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Abstract

Hybrid quantum—classical computing is emerging as a promising computational paradigm for
addressing complex problems in biomedical discovery that challenge conventional
computational approaches. By combining quantum processors with classical high-
performance computing, artificial intelligence and specialised optimisation algorithms, hybrid
architectures can potentially expand the computational toolkit available for drug discovery,
molecular simulation, biomarker identification and precision medicine. This paper examines
the emerging opportunities and limitations of hybrid quantum-—classical computing in
biomedical research, with particular emphasis on molecular modelling, drug-target
interaction prediction, quantum-enhanced machine learning, molecular optimisation, protein—
ligand simulation and personalised therapeutic decision-making. The study discusses how
classical systems can perform data preprocessing, model training and large-scale optimisation
while quantum processors address selected computational subproblems that may benefit from
quantum representations or algorithms. Potential applications include molecular property
prediction, drug candidate screening, electronic-structure calculations, optimisation of
molecular conformations and patient-specific treatment selection. The paper proposes an
integrated hybrid biomedical computing framework combining quantum processors, classical
high-performance computing, artificial intelligence, biomedical databases and experimental
validation. Particular attention is given to current limitations, including noisy intermediate-
scale quantum devices, limited qubit connectivity, quantum error, data-loading challenges,
algorithmic scalability and the difficulty of demonstrating practical quantum advantage. The
paper argues that near-term value is most likely to emerge from carefully selected hybrid
workflows rather than from fully quantum biomedical systems. Future progress will depend
on advances in quantum hardware, error mitigation, quantum algorithms, multimodal
biomedical Al and standardised benchmarking. The convergence of quantum computing,
artificial intelligence and biomedical science could ultimately create new computational
approaches for accelerating drug development and enabling increasingly data-driven
precision medicine.
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1. Introduction

Biomedical research increasingly depends on computational methods.

Modern drug discovery requires researchers to analyse:

e Molecular structures.

« Protein sequences.

e Genomic data.

e Chemical libraries.

e Clinical records.

e Imaging data.

« Biomarker information.

The scale and complexity of these datasets have increased dramatically.

At the same time, drug discovery remains an expensive and lengthy process.

The traditional pipeline can be represented as:

Target Identification — Hit Discovery — Lead Optimisation — Preclinical Testing —
Clinical Trials

Computational methods have already transformed several stages of this pipeline.

However, many biomedical problems involve complex molecular interactions and
optimisation landscapes that remain difficult to solve efficiently.

Quantum computing provides a fundamentally different computational framework.

Rather than replacing classical computing, near-term quantum systems are more realistically
expected to operate alongside classical processors.

This creates the concept of hybrid quantum—classical computing.

2. Concept of Hybrid Quantum—Classical Computing
A hybrid architecture combines:

Classical Computing + Quantum Computing + Al + Biomedical Data

Each component performs tasks for which it is relatively well suited.

Classical systems can manage:

« Data storage.

o Data preprocessing.

o Statistical analysis.

e Large-scale simulation.

e Machine learning.

e Workflow management.

Quantum processors may be used for selected computational subproblems involving:
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« Molecular states.

o Combinatorial optimisation.
o Sampling.

e Quantum-enhanced learning.

3. Why Hybrid Computing Matters for Biomedical Science
Biomedical problems frequently contain multiple layers of complexity.
For example, drug discovery may require:

Molecular representation.

Electronic-structure calculation.

Protein—ligand interaction modelling.

Property prediction.

Candidate optimisation.

No single computational approach is optimal for all of these tasks.
Hybrid architectures therefore provide a mechanism for combining different computational
paradigms.
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4. Classical Computing in the Hybrid Architecture
Classical systems remain central to the biomedical workflow.
They can perform:

« Dataset preparation.

e Molecular preprocessing.

o [Feature engineering.

e Classical machine learning.

« Database searches.

o Experimental-data analysis.

The quantum processor can then be used only where it provides a potential computational
benefit.

5. Quantum Computing Fundamentals

Classical computers represent information using bits.
A quantum computer uses quantum bits, or qubits.

A classical bit can represent:

orl
A qubit can exist in a quantum superposition of states.
A simplified representation is:

¥) = al0) + 5)1)
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where the probability amplitudes satisfy:

Quantum algorithms exploit properties such as:
e Superposition.

« Entanglement.

e Quantum interference.

6. Quantum Simulation of Molecules

One of the most frequently discussed applications of quantum computing in chemistry is
molecular simulation.

Molecules are governed by quantum mechanical principles.

Classical simulation of electronic structure can become computationally expensive as
molecular complexity increases.

Quantum computers naturally operate according to quantum mechanical rules, creating the
possibility of more direct representations of molecular systems.

7. Drug Discovery as a Molecular Optimisation Problem

Drug development involves identifying molecules that satisfy multiple criteria.
A candidate drug may need:

« High target affinity.

e Good selectivity.

e Appropriate solubility.

e Metabolic stability.

e Low toxicity.

e Suitable pharmacokinetics.

This can be formulated as a multi-objective optimisation problem.

8. Quantum Chemistry

Quantum chemistry methods seek to calculate molecular electronic properties.

Important quantities include:

e Ground-state energy.

o Excited-state energy.

o Electron density.

e Molecular orbitals.

e Reaction energies.

Improved calculation of these properties could support drug discovery and materials
development.
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9. Variational Quantum Eigensolver

The Variational Quantum Eigensolver (VQE) is a hybrid algorithm designed for estimating
molecular ground-state energies.

The workflow involves:

Quantum Circuit — Measurement — Classical Optimisation — Updated Quantum
Circuit
This iterative process is particularly relevant to near-term quantum computing.

10. Hybrid Molecular Simulation
A biomedical workflow could use:
Classical Molecular Modelling

!

Quantum Electronic-Structure Calculation

!

Classical Optimisation

!

Molecular Property Prediction
This approach avoids requiring the entire simulation to run on a quantum processor.

11. Drug-Target Interaction Prediction

Drug efficacy depends strongly on interactions between molecules and biological targets.

Al models already predict:

o Binding affinity.

e Molecular interactions.

e Protein-ligand compatibility.

Quantum-enhanced methods could potentially improve selected components of these
prediction pipelines.

12. Molecular Docking

Molecular docking estimates how a drug candidate may interact with a protein target.

The computational problem involves searching many possible:

e Positions.

e Orientations.

e Conformations.

Quantum optimisation techniques could potentially assist with selected search or optimisation
tasks.
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13. Molecular Conformation

A molecule can adopt multiple conformations.

Determining energetically favourable configurations can be computationally demanding.
Hybrid approaches could combine:

o Classical conformational sampling.

e Quantum energy evaluation.

o Classical optimisation.

14. Quantum Machine Learning

Quantum Machine Learning (QML) combines quantum circuits with machine-learning
methods.

Potential applications include:

e Molecular classification.

e Drug-response prediction.

« Biomarker identification.

e Molecular property prediction.

However, practical advantages over well-optimised classical machine learning remain an
active research question.

15. Quantum Neural Networks

Quantum neural networks use parameterised quantum circuits as computational models.

A general hybrid workflow is:

Biomedical Data — Classical Encoding — Quantum Circuit — Measurement — Classical
Prediction

This can potentially be applied to small or carefully selected biomedical datasets.

16. Biomedical Data Encoding

One challenge in quantum machine learning is converting classical biomedical data into
quantum states.

Biomedical datasets can contain:

« Millions of patient records.

e High-dimensional genomic information.

e Imaging data.

e Clinical variables.

Efficient data encoding is therefore an important technical challenge.

17. Genomics and Precision Medicine

Precision medicine seeks to tailor treatment according to patient-specific characteristics.
These may include:

e Genomic variation.
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o (ene expression.

o Biomarkers.

o Disease subtype.

o Treatment history.

Hybrid quantum—classical systems could potentially contribute to optimisation and pattern-
recognition tasks within this ecosystem.

18. Patient Stratification

Patients with the same diagnosis may respond differently to treatment.

Computational models can classify patients according to:

e Molecular profiles.

e Genetic characteristics.

e Clinical features.

Quantum-enhanced optimisation could potentially support selected clustering or classification
tasks.

19. Biomarker Discovery

Biomarkers can help identify:

o Disease risk.

e Treatment response.

o Disease progression.

« Patient subgroups.

Large biological datasets make biomarker discovery a challenging computational problem.
Hybrid approaches could explore quantum-enhanced feature-selection and optimisation
methods.

20. Personalised Treatment Selection
Treatment selection can be viewed as an optimisation problem.
The objective could involve:

Maximise Expected Therapeutic Benefit
while minimising:

Adverse Effects + Treatment Cost + Resistance Risk
Hybrid quantum-—classical algorithms could potentially assist with certain optimisation
components.

21. Cancer Research
Cancer is particularly suitable for computationally intensive precision medicine approaches.
Relevant datasets include:
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« Genomic sequencing.

o Transcriptomics.

e Proteomics.

e Imaging.

e Clinical records.

Hybrid computational systems could support integrated analysis of these data sources.

22. Protein Structure and Molecular Interaction

Protein structure is fundamental to drug discovery.

Classical Al has already made major progress in predicting protein structures.

Quantum computing may complement these methods by addressing specific molecular
calculations rather than replacing existing structural-Al systems.

23. Drug Repurposing
Drug repurposing seeks to identify new therapeutic uses for existing drugs.
Computational systems can search for relationships between:

e Drugs.

e Proteins.
e Diseases.
« Pathways.

Quantum optimisation could potentially support parts of large combinatorial search problems.

24. Virtual Screening

Large chemical libraries can contain millions or more candidate compounds.
Testing every molecule experimentally is impractical.

A hybrid workflow can use:

Classical Al Screening — Quantum Refinement — Experimental Validation
This could reduce the number of molecules requiring detailed evaluation.

25. Lead Optimisation

Once a promising compound is identified, researchers modify its structure.

The objective is often to improve several properties simultaneously.

Hybrid optimisation could assist with exploring candidate molecular modifications.

26. Reaction and Synthesis Planning

Drug development also requires determining how molecules can be synthesised.
Al systems can predict:

o Retrosynthetic pathways.

» Reactions.

AJAMRI Volume 7, Issue 3, May-June 2025 93



http://www.ajamri.com/

@) American Journal of Advanced Multidisciplinary

= Research and Innovation (AJAMRI)
AJAMRI

E-ISSN: XXXX-XXXX e Website: www.ajamri.com e Email: editor@ajamri.com

e Reagents.
e Synthetic feasibility.
Quantum optimisation could potentially support complex pathway-selection problems.

27. Pharmaceutical Manufacturing

Hybrid computing may eventually contribute to:

e Process optimisation.

o Formulation development.

e Manufacturing scheduling.

e Quality-control analysis.

The impact will depend on whether quantum methods can provide measurable benefits
compared with classical optimisation techniques.

28. Quantum-Assisted Molecular Design
A potential future workflow is:

Therapeutic Target

l

Molecular Requirements
l

Al Candidate Generation
l

Quantum Molecular Evaluation
l
Classical Property Prediction

l

Candidate Optimisation
l

Laboratory Validation
This integrates multiple computational approaches.

29. Artificial Intelligence as the Classical Layer

Al can act as the central orchestration layer.

It can:

o Select candidate molecules.

o Determine which calculations require quantum resources.
« Interpret quantum outputs.

« Rank candidates.

e Schedule experiments.

This creates an intelligent hybrid discovery platform.
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30. Proposed Hybrid Biomedical Computing Framework
The proposed framework contains six layers.

Layer 1 — Biomedical Data
Genomic, molecular and clinical information.

Layer 2 — Classical Al
Preprocessing, prediction and candidate selection.

Layer 3 — Quantum Processing
Selected molecular or optimisation calculations.

Layer 4 — Classical Optimisation
Parameter optimisation and decision-making.

Layer 5 — Experimental Validation
Laboratory testing.

Layer 6 — Continuous Learning
Experimental results are fed back into the Al system.

31. Closed-Loop Drug Discovery

The framework can operate as:

Data — Al — Quantum Calculation — Candidate Ranking — Experiment — Data
The experimental results then improve subsequent computational predictions.

This creates a closed-loop discovery process.

32. Benchmarking Quantum Advantage

A central research question is whether a quantum approach actually provides an advantage.
Comparison should include:

e Accuracy.

o Computational time.

« Energy consumption.

o Cost.

e Scalability.

e Reproducibility.

Quantum algorithms should therefore be evaluated against strong classical baselines.

33. Current Quantum Hardware Limitations
Near-term quantum systems face several challenges.
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These include:

e Noise.

o Decoherence.

e Limited qubit numbers.

o Gate errors.

o Connectivity limitations.

e Measurement errors.

These limitations restrict the size and complexity of biomedical problems that can currently
be addressed.

34. Error Mitigation

Before large-scale fault-tolerant quantum computers become available, error mitigation
techniques may help improve useful computations.

Examples include:

e Zero-noise extrapolation.

« Probabilistic error cancellation.

e Symmetry verification.

However, these approaches introduce additional computational and experimental costs.

35. Quantum Data Loading

Biomedical datasets are predominantly classical.

Moving large datasets into quantum systems can be expensive.

Therefore, efficient data encoding is one of the most important challenges in quantum
machine learning.

36. Algorithmic Scalability

An algorithm that works for a small molecular system may not scale efficiently to
pharmaceutical-scale problems.

Future research must determine:

« Which algorithms scale effectively.

e Which molecular problems benefit most.

e How classical preprocessing should be performed.

e How quantum resources should be allocated.

37. Data Privacy

Precision medicine involves highly sensitive biomedical information.
Hybrid quantum systems therefore require strong safeguards for:

e Genomic data.

e Clinical records.

« Patient identifiers.
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« Research datasets.
Privacy-preserving computational architectures will be essential.

38. Interoperability

Biomedical quantum workflows will involve multiple technologies.
These may include:

o Electronic health records.

e Genomic databases.

e Molecular databases.

o Al platforms.

e Quantum hardware.

o Laboratory automation.

Standardised interfaces will therefore be important.

39. Ethical Considerations

Quantum-enhanced precision medicine raises broader questions.

These include:

Who has access to advanced computational healthcare?

How should algorithmic decisions be validated?

Who is responsible for computational errors?

How should patient consent apply to Al-driven analysis?

Technological development should therefore occur alongside ethical governance.

40. Proposed Research Methodology
An empirical study can compare classical and hybrid approaches.

Phase 1
Select representative biomedical problems.

Phase 2
Develop strong classical baselines.

Phase 3
Implement hybrid quantum-—classical algorithms.

Phase 4
Evaluate performance.

Phase 5
Validate results using biomedical datasets.
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Phase 6

Identify conditions under which quantum methods provide measurable benefits.

41. Evaluation Metrics

Metric

Purpose

Prediction accuracy

Model quality

Molecular-energy error

Quantum chemistry accuracy

Binding-affinity error

Drug-target prediction

Computational time Efficiency
Quantum resource usage Scalability
Classical resource usage Hybrid overhead

Cost per computation

Economic feasibility

Reproducibility

Reliability

Clinical relevance

Translational value

42. Research Questions

ok wnpE

applications?

© o~

Which biomedical problems are most suitable for hybrid quantum—classical computing?
Can quantum algorithms improve molecular-energy calculations at practical scales?
Can QML outperform classical machine learning on selected biomedical datasets?

How can quantum computing improve molecular optimisation?

How should classical Al and quantum processors be integrated?

What quantum resource requirements are necessary for meaningful drug-discovery

Can hybrid systems improve patient-stratification algorithms?
What role can quantum optimisation play in personalised treatment selection?
How should quantum advantage be benchmarked in biomedical applications?

10. What regulatory and ethical frameworks are needed for quantum-enabled precision

medicine?

43. Future Research Directions

Important areas include:

e Fault-tolerant quantum molecular simulation.
e Quantum-enhanced drug discovery.

e Quantum machine learning for genomics.

e Quantum optimisation for treatment planning.
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e Hybrid Al-quantum protein modelling.

e Quantum-assisted biomarker discovery.

e Quantum-enabled molecular generation.

e Privacy-preserving quantum biomedical computing.
e Quantum-enhanced clinical decision support.

e Autonomous hybrid drug-discovery laboratories.

44. Strategic Recommendations
Researchers should:
1. Focus on specific high-value biomedical problems rather than broad claims of quantum
advantage.
Establish strong classical baselines.
Develop hybrid rather than purely quantum workflows.
Improve quantum error mitigation.
Invest in efficient biomedical-data encoding.
Build benchmark datasets.
Integrate Al with quantum optimisation.
Validate computational predictions experimentally.
Develop privacy-preserving architectures.
. Establish interdisciplinary collaborations between quantum scientists, computational
chemists, biomedical researchers and clinicians.

©ooNo s WD
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45. Discussion

The most realistic near-term future of quantum computing in biomedicine is likely to be
hybrid.

Classical computers remain extremely effective for:

e Large-scale data processing.

e Deep learning.

« Database management.

« Statistical analysis.

Quantum processors may provide additional capabilities for selected problems involving:

e Quantum chemistry.

e Optimisation.

e Sampling.

e Molecular modelling.

Consequently, the important question is not:

"Will quantum computers replace classical computers in drug discovery?"

Rather, the more useful question is:

"Which biomedical computations should be performed quantum mechanically, and how can
they be integrated efficiently with classical Al and high-performance computing?"
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This shift in perspective is essential for realistic technology development.

46. Towards Quantum-Enabled Precision Medicine

Precision medicine increasingly depends on integrating multiple layers of biological
information.

A future platform could combine:

Genomics + Proteomics + Molecular Data + Clinical Data + Al + Quantum Computing

Such a platform could potentially identify relationships between patient characteristics and
therapeutic outcomes that are difficult to discover using conventional methods.

However, clinical deployment would require extensive validation.

47. Conclusion

Hybrid quantum—classical computing represents an emerging computational paradigm with
potential applications across biomedical discovery.

Its strongest opportunities may lie in areas where quantum mechanics is intrinsic to the
problem, particularly molecular electronic-structure calculations and selected optimisation
tasks.

Drug discovery could potentially benefit through:

e Molecular simulation.

e Drug-target modelling.

« Virtual screening.

o Lead optimisation.

e Molecular design.

Precision medicine could potentially benefit through:

o Biomarker discovery.

o Patient stratification.

e Genomic analysis.

e Treatment optimisation.

Nevertheless, significant technical limitations remain.

Current quantum hardware is noisy, quantum resources are limited, and practical quantum
advantage has not yet been established across most biomedical workloads.

The most credible development pathway is therefore a hybrid architecture combining
classical Al, high-performance computing, quantum processors and experimental validation.
The emerging paradigm can be summarised as:

Classical Al + Quantum Computing + Biomedical Data + Experimental Validation — Next-
Generation Computational Biomedicine

As quantum hardware matures and hybrid algorithms become more efficient, this
convergence could contribute to faster molecular discovery and increasingly personalised
approaches to healthcare.
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