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A B S T R A C T   

Background: Deep learning methods are increasingly applied in the medical field; however, their 
lack of interpretability remains a challenge. Captum is a tool that can be used to interpret neural 
network models by computing feature importance weights. Although Captum is an interpretable 
model, it is rarely used to study medical problems, and there is a scarcity of data regarding MRI 
anatomical measurements for patients with prostate cancer after undergoing Robotic-Assisted 
Radical Prostatectomy (RARP). Consequently, predictive models for continence that use multi
ple types of anatomical MRI measurements are limited. 
Methods: We explored the energy efficiency of deep learning models for predicting continence by 
analyzing MRI measurements. We analyzed and compared various statistical models and provided 
reference examples for the clinical application of interpretable deep-learning models. Patients 
who underwent RARP at our institution between July 2019 and December 2020 were included in 
this study. A series of clinical MRI anatomical measurements from these patients was used to 
discover continence features, and their impact on continence was primarily evaluated using a 
series of statistical methods and computational models. 
Results: Age and six other anatomical measurements were identified as the top seven features of 
continence by the proposed model UINet7 with an accuracy of 0.97, and the first four of these 
features were also found by primary statistical analysis. 
Conclusions: This study fills the gaps in the in-depth investigation of continence features after 
RARP due to the limitations of clinical data and applicable models. We provide a pioneering 
example of the application of deep-learning models to clinical problems. The interpretability 
analysis of deep learning models has the potential for clinical applications.  
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1. Introduction 

Prostate cancer is the second most prevalent cancer among males globally [1,2]. In over half of the countries (105/185), prostate 
cancer is the most frequently diagnosed cancer among men [3]. According to guidelines and expert consensus, patients with localized 
prostate cancer can achieve a high five-year survival rate with prompt treatment [4–6]. Therefore, the current guidelines for prostate 
cancer treatment not only aim to prolong survival, but also improve the patient’s quality of life by ensuring a good prognosis [6,7]. 

Radical prostatectomy (RP) is the predominant surgical treatment for localized prostate cancer [8]. It can effectively improve 
survival and tumor-specific survival rate [4]. Numerous studies have indicated that urinary incontinence (UI) is the primary 
complication of radical prostatectomy [9,10]. The postoperative urinary incontinence rate ranges from 6% to 20% [11], significantly 
reducing the patients’ quality of life [12–14]. Thus, it is crucial to study the factors that correlate with postoperative UI. Predicting 
postoperative UI in patients before surgery is beneficial. It is important for medical teams to prevent and manage potential urinary 
incontinence [6,7,15]. 

Previous studies have shown that a patient’s anatomical structure is associated with postoperative UI [16,17]. They linked 
membranous urethral length (MUL) on preoperative MRI to postoperative UI [18–21]. However, this study requires further validation. 
To the best of our knowledge, most existing studies have only focused on one or two preoperative MRI anatomical measurements, 
without comprehensively assessing how a patient’s anatomical structure affects postoperative urinary continence (UC) [18–22]. 
However, patients with prostate cancer have complex anatomical structures in the pelvis, which could be a potential factor related to 
postoperative UI and the quality of life [17,23]. Recent studies investigating outcomes of UC have used statistical approaches limited to 
univariate or multiple regression analyses [21,23]. Although these statistical methods are classic, the selection of variables requires 
subjective human judgement, which could lead to omissions and selection biases in comparison to the actual situation. Thus, they are 
not intelligent [24]. Therefore, it is necessary to identify better techniques for thoroughly examining and confirming the correlation 
between UI and other body structures based on preoperative MRI assessments. 

Deep learning methods have been reported more frequently [25]. In 2019, Andrew et al. [26] utilized the DeepSurv deep learning 
model to predict UI recovery in patients who underwent robot-assisted radical prostatectomy (RARP) by using automatic performance 
metrics and clinical characteris. In 2020, Makoto et al. [27] also employed a deep learning model that achieved an AUC curve of 77.5% 
to predict the recovery of UI in RARP patients. Deep learning models have been used to predict UI following radical prostatectomy 
surgery or approaches; however, they do not consider the influence of MUL or other MRI parameters on UC following radical pros
tatectomy and their significance. 

Although deep-learning models can usually predict or judge the results of clinical studies, they lack interpretability [28]. Re
searchers often focus only on the prediction results of the model and neglect to understand the neural network calculation process 
because of the typically large parameter scale of neural networks. At present, few studies have analyzed the impact of the parameters 
on the model from the perspective of explaining neural networks. However, the measurement of these crucial parameters can 
significantly affect the model and has a direct connection with practical clinical concerns [29]. Therefore, it is necessary to explore the 
interpretability of deep-learning assessments of UI features after radical prostatectomy. 

In 2019, Facebook launched the Captum Library, an open-source model interpretation tool offering a range of attribution algo
rithms. Researchers can use them to understand the weight or size of input features and model structure on the model output, as well as 
to explain the model’s operation mechanism [30] and identify the key factors that influence the model results. This inspired us to 
determine what is related to post-radical prostatectomy UI. To date, only a few studies have used the captum to interpret deep learning 
models in clinical research. 

In this study, we employed deep learning and Captum to examine the influence of MUL and other preoperative MRI parameters on 
postoperative UI. Captum provided timely recommendations for interventions and improved the quality of life of patients after radical 
prostatectomy, while allowing them to understand the model’s workings. 

2. Methods 

Ethical approval 

Patient data were approved by the Clinical Ethics Committee of West China Hospital, Sichuan University (Chengdu, China; No. 
2019-869). The hospital’s informatics department controlled a secure data server, where patient records were de-identified and saved. 
In addition, the patients’ private information was removed from the dataset. Original patient identifiers were replaced by random 
numbers. The data and MRIs are anonymous. The study team was trained in patient data security and privacy policies before accessing 
the data. Privacy rights of the human subjects were observed throughout the study. 

2.1. Patients 

The inclusion criteria included patients who underwent RARP at the West China Hospital of Sichuan University between July 2019 
and December 2020 were included. The exclusion criteria were as follows: (1) missing UI assessment information, (2) missing baseline 
information, (3) patients without a preoperative MRI examination in the hospital, and (4) Patients with UI who were placing catheters 
and could not be evaluated. 
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2.2. Data collection 

2.2.1. Clinicopathological characteristics  

(1) The demographic indicators included the patient’s ID, date of birth, age, height, weight, and BMI; (2) the clinicopathological 
characteristics included diagnosis, operation method, operation time, Charlson score, pathological TNM stage, and Gleason 
score. 

2.2.2. Evaluation of UC in patients 
UC was assessed at a random time between 1 month and 12 months postoperatively. According to the corresponding questions of UI 

score dimension in EPIC-26 scale [31] (q-27, question 3: how many sanitary pads or adult diapers do you need every day to control 
urine dripping), evaluate the patient’s UC. This study defined UC as ‘zero piece of sanitary pad or adult diaper per day’ used by 
postoperative patients [31]. 

2.2.3. Acquisition and measurement of MRI parameters before operation 
GE, USA’s 3.0T equipment was used to perform MRI examinations in this study. Under the demonstration and guidance of imaging 

physicians, all preoperative MRI parameters were measured by seven blinded observers, including the authors who were blinded. All 
preoperative MRI parameters were measured using T2 weighted images. The definitions/measurement methods for the specific 
measurement parameters are listed in Table 1. 

2.3. Statistical analysis 

This study analyzed the correlations between preoperative MRI parameters and UC outcomes. To compare the baseline charac
teristics of the two groups of patients with or without UC recovery, the Kruskal-Wallis rank-sum test was used to reveal differences in 
continuous variables, and Fisher’s exact probability test was used to reveal the differences in categorical variables. 

Table 1 
MRI measurement names and their definitions.  

Item Feature Abbreviation Definition 

Sagittal plane Membranous urethral length MUL The distance from the top of prostate to the bottom of the bulbar urethra  
Membranous urethral Angle MUA An obtuse angle obtained by crossing a horizontal line under the pubic symphysis and a 

straight line parallel to the membranous urethra  
Prostate length PL The maximum height of the prostate measured from the base of the prostate to the apex in 

any plane  
Pubic symphysis-prostate apex 
length 

PAL Refers to the distance between the sagittal line of the prostatic crest and the prostatic crest 
line, and the vertical distance between the horizontal extension line of the suprapubic 
crest line and the horizontal extension line of the prostate apex. 

Axial plane Thickness of left obturator 
internus muscle 

TLOIM The maximum thickness of left obturator muscle measured on any plane  

Thickness of right obturator 
internus muscle 

TROIM The maximum thickness of right obturator muscle measured on any plane  

Prostate width PW The maximum prostate width measured at the same level as the maximum width  
Prostate height PH The maximum prostate height measured at the same level as the maximum width.  
Urethral width UW Defined as the maximum diameter of the urethra.  
Distance of outer of the levator ani 
muscle 

DOLAM Defined as the distance from the outer edge of the levator ani muscle measured at the 
same level as the distance from the levator ani muscle  

Distance of inner of the levator ani 
muscle 

DILAM Defined as the narrowest distance from the inner edge of levator ani muscle to the urethra 
below the tip tail edge of the prostate  

Transverse membranous urethral 
thickness 

TMUT Measure the transverse maximum thickness of membranous urethra at the penis root level  

Anterior and posterior 
membranous urethral thickness 

APMUT Measure the maximum longitudinal thickness of membranous urethra at the level of penis 
root  

Left anal sphincter thickness LST The maximum thickness of the left anal sphincter measured in any plane  
Right anal sphincter thickness RST The maximum thickness of the right anal sphincter measured in any plane  
Urethral wall thickness UWT The widest part of the membranous urethra in the axial sequence before entering the 

prostate. 
Coronal plane Thickness of left levator ani 

muscle 
TLLAM The measured maximum thickness of left levator ani muscle.  

Thickness of right levator ani 
muscle 

TRLAM The measured maximum thickness of right levator ani muscle. 

Calculated 
value 

The thickness of levator ani 
muscle in axial plane 

TLAM The difference of DOLAM and DILAM divided by 2  

The cross section surface area of 
membranous urethra 

CSAMU Calculated based on the formula: (TMUT * 1/2) * (APMUT * 1/2)*π  

Prostate volume PV Calculated based on the following formula: PL * PH * PW *π/6  
Membranous urethral volume MUV Calculated by the following formula: CSAMU * MUL  
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Least Absolute Shrinkage and Selection Operator (LASSO) regression analyses were used to select potential predictors by measuring 
the predictability of preoperative MRI parameters in UC. After 10-fold cross-validation, the tuning parameter (λ) was tested, and the 
preoperative MRI parameters were selected when the lambda value achieved the minimum mean cross-validated error. 

Univariate Logistic regression analysis was used to analyze the preoperative MRI anatomical parameters screened by LASSO 
regression, as well as the clinicopathological indicators of the patients. The results are presented as odds ratios (ORs), 95% confidence 
intervals, and p-values. 

All statistical analyses were performed using R language and EmpowerStats statistical analysis software. Statistical significance was 
set than 0.05. significant. 

2.4. Model construction 

This study included clinical data related to UI from 91 patients. Because the number of samples in the data was not balanced, we 
used weighted sampling to address class imbalance. We defined the weight of each class as 1/total number of classes. 

We built a neural network consisting of input, hidden, and output layers. We then set the number of nodes in these layers to 35, 256, 
and 2. In addition, the neural network used cross-entropy loss as the loss function and AdamW as the optimizer. We set the initial 
learning rate of the network to 0.01 and then decayed the learning rate using cosine annealing. After training the neural network 
10,000 times, we obtained a neural network with an accuracy rate close to 100%. 

Captum was used to explore the neural network model and its integrated gradient method was used to determine the impact of each 
feature on the predictive results of the neural network. Captum calculated the contribution of feature α to the results, like Cα = [Cα

1,Cα
2,

⋯,Cα
N], where Cα

i represented the individual contribution value of the i-th sample under the feature α and N was the number of samples. 
We defined the total contribution of feature α as TCα =

∑N
i=1|Ci|/N, which represented the average of all samples. 

Then, features with an absolute value greater than 0.05 were selected as key features that might affect UC. Finally, we identified the 
features that were critical for UC. These features are used to construct a deep neural network model. The neural network consists of an 
input layer, four hidden layers, and an output layer. The numbers of nodes in the layers were 35, 256, 128, 128, 64, and 2. 

The model was used to perform 100 accuracy comparisons with machine learning methods, such as K Nearest Neighbors (KNN), 
Logistic Regression, Support Vector Machine (SVM), Random Forest, and XGboost (random seeds can be found in Supplementary 
Table S1). For the neural networks, we set random number seeds to ensure that the training samples were fully utilized, and for 

Fig. 1. Overview of study design and the architecture of explainable neural network model. A total of 35 features (one named Gleason score 
were encoded by one hot), including clinicopathological characters, anatomical measurements, and calculated values were collected and used in 
feature selection. Two methods were performed in feature selection. One was the traditional method, which included LASSO regression and uni
variate logistic regression. And the other was called Captum, which is a novel algorithm used to explain neural network models. Both methods were 
used to screen out key features. Then these key features were fed into neural network models as input. Finally, ROCs and AUCs were used to 
compare the performance of neural network models to other models. 
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machine learning, a three-fold cross-validation method was adopted to enhance data availability. The accuracy of the model was 
measured using the average accuracy over 100 tests and a 95% confidence interval (with a 95% confidence interval). Differences in 
accuracy between the models were compared using t-tests. 

3. Result 

In this study, we presented a model for predicting UI after RARP using inputs selected from different types of MRI anatomical 
measurements There are two methods for feature selection: LASSO regression and univariate Logistic regression; and Captum, a novel 
algorithm for interpreting neural network models. The key features selected by these two methods were used to construct neural 
network models. Fig. 1 shows that the neural network models outperformed the other five machine learning models in predicting UC. 

3.1. Clinicopathological characteristics and univariate analysis 

A total of 91 patients with prostate cancer who underwent RARP were enrolled in this study. In total, 58 patients were identified 
without UI and 33 patients with UI were identified during the follow-up period. There were significant differences (p-value <0.05) in 
age, MUL, and PAL between the two groups of patients with and without UI, but no significant differences in other aspects. Details of 
the baseline data and MRI parameters are presented in Table 2. 

Table 2 
Clinicopathological characteristics and MRI parameter information of patients.  

Information Total Urinary incontinence Urinary continence P-value 

Number of patients 91 33 58  
Age (year) 67.20 ± 7.55 69.70 ± 5.11 65.78 ± 8.35 0.008* 
Height (cm) 166.92 ± 6.23 166.09 ± 7.63 167.40 ± 5.30 0.335 
Weight (kg) 67.34 ± 10.17 67.63 ± 10.99 67.17 ± 9.76 0.655 
BMI (km/m2) 24.11 ± 2.88 24.41 ± 2.60 23.94 ± 3.04 0.656 
Charlson score 2.57 ± 1.36 2.55 ± 0.94 2.59 ± 1.56 0.495 
MUL (mm) 15.12 ± 3.63 13.49 ± 3.23 16.04 ± 3.55 <0.001* 
TLOIM (mm) 18.45 ± 3.38 18.18 ± 3.76 18.61 ± 3.16 0.65 
TROIM (mm) 18.63 ± 3.40 17.91 ± 3.45 19.03 ± 3.32 0.22 
PL (mm) 38.89 ± 7.89 38.93 ± 6.79 38.87 ± 8.51 0.901 
PW (mm) 44.43 ± 7.85 43.70 ± 8.51 44.85 ± 7.49 0.324 
PH (mm) 33.59 ± 7.50 33.22 ± 7.08 33.80 ± 7.78 0.754 
MUA (◦) 1318.07 ± 137.35 1325.65 ± 140.01 1313.76 ± 136.86 0.751 
PAL (mm) 30.16 ± 6.36 32.88 ± 6.25 28.62 ± 5.94 0.004* 
UW (mm) 10.07 ± 2.85 9.73 ± 2.84 10.26 ± 2.86 0.478 
DOLAM (mm) 37.55 ± 4.95 38.55 ± 5.87 36.98 ± 4.29 0.349 
OILAM (mm) 18.28 ± 4.79 19.76 ± 6.36 17.44 ± 3.38 0.084 
TMUT (mm) 11.67 ± 2.80 11.44 ± 2.56 11.80 ± 2.94 0.723 
APMUT (mm) 11.61 ± 2.36 11.55 ± 2.36 11.65 ± 2.38 0.928 
LST (mm) 6.92 ± 1.93 6.94 ± 2.03 6.91 ± 1.89 0.722 
RST (mm) 6.63 ± 1.94 6.58 ± 2.31 6.67 ± 1.73 0.485 
TLLAM (mm) 9.98 ± 2.48 9.95 ± 2.92 10.00 ± 2.21 0.612 
TRLAM (mm) 9.88 ± 2.48 10.06 ± 3.14 9.78 ± 2.03 0.83 
UWT (mm) 13.55 ± 2.78 13.92 ± 2.97 13.34 ± 2.66 0.56 
TLAM (mm) 9.64 ± 2.08 9.40 ± 2.15 9.77 ± 2.04 0.552 
CSAMU (mm2) 110.55 ± 46.89 107.79 ± 41.84 112.12 ± 49.82 0.911 
PV (mm3) 31792.70 ± 15092.17 30697.46 ± 14593.36 32415.85 ± 15459.40 0.368 
MUV (mm3) 1672.06 ± 777.73 1499.28 ± 598.69 1770.37 ± 852.47 0.238 
T stage    0.858 
1 1 (1.10%) 1 (3.03%) 0 (0.00%)  
2 21 (23.08%) 9 (27.27%) 12 (20.69%)  
2a 15 (16.48%) 5 (15.15%) 10 (17.24%)  
2b 20 (21.98%) 6 (18.18%) 14 (24.14%)  
2c 13 (14.29%) 5 (15.15%) 8 (13.79%)  
3 1 (1.10%) 0 (0.00%) 1 (1.72%)  
3a 7 (7.69%) 2 (6.06%) 5 (8.62%)  
3b 7 (7.69%) 2 (6.06%) 5 (8.62%)  
4 6 (6.59%) 3 (9.09%) 3 (5.17%)  
Gleason score    0.682 
3 + 3 = 6 11 (12.09%) 5 (15.15%) 6 (10.34%)  
3 + 4 = 7 29 (31.87%) 9 (27.27%) 20 (34.48%)  
4 + 3 = 7 25 (27.47%) 7 (21.21%) 18 (31.03%)  
3 + 5 = 8 1 (1.10%) 0 (0.00%) 1 (1.72%)  
4 + 4 = 8 11 (12.09%) 6 (18.18%) 5 (8.62%)  
4 + 5 = 9 12 (13.19%) 5 (15.15%) 7 (12.07%)  
5 + 4 = 9 2 (2.20%) 1 (3.03%) 1 (1.72%)  

The data in the table are: mean ± standard deviation/number of cases (%)* <0.05. 
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LASSO regression analysis was used for the preliminary calculation of preoperative MRI parameters to screen for potential pre
dictors of UC. The minimum λ value of the average cross-validation error was selected as TROIM, PAL, MUL, and DILAM. 

The scores were calculated using the following formula: 0.02035 × TROIM (mm) + 0.12496 × MUL (mm) × 0.0599 × PAL (mm) ×
0.05918 × DILAM (mm). (Supplementary Fig. S1). 

Univariate analysis was performed to analyze the relationship between the selected MRI parameters, patient baseline indicators, 
and UC. The analysis revealed that age (OR: 0.93, 95% CI: 0.877–0.99, p-value: 0.0200), MUL (OR: 1.28, 95% CI: 1.09–1.50, p-value: 
0.0024), PAL (OR: 0.89, 95% CI: 0.82–0.96, p-value: 0.0032), and DILAM (OR: 0.89, 95% CI: 0.80–1.00, p-value: 0.0421) were 
potentially associated with UI (Supplementary Table S2). 

3.2. Discovered feature 

Based on the follow-up results, we divided patients into two groups according to the criteria of “zero use of sanitary pad or adult 
diaper per day” after the operation: UI (label = 0) and UC (label = 1). The AUC of the one-hidden-layer neural network model was close 
to 100% (see Methods). We used Captum, which is based on a neural network, to assess the importance of these features in the model. 
Fig. 2 shows the results obtained from the capture. We selected age, MUL, PAL, UW, DILAM, APMUT, and MUV as the key features 
when the threshold was set to 0.05. Among these features, lasso regression and univariate analysis demonstrated that age, MUL, PAL, 
and DILAM were substantially associated with UI. 

Seven Captum features were chosen to reconstruct UINet7, a 5-layer neural network. The datasets were divided into a training and 
test sets at a 4:1 ratio, and the UINet7’s prediction accuracy was 0.97 (95% CI: 0.90–1.00) and AUC was 0.98. (95% CI: 0.93–1.00). 
Fig. 3(A) shows the approaches used for comparison with UINet7: K-Nearest Neighbors (KNN), Logistic Regression, Random Forest, 
Extreme Gradient Boosting (XGBoost), and Support Vector Machine (SVM). UINet7 is better than the other machine learning methods. 

Using six techniques (Deep Neural Network, KNN, Logistic Regression, Random Forest, XGBoost, and SVM), we compared the four 
characteristics discovered by the univariate analysis with the seven features selected by Captum. The results are shown in Fig. 3(B), 
Table 3, Fig. 4(A) and (B). Other machine learning models exhibited little improvement in addition to the four-feature model’s ac
curacy and AUC value, which were significantly reduced when compared to the seven-feature model. This indicating that Captum was 
more suitable than univariate analysis for identifying the key features of neural networks. 

Although the UINet7’s prediction accuracy (0.97) was substantially higher than that of UINet4, it required healthcare staff to 
measure more than twice the number of features. However, UINet4’s prediction accuracy may still approach 0.81, even when only four 
features were measured. This satisfies the requirements of clinical therapy in terms of diagnosis and treatment. Therefore, we suggest 
employing the UINet4 model for applications that do not require precision. The UINet7 model should be applied to medical situations 
requiring high precision. 

4. Discussion 

With the advancements in artificial intelligence, the field of medicine has entered an era of enhanced precision and intelligence 
[32]. However, most existing clinical studies still rely on traditional regression analysis as the primary statistical method for data 
processing and fail to fully exploit the potential of artificial intelligence. In terms of data analysis and modeling, machine learning and 
neural networks have unique advantages and characteristics. In this investigation, we used postoperative UI in patients with prostate 
cancer as a practical example to explore these methods. To conduct a comprehensive comparison, six algorithms–Deep Neural 
Network, KNN, Logistic Regression, Random Forest, XGBoost, and SVM– were used to analyze and compare their performances. It is 

Fig. 2. The contribution of each features as evaluated by Captum. The abscissa signifies the abbreviated designations of the features, while the 
ordinate delineates the proportional contribution of each individual feature towards the predictive outcome, represented as percentages on the 
vertical scale. These contributions encapsulate their respective influence on the incidence of urinary incontinence subsequent to radical prosta
tectomy. The numerical notations on each bar mirror the precise values as derived from Captum, subject to an upper limit of 1. The colour dif
ferentiation of each bar indicates distinct classifications of data: red symbolises the baseline patient information, yellow represents anatomical 
measurements ascertained from MRI, and green designates patient pathology data. A dotted horizontal line superimposed on the graph signifies the 
mean value of the influence of all parameters on postoperative urinary incontinence. 
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Fig. 3. Comparisons of the ROC results of different models. The figure shows the ROC of UINet7, KNN, Logistic Regression, Random Forest, 
XGBoost, and SVM models, respectively. A total of 100 different tests were performed, the gray curve represents the ROC curve obtained for each 
test, and the blue curve represents the average of 100 curves. 

Table 3 
The performances of six machine learning models when using four features obtained by univariate analysis and seven features selected by Captum 
respectively.  

Method UINet4 UINet7 

Mean ACC (95% CI) Mean AUC (95% CI) Mean ACC (95% CI) Mean AUC (95% CI) 

Neural Network 0.86, 
CI:0.72–1.00 

0.85, 
CI:0.67–1.00 

0.97, 
CI:0.90–1.00 

0.98, 
CI:0.93–1.00 

KNN 0.67, 
CI:0.45–0.90 

0.68, 
CI:0.44–0.92 

0.63, 
CI:0.38–0.89 

0.73, 
CI:0.52–0.93 

Logistic Regression 0.63, 
CI:0.37–0.90 

0.77, 
CI:0.54–0.99 

0.59, 
CI:0.31–0.89 

0.74, 
CI:0.51–0.98 

Random Forest 0.69, 
CI:0.47–0.91 

0.69, 
CI:0.44–0.94 

0.65, 
CI:0.40–0.90 

0.73, 
CI:0.49–0.96 

XGboost 0.37, 
CI:0.10–0.64 

0.63, 
CI:0.38–0.88 

0.41, 
CI:0.13–0.69 

0.65, 
CI:0.39–0.90 

SVM 0.63, 
CI:0.38–0.89 

0.70, 
CI:0.46–0.94 

0.62, 
CI:0.30–0.94 

0.68, 
CI:0.48–0.88 

KNN––K-Nearest Neighbors; XGBoost = Extreme Gradient Boosting; SVM=Support Vector Machine. 

Fig. 4. There is a significant difference in the ACC (A) and AUC (B) metrics of the six machine learning algorithms when using four 
features and seven features by t-test. Whether using four features or using seven features, the models obtained by the neural networks (UINet4 
and UINet7) are significantly higher than the other five machine learning methods. Compared with four features, the ACC and AUC of UINet7 are 
significantly higher. 
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clear that the neural network model proposed in this study outperforms the five representative machine learning models for predicting 
UI. Seven significant features were identified by the captum model, of which four were consistent with those identified by the LASSO 
regression analysis and univariate analysis. The accuracy of our model was 0.86, when these four features were used for prediction, 
and the accuracy reached 0.97, when all seven features were used. The model, benefiting from Captum, revealed that postoperative UI 
after RARP was significantly dependent on seven preoperative MRI measurements. As a result, these are the potential factors affecting 
UI. It also reflects the advantages and intelligence of deep neural networks, providing a reference for future clinical applications [32]. 

4.1. Data Considerations: characteristics of the sample 

Our sample originated from a large medical center in China, which enriched the data on the Chinese population that was lacking in 
similar existing studies. This lays the foundation for future studies of population heterogeneity and diversity. People often associate 
intelligent medicine with big data [33]. To ensure that the training samples were used to their full potential when modeling neural 
networks, we set random number seeds for the sample size. At the same time, we adopted a three-fold cross-validation method for 
machine learning to enhance data availability. Several studies have investigated this topic with a sample size equivalent to the seven 
crucial factors revealed in our study [34–36]. Several of the MRI measurement values (including MUL) obtained in these studies are 
identical to those found in our study. However, these studies focused on very few (mostly fewer than 10) MRI measurements. More 
importantly, the sample sizes of these studies [34–36] ranged from 64 to 123 patients and were remarkably similar to those of our 
study. Therefore, our study has more advantages than the ones mentioned since it has significantly more anatomical preoperative MRI 
components [37]. Although this study did not involve big data analysis, the difficulty of data analysis was significantly increased by the 
fact that each sample had a large number of parameters and that dozens of critical anatomical factors needed to be examined. 
Fortunately, the neural network method has been well adapted to sample data and scientifically analyzed, demonstrating the ad
vantages of artificial intelligence for this type of small sample size research. This provides a reference for the application of artificial 
intelligence to relatively small samples. 

4.2. Key parameters: the interpretability of models 

The vast array of parameters used in this analysis was derived from MRI-based anatomical data, emphasizing the pivotal role of the 
involved anatomical structures. Several meticulously selected variables (e.g., age, MUL, PAL, UW, DILAM, APMUT, and MUV) were 
nested in the UINet7 model. These parameters spanned three-dimensional prostate meridians, attributes connected to the pelvic basin 
musculature, and those pertinent to the urethra. Fig. 2 shows an overview of the cumulative effects of these parameters on the 
incidence of postoperative UI. Among the anatomical parameters derived from MRI, the prostate cancer meridian functions as an index 
of prostate size. We inferred an association between postoperative UI and complete prostate resection during RARP. 

The muscles considered in our study encompassed three distinct structures: the obturator internus muscle, levator ani muscle, and 
anal sphincter. The thicknesses of these muscles were measured across three planes using MRI. A considerable body of evidence has 
confirmed the correlation between pelvic floor musculature and postoperative UI [38]. In line with the established research practices, 
our study incorporated the aforementioned trio of muscles. The levator ani muscle assumed precedence, and the DILAM within our 
UINet7 model extended the findings of previous research. Postoperative UI is a consequence of muscle weakening in this area [38]. 
Furthermore, research has definitively indicated a significant relationship between the levator ani muscle and postoperative UI after 
RARP [39]. The use of MRI to measure the width of the levator ani muscle aids in predicting postoperative UI. 

Additionally, the pelvic fascia diaphragm and obturator muscle fascia are closely associated with incontinence [40]. Regarding the 
anal sphincter, scholarly discourse suggests that electromyographic activity serves as an indicator of UI stress [41]. Consistent with our 
study approach, the research conducted by Takuya Sadahira et al. used preoperative MRI scans to evaluate the anal sphincter. They did 
not report any successful outcomes associated with this parameter, which is consistent with ours [39]. 

With reference to the urethra, our primary focus within the MRI scans was on the dimensions, specifically the length, width, and 
thickness of the urethral wall. Key anatomical parameters related to the urethra were discerned via the captum, echoing the findings of 
previous studies. Numerous studies have identified MUL as a major factor influencing postoperative UI [11]. A thorough investigation 
and meta-analysis described the effects on UC after radical prostatectomy, and a longer preoperative MRI scan was associated with 
faster recovery after surgery [42]. Both UW and MUV were correlated with MUL. While the MUL is two-dimensional, the UW and MUV 
serve as three-dimensional equivalents that collectively describe the state of the urethra. Moreover, in the sagittal plane of the MRI, the 
PAL denotes the anatomical position of the vesicoureteral anastomosis at the RARP. According to Fukui et al., a shorter preoperative 
MRI-evidenced PAL is associated with improved postoperative UC [43]. 

4.3. Clinical operability of outcome indicators 

Regarding the selection of outcome measures, the number of urine pads used to determine UC recovery was evaluated using the 
EPIC-26 scale. We employed a questionnaire-based approach to assess the condition of urinary incontinence in patients. This method is 
not only straightforward and easy to implement but also offers strong clinical feasibility and practicality. At present, the definition of 
outcome measures in many international studies [11,19,36,37,43–45] used 0 pads per day, and many other studies adopt the epic-26 
scale [37,43,44]. These are consistent with the definition of outcome measures and even the evaluation scale. The outcomes of the 
aforementioned investigations are consistent with our findings, which is worth emphasizing. This finding highlights the effect of 
preoperative MUL on postoperative UC. 
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4.4. Applying captum for Deeper clinical Insights and limitations 

In 2022, Jia et al. [46] used Captum to identify the important clinical parameters affecting BleNet, a neural network model for 
predicting late severe bleeding after transcatheter aortic valve replacement. However, Jia et al. [46] did not further investigate the 
important clinical features identified by Captum or analyze whether these clinical features could be helpful in clinical decision-making. 
In addition, they did not compare the similarities and differences between the features found by Captum and the univariate analyses. 
Their research did not explain how Captum interpreted deep learning models or how they could help with clinical decision-making. In 
this study, the same method was applied to clinical problems. We attempted to combine the captum interpretation deep learning model 
with practical clinical issues. Although the conclusion drawn was in line with the actual clinical situation, we suggest that further 
research is needed to verify this conclusion. This will also provide more references for the application of interpretable deep learning 
models to medical clinical problems and contribute to the intelligent transformation and application of medical clinical practice. 

Our study has some limitations. First, the evaluation time of UI in this study was not completely unified; therefore, it can only 
reflect short-term postoperative UC. Secondly, the results of the algorithm in this study can only show the correlation; the specific 
effect value still requires optimization in the subsequent calculation model. In addition, although this study aimed to apply captum to 
clinical practice problems, the study’s findings would be more strongly supported by big data if available. Therefore, there is still great 
room of improvement in the sample size used in our study. In addition, although the captim model has been published internationally, 
its interpretability requires further research to prove its rigor in dealing with scientific issues. 

4.5. Implications for clinical practice and future research 

In terms of academic research, this article fills the gap in in-depth research on UI features after RARP owing to limitations in clinical 
data and applicable models. By examining anatomical measurements with these seven characteristics, this result has a reference value 
for accurately optimizing surgical plans in clinical practice and may improve surgical techniques separately. However, based on our 
predictions, the results will help patients complete preoperative informed consent, psychological development planning, postoperative 
care, and rehabilitation in advance, allowing them to choose the best plan to recover from UC as soon as possible. Additionally, 
appropriate assistance can be provided as a reference value for formulating the best treatment strategy for patients by thoroughly 
evaluating the difficulty of postoperative UC and predicting postoperative UC. In summary, this study is an important attempt to 
integrate artificial intelligence techniques into clinical practice with potential transformative significance. It also provides a reference 
for how artificial intelligence can transform into a medical issue. 

In the future, it will help accurately optimize surgical techniques, and it will be possible to improve surgical techniques solely by 
examining anatomical measurements using these seven features. Our accurate prediction results may assist patients in obtaining 
preoperative informed consent, planning for psychological support, and advanced postoperative nursing and rehabilitation, thereby 
allowing them to choose the best plan for regaining UC as quickly as possible. 

Furthermore, after a thorough assessment of postoperative UC difficulties and prediction of postoperative UC, the optimal treat
ment strategy for patients can be appropriately determined. 

5. Conclusions 

In this study, we discovered that for UC after RARP, only seven MRI measurements were required for neural network modeling. This 
study represents an attempt to apply the capture neural network model to analyze medical problems, thereby providing a significant 
reference for the application of artificial intelligence in clinical practice. We anticipate further research to provide more robust sci
entific evidence for the clinical application of interpretable deep learning models, thereby guiding medical practice and promoting the 
advancement of medicine. 
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