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Abstract 

Background  Catheter-related bladder discomfort (CRBD) commonly occurs in patients who have indwelling 
urinary catheters while under general anesthesia. And moderate-to-severe CRBD can lead to significant adverse 
events and negatively impact patient health outcomes. However, current screening studies for patients experienc-
ing moderate-to-severe CRBD after waking from general anesthesia are insufficient. Constructing predictive models 
with higher accuracy using multiple machine learning techniques for early identification of patients at risk of experi-
encing moderate-to-severe CRBD during general anesthesia resuscitation.

Methods  Eight hundred forty-six patients with indwelling urinary catheters who were resuscitated in a post-
anesthesia care unit (PACU). Trained researchers used the CRBD 4-level assessment method to evaluate the severity 
of a patient’s CRBD. They then inputted 24 predictors into six different machine learning algorithms. The performance 
of the models was evaluated using metrics like the area under the curve (AUC).

Results  The AUCs of the six models ranged from 0.82 to 0.89. Among them, the RF model displayed the highest 
predictive ability, with an AUC of 0.89 (95%CI: 0.87, 0.91). Additionally, it achieved an accuracy of 0.93 (95%CI: 0.91, 
0.95), 0.80 sensitivity, 0.98 specificity, 0.94 positive predictive value (PPV), 0.92 negative predictive value (NPV), 0.87 
F1 score, and 0.07 Brier score. The logistic regression (LR) model has achieved good results (AUC:0.87) and converted 
into a nomogram.

Conclusions  The study has successfully developed a machine learning prediction model that exhibits excellent 
predictive capabilities in identifying patients who may develop moderate-to-severe CRBD after undergoing general 
anesthesia. Furthermore, the study also presents a nomogram, which serves as a valuable tool for clinical healthcare 
professionals, enabling them to intervene at an early stage for better patient outcomes.
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Background
According to the literature, approximately 15%-25% of 
hospitalized patients undergo short-term indwelling 
catheterization [1] for various reasons such as assessing 
urine output, relieving urinary retention, or perform-
ing urological procedures [2]. However, the insertion of 
a catheter can sometimes result in the involuntary con-
traction of the muscles in the urethra, leading to a range 
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of clinical symptoms known as Catheter-related bladder 
discomfort (CRBD) [3]. CRBD can be categorized into 
four different grades based on the severity of the condi-
tion [4]. Grade 0 indicates the complete absence of CRBD 
symptoms. Grade 1 represents mild discomfort experi-
enced by the patient. For grades 2 and 3, the discomfort is 
classified as moderate and severe, respectively. The use of 
urinary catheters is an essential intervention for patients 
undergoing surgery under general anaesthesia, and this 
common and painful complication is a recognised risk 
factor during general anaesthetic awakening [5].

Studies have indicated that the occurrence of CRBD 
varies between 47% and 90% [3, 6], with the prevalence 
of moderate to severe CRBD ranging from 27% to 44% 
[7, 8]. Moderate CRBD is characterized by a feeling of 
fullness in the lower abdomen or a burning sensation in 
the urethra [9]. These symptoms significantly impact the 
patient’s comfort and diminish their perception of the 
medical care provided. Severe CRBD is commonly asso-
ciated with aggressive behavioral reactions, including agi-
tation [6] and delirium [5]. These responses can result in 
significant safety incidents like postoperative bleeding, 
falling out of bed, and mechanical injury to the urethra 
[10]. These events not only intensify patient discomfort 
and lengthen hospital stays [11], but also place additional 
burden on healthcare professionals [6]. Hence, CRBD 
following general anesthesia, with a focus on the widely 
discussed concept of enhanced recovery after surgery 
(ERAS) [12], deserves significant attention.

Due to the considerable harm caused by moderate-to-
severe CRBD, it is essential to urgently tackle effective 
prevention and reduction of its occurrence within a clini-
cal setting.

The screening and identification of CRBD play a piv-
otal role in both preventing and treating this condition. 
A comprehensive review of several prior articles [8, 9, 13, 
14] examined the risk factors associated with CRBD and 
grouped them into four major domains: patient-related 
factors, surgical factors, anesthesia-related factors, and 
indwelling catheter-related factors [10]. However, these 
studies failed to construct predictive models that could 
effectively identify high-risk groups. In another study by 
Liang et al. [15], a multivariate logistic regression model 
was developed. They also created a nomogram to visu-
alize the results. The model achieved an AUC of 0.78, 
which indicates a moderate level of predictive effective-
ness. It is important to note that this model only predicts 
the likelihood of CRBD occurrence, and not its severity. 
The study’s limitations include a small sample size and a 
limited number of risk factors considered. Additionally, 
the logistic regression algorithm assumes that the vari-
ables have independent effects on the outcome, which 
sometimes may reduce predictive performance for 

different types of data and complex data [16, 17], so fur-
ther verification of its effectiveness is still needed. Due to 
the intricate and diversity of diseases, a number of signif-
icant risk factors often go unnoticed. As a result, there is 
a clear demand within the medical field for a systematic, 
streamlined, and accurate statistical approach to address 
these concerns.

Machine learning (ML) is a sophisticated technique 
for analyzing data that harnesses the capabilities of com-
puters to uncover patterns and insights from vast and 
complex datasets [18]. It involves automatically building 
analytical models, improving predictive capabilities, and 
maximizing the accuracy of predictions [19]. This method 
utilizes the expertise of algorithms to process and inter-
pret multivariate data effectively [18, 19]. By implement-
ing predictive models in this manner, it becomes possible 
to proactively identify high-risk groups susceptible to 
associated illnesses. This enables the implementation of 
precise interventions, aimed at preventing and minimiz-
ing complications. Ultimately, this approach establishes a 
novel and contemporary management model. Currently, 
machine learning has demonstrated impressive results 
in various clinical areas. A meta-analysis summarised 
studies related to machine learning prediction of hyper-
tension, which showed that AUC ranged between 0.77 
and 1.00 [20]. Additionally, Heo et  al. [21] conducted a 
study using machine learning techniques to predict the 
prognosis of ischemic stroke, achieving a high degree of 
accuracy with an AUC of 0.89. Such advancements in 
machine learning not only provide improved diagnostic 
capabilities but also offer potential for disease preven-
tion [22]. However, it is worth noting that no relevant 
machine learning studies have been identified thus far 
regarding the clinical issue of CRBD.

Therefore, the objective of this study was to tackle the 
common clinical issue of moderate-to-severe CRBD after 
general anesthesia during the resuscitation period. This 
was achieved by collecting data in a prospective manner, 
developing a prediction model with enhanced accuracy 
using various machine learning techniques, and creat-
ing a nomogram for clinical visualization. The ultimate 
goal was to enable early identification of patients at risk 
for moderate-to-severe CRBD, thereby preventing and 
reducing the incidence of this condition. Additionally, the 
study aimed to facilitate the speedy recovery of patients, 
as well as enhance their comfort and satisfaction levels.

Methods
Study setting and participants
This study was an observational prospective cohort 
conducted in a municipal tertiary hospital in Zhejiang 
Province, China, which was approved by the hospital’s 
medical ethics committee (No. 2023-LY-375).
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Patients undergoing post-anaesthetic resuscitation in 
the post-anesthesia care unit (PACU) between August 
2023 and December 2023 were included in this study. 
Inclusion criteria: age ≥18 years; general anaesthesia 
with indwelling urinary catheter; American Society of 
Anaesthesiologists (ASA) classification I-III; clear, able 
to answer questions and express themselves normally; 
voluntary participation in this study and signing of 
informed consent; exclusion criteria: history of overac-
tive bladder, neurogenic bladder, preoperative urinary 
tract infection; unplanned admission to the ICU after 
surgery; removal of the urinary catheter before awak-
ening from general anaesthesia; incomplete relevant 
information.

CRBD assessment
CRBD can be categorized into four grades based on its 
severity, as originally defined by Agarwal [4]. Grade 0 
refers to the absence of CRBD, with no urethral or blad-
der discomfort. Grade 1 indicates mild discomfort that 
is only reported when specifically asked. Grade 2 rep-
resents moderate discomfort, where the patient expe-
riences a sensation of bloating in the lower abdomen 
or a burning sensation in the urethra without exhibit-
ing any behavioral response. Grade 3 signifies severe 
discomfort, characterized by the patient expressing a 
strong urge to urinate, experiencing unbearable pain in 
the lower abdomen, and exhibiting strong verbal and 
behavioral reactions, such as fidgeting and attempting 
to remove the catheter. Trained investigators utilized 
a grading scale to assess patients in the PACU who 
met the requirements for indwelling urinary catheters. 
Because grade 2-3 patients exhibit behavioral symp-
toms and require clinical intervention, screening is 
more necessary. According to the classification meth-
ods of existing researches [23–25], we divided them 
into two groups: Grades 0 and 1 indicated no moder-
ate-to-severe CRBD, while grades 2 and 3 indicated the 
presence of moderate-to-severe CRBD.

The researchers collaborated with the nurses in each 
department to explain the purpose and importance of 
the study to patients who were about to undergo gen-
eral anesthesia and were expected to have indwell-
ing urinary catheters after surgery. The patients were 
informed about the study and their consent was 
obtained. To collect the results of the CRBD assess-
ment and related factors, a homemade data collection 
form was used. Before initiating the formal study, a 
brief pre-test was conducted to become familiar with 
and improve the data collection process. To prevent 
any potential bias, patient evaluations were carried out 
simultaneously by two investigators, and a third inves-
tigator was consulted for any conflicting judgments. 

To ensure the quality of the study, all collected data 
were carefully checked and entered by two individuals. 
Additionally, after data entry, a logical check was per-
formed, where 10% of the data was randomly selected 
for review to guarantee the accuracy of data entry.

Model input features
The investigators conducted a thorough search of vari-
ous databases using specific keywords and subject terms 
to find relevant predictors based on existing literature. 
These databases include Pubmed, Cochrane Library, 
Embase, Web of Science, CKNI, and Wanfang databases. 
The search terms used were ("risk factor" or "influenc-
ing factor" or"predictor") and (catheter-related bladder 
discomfort or"catheter-related bladder irritation sign" 
or "CRBD"). Following that, professionals specializing in 
clinical anaesthesia, urology, and roles related to anaesthe-
sia care were chosen to engage in discussions and adjusted 
the CRBD predictors obtained from the literature review. 
These adjustments were made based on factors such as 
clinical significance and well-established knowledge. In 
the end, a total of 24 predictors were identified and deter-
mined to be relevant. These included six variables of 
patients’ own characteristics: gender, age, BMI, comorbid-
ity, calcium ions (the blood biochemistry analysis results 
on the day before surgery), magnesium ions (the blood 
biochemistry analysis results on the day before surgery). 
Eight anaesthetic variables: ASA classification, nerve 
block (intercostal nerve block), postoperative analgesics, 
anticholinergics, propofol, dezocine, dexamethasone, and 
dexmedetomidine. Five surgical variables: surgical dura-
tion, type of surgery, pneumoperitoneum, hypothermia, 
and intraoperative fluid infusion volume. Five urinary 
catheter variables: timing of indwelling urinary catheters, 
type of urinary catheters, balloon volume, lubricant type, 
history of indwelling urinary catheters.

Model development and validation
The study population was divided into a training cohort 
(80%) and an internal validation cohort (20%) randomly 
by the computer. Various algorithms such as Logistic 
Regression (LR), Random Forest (RF), Decision Tree 
(DT), Support Vector Machine (SVM), Naive Bayes (NB), 
Gradient Boosting Decision Tree (GBDT), Categorical 
Boosting (CatBoost), Light Gradient Boosting Machine 
(LightGBM), and eXtreme Gradient Boosting (XGBoost) 
were used to build individual risk class prediction mod-
els. Based on evaluation indicators such as AUC and 
Accuracy, the top 6 models are preliminarily selected as 
the base classifiers and a multi-model fusion approach 
based on the stacking strategy algorithm was used to 
establish the optimal prediction of moderate-to-severe 
CRBD. The data were employed for model validation 
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Table 1  Demographics and clinical features of 846 patients with and without moderate-to-severe CRBD

Patient characteristics Moderate/severe CRBD 
(n = 256)

No/mild CRBD (n = 590) P value

Type of surgery (n, %)  < 0.001

  Urological surgery 209 (81.6) 231 (39.1)

  Obstetrics and Gynecology Surgery 1 (0.4) 78 (13.2)

  Cardiothoracic surgery 15 (5.9) 110 (18.7)

  General surgery 14 (5.4) 112 (19.0)

  Orthopedic surgery 12 (4.7) 43 (7.3)

  Other 5 (2.0) 16 (2.7)

Laparoscope (n, %)  < 0.001

  Yes 40 (15.6) 201 (34.1)

  No 216 (84.4) 389 (65.9)

BMI (n, %) 0.049

   < 25 kg/m2 169 (66.0) 429 (72.7)

   ≥ 25 kg/m2 87 (34.0) 161 (27.3)

Gender (n, %) 0.001

  Female 28 (10.9) 343 (58.1)

  Male 228 (89.1) 247 (41.9)

  Age (years) 59 (50, 71) 57 (49, 68) 0.023

Comorbidity (n, %) 0.661

  Yes 121 (47.3) 275 (46.6)

  No 135 (52.7) 315 (53.4)

Timing of indwelling urinary catheters (n, %)  < 0.001

  Before anesthesia 19 (7.4) 352 (59.7)

  After anesthesia 237 (92.6) 238 (40.3)

History of indwelling urinary catheters (n, %)  < 0.001

  Yes 53 (20.7) 229 (38.8)

  No 203 (79.8) 361 (61.2)

Type of urinary catheters (n, %)  < 0.001

   < 18Fr 90 (35.2) 442 (74.9)

   ≥ 18Fr 166 (64.8) 148 (25.1)

  Balloon volume (ml) 15 (10, 16) 10 (10, 10)  < 0.001

Lubricant type (n, %)  < 0.001

  Liquid paraffin 167 (65.2) 547 (92.7)

  Iodophor 89 (34.8) 43 (7.3)

ASA (n, %) 0.436

  I 0 (0) 0 (0)

  II 217 (84.8) 512 (86.8)

  III 512 (86.8) 78 (13.2)

  Calcium ion (mmol/L) 2.23 (2.11, 2.35) 2.23 (2.12, 2.35) 0.802

  Magnesium ion (mmol/L) 1.18 (0.80, 1.90) 0.98 (0.79, 1.90) 0.498

  Surgical duration (hours) 1.61 (0.88, 2.40) 1.9 (1.0, 2.5)  < 0.001

Hypothermia (n, %) 0.615

  Yes 10 (3.9) 19 (3.2)

  No 246 (96.1) 571 (96.8)

Nerve block (n, %)  < 0.001

  Yes 17 (6.7) 102 (17.3)

  No 239 (93.3) 488 (82.7)

Postoperative analgesics (n, %)  < 0.001

  Yes 96 (37.5) 342 (58.0)

  No 160 (62.5) 248 (42.0)
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through ten-fold cross-validation. The model’s accuracy, 
specificity, sensitivity, positive predictive value (PPV), 
negative predictive value (NPV), F1-Score, area under 
curve (AUC), and Brier score were subsequently utilized 
to evaluate its performance.

Statistical analysis
Machine learning experiments were conducted using 
Python version 3.7.7 and the nomogram was drawn 
using R software. Data preprocessing, including proce-
dures such as data cleaning, missing value filling, and 
normalization, was performed using the pandas library. 
The machine learning algorithms were implemented 
using the scikit-learn library. The Kolmogorov-Smirnov 
method was used to check the normality of the data. 
Continuous variables were shown as means ± standard 
deviations (SD) or medians (interquartile ranges) (IQRs) 
and compared using student’s t-tests or Mann-Whitney 
U tests. Categorical variables were shown as frequen-
cies (percentage) and compared using chi-squared tests. 
P＜0.05 was considered statistically significant. Finally, 
the LR model indicators were visualized as a nomo-
gram, serving as a clinical tool for visual representation.

Results
Patient characteristics
This study examined 895 patients who had indwelling 
urinary catheters and underwent general anesthesia. Ulti-
mately, 846 cases (94.5%) were included in the study. The 
screening process is depicted in Supplementary material 

Fig.  1. Stratified based on the presence or absence of 
moderate-to-severe CRBD and displayed the distribu-
tion of different variables in two groups of patients, as 
shown in Table  1. Of the included patients, 476 were 
male (56.3%) and 370 were female (43.7%). The training 
cohort consisted of 676 patients, with 29.1% experienc-
ing moderate-to-severe CRBD, and 56.4% being male. 
The validation cohort comprised 170 patients, with 34.7% 
experiencing moderate-to-severe CRBD, and 55.3% being 
male. The distribution of patient characteristics in the 
training and validation cohorts is presented in Table  2. 
There is no statistical difference between patient features.

Model performance
Table  3 presents the performance evaluation of the six 
selected models, and the receiver operating characteristic 
(ROC) curves are shown in Fig. 1. The AUC values range 
from 0.82 to 0.89, indicating good predictive ability for all 
models. The RF model performs the best, with a training 
cohort AUC of 0.89 (95%CI: 0.87, 0.91), an accuracy of 
0.93 (95%CI: 0.91, 0.95), 0.80 sensitivity, 0.98 specificity, 
0.94 PPV, 0.92 NPV, 0.87 F1 score, and 0.07 Brier score.

To identify the most important predictive factors for 
moderate to severe CRBD, variable importance rank-
ings were done for the LR, RF, CB, XGB, GBDT, and 
LGBM models. The results indicate that the RF model 
includes 15 variables, with the top six variables being 
balloon volume, age, timing of indwelling urinary cath-
eter, gender, surgical duration, and type of surgery 
(Fig.  2). Crossing all models, balloon volume, age, and 

CRBD Catheter-related bladder discomfort, BMI Body Mass Index, ASA American Society of Anesthesiologists

Table 1  (continued)

Patient characteristics Moderate/severe CRBD 
(n = 256)

No/mild CRBD (n = 590) P value

  Intraoperative fluid infusion volume (L) 0.91 (0.5, 1.0) 1.07 (0.5, 1.5)  < 0.001

Anticholinergic drugs (n, %) 0.713

  Yes 165 (64.5) 388 (65.8)

  No 91 (35.5) 202 (34.2)

Propofol (n, %) 0.573

  Yes 161 (62.9) 383 (64.9)

  No 95 (37.1) 207 (35.1)

Dezocine (n, %) 0.254

  Yes 52 (20.3) 141 (23.9)

  No 204 (79.7) 449 (76.1)

Dexmedetomidine (n, %) 0.002

  Yes 29 (11.3) 119 (20.2)

  No 227 (88.7) 471 (79.8)

Dexamethasone (n, %) 0.221

  Yes 29 (11.3) 51 (8.6)

  No 227 (88.7) 539 (91.4)
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timing of indwelling urinary catheter are consistently 
identified as important variables, See Supplementary 
material Figs. 2, 3 and 4.

Nomogram
To overcome the limitation of machine learning mod-
els in providing clinical visualization, we decided to 

Table 2  Features in the training cohort and the validation cohort

CRBD Catheter-related bladder discomfort, BMI Body Mass Index, ASA American Society of Anesthesiologists

Features Training cohort (n = 676) Validation cohort (n = 170) P value

Moderate-to-severe CRBD (n, %) 197 (29.1) 59 (34.7) 0.158

Type of surgery (n, %) 0.925

Urological surgery 347 (51.3) 93 (54.7)

Obstetrics and Gynecology Surgery 69 (10.2) 10 (5.9)

Cardiothoracic surgery 100 (14.8) 25 (14.7)

General surgery 102 (15.1) 24 (14.1)

Orthopedic surgery 42 (6.2) 13 (7.6)

Other 16 (2.4) 5 (2.9)

Laparoscope (n, %) 199 (29.4) 42 (24.7) 0.222

BMI (n, %) 0.246

 < 25 kg/m2 484 (71.6) 114 (67.1)

 ≥ 25 kg/m2 192 (28.4) 56 (32.9)

Gender (n, %) 0.802

Female 295 (43.6) 76 (44.7)

Male 381 (56.4) 94 (55.3)

Age (years) 60 (49, 69) 60 (48, 68) 0.585

Comorbidity (n, %) 316 (46.7) 80 (47.1) 0.268

Timing of indwelling urinary catheters (n, %) 0.432

Before anesthesia 301 (44.5) 70 (41.2)

After anesthesia 375 (55.5) 100 (58.8)

History of indwelling urinary catheters (n, %) 225 (33.3) 57 (33.5) 0.952

Type of urinary catheters (n, %) 0.986

 < 18Fr 425 (62.9) 107 (62.9)

 ≥ 18Fr 251 (37.1) 63 (37.1)

Balloon volume (ml) 10 (10, 10) 10 (10, 14) 0.525

Lubricant type (n, %) 0.901

Liquid paraffin 570 (84.3) 144 (84.7)

Iodophor 106 (15.7) 26 (15.3)

ASA (n, %) 0.384

I 0 (0) 0 (0)

II 579 (85.7) 150 (88.2)

III 97 (14.3) 20 (11.8)

Calcium ion (mmol/L) 2.21 (2.11, 2.35) 2.21 (2.11, 2.34) 0.906

Magnesium ion (mmol/L) 0.85 (0.80, 0.90) 0.84 (0.79, 0.90) 0.306

Surgical duration (hours) 1.5 (1, 2.5) 1.6 (1, 2.5) 0.212

Hypothermia (n, %) 23 (3.4) 6 (3.5) 0.935

Nerve block (n, %) 92 (13.6) 27 (15.9) 0.447

Postoperative analgesics (n, %) 353 (52.2) 85 (50) 0.605

Intraoperative fluid infusion volume (L) 1 (0.5, 1.01) 1 (0.5, 1.5) 0.153

Anticholinergic drugs (n, %) 438 (64.8) 115 (67.6) 0.485

Propofol (n, %) 432 (63.9) 112 (65.9) 0.631

Dezocine (n, %) 158 (23.4) 35 (20.6) 0.440

Dexmedetomidine (n, %) 113 (16.7) 35 (20.6) 0.235

Dexamethasone (n, %) 67 (9.9) 13 (7.6) 0.368
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represent the results of the LR model as a nomogram. 
It is a practical graphical tool in predictive modeling, 
which can process clinical data through fast and com-
plex computational processes, and visually represent 
the influence of each predictor variable on the outcomes 
[26]. This approach enhances the interpretability of the 
relationship between each predictor variable and the 
results. This specific model demonstrated nice predic-
tive ability, as indicated by an AUC value of 0.82 (95% 
CI: 0.79, 0.85). Thus, it can be considered suitable for 
clinical guidance and validation. By considering the fea-
ture ranking of the LR model alongside other models, 
we carefully selected five important predictive variables. 
These variables were utilized to create the final nomo-
gram, which includes gender, age, timing of indwelling 
urinary catheter, history of urinary catheterization, and 
balloon capacity (Fig. 3).

Discussion
To our understanding, this is the initial endeavor to 
establish machine learning-based predictive models of 
moderate-to-severe CRBD. By leveraging machine learn-
ing algorithms, the study developed predictive models 
that offer higher accuracy in addressing this issue. Addi-
tionally, the study introduced the use of a nomogram 
for clinical visualization, providing a comprehensive 
and valuable visual representation of the collected data. 
The study included a total of 846 patients, and six pre-
diction models were utilized: LR, RF, GBDT, CatBoost, 
LightGBM, and XGBoost. These models demonstrated 
strong predictive ability, with the AUC ranging from 0.82 
to 0.89. This suggested that they can effectively identify 
high-risk patients at an early stage, enabling clinical staff 

to implement appropriate interventions and reduce the 
incidence of moderate-to-severe CRBD.

The analysis of the six prediction models consistently 
highlighted the catheter balloon volume as the strong-
est predictor. However, it is worth noting that there is 
currently no standardized criteria for determining the 
most appropriate balloon volume. A study conducted 
by Zugail et al. [27] found that reducing the volume of 
the catheter balloon by half in patients undergoing uro-
logical surgery resulted in a notable decrease in pain 
scores and the severity of CRBD. The analysis suggested 
that by reducing the volume of the catheter balloon, 
the number of stimulated receptors is also reduced, 
leading to a relief in the severity of CRBD symptoms. 
Additionally, our study data indicated that catheters 
larger than 18Fr were found to increase the occurrence 
of moderate-to-severe CRBD, which aligns with find-
ings from previous studies [7, 14]. Danish researchers 
who controlled for catheter type and utilized 12-14Fr 
catheters to minimize mechanical stimulation observed 
a noteworthy decrease in the incidence of CRBD [28]. 
However, there are fewer studies related to the size of 
urinary catheters, which are not yet conclusive, and 
need to be further explored for different populations 
or types of procedures in the future. The timing of 
indwelling urinary catheters and a patient’s previous 
history of indwelling urinary catheters were significant 
factors to consider when predicting outcomes. When a 
patient loses consciousness after the administration of 
anesthesia, the cerebral cortex is unable to form appro-
priate memories or psychological adaptations [29]. This 
can make them more susceptible to the stimuli associ-
ated with catheterisation when they are awake. On the 

Table 3  Model performance in predicting CRBD in the training and validation cohorts

LR Logistic Regression, RF Random Forest, CatBoost Categorical Boosting, XGBoost eXtreme Gradient Boosting, GBDT Gradient Boosting Decision Tree, LightGBM Light 
Gradient Boosting Machine, PPV positive predictive value, NPV negative predictive value; AUC: area under curve

Models Accuracy (95%CI) AUC (95%CI) Sensitivity Specificity PPV NPV F1 Brier

LR 0.88 (0.85, 0.90) 0.82 (0.79, 0.85) 0.68 0.96 0.88 0.88 0.77 0.12

RF 0.93 (0.91, 0.95) 0.89 (0.87, 0.91) 0.80 0.98 0.94 0.92 0.87 0.07

CatBoost 0.89 (0.87, 0.91) 0.84 (0.81, 0.87) 0.72 0.96 0.89 0.89 0.79 0.11

XGBoost 0.89 (0.87, 0.92) 0.84 (0.82, 0.87) 0.73 0.96 0.89 0.90 0.80 0.11

GBDT 0.90 (0.88, 0.93) 0.86 (0.83, 0.88) 0.75 0.97 0.90 0.90 0.82 0.10

LightGBM 0.91 (0.89, 0.93) 0.87 (0.84, 0.90) 0.78 0.96 0.90 0.91 0.83 0.09

Validation cohort

  LR 0.91 (0.86, 0.95) 0.87 (0.82, 0.92) 0.76 0.98 0.96 0.89 0.85 0.09

  RF 0.91 (0.87, 0.95) 0.88 (0.83, 0.93) 0.78 0.98 0.96 0.89 0.86 0.09

  CatBoost 0.91 (0.87, 0.95) 0.88 (0.83, 0.93) 0.78 0.98 0.96 0.89 0.86 0.09

  XGBoost 0.91 (0.86, 0.95) 0.87 (0.82, 0.92) 0.76 0.98 0.96 0.89 0.85 0.09

  GBDT 0.90 (0.86, 0.95) 0.86 (0.81, 0.92) 0.75 0.98 0.96 0.88 0.84 0.10

  LightGBM 0.92 (0.88, 0.96) 0.89 (0.84, 0.94) 0.80 0.98 0.96 0.90 0.87 0.08
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other hand, individuals who have had previous experi-
ences with indwelling urinary catheters may exhibit 
psychological adaptation, which can alleviate resist-
ance and fear during catheterization [9]. This potential 
adaptation can help avoid the negative consequences of 
moderate-to-severe CRBD.

The results of this study show that age and gender have 
great potential in building a severe CRBD prediction 
model. There is currently debate about the factor of age. 
The study by Sy et al. [13] showed that age ≥ 50 is a pro-
tective factor affecting CRBD, speculating that the reason 
may be that as age increases, pain sensitivity decreases 
[30], which leads to an increase in the tolerance threshold 

Fig. 1  ROC curve of six machine learning models in the training cohort and validation cohort
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for CRBD. This is contrary to the results reported by Lim 
and Yoon [8]. Our study supported that older patients are 
more likely to experience severe CRBD, but further dis-
cussion can be conducted in the future due to the lack of a 
reference point for age. In addition, compared to females, 
males have a longer and more complex urethra with two 
physiological bends, three narrowings, and two dilations, 
so when a male has an indwelling urinary catheter, a larger 
area of the urethra is stimulated [10], increasing the likeli-
hood of experiencing moderate to severe CRBD.

Our study found that the type of surgery and the dura-
tion of the operation had a considerable impact on the 
incidence of moderate to severe CRBD. We observed a 
significant difference in the occurrence rate of moder-
ate to severe CRBD between urological surgeries and 
non-urological surgeries. One potential explanation 
for this difference is that urological surgery stimulates 
the urethral mucosa and increases the reporting rate of 
CRBD [31]. Our study aims to examine the occurrence 
of moderate to severe CRBD in different surgical proce-
dures, including those in the urology field. To mitigate 
its potential impact, future research can exclude urologi-
cal surgeries and concentrate on other areas for further 
investigation. Based on the analysis, we concluded that 
the shorter the operation time, the stronger the feel-
ing of pain and discomfort, and the more likely it is to 
experience moderate to severe CRBD. This speculation 
is based on the observation that postoperative anal-
gesics for shorter surgeries are typically administered 
through a single intravenous injection, which can lead 

to fluctuating drug plasma concentrations and unstable 
analgesic effects [32]. It should also be noted that mul-
timodal analgesia, such as combined nerve block, was 
not utilized during these surgeries [32]. As we all know, 
peripheral nerve blocks are considered an effective 
method for treating CRBD, because they reduce stimu-
lation to the urethral and bladder mucosa by blocking 
the nerve endings [33]. However, the impact of the sur-
gery duration in managing CRBD remains uncertain. 
Therefore, further evidence and research are required to 
establish a clearer understanding of this relationship.

In our study, multiple advanced ML algorithms were 
employed to further validate their predictive per-
formance in actual clinical data, such as LightGBM, 
XGBoost and CatBoost. But the results showed that 
classical ML algorithms also demonstrated superior pre-
dictive advantages, with RF performing the best. It is an 
ensemble algorithm consisting of multiple decision trees 
[34]. It can utilize patterns learned from existing data to 
make predictions on new data [35]. RF can improve the 
accuracy of predictions without significantly increas-
ing computational burden and capture complex rela-
tionships between variables and extract information on 
variable importance [36, 37], allowing for reasonable 
predictions of the effects of a large number of explana-
tory variables. It is currently one of the most widely used 
and best performing algorithms [35]. Furthermore, LR 
exhibited equally remarkable performance in address-
ing the data characteristics investigated, aligning with 
the result of a previous meta-analysis [38]. In scenarios 

Fig. 2  Feature importance ranking based on Random Forest (RF) in the training cohort
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where ML and LR demonstrate comparable perfor-
mance, LR may possess greater advantages in clinical 
practice due to its visualization and interpretability [38]. 
Consequently, when constructing predictive models, it is 
advisable to incorporate sophisticated and complex ML 
algorithms for technical validation and exercise. How-
ever, it is crucial to acknowledge the merits of traditional 
classical algorithms. This study reinforces the efficacy of 
LR for research involving small sample sizes and a lim-
ited number of predictive variables.

CRBD is a significant clinical issue that impacts patients’ 
comfort and overall quality of care following surgery. In 
recent years, healthcare professionals have increasingly rec-
ognized its importance. However, most studies on CRBD 

have only focused on identifying influencing factors. This 
limited approach can result in overlooking potential factors 
and significantly hinder the guidance available for clinical 
decision-making. Furthermore, considering the challenging 
nature of completely avoiding CRBD, it is more clinically 
logical to prioritize patients who are experiencing moder-
ate-to-severe symptoms of CRBD. Machine learning is an 
efficient learning algorithm that enhances the accuracy 
of data analysis. It excels at capturing potential predictors 
and analyzing valuable information. When applied in the 
clinical field, machine learning enables more accurate pre-
dictions of various clinical adverse events and aids in effi-
ciently identifying high-risk patients. However, sometimes 
traditional algorithms such as LR can also demonstrate 

Fig. 3  Nomogram for estimating moderate-to-severe CRBD
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equally excellent predictive performance and have their 
unique advantages, presenting the prediction results in a 
simple and understandable nomogram. The nomogram a 
practical visual aid for clinical practice that effectively eval-
uates the health status of patients in a timely and conveni-
ent manner. It can be utilized by healthcare professionals 
to quickly detect potential instances of moderate-to-severe 
CRBD and mitigate the associated risk factors through suit-
able interventions. This can help improve patient outcomes 
and minimize adverse effects.

Limitation
In addition to the strengths mentioned, our study also 
has a few limitations. Firstly, our sample size was limited 
to the same healthcare organisation, resulting in a lack of 
diversity. Moreover, we only conducted internal validation, 
which reduced the representativeness of our findings. To 
further test the effectiveness of this predictive model, it is 
necessary to conduct future external validation using data 
from other healthcare institutions. This will help assess the 
model’s performance and ensure its applicability beyond a 
single organization. Furthermore, the scope of this study 
was limited to assessing the severity of CRBD only during 
the PACU period. However, it did not specifically investi-
gate the condition of the patients once they were trans-
ferred back to the ward. To enhance the knowledge in this 
area, future research can expand the assessment of CRBD 
severity over various time intervals, allowing for the devel-
opment of an accurate prediction model based on the 
severity observed during different time periods. In addi-
tion, this study did not encompass a comprehensive range 
of anesthesia medications. It is recommended that future 
research incorporates literature reports on other influen-
tial drugs in order to explore their clinical significance in 
enhancing the management of postoperative moderate-to-
severe CRBD. Finally, the results of this study need to be 
validated by other national groups, considering the cultural 
and physical differences between countries.

Conclusion
The objective of this study was to focus on the population 
with moderate-to-severe CRBD and identified key factors 
that can predict its occurrence. Multiple machine learning 
techniques were used to develop accurate predictive mod-
els. The aim was to scientifically determine the incidence 
of moderate-to-severe CRBD in clinical settings. Further-
more, features with significant influences were chosen 
to create a visual tool, called a nomogram, which could 
assist healthcare professionals in making informed clinical 
decisions.
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