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Abstract
Background: Cystitis glandularis is a chronic inflammatory disease of the urinary system 
characterized by high recurrence rates, the reasons for which are still unknown.
Objectives: This study aims to identify potential factors contributing to recurrence and 
propose a simple and feasible prognostic model through nomogram construction.
Design: Patients with confirmed recurrence based on outpatient visits or readmissions  
were included in this study, which was subsequently divided into training and validation 
cohorts.
Methods: Machine learning techniques were utilized to screen for the most important 
predictors, and these were then employed to construct the nomogram. The reliability of the 
nomogram was assessed through receiver operating characteristic curve analysis, decision 
curve analysis, and calibration curves.
Results: A total of 252 patients met the screening criteria and were enrolled in this study.  
Over the 12-month follow-up period, the relapse rate was found to be 57.14% (n = 144).  
The five final predictors identified through machine learning were urinary infections,  
urinary calculi, eosinophil count, lymphocyte count, and serum magnesium. The area  
under curve values for all three time points assessing recurrence exceeded 0.75. 
Furthermore, both calibration curves and decision curve analyses indicated good performance 
of the nomogram.
Conclusion: We have developed a reliable machine learning-based nomogram for predicting 
recurrence in cystitis glandularis

Plain language summary
A machine learning-based nomogram model for predicting the recurrence of cystitis 
glandularis

Cystitis glandularis (CG) is a chronic inflammatory disease of the urinary system with a 
high recurrence rate. However, the cause of the recurrence of cystitis glandularis has 
been controversial. This study aims to establish a reliable clinical model for predicting the 
recurrence of cystitis glandularis. The data of this study showed that the recurrence of 
cystitis glandularis was closely related to urinary tract infection, urinary calculi, eosinophil 
count, lymphocyte count, and serum magnesium ion concentration, and a reliable 
recurrence prediction model of cystitis glandularis was established by machine learning.
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Introduction
Cystitis glandularis (CG) is a relatively uncom-
mon chronic inflammatory condition of the uri-
nary system, with a rising detection rate 
attributable to advancements in cystoscopy and 
pathological diagnostic technologies.1–3 It fre-
quently manifests with nonspecific symptoms, 
including frequent urination, painful urination 
(odynuria), hematuria, and dysuria,4–6 which can 
markedly affect patients’ quality of life due to 
recurring episodes.

Although primarily a pathological concept, the 
most widely accepted theory regarding its patho-
genesis involves epithelial metaplasia mediated by 
diverse molecular and intracellular environments, 
including factors like Cdx2.7 This process con-
tributes to its elevated recurrence rates even fol-
lowing primary treatments, such as transurethral 
resection of bladder lesions. Nevertheless, there 
remains controversy surrounding whether CG 
should be classified as a precancerous condi-
tion.8,9 As a result, it continues to pose a signifi-
cant challenge for clinical diagnosis and treatment, 
largely due to its recurrent nature.

Simultaneously, previous studies have fre-
quently been presented as case reports with lim-
ited sample sizes,10,11 impeding the systematic 
exploration of CG characteristics. Hence, the 
establishment of a comprehensive database 
comprising characteristics of patients with CG, 
coupled with the application of systematic 
methods to investigate recurrence factors, 
emerges as a pivotal concern in the domain of 
diagnosis and treatment. For example, various 
associated diseases and blood detection indica-
tors are employed to predict disease outcomes; 
one notable correlation is the strong association 
between erythrocyte sedimentation rate and 
prostate cancer prognosis,12 while blood white 
cell count serves as a significant predictor for 
rectal cancer.13 Machine learning has found 
extensive application in disease prognosis pre-
diction within the medical field in recent years. 
For instance, various machine learning methods 
have been employed to collaboratively predict 
the prognosis of distant metastasis in pancreatic 
cancer14 and forecast new genes associated with 
community-acquired pneumonia.15

This study involves the serological detection and 
examination of associations with related diseases 
among all patients diagnosed with CG at Xiangya 
Hospital of Central South University, Central 

Hospital of Shaoyang, The Second Affiliated 
Hospital of Nanhua University and the First 
People’s Hospital of Changde from 2010 to 2023. 
Machine learning techniques are employed to 
explore recurrence factors. Initially, a total of 378 
patients were included, but some were subse-
quently excluded due to a lack of serological 
markers or unsuccessful follow-up. The objective 
of our study is to uncover the risk factors for CG 
recurrence and contribute to determining the 
prognostic risk for patients.

Methods

Patients enrolled
Ethical approval was obtained from the Ethics 
Review Committee of Xiangya Hospital, Central 
South University (Changsha, P. R. China), and 
written informed consent was obtained from all 
patients. Initially, 70 patients with more than 
10% missing serological markers and 56 patients 
with failed follow-up were excluded. Following 
these exclusions, a total of 252 patients with path-
ologically confirmed glandular cystitis were 
included in this retrospective study, covering the 
period from July 1, 2013 to July 1, 2023. 
Subsequently, the entire CG patient cohort was 
divided into a training set and a testing set in a 7:3 
ratio. All patients were followed up for 1 year, 
which included urinalysis, urosonography, cys-
toscopy, and biopsy of bladder lesions. The pro-
cess is showed in Figure 1.

Data collection
We gathered demographic information (includ-
ing age and gender), serological test indicators 
(such as white blood cells, red blood cells, plate-
lets, serum ions), details of other urinary system 
complications or complications from other sys-
tems (e.g., urinary stones, urinary tract infections, 
hypertension), and follow-up information 
(including recurrence status and recurrence 
time). Missing serological test data were imputed 
using the mean or median based on their respec-
tive data types. In this study, CG recurrence was 
defined as the identification of a new CG lesion 
by cystoscopy following the complete removal of 
the primary CG lesion.

Feature selection by machine learning
Three machine learning algorithms were used to 
select the recurrence factors of CG, including 
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random forests (RF) model,16,17 the least absolute 
shrinkage and selection operator (LASSO) regres-
sion model,18,19 and extreme gradient boosting 
(XGBoost) model.20,21 LASSO, employed as a 
dimensionality reduction method, was imple-
mented using the R-package “glmnet” with the 
penalty parameter set through 10-fold cross- 
validation. RF performed recursive feature elimi-
nation to assess the weight of clinical features in 
CG and identified genes with relative importance 
greater than 0.025. Concurrently, XGBoost 
implemented variable filtering using the 
“XGBoost” package. The factors influencing CG 
recurrence were ultimately determined based on 
the overlapping results obtained from these three 
methods.

Construction of the nomogram
Utilizing the independent risk factors identified 
by the machine learning model, a nomogram was 
developed to predict the recurrence-free risk for 
CG patients at 3, 6, and 12 months, employing 
the “rms” package. Each variable was allocated 
on the nomogram based on its weight, resulting in 
a distinct line with points corresponding to each 
variable. The summation of points across all vari-
ables in the nomogram yielded a total score, ena-
bling the determination of the recurrence-free 
risk rate at different time points.

Validation of the nomogram
The prediction ability of the nomogram was char-
acterized using the receiver operating characteris-
tic curve (ROC), and its area under the curve 
(AUC) was employed to assess its predictive effi-
cacy. A larger AUC signifies a more accurate pre-
diction by the model. Concurrently, the 
calibration curves, depicting the consistency 
between the model’s predicted survival probabil-
ity and observed undesirable outcomes, were gen-
erated using the bootstrap method with 1000 
re-samplings. Finally, decision curve analysis 
(DCA) was applied to evaluate the potential clini-
cal utility of the new nomogram. ROC curves 
were plotted using the “pROC” package, calibra-
tion curves were generated with the “rms” pack-
age, and DCA was performed using the “ggDCA” 
package.

Statistics analysis
All statistical analyses were conducted using R 
4.2 software (http://www.r-project.org) and 
SPSS (version 25.0, IBM). Continuous varia-
bles adhering to a normal distribution are pre-
sented as mean ± standard deviation, while 
variables not following a normal distribution 
are reported as “median Interquartile Range 
(IQR)”. T-tests and Mann–Whitney U tests 
were employed for the comparison of normally 

Figure 1.  Flow chart of patient enrollment. After excluding patients who failed follow-up and with missing 
data, a total of 252 patients were enrolled. We constructed a training cohort and a validation cohort in a 7:3 
ratio. In the training cohort, we used machine learning to construct a nomogram and verify its reliability. 
Finally, we validated the performance of the nomogram in the validation cohort again.
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and nonnormally distributed variables, respec-
tively. Categorical variables are described using 
frequency (%), and chi-square tests were used 
for the analysis of all categorical data. The sta-
tistical tests were two-sided, with p-values 
below 0.05 considered statistically significant. 
All relevant codes used in this article are 
included in Supplemental File 7.

Results

Patient characteristics
The patients were stratified into a training cohort 
(n = 176) and a validation cohort (n = 76), maintain-
ing a 7:3 ratio. Among them, there were 154 males 
and 98 females, with recurrence rates of 53.4%  
in the training cohort and 65.8% in the validation 
cohort. The mean age was 46.216 ± 11.423 years  
in the training cohort and 47.947 ± 11.93 years in 
the validation cohort.

In both cohorts, seven clinical disease indica-
tors, including urinary calculi and urinary tract 
infection, as well as 33 laboratory indicators 
such as white blood cell count, lymphocyte per-
centage, and serum magnesium ion concentra-
tion, were selected for data analysis. No 
significant differences were observed between 
the training cohort and the validation cohort 
concerning these variables (p > 0.05). In our 
study population, urethral stricture was present 
in 12.70% of patients, urinary calculi in 26.19%, 
urinary tract infection in 37.30%, hydronephro-
sis in 20.63%, coronary heart disease in 5.56%, 
hypertension in 16.67%, and urinary tract 
tumors (including kidney cancer, bladder can-
cer, prostate cancer, or renal pelvis/ureter 
tumor) in 6.35%. These baseline data are com-
prehensively presented in Table 1.

Application of RF, LASSO, and XGBoost machine 
learning models
In this study, we utilized RF, LASSO, and XGBoost 
machine learning models for feature screening. 
Figure 2(a) depicts the results obtained through 
LASSO learning, highlighting the selection of eight 
predictors. Figure 2(b) illustrates the outcomes of 
RF screening, identifying predictors with an impor-
tance greater than 0.025. Additionally, Figure 2(c) 
presents the results of XGBoost screening, reveal-
ing the top 10 predictors. Integrating these screen-
ing outcomes using a Venn Diagram (Figure 2(d)), 
we ultimately identified five predictors—urinary 

infection, urinary calculi, eosinophil count, lym-
phocyte count, and serum magnesium ion concen-
tration for constructing our prognostic model.

Construction of nomogram
The five factors identified through the afore-
mentioned regression analysis have been 
employed to construct a nomogram for predict-
ing the recurrence of CG (Figure 3). Notably, 
serum magnesium ion concentration emerges as 
the most influential factor, with higher concen-
trations corresponding to greater point values. 
Eosinophil count ranks second in significance. 
Additionally, urinary calculi, urinary infection, 
and lymphocyte count are also recognized as risk 
factors for recurrence; among these three varia-
bles, urinary calculi exert a relatively stronger 
impact. By utilizing the provided data, one can 
derive a final score that enables the evaluation of 
the probability of recurrence at 3, 6, and 
12 months using respective axes positioned at 
the bottom.

Evaluation of machine learning model
The AUC was utilized in this study to assess 
and confirm the reliability and validity of the 
aforementioned nomogram. The AUC for 
3-month recurrence was 0.855 in the training 
cohort and 0.95 in the validation cohort (Figure 
4(a) and (d)). For 6-month recurrence, the 
AUC was 0.835 in the training cohort and 0.863 
in the validation cohort (Figure 4(b) and (e)). 
The AUC for 12-month recurrence was 0.818 
in the training cohort and 0.794 in the valida-
tion cohort (Figure 4(c) and (f)). These results 
suggest that our prediction model exhibits good 
performance.

To assess the predictive performance of the 
regression line model in comparison to each 
individual factor, we concurrently generated 
ROC curves for all five individual factors 
(Supplemental Figures 1 to 5) and conducted a 
correlation analysis. The results indicated no 
significant correlation among the five factors 
(Supplemental Figure 6).

Evaluation and validation of nomogram
The performance of the nomogram was evalu-
ated through clinical decision curves and calibra-
tion curves. Regarding calibration, both our 
training and validation cohorts illustrated that 
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Table 1.  Patient characteristics table.

Characteristic Training set Testing set p

Recurrence (%)  

  Yes 94(53.4) 50(65.8)  

  No 82(46.6) 26(34.2) 0.241

Gender (%)  

  Male 98(55.7) 56(73.7)  

  Female 78(44.3) 20(26.3) 0.073

Urethrostenosis (%)  

  Yes 22(12.5) 10(13.2)  

  No 154(87.5) 66(86.8) 0.563

Urinary calculus (%)  

  Yes 40(22.7) 26(34.2)  

  No 136(77.3) 50(65.8) 0.131

Urinary infections (%)  

  Yes 56(31.8) 38(50)  

  No 120(68.2) 38(50) 0.071

Hydronephrosis (%)  

  Yes 30(17) 22(28.9)  

  No 146(83) 54(71.1) 0.103

CHD*(%)  

  Yes 10(5.7) 4(5.3)  

  No 166(94.3) 72(94.7) 0.645

Hypertension (%)  

  Yes 34(19.3) 8(10.5)  

  No 142(80.7) 68(89.5) 0.17

Urinary tumor (%)  

  Yes 12(6.8) 4(5.3)  

  No 164(93.2) 72(94.7) 0.547

Age 46.216 ± 11.423 47.947 ± 11.93 0.886

White blood cell (109/L) 5.35(4.625, 6.675) 5.6(4.875, 7.325) 0.262

Red blood cell (1012/L) 4.456 ± 0.556 4.626 ± 0.532 0.564

Hemoglobin (g/L) 135.966 ± 15.688 141.842 ± 15.64 0.67

(Continued)
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Characteristic Training set Testing set p

Platelet (109/L) 203.625 ± 54.704 206.316 ± 45.65 0.307

Hematocrit (%) 40.588 ± 4.514 42.447 ± 4.437 0.539

Neutrophil (109/L) 3.513 ± 1.440 3.645 ± 1.489 0.676

Lymphocyte (109/L) 1.543 ± 0.541 1.553 ± 0.452 0.451

Eosinophil (109/L) 0.1(0.07,0.2) 0.1(0.1,0.2) 0.156

Basophilic (109/L) 0(0,0.0275) 0(0,0.04) 0.275

Monocyte (109/L) 0.4(0.3,0.5) 0.4(0.3,0.5) 0.917

Neutrophil percentage (%) 60.109 ± 10.045 58.979 ± 13.877 0.462

Lymphocyte percentage (%) 28.769 ± 8.783 29.421 ± 9.149 0.734

Basophilic percentage (%) 0.5(0.4,0.8) 0.6(0.4,0.6) 0.62

Eosinophil percentage (%) 1.7(1,3.1) 1.85(1,2.275) 0.962

Monocyte percentage (%) 7.611 ± 1.930 7.39 ± 1.820 0.908

Mean corpuscular volume (fl) 91.4 ± 5.588 91.83 ± 5.391 0.724

MCH** (pg) 30.588 ± 2.146 30.755 ± 2.042 0.72

MCHC*** (g/L) 334.520 ± 8.597 334.171 ± 8.236 0.962

Red cell distribution width (%) 13.909 ± 4.192 14.021 ± 5.741 0.619

Thrombocytocrit (%) 0.194 ± 0.053 0.198 ± 0.054 0.652

Mean platelet volume (fl) 9.758 ± 1.624 9.541 ± 1.557 0.94

Blood urea nitrogen (mmol/L) 5.087 ± 2.216 5.342 ± 1.772 0.953

Serum creatinine (μmmol/L) 84.060 ± 53.818 91.753 ± 39.3 0.642

Uric acid (μmmol/L) 322.35(255.83,405.85) 339.55(312.55,391.65) 0.147

Blood glucose (mmol/L) 5.135 ± 0.939 5.397 ± 0.930 0.707

Serum potassium (mmol/L) 3.890 ± 0.306 3.84 ± 0.348 0.687

Serum sodium (mmol/L) 141.708 ± 1.939 141.824 ± 2.489 0.166

Serum chloride (mmol/L) 104.531 ± 2.356 104.429 ± 2.380 0.566

CO2 (mmol/L) 24.642 ± 2.246 24.697 ± 2.445 0.578

Anion gap (mmol/L) 12.403 ± 2.638 12.608 ± 2.363 0.685

Serum calcium (mmol/L) 2.255 ± 0.213 2.289 ± 0.147 0.878

Serum phosphorus (mmol/L) 1.178 ± 0.363 1.118 ± 0.171 0.388

Serum magnesium (mmol/L) 0.856 ± 0.065 0.875 ± 0.065 0.585

*Coronary Heart Disease, **Mean Corpuscular Hemoglobin, ***Mean Corpuscular Hemoglobin Concentration.

Table 1.  (Continued)
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the nomogram prediction model closely aligned 
with the ideal condition represented by gray for 
3-month recurrence (Figure 5(a) and (d)), 
6-month recurrence (Figure 5(b) and (e)), and 
12-month recurrence (Figure 5(c) and (f)), indi-
cating its accurate predictive capability for CG 
recurrence. DCA further indicated that utilizing 
our nomogram model to assess recurrence and 
guide treatment decisions yielded greater bene-
fits compared to employing all treatments directly 
at these three time points (Figure 6).

Discussion
Chronic diseases have emerged as significant 
contributors to the global economic and health-
care burden. They present challenges in terms 
of treatment, marked by a high risk of recur-
rence, prolonged symptoms, substantial finan-
cial costs, and diminished quality of life for 
patients, thereby exacerbating their overall 
impact.22,23 CG is one of the chronic inflamma-
tory disorders that affect the urinary system. 
Patients may experience a range of symptoms, 

Figure 2.  Outcomes of machine learning. Screening of possible prognostic factors for recurrence of cystitis 
using machine learning (a) data obtained by LASSO, (b) top five factors of significance screened by random 
forest, (c) top 10 factors of significance screened by XGBoost and (d) five common factors screened by Venn 
Diagram intersection of the above three methods.
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including increased frequency and urgency of 
urination, pain, hematuria, and, in some cases, 
dysuria, all attributable to cystitis.4 In our 
study, we define CG recurrence as the reap-
pearance of similar symptoms during follow-up 
after transurethral resection of bladder lesions 
in patients pathologically diagnosed with CG, 
while excluding other diagnoses (such as blad-
der cancer) or reoperations confirmed histo-
pathologically as cystitis. This definition 
primarily emphasizes the recurrence of symp-
toms. Importantly, our survey data reveal an 
alarming total recurrence rate of 57.14% for 
cystitis, underscoring its chronic nature and 
highlighting the significance surrounding its 
recurrent manifestation.24

Indeed, the etiology of recurrent CG remains a 
subject of extensive debate, encompassing vari-
ous potential factors.25,26 For instance, various 
pathological features play a crucial role in the 
recurrence of adenomyosis. Specifically, the pres-
ence of metaplasia in patients may be associated 
with the malignant transformation of adenomyo-
sis, warranting further investigation.27

A major challenge in this field of research is the 
relatively low incidence of CG, which is signifi-
cantly lower than that of urinary tract tumors 
such as bladder lesions.28 Consequently, pre-
dicting the prognosis reasonably and effectively 
using systematic statistical methods becomes 
challenging, particularly due to the relatively low 
incidence of CG compared to urinary tract 
tumors such as bladder lesions. In this study, we 
retrospectively analyzed data from 252 patients 
with CG who underwent rigorous screening at 
four hospitals over a period of 14 years. Notably, 
our study uniquely combines nomogram and 
machine learning techniques for prognostic pre-
diction. To the best of our knowledge, this study 
represents the inaugural application of machine 
learning techniques in generating a line chart for 
predicting factors contributing to adenomatous 
cystitis recurrence. In contrast to conventional 
statistical analysis methods, machine learning 
ensures analytical randomness and enhances 
result reliability, thereby rendering the line chart 
model more precise and applicable. The RF 
algorithm, chosen for its broad applicability irre-
spective of variable nature, provides visual 

Figure 3.  Nomogram of our prediction model.
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insights into the importance of various predic-
tive factors. This facilitates the selection of 
appropriate indicators for establishing a prog-
nostic model.29 On the other hand, XGBoost 
algorithm leverages decision tree theory to 
enhance accuracy in classification, regression, 
and sorting tasks.30 The nomogram allows for 
visually evaluating individual recurrence risk by 
assigning specific scores based on indicator val-
ues; these scores can be conveniently and relia-
bly summed up.31

In our study, the prediction model comprises 
five predictive factors: urinary infection, urinary 
calculi, eosinophil count, lymphocyte count, and 
serum magnesium ion concentration. Notably, 
urinary calculi is a significant contributor to uri-
nary tract infections and can lead to persistent 
complex infections that resist treatment.32,33 

This perpetuates bladder wall inflammation and 
ultimately results in pathological changes associ-
ated with CG. Eosinophil and lymphocyte 
counts are commonly used serological indicators 
of inflammation and closely linked to patho-
physiological processes such as infection and 
allergy.34–36 Therefore, an increase in these cells 
may indicate local inflammatory reactions within 
the bladder and predict the recurrence of CG. 
Serum magnesium ion concentration is influ-
enced by various factors, including abnormal 
thyroid hormone secretion, leading to magne-
sium ion imbalance.37 In patients with CG, blad-
der lesions affecting the ureteral orifice can result 
in hydronephrosis38 impairing renal function 
and obstructing magnesium ion excretion, 
thereby causing elevated concentrations. The 
AUC of our prediction model exceeded 0.75 at 
three time points for monitoring recurrence in 

Figure 4.  ROC curve of our nomogram. ROC curve for evaluating the performance of the nomogram The 
vertical axis is true positive rate, and the horizontal axis is false positive rate The gray dotted line has an AUC 
of 0.5, and the color broken line in the Figure is the research data (a) ROC of the training cohort for predicting 
3-month recurrence, with an AUC of 0.855, (b) ROC of the training cohort for predicting 6-month recurrence, 
with an AUC of 0.835, (c) ROC of the training cohort for predicting 12-month recurrence, with an AUC of 
0.818, (d) ROC of the validation cohort for predicting 3-month recurrence, with an AUC of 0.95, (e) ROC of the 
validation cohort for predicting 3-month recurrence, with an AUC of 0.863, and (f) ROC of the validation cohort 
for predicting 3-month recurrence, with an AUC of 0.794.
AUC, area under the curve; ROC, receiver operating characteristic curve.
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both the training cohort and validation cohort, 
indicating excellent performance.

Numerous patients seek a follow-up examination 
for evident symptoms; however, a substantial 
number of patients experience asymptomatic 
recurrence following surgery. Without timely 
postoperative follow-up, the growth of CG tissue 
in the triangular area of the bladder may lead to 
ureteral orifice obstruction and subsequent 
hydronephrosis, potentially resulting in irreversi-
ble renal dysfunction in severe cases. This poses 
significant harm to patients. Our predictive model 
could predict the recurrence by considering vari-
ous factors. For patients with a high risk of recur-
rence, we can implement more rigorous follow-up 
plans to facilitate early detection and provide 
appropriate clinical intervention to prevent both 
short-term and long-term complications.

Moreover, the ROC curve in this study offers 
the advantages of simplicity and reliability. The 

included factors are widely utilized in clinical 
practice, easily obtainable, and can be used by 
basic hospitals to conduct a preliminary assess-
ment of patients’ risk of recurrence using sim-
ple blood tests, serum ion tests, and basic 
imaging examinations. This approach does not 
solely rely on pathological evidence, thereby 
helping to alleviate unnecessary economic 
burdens.

However, it should be noted that this study has 
certain limitations. First, given its retrospective 
nature, there might be a loss of follow-up bias and 
other confounding factors, potentially leading to 
inaccuracies in data analysis. Therefore, future 
prospective studies should be conducted to obtain 
more precise conclusions. Second, due to the 
small number of patients with CG included in 
this study, the final sample size after 14 years was 
only 252 cases. Gathering additional patient 
information in subsequent studies will enhance 
the reliability of our findings.

Figure 5.  Calibration curves of our nomogram. Calibration curves for evaluating the performance of 
nomogram the vertical axis is the real probability of recurrence-free, the horizontal axis is the probability of 
recurrence-free predicted by the nomogram, the gray curve is the ideal case, and the blue broken line is the 
specific performance of the experimental data. (a–c) calibration curves for training cohort and (d–f) calibration 
curves for validation cohort.
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Conclusion
We utilized machine learning techniques to 
develop a nomogram for predicting the recur-
rence of CG, incorporating five predictors: uri-
nary tract infection, urinary tract calculi, 
eosinophil count, lymphocyte count, and serum 
magnesium ion concentration. Our nomogram 
demonstrates good predictive ability, as assessed 
through the evaluation of AUC, decision curve, 
and calibration curve.

Declarations
The authors have no conflicts of interest to 
declare that are relevant to the content of this 
article.

Ethics approval and consent to participate
The studies involving human participants were 
reviewed and approved by Ethics Review 
Committee of Xiangya Hospital, Central South 

University (Changsha, P. R. China), the approval 
number is 202312246, and written informed con-
sent was obtained from all patients.

Consent for publication
Written informed consent was obtained from the 
patient for publication of this case report and any 
accompanying images. All co-authors had read 
this article and agreed the publication.

Author contributions
Xuhao Liu: Data curation; Investigation; 
Resources; Writing – original draft; Writing – 
review & editing.

Yuhang Wang: Methodology; Validation; 
Visualization; Writing – original draft; Writing – 
review & editing.

Yinzhao Wang: Validation.

Pinghong Dao: Investigation.

Figure 6.  Decision curve of our nomogram. Decision curve for evaluating nomogram performance. The 
vertical axis represents benefit and the horizontal axis dipictsrelapse risk. The blue straight line indicates 
no treatment, the green curve suggests using all available treatments, and the red broken line suggests 
selectively using the corresponding treatment according to our predictive model. (a–c) training cohort decision 
curve and (d–f) validation cohort decision curve.

https://journals.sagepub.com/home/tau


Volume 16

12	 journals.sagepub.com/home/tau

Therapeutic Advances in 
Urology

Tailai Zhou: Formal analysis.

Wenhao Zhu: Resources.

Chuyang Huang: Investigation.

Yong Li: Investigation.

Yuzhong Yan: Investigation.

Minfeng Chen: Conceptualization; Project 
administration.

Acknowledgements
We would like to thank members of our team for 
their suggestions in processing the project and 
helpful feedback in drafting previous versions of 
this manuscript.

Funding
The authors disclosed receipt of the following 
financial support for the research, authorship, 
and/or publication of this article: This research 
was supported by the National Natural Science 
Foundation of China (Grant Nos. 82170789 and 
81974100).

Competing interests
The authors declare that there is no conflict of 
interest.

Availability of data and materials
Data are available upon request.

ORCID iD
Minfeng Chen  https://orcid.org/0000-0002- 
9759-9894

Supplemental material
Supplemental material for this article is available 
online.

References
	 1.	 Jhang JF, Jiang YH and Kuo HC. Current 

understanding of the pathophysiology and  
novel treatments of interstitial cystitis/bladder 
pain syndrome. Biomedicines 2022; 10(10): 2380.

	 2.	 Capozza N, Collura G, Nappo S, et al. Cystitis 
glandularis in children. BJU Int 2005; 95(3): 
411–413.

	 3.	 Pantanowitz L and Otis CN. Cystitis glandularis. 
Diagn Cytopathol 2008; 36(3): 181–182.

	 4.	 Akiyama Y and Hanno P. Phenotyping of 
interstitial cystitis/bladder pain syndrome. Int J 
Urol 2019; 26(Suppl. 1): 17–19.

	 5.	 Kusumaputra A, Rahman IA and Wirjopranoto 
S. Severe obstructive symptoms and urinary 
bladder mass due to cystitis glandularis: a very 
rare case report in children. Int J Surg Case Rep 
2022; 100: 107709.

	 6.	 Li A, Liu S, Lu H, et al. Clinical character of 
cystitis glandularis accompanied with upper 
urinary tract obstruction. Can Urol Assoc J 2013; 
7(11–12): E708–E710.

	 7.	 Lin ME, Huang D, Deng BH, et al. Expression 
and functional role of Cdx2 in intestinal 
metaplasia of cystitis glandularis. J Urol 2013; 
190(3): 1083–1089.

	 8.	 Bell TE and Wendel RG. Cystitis glandularis: 
benign or malignant? J Urol 1968; 100(4): 
462–465.

	 9.	 Yi X, Lu H, Wu Y, et al. Cystitis glandularis: 
a controversial premalignant lesion. Oncol Lett 
2014; 8(4): 1662–1664.

	10.	 Ye JB, Chen Q, Zeng K, et al. Eosinophilic 
cystitis complicated with cystitis glandularis: a 
case report. BMC Urol 2022; 22(1): 55.

	11.	 Zhang T, Yin SF, Feng WB, et al. Florid 
cystitis glandularis (intestinal type) with mucus 
extravasation: two case reports and literature 
review. Front Surg 2023; 10: 1048119.

	12.	 Borre M, Nerstrom B and Overgaard J. 
Erythrocyte sedimentation rate–a predictor of 
malignant potential in early prostate cancer. Acta 
Oncol 1997; 36(7): 689–694.

	13.	 Lee JH, Jeong JU, Kim SH, et al. Nadir/
pre-chemoradiotherapy ratio of white blood-
cell count can predict tumor response and 
recurrence-free survival in locally advanced 
rectal cancer: a multi-institutional analysis. Int J 
Colorectal Dis 2019; 34(1): 105–112.

	14.	 Yao Q, Jia W, Chen S, et al. Machine learning 
was used to predict risk factors for distant 
metastasis of pancreatic cancer and prognosis 
analysis. J Cancer Res Clin Oncol 2023; 149(12): 
10279–10291.

	15.	 Chen S, Zhou Z, Wang Y, et al. Machine 
learning-based identification of cuproptosis-
related markers and immune infiltration in severe 
community-acquired pneumonia. Clin Respir J 
2023; 17(7): 618–628.

	16.	 Lee KS and Park H. Machine learning on thyroid 
disease: a review. Front Biosci (Landmark Ed) 
2022; 27(3): 101.

	17.	 Zhang Y, Zhang Z, Wei L, et al. Construction 
and validation of nomograms combined with 
novel machine learning algorithms to predict 
early death of patients with metastatic colorectal 
cancer. Front Public Health 2022; 10: 1008137.

https://journals.sagepub.com/home/tau
https://orcid.org/0000-0002-9759-9894
https://orcid.org/0000-0002-9759-9894


X Liu, Y Wang et al.

journals.sagepub.com/home/tau	 13

	18.	 Wang Q, Qiao W, Zhang H, et al. Nomogram 
established on account of Lasso-Cox regression 
for predicting recurrence in patients with early-
stage hepatocellular carcinoma. Front Immunol 
2022; 13: 1019638.

	19.	 Tang G, Qi L, Sun Z, et al. Evaluation and 
analysis of incidence and risk factors of lower 
extremity venous thrombosis after urologic 
surgeries: a prospective two-center cohort study 
using LASSO-logistic regression. Int J Surg 2021; 
89: 105948.

	20.	 Li F, Xin H, Zhang J, et al. Prediction model 
of in-hospital mortality in intensive care unit 
patients with heart failure: machine learning-
based, retrospective analysis of the MIMIC-III 
database. BMJ Open 2021; 11(7): e044779.

	21.	 Hou N, Li M, He L, et al. Predicting 30-days 
mortality for MIMIC-III patients with sepsis-3: a 
machine learning approach using XGboost.  
J Transl Med 2020; 18(1): 462.

	22.	 Chapel JM, Ritchey MD, Zhang D, et al. 
Prevalence and medical costs of chronic diseases 
among adult medicaid beneficiaries. Am  
J Preventive Med 2017; 53(6): S143–S154.

	23.	 Nugent R. Preventing and managing chronic 
diseases. BMJ 2019; 364: l459.

	24.	 Hong T, Piao S, Sun L, et al. TPRG1 contributes 
to inflammation and cell proliferation of cystitis 
glandularis through regulating NF-кB/COX2/
PGE2 axis. Bosnian J Basic Med Sci 2022; 22(1): 
100–109. 

	25.	 Liu X, Chen Z and Ye Z. Etiological study on 
cystitis glandularis caused by bacterial infection.  
J Huazhong Univ Sci Technol 2007; 27(6): 
678–680.

	26.	 Kao C-S, Kum JB, Fan R, et al. Nephrogenic 
adenomas in pediatric patients: a morphologic 
and immunohistochemical study of 21 cases. 
Pediatric Developmental Pathol 2015; 16(2): 
80–85.

	27.	 Ying H, Da L, Yu-xiu S, et al. TLR4 mediates 
MAPK–STAT3 axis activation in bladder 
epithelial cells. Inflammation 2013; 36(5): 
1064–1074.

	28.	 Wiener DP, Koss LG, Sablay B, et al. The 
prevalence and significance of Brunn’s nests, 
cystitis cystica and squamous metaplasia in 
normal bladders. J Urol 1979; 122(3):  
317–321.

	29.	 Saberi-Karimian M, Khorasanchi Z, Ghazizadeh 
H, et al. Potential value and impact of data 
mining and machine learning in clinical 
diagnostics. Crit Rev Clin Lab Sci 2021; 58(4): 
275–296.

	30.	 Khera R, Haimovich J, Hurley NC, et al. Use of 
machine learning models to predict death after 
acute myocardial infarction. JAMA Cardiol 2021; 
6(6): 663–641.

	31.	 Iasonos A, Schrag D, Raj GV, et al. How to build 
and interpret a nomogram for cancer prognosis.  
J Clin Oncol 2008; 26(8): 1364–1370.

	32.	 Bichler KH, Eipper E, Naber K, et al. Urinary 
infection stones. Int J Antimicrob Agents 2002; 
19(6): 488–498.

	33.	 Rahman NU, Meng MV and Stoller ML. 
Infections and urinary stone disease. Curr Pharm 
Des 2003; 9(12): 975–981.

	34.	 Bozza MT, Lintomen L, Kitoko JZ, et al. 
The role of MIF on eosinophil biology and 
eosinophilic inflammation. Clin Rev Allergy 
Immunol 2020; 58(1): 15–24.

	35.	 He A, Chen J, Guan J, et al. Selective eosinophil 
necroptosis contributes to airway inflammation 
and remodeling in asthma. Allergy 2022; 77(11): 
3456–3459.

	36.	 Mack M. Inflammation and fibrosis. Matrix Biol 
2018; 68–69: 106–121.

	37.	 Rabbani E, Golgiri F, Janani L, et al. 
Randomized study of the effects of Zinc, Vitamin 
A, and magnesium co-supplementation on 
thyroid function, oxidative stress, and hs-CRP in 
patients with hypothyroidism. Biol Trace Elem Res 
2021; 199(11): 4074–4083.

	38.	 Bhana K, Lazarus J, Kesner K, et al. Florid 
cystitis cystica et glandularis causing irreversible 
renal injury. Ther Adv Urol 2021; 13: 
17562872211022465.

	39.	 Burin GJ, Gibb HJ and Hill RN. Human bladder 
cancer: evidence for a potential irritation-induced 
mechanism. Food Chem Toxicol 1995; 33(9): 
785–795.

	40.	 Yu Z, Yue W, Jiuzhi L, et al. The risk of bladder 
cancer in patients with urinary calculi: a meta-
analysis. Urolithiasis 2018; 46(6): 573–579.

	41.	 Gordetsky J and Epstein JI. Intestinal metaplasia 
of the bladder with dysplasia: a risk factor for 
carcinoma? Histopathology 2015; 67(3): 325–330.

Visit Sage journals online 
journals.sagepub.com/
home/tau

 Sage journals

https://journals.sagepub.com/home/tau
https://journals.sagepub.com/home/tau
https://journals.sagepub.com/home/tau

