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Central question:  Does constrained QAOA explore high-quality biomedical 
contrast-pattern to explain subgroup and recover high-ranking patterns that 
perform better than random selection?

• Design a hybrid quantum–classical subgroup-discovery framework.
• Identify meaningful contrast patterns that distinguish subgroup pairs.
• Formulate contrast mining as a quantum combinatorial optimization 

problem.
• Validate and evaluate quantum-generated candidates against classical 

ground truth.
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Quantum contrast Mining (QCM) places measurement-pattern selection on 
the quantum circuit; patient-level records remain classical. 
Data preprocessing & Subgroup :  Data cleaned and P defining subgroups, 
M searched for contrast patterns, Y for screening/validation. Multivariable rules 
(length 2–5) built from P under feasibility constraints; 
Classical contrast-pattern mining [1]: Exhaustive enumeration provides 
ground truth; beam search and equal-budget random search use the same 
candidate budget as QAOA
QAOA formulation for QCM: For each subgroup pair, measurement 
conjunctions of length k = 2,3,4,5. QAOA searches for a combinatorial space 
of 𝑀𝑀

𝑘𝑘  possible measurement combinations. 
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• Translating contrast-pattern mining into a meaningful quantum objective.
• Managing deep Dicke-state preparation and numerous two-qubit interactions.
• Ensuring fair comparisons with classical and random-search baselines.

 QCMSD demonstrates how quantum optimization can be integrated into a hybrid 
workflow for exploring large combinatorial measurement-pattern spaces

 Results establish hardware feasibility and high-ranking pattern recovery

Figure 1. End-to-end QCM (Quantum Contrast Mining for Subgroup Discovery) workflow. Patient-level 
data remain classical; the quantum component searches the measurement-selection space, and all 
sampled candidates return to the classical dataset for exact validation.

Quantum-Enhanced Data Mining for 
Subgroup Discovery 

 Develop quantum-assisted generation and pruning of subgroup pairs.
 Implement a hardware-efficient Dicke-state preparation circuit.
 Test deeper QAOA, shot-based parameter optimization, and error-mitigation.
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Subgroup discovery (SD) identifies meaningful patient groups with shared 
characteristics and unusually different outcomes. 
A contrast pattern is a combination of measurements that is common in one 
subgroup but uncommon in another.  
Traditional SD struggles to explore large combinatorial search as subgroup 
rules and measurement combinations increase and overlook subgroup 
structures due to heuristic pruning and computational limit.

Why Quantum: Classical exhaustive search evaluates patterns individually, 
where as Quantum Approximate Optimization Algorithm (QAOA) represents 
feasible measurement combinations in superposition and uses interference to 
concentrate sampling on high-scoring candidates. 
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QAOA Formulation for QCM

Lung-cancer prototype (309 records) total 931 feasible subgroup pairs generated, 
356 retained after outcome-based screening.

Figure 3. (A). Top-r recovery is the share of pair–𝑘𝑘 instances returning at least one exhaustive 
top-r pattern; (B) coverage is the fraction of the matched candidate space evaluated.

The cost Hamiltonian encodes this score, while the XY mixer preserves the 
fixed-𝑘𝑘 constraint. The QAOA state is optimized over classical parameters γ, 
β, with cost Hamiltonian 𝑯𝑯𝑪𝑪 and mixer 𝑯𝑯𝑴𝑴:

66,119 hardware observed 
fixed-k candidates
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Figure 2. Representative eight-qubit circuit (𝑝𝑝 =1, 𝑘𝑘 =3): Dicke-state initialization prepares 
feasible subsets, the Z/ZZ cost layer encodes the contrast surrogate, and the XY mixer 
preserves Hamming weight before measurement. Backend: IBM Marrakesh (Heron r2), 1,424 
circuits, jobs: 37,  QPU: 324s.
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QAOA-generated bitstrings are decoded into candidate patterns and exact 
support, growth, and significance validation.

Presenter Notes
Presentation Notes
QAOA proposes measurement patterns, and classical statistics determines which candidates satisfy the contrast-pattern criteria. Hardware experiments used IBM Marrakesh. We executed 1,424 circuits covering 356 subgroup pairs and four pattern sizes across 37 jobs, using 324 QPU seconds.
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