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Introduction

Female urinary incontinence affects 40% of patients over the age of
40. Among these patients, 50% require surgical intervention, with a
variety of surgical techniques available. This diversity in treatment
options makes the choice of the most appropriate surgical
procedure challenging.

Monte Carlo Simulation: Generated a seed sample of 123 patients
with treatments assigned by experts; results were clinically feasible
and similar to the previous sample.

AppSheet Tool: Simplified expert treatment assignment, integrating

with the machine learning model.

Hypothesis

Machine Learning Models: Developed using Python; precision
ranged from 54,33% to 96,15%.

Informed by global guidelines, expert input, and prior case
experience, a computational prediction model can streamline
surgical decision-making for female urinary incontinence.

Logistic Regression Model: Achieved 83% precision, with higher
precision models needing bias assessment.

Current Phase: Nearing completion of the decision support system

o _ _ _ o design; further refinement and validation required before clinical
SFUI Guidelines: National and international guidelines for use.

management rules.

Expert Interviews: Input from three urogynecology experts. Fig 3 Precision of the nine different models obtained
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Clinical Data: Anonymized records (2014-2019) for identifying 53
clinical variables.

Microsoft Excel: For descriptive analysis and patient simulation.
AppSheet Tool: For expert input on surgical recommendations.

Python: For data generation and machine learning model
development.

Monte Carlo Method: To generate synthetic clinical data.

Validation Dataset: 100 synthetic patients for model validation.

Dashboard Tool: For displaying and updating model performance
metrics. ; 20
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The successful simulation of a patient sample and development of
Putes machine learning models mark significant progress toward a

' ' decision support system for surgical management for female urinary
incontinence. Key points include:

Fig 1 View for the expert to assign treatment
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Model Precision Variability: Variability in precision across models
highlights the complexity of predicting optimal treatments for SFUI

patients. Further refinement and investigation of underlying factors
and biases are necessary to enhance accuracy.

AppSheet Tool Utilization: The AppSheet tool simplified treatment
assignment by clinicians. However, integrating it with machine
learning models needs careful consideration to ensure seamless
operation in clinical practice.

Fig 2 Spearman correlation between the three experts in the decision making
of the seed sample (160 patients)
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Importance of External Validation: Promising simulated results
lack external validation with real-world data. Rigorous external
validation studies are essential before clinical implementation to
assess performance, generalizability, and reliability. Ongoing
validation is crucial for maintaining system accuracy.

Methodology

1. Define Rules: Reviewed guidelines and conducted expert
interviews to establish decision rules.

Potential Clinical Impact: A robust decision support system can
significantly improve clinical practice by providing evidence-based,
personalized recommendations, aiding clinicians in making informed
decisions, optimizing treatment outcomes, and improving Ul patient
care. Integration of this technology may also enhance workflow
efficiency and advance personalized medicine in urogynecology.

Fig 4 Home view App

2. Define Inputs: Identified risk factors and selected 53 clinical % prec d - —

variables from patient data (2014-2019). .
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3. Define Outputs: Chose one surgery recommendation from
Medical Record Graphics Dashboard Al Metrics Predict

eight options (TVT, TOT, Mini Sling, Burch, Bulking, Autologous
Conclusions

TVT, Adjustable TVT, Artificial Sphincter).
4. Simulate Patients: Generated a seed sample of 160 patients;
experts assigned treatments.

the development of a computational model incorporating simulation,

expert input, and historical clinical data represents a significant
advancement in improving decision-making for surgical
management of urinary incontinence patients. By leveraging these
tools, clinicians can make more informed decisions tailored to
individual patient needs, ultimately leading to enhanced patient care
and improved surgical outcomes.
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5. Assign Treatments: Developed an app for expert surgical
recommendations, prioritized using the Borda method.

6. Expand Data: Synthetically generated 3,000 patients,
partitioned into training and validation sets.

7. Validate Treatments: Experts reassigned treatments to 100
synthetic patients for validation.

8. Data Analysis: Conducted analysis to identify patient
characteristics and trends.

9. Develop Models: Evaluated machine learning algorithms to
determine the best approach.

10. Integrate Model: Incorporated the model into a clinical

application for use. Further research and validation are needed to ensure clinical

viability. Interdisciplinary collaboration and addressing limitations are
crucial for realizing this innovative approach.

11. Evaluate Performance: Created a dashboard to display
performance metrics, updated with new data.
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