule’s phenotype. To reduce dimensionality and mit-
igate overfitting, mutual information feature selection (MIFS) was employed
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[56]. MIFS selects features that have high relevance to the target class (ma-
lignant vs. benign) while minimizing redundancy, yielding a compact feature
subset that retains predictive power. This classical pre-processing step is es-
sential to make the subsequent quantum encoding tractable, as it reduces the
number of features to a size compatible with angle encoding on available qubits.
The selected features can be encoded into quantum states using angle encoding,
with each feature determining a rotation on a dedicated qubit. This choice re-
flects the practical constraints of NISQ hardware: angle encoding requires only
shallow circuits and is resilient to certain types of noise, making it feasible for
implementation on current quantum processors and simulators. Three quantum
classifiers can be evaluated on the encoded features:

e Quantum Support Vector Classifier (QSVC): This method uses a quan-
tum kernel k(x,x’) = [(¢(x)|¢(x'))|?, where |$(x)) is the angle-encoded
state. The kernel matrix is estimated on a quantum computer or simula-
tor and then passed to a classical SVM for training. This hybrid approach
leverages quantum resources only for the computationally intensive kernel
estimation.

e Pegasos QSVC: An adaptation of the Pegasos (Primal Estimated sub-
GrAdient SOlver for SVM) algorithm that incorporates quantum kernel
estimation, enabling more efficient training on large datasets.

e Quantum Neural Network (QNN): A variational circuit with trainable
parameters, optimized to minimize a classification loss function. The QNN
was trained using the parameter-shift rule, with gradients estimated from
measurement outcomes.

These quantum models can be compared against a classical Support Vector Ma-
chine (SVM) with radial basis function kernel, serving as a baseline.

QML models—particularly the QSVC-based methods—exhibit enhanced accu-
racy and robustness compared to the classical SVM, especially in the small-
sample setting typical of rare nodule types [55]. This suggests that quantum
feature maps can capture discriminative patterns that are not easily accessible to
classical kernels when data are limited. Crucially, such a framework can incorpo-
rate SHapley Additive exPlanations (SHAP) to attribute the model’s predictions
to individual radiomic features. By analyzing the SHAP values in the context of
the quantum feature map, we can see that the quantum models are not only ac-
curate but also interpretable: the features identified as most influential aligned
with clinical knowledge of pGGN malignancy risk (e.g., texture heterogeneity,
margin irregularity). This integration of explainable Al with QML addresses a
major barrier to clinical adoption, as clinicians require transparency in decision
support systems. There are several salient points for quantum feature encoding
in radiation oncology:

e Dimensionality reduction is essential: Direct amplitude encoding of full
radiomic feature vectors is currently infeasible. Classical pre-processing
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(feature selection, PCA) is necessary to reduce the data to a size compat-
ible with angle encoding on available qubits.

e Angle encoding is viable for small-to-moderate feature sets: With cur-
rent qubit counts (50-100), angle encoding can accommodate up to 100
features, which is sufficient for many radiomic applications after feature
selection.

o Kernel methods benefit from quantum encoding: The QSVC approach,
which uses quantum resources only for kernel estimation, is particularly
well-suited to the NISQ era, as it requires only shallow circuits and avoids
the trainability issues of variational models.

o Interpretability must be designed in: The integration of SHAP analysis
with quantum models demonstrates that QML need not be a black box.
By attributing predictions to input features, these methods can build clin-
ical trust and provide insights into disease biology.

Despite these promising results, several challenges remain. Angle encoding
scales linearly in qubits, limiting its applicability to feature sets that have
already been aggressively reduced. Amplitude encoding, while exponentially
more efficient in qubit count, requires coherent state preparation that is be-
yond current NISQ capabilities. Hybrid encoding schemes—for example, using
amplitude encoding for groups of related features—may offer a middle ground.
Additionally, the sensitivity of quantum feature maps to noise and gate er-
rors means that hardware implementations may not replicate the performance
seen in simulators. Robustness studies and error mitigation techniques will be
essential as these methods move toward clinical deployment. The integration
of quantum feature encoding with classical pre-processing and post-hoc inter-
pretability, as demonstrated in the pGGN classification framework, provides a
template for future QML applications in radiation oncology. By carefully match-
ing the encoding strategy to the data characteristics and hardware constraints,
and by validating performance against classical baselines, researchers can be-
gin to translate the theoretical advantages of quantum computing into clinically
meaningful improvements in diagnostic accuracy and treatment personalization.

3.1.5 Quantum Model Training and Inference

The training and inference phases of quantum machine learning encompass
a diverse array of methodologies, each tailored to the specific clinical task
at hand—whether classification, regression, optimization, or simulation. The
choice of quantum model, optimization strategy, and inference protocol funda-
mentally determines both the predictive performance and the practical feasi-
bility of deployment in radiation oncology workflows. This subsection provides
a comprehensive review of quantum models used for training and inference in
oncological applications, organized by model family and clinical context. Quan-
tum models can be broadly categorized by their architectural principles and the
nature of their interaction with classical hardware:
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Variational quantum circuits (VQCs): Parameterized quantum circuits
trained via classical optimization to minimize a cost function. These in-
clude Quantum Neural Networks (QNNs), Quantum Convolutional Neural
Networks (QCNNs), and variational classifiers.

e Quantum kernel methods: Models that estimate classically intractable ker-
nels using quantum circuits, then feed the resulting kernel matrix into
a classical support vector machine. Quantum Support Vector Machines
(QSVMs) and quantum kernel estimators fall into this category.

e Quantum generative models: Models that learn to generate samples from
a target distribution, such as Quantum Boltzmann Machines (QBMs) and
Quantum Generative Adversarial Networks (QGANS).

e Quantum reinforcement learning (QRL): Models that learn optimal poli-
cies through interaction with an environment, with policies represented as
parameterized quantum circuits.

e Hybrid quantum-classical models: Architectures that combine classical
neural networks (for feature extraction) with quantum layers (for represen-
tation learning), such as Quantum Transfer Learning (QTL) and hybrid
QNNs.

Each of these model classes has been explored for applications in oncology, with
varying degrees of theoretical justification and empirical validation.

Quantum Neural Networks (QNNs) represent the most direct quantum analogue
of classical neural networks. A QNN consists of a parameterized quantum circuit
U(0) that acts on an input-encoded quantum state pi, (x), producing an output
state from which measurement outcomes f(x;80) = Tr[OU(8)pin(x)UT(0)] are
obtained. For classification tasks, the output is compared to the true label via
a cost function C(0), and gradients 0C/00,, are estimated using the parameter-
shift rule [53]. QNNs have been applied to a range of cancer diagnosis and
classification problems, including mammography interpretation, prostate can-
cer grading, and lung nodule characterization [53]. Their primary advantage
lies in the expressivity of the quantum feature space: with n qubits, a QNN
can represent functions that would require exponentially many classical param-
eters. However, this expressivity comes with trainability challenges, as discussed
in Section 2.3.5. In practice, QNNs have been demonstrated on downsampled
medical images and reduced feature sets, with performance competitive with
classical baselines but not yet exceeding them on clinically relevant scales. Quan-
tum Support Vector Machines (QSVMs) offer a different paradigm: rather than
training a variational circuit, they use quantum computers to estimate kernels
that are classically hard to compute. Given a quantum feature map ¢ : X — H,
the kernel k(x,x’) = [{¢(x)]¢(x))|? is estimated via a swap test or fidelity es-
timation on a quantum device. The resulting kernel matrix is then passed to
a classical SVM for training [53]. The theoretical advantage of QSVMs is the
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potential for exponential speedup in kernel evaluation under certain complexity-
theoretic assumptions (Section 2.3.1). Empirically, QSVMs have demonstrated
strong performance in cancer diagnostics, including prostate cancer detection
from multi-parametric MRI and lung nodule classification from CT [15]. The
quantum kernel mapping appears to capture non-linear relationships in the data
that are not accessible to classical kernels with limited complexity. However,
QSVMs are fundamentally linear classifiers in the quantum feature space; if
the data remain linearly inseparable even after the quantum map, performance
degrades [563]. Moreover, the requirement to estimate the full kernel matrix
scales as O(M?) in the number of samples M, which can be prohibitive for
large datasets.

The Pegasos QSVC variant adapts the primal estimated sub-gradient solver for
SVM to incorporate quantum kernel estimation, enabling more efficient training
on larger datasets by avoiding the storage of the full kernel matrix [55]. This hy-
brid approach has shown particular promise in small-sample settings, where the
inductive bias of the quantum kernel can compensate for limited data. Quan-
tum Transfer Learning (QTL) addresses one of the fundamental challenges of
QML in healthcare: the scarcity of labeled medical data. In QTL, a classical
neural network pre-trained on a large natural image corpus (e.g., ImageNet) is
used as a fixed feature extractor. The high-dimensional features produced by
this network are then passed to a variational quantum circuit for task-specific
fine-tuning [53]. This approach offers several advantages:

o Dimensionality reduction: The classical network compresses raw images
into a compact feature vector (typically 256-1024 dimensions), which can
then be encoded into a quantum state using angle encoding on a modest
number of qubits.

e Mitigation of barren plateaus: By operating on a reduced-dimensional rep-
resentation, the quantum circuit can be designed with locality-preserving
structures that avoid the exponential gradient vanishing that plagues larger
circuits.

o Improved generalization: The inductive bias of the quantum layer, com-
bined with the rich features from the pre-trained network, often yields
better generalization on small medical datasets than either component
alone.

QTL has been successfully applied to mammography image classification, demon-
strating faster convergence and improved accuracy compared to classical transfer
learning baselines [53]. The quantum layer appears to capture subtle, dataset-
specific correlations that complement the general features extracted by the clas-
sical network. Beyond static classification, hybrid quantum models have been
developed for predicting temporal outcomes in radiation oncology. Quantum
recurrent neural networks (QRNNs) extend the variational circuit paradigm to
sequential data, making them suitable for modeling tumor volume evolution
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over the course of treatment and daily setup variations [I4]. In these models,
the hidden state at each time step is represented as a quantum state, and pa-
rameterized circuits implement the recurrence.

At the predictive modeling stage, hybrid QNNs and quantum Bayesian inference
models are employed to enhance robustness under data sparsity and uncertainty.
By integrating variational quantum circuits with probabilistic reasoning frame-
works, these models can:

e Represent uncertainty explicitly: Quantum probability distributions nat-
urally capture both aleatoric uncertainty (inherent randomness in out-
comes) and epistemic uncertainty (lack of knowledge due to limited data).

e Propagate uncertainty through time: In sequential models, quantum states
can represent distributions over hidden states, enabling principled han-
dling of noisy observations and incomplete data.

o Improve small-sample performance: The inductive bias of the quantum
circuit, combined with Bayesian regularization, reduces overfitting when
training data are scarce.

Studies have shown that these hybrid quantum-classical models achieve im-
proved uncertainty-aware classification and regression in small-sample oncologi-
cal datasets compared to classical benchmarks [14]. Classical outcome prediction
models (OPMs) estimate tumor control probability (TCP) and normal tissue
complication probability (NTCP) using dose-volume histograms combined with
machine learning or deep learning frameworks. These models typically treat
patient characteristics as fixed inputs and produce point estimates of outcome
probabilities, with uncertainty handled through separate confidence intervals or
ensemble methods [14]. In contrast, quantum-inspired OPMs represent patient
states as quantum probability distributions. In this formalism, the state of a
patient is described by a density matrix p that encodes not only the most likely
values of clinical variables but also the correlations and uncertainties among
them. Outcome probabilities are obtained through projective measurements
corresponding to clinical endpoints:

P(outcome = i) = Tr[M,p],

where {M;} are positive operator-valued measures (POVMSs) representing the
clinical events of interest (e.g., tumor control within a specified time, grade > 2
toxicity). This representation naturally captures several sources of uncertainty
that are critical in radiation oncology:

e Noisy imaging: Uncertainties in target delineation and organ-at-risk seg-
mentation can be encoded as mixed states.

e Incomplete biomarkers: Missing genomic or proteomic data correspond to
partial traces over unobserved degrees of freedom.
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o Inter-patient variability: Population-level distributions can be represented
as ensembles of pure states, with individual patients as samples from this
ensemble.

While these quantum-inspired OPMs are typically implemented on classical
hardware (using tensor networks or probabilistic graphical models), they il-
lustrate how quantum concepts can inform the design of more expressive and
uncertainty-aware predictive models, even in the absence of a physical quantum
computer.

The training of quantum models for oncology applications can follow several
distinct paradigms, depending on the model class and the availability of quan-
tum hardware:

o (Classical optimization of variational circuits: For QNNs, QCNNs, and
variational classifiers, training proceeds via iterative updates of the circuit
parameters 6 using gradient-based or gradient-free optimizers. Gradients
are estimated using the parameter-shift rule, which requires O(P) circuit
evaluations per gradient step for P parameters, each evaluation comprising
multiple shots to estimate expectation values.

o Kernel estimation for QSVMs: Training involves estimating the kernel
matrix on a quantum device (or simulator) and then solving the dual SVM
problem classically. The quantum computational cost is dominated by the
O(M?) kernel evaluations, each requiring O(1/€?) shots for precision €.

o Hybrid training loops: In models like QTL, the classical and quantum
components are trained jointly: the classical network may be fine-tuned
while the quantum circuit parameters are updated, requiring careful co-
ordination to avoid destructive interference between the two optimizers.

o Quantum natural gradient: Advanced optimizers incorporate the geometry
of the quantum state space via the quantum Fisher information matrix,
potentially accelerating convergence but at the cost of additional circuit
evaluations.

The choice of optimizer, learning rate, and batch size must be adapted to the
noise characteristics of the hardware and the statistical properties of the clin-
ical data. In the NISQ era, simulators often outperform real hardware due to
decoherence and gate errors, necessitating error mitigation techniques such as
zero-noise extrapolation and measurement error correction.

Once trained, quantum models are used for inference on new patient data.
Inference typically involves:

1. Data encoding: The new patient’s features are encoded into a quantum
state using the same encoding scheme employed during training.

2. Circuit execution: The trained circuit is applied to the encoded state,
either once (for variational models) or multiple times (for kernel methods).
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3. Measurement: Projective measurements are performed on the output
state, yielding a probability distribution over possible outcomes.

4. Classical post-processing: The measurement statistics are converted into
clinical predictions (e.g., class labels, risk scores, TCP/NTCP estimates)
and confidence intervals.

For kernel methods, inference requires evaluating the kernel between the new
sample and all training samples, which can be computationally intensive for
large datasets but benefits from the same quantum speedups as training. Despite
the diversity of quantum models explored for oncology applications, several
common challenges emerge:

e Scalability: Current demonstrations are limited to small feature sets and
downsampled images. Scaling to full-resolution clinical data will require
advances in both hardware (more qubits, lower noise) and algorithms
(more efficient encoding, hierarchical models).

e Trainability: Barren plateaus remain a fundamental obstacle for large
variational circuits. Problem-specific ansétze, layer-wise training, and ini-
tialization strategies are active areas of research.

o Verification and validation: Many published results are based on sim-
ulators with idealized noise models. Performance on real hardware of-
ten degrades, and systematic comparisons to classical state-of-the-art are
sometimes lacking.

o Interpretability: While SHAP and similar methods can provide post-hoc
explanations, the inner workings of quantum models remain opaque. De-
veloping intrinsically interpretable quantum architectures is an important
long-term goal.

Looking forward, the most promising directions for quantum model training and
inference in radiation oncology include: (i) hybrid architectures that leverage
classical networks for feature extraction and quantum circuits for final classifica-
tion, (ii) quantum kernel methods for small-to-medium datasets where classical
kernels struggle, and (iii) quantum-inspired probabilistic models that capture
uncertainty more faithfully than classical alternatives. As hardware improves
and algorithms mature, these approaches may gradually transition from proof-
of-concept to clinically deployable tools.

3.1.6 Quantum-Aware Optimization and Treatment Planning

Treatment planning in radiation oncology is fundamentally a constrained multi-
objective optimization problem. The planner must select beam angles, inten-
sities, and delivery parameters to maximize tumor control probability (TCP)
while minimizing normal tissue complication probability (NTCP), subject to
hard dose constraints on organs at risk. The resulting search space is vast and
combinatorially complex: for intensity-modulated radiotherapy (IMRT), the
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Table 3: Summary of Quantum Models for Oncology Applications

Model Class Clinical Application Key Advantage

QNN Cancer diagnosis, grading Expressive feature space

QSVM Prostate cancer, lung nodule detection Hard-to-classical kernels

QTL Mammography classification Data efficiency, faster convergence
Hybrid QNN Tumor volume prediction, setup variation Temporal modeling, uncertainty repre:
Quantum-inspired OPM  TCP/NTCP estimation Natural uncertainty capture

number of possible beamlet weight combinations grows exponentially with the
number of beamlets; for volumetric modulated arc therapy (VMAT), the contin-
uous space of gantry angles and multileaf collimator (MLC) positions adds fur-
ther complexity. Classical optimization methods—gradient descent, simulated
annealing, genetic algorithms—have been successfully applied but often require
extensive computation time and may converge to local optima. Quantum-aware
optimization algorithms offer the potential to explore these landscapes more
efficiently, leveraging superposition, entanglement, and interference to identify
high-quality solutions. The Quantum Approximate Optimization Algorithm
(QAOA) is a hybrid quantum-classical algorithm designed to find approximate
solutions to combinatorial optimization problems [9]. QAOA operates by al-
ternating between two Hamiltonians: a problem Hamiltonian Ho that encodes
the cost function, and a mixer Hamiltonian Hp that drives exploration. Start-
ing from an equal superposition state |[+)®", the algorithm applies p layers of
alternating unitaries:

U(ﬂ77) = eiiﬁpHBeil’YPHc A e*"ﬁlHBefl'ylHCH@n,

where 8 = (B1,...,0p) and v = (71,...,7p) are variational parameters opti-
mized classically to minimize the expectation value ((3,~)|Hc|¥(8,7)). The
final state encodes a superposition of candidate solutions, and measurement
yields a sample from this superposition. In radiation oncology, QAOA has been
proposed for several combinatorial subproblems:

o Multileaf collimator (MLC) sequencing: The problem of translating a de-
sired fluence map into a sequence of MLC apertures is a constrained combi-
natorial optimization. Fach aperture must satisfy leaf motion constraints,
and the sequence must minimize delivery time while reproducing the tar-
get fluence. QAOA can explore the space of feasible aperture sequences
more efficiently than classical search [53)].

e Beam angle optimization: Selecting an optimal set of beam angles from a
discrete set of candidates (typically 5-9 angles from 360°) is a combina-
torial problem with (],:) possibilities. For N = 36 candidate angles and
k = 7 beams, the search space contains ~ 107 combinations, which is in-
tractable for exhaustive search. QAOA offers a heuristic for exploring this
space, potentially identifying angle sets that achieve better target coverage
and organ sparing [12].
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e Treatment scheduling: When multiple patients compete for limited treat-
ment slots, scheduling becomes a resource allocation problem. QAOA can
be adapted to find schedules that minimize wait times while respecting
machine availability and patient priorities.

e Inverse planning with multiple objectives: The multi-objective nature of
treatment planning can be handled by scalarizing the objectives into a
single cost function with appropriate weights. QAOA then optimizes this
scalarized function, and the process is repeated for different weight vectors
to approximate the Pareto front [53].

The approximation ratio—the quality of the solution found relative to the true
optimum—improves with circuit depth p, but the scaling of this improvement
for clinically relevant problem sizes remains an active area of research. Current
implementations on simulators have demonstrated feasibility for small instances
(e.g., 10-15 qubits), but scaling to the hundreds of variables typical of clinical
planning will require advances in hardware and error mitigation.

Beyond standalone optimization, quantum algorithms serve as optimization en-
gines within larger machine learning architectures. Quantum gradient descent
refers to the use of quantum circuits to estimate gradients of cost functions
with respect to model parameters, leveraging quantum parallelism to evaluate
multiple parameter shifts simultaneously [53]. In the context of quantum neural
networks (QNNs) applied to treatment planning, the parameters € might rep-
resent beamlet weights or MLC positions, and the cost function could encode
dosimetric objectives and constraints. The parameter-shift rule allows gradient
estimation with O(P) circuit evaluations for P parameters, but quantum gradi-
ent descent aims to reduce this further by encoding multiple shifts in superposi-
tion. While theoretically promising, practical implementations are challenged by
the need for coherent control and the overhead of measurement. Quantum Deep
Reinforcement Learning (QDRL) extends the reinforcement learning paradigm
by representing policies or value functions as parameterized quantum circuits.
In the context of adaptive radiotherapy, QDRL has been applied to decision-
making tasks where the agent learns to select dose-fractionation schemes based
on the evolving patient state [53]. The quantum advantage arises from:

e Superposition of actions: Multiple candidate dose decisions can be repre-
sented simultaneously, enabling efficient exploration of the action space.

e Compressed state representation: High-dimensional patient states (imag-
ing, dosimetry, biomarkers) can be encoded into a modest number of
qubits, mitigating the curse of dimensionality.

o Amplitude amplification for policy improvement: Quantum amplitude am-
plification can preferentially amplify actions that lead to higher rewards,
accelerating policy convergence.
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Studies comparing QDRL implementations on simulators versus IBMQ hard-
ware have demonstrated promising results, with minor performance gaps at-
tributable to noise and decoherence [53]. The ability to run QDRL policies on
near-term hardware suggests that adaptive decision support may be among the
first clinical applications of quantum reinforcement learning.

A distinctive feature of quantum optimization is the ability to harness con-
structive and destructive interference to bias the search toward high-quality
solutions. Interference-based optimization algorithms encode the cost function
into a phase oracle and use quantum interference to amplify the amplitude of
optimal solution states while suppressing suboptimal configurations [52]. For-
mally, consider a superposition over all candidate solutions: |[¢) = > ag|z).
Applying a phase oracle U that maps |z) — €"7/(®)|z) based on the cost func-
tion f(x), followed by a mixing operation, creates interference patterns that
redistribute amplitude. After multiple iterations, the probability of measuring
low-cost solutions is enhanced. This mechanism underpins algorithms such as
Grover search and amplitude amplification, and it can be integrated into hy-
brid optimization frameworks for radiotherapy planning. In clinical contexts,
interference-based methods could be used to:

o Amplify promising beam angle combinations: By encoding the dosimetric
cost of an angle set into a phase, interference can preferentially amplify
sets that achieve target coverage while sparing organs at risk.

e Suppress unsafe dose distributions: Solutions that violate hard dose con-
straints can be de-amplified, ensuring that only clinically feasible plans
survive the optimization process.

e Ezxplore Pareto-optimal trade-offs: By varying the phase encoding, differ-
ent regions of the Pareto front can be amplified, providing the planner
with a diverse set of candidate plans.

However, as with other amplitude amplification techniques, the quadratic speedup
of interference-based search is contingent on the ability to construct efficient or-
acles for the cost function, which remains challenging for complex, non-linear
objectives. Quantum annealing is a metaheuristic for solving optimization
problems by adiabatically evolving a quantum system from an easy-to-prepare
ground state to the ground state of a problem Hamiltonian. The D-Wave quan-
tum annealer, with thousands of qubits, has been used to explore optimization
problems in various domains, including radiation oncology [14]. In quantum
annealing, the system evolves under a time-dependent Hamiltonian:

H(t) = A(t)Hmixer + B(t)Hproblemv

where A(t) decreases from a large value to zero while B(t) increases from zero
to a large value. If the evolution is sufficiently slow, the system remains in
the instantaneous ground state, ending in the ground state of Hproblem, Which
encodes the optimal solution.
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Quantum tunneling—a phenomenon whereby the system passes through en-
ergy barriers rather than climbing over them—enables quantum annealers to
escape local minima more effectively than classical simulated annealing, which
relies on thermal fluctuations. This advantage is particularly relevant for IMRT
optimization, where the cost landscape is rugged due to the interplay of multi-
ple constraints and objectives. Hybrid quantum tunneling annealing approaches
combine quantum annealing with classical refinement. In one study, such a hy-
brid optimizer optimized IMRT beamlet weights approximately 46% faster than
classical simulated annealing while achieving comparable or better plan quality
[14]. The speedup arises from the quantum annealer’s ability to quickly identify
promising regions of the search space, which are then fine-tuned using classi-
cal gradient-based methods. This hybrid paradigm—using quantum resources
for global exploration and classical resources for local refinement—represents
a pragmatic pathway to near-term clinical impact. For quantum optimization
methods to be clinically useful, they must integrate seamlessly with existing
treatment planning systems (TPS). This integration requires:

e Problem encoding: Clinical objectives (dose constraints, target coverage)
must be mapped to a Hamiltonian or cost function that can be processed
by quantum hardware. This often involves translating dose-volume his-
togram (DVH) criteria into quadratic unconstrained binary optimization
(QUBO) formulations or into phase oracles.

o Interface development: APIs and middleware are needed to convert TPS
data structures into quantum circuits or annealing problems and to decode
the results back into clinically interpretable plans.

o Validation workflows: Any plan produced by a quantum optimizer must
undergo the same quality assurance (QA) checks as a classical plan, in-
cluding independent dose calculation and phantom measurements.

Early proof-of-concept studies have demonstrated the feasibility of such inte-
gration for beam angle optimization, with hybrid quantum-classical workflows
achieving improved target conformity and organ-at-risk sparing compared to
classical heuristics [I2]. As quantum hardware matures, these prototypes could
evolve into clinical tools.

Despite the promise of quantum-aware optimization, several challenges must
be addressed before widespread clinical adoption:

e Problem size: Current quantum annealers have thousands of qubits, but
the connectivity and precision are limited. For IMRT optimization with
thousands of beamlets, problem decomposition or variable reduction is
necessary.

o (Clircuit depth and noise: QAOA requires circuit depths that grow with
problem size and desired approximation ratio. On NISQ hardware, noise
limits the achievable depth, restricting QAOA to small problem instances.

41



e Oracle construction: Interference-based methods require efficient oracles
for the cost function. For complex clinical objectives, constructing these
oracles with low gate overhead is non-trivial.

o Verification: Quantum optimizers produce stochastic outputs; multiple
runs are needed to obtain reliable solutions. The statistical nature of
quantum sampling must be accounted for in clinical validation.

e Hybrid workflow complexity: Integrating quantum and classical compo-
nents adds layers of complexity to the planning process, requiring special-
ized expertise and robust software infrastructure.

Looking forward, the most promising directions include: (i) continued devel-
opment of hybrid quantum-classical algorithms that leverage the strengths of
both paradigms, (ii) problem-specific anséitze and encodings that reduce re-
source requirements, (iii) integration of quantum optimizers as coprocessors
within commercial TPS, and (iv) rigorous clinical trials to demonstrate that
quantum-optimized plans translate into improved patient outcomes. The sub-
stantial speedups already demonstrated for IMRT beamlet optimization suggest
that this application area may be among the first to see clinical benefit from
quantum computing.

Table 4: Quantum Optimization Methods for Treatment Planning

Method Clinical Application Key Advantage

QAOA MLC sequencing, beam angle selection Heuristic for combinatorial problems
QDRL Adaptive dose fractionation Policy learning under uncertainty
Interference-based Global search in plan space Amplification of optimal solutions
Quantum annealing IMRT beamlet optimization Tunneling through barriers

Hybrid tunneling annealing IMRT optimization 46% speedup demonstrated

3.1.7 Evaluation, Validation and Interpretability

The translation of quantum machine learning (QML) models from research
prototypes to clinical tools requires rigorous evaluation, validation, and inter-
pretability frameworks. Unlike classical models, where decades of methodologi-
cal development have established standards for performance assessment, QML
introduces unique challenges: the stochastic nature of quantum measurements,
the sensitivity of results to hardware noise, and the opacity of quantum feature
spaces. This subsection reviews methods for evaluating QML models, validating
their outputs against clinical ground truth, and interpreting their predictions in
a manner that builds clinician trust. Quantum Measurement Regression (QMR)
is a physics-based regression framework that frames prediction as parameter es-
timation from quantum measurements [53]. In QMR, the target variable y (e.g.,
tumor control probability, toxicity grade) is encoded as the expectation value
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of a measurement operator M on a parameterized quantum state p(x):
g = Tr[Mp(x)] = <M>p(X)'

The state p(x) is prepared by a variational circuit that encodes the input fea-
tures x, and the parameters are trained to minimize the mean squared error
between ¢ and the true outcomes. The key advantage of QMR for interpretabil-
ity lies in the structure of the measurement operator M. By decomposing M
into a sum of local observables M = ). M;, one can attribute the prediction to
different subsets of features or different regions of the input space. For example,
in radiomics, M; might correspond to a specific image texture feature, and its
expectation value quantifies the contribution of that feature to the final pre-
diction. This provides a quantum analogue of feature attribution methods like
SHAP, but grounded in the physical process of measurement rather than post-
hoc approximation. Furthermore, the variance of the measurement outcome,
Var[M] = (M?) — (M)?, naturally encodes the uncertainty in the prediction. In
clinical contexts where decisions must be made despite incomplete information,
this uncertainty quantification is as important as the point estimate itself. QMR
thus offers a unified framework for prediction and uncertainty estimation, with
interpretability built into the measurement calculus.

Quantum computing’s ability to explore high-dimensional Hilbert spaces makes
it a natural tool for identifying diagnostic signatures in complex, multi-omics
data [52]. A diagnostic signature is a pattern of features—genomic mutations,
protein expression levels, radiomic texture descriptors—that reliably distin-
guishes between clinical states (e.g., responder vs. non-responder, early-stage
vs. metastatic). Classical signature discovery methods often struggle with the
curse of dimensionality and with capturing non-linear interactions among fea-
tures. Quantum approaches to signature discovery leverage:

e Quantum kernel methods: By mapping data into exponentially large fea-
ture spaces, quantum kernels can reveal separations that are not linearly
realizable in the original space. The support vectors identified by a QSVM
correspond to the most informative patients, and the kernel expansion can
be analyzed to identify which feature combinations are most discrimina-
tive.

e Quantum principal component analysis: As discussed in Section 3.1.3,
qPCA identifies the directions of maximum variance in the data. The
principal components—eigenvectors of the density matrix—can be inter-
preted as composite signatures, with large coefficients indicating features
that contribute strongly to the overall variance.

e Quantum annealing for feature subset selection: By formulating feature
selection as a quadratic unconstrained binary optimization (QUBO) prob-
lem, quantum annealers can search for optimal feature subsets that max-
imize predictive accuracy while minimizing redundancy. The resulting
subset provides a compact, interpretable signature.
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These methods do not merely produce black-box classifiers; they generate in-
sights into the underlying biology by highlighting which variables and interac-
tions are most predictive. However, careful validation is required to ensure that
discovered signatures generalize across patient populations and are not artifacts
of the quantum encoding or optimization process. A comprehensive example
of quantum-enabled evaluation and validation is provided by the QProteoML
framework, developed specifically to handle high-dimensional, imbalanced, and
redundant oncological data [57]. QProteoML integrates multiple quantum tech-
niques into a unified pipeline for biomarker discovery and predictive modeling:

The framework first applies quantum principal component analysis to the high-
dimensional feature space (e.g., proteomic expression levels, radiomic features).
qPCA identifies a low-dimensional subspace that preserves the majority of the
variance, isolating salient biomarkers while discarding noise. This step is cru-
cial for mitigating the curse of dimensionality and for improving the stability of
subsequent modeling. In the reduced space, Quantum Support Vector Machines
(QSVMs) are employed to model complex decision boundaries. The quantum
kernel evaluated by the QSVM captures non-linear relationships among the
retained features, enabling accurate prediction of outcomes such as drug sensi-
tivity or treatment response [57]. The kernel matrix itself can be analyzed to
understand which patient pairs are most similar in the quantum feature space,
providing insights into patient stratification. To further refine the biomarker
set, quantum annealing solves a QUBO problem that selects a minimal subset
of features with maximal predictive power and minimal redundancy. The an-
nealing process efficiently explores the combinatorial space of feature combina-
tions, identifying signatures that might be missed by greedy classical algorithms.
Oncology datasets are often small and imbalanced, with rare but clinically im-
portant subgroups (e.g., patients with specific toxicity patterns). Quantum
Generative Adversarial Networks (QGANSs) address this by training a quantum
generator and a classical discriminator adversarially to produce synthetic data
that faithfully preserves the statistical structure of the original dataset [57]. The
quantum generator can capture correlations that are difficult for classical GANs
to reproduce, yielding higher-quality synthetic samples. These augmented data
can then be used to train more robust predictive models or to validate the
stability of discovered signatures. The QProteoML framework exemplifies how
quantum techniques can be combined in a principled manner to address the full
pipeline from data preprocessing to model validation. Its success in proteomic
biomarker discovery for multiple myeloma demonstrates the practical potential
of integrated quantum approaches in precision oncology [57].

Benchmarking QML models against classical alternatives is essential for es-
tablishing their clinical utility. Studies comparing QNNs and Deep Quantum
Ordinal Regressors (DQORs) to classical machine learning and deep learning
models have shown promising results in diagnostic tasks. For prostate cancer
grading and diabetic retinopathy classification, QNNs and DQOR. models have
demonstrated superior accuracy, particularly in small-sample regimes where
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classical models tend to overfit [53]. The DQOR. architecture, introduced in
Section 2.3.3, is especially well-suited to ordinal clinical outcomes (e.g., toxicity
grades 0-5, tumor stages I-IV). By combining classical convolutional feature
extractors with quantum measurement layers, DQOR naturally models the or-
dering of classes and provides calibrated probability estimates. In comparative
studies, DQOR achieved higher area under the receiver operating characteristic
curve (AUC) and better calibration than classical ordinal regression models,
suggesting that the quantum inductive bias aligns well with the structure of
clinical data [53]. However, these comparisons must be interpreted with cau-
tion. Many published benchmarks are performed on downsampled data or on
simulators with idealized noise models. As QML models are deployed on actual
hardware, performance may degrade, and careful error mitigation is required.
Moreover, the computational cost of training and inference—including the over-
head of repeated measurements—must be factored into any fair comparison. A
QML model that achieves slightly higher accuracy but requires 1000x more
computational resources may not be clinically practical. Validating QML mod-
els for clinical use requires adherence to established standards for medical Al,
with additional considerations specific to quantum computing:

o Independent test sets: Models must be evaluated on held-out data from
multiple institutions to assess generalizability. Given the scarcity of quantum-
ready medical datasets, this may require collaborative efforts to pool re-
sources.

e Prospective validation: Simulator-based results must be complemented by
prospective studies on actual quantum hardware, accounting for device-
specific noise and drift. Performance metrics should be reported with
confidence intervals that reflect the stochastic nature of quantum mea-
surement.

o Comparative effectiveness: QML models should be compared not only to
classical ML baselines but also to current clinical practice (e.g., human
expert judgment, standard nomograms). A statistically significant im-
provement in AUC may not translate into clinically meaningful benefit if
the absolute gain is small.

e Robustness analysis: Sensitivity to variations in input data (e.g., differ-
ent imaging protocols, missing biomarkers) must be assessed. Quantum
models may be more or less robust than classical models depending on the
encoding scheme and circuit architecture.

e Fairness and bias: As with any Al system, QML models must be evalu-
ated for performance disparities across demographic subgroups. Quantum
encoding could inadvertently amplify biases present in the training data.

The opacity of quantum models poses a significant barrier to clinical adoption.
Clinicians are unlikely to act on recommendations they cannot understand, es-
pecially when those recommendations involve trade-offs between tumor control
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and toxicity. Several approaches to quantum interpretability are under devel-
opment:

e Quantum SHAP: Extending the SHAP (SHapley Additive exPlanations)
framework to quantum models by measuring the fidelity contribution of
each encoded feature to the final prediction. This requires the ability to
perturb the input state and observe changes in measurement statistics.

o Fidelity-based attribution: The fidelity F' = |{¢)(x)[1(x'))}|? between quan-
tum states encodes their similarity. By analyzing how fidelity changes
when features are masked, one can infer feature importance.

o Measurement operator decomposition: As in QMR, expressing the mea-
surement operator as a sum of local terms provides a natural decomposi-
tion of the prediction into contributions from different feature groups.

o Visualization of quantum states: Techniques such as quantum circuit di-
agrams, Bloch sphere representations, and t-SNE projections of quantum
states can help clinicians develop intuition for how the model processes
information.

Critically, interpretability must be designed into the model from the outset, not
added as an afterthought. Hybrid architectures that combine classical feature
extractors with quantum layers—where the classical part is already interpretable
via established methods—offer a promising path forward.

Table 5: Methods for Evaluation, Validation and Interpretability in QML for
Oncology

Method Purpose Key Features

Quantum Measure- Interpretable prediction with Measurement operator de-
ment Regression uncertainty composition; natural uncer-
(QMR) tainty quantification
QProteoML.  Frame- Integrated biomarker discov- qPCA + QSVM + quantum
work ery annealing + QGANs
Diagnostic  signature Identification of predictive Quantum kernels, qPCA,
discovery feature patterns QUBO-based feature selec-

Benchmarking proto-
cols

Quantum SHAP / fi-
delity attribution

Performance comparison to
classical models

Post-hoc interpretability

tion

Independent test sets, hard-
ware validation, robustness
analysis

Feature importance via per-
turbation analysis

In summary, evaluation, validation, and interpretability are not afterthoughts
but integral components of the QML development cycle for radiation oncology.
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The unique characteristics of quantum models—their stochastic outputs, sen-
sitivity to noise, and expressive feature spaces—demand tailored approaches
that go beyond classical best practices. As the field matures, the development
of standardized benchmarks, open-source validation tools, and interpretability
frameworks will be essential for translating quantum innovations into clinically
trusted tools.

3.2 A Quantum-Inspired Clinical Decision Support Sys-
tem for Multi-Omics—Based Precision Radiotherapy

Quantum computing handles high-dimensional multi-omic datasets (genomics,
ctDNA, proteomics, radiomics) efficiently and improves multi-omic fusion, aid-
ing patient stratification and precision-based treatment planning [15,53]. Quan-
tum superposition enables concurrent exploration of multi-omic feature combi-
nations that are computationally expensive classically [53]. CDSS integrates
OPMs (prediction) and ODMs (dose decisions) for personalized treatment [14].
The flow of a Quantum Inspired Clinical Decision Support System for multi-
omics-based precision radiotherapy consists of the Multi-omics data integration
and pre-processing, feature selection and quantum encoding, multi-omics fu-
sion, Quantum Inspired Predictive modeling, decision policy and optimization,
clinical recommendation and validation & deployment in adaptive radiotherapy
(online-during treatment sessions and offline-between treatment sessions).

3.2.1 Multi-omics Data Acquisition, Harmonization and Pre-processing

The foundation of any precision radiotherapy clinical decision support system
(CDSS) is the integration of diverse data modalities that collectively capture
the patient’s unique disease state. Modern oncology generates an unprecedented
volume of multi-omics data: genomic sequencing (DNA mutations, copy num-
ber variations), transcriptomic profiles (gene expression), proteomic signatures
(protein abundance and modifications), metabolomic measurements, and ra-
diomic features extracted from medical images. Each modality offers a distinct
lens into tumor biology, but their integration poses formidable challenges: data
heterogeneity, differing scales and units, batch effects, missing values, and the
need for harmonization before they can be jointly analyzed. Quantum and
quantum-inspired methods offer novel approaches to these pre-processing tasks,
potentially preserving more of the underlying biological signal while reducing
dimensionality for downstream quantum encoding. Before any quantum model
can be applied, raw multi-omics data must undergo a series of pre-processing
steps:

e Data acquisition: Samples must be collected under standardized proto-
cols to minimize technical variability. For genomics, this involves DNA
sequencing and variant calling; for proteomics, mass spectrometry or an-
tibody arrays; for radiomics, segmentation and feature extraction from
medical images.
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e Harmonization: Batch effects—systematic technical variations introduced
by different processing times, instruments, or laboratories—must be re-
moved to ensure that biological signals are not confounded by experimen-
tal artifacts. Classical methods such as ComBat and limma are commonly
used, but they may not capture complex, non-linear dependencies.

e Normalization: Data from different modalities exist on different scales
(e.g., gene expression counts, protein intensities, radiomic texture values).
Normalization to a common scale (e.g., z-scores, unit vectors) is required
for subsequent integration.

o Missing data imputation: Multi-omics datasets are often incomplete, with
certain assays missing for some patients. Imputation must respect the
correlations both within and across modalities.

e Dimensionality reduction: The combined feature space can easily exceed
10* — 10° dimensions, far beyond what can be directly encoded into quan-
tum states with current hardware. Feature selection or compression is
essential.

Quantum and quantum-inspired techniques can contribute at each of these
stages, offering advantages in capturing cross-modal correlations and in han-
dling the inherent uncertainty of biological measurements.

The Quantum Wavelet Transform (QWT) provides a framework for multi-scale
analysis of omics data that can be particularly valuable for harmonization [53].
Wavelet transforms decompose signals into approximation and detail coefficients
at multiple resolutions, enabling the separation of biological signal from techni-
cal noise. The QWT implements this decomposition using controlled rotations
and the quantum Fourier transform, achieving exponential speedup over clas-
sical wavelet transforms for amplitude-encoded data. In the context of multi-
omics harmonization, QWT can be applied to:

e Denoise individual omics layers: By thresholding wavelet coefficients cor-
responding to high-frequency noise, each modality can be cleaned while
preserving low-frequency biological structure.

o Align feature resolutions: Different omics modalities operate at different
biological scales (e.g., genomic variants are discrete, while proteomic mea-
surements are continuous). Wavelet decomposition can bring them to a
common multi-scale representation, facilitating integration.

o Identify batch effect patterns: Batch effects often manifest as low-frequency
artifacts across samples. By analyzing wavelet coefficients, one can iden-
tify and remove components that correlate with batch labels rather than
biological variables.

While theoretical, these applications illustrate how quantum signal processing
could enhance the quality of harmonized multi-omics data before quantum en-
coding. Quantum Signal Processing (QSP) is a framework for implementing
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polynomial transformations of eigenvalues of a unitary operator. In the context
of omics data, QSP can be used to filter noise and enhance signals of interest
[52]. For a data matrix X encoded in a quantum state p, QSP allows the applica-
tion of spectral filters that amplify components corresponding to large singular
values (biological signal) while suppressing those corresponding to small singu-
lar values (noise). This is analogous to classical singular value decomposition
(SVD) filtering but can be performed more efficiently on quantum hardware for
large matrices.

For multi-omics integration, QSP could be applied to the combined data ma-
trix to extract a low-rank approximation that captures the dominant biological
variations across modalities. This serves both as a denoising step and as a
form of dimensionality reduction, producing a compact representation suitable
for downstream quantum modeling. Mutual information (MI) is a fundamental
quantity for measuring the statistical dependence between variables. In multi-
omics analysis, MI can be used to:

e Identify features that are strongly associated with clinical outcomes.
e Quantify redundancy between features to guide feature selection.

e Assess the degree of integration between different omics layers: high MI
between modalities suggests coordinated biological processes.

Classical MI estimation becomes challenging in high dimensions due to the need
for density estimation or binning. Quantum Mutual Information (QMI) estima-
tion leverages the ability of quantum computers to represent joint probability
distributions as density matrices and to compute entropies via von Neumann
entropy:

I(X :Y) = S(px) + S(pv) — S(pxv),

where S(p) = —Tr(plog p) is the von Neumann entropy. For data encoded into
quantum states, QMI can be estimated using quantum phase estimation and
tomography, potentially offering more accurate estimates in high-dimensional
spaces [15]. In a CDSS pipeline, QMI could be used to:

1. Guide feature selection: Features with high QMI relative to the clinical
outcome are retained; those with high QMI relative to other features (re-
dundancy) are pruned.

2. Validate harmonization: After batch correction, QMI between technical
covariates and omics features should be minimized, while QMI between
biological variables and outcomes should be preserved or enhanced.

3. Discover cross-omics interactions: Pairs of features from different modal-
ities with unexpectedly high QMI may indicate biological pathways that
span multiple omics layers.
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Once harmonized and pre-processed, the multi-omics data must be encoded into
quantum states for input to the CDSS. The choice of encoding depends on the
dimensionality after pre-processing and the quantum model to be used:

o Amplitude encoding: If the pre-processed feature vector has been reduced
to dimension N = 2", it can be amplitude-encoded into an n-qubit state.
This is the most efficient use of qubits but requires that the data be
normalized and that the state preparation circuit be implementable.

e Angle encoding: For moderate-dimensional data (n ~ 50 — 100), angle
encoding on individual qubits is simpler and more noise-resilient. This is
appropriate if feature selection has reduced the set to a manageable size.

e Hierarchical encoding: Different omics layers can be encoded into separate
registers and entangled to capture cross-modal correlations. For example,
genomic data might be angle-encoded into one register, radiomic features
into another, with entangling gates between them to model interactions.

The pre-processing steps described above directly influence the feasibility of
these encodings. For instance, QWT-based denoising may enable more faithful
amplitude encoding by reducing the dynamic range of the data, while QMI-
guided feature selection ensures that only the most informative features are
retained for angle encoding. The output of this pre-processing stage is a set
of quantum-ready data representations: either quantum states p; for each pa-
tient, or a combined density matrix peonort representing the patient population.
These states feed directly into the subsequent stages of the quantum-inspired
CDSS: feature extraction and selection (Section 3.2.2), multi-omics fusion (Sec-
tion 3.2.3), and predictive modeling (Section 3.2.4). The quality of the pre-
processing determines the upper bound on the performance of all downstream
components; noisy, unharmonized data cannot be rescued by even the most
sophisticated quantum model.

Table 6: Quantum Techniques for Multi-omics Pre-processing

Technique Application Advantage
Quantum Wavelet Multi-scale  harmoniza- Exponential speedup
Transform (QWT)  tion, denoising amplitude-encoded data; separa-

tion of signal from noise

Quantum  Signal Spectral filtering, noise re- Efficient polynomial transforma-

Processing (QSP) duction tions of singular values

Quantum Mutual Dependency analysis, fea- Accurate entropy estimation in

Information (QMI)  ture selection high dimensions

Hybrid  encoding Quantum state prepara- Balances qubit efficiency with

strategies tion noise resilience

In summary, the data acquisition, harmonization, and pre-processing stage is
the critical first step in any quantum-enabled multi-omics CDSS. By leveraging
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quantum techniques such as QWT, QSP, and QMI, it is possible to clean, inte-
grate, and compress heterogeneous biological data into forms that are amenable
to quantum encoding and analysis. While many of these techniques are still
theoretical or demonstrated only on small-scale problems, they point toward a
future where quantum computers contribute not only to prediction but also to
the foundational data processing that makes prediction possible.

3.2.2 Feature Extraction, Selection and Quantum Encoding

Once multi-omics data have been acquired, harmonized, and pre-processed, the
next critical step in a quantum-inspired clinical decision support system (CDSS)
is the transformation of these heterogeneous data into a compact, informative
representation suitable for quantum modeling. This stage encompasses three
interrelated tasks: (i) extracting relevant features from each omics modality,
(ii) selecting a subset of features that are most predictive of clinical outcomes
while minimizing redundancy, and (iii) encoding the selected features into quan-
tum states for subsequent processing. Quantum and quantum-inspired methods
offer novel approaches to each of these tasks, potentially capturing complex,
non-linear relationships that classical methods might miss. Before feature se-
lection can begin, the raw omics data often reside in spaces of extremely high
dimensionality—gene expression arrays with 20,0004 features, proteomic mass
spectrometry with tens of thousands of peaks, radiomic feature sets with thou-
sands of texture and shape descriptors. Direct application of selection algo-
rithms to such high-dimensional spaces is computationally prohibitive and sta-
tistically unstable. Dimensionality reduction is therefore an essential first step.
Quantum Principal Component Analysis (qPCA), introduced in Section 3.1.3,
provides a framework for identifying the directions of maximum variance in high-
dimensional data using quantum phase estimation [53]. For a dataset encoded as
a density matrix p = 47 Zj\il |x;)(x;], gPCA efficiently estimates the eigenvec-
tors corresponding to the largest eigenvalues—the principal components. These
components capture the dominant modes of variation across the multi-omics
dataset, effectively compressing the information while preserving the structure
most relevant for downstream analysis. In the context of a multi-omics CDSS,
qPCA can be applied in several ways:

e (ross-modal compression: By constructing a combined density matrix
that incorporates all omics modalities, qPCA identifies principal compo-
nents that reflect coordinated variation across genomics, proteomics, and
radiomics. These components may correspond to underlying biological
processes that manifest across multiple molecular layers.

o Modality-specific compression: Alternatively, qPCA can be applied sep-
arately to each omics type, producing a reduced representation for each
modality that retains the majority of its variance. These reduced repre-
sentations can then be concatenated or fused in subsequent steps.

e Noise filtering: The eigenvectors associated with small eigenvalues cor-
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respond to noise or technical artifacts. By projecting the data onto the
subspace spanned by the top k principal components, one effectively fil-
ters out this noise, enhancing the signal-to-noise ratio for downstream
modeling.

The exponential speedup offered by qPCA in terms of the feature dimension
N makes it particularly attractive for multi-omics datasets, where N can be in
the tens of thousands. However, as noted previously, practical implementation
on NISQ hardware faces challenges in state preparation and tomography, so
near-term applications may rely on quantum-inspired classical algorithms that
mimic qPCA using tensor networks or other techniques.

Following dimensionality reduction, feature selection aims to identify a subset
of the most informative features—whether original features or principal com-
ponents—that maximize predictive performance while minimizing redundancy.
This is a combinatorial optimization problem: given N features, there are 2V
possible subsets, and exhaustive search is infeasible for any clinically realistic
N. Quantum Genetic Algorithms (QGAs) offer a heuristic approach to this
problem, leveraging quantum principles to enhance the exploration of the fea-
ture subset space [53]. In a QGA, each candidate feature subset is represented
as a quantum state, with qubits indicating whether a feature is included (1) or
excluded (0). The population of subsets evolves through quantum analogues of
selection, crossover, and mutation:

e Quantum selection: Subsets with higher fitness (e.g., higher cross-validated
accuracy) are assigned higher amplitudes, increasing their probability of
being measured and propagated to the next generation.

e Quantum crossover: Entangling operations combine the states of two par-
ent subsets to produce superpositions of offspring, exploring combinations
of features that might not be present in either parent alone.

e Quantum mutation: Single-qubit rotations introduce small perturbations,
allowing the algorithm to escape local optima by exploring nearby subsets.

The quantum advantage in this context arises from superposition: multiple
subsets are evaluated in parallel, and the interference patterns that emerge from
quantum operations can guide the search more efficiently than classical genetic
operators. While most QGA implementations to date have been on classical
simulators, they have demonstrated improved convergence rates on benchmark
feature selection problems compared to classical genetic algorithms [53]. A
more direct quantum approach to feature selection leverages Grover’s algorithm,
which provides a quadratic speedup for unstructured search. In the context of
biomarker selection, one can formulate the problem as searching for a feature
subset that maximizes a given objective function (e.g., mutual information with
the outcome, classification accuracy). Bisection Grover’'s Search adapts the
standard Grover algorithm to handle the case where the number of marked
items (good feature subsets) is unknown [I5].
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The algorithm proceeds as follows:

1. The feature space is divided into intervals based on subset size or some
other heuristic.

2. Grover search is applied within each interval to find subsets that exceed
a fitness threshold.

3. The threshold is adjusted iteratively (bisection) to converge on the optimal
or near-optimal subset.

Bisection Grover’s Search has been proposed for quantum-accelerated biomarker

selection in high-dimensional radiomic and multi-omic spaces, where it can effi-
ciently identify optimal feature subsets while reducing combinatorial complexity
prior to predictive modeling [I5]. The quadratic speedup over classical exhaus-
tive search is particularly valuable when the number of features is moderate
(N ~ 30 — 50)—a regime that becomes accessible after initial dimensional-
ity reduction via qPCA or similar methods. Quantum-Inspired Immune Clone
Optimization (QICO) offers a classical alternative that nevertheless draws inspi-
ration from quantum principles. As described in Section 3.1.2, QICO combines
concepts from quantum computing (superposition, measurement collapse) with
artificial immune systems (clonal selection, affinity maturation) to perform ef-
ficient feature selection [53]. In QICO, each antibody represents a candidate
feature subset, and the population of antibodies evolves through:

e Clonal expansion: Antibodies with higher affinity (fitness) are cloned with
a probability proportional to their measurement probability in a quantum-
inspired representation.

e Hyper-mutation: Clones undergo mutation at rates that depend on affin-
ity, with higher-affinity clones mutating less to preserve good solutions.

o Quantum-inspired superposition: The representation of antibodies as quantum-

inspired probability amplitudes allows the algorithm to maintain diversity
and explore multiple regions of the feature space simultaneously.

QICO has demonstrated superior performance compared to classical discovery-
based feature selection methods in cancer classification tasks, efficiently iden-
tifying optimal subsets from large biological feature spaces and supporting
precision-oriented oncology modeling [53]. Its advantage lies in balancing ex-
ploration (via superposition-inspired diversity) and exploitation (via clonal se-
lection), making it well-suited to the rugged fitness landscapes typical of multi-
omics feature selection. An alternative to explicit feature selection is to use
quantum feature maps that implicitly weight features through the structure of
the quantum circuit. In quantum kernel methods, the feature map ¢ : X — H
embeds the input data into a quantum Hilbert space, and the kernel k(x,x’) =
|{(p(x)|p(x'))|? determines the similarity between samples [15]. The choice of
feature map—the specific sequence of parameterized gates and entangling oper-
ations—implicitly defines which feature combinations are emphasized and which

93



are suppressed. In the context of a multi-omics CDSS, one can design quantum
feature maps that:

o Weight features by clinical relevance: By parameterizing the encoding
gates, the model can learn to amplify the contribution of features that are
most predictive of the outcome while attenuating irrelevant ones.

e Capture cross-omics interactions: Entangling gates between qubits en-
coding different omics modalities allow the kernel to reflect interactions
between, for example, a genomic mutation and a radiomic texture feature.

e Perform implicit dimensionality reduction: If the feature map is chosen
such that the effective dimension of the quantum feature space is much
smaller than the classical input dimension, the kernel implicitly performs
a form of nonlinear dimensionality reduction.

The advantage of this approach is that feature selection becomes integrated into
the model training process, rather than being a separate pre-processing step.
However, it comes at the cost of increased complexity and reduced interpretabil-
ity, as the contribution of individual features is harder to disentangle from the
quantum circuit. Once a feature subset has been selected—whether via qPCA,
QGA, Grover search, QICO, or implicit kernel methods—the features must be
encoded into quantum states for input to the CDSS. The encoding strategy
depends on the number of selected features and the quantum model to be used:

o Amplitude encoding: If the number of selected features Ny = 2" (after
possible zero-padding), amplitude encoding into an n-qubit state is the
most qubit-efficient option. This is suitable when feature selection has re-
duced the dimension to a few hundred or thousand, which can be encoded
in log, Ny qubits.

e Angle encoding: For smaller feature sets (n ~ 20— 100), angle encoding on
individual qubits is simpler and more noise-resilient. This is appropriate
if feature selection has identified a compact biomarker panel of moderate
size.

e Hierarchical encoding: Features from different omics modalities can be
encoded into separate quantum registers, with entangling gates between
registers to model cross-modal interactions. This preserves modality iden-
tity and allows for modality-specific pre-processing.

e Quantum random access memory (QRAM): For very large feature sets
that cannot be reduced further, QRAM provides a theoretical mechanism
for loading classical data in superposition. However, practical QRAM
remains a long-term goal.

The encoding choice also influences the design of subsequent quantum models.
For amplitude-encoded data, kernel methods or variational circuits that respect
the global structure of the state are appropriate. For angle-encoded data, local
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variational circuits with parameterized rotations are more natural. The output
of this stage is a set of quantum-ready feature representations: for each patient,
a quantum state [¢;) that encodes the selected, compressed multi-omics pro-
file. These states are then passed to the multi-omics fusion and representation
learning stage (Section 3.2.3), where they may be combined or transformed to
capture higher-order interactions. The quality of feature extraction and selec-
tion directly determines the information content available to all downstream
components; a poorly chosen feature set cannot be compensated by even the
most sophisticated quantum model.

Table 7: Quantum Methods for Feature Extraction, Selection and Encoding

Method Stage Key Advantage
Quantum PCA Extraction Exponential speedup in feature
(¢PCA) dimension; identifies principal

modes of variation

Quantum Genetic Al- Selection Superposition-based exploration
gorithm (QGA) of subset space

Bisection Grover’s  Selection Quadratic speedup for optimal
Search subset identification
Quantum-Inspired Im-  Selection Balances exploration and ex-

mune Clone Optimiza-
tion (QICO)

Quantum Feature
Maps / Kernels

Amplitude / Angle /
Hierarchical Encoding

Implicit selection

Encoding

ploitation; demonstrated perfor-
mance on biological data
Integrates selection with model
training; captures cross-omics in-
teractions

Balances qubit efficiency with
noise resilience and modality

structure

In summary, feature extraction, selection, and encoding form the bridge be-
tween raw multi-omics data and quantum-ready representations in a CDSS. By
leveraging quantum and quantum-inspired methods at each step, it is possible
to reduce dimensionality, identify clinically relevant biomarkers, and prepare
data in forms that maximally exploit the representational power of quantum
models. The choice of methods must be guided by the specific characteristics
of the data, the constraints of available hardware, and the clinical questions to
be answered.

3.2.3 Multi-omics Fusion and Representation Learning

Following feature extraction, selection, and encoding, the next critical stage in
a quantum-inspired clinical decision support system (CDSS) is the fusion of
disparate omics modalities into a unified representation that captures their syn-
ergistic interactions. Modern radiotherapy outcome models increasingly rely on
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integrating genomics, radiomics, proteomics, and transcriptomics to capture the
full complexity of tumor biology and patient-specific treatment response [14].
However, classical fusion methods often struggle to model the higher-order inter-
actions that span multiple omics layers, typically assuming linear relationships
or limited non-linearities that may not reflect biological reality. Quantum and
quantum-inspired approaches offer a fundamentally different paradigm: repre-
senting multi-omics data in exponentially large Hilbert spaces where correlations
across modalities can be naturally encoded and learned. Multi-omics integration
faces several fundamental challenges:

e Heterogeneity: Different omics modalities have distinct statistical proper-
ties—genomic data are discrete and sparse, transcriptomic data are contin-
uous but often skewed, radiomic features are derived from images and ex-
hibit spatial correlations. Fusing these disparate data types into a common
representation without losing modality-specific structure is non-trivial.

e Dimensionality: The combined feature space can exceed 10° dimensions,
far beyond what classical models can process without aggressive dimen-
sionality reduction, which may discard biologically relevant signals.

e Higher-order interactions: Biological pathways involve complex interac-
tions that may span multiple omics layers—for example, a genomic muta-
tion may alter protein expression, which in turn affects cellular metabolism
and ultimately manifests as a radiomic texture feature on imaging. Cap-
turing these multi-way interactions requires models that can represent
correlations beyond pairwise relationships.

e Missing modalities: In clinical practice, not all omics assays may be avail-
able for every patient. Fusion methods must be robust to missing data
and able to leverage whatever modalities are present.

Quantum feature spaces address these challenges by providing a high-dimensional
Hilbert space in which data from different modalities can be embedded and cor-
related through entanglement. Quantum Neural Networks (QNNs) provide a
flexible framework for learning representations that fuse multiple input modal-
ities. In a multi-omics QNN, each omics type is first encoded into a separate
quantum register using an appropriate encoding scheme (for instance, angle
encoding for selected features, amplitude encoding for compressed represen-
tations). These registers are then entangled through parameterized quantum
circuits that learn to capture cross-modal correlations. Formally, let [14(xq)),
[p(xp)), and |¢-(x,)) represent the quantum states encoding genomic, pro-
teomic, and radiomic data, respectively. A fusion circuit Upyse(6) acts on the
joint state:

|\I’fused> = Ufuse(g) (|wq> ® |1/Jp> ® |wr>) :

The resulting entangled state |Wgyseq) lives in the tensor product Hilbert space
Hy ® Hp @ Hr, whose dimension is the product of the individual dimensions.
Even with modest numbers of qubits per modality, this joint space can be ex-
ponentially large, providing ample capacity for representing complex multi-way
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interactions. The parameters @ of the fusion circuit are trained end-to-end to
minimize a loss function that reflects the clinical task (e.g., predicting treatment
response, toxicity grade). During training, the circuit learns which cross-modal
correlations are most predictive, effectively performing a form of representation
learning that is guided by clinical outcomes. A key advantage of this approach
is that it naturally handles missing modalities: if a particular omics assay is
unavailable for a patient, the corresponding register can be initialized in a max-
imally mixed state or a fixed reference state, and the fusion circuit can still
produce a meaningful representation using the available data. This robustness
is essential for clinical deployment, where complete multi-omics profiles are the
exception rather than the rule.

While QNNs treat omics data as flat feature vectors, some modalities have
inherent structure that can be exploited. Radiomic features, for example, are
derived from images and retain spatial relationships; genomic data may have
known pathway structures. Quantum Convolutional Neural Networks (QQCNNs)
can leverage such structure through locality-preserving circuits. For radiomics,
a QCNN can process 2D or 3D image patches directly, extracting features at
multiple scales through hierarchical entanglement and pooling. These radiomic
features can then be fused with genomic and proteomic data at a higher level
of abstraction. The translational invariance of convolutional layers ensures that
the model learns features that are robust to tumor position and orientation.
For genomics, one can design QCNNs that operate on 1D sequences (e.g., along
the chromosome) or on graph structures representing gene regulatory networks.
By respecting the underlying biology in the circuit architecture, these models
can learn representations that are more interpretable and data-efficient than
fully connected alternatives. The fusion of QCNN-extracted features with other
omics modalities can occur at multiple levels:

e FEarly fusion: Radiomic features extracted by a QCNN are concatenated
with genomic and proteomic features before being passed to a joint QNN.

o Mid-level fusion: Intermediate representations from modality-specific QC-
NNs are combined in a fusion layer that learns cross-modal correlations.

e Late fusion: Predictions from modality-specific models are combined through
a voting or averaging mechanism.

Early and mid-level fusion are generally more powerful as they allow cross-
modal interactions to influence the learned representations, but they require
more sophisticated circuit design and training. An alternative to discriminative
QNNs is provided by Quantum Bayesian Networks (QBNs), which model the
joint probability distribution over multi-omics features and clinical outcomes
in a quantum framework. In a QBN, each random variable (e.g., expression
level of a gene, presence of a mutation, radiomic texture feature) is associated
with a quantum state, and conditional dependencies are represented through
entangling operations. The quantum analogue of a classical Bayesian network

o7



is a quantum circuit that prepares a state |¥) such that measurements on subsets
of qubits yield marginal distributions consistent with the network structure. For
a given graph structure G encoding conditional independencies, one can design
a circuit that generates a quantum state that factorizes according to G:

‘\I/> = ® Ui\pa(i) |0>a
A

where Ujjpa(;) are unitaries that entangle variable ¢ with its parents pa(i) in
the graph. Once the QBN is trained (i.e., the parameters of the conditional
unitaries are learned from data), it can be used for inference: given evidence on
some variables (e.g., observed genomic and radiomic features), one can condition
on that evidence through post-selection or amplitude amplification and sample
the posterior distribution over unobserved variables (e.g., treatment response).
QBNs offer several advantages for multi-omics fusion:

o Uncertainty quantification: The quantum state naturally encodes a full
probability distribution, providing not just point predictions but also mea-
sures of uncertainty.

e Causal reasoning: By incorporating causal structure (e.g., known biologi-
cal pathways) into the network, QBNs can support counterfactual reason-
ing about interventions (e.g., ”What would be the effect of inhibiting this
pathway?”)

e Handling missing data: Inference in a QBN can proceed even when some
variables are unobserved, by marginalizing over the corresponding qubits.

However, training QBNs is challenging due to the need to learn both the graph
structure and the conditional unitaries, and inference may require many circuit
repetitions to achieve reliable estimates. Beyond explicit fusion architectures,
quantum embedding circuits provide a mechanism for learning compact rep-
resentations of multi-omics data that can be used with classical classifiers or
similarity-based methods. A quantum embedding is a parameterized circuit
Up(x) that maps input data x (which may already be a fused multi-omics vec-
tor) to a quantum state |¢g(x)). The inner product between two such states
defines a quantum kernel:

ke(x,x") = [{¢o(x)[de(x))|*.

This kernel can be used in classical kernel methods (e.g., support vector ma-
chines, Gaussian processes) to perform prediction in the quantum feature space.
The advantage is that the quantum circuit learns a data-dependent representa-
tion that is optimized for the task, while the final prediction is made classically,
avoiding the need for quantum measurement during inference. In the context
of multi-omics fusion, the embedding circuit can be designed to process each
modality separately before entangling them, effectively learning a representa-
tion that captures cross-modal interactions. The resulting kernel can then be
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used for tasks such as patient stratification, outcome prediction, or treatment
response modeling. Quantum embedding circuits have been proposed for mod-
eling patient-specific radiosensitivity, where the goal is to predict an individual’s
likelihood of benefiting from radiotherapy based on their multi-omics profile [14].
By learning embeddings that place similar patients (in terms of treatment re-
sponse) close together in the quantum feature space, these methods can provide
compact, interpretable representations that support clinical decision-making.
Implementing multi-omics fusion on quantum hardware faces several practical
challenges:

o Qubit requirements: Even with aggressive feature selection, encoding mul-
tiple omics modalities may require more qubits than are currently avail-
able. Hybrid approaches that use classical pre-fusion to reduce dimension-
ality before quantum encoding are often necessary.

e (lircuit depth: Fusion circuits that entangle multiple registers can become
deep, especially if they aim to capture all pairwise interactions. This
depth increases sensitivity to noise and decoherence, limiting what can be
implemented on NISQ devices.

o Training complexity: End-to-end training of fusion circuits requires gradi-
ent estimation via the parameter-shift rule, which may be sample-inefficient
for deep circuits. Layer-wise training or pre-training of modality-specific
components may be needed.

o Interpretability: While quantum representations are expressive, they are
also opaque. Developing methods to extract clinically meaningful insights
from learned quantum states is an ongoing challenge.

e Validation: Demonstrating that quantum-fused representations outper-
form classical alternatives requires careful benchmarking on clinically re-
alistic datasets, with attention to both predictive accuracy and computa-
tional cost.

Despite these challenges, the potential of quantum methods to capture higher-
order interactions across omics layers—interactions that may be invisible to clas-
sical models—makes this a vibrant area of research with significant implications
for precision radiotherapy.

In summary, multi-omics fusion and representation learning represent the
computational core of a quantum-inspired CDSS. By leveraging quantum prin-
ciples to encode and correlate heterogeneous biological data, these methods aim
to capture the full complexity of tumor biology and patient-specific treatment
response. While still in early stages of development, they point toward a future
where the integration of genomics, proteomics, radiomics, and other modali-
ties is not a pre-processing afterthought but a fundamental part of the learning
process, enabled by the unique representational power of quantum systems.
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Table 8: Quantum Methods for Multi-omics Fusion and Representation Learn-
ing

Method Approach Key Advantage

Quantum Neural Net- Entangled registers for End-to-end learning of cross-

works (QNNs) each modality modal correlations;
missing modalities

Quantum Convolu-  Locality-preserving  cir- Exploits spatial/structure in ra-

tional Neural Networks cuits for structured data diomics and genomics
(QCNNs)

Quantum Bayesian Quantum circuits encod- Full uncertainty quantification;
Networks (QBNs) ing probabilistic graphical causal reasoning
models
Quantum Embedding Learned representations Data-dependent similarity mea-
Circuits / Kernels for classical kernel meth- sures; compact representations
ods
Hybrid pipelines Classical pre-fusion + Reduces qubit requirements;
quantum fusion pragmatic for NISQ era

3.2.4 Predictive Modeling, Uncertainty Quantification, and Risk-
Aware Decision Optimization

The ultimate objective of a quantum-inspired clinical decision support system
(CDSS) for multi-omics precision radiotherapy is not merely to predict out-
comes, but to guide clinical decisions under uncertainty. This requires an
integrated framework that encompasses three interconnected capabilities: (i)
predictive modeling that leverages quantum feature spaces to capture com-
plex, higher-order interactions across omics layers; (i) uncertainty quantifica-
tion that distinguishes between aleatoric uncertainty (inherent randomness in
outcomes) and epistemic uncertainty (lack of knowledge due to limited data);
and (iii) risk-aware decision optimization that formulates treatment policies ac-
counting for both predicted outcomes and their associated uncertainties. This
subsection synthesizes these capabilities into a unified view of how quantum
and quantum-inspired methods can support clinical decision-making. At the
core of the CDSS lie predictive models that map a patient’s multi-omics pro-
file to clinically relevant outcomes—tumor control probability (TCP), normal
tissue complication probability (NTCP), treatment response, toxicity grades,
or survival endpoints. Quantum and quantum-inspired approaches offer several
paradigms for this task, each with distinct advantages. Quantum Support Vec-
tor Machines (QSVMs) provide a kernel-based approach to classification and
regression. By embedding multi-omics data into quantum feature spaces via
parameterized circuits, QSVMs can capture non-linear decision boundaries that
reflect complex interactions among genomic, proteomic, and radiomic features
[53]. The quantum kernel k(x,x’) = [{¢(x)|¢(x"))|? is estimated on quantum
hardware and then fed to a classical SVM, combining quantum expressivity with
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classical training efficiency. For multi-omics data, the feature map ¢ can be de-
signed to emphasize cross-modal correlations, effectively learning a similarity
measure that reflects biological pathway interactions.

Quantum Neural Networks (QNNs) offer an end-to-end variational approach
in which a parameterized quantum circuit directly outputs predictions. For
multi-omics inputs, QNNs can be structured with separate registers for each
modality, entangled through learnable layers that capture higher-order interac-
tions. The output is obtained through measurement of observables correspond-
ing to clinical endpoints. QNNs are particularly suited to regression tasks (e.g.,
predicting continuous toxicity scores) and to settings where the relationship
between inputs and outputs is highly non-linear [53]. Deep Quantum Ordi-
nal Regressors (DQORs) address the common clinical scenario where outcomes
are ordered categorical variables—toxicity grades (0-5), tumor stages (I-IV),
or response categories (complete response, partial response, stable disease, pro-
gression). DQOR combines classical convolutional neural networks (for feature
extraction from imaging data) with quantum measurement layers that naturally
model the ordinal structure [53]. The quantum component outputs a probability
distribution over the ordered classes, with the measurement operator designed
to respect the ordering (e.g., through a cumulative link model). This yields pre-
dictions that are not only accurate but also well-calibrated, a critical property
for clinical decision-making. Quantum state-coupled gene regulatory network
(¢scGRN) models represent a specialized approach for predictive analysis of
complex gene regulatory networks [I5]. These models encode the activity of
genes as quantum states, with regulatory interactions represented through en-
tangling operations. By learning the parameters of the quantum circuit from
expression data, qgscGRN models can capture higher-order interactions among
genomic features that go beyond pairwise gene relationships—interactions that
are central to radiation response but difficult to model classically. The learned
quantum state encodes not only the marginal expression levels but also the
correlations that reflect regulatory logic. When applied to predicting radiation
response, qscGRN models have demonstrated the ability to reveal latent reg-
ulatory patterns that correlate with treatment outcomes, supporting improved
patient stratification [I5].

The unifying theme across these approaches is the use of quantum feature spaces
to represent multi-omics data in a form that makes predictive patterns more ac-
cessible. Whether through kernels, variational circuits, or state-based models,
quantum methods offer a principled way to capture the complex, non-linear,
higher-order interactions that characterize biological systems. A prediction
without an accompanying measure of confidence is of limited value in clinical
decision-making. Clinicians must weigh the likelihood of benefit against the risk
of harm, and this requires knowing not only the expected outcome but also the
uncertainty around that expectation. Quantum methods offer novel approaches
to uncertainty quantification that are naturally integrated with the predictive
model. Quantum Bayesian inference provides a framework for updating beliefs
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about patient outcomes as new data become available [I4]. In this approach,
prior clinical knowledge (e.g., population-level outcome distributions) is encoded
as a quantum state |prior). Patient-specific multi-omics data are then used to
condition this state through a quantum circuit that implements Bayes’ rule:

W)posterior> X Ulikelihood (X) W)prior>7

where Uljkelihood €ncodes the probability of observing the data given the out-
come. Measurements on the posterior state yield predictive distributions that
reflect both the prior and the evidence. Crucially, the quantum formalism nat-
urally distinguishes between aleatoric uncertainty (reflected in the spread of
measurement outcomes) and epistemic uncertainty (reflected in the purity of
the quantum state). A mixed state indicates high epistemic uncertainty—the
model is unsure because it has seen insufficient or conflicting data—while a pure
state indicates confidence. Quantum amplitude estimation (QAE) for Monte
Carlo methods accelerates the computation of probabilities and expectations
that are central to uncertainty quantification [52]. In classical Monte Carlo,
estimating the probability p of an event (e.g., grade > 3 toxicity) to preci-
sion € requires O(1/e?) samples. QAE achieves the same precision with O(1/¢)
queries, a quadratic speedup. For a CDSS that needs to compute many such
probabilities (e.g., for different dose levels, fractionation schemes, or supportive
care interventions), this speedup could be clinically significant, enabling more
thorough exploration of the decision space within the time constraints of a clin-
ical workflow.

Quantum Monte Carlo (QMC) methods extend this idea to the estimation
of integrals and expectations over high-dimensional spaces. In the context of
treatment outcome modeling, QMC can accelerate the computation of TCP
and NTCP by integrating over distributions of patient characteristics, dosimet-
ric parameters, and biological factors [I4]. The resulting estimates come with
built-in uncertainty quantification, as the quantum algorithm can be designed
to output both the mean and the variance of the estimated quantity. These un-
certainty quantification techniques serve a critical function in the CDSS: they
flag cases where the model’s predictions are too uncertain to support a confident
recommendation. In such cases, the system might recommend additional data
collection (e.g., a confirmatory biopsy, an additional imaging study) or revert to
a conservative default treatment strategy. This risk-aware behavior is essential
for building clinician trust and ensuring patient safety. The final stage of the
CDSS integrates predictive models and uncertainty estimates into a decision-
making framework that selects optimal treatment policies. Unlike traditional
approaches that first make a prediction and then separately apply a decision
rule, quantum-enhanced decision systems incorporate uncertainty directly into
the optimization process, formulating risk-aware policies rather than relying on
post-hoc adjustments [14].

Quantum Reinforcement Learning (QRL) treats treatment planning as a se-
quential decision problem under uncertainty. The patient’s state—encoded as
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a quantum state incorporating multi-omics data, treatment history, and cur-
rent clinical status—evolves over time in response to interventions. A quantum
policy network, implemented as a parameterized quantum circuit, maps states
to actions (e.g., dose per fraction, choice of modality, adaptation timing). The
policy is optimized to maximize a cumulative reward that reflects both tumor
control and normal tissue sparing, with penalties for high-uncertainty decisions.
The quantum advantage in QRL arises from:

e Superposition of actions: The policy network can output a superposition
over possible actions, enabling efficient exploration of the action space
without sacrificing performance.

o Compressed state representation: Quantum states can represent high-
dimensional patient information in a compact form, mitigating the curse
of dimensionality that plagues classical RL in complex clinical domains.

o Amplitude amplification for policy improvement: Actions that lead to
higher expected rewards can be preferentially amplified through Grover-
like operations, accelerating convergence to optimal policies.

Quantum Deep Reinforcement Learning (QDRL) extends this framework by us-
ing classical neural networks to process raw observations (e.g., medical images)
before passing compressed features to a quantum policy network [53]. This hy-
brid architecture leverages the representational power of deep learning for fea-
ture extraction while retaining the quantum advantage in policy representation
and exploration. Quantum annealing for combinatorial decision optimization
addresses settings where the decision space is discrete and the objective can
be formulated as a quadratic unconstrained binary optimization (QUBO) prob-
lem. For example, selecting an optimal combination of dose levels, fractionation
schedule, and concurrent therapies from a discrete set of options can be mapped
to a QUBO and solved on a quantum annealer [I4]. The annealer’s ability to
tunnel through energy barriers allows it to escape local optima and find globally
better combinations than classical heuristics.

Quantum Approzimate Optimization Algorithm (QAOA) provides an alterna-
tive circuit-based approach to combinatorial decision problems. In the CDSS
context, QAOA can be used to optimize treatment policies by encoding the de-
cision objective and constraints into a problem Hamiltonian and then using a
parameterized quantum circuit to prepare a state that encodes high-quality so-
lutions [53]. The variational parameters are optimized classically, and the final
state is sampled to obtain candidate decisions. The key innovation across these
decision optimization methods is the integration of uncertainty quantification
directly into the optimization objective. Rather than optimizing the expected
outcome, the system can optimize a risk-sensitive criterion such as:

maximize E[U(outcome)] — A - Var[U (outcome)],

where U is a utility function that encodes clinical preferences (e.g., the rela-
tive value of tumor control versus toxicity), and A controls risk aversion. The
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expectation and variance are estimated using quantum Monte Carlo or QAE,
providing a principled way to balance efficacy and safety. For these methods
to be clinically useful, they must be embedded in a workflow that respects the
realities of clinical practice. The CDSS would typically operate in two modes:

e Offline planning: Before treatment begins, the system uses the patient’s
baseline multi-omics profile to generate a set of candidate treatment plans,
each with associated outcome predictions and uncertainty estimates. The
clinician reviews these options, possibly adjusting preferences or constraints,
and selects a plan for delivery.

e Online adaptation: During treatment, as new data become available (daily
imaging, fresh biomarker assays, emerging toxicities), the system updates
its predictions and uncertainty estimates. If the uncertainty around the
current plan becomes too high, or if an alternative plan is predicted to
be significantly better, the system can flag the need for adaptation and
suggest revised options.

Throughout both modes, the system must communicate not only its recommen-
dations but also the confidence (or lack thereof) behind them. Visualizations
of predictive distributions, uncertainty intervals, and trade-off curves can help
clinicians make informed decisions that incorporate both the model’s outputs
and their own clinical judgment. The integration of predictive modeling, un-
certainty quantification, and decision optimization into a unified CDSS faces
several challenges:

o Computational complexity: Running quantum algorithms for prediction,
uncertainty estimation, and optimization may exceed the capabilities of
current NISQ hardware. Hybrid approaches that offload the most intensive
tasks to classical computers while using quantum coprocessors for specific
subroutines are the most promising near-term pathway.

e Validation: Demonstrating that risk-aware quantum policies improve pa-
tient outcomes compared to standard care requires prospective clinical
trials, which are challenging to design and execute for rapidly evolving
technologies.

o Interpretability: Clinicians must understand the basis for recommenda-
tions. Developing methods to explain quantum policy decisions—e.g., by
highlighting which features drive the uncertainty or which trade-offs are
being balanced—is essential for adoption.

e Calibration: Uncertainty estimates must be well-calibrated; an 80% con-
fidence interval should contain the true outcome roughly 80% of the time.
Achieving good calibration with quantum methods requires careful at-
tention to both algorithmic design and the statistical properties of finite
measurement, samples.
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e FEthical considerations: Risk-aware decision-making inherently involves
trade-offs between different possible outcomes. The CDSS must be trans-
parent about these trade-offs and allow clinicians to override recommen-
dations based on patient preferences that may be difficult to encode in a
utility function.

Despite these challenges, the vision of a CDSS that integrates predictive
modeling, uncertainty quantification, and risk-aware decision optimization rep-
resents the ultimate goal of quantum-inspired precision radiotherapy. By lever-
aging quantum methods to capture complex biological interactions, quantify
uncertainty, and optimize decisions under that uncertainty, such a system could
significantly enhance the ability of clinicians to deliver personalized, effective,
and safe radiation treatment.

Table 9: Quantum Methods for Predictive Modeling, Uncertainty Quantifica-
tion, and Decision Optimization

Component Quantum Methods Key Contribution
Predictive Modeling QSVM, QNN, DQOR, Capture higher-order multi-
qscGRN omics interactions; ordinal
outcomes
Uncertainty Quantifi- Quantum Bayesian infer- Distinguish aleatoric/epistemic
cation ence, QAE, QMC uncertainty; quadratic speedup
for Monte Carlo
Decision Optimization QRL, QDRL, Quantum Risk-aware policies;
Annealing, QAOA superposition-based explo-
ration; tunneling through local
optima
Integration Hybrid offline/online  Continuous updating; uncer-
workflow tainty visualization; clinician-in-
the-loop

In summary, the combination of quantum-inspired predictive modeling, rig-
orous uncertainty quantification, and risk-aware decision optimization forms the
intellectual core of a next-generation CDSS for precision radiotherapy. While
many of the methods described remain in early stages of development, they point
toward a future where the full complexity of multi-omics data can be harnessed
to support personalized, evidence-based, and transparent clinical decisions.

3.2.5 Clinical Interpretability, Recommendation Generation, Vali-
dation, and Deployment

The ultimate test of any clinical decision support system (CDSS) is not its
predictive accuracy on retrospective data, but its ability to influence clinical
decisions in real time, under the constraints of actual practice, in a manner that
earns and maintains clinician trust. This requires an integrated framework that
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encompasses four interconnected capabilities: (i) interpretability—making the
reasoning behind recommendations transparent and clinically meaningful; (ii)
recommendation generation—translating model outputs into actionable treat-
ment guidance; (iii) validation—ensuring that recommendations are reliable,
reproducible, and safe; and (iv) deployment—integrating the CDSS into clinical
workflows in both online and offline modes. This subsection synthesizes quan-
tum and quantum-inspired approaches to these challenges. Quantum models, for
all their representational power, are notoriously opaque. The high-dimensional
Hilbert spaces in which they operate, the complex entanglement structures they
learn, and the probabilistic nature of their outputs create a ”black box” that can
be even more impenetrable than classical deep networks. In clinical contexts,
where decisions have life-altering consequences, this opacity is unacceptable.
Clinicians must understand not only what a model recommends, but why it
recommends it, and under what circumstances the recommendation might be
unreliable.

Quantum clinical decision support systems address this imperative by provid-
ing risk-aware, explainable recommendations rather than deterministic outputs
[14]. By integrating quantum-enhanced predictive modeling with interpretabil-
ity frameworks, these systems support transparent, patient-specific guidance for
adaptive radiotherapy decision-making. The explanations they generate are not
post-hoc rationalizations but are grounded in the quantum mechanical prin-
ciples underlying the model’s operation. Classical SHAP (SHapley Additive
exPlanations) values provide a unified framework for feature attribution based
on cooperative game theory. For a given prediction f(x), the Shapley value ¢;
quantifies the contribution of feature ¢ by averaging its marginal contribution
across all possible feature subsets. Extending this concept to quantum models
requires redefining the ”contribution” of a feature in terms of quantum me-
chanical quantities. Quantum-inspired SHAP achieves this by measuring the
fidelity contribution of each encoded feature to the final prediction [53]. Given
a quantum state [¢)(x)) encoding the full feature vector, and a state [1(x\;))
encoding all features except feature ¢ (with feature ¢ replaced by a baseline or
marginalized), the fidelity F; = [(¢)(x)]¢(x\;))|* quantifies how much the quan-
tum state changes when feature i is removed. The Shapley value for feature i
is then computed by averaging such fidelity differences over all possible subsets
of features, weighted appropriately. This approach has several advantages:

e It respects the quantum nature of the representation, measuring feature
importance through state overlap rather than through perturbations of
classical inputs.

e It naturally accounts for interactions between features, as fidelity captures
the joint effect of multiple features on the quantum state.

e It can be estimated efficiently using swap tests or fidelity estimation pro-
tocols, avoiding the need for exponential classical computation.
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The resulting attribution values provide clinicians with a clear picture of which
features—which genes, proteins, radiomic textures—are driving the model’s pre-
dictions, enabling them to assess whether the model’s reasoning aligns with clin-
ical knowledge and biological plausibility. Beyond feature attribution, clinicians
often need to answer counterfactual questions: ”If this patient had a different
genetic profile, would they respond better to this treatment?” or ”What would
be the expected outcome if we had used a different fractionation schedule?”
Classical models struggle with counterfactual reasoning because they learn cor-
relations, not causal structures. Quantum causal models represent treatment-
outcome relationships as quantum circuits, enabling principled counterfactual
reasoning [14]. In this framework, causal relationships are encoded through con-
trolled operations: a variable X that causally influences Y is represented by a
unitary Uy|x that maps |[z) ® |0)y to |z) ® [1y|,). The joint quantum state
over all variables then factorizes according to the causal graph, with interven-
tions represented by replacing the unitary corresponding to the intervened-upon
variable with a fixed state preparation. Counterfactual queries are answered by:

1. Preparing the quantum state corresponding to the observed factual sce-
nario.

2. Applying the intervention that changes the causal structure (e.g., forcing
a variable to a different value).

3. Measuring the distribution over the outcome variable of interest.

For example, to answer ”What would be the probability of grade > 3 toxic-
ity if this patient had received a lower dose per fraction?”, the quantum causal
model would intervene on the dose variable, setting it to the counterfactual
value while keeping all other variables at their observed values, and then sample
the resulting toxicity distribution. This capability is transformative for clinical
decision support, as it allows clinicians to explore ”"what-if” scenarios and un-
derstand the causal drivers of outcomes, not just their statistical associations.
The quantum formulation ensures that these counterfactual queries respect the
constraints of probability theory and causal structure, providing mathematically
sound answers that can inform treatment decisions. While Shapley values and
causal models provide quantitative insights, clinicians often benefit from visual
representations that summarize complex reasoning pathways. Probabilistic de-
cision graphs (PDGs) extend classical decision trees and influence diagrams to
the quantum setting, providing graphical explanations of how evidence prop-
agates through the model to reach a recommendation [53]. In a PDG, nodes
represent clinical variables or latent factors, and edges represent probabilistic
dependencies, quantified by quantum states and operations. The graph is an-
notated with the quantum circuits that implement these dependencies, allowing
clinicians to trace the flow of information from inputs (multi-omics data) to out-
puts (treatment recommendations). Critical decision points—where the model’s
uncertainty is high, or where different evidence paths lead to conflicting conclu-
sions—are highlighted, prompting clinician review.
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The graph can be interactively explored: clicking on a node reveals the marginal
distribution of that variable (as a quantum state or as a classical probability
histogram); clicking on an edge shows the conditional relationship; and ”what-
if” sliders allow clinicians to adjust variables and see how the recommendation
changes in real time. This interactivity transforms the CDSS from a static
predictor into a collaborative tool for exploring clinical scenarios. No mat-
ter how sophisticated the model, clinical decisions ultimately require human
judgment. Human-in-the-loop (HITL) quantum frameworks integrate clinical
expertise with quantum probabilistic inference, allowing iterative refinement of
predictions and recommendations [14]. In these frameworks, the clinician is not
merely a recipient of recommendations but an active participant in the reasoning
process. A typical HITL interaction proceeds as follows:

1. The CDSS ingests the patient’s multi-omics data and generates an initial
set of predictions and recommendations, along with uncertainty estimates
and explanations (via SHAP, causal models, and decision graphs).

2. The clinician reviews this output, focusing on regions of high uncertainty
or on recommendations that conflict with their clinical intuition.

3. The clinician can provide feedback in several forms: (i) adjusting the im-
portance weights of different outcomes (e.g., prioritizing toxicity avoidance
over tumor control), (ii) overriding specific features that they believe are
unreliable (e.g., due to poor image quality), or (iii) suggesting counterfac-
tual scenarios to explore.

4. The quantum model incorporates this feedback through Bayesian updat-
ing: the clinician’s input is treated as additional evidence that conditions
the quantum state, refining the posterior distribution over outcomes and
recommendations.

5. The updated recommendations are presented to the clinician, along with
an explanation of how the feedback changed the model’s reasoning.

This iterative process enhances both interpretability and reliability. The
clinician gains insight into the model’s reasoning, and the model benefits from
the clinician’s expertise, especially in cases where the data are sparse or ambigu-
ous. By combining clinician feedback with uncertainty-aware quantum models,
these frameworks support truly patient-specific decision support in precision ra-
diotherapy [14]. Before any CDSS can be deployed clinically, it must undergo
rigorous validation to ensure that its recommendations are safe, reliable, and
generalizable. For quantum systems, validation must address both the standard
challenges of medical Al and issues specific to quantum computing.

Technical validation: The quantum hardware and software components must be

tested for reliability. This includes characterizing gate errors, decoherence times,
and measurement fidelity; verifying that the circuit implementations match the
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intended designs; and establishing that the stochastic outputs are statistically
stable across repeated runs.

Predictive validation: The model’s predictions must be evaluated on indepen-
dent test sets, with particular attention to calibration (do predicted probabil-
ities match observed frequencies?), discrimination (can the model distinguish
between outcome classes?), and clinical utility (does using the model improve
decisions compared to standard care?).

Causal validation: For causal models, the inferred causal structures must be
tested against known biology and, where possible, against interventional data
(e.g., from clinical trials). Sensitivity analysis can assess how robust the con-
clusions are to violations of the assumed causal graph.

Human factors validation: The interpretability and usability of the CDSS must
be evaluated with clinicians. Does the explanation format support understand-
ing? Do clinicians trust the recommendations? Does the HITL interaction
improve decision quality without imposing excessive time burden?

Prospective validation: Ultimately, the CDSS must be tested in prospective
studies, ideally randomized controlled trials, to demonstrate that its use leads
to better patient outcomes. Given the rapid evolution of quantum hardware,
such trials may need to be designed with built-in flexibility to accommodate
technological upgrades.

The deployment of a quantum-inspired CDSS in clinical practice occurs in two
complementary modes: online and offline, each with distinct requirements and
opportunities [15].

Online deployment: During a treatment session, time is critical. The CDSS
must integrate imaging, multi-omics, and clinical data streams in real time
to support immediate decisions. For example, if daily cone-beam CT reveals
anatomical changes that could affect dose distribution, the system might rec-
ommend online replanning to maintain target coverage while sparing organs at
risk. Quantum-enhanced inference, accelerated by QAE for Monte Carlo dose
calculation or by variational circuits for rapid outcome prediction, can provide
guidance within the time constraints of a treatment fraction (typically 15-30
minutes). Online deployment requires:

e Ultra-fast data encoding and circuit execution, likely using pre-compiled
circuits and optimized measurement protocols.

e Robustness to noise, as there is no time for extensive error mitigation.

e (lear, concise explanations that can be quickly assimilated by the clini-
cian.
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e Fail-safe mechanisms: if the quantum hardware is unavailable or the re-
sults are too uncertain, the system must gracefully degrade to classical
backup models or default protocols.

Offtine deployment: Between treatment fractions, there is more time for com-
prehensive analysis. Longer simulations—such as quantum digital twins that
model tumor evolution over the entire treatment course—can update the pa-
tient model for subsequent sessions. These simulations might explore multiple
alternative scenarios (e.g., different fractionation schedules, different adaptation
strategies) and generate a set of candidate plans for clinician review before the
next fraction. Offline deployment enables:

e Deeper exploration of the decision space using quantum annealing or
QAOA to optimize multi-fraction plans.

e More thorough uncertainty quantification, using quantum Monte Carlo to
compute predictive distributions over long-term outcomes.

e Iterative refinement through HITL interactions, with the clinician review-
ing and adjusting plans well before the next treatment session.

e Validation checks, comparing model predictions with observed outcomes
from previous fractions to detect model drift or unexpected patient re-
sponses.

For either deployment mode, the CDSS must integrate seamlessly with existing
clinical infrastructure: electronic health records, treatment planning systems,
picture archiving and communication systems (PACS), and laboratory informa-
tion systems. This requires:

e Standardized APIs for data ingestion and result output.
e Secure, HIPA A-compliant handling of patient data.

e Audit trails that record all inputs, outputs, and clinician interactions for
medicolegal purposes.

e User interfaces designed in collaboration with clinicians, optimized for
clinical workflows rather than for research flexibility.

The vision of an interpretable, validated, and deployable quantum CDSS faces
several challenges:

o Hardware maturity: Current NISQ devices lack the qubit counts, coher-
ence times, and gate fidelities needed for many of the proposed methods.
Progress in error correction and fault tolerance will be essential.

o Algorithmic scalability: Many quantum algorithms that work well on
small, synthetic problems fail to scale to clinically realistic data sizes. Hy-
brid approaches that combine quantum and classical processing are the
most promising near-term pathway.
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e Interpretability metrics: Standardized metrics for evaluating the quality of
quantum explanations are lacking. Developing such metrics and validating
them with clinicians is an urgent research need.

e Regulatory approval: Quantum-based medical devices face a novel regu-
latory landscape. Early engagement with agencies like the FDA will be
necessary to establish validation standards.

o Workflow integration: Even a perfect model will fail if it disrupts clin-
ical workflows. Co-design with clinicians and iterative prototyping are
essential.

Despite these challenges, the integration of interpretability, human-in-the-
loop refinement, and dual-mode deployment positions quantum-inspired CDSS
as a transformative technology for precision radiotherapy. By making quantum
models transparent, engaging clinicians as active participants, and embedding
the system in real-world workflows, we can begin to realize the promise of quan-
tum computing for improving cancer care.

Table 10: Components of Quantum CDSS Interpretability, Validation, and De-
ployment

Component

Quantum Methods

Clinical Function

Feature Attribution
Causal Reasoning
Visual Explanation
Human-in-the-Loop
Validation

Online Deployment

Offline Deployment

Quantum-inspired SHAP
(fidelity-based)
Quantum causal models
(circuit-based)
Probabilistic
graphs
Bayesian updating with
clinician feedback
Technical, predictive,
causal, human factors
Real-time inference, QAE
acceleration

Quantum digital twins,
annealing, QAOA

decision

Identifies which biomarkers drive
predictions

Enables counterfactual ” what-if”
exploration

Provides interactive,
reasoning pathways
Iterative refinement of recom-
mendations

Ensures safety, reliability, and
usability

Intra-fraction adaptation and
guidance

Inter-fraction planning and sce-
nario exploration

traceable

In summary, the final stage of a quantum-inspired CDSS for multi-omics

precision radiotherapy is not merely about generating predictions, but about
translating those predictions into trustworthy, actionable guidance that im-
proves clinical decisions. By integrating interpretability tools that reveal the
quantum reasoning process, human-in-the-loop frameworks that combine ma-
chine and clinician intelligence, and dual-mode deployment strategies that re-
spect the realities of clinical practice, these systems can begin to fulfill the
promise of personalized, data-driven radiation oncology.
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3.2.6 Quantum Reinforcement Learning for Adaptive Radiotherapy

Adaptive radiotherapy (ART) is inherently a sequential decision-making prob-
lem under uncertainty. As a patient progresses through a course of fractionated
treatment, their anatomy, tumor characteristics, and normal tissue responses
evolve in response to delivered dose and biological processes. Treatment de-
cisions—whether to adjust the dose per fraction, modify beam angles, or re-
plan entirely—must be made incrementally, balancing immediate tumor control
against cumulative normal tissue toxicity, while accounting for incomplete and
noisy observations. Reinforcement learning (RL) provides a natural framework
for optimizing such sequential decisions, and quantum reinforcement learning
(QRL) extends this framework by representing states, actions, and policies as
quantum objects, offering potential advantages in capturing uncertainty, explor-
ing large action spaces, and compressing high-dimensional patient data.

Adaptive radiotherapy can be formalized as a Markov decision process (MDP)
defined by the tuple (S, A, P,R,~), where:

e S is the state space, encompassing all relevant patient information at a
given fraction: anatomical configuration (from daily imaging), cumula-
tive dose distribution, biological markers, treatment history, and derived
quantities such as tumor control probability (TCP) and normal tissue
complication probability (NTCP).

e A is the action space, consisting of clinically permissible decisions: choice
of dose per fraction, beam configuration, MLC aperture shapes, or a binary
decision to replan.

e P(st41]8¢t,a¢) is the transition probability, capturing the stochastic evolu-
tion of the patient state in response to treatment.

e R(st,as, 8¢41) is the reward function, quantifying the immediate clini-
cal benefit—typically a weighted combination of TCP improvement and
NTCP penalty.

e v € (0,1] is a discount factor that prioritizes near-term outcomes over
distant ones, reflecting the time-sensitive nature of cancer treatment.

The goal is to learn a policy 7(als) that maximizes the expected cumu-
lative discounted reward over the treatment course. Classical RL approaches
to this problem face two fundamental challenges: (i) the state space is high-
dimensional and includes significant uncertainty; (ii) the action space is large
and combinatorial. Quantum reinforcement learning addresses these challenges
by representing states and policies as quantum states and circuits, leveraging
superposition, entanglement, and amplitude amplification. In QRL, the patient
state at fraction t is represented as a quantum state p;, a density matrix that
encodes both the most likely values of clinical variables and the uncertainties
associated with them [I3]. This representation naturally captures:
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o Aleatoric uncertainty: inherent randomness in biological response and
imaging noise, reflected in the mixedness of p;.

o Epistemic uncertainty: lack of knowledge due to limited observations,
which can be reduced as more data are assimilated.

e Temporal correlations: the evolution from p; to pyy1 under action a; can be
modeled as a quantum channel &,,, a completely positive trace-preserving
map that updates the density matrix based on the delivered dose and
expected biological effect.

The initial state py is constructed from pre-treatment data: imaging, multi-
omics profiles, and population-level prior distributions. Techniques such as
quantum principal component analysis (QPCA) may be used to compress high-
dimensional data into a low-rank density matrix, while quantum feature maps
(angle or amplitude encoding) embed specific patient features into the quan-
tum state [58]. Quantum state tomography can be employed periodically to
validate that the learned state faithfully represents the actual patient, although
full tomography is impractical for large systems; instead, partial tomography or
fidelity estimation with clinical observations is used. The action space A is dis-
cretized into a set of clinically feasible dose-per-fraction decisions, bounded by
established safety constraints (e.g., maximum dose to organs at risk, minimum
dose to target). These constraints are encoded into the quantum RL framework
through several mechanisms:

e Quadratic unconstrained binary optimization (QUBO): For discrete action
selection, the feasibility of an action can be encoded as a penalty term in a
QUBO problem, which can be solved on a quantum annealer or via QAOA
to identify actions that satisfy all constraints [13].

e Penalty-augmented variational circuits: In variational quantum policies,
the cost function used for training includes penalty terms for actions that
violate constraints, effectively shaping the policy to avoid infeasible ac-
tions.

e Quantum Lagrangian methods: Inspired by classical constrained optimiza-
tion, these methods introduce Lagrange multipliers as additional qubits
or parameters, enforcing constraints through a primal-dual optimization
performed on quantum hardware.

The resulting safe action space ensures that the RL agent only considers ac-
tions that are clinically valid, reducing the risk of recommending harmful dose
levels. To train QRL agents without endangering patients, a simulated environ-
ment—ARTE—is constructed that emulates the patient’s response to treatment
[13]. ARTE comprises three core components:

1. Transition function: A model that predicts the evolution of the patient
state given the current state and action. This may be implemented using
quantum stochastic process models or open quantum systems frameworks,
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where the effect of radiation on tumor and normal tissues is represented
as a quantum operation. Parameters of the transition function can be
learned from historical data using techniques such as quantum Bayesian
inference.

2. Outcome estimator: Models that compute TCP and NTCP from the state
after each fraction. These estimators can be classical machine learning
models trained on large datasets, or quantum models (e.g., QNNs) that
capture non-linear dose-response relationships. Importantly, the outcome
estimators provide not only point estimates but also uncertainty bounds,
which are essential for risk-aware decision-making.

3. Reward function: A scalar reward that quantifies the clinical quality of
the transition. A typical formulation is:

R; = a- ATCP; — g - ANTCP; — A - Penalty(constraints),

where ATCP; and ANTCP, are changes in predicted control and compli-
cation probabilities from fraction ¢ — 1 to ¢, and the penalty term enforces
adherence to hard constraints. The weights «, 3, A\ are chosen to reflect
clinical priorities.

To address data scarcity and improve the fidelity of outcome prediction, ARTE
may incorporate a Wasserstein Generative Adversarial Network with gradient
penalty (WGAN-GP) that learns to generate realistic patient trajectories, aug-
menting the training data and ensuring that the environment captures the full
range of possible responses [I3]. Two primary QRL approaches have been ex-
plored for adaptive radiotherapy: Quantum Reinforcement Learning (QRL) and
Quantum Deep Reinforcement Learning (QDRL) [53] I4]. In QRL, both the
policy and value functions are represented as parameterized quantum circuits.
For a given state p;, the policy circuit U, (@) produces a quantum state whose
measurement yields a probability distribution over actions:

m(alp) = Tr [MaUW(O)th;(O)] )

where {M,} are positive operator-valued measures (POVMs) corresponding to
each action. The parameters @ are trained to maximize expected cumulative re-
ward using gradient-based methods (e.g., parameter-shift rule) or evolutionary
strategies. In QDRL, a classical deep Q-network (DQN) first processes raw ob-
servations (e.g., medical images) to produce a compact feature vector, which is
then encoded into a quantum state and fed into a quantum policy network [13].
This hybrid architecture leverages the representational power of deep learning
for feature extraction while exploiting quantum circuits for policy representation
and exploration. The quantum component can encode multiple candidate ac-
tions in superposition, enabling efficient exploration of the action space. Model
training and evaluation are conducted across a hierarchy of computational set-
tings: (i) classical DRL baselines, (ii) QDRL on Qiskit-based quantum simu-
lators, and (iii) hardware-executed QDRL on IBM quantum processors. This
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allows systematic assessment of performance gains, noise sensitivity, and scala-
bility [13].

At decision time, the current patient state p; is fed into the trained policy
network. In the hybrid QDRL architecture, a classical DQN first computes Q-
values for each candidate action based on the current state. These Q-values
are then embedded into a quantum controller circuit, where they are used to
initialize a superposition over actions:

W)actions> = Z \/jTa|a>7

with p, proportional to the exponentiated Q-values (softmax). Quantum am-
plitude amplification is then applied to preferentially enhance the probability
amplitude of the action with the highest Q-value (or the action that maximizes
a risk-adjusted criterion). After a fixed number of amplification steps, the quan-
tum state is measured, collapsing to a single action a; which is then executed in
ARTE (or ultimately, in the clinic) [I3]. This quantum action selection mech-
anism offers two advantages: (i) it naturally implements a form of stochastic
policy where actions are sampled according to their estimated value, and (ii)
amplitude amplification can boost the probability of selecting near-optimal ac-
tions without requiring explicit maximization over a large discrete set. After
action a; is taken, ARTE simulates the transition to a new state p;y; using
the learned transition model. The outcome estimator computes updated TCP
and NTCP values, and the reward R; is calculated. This reward, along with
the new state, is used to update the RL agent. Quantum Deep Reinforcement
Learning has demonstrated robust performance in both high-fidelity radiother-
apy simulators and early quantum hardware platforms (e.g., IBMQ), providing
empirical support for adaptive treatment policies [53]. Comparative analysis be-
tween simulator-based and hardware-implemented QDRL reveals the influence
of decoherence, gate errors, and circuit constraints on policy learning. These
factors impact reward evaluation and convergence dynamics, underscoring the
importance of hardware-aware optimization for reliable dose adaptation [53].

Unlike classical RL, where policy updates are typically deterministic (e.g., gra-
dient ascent), QRL performs updates within a quantum probabilistic frame-
work. The learning agent maintains a quantum state that encodes its current
knowledge of the value function and policy. After each interaction, this state is
updated using quantum Bayesian inference, which combines the prior quantum
state with the likelihood of the observed reward and transition [I3]. This can
be implemented via density matrix evolution:

p _ gobs o gtransition(pold)
e T\r[gobs o Stransition (pold)] ’

where Etransition 1S the quantum channel corresponding to the state transition,
and Eyps 18 a channel that conditions on the observed reward. Alternatively,
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quantum neural gradient descent can be employed, where gradients of the ex-
pected reward with respect to policy parameters are estimated using quantum
circuits and then used to update the parameters classically. The key distinction
from classical methods is that the gradient estimates themselves may be ob-
tained through quantum amplitude estimation, providing quadratic speedups in
sample complexity. This iterative learning procedure proceeds across treatment
fractions until convergence criteria are met, either by reaching terminal clinical
states (e.g., treatment completion or failure) or by satisfying predefined episode
length constraints imposed by the clinical protocol [13]. The ultimate output
of QRL is a policy that can be deployed to guide dose fractionation decisions in
real time. These policies are optimized to jointly maximize TCP and minimize
NTCP, a multi-objective optimization problem. Hybrid quantum—deep rein-
forcement learning frameworks address this by incorporating both objectives
into the reward function and using quantum-enhanced state representations to
capture the trade-offs [I4]. Validation of the learned policies involves several
steps:

o Comparison with clinician prescriptions: For a held-out set of patient
trajectories, the actions recommended by the QRL policy are compared
with those taken by human clinicians. Metrics include mean absolute error
in dose per fraction, frequency of agreement, and cumulative reward.

o Longitudinal self-assessment: The policy’s performance is evaluated over
complete simulated treatment courses, tracking cumulative TCP, NTCP,
and reward. Improvements over baseline policies (e.g., fixed fractionation,
classical RL) are quantified.

e Hardware-in-the-loop testing: Policies trained on simulators are executed
on quantum hardware (e.g., IBMQ) to assess the impact of noise and
decoherence. Performance degradation relative to simulators is measured,
and error mitigation techniques are evaluated.

Results from early studies suggest that QDRL can modestly enhance deci-
sion quality compared to conventional clinical planning and classical reinforce-
ment learning approaches, indicating its potential to better capture uncertainty
and complex treatment—response relationships [I3]. These improvements, while
modest, are encouraging given the current NISQ hardware limitations and point
toward greater gains as quantum technology matures. The QRL module for
adaptive dose selection is designed to operate within the larger quantum-inspired
clinical decision support system described in Section 3.2. It receives as input the
patient’s current quantum state p;, which has been constructed by the multi-
omics fusion and representation learning components (Sections 3.2.2-3.2.3). It
outputs a recommended action (dose per fraction, replanning decision) that is
then presented to the clinician through the interpretability and recommenda-
tion generation interface (Section 3.2.7). The clinician may accept, modify, or
override this recommendation, and the resulting decision (whether quantum-
recommended or clinician-modified) is fed back to update the patient state
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and the QRL agent’s knowledge, closing the human-in-the-loop. This tight
integration ensures that the quantum RL component benefits from the rich,
uncertainty-aware state representations provided by upstream quantum models,
while its outputs are contextualized and validated by clinical expertise before

execution.

Table 11: Quantum Reinforcement Learning Components for Adaptive Radio-

therapy

Component

Quantum Method

Clinical Function

State Representation

Action Space

Environment (ARTE)

Policy

Action Selection
Reward Computation

Policy Update

Validation

Density matrices, qPCA,
quantum feature maps
QUBO, penalty-
augmented circuits,
Lagrangian methods
Quantum channels, QNN

outcome estimators,
WGAN-GP

Variational quan-
tum  circuits, hybrid
DQN+quantum

Amplitude amplification

Quantum expectation es-
timation

Quantum Bayesian infer-
ence, density matrix evo-
lution
Simulator vs.
comparison

hardware

Encodes patient state with un-

certainty
Enforces clinical constraints

Simulates patient response

Maps states to action probabili-

ties

Enhances probability of optimal

actions
Quantifies clinical benefit

Uncertainty-aware learning

Assesses real-world performance

In summary, quantum reinforcement learning provides a principled and pow-
erful framework for adaptive radiotherapy, addressing the challenges of sequen-
tial decision-making under uncertainty. By representing patient states as quan-
tum density matrices, encoding clinical constraints into the action space, sim-
ulating patient response through quantum environments, and learning policies
via hybrid quantum—classical algorithms, QRL offers a pathway to truly person-
alized, dynamically optimized radiation treatment. While still in early stages,
the empirical results to date justify continued investment in this approach, with
the expectation that advances in quantum hardware will translate into tangible

clinical benefits.
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QDRL Framework for Adaptive Radiotherapy
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Figure 4: Quantum deep reinforcement learning (QDRL) framework for adap-
tive radiotherapy. The circular learning loop includes: (1) patient state repre-
sentation p; (density matrix encoding multi-modal data with uncertainty); (2)
quantum policy network Uy (6) (variational circuit outputting superposition over
actions); (3) safe action space (discretised dose-per-fraction decisions with clin-
ical constraints encoded via QUBO); (4) Artificial Radiotherapy Environment
(ARTE) comprising transition function (quantum channel), outcome estima-
tor (QNN for TCP/NTCP), and reward function R; = aATCP — SANTCP —
APenalty; (5) amplitude amplification module (Grover-like) enhancing optimal
action probability; (6) human-in-the-loop interface (clinician dashboard with
quantum SHAP explanations and feedback controls). Arrows show the learning
iteration: state — policy — action — environment — reward — Bayesian up-
date — improved policy.
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3.3 Quantum Digital Twin for System-Level Oncology In-
tegration

The concept of a quantum digital twin (QDT) represents the apex of quantum-
enabled personalized oncology: a unified, continuously updating virtual replica
of the patient that integrates diagnostic models, decision support systems, and
adaptive control mechanisms into a single computational framework. Unlike
conventional machine learning models that perform isolated tasks—classification,
regression, policy learning—a digital twin aims to capture the full complexity of
the patient’s disease state and its evolution under treatment, enabling real-time
simulation, optimization, and intervention guidance throughout the radiother-
apy course. The central question, as highlighted in the literature, is: how can
diagnostic models, decision systems, and adaptive controllers be integrated into
a single, continuously updating clinical system? The QDT paradigm addresses
this by constructing a dynamic, patient-specific representation that co-evolves
with the actual clinical state, providing a computational substrate for system-
level oncology modeling [14] [53].

Quantum Digital Twin Architecture for System-Level Oncology Integration
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Figure 5: Quantum digital twin architecture. Four layers: (1) Data acqui-
sition (imaging, dosimetry, multi-omics, clinical records); (2) Quantum state
encoding (density matrices p > Dilwi) (1], mixed-state representations
Ptotal = Pimaging @ Pdosimetry @ Pomics, controlled encoding circuits for cross-
modal correlations); validation via quantum state tomography and fidelity
F(ptwin, Odata); (3) Simulation and optimisation (Hamiltonian simulation e~ ¢#?,
quantum Monte Carlo, open quantum systems via Lindblad master equations,
QAOA /quantum annealing for multi-objective optimisation); (4) Clinical inte-
gration (offline mode for scenario exploration, online mode for real-time guid-
ance). Continuous feedback loops (quantum Bayesian updating) maintain twin
alignment with patient state throughout treatment.
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3.3.1 Digital Twin Construction

The foundation of any digital twin is a patient-specific virtual replica that mod-
els tumor dynamics, anatomical changes, and individual treatment responses
[14]. In the quantum context, this replica is constructed by integrating multi-
modal data—imaging, dosimetry, genomics, proteomics, radiomics—into a uni-
fied quantum representation that captures the complex, multiscale interactions
inherent in the patient’s disease and treatment course. Variational quantum
circuits (VQCs) serve as the primary building blocks for encoding the relation-
ships between different data modalities. A VQC can be designed to map input
features (e.g., radiomic texture descriptors, gene expression levels, dose-volume
metrics) into an entangled quantum state that reflects the correlations among
these features. Quantum neural networks (QNNs) extend this by introducing
trainable parameters that allow the twin to learn patient-specific patterns from
historical data. Hybrid quantum graph models are particularly suited to captur-
ing the network structure of biological systems—for example, gene regulatory
networks or tumor-atlas connectivity—by representing nodes as quantum states
and edges as entangling operations. The construction process begins with base-
line data acquired before treatment: planning CT, diagnostic MRI or PET,
biopsy-derived genomic profiles, and population-level priors. These data are en-
coded into an initial quantum state |¥g) (or density matrix pg) using techniques
described in Section 3.4.2. This initial state serves as the seed from which the
twin will evolve.

3.3.2 Quantum State Encoding and System Representation

A foundational requirement for any digital twin is the ability to faithfully repre-
sent the current state of the patient—including anatomical configuration, dosi-
metric history, and biological response—in a format that supports both simu-
lation and continuous updating. Quantum machine learning provides a suite
of encoding techniques that map high-dimensional clinical data into quantum
states, creating a computational substrate for the digital twin [53]. Density ma-
triz encoding offers a particularly powerful representation because it naturally
captures both the most probable patient state and the uncertainty surrounding
that state. In the density matrix formalism, a mixed quantum state

p= Zpi|1/)i><1/}i\

encodes a probability distribution over possible clinical trajectories, where each
pure state |1);) corresponds to a specific anatomical or biological configura-
tion (e.g., a particular tumor shape, a specific gene expression pattern) and
the weights p; reflect the likelihood of that configuration given the available
data. This probabilistic representation is essential for adaptive radiotherapy,
where incomplete observations and inter-fraction variability introduce genuine
uncertainty that must be propagated through subsequent decisions. Mized-state
quantum representations extend this idea by allowing the digital twin to simul-
taneously encode multiple modalities within a single composite quantum state.
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For example, imaging data (planning CT, CBCT, MRI) can be encoded in one
register, dosimetric data (dose-volume histograms, beamlet weights) in another,
and multi-omics data (genomics, proteomics, radiomics) in a third. The joint
state is formed via tensor products:

Ptotal = Pimaging 0 Pdosimetry & Pomicss

and cross-modal correlations are introduced through controlled encoding cir-
cuits that entangle the registers. This enables the twin to capture relationships
such as how a genetic mutation influences the radiographic appearance of the
tumour or how prior dose deposition affects normal tissue complication prob-
abilities. The ability to represent these cross-modal correlations in a unified
Hilbert space is a distinct advantage of quantum over classical representations.

Quantum state tomography provides the essential validation mechanism for the
digital twin. By performing measurements on the twin’s quantum state and
comparing the resulting statistics with newly acquired clinical data (e.g., a daily
CBCT or a fresh biomarker assay), one can assess the fidelity of the twin and
detect when it has diverged from the actual patient. The fidelity between the
twin state piwin and a state ogats reconstructed from new observations,

2

F(ptwinaadata) - <Tr\/\/ Ptwin0data/ ptwin) 3

quantifies their agreement. Tomographic reconstruction techniques, adapted to
the constraints of NISQ hardware, allow partial or full recovery of the den-
sity matrix, enabling clinicians to gauge the reliability of the twin’s predictions
before acting upon them. In the context of online adaptation, rapid tomog-
raphy protocols can flag the need for re-initialisation or Bayesian updating of
the twin’s state. Together, these encoding and validation techniques establish
the quantum digital twin as a dynamic, uncertainty-aware representation that
co-evolves with the patient throughout the radiotherapy course. The ability to
encode complex, multimodal data into a single quantum state—and to update
that state as new information arrives—provides the computational foundation
for system-level integration.

3.3.3 Quantum-Enhanced Simulation and Prediction

With the patient’s current state represented as a quantum density matrix p,
the digital twin must be able to simulate its evolution under proposed treat-
ments and predict future outcomes. Quantum computing offers several powerful
paradigms for this task, each suited to different aspects of the simulation prob-
lem. Hamiltonian simulation provides a framework for modeling the continuous-
time evolution of quantum states under a specified Hamiltonian H. In the con-
text of tumor dynamics, one can construct a Hamiltonian that captures the
effects of radiation on cell populations, including cell kill, repair, repopulation,
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and reoxygenation. The time evolution operator U(t) = e~ *H?

to the current state to obtain the state at a future time:

is then applied

priar = U(A)pUT(AL).

For biologically relevant Hamiltonians, which may be sparse and structured,
Hamiltonian simulation can be performed efficiently on quantum computers,
providing exponential speedups over classical methods for large systems [53].
Quantum Monte Carlo (QMC) methods leverage quantum amplitude estima-
tion to accelerate the stochastic simulations that are ubiquitous in radiation
oncology. Classical Monte Carlo dose calculation, which tracks millions of par-
ticle histories through the patient anatomy, converges as O(1/v/M) with the
number of histories M. QMC achieves a quadratic speedup, reaching the same
precision with O(1/M) histories, by encoding the probability distribution over
particle trajectories into a quantum state and using amplitude estimation to
compute expectation values (e.g., dose deposited in a voxel) [52]. In the digi-
tal twin context, QMC can be used to rapidly compute dose distributions for
candidate treatment plans, enabling real-time comparison of alternatives. Open
quantum systems modeling provides a framework for representing the dissipa-
tive dynamics of tumor response, including effects such as repair, repopulation,
and reoxygenation. The evolution of an open quantum system is described by
a Lindblad master equation:

d ‘ 1
L= —ilH. o+ (LkaL - Q{LLLM}> :
k

where the Lindblad operators L model the effects of the environment (e.g.,
oxygen concentration, immune response). By solving this equation on a quan-
tum computer, the digital twin can predict not only the mean behavior of the
tumor but also the fluctuations and uncertainties that are critical for risk-aware
decision-making. These quantum-enhanced simulation capabilities allow the
digital twin to explore ”"what-if” scenarios rapidly, generating predictions of tu-
mor control probability (TCP), normal tissue complication probability (NTCP),
and other clinically relevant endpoints for multiple candidate treatment strate-
gies.

3.3.4 System-Level Optimization and Decision Support

The predictive power of the digital twin is harnessed for decision support through
quantum optimization algorithms that search for optimal treatment parameters.
Unlike the specialized optimization tasks described in Section 3.1.6 (which fo-
cus on individual planning steps), system-level optimization within the digital
twin framework considers the entire treatment course as an integrated whole,
accounting for interactions between fractions, cumulative dose effects, and the
evolving patient state. Quantum Approzimate Optimization Algorithm (QAOA)
can be applied to combinatorial problems that arise in treatment planning, such
as beam angle selection or ML.C sequencing. For beam angle optimization, the
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problem is formulated as selecting a subset of angles from a discrete set to max-
imize target coverage while sparing organs at risk. This can be mapped to a
quadratic unconstrained binary optimization (QUBO) problem and solved using
QAOA [1I2]. The hybrid quantum-classical nature of QAOA allows it to run on
near-term hardware, with the quantum circuit exploring the solution space and
a classical optimizer refining the parameters. Quantum annealing provides an
alternative approach to QUBO problems, particularly suited to problems with
thousands of variables. In the digital twin context, quantum annealing could
be used to optimize fractionation schedules across the entire treatment course,
balancing acute and late effects. The ability of quantum annealers to tunnel
through energy barriers enables them to escape local optima that trap classical
simulated annealing, potentially finding superior global solutions [I4].

Quantum-enhanced multi-objective optimization addresses the inherent trade-
offs in radiotherapy: maximizing TCP while minimizing NTCP, often with mul-
tiple organs at risk each having their own dose constraints. By encoding the
Pareto front as a quantum state, one can use amplitude amplification to sample
from different regions of the front, presenting the clinician with a diverse set
of Pareto-optimal plans. This approach, combined with the uncertainty quan-
tification capabilities of the digital twin, allows for risk-aware decision-making
where plans are evaluated not only on their expected outcomes but also on the
variance around those expectations. A quantum computing approach to beam
angle optimization, for example, formulates the problem as a combinatorial
binary decision and addresses it using a hybrid quantum-—classical optimiza-
tion framework. Discrete beam selection is mapped to a quantum-amenable
representation, while dose optimization is handled classically. The approach
demonstrates improved target conformity and organ-at-risk sparing compared
to classical heuristics, illustrating how quantum-enhanced optimization can sup-
port system-level treatment planning decisions within digital-twin—enabled ra-
diotherapy workflows [12].

3.3.5 Continuous Feedback, Model Updating and Co-Evolution

A defining characteristic of a digital twin is its ability to continuously update
itself as new data become available, ensuring that it remains an accurate repre-
sentation of the patient throughout the treatment course. Asghar et al. define
digital twin construction as the creation of a continuously updated, patient-
specific computational model that integrates multimodal clinical, imaging, and
molecular data into a unified representation capable of simulating disease dy-
namics and treatment responses for personalized oncology workflows [59]. In
the quantum context, this updating is achieved through several mechanisms.
Quantum Bayesian updating provides a principled framework for incorporating
new observations into the twin’s quantum state. Given a prior state p,_; and
a new observation (e.g., a daily CBCT image, a fresh biomarker measurement),
the posterior state p; is obtained by applying a quantum channel that conditions
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on the observed data:
gobs (pt—l)

- Tl"[gobs(Pt—l)] ’

where s is a completely positive trace-non-increasing map corresponding to
the likelihood of the observation. This approach naturally handles noisy or in-
complete observations and maintains the uncertainty representation throughout
the treatment course. Density matriz evolution under the influence of treatment
and time advances the twin in lockstep with the patient. Between observations,
the twin evolves according to the simulated dynamics described in Section 3.4.3,
using Hamiltonian simulation or Lindblad master equations. This predicted
evolution provides a baseline against which new observations can be compared,
enabling early detection of deviations from expected response. Quantum neural
gradient descent provides a mechanism for fine-tuning the twin’s parameters to
maintain alignment with observed outcomes. If systematic discrepancies emerge
between the twin’s predictions and actual patient data, the parameters of the
underlying models (e.g., radiobiological parameters in the Hamiltonian, weights
in the encoding circuits) can be adjusted using gradient-based optimization.
The gradients themselves may be estimated using quantum techniques such as
the parameter-shift rule, ensuring that the twin remains a faithful representa-
tion even as the patient’s condition evolves in unexpected ways. This continuous
feedback loop ensures that the digital twin co-evolves with the patient, becoming
more accurate and personalized as treatment progresses.

Pt

3.3.6 Clinical Validation and Performance Assessment

Before a quantum digital twin can be deployed clinically, it must undergo rigor-
ous validation to ensure that its predictions are reliable and that its recommen-
dations are safe. Hybrid quantum—classical workflows and quantum simulators
serve as intermediate platforms for implementing patient-specific modeling and
adaptive scenario testing, enabling preliminary evaluation of treatment strate-
gies and paving the way toward fully quantum-powered oncology ecosystems
B3]. Quantum kernel-based validation uses fidelity measures to compare the
twin’s predicted state distribution with observed outcomes. Fo%" )a cohort of pa-
(]

tients, one can compute the fidelity between the twin’s state p;,

.n for patient ¢
and a state Uc():l)twme constructed from their actual clinical outcomes. High aver-
age fidelity indicates that the twin accurately captures the patient population;
low fidelity for specific patients flags cases where the twin may need refinement.
Quantum~—classical Monte Carlo comparison benchmarks the twin’s predictions
against gold-standard classical simulations. For dose calculation, for example,
the twin’s QMC-based dose estimates can be compared with classical Monte
Carlo results for the same anatomy and beam configuration. Agreement within
clinically acceptable tolerances validates the quantum approach; discrepancies
may indicate errors in the Hamiltonian or encoding.

Fidelity and distance measures on quantum states provide a rich set of tools
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for assessing twin accuracy. Beyond simple fidelity, one can compute trace dis-
tance, quantum relative entropy, or Wasserstein distance between predicted and
observed distributions, each offering a different perspective on twin performance.
These measures can be tracked over time to detect drift or degradation in twin
fidelity. Hybrid quantum recurrent models approximate temporal tumor evolu-
tion and inter-fraction setup variability as stationary quantum processes. This
approach enables continuous, uncertainty-aware prediction of patient-specific
responses, supporting high-fidelity simulation and adaptive decision-making in
digital twin frameworks [14].

3.3.7 Integration with the Clinical Workflow

The quantum digital twin is not a standalone system but an integral compo-
nent of the broader clinical workflow, interacting with data acquisition systems,
treatment planning software, and the clinical team. Its deployment mirrors the
two modes described in Section 3.2.8. The first is the offfine mode, whereby
between treatment fractions, the twin operates in a comprehensive simulation
mode, exploring multiple ”what-if” scenarios for future fractions. It may run
hundreds or thousands of simulated trajectories, each corresponding to a dif-
ferent treatment policy, and present the clinician with a summary of expected
outcomes and their uncertainties. This offline analysis informs the initial plan
for the next fraction and can be used to update population-level models. The
second is the online mode whereby during a treatment session, the twin oper-
ates in a rapid-response mode, providing real-time guidance for adaptation. If
daily imaging reveals unexpected anatomical changes, the twin can quickly sim-
ulate the dosimetric consequences of proceeding with the original plan versus
adapting, and recommend a course of action within the time constraints of the
treatment slot. Quantum speedups in simulation and optimization are critical
here, as classical methods would be too slow. Throughout both modes, the
twin communicates with the clinician through the interpretability and visual-
ization interfaces described in Section 3.2.7, ensuring that its recommendations
are transparent and actionable. The vision of a fully realized quantum digital
twin for radiation oncology faces several challenges:

e Hardware requirements: The qubit counts, coherence times, and gate fi-
delities needed for full-scale patient simulation are far beyond current
NISQ capabilities. Progress in error correction and fault tolerance will be
essential.

e Model complexity: Capturing the full complexity of tumor biology, includ-
ing spatial heterogeneity, immune interactions, and microenvironmental
effects, requires models that may be too complex even for quantum com-
puters. Hierarchical modeling, where detailed submodels are used for crit-
ical processes and coarse-grained models elsewhere, may be necessary.

o Validation burden: Validating a digital twin requires extensive clinical
data, ideally from prospective trials. The rapid evolution of quantum
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hardware complicates this validation, as a twin validated on one generation
of hardware may not perform identically on the next.

o [ntegration challenges: Integrating a quantum digital twin into existing
clinical information systems requires standardized data formats, secure
APIs, and workflows that respect clinical time constraints. Co-design
with clinicians and IT professionals is essential.

Despite these challenges, the quantum digital twin represents the ultimate
expression of personalized, predictive, and adaptive radiotherapy. By unifying
diagnostic models, simulation engines, and decision support systems into a sin-
gle, continuously updating representation of the patient, it offers the promise
of truly individualized cancer care—care that anticipates rather than reacts,

optimizes rather than satisfies, and learns rather than static.

Table 12: Components of a Quantum Digital Twin for Radiation Oncology

Component

Quantum Methods

Clinical Function

Twin Construction
State Encoding
Simulation
Optimization
Updating
Validation

Integration

VQCs, QNNs,
graph models
Density matrices, mixed
states, tomography
Hamiltonian simulation,
QMC, open systems
QAOA, quantum anneal-
ing, multi-objective
Bayesian inference, den-
sity matrix evolution
Kernel methods, fidelity
measures, MC comparison
Offline/online deployment
modes

hybrid

Integrates multimodal data into
unified representation

Captures patient state with un-
certainty

Predicts tumor evolution and
treatment response

Identifies optimal treatment pa-
rameters

Maintains alignment with actual
patient

Ensures reliability and safety

Supports both planning and real-
time adaptation

In summary, the quantum digital twin paradigm offers a comprehensive

framework for system-level oncology integration, bringing together the full range
of quantum methods—encoding, simulation, optimization, and updating—into
a unified, patient-specific model. While significant challenges remain, the po-
tential rewards—truly personalized, dynamically adaptive, optimally delivered
radiotherapy—justify continued investment in this vision.

4 Challenges and Clinical Barriers
Despite the theoretical promise of quantum machine learning (QML) in radi-

ation oncology, the path to clinical deployment is obstructed by a series of
formidable challenges. These barriers span hardware limitations, algorithmic
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instability, data representation difficulties, and the stringent requirements of
medical validation and regulation. A clear understanding of these obstacles
is essential to temper expectations and to guide research toward realistically
achievable goals.

4.1 Hardware Constraints in the NISQ Era

Current quantum processors operate in the noisy intermediate-scale quantum
(NISQ) regime [§], characterized by limited qubit counts (typically 50-1000),
short coherence times, and significant gate errors. These imperfections restrict
the depth of circuits that can be executed reliably, thereby limiting the com-
plexity of implementable QML models. For radiation oncology applications,
which often involve high-dimensional data (e.g., 512 x 512 medical images) or
large combinatorial spaces (e.g., beam angle selection), the available qubit re-
sources and error rates pose a severe bottleneck [I5]. Moreover, the need for
repeated measurements to estimate expectation values with sufficient precision
further erodes any potential quantum advantage, especially when compared to
increasingly powerful classical hardware (GPUs, TPUs) that continue to scale.

4.2 Algorithmic Limitations and Trainability Issues

Variational quantum algorithms, the workhorses of near-term QML, are prone
to the barren plateau phenomenon: for sufficiently expressive circuits, the gra-
dient of the cost function vanishes exponentially with the number of qubits,
rendering training impractical [26]. This effect is exacerbated by noise and by
the use of global cost functions. In the context of oncology, where problem sizes
are large and loss landscapes are complex, barren plateaus may prevent any
meaningful learning unless the circuit architecture is carefully constrained or
pretrained. Additionally, finite sampling noise (shot noise) introduces stochas-
ticity into gradient estimates, requiring many circuit repetitions and reducing
the effective speedup [60]. The interplay of noise, vanishing gradients, and sam-
pling overhead means that many QML proposals that look good on paper fail
to deliver tangible improvements in practice [52].

4.3 Data Encoding and Input/Output Bottlenecks

A fundamental challenge for QML in any medical application is the efficient
loading of classical data into quantum states. Amplitude encoding, which can
represent 2™ classical values using n qubits, is exponentially efficient in the-
ory but requires coherent arithmetic operations that are themselves difficult to
implement on NISQ hardware. Angle encoding is simpler but uses qubits in-
efficiently. Moreover, the final step of extracting classical information through
measurement collapses the quantum state and yields only probabilistic out-
puts, necessitating repeated runs. For high-resolution medical images or high-
dimensional radiomic feature vectors, these encoding and readout costs can
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dominate the total runtime, potentially offsetting any theoretical quantum ad-
vantage [52]. Furthermore, most clinical datasets are small (hundreds to thou-
sands of patients), which may not justify the overhead of quantum encoding
when classical models already perform well.

4.4 Lack of Standardized Clinical Quantum Datasets

Machine learning, whether classical or quantum, thrives on large, high-quality,
and well-annotated datasets. In radiation oncology, publicly available reposito-
ries (e.g., The Cancer Imaging Archive) have accelerated classical Al research.
However, no equivalent datasets exist that are specifically formatted or pre-
processed for QML experiments. Researchers often resort to downsampling
images or reducing feature dimensions to fit quantum hardware, which may dis-
card clinically relevant information and limit the validity of conclusions. The
absence of standardized benchmarks makes it difficult to compare different QML
approaches or to assess their true clinical potential [15].

4.5 Regulatory and Interpretability Hurdles

Any computational tool intended to influence patient care must undergo rigorous
regulatory approval (e.g., FDA clearance in the United States). Quantum-based
models introduce novel challenges: their stochastic nature, hardware-dependent
behavior, and lack of established interpretability methods make it difficult to
demonstrate safety, efficacy, and reproducibility. Regulators expect clear doc-
umentation of algorithm behavior, validation on independent cohorts, and ro-
bustness to variations in input data. Current QML models, especially those
implemented on real quantum hardware, exhibit variability across runs and
even across different days on the same machine, complicating the validation
process [52]. Moreover, clinicians are rightfully hesitant to trust “black-box”
recommendations, and quantum models are often even more opaque than clas-
sical deep networks. The development of quantum-specific explainability tools
(e.g., quantum SHAP, fidelity-based attribution) is still in its infancy and must
mature before clinical adoption becomes feasible.

4.6 The Gap Between Theoretical Speedups and Practical
Gains

Many quantum algorithms offer provable asymptotic speedups only under ideal-
ized conditions—sparse matrices, well-conditioned systems, or access to fault-tolerant
hardware. In realistic oncology problems, these conditions rarely hold. For
instance, the HHL algorithm requires a well-conditioned matrix and efficient
block-encoding, which is non-trivial for the dense, noisy matrices arising in de-
formable image registration. QAOA lacks rigorous performance guarantees for
problem sizes of clinical interest. Even Grover’s quadratic speedup is eroded if
the oracle call requires a significant overhead. Consequently, translating theo-
retical advantages into measurable clinical benefits requires careful end-to-end
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benchmarking against state-of-the-art classical solvers on relevant problem in-
stances—a step that is still largely missing in the literature [52].

4.7 Toward Realistic Evaluation and Incremental Progress

Overcoming these barriers will demand a concerted, interdisciplinary effort.
Near-term research should focus on:

e Identifying small, well-defined subproblems where quantum circuits can
be rigorously compared to classical baselines (e.g., optimizing a few beam
angles, classifying a reduced set of radiomic features).

e Developing hardware-efficient ansétze that mitigate barren plateaus and
exploit problem symmetries.

e Creating publicly available quantum-friendly oncology benchmarks that
preserve clinical realism while being tractable on current simulators and
hardware.

e Integrating QML components into existing clinical workflows in a hybrid
fashion, so that failure of the quantum part does not compromise the
entire pipeline.

e Engaging with regulatory bodies early to understand requirements for
validation and to shape the development of interpretability methods.

Only through such pragmatic, stepwise progress can the field move from the-
oretical promise to clinically impactful reality. The challenges are substantial,
but they are not insurmountable; they define the research agenda for the coming
decade.

5 Discussion

The convergence of quantum computing and radiation oncology presents both
unprecedented opportunities and substantial challenges. This review has sys-
tematically mapped quantum algorithms to the clinical workflow, revealing sev-
eral areas where quantum methods could, in principle, outperform classical ap-
proaches: combinatorial optimisation (beam angle selection, MLC sequencing),
linear algebra (deformable registration, inverse planning), Monte Carlo simu-
lation (dose calculation, uncertainty quantification), and high-dimensional pat-
tern recognition (radiomics, multi-omics integration). Despite these theoretical
advantages, the path to clinical deployment is fraught with obstacles. The bar-
ren plateau phenomenon renders many variational circuits untrainable as qubit
counts increase, necessitating careful architecture design and problem-specific
initialisations. Finite sampling noise forces repeated measurements that erode
quantum speedups, especially when high precision is required. Quantum de-
coherence and gate errors restrict circuit depth on current hardware, limiting
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the complexity of implementable algorithms. Moreover, the input/output bot-
tleneck—encoding classical medical images into quantum states and extract-
ing classical results—can dominate runtime, offsetting any computational gain.
These limitations underscore the importance of hybrid quantum-classical ap-
proaches that delegate only the most quantum-amenable subtasks to the quan-
tum processor while keeping the majority of the workflow on classical hardware.
The NISQ era will likely see the first clinical pilots using such hybrids, focusing
on well-defined, low-scale problems where a clear advantage can be demon-
strated (e.g., small-scale optimisation for stereotactic radiosurgery or feature
selection from a moderate number of radiomic variables).

Another critical consideration is data availability and quality. Quantum mod-
els are notoriously data-hungry in terms of the number of circuit evaluations
required, yet oncology datasets are often small and heterogeneous. Transfer
learning, where classical networks pretrained on large natural image corpora
are fine-tuned with quantum layers, offers a pragmatic path forward. Similarly,
quantum generative models can augment limited data, but their fidelity must
be rigorously validated against clinical ground truth. Interpretability remains
a cornerstone of clinical acceptance. While quantum circuits can be more ex-
pressive, they are also more opaque than classical models. Emerging work on
quantum-aware explainability (e.g., quantum SHAP, fidelity-based attribution)
must be integrated into any QML tool intended for patient care. Clinicians
will not act on recommendations they cannot understand, especially when they
involve complex trade-offs between tumour control and normal tissue toxicity.
From a regulatory perspective, quantum-inferred decisions will face the same
scrutiny as any Al-based medical device. The “black-box” nature of many
quantum models, combined with the sensitivity of healthcare data, demands
that any clinical QML system undergo rigorous prospective validation, prefer-
ably in multi-centre trials. Moreover, the rapid evolution of quantum hardware
poses a challenge for regulatory stability: a model validated on one generation of
quantum processors may not perform identically on the next. Looking forward,
we envision a roadmap with three horizons:

1. Near-term (1-5 years): Hybrid quantum-classical proof-of-concept stud-
ies on well-circumscribed problems (beam angle selection, small-scale ra-
diomics) using NISQ devices and simulators. Development of open-source
benchmarks and clinical datasets tailored for QML.

2. Medium-term (5-10 years): Integration of quantum coprocessors into
treatment planning systems for specific subroutines (for instance, Monte
Carlo acceleration via QAE). Prospective observational studies comparing
quantum-enhanced predictions with classical standards.

3. Long-term (410 years): Fault-tolerant quantum computers enabling full-scale
simulation of patient-specific radiation transport, real-time adaptive re-
planning, and system-level digital twins that integrate multi-omics, imag-
ing, and dosimetry into a unified predictive model.
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This roadmap must be pursued in close collaboration between quantum
physicists, computer scientists, medical physicists, and radiation oncologists.
Only through such interdisciplinary efforts can we ensure that quantum inno-
vation translates into tangible improvements in patient outcomes.

6 Conclusions

Quantum machine learning offers a compelling new frontier for radiation on-
cology, with the potential to overcome computational bottlenecks that limit
current treatment planning, image analysis, and outcome prediction. This re-
view has provided a comprehensive taxonomy of quantum algorithms relevant to
the field, ranging from fault-tolerant methods (Grover, HHL, QAE) to NISQ-era
techniques (QAOA, QCNN, QSVM) and emerging hybrid architectures (QDRL,
quantum digital twins, VQE, QGANSs, quanvolutional NNs, QGNNs, and tensor
networks). We have mapped these algorithms to specific stages of the radiation
oncology workflow—consultation, simulation, planning, delivery, adaptation,
and follow-up—nhighlighting opportunities for optimisation, simulation, and pat-
tern recognition. At the same time, we have critically examined the formidable
challenges that lie ahead: hardware constraints (limited qubits, decoherence,
gate errors), algorithmic barriers (barren plateaus, finite sampling noise), data
encoding bottlenecks, the lack of standardised clinical quantum datasets, and
the stringent requirements of clinical validation and interpretability. The path
to clinical adoption will be incremental, with near-term successes likely confined
to well-defined subproblems where quantum advantages can be unequivocally
demonstrated (e.g., small-scale beam angle optimisation, feature selection from
moderate-sized radiomic sets). Hybrid quantum-classical frameworks, coupled
with transfer learning and explainability tools, represent the most viable strat-
egy for the coming decade. Ultimately, the integration of quantum computing
into radiation oncology is not merely a technological upgrade—it is a paradigm
shift that could redefine what is computationally possible in personalised cancer
care. Realising this vision will require sustained investment, rigorous evaluation,
and a community committed to bridging the gap between quantum theory and
clinical practice. We hope this review serves as both a foundation and a catalyst
for that journey.
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