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 Quantum computing has emerged as a disruptive paradigm which can 
transform the information heavy areas of knowledge such as precision 
medicine. The expanding needs of precision medicine based on 
customized therapy in the light of genomics, molecular profiling, and 
clinical data suggest that the computation tasks can demand 
computational capabilities unattainable by the traditional high-
performance computing. Quantum algorithms, which are founded upon 
the laws of superposition, entanglement and quantum parallelism, offer 
a scale factor of exponential on a problem in genomics, drug discovery, 
medical imaging and biomarker discovery. This is a review article that is 
a narrative synthesis of emerging trends at the interface of quantum 
computing and precision medicine. In particular, it discusses women 
topics such as patient stratification and imaging analysis with quantum 
machine learning (QML), protein-ligand interactions and drug discovery 
with quantum chemistry simulations, and quantum-classical 
architectures to combine complex biomedical data with clinical 
decision-making. Initial implementations show evidence of proof-of-
concept utility in accelerating the sequencing of genomes, improving the 
accuracy of diagnostic imaging, and improving treatment design. With 
those developments, there are still major issues, such as the problem of 
qubit coherence, scalability of algorithms, barriers to the integration of 
data, and ethical concerns about transparency and fair access. To 
overcome these obstacles, it is necessary to physically co-evolve 
domain-specific quantum algorithms, powerful error-correction 
protocols, and cloud-friendly frameworks that can connect biomedical 
research to current quantum computing devices. This review offers a 
roadmap on how quantum computing can be leveraged to drive 
precision medicine to scalable, interpretable, and patient-centered 
healthcare solutions by outlining both early uses and future 
opportunities. 
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1. INTRODUCTION 
Precision medicine is a new trend in healthcare 
that aims at designing medical therapy to specific 
differences in genetic errors, environment and 
lifestyle variation. Biomass-scale data in genomics, 
proteomics, imaging modalities, and electronic 
health records (EHRs) is becoming increasingly 
used to power this patient-centric model. Analysis, 
integration and interpretation of such 
heterogeneous sources of data have been possible 
and this has made computational methods 
indispensable to clinical translation [1]. However, 
biomedical data is often complicated by the 
combinatorics, exponential search spaces and non-
linear interactions, which tend to hinder classical 
high-performance computing. These limitations act 
as obstacles to the development in the sector of 

swift genome sequencing, large-scale drug 
discovery, and real-time choice support. The 
breakage of these computational bottlenecks looks 
bright in quantum computing, which is founded on 
superposition laws, entanglement and quantum 
parallelism. Quantum algorithms such as the 
Quantum Approximate Optimization Algorithm 
(QAOA) and the Variational Quantum Eigensolver 
(VQE) have become shown to be useful in finding 
solutions to optimization and molecular simulation 
problems inaccessible to classical algorithms [2], 
[3]. Recent advances in Noisy Intermediate-Scale 
Quantum (NISQ) systems have enabled the first 
application of quantum-enhanced machine 
learning, quantum chemistry simulations and 
quantum/classical pipelines to biomedical 
challenges [4], [5]. In spite of such progress, 
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current studies remain on an exploratory level. 
Most recent works are confined to a small scale 
demonstrations of proof of concept, but with 
unstable hardware, error correction, and domain 
specific quantum algorithms [6]. Moreover, there 
are limited reviews that synthesize specifically the 
alignment of quantum computing with the data-
driven needs of precision medicine, in translating 
early theoretical work into clinical-relevant use. It 
is the goal of this narrative review to fill this gap by 
synthesizing the state-of-the-art in quantum 
computing in precision medicine. In the first 
section (Section 2), we describe the background 
ideas of how quantum algorithms relate to 
biomedical problems. Then we consider some of 
the initial genomics, biomarker discovery, drug 
discovery, medical imaging, and clinical decision 
support applications (Section 3). Hardware 
opportunities and challenges, maturity of 
algorithms and integration of data are then 
discussed (Section 4). Lastly, we suggest a research 
roadmap to apply quantum computing to precision 
medicine ecosystems in the future (Section 5), and 
conclude with remarks (Section 6). 
This review offers a timely contribution to 
researchers, clinicians, and technologists aiming to 
use quantum computing to achieve scalable, 
interpretable, and patient-centered precision 
medicine by consolidating the existing knowledge 
and outlining the existing gaps in knowledge. 
 
2. Quantum Computing Foundations for 
Biomedical Applications 
Implementing quantum computing to precision 
medicine needs to know the underlying algorithms 
and structures that can be applied to biomedical 
issues. Although the majority of biomedical 
datasets and workflows are currently handled by 
classical high-performance computing, quantum 
paradigms provide radically new representations, 
processing and analysis of information. Quantum 
algorithms, quantum machine learning (QML), 
quantum chemistry simulations, and hybrid 
quantum-classical models (4) are the foundational 
pillars of current and future application (Figure 1). 
 
2.1 Quantum Algorithms 
The quantum algorithms use superposition and 
entanglement to speed up computationally 
intractable tasks to classical systems. An example 
of such a search algorithm is the search algorithm 
developed by Grover, which allows the search of 
unstructured databases in quadratic time, 
extending to high-dimensional biomedical data e.g. 
gene-disease association and electronic health 
record (EHR) mining [7]. Equally, Shors algorithm, 
though originally created to factor large integers, 
has an indirect meaning to the biomedical field, by 
influencing cryptographic algorithms in securing 

sensitive patient information [8]. Quantum-safe 
encryption is likely to be an important factor as 
biomedical systems become more dependent on 
secure federated learning and distributed health 
data sharing. 
 
2.2 Quantum Machine Learning (QML) 
QML is a hybrid between the representational 
capability of quantum states and pattern-
recognition capabilities of machine learning. 
Quantum support and quantum Boltzmann 
machine approaches have demonstrated 
usefulness in clustering cohorts of patients, disease 
prediction, and biological network modeling [9]. 
Hybrid quantum, and deep-learning architectures 
are more recently being considered to operate on 
complex genomic and imaging datasets. In contrast 
to classical machine learning, QML is capable of 
utilizing quantum parallelism to train multiple 
features at the same time, which may help 
decrease training time of predictive biomedical 
models at the cost of increasing accuracy in small-
data regimes- of which rare diseases research is 
often constrained. 
 
2.3 Quantum Chemistry Simulations 
Simulation of quantum chemistry is one of the 
most promising uses of quantum computing in 
precision medicine. Conventional approaches to 
modeling biomolecular interactions can be 
propagated exponentially with system size, and as 
such, drug discovery pipelines are restricted by 
their accuracy. Simulations of protein-ligand 
interactions can be performed with quantum 
algorithms like the Variational Quantum 
Eigensolver (VQE) and Quantum Phase Estimation 
(QPE) with near-quantum mechanical accuracy 
[10]. This functionality can transform structure-
based drug design to enable researchers to 
determine binding affinities, optimize drug 
candidates and predict off-target interactions with 
an unparalleled degree of accuracy. Preliminary 
experiments on quantum systems have modeled 
small biomolecules, and it can be scaled to 
clinically relevant biopresentations. 
 
2.4 Hybrid Quantum–Classical Frameworks 
With the shortcomings of the existing Noisy 
Intermediate-Scale Quantum (NISQ) machines, 
hybrid frameworks have become the most feasible 
technique in the near-term biomedical 
applications. In such architectures, 
computationally intensive subroutines, e.g. 
molecular energy estimation or optimization loops, 
are offloaded to quantum processors, and the rest 
of the tasks are performed on classical high-
performance computing (HPC) systems [11]. As an 
example, drug discovery pipelines have been 
proposed to be replaced with hybrid workflows, 
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with quantum subroutines used to compute 
electronic structure, and classical modules to 
manage large-scale databases and interpret 
results. The latter type of integration can allow 
researchers to realize the benefits of quantum 
computing without having to wait until the 
creation of fully fault-tolerant quantum computers. 
 

 
Fig. 1.Quantum Computing Foundations for 

Biomedical Applications. 
 
The conceptual framework identifies four main 
areas where biomedical applications of quantum 
computing can be made, namely, quantum 
algorithms (e.g., search with Grover, quantum 
algorithms; Shor), quantum machine learning 
(QML), quantum chemistry simulations, and 
quantum-classical systems. All these pillars offer a 
computational basis to the promotion of genomics, 
drug discovery, medical imaging and clinical 
decision advice in precision medicine. 
 
3. Current Applications in Precision Medicine 
Although still at its initial phases of development, 
quantum computing has already shown a lot of 
promise in transforming computational processes 
to work on precision medicine. A variety of 
application areas, such as genomics, drug 
discovery, medical imaging, and clinical decision 
support are just starting to see quantum-enhanced 
approaches. The initial examples of such 
demonstrations will give an understanding of how 
quantum algorithms and hybrid systems can be 
applied to solve the long-standing challenges 
related to biomedical data processing and 
decision-making (Table 1). 
 
3.1 Genomics and Biomarker Discovery 
Genomic medicine relies on effective analysis of 
large sequencing data, which can include billions of 
nucleotides at a time per single genome. Classical 
alignment and variant-calling pipelines are 
computationally intensive, and pose a bottleneck 
in large-scale population studies. Grover-based 

search and quantum k-means clustering have 
demonstrated quantum algorithms that promise to 
run more quickly than their classical equivalents in 
computing sequence alignment, SNP identification 
and network-based biomarker discovery [12]. 
Quantum-assisted clustering on pilot trials with 
IBM’s Qiskit and Rigetti Forest platform have 
stratified cohorts of patients on shared mutational 
signatures [13]. Besides, decreasing computational 
load, these methods lead to the opportunity to 
discover new rare disease markers that might 
otherwise be hidden in traditional analysis. 
 
3.2 Drug Discovery and Molecular Simulation 
One of the most noticeable areas with direct 
translational value of quantum computing is drug 
discovery. Classical computational chemistry 
algorithms are exponentially scaled with molecular 
size, and restrict the study of protein-ligand 
interactions. Variational quantum algorithms, 
including the Variational Quantum Eigensolver 
(VQE) have been demonstrated to be used on small 
biomolecules with near-quantum accuracy in 
binding affinity prediction [14]. Evidence Tech 
firms such as IBM and Google have shown software 
evidence-of-concept drug discovery processes with 
Qiskit Chemistry and Cirq (respectively) to 
simulate molecular Hamiltonians associated with 
candidate therapeutics [15]. Although present-day 
demonstrations are confined to molecules with at 
most 20 orbitals because of qubit constraints, they 
identify the path to scalable structure-based 
pharmacogenomics and tailored medicine. 
 
3.3 Medical Imaging and Diagnostics 
Medical imaging (MRI, CT and PET) generates 
high-dimensional data sets that demand complex 
pattern recognition in disease diagnosis. Quantum 
convolutional neural networks and quantum SVMs 
are quantum machine learning (QML) models that 
have shown better performance in discovering 
imaging biomarkers, in particular, in data-
constrained cases [16]. As a case in point, 
quantum-enhanced classifiers have been 
experimented on MRI-based Alzheimers detection 
tasks, with comparable performance in accuracy to 
classical deep learning, but with less complex 
training [17]. These initial investigations indicate 
that the QML can be of particular benefit to rare 
diseases and small-cohort imaging research, where 
typical deep learning algorithms are vulnerable to 
overfitting. 
 
3.4 Clinical Decision Support 
Clinical decision support systems Clinical decision 
support systems (CDSS) combine heterogeneous 
patient data, such as genomics, imaging, laboratory 
tests, and EHR records, to support therapeutic 
choices. There is an interest in hybrid quantum-
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classical systems to rationalize the treatment 
pathways, anticipate how the drugs will interact, 
and develop adaptive clinical trials [18]. As an 
example, quantum-inspired reinforcement 
learning was used to simulate optimal dosing 
schedules of chemotherapy, and the convergence 
of these models was shown to be better than 

classical models alone [19]. In spite of the fact that 
the vast majority of existing applications are still in 
the simulation phase, these methods promise a 
future, in which the CDSS may be capable of 
operating with real-time flexibility driven by 
quantum subroutines. 

 
Table 1. Early Quantum Applications in Precision Medicine: Domains, Algorithms, Demonstrations, and 

Limitations 
Domain Algorithms Used Demonstration Examples Key Limitations 
Genomics 
&Biomarker 
Discovery 

Grover’s search, 
Quantum k-means 
clustering 

IBM Qiskit pilot studies on 
patient stratification; 
quantum clustering for SNP 
detection [12], [13] 

Limited qubit scalability; 
proof-of-concept only; 
integration with large 
sequencing datasets 
remains unresolved 

Drug Discovery 
& Molecular 
Simulation 

Variational Quantum 
Eigensolver (VQE), 
Quantum Phase 
Estimation (QPE) 

IBM Qiskit Chemistry 
simulations of small 
molecules; Google Cirq for 
protein–ligand interaction 
modeling [14], [15] 

Restricted to molecules <20 
orbitals; high error rates in 
NISQ devices; not yet 
clinically scalable 

Medical 
Imaging & 
Diagnostics 

Quantum Support 
Vector Machines 
(QSVMs), Quantum 
CNNs 

QSVM applied to MRI-based 
Alzheimer’s detection; hybrid 
QML for PET image 
classification [16], [17] 

Early-stage; tested only on 
small datasets; limited 
interpretability compared to 
classical CNNs 

Clinical 
Decision 
Support 

Quantum-inspired 
reinforcement 
learning, Hybrid VQE 
frameworks 

Quantum RL applied to 
chemotherapy dosing 
optimization; hybrid models 
for adaptive clinical trial 
design [19], [18] 

Simulations only; lack of 
real-world clinical 
validation; challenges in 
integrating multimodal 
patient data 

 
4. Opportunities and Challenges 
Quantum computing and precision medicine are 
converging and have incredible opportunities as 
well as challenges. Although initial experiments 
validate the potentially revolutionary nature of 
quantum algorithms and hybrid systems, the area 
is still in its initial stages. Existing opportunities 
and obstacles must be balanced out to be able to 
chart the navigational path towards clinical 
translation. 
 
4.1 Opportunities 
Some of the most attractive opportunities include 
acceleration of omics-based personalized 
treatments. The multidimensional data sets 
generated by genomics, transcriptomics, 
proteomics and metabolomics are computationally 
demanding to query using conventional methods. 
With the capability to search high-dimensional 
feature spaces, quantum algorithms can potentially 
identify clinically actionable variants and subtypes 
of diseases faster, thereby facilitating genuinely 
personalised therapies of the disease [20]. The 
second opportunity is quantum machine learning 
(QML) to develop better predictor models. 
Through quantum parallelism, QML has the 
potential to enhance the predictive biomarkers 
accuracy and robustness, even when conventional 

machine learning fails to predict because of 
overfitting in small-cohort studies [21]. This may 
be a major benefit especially with rare diseases 
and early phase clinical trials. Lastly, quantum 
models have the possibility of real time, flexible 
clinical decision-making. On-the-fly adaptive 
treatment plans can be generated with hybrid 
quantumclassical models in principle by 
combining multimodal streams of patient data, 
such as imaging data, laboratory data, and genomic 
data. This type of capacity would be a transition 
point between the passive guideline-based 
medicine and the active, information-based clinical 
care [15]. 
 
4.2 Challenges 
With these opportunities, there are a number of 
barriers that should be overcome before quantum 
computing can find its way into precision medicine 
processes. Hardware limitation is the most 
immediate problem. The present Noisy 
Intermediate-Scale Quantum (NISQ) systems are 
limited by qubitdecoherence, gate errors and qubit 
count, which impedes significantly the scale and 
complexity of the problems which can be modeled 
reliably [16]. Immaturity of algorithms is also very 
important. Majority of biomedical quantum 
algorithms are still at the proof-of-concept phase, 
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with only a few demonstrations provided on toy 
datasets or on small molecules. An open research 
frontier is the creation of quantum algorithms that 
are domain specific and could be scaled to address 
real-world biomedical challenges [17]. The issue of 
data integration also exists. Precision medicine is 
based on non-uniform datasets, including genomic 
sequences to imaging modalities and electronic 
health records. These heterogeneous data would 
require powerful preprocessing pipelines and new 
encoding schemes to map such diversity into 
quantum representations, which are not well 
studied [18]. Last but not least, the issue of ethics 
should be handled well. The problem with 
quantum computing in healthcare relates to the 
problem of data privacy, clarification of algorithms, 
and the fairness of access. Existing quantum 
devices are costly and centralized, increasing the 
risk of only deep-pocket institutions accessing 
them that may further widen disparities in global 
health [19]. 
 
5. Future Directions 
Incorporating quantum computing into precision 
medicine is in its infancy but with the continued 
development of hardware, algorithms and hybrid 
workflows, there are optimistic future directions. 
In order to achieve the potential of this 
convergence to the fullest, some strategic 
directions need to be followed, which are summed 
up in Figure 2. 
 
5.1 Development of Domain-Specific Quantum 
Algorithms 
The design of domain-specific quantum algorithms 
to be used on biomedical datasets is a critical 
follow-up step. Recent directions have been 
toward scaling up generic quantum algorithms, 
such as Grovers search or variationaleigensolvers, 
without considering the properties of genomics or 
proteomics data or medical imaging data [20]. 
Algorithms to be used in the sequence alignment 
and protein-ligand docking and multimodal clinical 
data fusion should be investigated further. Such 
customized structures would be scalable, and more 
clinically realistic than proof-of-concept examples. 
 
5.2 Integration with AI-Driven Digital Twins 
The emergence of AI-managed digital twins of 
patients i.e. virtual copies that integrate real-time 
physiological, genomic and imaging data is a 
robust source of synergy with quantum computing 
[21]. These digital twins would be supplemented 
by quantum machine learning systems capable of 
having a more accurate forecast of disease 
development, response to therapy, and 
individualized risk forecasting. This convergence 
would be a move toward more genuinely 
predictive and adaptive healthcare where 

individual treatment is optimized by continuous 
quantum-enhanced modeling. 
 
5.3 Cloud-Accessible Quantum Platforms for 
Translational Research 
One more priority is the deployment of quantum 
platforms, which can be available to all on the 
cloud. Major technology providers IBM, Google and 
Amazon already provide quantum hardware and 
simulators on cloud providers [14]. By expanding 
these platforms to biomedical research, it would 
democratize access to these platforms so that 
researchers and clinicians can validate quantum-
enhanced workflows without local hardware. 
Simultaneously, data governance systems with 
high safety levels should be designed to guarantee 
privacy and adherence to the healthcare standards 
like HIPAA and GDPR. 
 
5.4 Roadmap for Quantum-Enhanced Clinical 
Trials and Regulation 
Lastly, a quantum-enhanced clinical trials roadmap 
should be developed. Although initial 
demonstrations show technical viability, clinical 
application needs well-organized evaluation 
systems that determine accuracy, strength, and 
safety. The regulatory authorities, like the U.S. 
Food and Drug Administration (FDA) and 
European Medicines Agency (EMA), will be 
instrumental in establishing the standards of 
quantum-driven diagnostics/therapeutics [13]. It 
will be necessary to build consensus between 
academic, clinical, and industrial stakeholders to 
make quantum applications be validated, 
explicable, and ethically deployed. 

 

 
Fig. 2.Roadmap for Quantum Precision Medicine. 

 
An estimated time map (2025–2035) of the steps 
towards quantum computing becoming part of 
precision medicine. The roadmap identifies four 
very important milestones, including: (i) the 
development of domain-specific quantum 
algorithms (2025), (ii) their integration with AI-
driven digital twins (2030), (iii) their deployment 
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as cloud-accessible quantum platforms (2030), and 
(iv) their use in clinical trials and regulatory 
frameworks (2035). The combination of these 
steps identifies a translational strategy of early 
technical demonstrations to clinically validated 
uses. 
 
6. CONCLUSION 
This narrative review summarised the ways core 
quantum paradigms, algorithms, quantum machine 
learning, quantum chemistry simulation and 
hybrid quantum-classical workflows, can be 
applied to the data and decision problems of 
precision medicine. In genomics and biomarker 
discovery, drug discovery and molecular 
simulation, medical imaging and diagnostics and 
clinical decision support, initial studies 
demonstrate proof-of-concept improvements in 
search, clustering, molecular energetics and small-
data classification. However, all of these 
improvements are still limited by NISQ-era 
hardware limitations, the immaturity of domain-
specific algorithms, and the problems of encoding 
and integrating heterogeneous clinical 
information. The contribution of the field in the 
near term will probably be hybrid pipelines, which 
will offload quantum-fit subroutines (e.g., 
Hamiltonian estimation, combinatorical 
optimization) to quantum backends but leave the 
data wrangling, model orchestration, and 
evaluation to classical HPC. The actual clinical 
utility will be based on: (i) domain-specific 
quantum algorithms co-designed with biomedical 
priors, (ii) secure and cloud-accessible platforms 
compatible with HIPAA/GDPR, (iii) explainability 
and validation procedures compatible with 
regulators, and (iv) equitable access to avoid 
health disparities to widen. Summing up, quantum 
computing is not to substitute but rather 
supplement state-of-the-art AI and simulation in 
biomedicine. An integrated road map that 
integrates algorithm design with hardware 
innovation and translational science (as described 
in Figure 3) can bring the field past laboratory 
demonstrations, to clinically credible, auditable, 
and scalable applications. 
Practical takeaways. 
 Use hybrid quantum - classical designs today; 

solve subproblems where quantum leverage 
is evident. 

 Benchmarking Clinical baselines and report 
limits (qubits, depth, error) should be 
prioritized. 

 Assemble cross-disciplinary teams (quantum 
scientists, clinicians, ethicists, regulators) to 
speed the process of Table 1 use-cases to 
regulated tools. 

Limitations of this review. Demonstrations at the 
owner level are context- and hardware-dependent, 

and since the area is rapidly changing, there is no 
page that is covered, and those that are reported 
are very recent. 
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