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Professional Certificate in Quantum Al Solutions for Biomedical Engineering (United States)

Quantum Optimization Techniques for Clinical
Decision Support

Adiabatic Quantum Computing (AQQC)

Related terms: quantum annealing, Hamiltonian, ground state

AQC is a computational paradigm that solves optimization problems by slowly evolving a quantum system
from an initial Hamiltonian whose ground state is easy to prepare to a final Hamiltonian encoding the
problem’s cost function. If the evolution is sufficiently slow, the system remains in its ground state, yielding
the optimal solution. In clinical decision support, AQC can be employed to identify optimal treatment
pathways by encoding patient-specific risk factors and therapeutic constraints into the problem
Hamiltonian. Example: mapping drug-interaction constraints for a multi-drug regimen onto a quadratic
unconstrained binary optimization (QUBO) model and solving it with a D-Wave annealer. Challenges include
limited coherence times, hardware connectivity restrictions, and the need for precise annealing schedules to
avoid diabatic transitions that degrade solution quality.

Amplitude Amplification

Related terms: Grover's algorithm, quantum speedup, oracle

Amplitude amplification generalizes Grover's search to increase the probability amplitude of desired
solutions in a quantum superposition. For a clinical decision support system, the technique can accelerate
the identification of high-utility diagnostic hypotheses within a large hypothesis space. By constructing an
oracle that flags patient records meeting specific clinical criteria, the algorithm iteratively amplifies the
amplitudes of matching states, reducing the number of queries from O(N) to O(vVN). Practical use: rapid
triage of imaging studies to flag potential malignancies. Limitations arise from the difficulty of designing
fault-tolerant oracles for heterogeneous medical data and the overhead of error correction on near-term
devices.

Binary Optimization

Related terms: QUBO, Ising model, combinatorial problem

Binary optimization involves decision variables restricted to 0 or 1, a format naturally suited to quantum
annealers. Clinical scenarios such as selecting a subset of biomarkers for a predictive model can be
expressed as a QUBO. The objective function typically balances predictive accuracy against assay cost, while
constraints enforce clinical feasibility (e.g., maximum number of tests). Once formulated, the problem is
submitted to a quantum processor, which searches for low-energy spin configurations corresponding to
optimal binary selections. Real-world example: determining the minimal panel of genetic variants that
predicts drug response with >95 % sensitivity. The primary challenge is mapping complex clinical constraints
into quadratic terms without inflating problem size beyond hardware limits.

Clustered Quantum Annealing
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Related terms: minor embedding, graph partitioning, modularity

Clustered quantum annealing partitions a large optimization graph into smaller, densely connected clusters
that can be embedded onto limited qubit topologies. In biomedical engineering, patient cohorts can be
clustered based on similarity metrics (e.g., comorbidity profiles), allowing each cluster’s treatment
optimization to be solved independently before reconciling global constraints. This approach reduces
embedding overhead and improves solution fidelity on devices with sparse connectivity. For instance,
optimizing ICU resource allocation across regional hospitals by first solving intra-hospital schedules then
coordinating inter-hospital patient transfers. Challenges include ensuring that inter-cluster interactions are
adequately captured and that the combined solution respects global clinical guidelines.

Cost Function Encoding

Related terms: objective function, penalty terms, weight matrix

Cost function encoding translates a clinical decision problem’s objective and constraints into a Hamiltonian
that the quantum optimizer can process. The objective may represent minimizing adverse event risk, while
penalty terms enforce dosage limits, drug-interaction rules, or guideline adherence. Proper scaling of
penalty weights is critical; overly large penalties can dominate the energy landscape, causing the optimizer
to ignore the primary objective. Example: encoding a chemotherapy regimen selection where the primary
cost is tumor-shrinkage efficacy and penalties enforce maximum cumulative toxicity. Practical challenges
involve calibrating weights for heterogeneous clinical outcomes and handling non-linear constraints that
require auxiliary variables, inflating qubit requirements.

Decoherence Mitigation

Related terms: error correction, dynamical decoupling, noise spectroscopy

Decoherence mitigation encompasses techniques that preserve quantum coherence during computation,
essential for reliable optimization outcomes. In clinical decision support, decoherence can lead to
suboptimal or incorrect treatment recommendations. Strategies include using dynamical decoupling pulse
sequences to average out environmental noise, employing quantum error-correcting codes tailored to
annealing architectures, and performing noise spectroscopy to characterize and compensate for dominant
error sources. For example, applying a spin-echo protocol on a superconducting annealer reduces
dephasing during a multi-hour drug-interaction optimization. Limitations stem from the overhead of
additional qubits and control circuitry, which may exceed the capacity of current hardware.

Embedding Strategies

Related terms: minor embedding, chain strength, logical qubit

Embedding strategies map logical problem variables onto the physical qubits of a quantum processor,
respecting connectivity constraints. Minor embedding introduces chains of physical qubits to represent a
single logical variable, with chain strength controlling the penalty for chain breaks. In clinical applications,
embedding is crucial when the optimization graph (e.g., a patient-treatment interaction network) is denser
than the hardware graph. Efficient embedding reduces the number of required qubits and minimizes chain
breaks, thereby improving solution quality. Tools such as D-Wave’'s minorminer automate this process, yet
clinicians must often fine-tune chain strengths to balance fidelity against annealing time. A common
challenge is that high-dimensional clinical data can lead to embeddings that consume most of the available
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qubits, leaving insufficient resources for robust sampling.

Hybrid Quantum-Classical Algorithms

Related terms: QAOA, variational quantum eigensolver, classical post-processing

Hybrid algorithms leverage quantum subroutines for hard subproblems while delegating the remainder to
classical processors. The Quantum Approximate Optimization Algorithm (QAOA) exemplifies this approach:
a classical optimizer adjusts quantum circuit parameters to minimize a problem Hamiltonian. In clinical
decision support, a hybrid workflow might use QAOA to generate candidate treatment plans, then employ a
classical machine-learning model to rank them based on patient-specific outcomes. Example: optimizing
radiotherapy beam angles quantumly, then refining dose distributions with a classical Monte Carlo
simulation. Hybrid schemes mitigate quantum hardware limitations by reducing circuit depth and allowing
error-tolerant classical refinement. However, they introduce latency due to the iterative quantum-classical
loop and require careful synchronization of data formats between the two domains.

Ising Model Formulation

Related terms: spin variables, coupling matrix, magnetic field

The Ising model expresses binary optimization problems as interactions between spin variables (o = +1) with
couplings J_ij and external fields h_i. Clinical decision problems—such as selecting a subset of diagnostic
tests—can be mapped to an Ising Hamiltonian where couplings encode test-interaction effects (e.g.,
redundancy) and fields encode individual test utility. Once formulated, the Ising model is directly solvable
on quantum annealers that natively implement spin dynamics. For instance, configuring a panel of
biomarkers where positive couplings discourage simultaneous selection of highly correlated assays.
Translating clinical constraints into Ising terms often requires auxiliary spins, increasing problem size and
necessitating sophisticated embedding. Accurate modeling of non-pairwise interactions remains a technical
hurdle.

Kernelized Quantum Optimization

Related terms: quantum kernel, feature space, support vector machine

Kernelized quantum optimization extends classical kernel methods by embedding data into a
high-dimensional quantum Hilbert space, where inner products are evaluated via quantum circuits. In
clinical decision support, a quantum kernel can capture complex, non-linear relationships among patient
variables (e.g., genomics, imaging biomarkers) that are difficult for classical kernels. The resulting feature
vectors feed into a QUBO that optimizes a classification margin or risk score. Example: using a variational
quantum circuit to generate a kernel for predicting sepsis onset, then solving the associated QUBO for
optimal threshold selection. The primary challenges are the need for repeated circuit executions to estimate
kernel entries, susceptibility to noise, and scaling to large patient cohorts.

Logical Qubit Design

Related terms: error correction, code distance, syndrome measurement

Logical qubits encode quantum information redundantly across multiple physical qubits to protect against
errors. In the context of quantum optimization for clinical decision support, logical qubits enable
fault-tolerant execution of deeper circuits, such as those required by QAOA with many layers. Designing
logical qubits involves selecting an error-correcting code (e.g., surface code) and implementing syndrome
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measurement cycles to detect and correct errors in real time. For example, a logical qubit representing a
patient’s risk profile may be constructed from a lattice of superconducting qubits, allowing the optimizer to
run longer annealing schedules without decoherence-induced solution degradation. The trade-off is a
substantial increase in qubit overhead, often exceeding the capacity of current devices.

Mixed-Integer Quantum Optimization

Related terms: integer programming, binary variables, continuous relaxations

Mixed-integer quantum optimization (MIQO) tackles problems containing both binary (0/1) and integer or
continuous variables. Clinical scenarios such as dosage planning involve integer quantities (e.g., number of
drug tablets) alongside binary decisions (e.g., administration vs. omission). MIQO typically discretizes
continuous variables into a finite set of levels, then encodes the resulting mixed-integer problem into a
QUBO using penalty functions to enforce integrality. An example is optimizing chemotherapy cycles where
the number of cycles is integer-constrained while the selection of supportive medications is binary. The
primary difficulty lies in the exponential blow-up of the search space when many discretization levels are
required, demanding careful variable scaling and hierarchical solving strategies.

Noise-Resilient Cost Functions

Related terms: robust optimization, stochastic programming, variance penalization

Noise-resilient cost functions are formulated to produce stable solutions despite hardware noise and
statistical fluctuations in clinical data. Techniques such as robust optimization add variance-penalizing terms
to the objective, ensuring that the selected treatment plan performs well across a distribution of possible
patient outcomes. In practice, a quantum optimizer might minimize the worst-case toxicity risk while also
reducing the expected tumor-size reduction variance. By explicitly accounting for uncertainty, the resulting
quantum-derived recommendations are less sensitive to sampling errors inherent in near-term devices. The
challenge is calibrating the trade-off between robustness and optimality, as overly conservative
formulations can lead to sub-therapeutic recommendations.

Objective Function Decomposition

Related terms: divide-and-conquer, subproblem aggregation, hierarchical optimization

Objective function decomposition splits a large clinical optimization problem into smaller, more tractable
subproblems that can be solved independently on quantum hardware. For instance, a comprehensive care
pathway for chronic disease management can be divided into medication selection, lifestyle intervention
scheduling, and follow-up monitoring. Each subproblem is encoded as a separate QUBO, solved on the
quantum processor, then recombined using a classical aggregator that enforces cross-subproblem
constraints. This approach reduces embedding complexity and allows parallel quantum execution, thereby
increasing throughput. However, ensuring global optimality after recombination is non-trivial;
inconsistencies between subproblem solutions may require iterative refinement cycles.

Parameter Setting and Calibration

Related terms: annealing schedule, QAOA angles, hyperparameter tuning

Effective quantum optimization depends on precise parameter setting, such as annealing time, temperature,
and control pulse amplitudes. Calibration involves systematic experimentation to identify parameter ranges
that yield high-quality solutions for specific clinical workloads. For example, tuning the annealing schedule
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for a drug-interaction QUBO may involve scanning anneal times from 20 us to 200 ys and measuring the
frequency of chain breaks. Similarly, QAOA requires selecting optimal rotation angles (y, B) via a classical
optimizer; these angles directly influence the probability of sampling low-energy states. Calibration
pipelines often incorporate Bayesian optimization to reduce the number of trial runs. The principal obstacle
is the time-consuming nature of repeated quantum experiments, especially when clinical decision timelines
are tight.

Quantum Approximate Optimization Algorithm (QAOA)

Related terms: variational circuit, mixer Hamiltonian, problem Hamiltonian

QAOA is a hybrid variational algorithm that alternates between applying a problem Hamiltonian (encoding
the clinical objective) and a mixer Hamiltonian (promoting exploration) to a quantum register. The depth-p
circuit is parameterized by angles that a classical optimizer updates to minimize the expected energy. In
clinical decision support, QAOA can optimize patient-specific treatment schedules where the problem
Hamiltonian encodes risk-adjusted outcomes and the mixer respects feasible treatment transitions. An
illustrative use case is scheduling radiotherapy fractions to minimize normal-tissue exposure while
maintaining tumor dose constraints. QAOA’s performance scales with circuit depth, but deeper circuits are
more vulnerable to noise, making error mitigation and hardware-aware parameterization essential.

Quantum Annealing

Related terms: adiabatic evolution, tunneling, thermal relaxation

Quantum annealing solves optimization problems by exploiting quantum tunneling to escape local minima
and settle into the global minimum of a problem Hamiltonian. The process begins with a transverse-field
driver Hamiltonian that places the system in a superposition of all possible states; as the anneal progresses,
the driver is gradually turned off while the problem Hamiltonian is turned on. In clinical contexts, quantum
annealing can be applied to resource allocation problems such as assigning limited ICU beds to patients
based on severity scores and projected length of stay. The annealing schedule (time, temperature, pause
points) influences solution quality; pausing at critical points can allow thermal relaxation to assist in finding
lower-energy configurations. Limitations include limited qubit connectivity, noise-induced excitations, and
difficulty in representing highly non-quadratic clinical constraints without auxiliary variables.

Quantum Circuit Embedding

Related terms: gate synthesis, logical mapping, qubit routing

Quantum circuit embedding translates a high-level quantum algorithm into the native gate set and
topology of the target hardware. For clinical optimization tasks that require custom unitary operations (e.g.,
encoding a complex patient-risk function), circuit embedding ensures that each logical gate is decomposed
into hardware-compatible gates while respecting qubit connectivity. This may involve inserting SWAP
operations to route qubits into proximity for two-qubit gates, thereby increasing circuit depth. Embedding
tools such as Qiskit's transpiler automate this process, but the resulting overhead can degrade solution
fidelity on noisy intermediate-scale quantum (NISQ) devices. Effective embedding balances the need for
expressive circuits against the constraints of error rates and coherence times.

Quantum Error Mitigation
Related terms: zero-noise extrapolation, probabilistic error cancellation, measurement error mitigation

Read online: https://certificates.HealthCareCourses.org.uk/glossaries/ HealthCareCourses (An LSIB brand) - 05 Jul 2026
5415103/quantum-optimization-techniques-for-clinical-decision-
support



Healthg¥e GLOSSARY

Quantum error mitigation techniques aim to reduce the impact of noise without full error correction.
Zero-noise extrapolation runs the same circuit at multiple noise levels (e.g., by stretching gate durations)
and extrapolates results to the zero-noise limit. Probabilistic error cancellation constructs a linear
combination of noisy circuit executions that statistically cancels errors. Measurement error mitigation
calibrates readout errors by constructing a confusion matrix and applying its inverse to raw measurement
counts. In clinical decision support, error mitigation can improve the reliability of quantum-derived
treatment recommendations, especially when the cost function is sensitive to small energy differences.
While mitigation reduces bias, it often increases variance and computational overhead, requiring careful
budgeting of quantum runtime.

Quantum Kernel Methods

Related terms: feature map, Hilbert space, support vector machine

Quantum kernel methods map classical data into a quantum Hilbert space using parameterized quantum
circuits, enabling the evaluation of inner products that capture high-dimensional correlations. In biomedical
engineering, quantum kernels can be applied to multimodal patient data (genomics, proteomics, imaging)
to enhance classification tasks such as disease subtype identification. Once the kernel matrix is estimated via
repeated circuit executions, a classical optimizer solves a QUBO that selects the optimal hyperplane
separating patient groups. An example is using a hardware-efficient variational circuit to generate a kernel
for predicting adverse drug reactions, then solving the associated QUBO for the decision threshold. The
primary bottleneck is the O(N?) scaling of kernel evaluations, which can be mitigated by exploiting low-rank
approximations or quantum-accelerated subroutines.

Quantum Monte Carlo Sampling

Related terms: Metropolis—Hastings, Gibbs sampling, thermal distribution

Quantum Monte Carlo sampling leverages quantum hardware to draw samples from a Boltzmann
distribution defined by a problem Hamiltonian. Unlike classical Metropolis—Hastings, quantum annealers
naturally produce low-energy samples due to tunneling, providing a richer set of candidate solutions for
stochastic clinical optimization. In practice, one may run multiple anneals to generate a ensemble of
treatment plans, then apply a classical post-processor to rank them by clinical utility. For example, sampling
possible dosing schedules for a new oncology drug and selecting those that meet safety constraints while
maximizing efficacy. Sampling diversity is limited by hardware temperature and control errors; incorporating
reverse-annealing or pause-and-quench techniques can enhance exploration of the solution space.

Quantum State Preparation

Related terms: amplitude encoding, basis encoding, data loading

Quantum state preparation encodes classical clinical data into the amplitudes or basis states of a quantum
register. Amplitude encoding represents a vector of patient features as the amplitudes of a superposition,
enabling compact representation of high-dimensional data. Basis encoding assigns each feature to a
specific qubit, allowing straightforward logical operations but requiring more qubits. Efficient state
preparation is critical for quantum-accelerated machine-learning pipelines that feed into optimization
subroutines. An example is preparing a quantum state that encodes the probability distribution of disease
progression stages, which is then used as the initial state for a quantum annealing run. The main difficulty
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lies in the depth of circuits needed for accurate loading, which can exceed coherence times on NISQ
devices.

Quantum Supremacy Benchmarking

Related terms: random circuit sampling, cross-entropy benchmarking, performance metrics

Quantum supremacy benchmarking assesses whether a quantum device can solve a problem faster than the
best known classical algorithm. While not directly a clinical tool, these benchmarks inform the selection of
hardware for decision-support workloads. Random circuit sampling, for instance, measures the ability of a
processor to generate output distributions that are hard to simulate classically. Cross-entropy
benchmarking quantifies the similarity between experimentally obtained samples and ideal distributions. In
the biomedical context, benchmarking results guide expectations for solution quality and time-to-solution
when deploying quantum optimization for patient-specific treatment planning. It is essential to interpret
supremacy claims cautiously, as real-world clinical problems often involve structured constraints not
captured by synthetic benchmarks.

Quantum Variational Ansatz

Related terms: parameterized circuit, ansatz design, expressive power

A quantum variational ansatz is a parameterized circuit used to approximate the ground state of a problem
Hamiltonian. Its expressive power determines how well it can capture the optimal solution landscape of a
clinical optimization problem. Common anséatze include hardware-efficient layers (alternating single-qubit
rotations and entangling gates) and problem-inspired structures (e.g., QAOA mixers). Selecting an
appropriate ansatz balances circuit depth against noise tolerance; deeper ansatze can represent more
complex interactions among patient variables but are more susceptible to decoherence. For example, a
hardware-efficient ansatz may be employed to approximate the optimal combination of biomarkers for a
predictive assay, with parameters tuned via gradient-free optimization. Designing ansatze that respect
hardware connectivity while remaining expressive is a key research frontier.

Quadratic Unconstrained Binary Optimization (QUBO)

Related terms: binary variables, quadratic terms, objective matrix

QUBO is the canonical form for encoding combinatorial optimization problems into a quadratic function of
binary variables. The objective matrix Q captures both linear coefficients (diagonal) and pairwise interaction
terms (off-diagonal). Clinical decision support problems such as selecting a minimal set of diagnostic tests,
scheduling surgical blocks, or allocating limited therapeutic resources can be expressed as QUBOs. The
formulation typically involves converting constraints into penalty terms, thereby “unconstraining” the
problem at the cost of larger coefficient magnitudes. Once the QUBO matrix is constructed, it can be
submitted to quantum annealers, QAOA circuits, or classical solvers for solution. The main difficulty lies in
scaling: large patient cohorts generate QUBOs with thousands of variables, exceeding the qubit budget of
current hardware and necessitating problem decomposition or heuristic reduction.

Recursive Quantum Optimization

Related terms: iterative refinement, multi-scale approach, feedback loop

Recursive quantum optimization applies quantum solvers iteratively, using the output of one round as a
refined input for the next. In a clinical workflow, the first iteration might produce a coarse allocation of
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resources (e.g., ICU beds), which is then evaluated against real-time patient arrivals. The feedback informs a
second quantum run that adjusts allocations to accommodate emergent high-acuity cases. This recursive
scheme can improve solution robustness and adaptivity, especially when patient data streams in
continuously. Implementations often combine quantum annealing with classical heuristics that prune the
search space between iterations. Challenges include managing cumulative quantum runtime, ensuring
convergence, and handling the stochastic nature of quantum outputs that may introduce variability across
recursive cycles.

Resource-Constrained Scheduling

Related terms: makespan, precedence constraints, capacity limits

Resource-constrained scheduling optimizes the timing of clinical activities (e.g., surgeries, imaging sessions)
while respecting limited resources such as operating rooms, staff, and equipment. The problem is modeled
as a QUBO where binary variables indicate whether a task starts at a particular time slot, and quadratic
penalties enforce capacity violations and precedence relationships. Quantum annealers can explore many
feasible schedules simultaneously, exploiting tunneling to escape locally optimal but infeasible timetables.
An example is scheduling a day’s worth of MRI scans to minimize patient wait time while ensuring that no
more than three scanners are active concurrently. The primary difficulty is discretizing time into slots fine
enough to capture clinical flexibility without exploding the variable count, which often requires hierarchical
time-binning strategies.

Risk-Adjusted Objective Functions

Related terms: utility theory, weighted sum, multi-objective optimization

Risk-adjusted objective functions incorporate both expected clinical benefit and associated risk (e.g.,
toxicity, cost) into a single scalar metric. In quantum optimization, these functions are encoded as weighted
sums of benefit and risk terms, with the weights reflecting stakeholder preferences (patient, provider,
insurer). For instance, a treatment plan may be evaluated by the function U = o-Efficacy — -Toxicity, where o
and B are tunable coefficients. The resulting QUBO balances the competing goals, allowing the quantum
solver to identify Pareto-optimal solutions that respect risk thresholds. Calibration of o and B often involves
stakeholder surveys or historical outcome analysis. A challenge is that risk estimates may be uncertain or
derived from limited data, which can lead to suboptimal weighting and consequently biased quantum
solutions.

Scalable Quantum Embedding

Related terms: graph minor, embedding algorithms, qubit overhead

Scalable quantum embedding refers to methods that map large optimization graphs onto the limited
connectivity of quantum hardware while controlling qubit overhead. Techniques such as graph-minor
embedding identify a subgraph of the hardware topology that can represent the problem’s logical graph
with minimal chain length. Advanced algorithms iteratively refine embeddings to reduce chain breaks and
improve solution quality as problem size grows. In clinical decision support, scalable embedding enables
the handling of nationwide patient-registry optimization problems that involve thousands of variables. A
practical approach might involve partitioning the registry graph into regional clusters, embedding each
cluster separately, then reconciling inter-cluster constraints via a higher-level classical optimizer. The main
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obstacle is the exponential growth of embedding difficulty with graph density, often requiring heuristic or
approximate methods.

Simulated Quantum Annealing

Related terms: classical annealing, stochastic differential equations, surrogate models

Simulated quantum annealing (SQA) is a classical algorithm that mimics quantum tunneling by adding a
transverse-field term to a Monte Carlo simulation. SQA solves the same QUBO formulations intended for
quantum hardware, providing a benchmark for the expected performance of actual quantum annealers. In
biomedical engineering, SQA can be used to prototype clinical optimization pipelines before deploying on a
physical device, allowing rapid iteration on problem encoding and penalty scaling. For example, testing
different drug-interaction penalty weights on a classical SQA platform to predict the success rate of a
guantum annealing run. While SQA captures some quantum effects, it cannot fully replicate hardware noise
characteristics, so results must be interpreted with caution.

Stochastic Gradient Descent for QAOA

Related terms: parameter optimization, learning rate, gradient estimator

Stochastic gradient descent (SGD) can be applied to the classical optimization loop of QAOA, updating the
variational parameters (y, B) based on noisy estimates of the energy gradient obtained from quantum
measurements. In clinical decision support, SGD enables efficient tuning of QAOA for patient-specific
optimization problems where the objective function varies across individuals. For instance, adjusting
parameters to minimize the expected adverse event probability for a personalized medication regimen.
Gradient estimators such as the parameter-shift rule provide unbiased estimates but require multiple circuit
evaluations per parameter, increasing quantum runtime. Adaptive learning-rate schedules and momentum
terms can improve convergence, yet the stochastic nature of quantum measurements introduces variance
that may stall progress if not properly managed.

Thermal Relaxation in Quantum Annealing

Related terms: temperature schedule, Boltzmann distribution, relaxation time

Thermal relaxation describes the process by which a quantum annealer’s state equilibrates with its thermal
environment, allowing the system to settle into lower-energy configurations beyond those reachable by
pure quantum tunneling. By controlling the temperature schedule—either maintaining a constant
temperature or introducing pauses—the annealer can exploit both quantum and thermal pathways to
escape local minima. In clinical optimization, thermal relaxation can improve the quality of solutions for
problems with rugged energy landscapes, such as multi-objective treatment planning where many
near-optimal solutions exist. For example, inserting a pause at the minimum gap point of a chemotherapy
scheduling QUBO can allow the system to thermally relax into a more favorable schedule. The trade-off is
increased total anneal time and potential exposure to thermal excitations that may drive the system out of
the desired basin.

Variational Quantum Eigensolver (VQE) for Clinical Optimization

Related terms: ground state, Hamiltonian, classical optimizer

VQE is a hybrid algorithm that approximates the ground state of a problem Hamiltonian by preparing a
parameterized quantum state and minimizing its expected energy using a classical optimizer. Although
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traditionally applied to chemistry, VQE can be repurposed for clinical optimization by encoding the decision
problem into a Hamiltonian whose ground state corresponds to the optimal treatment plan. For instance,
constructing a Hamiltonian that penalizes high toxicity and rewards therapeutic efficacy, then using VQE to
find the lowest-energy configuration. The ansatz may be chosen to reflect the structure of the clinical
variables, such as a layered approach where each layer corresponds to a treatment phase. VQE's advantage
lies in its flexibility and relatively shallow circuit depth, making it suitable for NISQ devices. However,
convergence can be slow, and the presence of many local minima in the energy landscape may trap the
classical optimizer, necessitating advanced techniques like adaptive ansatz growth or meta-learning.

Zero-Noise Extrapolation (ZNE)

Related terms: error mitigation, Richardson extrapolation, noise scaling

Zero-noise extrapolation estimates the ideal (noise-free) result of a quantum circuit by executing it at
multiple artificially amplified noise levels and extrapolating back to zero noise. Noise scaling is achieved by
lengthening gate durations or inserting idle cycles, effectively increasing error rates in a controlled manner.
The collected expectation values are then combined using Richardson extrapolation or similar techniques to
predict the noiseless outcome. In the context of clinical decision support, ZNE can improve the reliability of
quantum-derived treatment scores, especially when the optimization objective is sensitive to small energy
differences. For example, applying ZNE to a QAOA circuit that evaluates the risk-adjusted benefit of a
surgical schedule can reduce bias introduced by decoherence. The method increases overall quantum
runtime and may amplify statistical noise, requiring a careful balance between extrapolation accuracy and
resource consumption.
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