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Abstract

Background: Precision oncology requires advanced computational methods to analyze complex genomic data and predict
treatment responses. Current classical machine learning approaches face limitations in processing high-dimensional genomic
datasets efficiently. Objective: This study develops and validates a quantum-classical hybrid framework to accelerate genomic
analysis of tumor heterogeneity and predict drug resistance mutations with enhanced speed and accuracy. Methods: We
implemented a quantum-enhanced support vector machine (QSVM) using trapped-ion quantum processors integrated with
classical preprocessing pipelines. Our framework analyzed whole-genome sequencing data from 15,412 cancer patients across 12
cancer types. Quantum circuits were optimized for genomic feature spaces using novel embedding techniques. Results: The hybrid
framework achieved 92.3% accuracy (95% Cl: 91.7-92.9%) in predicting drug resistance mutations, demonstrating a 40x speedup
compared to classical SVM implementations. Clinical validation in pancreatic cancer showed 89.7% concordance with observed
treatment outcomes. The quantum approach reduced energy consumption by 68% during model training. Conclusion: Quantum
machine learning significantly enhances genomic analysis capabilities for precision oncology, providing faster, more accurate
predictions of treatment resistance while maintaining ethical data handling standards. This approach establishes a foundation for
quantum-enhanced personalized cancer therapy.
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INTRODUCTION

Cancer remains a leading cause of global
mortality, with approximately 10 million
deaths annually (Sung et al, 2021). Precision
oncology aims to address this challenge
through genomic profiling of tumors to guide
personalized treatment strategies.
However, tumor heterogeneity—the genetic
diversity within and between tumors—poses

significant challenges for accurate
therapeutic targeting (McGranahan &
Swanton, 2017). Current genomic analysis
methods struggle with computational
complexity when processing high-
dimensional data from next-generation

sequencing (NGS), particularly for detecting
rare mutations associated with drug
resistance.

Quantum computing represents a paradigm
shift in computational capabilities, leveraging
quantum mechanical phenomena

like superposition and entanglement to
process information in ways impossible for
classical  computers  (Preskill, 2018).
Quantum machine learning (QML) algorithms
show particular promise for oncology
applications where exponential speedups
could transform clinical decision-making
timelines.

This study presents the first comprehensive
implementation of a quantum-classical
hybrid framework for predicting drug
resistance mutations from whole-genome
sequencing data. Our approach integrates
three innovations:

1. Genomic-specific quantum feature
embedding techniques

2. Optimized quantum support vector
machine (QSVM) architecture

3. Ethical framework for  quantum

computing with sensitive health data

*Corresponding Author: Kartik Hadappala
© The Author(s) 2025, This is an open-access article distributed under the terms of the
Creative Commons Attribution License (CC-BY-NC)



aACCESS

Frontiers in Emerging Technology Vol:1| Iss: 1] 2025

METHODS We analyzed whole-genome sequencing data

Data Collection and Preprocessing from 15,412 cancer patients across 12 cancer
types from the ICGC and TCGA databases

(Table 1). Data preprocessing included:

Table 1: Dataset Characteristics

Median Age 67.2 58.9 64.5 61.3

Male (%) 52.3 1.7 54.8 49.2

Stage III-1V (%) 78.9 42.3 63.7 57.4

Median 63.4 42.7 2315 87.3

Mutations/Tumor

Drug-Resistant 37.4 28.9 43.2 35.1

Cases (%)

Quantum Feature Embedding: We developed e Differential privacy with € = 0.3

a genomic-specific embedding scheme based e Homomorphic encryption during data

on DNA sequence properties: transfer

Quantum  Support  Vector  Machine e Quantum zero-knowledge proofs for

Implementation: The QSVM leveraged access control

trapped-ion quantum processors with the e Bias detection algorithms with fairness

following circuit design: constraints

Ethical Framework RESULTS

We implemented a quantum-safe ethical Performance Metrics

framework featuring:

Table 2: Periormance Comparison oi Genomic Analisis Methods

Classical SVM 86.7 +1.2 0.84 0.82 0.83 342.7 12.4

Random Forest 88.1+0.9 0.86 0.83 0.85 218.5 8.7

Deep Neural Network 89.3 £ 0.7 0.87 0.86 0.87 512.3 21.5

Quantum SVM (This 92.3+0.6 0.91 089 0.90 8.6 3.9

Study)

The QSVM  demonstrated  significant pancreatic cancer subtypes with high tumor

improvements in both computational heterogeneity

efficiency and predictive performance (p <

0.001, ANOVA with Tukey post-hoc test). The Clinical Validation

quantum advantage was most pronounced in We validated the framework in a prospective
cohort of 127 pancreatic cancer patients
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complex genomic datasets, potentially
transforming clinical decision timelines. The
observed energy reduction of 68% addresses
sustainability concerns in computational

oncology.
The quantum feature embedding technique
proved particularly effective for

capturing higher-order

interactions between mutations that
classical methods frequently miss. This
explains the improved accuracy in predicting
resistance patterns in highly heterogeneous
tumors like pancreatic adenocarcinoma.

Clinical Implications

The 89.7% concordance rate with observed
clinical outcomes suggests quantum ML could
substantially improve treatment selection.
Early identification of resistance mutations
would enable:

1. Timely switching to alternative therapies
2. Rational combination therapies

3. Dynamic treatment adaptation

receiving targeted therapies. The quantum 94.1%), outperforming conventional
model correctly predicted treatment methods.
resistance in 89.7% of cases (95% CI: 83.2-
Table 3: Clinical Outcomes in Pancreatic Cancer Cohort
Clinical 64.3 71.2 68.9 66.7 67.7%
Parameters
Genomic Panel 72.8 78.4 76.1 75.3 75.6%
Test
Classical ML 81.6 83.7 82.9 82.4 82.7%
Quantum ML 87.9 91.2 90.1 89.3 89.7%
(This Study)
DISCUSSION 4. Reduced toxicity from ineffective
Quantum Advantage in Genomic Analysis treatments
Our results demonstrate that quantum
machine learning provides significant LIMITATIONS AND FUTURE
advantages for genomic analysis in oncology. DIRECTIONS
The 40x speedup achieved through quantum Current limitations include:
parallelism enables near-real-time analysis of e Qubit coherence time constraints

(average 1.2s in our implementation)
e Limited qubit count (32-qubit processor)
e (Quantum noise effects on rare mutation
detection

Future research should explore:

1. Error-mitigated quantum algorithms

2. Quantum neural networks for spatial
transcriptomics

3. Federated quantum
institutions

4. Quantum-enhanced clinical trial design

learning across

CONCLUSION

This study establishes quantum machine
learning as a transformative approach for
precision oncology. Our quantum-classical
hybrid framework significantly outperforms

classical methods in predicting drug
resistance  mutations  while  reducing
computational time and energy

requirements. The implementation of an

APEC Publisher, 2025




aACCESS

Frontiers in Emerging Technology

Vol:1]| Iss: 1] 2025

ethical quantum computing framework
ensures patient privacy and data security
throughout the genomic analysis pipeline.

Clinical validation in pancreatic cancer
demonstrates the real-world impact potential
of quantum computing in oncology. As

quantum hardware advances, these
approaches will become increasingly
accessible, potentially revolutionizing
personalized cancer therapy through

enhanced genomic analysis capabilities.
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