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Results & Outcomes

Quantum contrast Mining (QCM) places measurement-pattern selection on Lung-cancer prototype (309 records) total 931 feasible subgroup pairs generated,
the quantum circuit; patient-level records remain classical. 356 retained after outcome-based screening. v QCMSD demonstrates how quantum optimization can be integrated into a hybrid

Data preprocessing & Subgroup : Data cleaned and P defining subgroups, workflow for exploring large combinatorial measurement-pattern spaces
M searched for contrast patterns, Y for screening/validation. Multivariable rules 356 1.24M pair-pattern v" Results establish hardware feasibility and high-ranking pattern recovery
(length 2—5) built from P under feasibility constraints; Target-screened pairs evaluations

Classical contrast-pattern mining [1]: Exhaustive enumeration provides
ground truth; beam search and equal-budget random search use the same

Methods QCMSD Framework

Impact, Challenges & Future work
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 Translating contrast-pattern mining into a meaningful quantum objective.
 Managing deep Dicke-state preparation and numerous two-qubit interactions.

candidate budget as QAOA 74,760 valid 66,119 IBM observed . IBMZMlaigike_Sh _ - Ensuring fair comparisons with classical and random-search baselines.
‘ 0 for QCM: F ) . classical pattern fixed-k candidates erg;‘;dﬂ'} C“‘;‘"ts'
. seconds . . . .
QA.OA t(.)rmm?lt'onthoiigzl\g'dr gr(e)aA%:ubgrorL:p pfalr, measgren;eptl » Develop quantum-assisted generation and pruning of subgroup pairs.
Con.]]\/L[JnC |OnS O eng - 3y TS . | Searcnes 1or a comboinatoria Space A. Recovery at a matched candidate budget 50 B. Fraction of matched space evaluated > Implement 3 hardware'efﬂC|ent D|Cke'State preparatlon CIFCUIt
of () possnblg mgasurement comblnatlons. | | 100 TH B ] > Test deeper QAOA, shot-based parameter optimization, and error-mitigation.
The cost Hamiltonian encodes this score, while the XY mixer preserves the ol £ a0 -
fixed-k constraint. The QAOA state is optimized over classical parameters vy, S :
3, with cost Hamiltonian H¢ and mixer H y: ) £ 3 The author acknowledges the Mizzou Quantum Innovation Center (QIC) and the
1 . —iBoHy ,—iypH, £ 20 University of Missouri Institute for Data Science and Informatics for supporting this
Hy = EZ(Xin T Yiyi) Y. B)) = 1_[6 € [ Po) $ " research, and thanks the faculty mentor and QIC / IBM Quantum collaborators for their
(i) t=1 o § 10 guidance, training, and IBM access.
Support, (cp) = {x € SG;: x satisfies cp} support = 0.20 O : Abbreviations: QPU - Quantum Processing Unit; FDR - False Discovery Rate; P/M/Y -
PPOTEACP) = ISG; | minimum support («a) Top-1 Top-5 Top-10 e e e population / measurement / outcome variables.
Growth (cp) — max(Support1 (Cp)’ Supportz (CP)) T € . .gl‘OWth = 2.0 = oneroies | 1. Liu, D., Baskett, W., Beversdorf, D., & Shyu, C. R. (2020). Exploratory data mining for subgroup cohort discoveries and prioritization.
min(Support,(cp), Support,(cp)) + e | minimum growth (p) Figure 3. (A). Top-r recovery is the share of pair-k instances returning at least one exhaustive IEEE Journal of Biomedical and Health Informatics, 24(5), 1456-1468. | o |
. . . 2. Farhi, Edward & Goldstone, Jeffrey & Gutmann, Sam. (2014). A Quantum Approximate Optimization Algorithm.
QAOA-generated bitstrings are decoded into Candidate patterns and exaCt tOp-I’ pattern; (B) Coverage Is the fraction of the matched candidate space evaluated. 3. S. Hadfield et al., (2019) “From the Quantum Approximate Optimization Algorithm to a Quantum Alternating Operator Ansatz,”

. . . . Algorithms, vol. 12, no. 2, p. 34.
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.


	Slide Number 1

