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funds are being used to support this research.
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Certification

Certification: All information is complete; | (PI) am responsible for the research; data will not be
used to support litigious/commercial aims.

Data Use Agreement Training: As the Principal Investigator of this study, | certify that | have
completed the YODA Project Data Use Agreement Training

1. NCT04614948 - VAC31518C0OV3009 - A Randomized, Double-blind, Placebo-controlled Phase
3 Study to Assess the Efficacy and Safety of Ad26.COV2.S for the Prevention of SARS-
CoV-2-mediated COVID-19 in Adults Aged 18 Years and Older

2. NCT00210925 - CAPSS-278 - A Multicenter, Randomized, Double-Blind, Placebo-Controlled,
Flexible Dose Study to Assess the Safety and Efficacy of Topiramate in the Treatment of
Alcohol Dependence

What type of data are you looking for?: Individual Participant-Level Data, which includes Full
CSR and all supporting documentation

Research Proposal

Project Title

Can Quantum Machine Learning Accurately Predict the Therapeutic Outcomes of Drugs Based on
Clinical Data?

Narrative Summary:

The predictive modelling of drug therapeutic outcomes is critical for advancing precision medicine
and optimising patient care. While classical machine learning methods have demonstrated
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significant progress in this domain, they often face challenges with scalability and computational
efficiency when processing complex clinical datasets. Quantum machine learning (QML) offers a
novel approach, leveraging quantum computing's unique properties to address these limitations.
This dissertation aims to investigate whether QML can accurately predict therapeutic outcomes of
drugs using clinical data, and if so, how its performance compares to classical methods.

Scientific Abstract:

Background

Predictive modeling of drug therapeutic outcomes is critical for advancing precision medicine and
improving patient care. Traditional machine learning has made notable progress in this domain but
struggles with scalability and computational efficiency when handling complex clinical datasets.
Quantum machine learning (QML) offers a transformative approach, leveraging quantum
computing's unigue capabilities to address these challenges.

Objective

This study aims to evaluate the feasibility and accuracy of QML in predicting drug therapeutic
outcomes using clinical data, comparing its performance with classical machine learning methods.
Study Design

The study employs a computational design, combining theoretical and empirical approaches. QML
algorithms will be developed and benchmarked against classical machine learning models using
curated clinical datasets.

Participants

De-identified clinical datasets representing diverse patient populations and therapeutic outcomes
will be used. These data will be sourced from public repositories or institutional collaborations to
ensure representativeness.

Outcome Measures

Primary: Predictive accuracy of QML algorithms.

Secondary: Computational efficiency, scalability, and robustness to noise and missing data.
Statistical Analysis

Performance metrics, including accuracy, precision, recall, F1-score, and ROC curve analysis, will
evaluate predictive accuracy. Efficiency and scalability will be assessed by comparing runtime and
resource utilization. Sensitivity analyses will determine robustness under various data conditions.

Brief Project Background and Statement of Project Significance:

Background

Predicting therapeutic outcomes is essential for drug discovery, personalised medicine, and clinical
decision-making. Machine learning (ML) has been instrumental in analysing high-dimensional clinical
data; however, as datasets grow in size and complexity (e.g., integrating genomic, demographic, and
environmental factors), classical ML algorithms face scalability and computational bottlenecks.
Quantum machine learning, a promising field at the intersection of quantum computing and artificial
intelligence, has the potential to overcome these limitations through quantum-enhanced data
processing and optimisation.

Research Problem

The question this research seeks to address is: Can quantum machine learning provide accurate and
computationally efficient predictions of therapeutic outcomes compared to classical machine
learning approaches?

Significance of the Study

This study is among the first to explore QML applications in the domain of drug efficacy prediction,
potentially bridging the gap between quantum computing and healthcare. The findings could
accelerate drug development, enhance precision medicine, and pave the way for future
interdisciplinary research.

Specific Aims of the Project:

Primary Objective
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To evaluate the accuracy and efficiency of QML models in predicting therapeutic outcomes from
clinical data.

Specific Objectives

1. Develop and implement quantum machine learning models suitable for analyzing clinical data.
2. Compare the performance of QML models against classical ML models on benchmark datasets.
3. Identify clinical data types and features that are most suitable for quantum-enhanced predictions.
4. Analyze the computational trade-offs and scalability of QML models in real-world healthcare
scenarios.

Research Questions

1. How does the prediction accuracy of QML models compare to that of classical ML models for
therapeutic outcome prediction?

2. What types of clinical data (e.g., genomic, demographic) are most effectively utilized by QML
models?

3. What are the computational challenges and benefits of deploying QML in this domain?

4. How can hybrid quantum-classical models address current hardware limitations?

Study Design:
Methodological research
What is the purpose of the analysis being proposed? Please select all that apply.

Other: Despite the potential of quantum machine learning , its applications in healthcare remain
under-explored. There is a need for empirical studies comparing quantum machine learning and
classical machine learning in realistic clinical scenarios.

Research Methods

Data Source and Inclusion/Exclusion Criteria to be used to define the patient sample for
your study:

Inclusion Criteria

All available de-identified individual participant-level data (IPD) from the requested trials will be
included, provided they meet the necessary parameters for training machine learning models.
Specifically:Participants with complete baseline and outcome data.

Relevant demographic and clinical characteristics required for feature engineering (e.g., age,
gender, treatment data, laboratory results).

Exclusion Criteria: Participants with missing or incomplete key variables required for the machine
learning model will be excluded.

Quantum Machine Learning Platform
The individual participant-level data (IPD) will be preprocessed and analyzed using a hybrid quantum-
classical machine learning approach.

Quantum Tools: IBM Quantum for implementing quantum models.
Classical Tools: Python libraries such as TensorFlow Quantum or Scikit-learn for preprocessing,
feature selection, and hybrid modeling.

Data will undergo preprocessing, including feature engineering and normalization, to ensure
compatibility with quantum encodings such as amplitude or angle encoding.

Primary and Secondary Outcome Measure(s) and how they will be categorized/defined for
your study:

Primary Outcome Measure(s)
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The primary outcome measure reflects the accuracy and predictive performance of quantum
machine learning (QML) models in predicting therapeutic outcomes based on individual participant-
level clinical data.

List of Primary Outcomes

Predictive Accuracy: The accuracy of QML models in predicting therapeutic outcomes (e.g., response
to treatment, progression-free survival).

Measurement: Evaluated using metrics such as Area Under the Receiver Operating Characteristic
Curve (AUC-ROC), precision, recall, and F1 score.

Source: Derived from clinical trials provided by the YODA Project and benchmarked against classical
machine learning models.

Model Robustness: Robustness of QML models in handling missing or noisy clinical data.
Measurement: Changes in predictive performance when introducing perturbations or missing data
during testing.

Main Predictor/Independent Variable and how it will be categorized/defined for your
study:

Main Independent Variable(s)

Drug Intervention: The type, dosage, or combination of drugs administered to participants in the
clinical trials.

Operationalization: Coded as categorical variables indicating the specific drug(s) or treatment arms.
Example:

Variable Name: Drug_Type

Categories: Drug A, Drug B, Combination Therapy (A+B), Placebo.

Relevance: Assesses how different drug interventions independently affect therapeutic outcomes
such as progression-free survival (PFS) or response rates.

Clinical and Demographic Features

Baseline clinical and demographic characteristics of the participants used as predictors in the
quantum machine learning model.

Key Variables:

Age: Continuous variable (e.g., in years).

Gender: Categorical variable (e.g., Male, Female, Other).

Comorbidities: Binary or categorical (e.qg., presence/absence or type of comorbidity).

Baseline Biomarkers: Continuous or categorical, depending on the type (e.g., blood pressure,
cholesterol levels).

Relevance: Evaluates the independent contribution of these characteristics to predicting therapeutic
outcomes.

Other Variables of Interest that will be used in your analysis and how they will be
categorized/defined for your study:

Baseline Health Status: Health status or disease severity before the start of the intervention.
Operationalization:

Variable Name: Disease_Severity

Categories: Mild, Moderate, Severe (based on trial-specific scales or thresholds).

Relevance: Determines how initial health conditions influence the treatment effect and outcome
predictions.

Trial-Specific Variables: Characteristics specific to individual clinical trials, such as duration of
treatment or adherence rates.

Key Variables:

Treatment Duration: Continuous variable (e.g., in weeks or months).

Adherence: Binary or categorical variable (e.g., fully adherent, partially adherent, non-adherent).
Relevance: Assesses potential trial-specific effects on outcome measures.

Alignment with Outcome Measures

The independent variables are selected to:

Train the quantum machine learning model to predict therapeutic outcomes such as treatment
response or progression-free survival.

Evaluate how each variable independently contributes to predictive accuracy, robustness, and model
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performance.
Comparison with Final Analysis
Consistency: The independent variables defined here will be consistently used throughout the study.

Statistical Analysis Plan:

Data Analysis Plan

Step 1: Data Preprocessing: Handling missing data using imputation techniques (e.g., multiple
imputation for continuous variables, mode imputation for categorical variables).

Standardizing and normalizing continuous variables for machine learning algorithms.

Encoding categorical variables (e.g., one-hot encoding or label encoding).

Identifying and addressing outliers using interquartile range (IQR) or z-scores.

Step 2: Data Partitioning: Splitting the dataset into training (70-80%) and testing (20-30%) subsets.
Creating validation subsets (if necessary) for hyperparameter tuning.

Descriptive Analysis

Calculate means, medians, and standard deviations for continuous variables (e.g., age, baseline
biomarkers).

Report frequencies and percentages for categorical variables (e.g., gender, drug intervention
groups).

Visualizations: Use histograms, bar charts, and boxplots for exploratory analysis.

Bivariate Analysis

Objective: Explore associations between independent variables and the primary/secondary
outcomes.

Continuous Independent Variables: Correlation analysis (Pearson or Spearman) with continuous
outcomes.

T-tests or ANOVA for comparisons across outcome categories.

Categorical Independent Variables:

Chi-square tests for associations with categorical outcomes.

Mann-Whitney U or Kruskal-Wallis tests for non-parametric comparisons.

Visualizations: Scatterplots, heatmaps, and grouped boxplots.

Multivariable Analysis

Objective: Examine the independent effects of variables on the primary and secondary outcomes.
Regression Models:

Logistic regression for binary outcomes (e.g., responder vs. non-responder).

Linear regression for continuous outcomes (e.g., change in biomarker levels).

Cox proportional hazards models for time-to-event outcomes (e.g., progression-free survival).
Check model assumptions (e.g., linearity, multicollinearity, proportionality)..

Advanced Analyses

Propensity Score Matching (if applicable):

To balance baseline characteristics across treatment groups and reduce confounding.
Matching methods: Nearest neighbor, caliper matching, or inverse probability weighting.
Kaplan-Meier and Survival Analysis (if applicable):

To compare time-to-event outcomes (e.g., progression-free survival) across groups.
Kaplan-Meier curves for visualizing survival probabilities.

Log-rank tests for group comparisons.

Cox proportional hazards modeling for covariate-adjusted survival analysis.

Quantum Machine Learning Analysis

Develop and evaluate QML models for predicting therapeutic outcomes.

Encode clinical trial data into quantum-compatible formats using amplitude or angle encoding.
Use hybrid quantum-classical models with platforms like TensorFlow Quantum or Pennylane.
Evaluation Metrics:

Predictive accuracy, AUC-ROC, Fl-score, precision, and recall.

Compare QML models against classical machine learning models (e.g., Random Forest, Support
Vector Machine).

Feature Selection:

Use quantum-enhanced feature selection techniques to identify critical predictors.

Validation:

Perform k-fold cross-validation to ensure generalizability.
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Sensitivity analyses to evaluate robustness against missing data or noisy inputs.
Visualization and Interpretation

Generate interpretive visualizations:

Coefficients and odds ratios from regression models.

Survival curves and hazard ratios from Kaplan-Meier and Cox analyses.

Feature importance rankings from machine learning models.

Expected Outcomes

Primary Outcome:

Predictive performance of QML models compared to classical models in predicting therapeutic
outcomes.

Secondary Outcomes:

Insights into the independent effects of demographic, clinical, and trial-specific variables.
Computational efficiency and feature selection capabilities of QML.

Reporting

The final analysis will include:

Clear documentation of the statistical methods used.

Tables and visualizations summarizing results.

Sensitivity analyses and model validation details to ensure robustness.

Software Used:

R

Project Timeline:
Key Milestone Dates

1. Anticipated Project Start Date: January 7, 2025. Data access granted, project initiation, and initial
coordination.

2. Data Preparation and Preprocessing: February 15, 2025
3. Exploratory data analysis to understand distributions, trends, and relationships: March 15, 2025

4. Descriptive, bivariate, and multivariable analyses. Development, training, and validation of
quantum machine learning models. Benchmarking QML against classical methods. April 15, 2025

5. Drafting the manuscript, including methodology, results, and discussion. August 15, 2025

6. Initial review by collaborators and advisors. October 15, 2025

7. First Submission for Publication Date: December 15, 2025

Dissemination Plan:

Primary Manuscript

Title (tentative): "Evaluating the Predictive Power of Quantum Machine Learning for Therapeutic
Outcomes Using Clinical Trial Data."

Content: Comprehensive description of the methodology, analysis, results, and implications of using

quantum machine

Present findings at national and international conferences related to: Quantum computing, Clinical
trials and healthcare analytics.

A summary report tailored for non-technical stakeholders (e.g., healthcare providers, policy-makers)
explaining the potential of QML in precision medicine.

Code or algorithms developed during the study (subject to permissions and ethical guidelines) may

6/7



thYeo DA Forging a unified 2024-0980
PROJECT scientificcommunity  pyplished on The YODA Project (https://yoda.yale.edu)

be shared via platforms like GitHub to encourage reproducibility and collaboration.
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