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II‘E Novel approach for non-invasive pelvic floor muscle strength measurement using extracorporeal
surface perineal pressure measurement and machine learning modeling

HO

Abstract

Objective: Accurate measurement of pelvic floor muscle (PFM) strength is crucial for the management of pelvic floor disorders. However, the current methods are invasive, uncomfortable, and lack standardization.

This study aimed to introduce a novel non-invasive approach for precise PFM strength quantification by leveraging extracorporeal surface perineal pressure (ESPP) measurements and machine learning algorithms.

Methods: Twenty-one healthy women participated in this study. ESPP measurements were obtained using a 10x10 pressure array sensor during maximal voluntary PFM contractions in a seated position. Simultaneously,
transabdominal ultrasound was used to measure bladder base displacement (mm) as a reference for PFM contraction strength. Seven ESPP variables were calculated based on ESPP data and intra- and inter-rater reliabilities were
assessed. Machine learning algorithms predicted bladder base displacement from ESPP variables.

Results: The ESPP measurements demonstrated good to excellent intra-rater (ICC=0.881) and inter-rater (ICC=0.967) reliability. Significant correlations were observed between bladder base displacement and middle
(r=0.619, p<0.001) and front (r=-0.379, p=0.002) vectors. The top-performing models for predicting bladder base displacement were the support vector machine [root mean square error (RMSE)=0.139, R2=0.542], random
forest (RMSE=0.123, R2=0.367), and AdaBoost (RMSE=0.123, R2=0.320) on the training set, and AdaBoost (RMSE=0.173, R2=0.537), random forest (RMSE=0.177, R2=0.512), and support vector machine (RMSE=0.178,
R2=0.508) on the test set.

In predicting bladder base displacement, Bland-Altman analysis revealed these models had minimal systematic bias, with mean differences ranging from -0.007 to 0.066, and clinically acceptable limits of agreement.
Conclusion: This study demonstrates the potential of ESPP measurements and machine learning algorithms as a reliable and valid non-invasive approach for assessing PFM strength by quantifying the directionality of
contractions, overcoming the limitations of traditional techniques. Keywords: exercise, machine learning, musculoskeletal, rehabilitation, womens health.

3. Results

3.. Intra- and inter-rater reliability

Table 3 shows the between-session intra-rater reliability using three repetitions of each maximum voluntary contraction by ESPP for examiner 1. For examiners 1, ESPP had ICC (3,3) values of 0.881. The within-session inter-rater
reliability for ESPP was ICC (2, 3)=0.967 for ESPP.

3.2. Relationships between ESPP and bladder base displacement

The correlation coefficients between ESPP and bladder base displacement is presented in Table 4. Significant correlations between the bladder base displacement measured by sonography and middle (r=0.619, p<0.001) and
front vector (r=-0.379, p=0.002) in the measurements of ESPP (Figure 4). Significant correlations were not confirmed between bladder base displacement and total pressure, front ratio, center, lateral and back vector.

3.3. Predictive Models of Machine Learning

The performance of the six machine learning models for predicting bladder base displacement during model training and testing is presented in Table 5.

The six machine learning models were ranked for their performance (based on RMSE) in predicting bladder base displacement using the training dataset as follows: support vector machine (RMSE, 0.139; R2, 0.542), random forest
(RMSE, 0.123; R2, 0.367), AdaBoost (RMSE, 0.123; R2, 0.320), decision tree (RMSE, 0.181; R2, 0.222), linear regression (RMSE,0.163; R2, 0.119), and extreme gradient boosting (RMSE, 0.172; R2, 0.096) (Table 5 and Figure 1). The
six machine learning models were ranked for their performance (based on RMSE) in predicting bladder base displacement using the test dataset as follows: AdaBoost (RMSE, 0.173; R2, 0.537), random forest (RMSE, 0.177; R2,
0.512), support vector machine (RMSE, 0.178; R2, 0.508), decision tree (RMSE, 0.206; R2, 0.340), linear regression (RMSE, 0.216; R2, 0.278), and extreme gradient boosting (RMSE, 0.220; R2, 0.250) (Table5 and Figure 1).
Bland-Altman analysis revealed consistent agreement patterns across different models (Figure 5). All models showed minimal systematic bias, with mean differences close to zero: SVM (mean difference: 0.001; 95% limits
of agreement: -0.290 to 0.293), Random Forest (mean difference: -0.007; limits: -0.323 to 0.309), Linear Regression (mean difference: -0.002; limits: -0.373 to 0.368), AdaBoost (mean difference: -0.036; limits: -0.360 to
0.287), Gradient Boosting (mean difference: 0.066; limits: -0.305 to 0.436), and Decision Tree (mean difference: 0.001; limits: -0.368 to 0.369). The narrow limits of agreement and minimal systematic bias across all models
suggest reliable prediction patterns suitable for clinical applications.

For feature permutation importance, the most important predictors of bladder base displacement in the support vector machine model in the order of high impact based on RMSE were as follows (Figure 6): middle, back, and
front vector. The most important predictors of bladder base displacement in the random forest model in the order of high impact based



4. Discussion

The present study introduces a novel approach for non-invasive measurement of PFM strength using ESPP measurement and machine learning algorithms. The significance of this study lies in its ability to evaluate PFM strength
without the need for invasive vaginal probes, instead relying on ESPP measurements. This non-invasive method not only reduces patient discomfort but also has the potential to encourage more women to seek measurement
and treatment for pelvic floor disorders. Previous studies have highlighted the importance of proper PFM contraction technique in the treatment and prevention of pelvic floor dysfunction. Bo et al. (2017) emphasized the role of
verbal instructions and imagery in promoting effective PFM contractions, describing the action as a "lifting and squeezing” motion.23 Our findings support this concept, demonstrating that the directionality of PFM contractions,
as measured by ESPP vectors, is a significant factor in assessing PFM strength. The strong correlations between the middle and front vectors and bladder base displacement suggest that the inward and upward movement

of the perineum during PFM contraction is a key indicator of muscle strength. The Bland-Altman analysis provided additional insights into model performance beyond traditional metrics. While RMSE and R2 values suggested
varying levels of performance between models, the Bland-Altman plots revealed remarkably consistent prediction patterns across all models. All models demonstrated minimal systematic bias, with mean differences very close
to zero (ranging from -0.036 to 0.066), and showed clinically acceptable limits of agreement. This consistency in prediction patterns is particularly noteworthy given that it was achieved using a non-invasive measurement
technique. The narrow limits of agreement (typically within 0.3 to 0.4 units) suggest that all models maintain stable prediction accuracy across the range of measurements, indicating reliable clinical applicability. These findings
highlight that while traditional performance metrics showed differences between models, all models achieved clinically acceptable levels of agreement between predicted and actual values, supporting the robustness of our
machine learning approach. Feature importance and Shapley Additive Explanation analyses revealed that the middle vector, front ratio, and back vector were consistently identified as the most influential predictors of bladder
base displacement across the top-performing machine learning models. These findings suggest that the pressure distribution in the central and posterior perineal regions, as well as the proportion of pressure in the anterior
region, are key determinants of PFM strength. This information can guide the development of targeted interventions and biofeedback protocols that focus on optimizing the activation patterns in these specific areas.

While the predictive performance of our models might appear modest in terms of traditional statistical metrics, their clinical utility should be evaluated in the context of current clinical practice and patient needs. Our machine
learning models showed consistent performance with R2 values ranging from approximately 0.51 to 0.54 in the test set, which is noteworthy for several reasons. First, these results were achieved using completely non-invasive
measurements, offering a significant advantage over current invasive methods in terms of patient comfort and accessibility. Second, the level of accuracy achieved is comparable to correlations reported between other
non-invasive methods and traditional invasive measurements that reported correlations ranging from 0.45 to 0.66 between transabdominal ultrasound and perineometry 3. Furthermore, Bland-Altman analysis revealed that all
models demonstrated remarkably consistent prediction patterns with minimal systematic bias (mean differences ranging from -0.036 to 0.066) and clinically acceptable narrow limits of agreement (typically within +0.3 to 0.4
units), suggesting their potential utility for initial screening and progress monitoring. The non-invasive nature of our method could significantly improve patient compliance with regular assessment, potentially leading to better
monitoring of treatment progress and outcomes. While there is certainly room for improvement in model accuracy, the current performance level, combined with the method’s non-invasive nature, suggests that this approach
could serve as a valuable screening and monitoring tool in clinical practice.

5. Conclusion

The present study demonstrates the potential of ESPP measurement and machine learning algorithms as a non-invasive, reliable, and valid approach to assessing PFM strength.

The high reliability coefficients (ICC>0.88) indicate excellent measurement consistency. The machine learning models demonstrated robust performance, with the support vector machine and AdaBoost
models achieving R2 values of 0.54 and 0.54 in the training and test sets, respectively. Notably, Bland-Altman analysis revealed remarkably consistent prediction patterns across all models, with minimal
systematic bias (mean differences ranging from -0.036 to 0.066) and clinically acceptable limits of agreement. This consistent performance, particularly in the context of a non-invasive measurement
technique, suggests that our approach could serve as a reliable alternative to traditional invasive methods. While the overall predictive accuracy was moderate, the combination of reliable non-invasive
measurements and consistent prediction patterns with minimal bias suggests this approach could serve as a valuable clinical tool. The non-invasive nature of this approach has the potential to improve
patient comfort and adherence to PFM strength measurement and treatment, ultimately leading to better outcomes for women with pelvic floor disorders. Further research is needed to refine the ESPP
measurement protocol, optimize the machine learning models, and explore the clinical applications of this innovative measurement method in diverse populations.
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