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Abstract
Background: Based on multi-parameter thin-slice enhanced CT texture features and related clinical indicators, a
preoperative pathological grade prediction model of bladder urothelial carcinoma was established.

Methods: The CT images and clinical data of 372 patients with urothelial carcinoma in our hospital from January 2015 to
October 2020 were collected. 372 patients were divided into two groups: HGUC(n=190) and LGUC(n=182). All patients were
divided into 10 groups on average, of which 7 were used as training group (n=259) and the remaining 3 as veri�cation
group (n=113). Then, by using 3D-Slicer software from all enhanced in patients with preoperative CT images (Arterial and
Venous phase calibration chart) split out the region of interest (ROI), respectively from the tumor image data extraction
based on First-order and Second-order, High-order and �ltering characteristics of 1223 texture features, and use the
inter/intra-class correlation coe�cient(ICC > 0.75) between classes and least absolute shrinkage selection operator
(LASSO) regression feature selection; Secondly, the clinical effective factors were obtained by logistic regression analysis,
and the clinical predictive model was constructed. Finally, the selected clinical key indicators and radiomics features were
mapped. In order to verify the predictive ability of the nomogram, conformance index (C-index), calibration curve, Receiver
operator characteristic (ROC) curve and clinical decision curve analysis (DCA) were used to test the nomogram.

Results: Lasso regression analysis showed that 11 radiomics features were signi�cantly correlated with the pathological
grade of bladder cancer. After comparing the four models, it is found that Logistic regression model has the best prediction
ability (AUC=0.858). The results of multivariate analysis showed that age and albuminuria were independent in�uencing
factors. A comprehensive model for predicting the pathological grade of bladder cancer (radiomics + clinical) was
constructed by combining clinical independent risk factors with 11 radiomics features. Compared with clinical feature
model and radiomics model, it was found that the predictive performance of imaging comprehensive model combined with
clinical factors was the best (AUC=0.864).

Conclusions: The radiomics model based on multi-parameter thin-layer enhanced CT, combined with clinical factors, can
effectively predict high-and low-grade urothelial carcinoma.

Introduction
Bladder Cancer (BCa) is one of the most common malignant tumors in the urinary system (1). More than 95% of bladder
cancers are urothelial cancers, and non-muscle invasive bladder cancer (NMIBC) accounts for 75–80% of urothelial
cancers, including con�ned to the mucosa (Ta, carcinoma in situ) or submucosa (T1) (2). Especially in the past few
decades, the incidence and mortality of bladder cancer in China have been increasing rapidly (3). Although current
therapies for bladder cancer have improved, the prognosis of bladder cancer patients is still poor (4). In addition, the urban
prevalence of bladder cancer is higher than in rural areas (5).

The pathological grading of bladder cancer is one of the most important reference factors for the treatment and prognosis
of patients with bladder cancer. Accurately predicting the pathological grading before surgery is crucial to the choice of
treatment options (6-7). High-grade urothelial carcinoma (HGUC) is more likely to progress to muscle invasion and has a
higher recurrence rate (8-9). The probability of progression of low-grade urothelial carcinoma (LGUC) in stage Ta is about
6%, while the probability of progression in HGUC in stage T1 reaches 17% (10-11). Patients with LGUC are the best
candidates for bladder infusion chemotherapy after preventive transurethral resection (12). For patients with HGUC, not
only need to undergo bladder infusion chemotherapy within 1 to 3 years, but also consider radical cystectomy if
necessary (13). The classi�cation of bladder cancer is mainly based on the pathological diagnosis after biopsy. At present,
the preoperative pathological classi�cation of bladder cancer mainly relies on cystoscopy for tissue biopsy, but cystoscopy
biopsy is an invasive examination, and there is a risk of urinary tract infection and injury (14). Therefore, there is an urgent
need to explore a new, non-invasive method for predicting pathological grading before surgery, which can help clinicians to
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make preliminary inferences about the pathological grading of patients before surgery, and is helpful for personalized
treatment and treatment of patients with bladder cancer. It is helpful for personalized treatment and management of
bladder cancer patients.

After more than ten years of development, medical imaging technology is not only a diagnostic tool, it has become the key
to tumor diagnosis, treatment, and disease evaluation (15). Medical imaging technology is playing an increasingly
important role in all stages of cancer treatment (16-18). Imaging technology is not only used in the prediction of tumor
recurrence and diagnosis, but also can achieve a good predictive effect in preliminary screening, biopsy guidance and
pathological staging, and even has a certain effect in patient prognosis assessment and pain relief (19-28). At present, CT
imaging technology has been applied to all stages of cancer management and plays a pivotal role. However, CT imaging
cannot describe the internal features or molecular details of solid tumors (29-30). In addition, the current main imaging
technologies also include dynamic contraction-enhanced magnetic resonance imaging (DCE-MRI) and positron emission
tomography (PET), etc. They are more effective in the identi�cation and progress assessment of tumor tissues.

In recent years, image texture analysis technology has been used to dig out a large number of relevant characteristic
parameters from medical imaging data of speci�c cancers to assist clinical and radiologists in accurate cancer diagnosis
and assessment, and obtain useful information that cannot be seen by the naked eye, becoming mainstream (31-33).
Radiomics was originally proposed by Dutch scholars. It extracts high-throughput image features through image analysis
technology, converts them into computable spatial texture data, and uses supervised or unsupervised methods to classify
textures to make them has a strong ability to quantify heterogeneity (34). At present, many studies have shown that the
combination of radiomics and machine learning algorithms have shown good performance in the differential diagnosis
and staging prediction of diseases (35). Although the role of magnetic resonance imaging (MRI) in the diagnosis and
progression assessment of bladder cancer has been reported (36). However, conventional images with echo-planar
magnetic resonance sequences cannot identify the primary tumor well, and may be inaccurate in identifying the local
stage. In addition, MRI examination also has the disadvantages of longer time, higher economic cost, and more scanning
parameters, however, the CT examination time is short, the cost is low, and the thin-layer CT enhanced image can show the
lesion more clearly, and it is not easy to cause the omission of edge texture information (37).

In recent years, radiomics proposed by many research scholars plays different roles in a variety of tumors, and has become
a hot spot in medical research, and has great potential in the diagnosis, pathology and progression prediction of bladder
tumors (38-43). Computerized tomography (CT) examination is the most commonly used preoperative diagnosis and
evaluation method for patients with bladder cancer, it is used to locate the tumor and determine the number and size of the
lesions, at the same time, it can also make a certain preliminary judgment on the degree of tumor invasion and metastasis,
but the internal characteristics of the tumor cannot be directly obtained with the naked eye, and image texture feature
analysis can further explore the morphology and internal texture information of the tumor (44-45). At present, there are few
literature reports on predicting the pathological grading of bladder cancer, and most of them are small in sample size, poor
in comprehensive performance, and not combined with clinically relevant factors, so the clinical application is not high.
This research aims to �nd characteristic texture parameters from multi-parameter thin-layer enhanced CT through texture
analysis technology, and combine machine learning algorithms to achieve the purpose of non-invasive and quantitative
prediction of the pathological grade of bladder cancer before surgery. In addition, on this basis, we tried to develop the
nomogram and apply it to the clinic, which included radiomics features and clinical risk factors.

Materials And Methods
Data of patients

This study collected a total of 372 patients who underwent surgical treatment in our hospital's urology department from
January 2015 to October 2020 and were pathologically diagnosed as urothelial carcinoma after surgery. Among them,
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there were 182 cases and 190 cases of low-grade urothelial carcinoma and high-grade urothelial carcinoma, respectively. 

Selection criteria

Inclusion criteria

(1) Pathological diagnosis of urothelial carcinoma after transurethral resection of bladder tumor or total cystectomy during
hospitalization, complete clinical data and complete pathological report; (2) Thin-layer enhanced CT of the bladder within
one month, and the bladder is well �lled, with complete imaging data; (3) Bladder tumor diameter>=1cm;

Exclusion criteria

(1) Those undergoing neoadjuvant treatment with bladder perfusion or intravenous chemotherapy before surgery; (2)
Insu�cient bladder �lling and tumor minimum diameter <1cm (including squamous carcinoma); (3) Patients with
insu�ciency of important organs; Patients with in�ammatory bladder diseases and mental disorders; (5) Patients with
other malignant tumors; A total of 372 patients were enrolled and were randomly divided into training and veri�cation
groups according to the proportion of 7:3. The patient recruitment pathway is shown in Fig.1.

Methods

Clinical data and image data collection

The clinical data includes the patient's height, age, gender, urinary PH, weight, metabolic syndrome (MS), high blood
pressure (HBP), urinary tract infection, body mass index (BMI), hematuria, albuminuria, high-density lipoprotein (HDL-C),
tumor location, tumor number, tumor size (maximum diameter), diabetes mellitus (DM), Triglyceride (TG), pathological
grade, past history and family history, etc. The patient’s imaging data includes: thin-layer CT images of the venous phase
and arterial phase within one month before the operation, and the image quality is good, and the bladder tumor is clearly
imaged without artifacts.

CT scanning method

All patients underwent Siemens 64-slice spiral CT bladder-enhanced examination in our hospital. After the image is
reconstructed, it is uploaded to the picture archiving and communication system (PACS) imaging system in uncompressed
digital imaging and communications in medicine (DICOM) format, and all the patient's arterial phase and venous thin layer
image data are downloaded from the PACS system.

Delineation of image ROI 

First, import the arterial and venous thin-layer images of the lesion into the 3D-Slicer image editing software. In order to
reduce the in�uence of changes in contrast and brightness on the texture analysis results, the arterial and venous images
are uniformly calibrated and merged into an image of arteriovenous phase fusion. Two residents with more than three
years of experience in urinary system imaging diagnosis applied the hidden density processing (Threshold) function and
the Sphere brush function in the texture analysis 3D-Slicer software when the pathological results were unknown. The
continuous-level semi-automatic ROI is delineated for bladder tumor lesions. In order to unify the shape of the ROI cut from
each tumor, smoothing is performed. The speci�c process is shown in Fig.2. In addition, in order to delineate the entire
bladder tumor as completely as possible, try to keep the delineation line about 1-2mm away from the edge of the tumor.
For multiple foci, considering the heterogeneity among different individuals, only the largest foci were included in the study.

Image processing and data acquisition
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The complete tumor ROI is obtained by semi-automatic delineation. In order to transform the tumor ROI into visual data for
analysis, a series of processing of the tumor ROI is required, parameters are set, and the original data required for the
research is obtained. Select the Radiomics function of the 3D-Slicer software to perform a series of data analysis and
processing on the tumor ROI outlined in the previous stage, and select the radiomics texture features we need. The feature
parameters include: First-order, Shape features (shape2D, shape3D), gray-level run-length matrix (GLRLM), gray-level
dependence matrix (GLDM), gray-level size zone matrix (GLSZM), neighboring gray-tone difference matrix (NGDTM) and
gray-level co-occurrence matrix (GLCM) and �ltering characteristics. Set resampling and �ltering criteria were as follows:
resampled voxel size (1, 1, 1), LoG kernel sizes (1, 1.5, 2, 2.5), and wavelet-based features. For multiple lesions, considering
the heterogeneity among different individuals, only the most signi�cant lesions were included.

Texture feature data preprocessing 

The process is mainly operated by 3D-slicer software (www.slicer.org/) to extract effective features from tumor image
data. Finally, the Radiomics package is used to extract three-dimensional (3D) radiomics features, including �rst-order
features, second-order features, high-order features and �ltering features (41, 43, 46-47). Among them, the �rst-order
features are mainly used to describe the global features related to the frequency distribution of image gray levels, such as
Energy, etc; The second-order features are mainly used to describe the local distribution characteristics of image gray
levels, such as Autocorrelation, Contrast, Correlation, Difference Average and Difference Entropy; High-level features
describe the gray-scale regional distribution characteristics of the image, such as Coarseness and Complexity; This study
extracts a total of 80 types of features from tumor ROI, including First-order features (18 types), Shape features (3D) (16
types), Shape features (2D) (14 types), GLCM (24 types), GLRLM (16 types), GLSZM (16 types), NGDTM (5 types), and
GLDM (14 types), total extracted 1223 radiomics features. In order to facilitate the subsequent calculation and analysis,
the characteristics are numbered and assigned, which are sequentially numbered X1, X2...X1223. The preprocessing of the
characteristic data is essential. The �rst is to process all the null values and replace them with the median. Then the
extracted texture parameters are screened by the correlation coe�cient between groups (ICC>0.75). In order to facilitate
subsequent calculation and display, the feature is reduced by Z-score, so that the feature value is between [-1,1] after being
reduced in dimension.

Texture feature extraction and screening 

Selection operator (LASSO) regression method selects effective radiomics features from the training group. Logistic
regression, decision tree, support vector machine (SVM) and adaptive boosting (Adaboost) are used for model
construction, and accuracy, sensitivity, speci�city and area under the curve (AUC) are used as model evaluation indicators.

Selection and assignment of clinical related factors

In order to construct a predictive model of the pathological grade of bladder cancer, and make the model more perfect and
e�cient. We add gender, age, height, weight, HBP, urine pH, urinary tract infection, hematuria, albuminuria, HDL-C, tumor
location, tumor number, tumor size (maximum diameter), DM, TG, pathological grade, MS, past history and family history
and other clinical characteristics. Considering that this research requires a lot of data and complicated parameters, in order
to improve the calculation e�ciency and intuitive display, all the parameters participating in the research are assigned. For
example, low-grade urothelial carcinoma (LGUC) is assigned a value of "0" during classi�cation, otherwise, it is marked as
"1". Refer to Table 1 for the assignment of other clinical related factors.

Table 1. Clinical factor assignment.
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Clinical factor  Assignment“0” Assignment“1”

Gender Female Male

Urinary tract infection No Yes

Hematuria (%) No Yes

Proteinuria No Yes

Number Single Multiple (>=2)

Metabolic syndrome (MS) No Yes

BMI BMI<25 BMI≥25

Triglyceride <1.7 ≥1.7

High blood pressure (HBP) No Yes

Diabetes mellitus (DM) No Yes

De�nition: yes=1,no=0. BMI normal value=18.5-23.9. Triglyceride normal value=0.45 1.69mmol/L. High-Density
Lipoprotein(HDL) normal value=0.7 2.0mmol/L. Urine PH normal value=6.0-6.5

Predictive model construction (comparison of four algorithm models)

First, build four prediction models for bladder cancer pathology classi�cation on the already divided training group. By
comparing accuracy, sensitivity, speci�city and AUC select the radiomics feature prediction model with the highest
prediction e�ciency. In order to verify the predictive capabilities of the four predictive models, this study uses a 10-fold
cross-validation method and performs 100 iterations; at the same time, it compares with the clinical feature prediction
model based on clinical feature indicators and selects a model with better predictive capability.

Statistical software and methods

The software used in this study included 3D-Slicer (4.10.2-Win-amd 64), R-Studio (1.2.1335), and related software
packages. The clinical-related factors were analyzed using SPSS22.0 software (IBM), and the measured data was
expressed as x ± s. T-test was used to compare the two groups of measurement data, and the counting data was
compared by chi-square test. Independent risk factors were found by logistic regression. We compared the values of
radiological features in the differential diagnosis of LGUC and HGUC using a single-factor analysis of variance. The LASSO
regression model was analyzed using the "glmnet" software package. We used the "proc" software package to draw ROC
curves. The differences in AUC values among models were tested using the Delong test. P<0.05 (two-sided) was
considered to indicate signi�cance. The effectiveness of the model is expressed by the C-index, and the model is veri�ed by
the decision curve (DCA).

Results
Correlation analysis of clinical features

A total of 372 patients with bladder cancer were included in this study. The basic information includes height, age, gender,
urinary PH, weight, MS, HBP, urinary tract infection, BMI, hematuria, proteinuria, HDL-C, tumor location, tumor number,
tumor size (maximum diameter), DM, TG, pathological grade, past history and family history, etc. Among them, 301 were
males and 71 were females; aged 26 to 95 years, with an average of 65.48±12.39 years), including 182 cases of LGUC and
190 cases of HGUC. The characteristics of the high- and low-level groups and the entire patient group are shown in Table 2.
According to the ratio of 7:3, the patients were randomly divided into training group (n=259) and veri�cation group
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(n=113). In the training group and the veri�cation group, the information of HGUC and LGUC patients is shown in Table 3.
Univariate analysis showed that factors such as age, urinary tract infection, hematuria, albuminuria and tumor diameter
were statistically signi�cant (p<0.05). Multivariate analysis showed that in the clinical prediction model, age and
proteinuria were still independent risk factors (p<0.01).

Table 2. General information of patients in training group and veri�cation group.
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Clinical factor LGUC N=182 HGUC N=190 U/c2 P

 Age (c±S, year) 61.98±12.29 68.85±11.91 11574 <0.0001

Gender (%)     2.733 0.0983

Male 141(77.5%) 160(84.2%)    

Female 41(22.5%) 30(15.8%)    

BMI (c±S, kg/m2) 23.56±3.275 23.42±3.243 17190 0.9235

Urine PH (c±S) 6. 052±0.7187 6.079±0.7376 16860 0.6699

Urinary infection (%)     13.78 0.0002

Yes 81(44.5%) 121(63.7%)  

No 101(55.5%) 69(36.3%)  

Hematuria (%)     18.44 <0.0001

Yes 105(57.7%) 149(78.4%)    

No 77(42.3%) 41(21.6%)    

Proteinuria (%)     42.12 <0.0001

Yes 52(28.6%) 118(62.1%)    

No 130(71.4%) 72(37.9%)    

Tumor location (%)     6.487 0.2617

Left side wall 69(37.9%) 86(46.8%)    

Right side wall 49(26.9%) 55(28.9%)    

Bladder triangle 12(6.6%) 9(4.7%)    

Front wall 7(3.8%) 11(5.8%)    

Posterior wall 39(21.4%) 25(13.2%)    

Bladder vault 5(3.4%) 4(6%)    

Tumor number (%)     0.4112 0.5213

single 162(89%) 165(86.8%)    

Multiple (>=2) 20(11%) 25(13.2%)    

Tumor size (c±S, mm) 19.65±11.27 24.94±15.05 13804 0.0007

MS (%)     0.4207 0.5166

Yes 50(27.5%) 58(30.5%)    

No 132(72.5%) 132(69.5%)    

HBP (%)     1.210 0.2714

Yes 74(40.7%) 88(46.3%)    

No 108(59.3%) 102(53.7%)    
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Clinical factor LGUC N=182 HGUC N=190 U/c2 P

Triglycerides (c±S) 1.443±0.8769 1.415±0.8038 16390 0.3853

HDL-C (c±S) 1.201±0.3570 1.204±0.3159 16933 0.7305

 DM (%)     2.599 0.1070

Yes 30(16.5%) 44(23.2%)    

No 152(83.5%) 146(76.8%)    

Bold values indicate signi�cant difference.

LGUC = Low-grade urothelial carcinoma; HGUC = Low-grade urothelial carcinoma; BMI = Body mass index; MS = Metabolic
syndrome; HBP = high blood pressure; HDL-C = High density lipoprotein cholesterol; DM = Diabetes mellitus

Table3. Comparison of the characteristics of HGUC and LGUC in the training group and the training group.
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Clinical factor Training group (259) U/χ2 P Validation group (113) U/χ2 P

HGUC (126) LGUC (133) HGUC (64) LGUC (49)

Age (c±S,
year)

68.83±12.07 61.53±12.61 5656 <0.0001 68.91±11.68 63.20±11.43 1046 0.002

Gender (%)     0.735 0.39     2.746 0.097

Male 103 103     57 38    

Female 23 30     7 11    

BMI
(c±S, kg/m2)

23.42±3.37 23.28±3.12 8133 0.68 23.44±2.99 24.32±3.58 1401 0.335

Urine PH (c±S) 6.04±0.67 6.06±0.73 8368 0.98 6.14±0.71 6.02±0.66 1446 0.467

Urinary
infection (%)

    14.62 0.0001     5.470 0.019

Yes 82 55     44 23    

No 44 78     20 26    

Hematuria (%)     21.43 <0.0001     7.846 0.005

Yes 103 64     51 27    

No 23 69     13 22    

Proteinuria (%)     34.71 <0.0001     7.942 0.004

Yes 80 36     38 16    

No 46 97     26 33    

Tumor
location (%)

    4.755 0.446     9.543 0.089

Left side wall 59 53     27 16    

Right side wall 37 32     18 17    

Bladder
triangle

7 11     2 1    

Front wall 4 7     7 0    

Posterior wall 17 26     8 13    

Bladder vault 2 4     2 2    

Tumor
number (%)

    0.690 0.405     3.205 0.073

single 114 116     51 45    

Multiple (>=2) 12 17     13 4    

Tumor
size (c±S, mm)

25.30±15.62 18.57±9.82 6320 0.0006 28.20±15.99 21.76±12.11 1206 0.035

MS (%)     0.302 0.582     0.094 0.758

Yes 38 36     20 14    
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No 88 97     44 35    

HBP (%)     0.378 0.5385     0.0029 0.956

Yes 54 52     34 30    

No 72 81     30 27    

Triglycerides
(c±S)

1.42±0.80 1.46±0.97 7996 0.525 1.40±0.81 1.37±0.54 1455 0.513

HDL-C (c±S) 1.21±0.31 1.23±0.38 8332 0.937 1.18±0.31 1.11±0.23 1465 0.553

DM (%)     0.709 0.399     0.430 0.511

Yes 48 44     22 14    

No 78 89     42 35    

Bold values indicate signi�cant difference. P<0.01 considered statistically signi�cant.

Selection of radiomics features

Among the 1223 radiomics features extracted from CT images (after calibration in the arteriovenous phase), 669 proved to
have good inter-group and intra-class consistency (ICC>=0.75), ICC (mean=0.748, median=0.807) (Fig.3a). Through one-
way analysis of variance, 651 radiomics features are signi�cantly different between HGUC and LGUC (p<0.05), and enter
the LASSO regression model to select the most valuable features (Fig.3b). Select the most valuable features, use the
minimum criterion for 10 cross-validation, and �nally get 11 valid features to build the predictive model (Fig.3b and Fig.3c).
This process mainly uses the “p-ROC” and “glmnet” R packages.

Construction and selection of Model

We use 11 effective features to build models, and try to build four models based on the training group: Logistic regression
model, SVM, ADABOST and decision tree model. We found that only the logistic regression model is the most valuable.
The AUC values of Logistic regression, decision tree, SVM, and ADABOST models based on the training group are 0.858,
0.872, 0.852 and 0.789, respectively. The sensitivity, speci�city, and accuracy of the training group of the Logistic
regression model are 75.40%, 82.71% and 79.15%, respectively, (95%CI: 0.812-0.903), and the veri�cation group were
76.36%, 68.97% and 72.57%, respectively, (95%CI: 0.719-0.881). Decision tree prediction models were 80.16%, 87.22%,
83.79% (95%CI: 0.829-0.914) and 74.55%, 72.41%, 73.45% (95%CI: 0.573-0.784); SVM prediction model were 65.08%,
85.71%, 75.68% (95%CI: 0.806-0.989) and 65.45%, 72.41%, 69.03% (95%CI: 0.729-0.887). The ADABOST prediction models
were 84.92%, 72.93%, 78.76% (95% CI: 0.740-0.839) and 85.45%, 53.44%, 69.03% (95% CI: 0.615-0.775). A comprehensive
comparison of these four prediction models shows that the comprehensive diagnosis effect based on the logistic
regression algorithm is the best, not only has a good AUC value in the training group, but also can be well veri�ed in the
veri�cation group. The accuracy, sensitivity, speci�city and AUC of the training group and the veri�cation group are
balanced. The AUC values of the logistic regression prediction model training group and veri�cation group were 0.858 and
0.800, respectively (Fig.4). Comparing the performance of the four models, it can be seen that the radiomics model based
on the logistic regression model has good performance in terms of accuracy, speci�city, sensitivity and AUC, and the
overall performance is better. There are signi�cant differences between HGUC and LGUC. Table4 summarizes the
diagnostic performance of each algorithm model.

Table 4. Comparison of four algorithm models based on the training group.
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Algorithm models Group Accuracy (%) Sensitivity (%) Speci�city (%) 95% CI AUC

Logistic regression Train 79.15 75.40 82.71 0.812-0.903 0.858

Test 72.57 76.36 68.97 0.719-0.881 0.800

Decision tree Train 83.79 80.16 87.22 0.829-0.914 0.872

Test 73.45 74.55 72.41 0.573-0.784 0.679

SVM Train 75.68 65.08 85.71 0.806-0.898 0.852

Test 69.03 65.45 72.41 0.729-0.887 0.808

ADABOST Train 78.76 84.92 72.93 0.740-0.839 0.789

Test 69.03 85.45 53.44 0.615-0.775 0.695

SVM = support vector machine; ADABOST = adaptive boosting.

Model construction and evaluation

Through univariate and multivariate analysis, it was found that age and proteinuria were independent risk factors for the
pathological grading of bladder cancer patients. It can be concluded that patients with symptoms of albuminuria before
surgery have a greater risk of HGUC. In addition, age is also related to pathological grading. The older the age, the greater
the risk of HGUC. In the training group, a clinical prediction model was established based on two risk factors and compared
with the radiomics model. In the training group, the AUC values of the radiomics model and the clinical prediction model
were 0.858 and 0.650, respectively. There are obvious differences between the two models (p=0.001). The ROC curves of
the two models and the comprehensive model are shown in Fig.5. By comparison, it can be seen that the predictive
performance of the radiomics model is signi�cantly greater than that of the clinical predictive model, and it has better
performance in predicting the pathological grade of bladder cancer. In addition, we added clinical factors to the radiomics
model to obtain a comprehensive model (radiomics + clinical), and found that its predictive performance was slightly
higher than that of the radiomics model (AUC=0.864).

The establishment of radiomics nomogram combined with clinical features

We combined the clinical factors of age, albuminuria and radiomics score (Rad-Score) to construct a radiomics
nomogram. As shown in Fig 6. Decision curve analysis (DCA) proves that between about 30% and about 90% of the high-
risk threshold, both models can achieve better net bene�ts than all or none, but the value of the radiomics model higher
(Fig 7). The calibration curve shows the goodness of �t of the nomogram. The 45° dashed line represents the ideal
prediction model, and the black line represents the prediction performance of the nomogram (Fig 8). The closer the black
line is to the ideal prediction line, the better the prediction effect of the model. In order to better apply the radiomics model
to the clinic and improve the accuracy of the model, we combined the clinical model with the radiomics model to draw a
nomogram of the comprehensive model (radiomics + clinical) to make the model more intuitive. Considering that the
construction of the model involves 11 radiomics features, in order to simplify the model, we reduce the dimensions of 11
image parameters and express them with Rad-Score. Rad-Scores are calculated using the following formula:

Rad-scores= Log-sigma-1-0-mm-3D_glcm_Autocorrelation*1.03823

           +Log-sigma-1-5-mm-3D_�rstorder_Kurtosis*-0.11197

            +Log-sigma-2-0-mm-3D_glcm_JointAverage*0.12997

           +Log-sigma-2-5-mm-3D_gldm_LowGrayLevelEmphasis*-0.38671
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           +Wavelet-LHH_glcm_Autocorrelation*-1.72581

           +Wavelet-LHH_glszm_SmallAreaHighGrayLevelEmphasis*-0.88659

            +Wavelet-LHL_gldm_LargeDependence*0.45270

           +Wavelet-LLH_glcm_JointAverage*3.25086

           +Original_shape_MajorAxisLength*-0.05676

            +Original_shape_MinorAxisLength*0.57564

            +Original_shape_Maximum2DDiameterSlice*0.87998

Discussion
The pathological grade of bladder cancer is closely related to the choice of treatment and prognosis. Cystoscopy has the
risk of urinary tract infection, injury and implant transfer, and the misdiagnosis rate is high (48–49). At present, arti�cial
intelligence and texture analysis technology are used from image data to mine a large number of texture features that are
speci�cally related to the interior of the tumor, providing clinical and radiologists with in-depth information that cannot be
obtained from conventional images, and assisting them in diagnosing and predicting tumor features. It has become the
main hot direction of current research, especially showing strong potential in the clinical diagnosis and prediction of
bladder cancer. Relevant studies at home and abroad have con�rmed that radiological features have good performance in
the prognosis of bladder cancer and the identi�cation of muscle invasion (39, 41). Previous studies have shown that by
comparing the texture information of dynamic enhanced magnetic resonance imaging (DCE MRI) and diffusion weighted
imaging (DWI) of patients with bladder cancer, it is found that the DCE-MRI sequence has certain signi�cance in identifying
recurrence and in�ammation after bladder cancer. Further research it is found that the DCE-MRI sequence also has better
performance in the differentiation of bladder cancer and glandular cystitis (39–40). Numerous studies and analyses have
shown that MRI has applications in the pathological grading and diagnosis of bladder cancer due to its high resolution
(50). However, MRI has the advantages of long time, high economic cost, and many scanning parameters, while CT has
short time and low cost. Thin-slice CT enhanced images can show the lesions more clearly, and it is not easy to cause the
omission of edge texture information. At the same time, CT texture features can re�ect the distribution characteristics of
focal cells and contrast agents in the intracellular and external intercellular spaces of blood vessels, non-invasively
quantify the tumor microenvironment, evaluate the heterogeneity of the tumor, and provide help for the formulation of
clinical treatment plans (51). Previous studies have shown that CT texture technology can diagnose and predict the
pathological grade of bladder cancer, but it does not incorporate clinical features, the diagnosis mode is relatively simple,
cannot be displayed in the form of a nomogram, and the sample size is small (52–53). Therefore, we propose a new
radiological biomarker to assess the preoperative pathological grading of bladder cancer, and construct a predictive model
in conjunction with clinical practice. The results show that CT-based radiomics features, combined with machine learning
algorithms and clinical features, can better distinguish HGUC and LGUC.

Construct and verify the radiomics features based on multi-parameter thin-layer enhanced CT to predict the preoperative
pathological grading of patients with bladder cancer. In addition, we have developed a predictive nomogram, which
includes radiological characteristics and clinical risk factors. Therefore, this research mainly cuts into the subject from two
perspectives and starts the research: (1) Constructing a prediction model of bladder tumor pathological grading based on
multi-parameter thin-layer enhanced CT image features for preoperative prediction. (2) Construct a pathological prediction
model based on logistic regression, and combine clinical related factors to construct a comprehensive prediction model of
(radiomics + clinical), which greatly enhances the comprehensive performance of the bladder cancer pathological grading
prediction model. In this study, we used different learning algorithms and compared the pros and cons of each algorithm.
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The logistic regression model has the best performance. In the end, we initially established a radiomics model based on CT
images to predict the pathological grade of bladder cancer. In order to effectively solve the problem that different gray level
differences between different thin-slice CTs have a serious impact on the texture feature extraction results, this research
�rst outlines the entire tumor ROI in the original image data, and performs texture analysis on the ROI. In this study, we
used a three-dimensional (3D) region of interest. Compared with using a two-dimensional (2D) region of interest, the
resolution e�ciency is improved, because the 3D ROI takes into account all available slices, and the entire tumor analysis
seems to be larger than the maximum horizontal Cross-sectional area can better indicate tumor heterogeneity (54). Then,
texture features were extracted from the GLDM, GLCM, GLRLM, GLSZM, NGDTM, First-order and Shape features in the
tumor ROI with a speci�c gray level, and a total of 1223 radiomics features were extracted. Considering that there are many
features involved in research and selection, it is easy to cause the model's predictive performance to over�t, which will
affect the comprehensive ability and generalization ability of the radiomics model. Therefore, based on the extracted 1223
features, this study uses lasso regression to select the optimal feature subset, and �nally obtains 11 radiomics features to
quantitatively describe the image difference between HGUC and LGUC, and improve the comprehensive performance of the
prediction model. The results show that the optimal features selected by the above feature selection method increase the
model's prediction accuracy of bladder cancer pathological grading to 79.15%, and the C-index is 0.858. Two of these 11
optimal features are GLDM features, which shows that GLDM features based on the gray-scale dependence of quanti�ed
images are more effective in quantifying the heterogeneous difference between HGUC and LGUC. There are four GLDM
features, one GLSZM feature, the First-order and Shape features. These texture features can effectively re�ect the internal
differences between HGUC and LGUC.

In this study, the radiomics features were selected from the training group through the selection operator (LASSO)
regression method. The 11 effective features that constitute the radiomics label represent different texture characteristics
in the image and re�ect the unevenness of the internal tissue of the tumor tissue. Independent sample T test and rank sum
test showed that "Autocorrelation" and "Joint-Average" in the second-order feature gray level co-occurrence matrix (GLCM)
were correlated with high and low levels of bladder cancer (p < 0.0001). Autocorrelation is a measure of texture �neness
and roughness. The joint average (Joint-Average) represents the returned average grayscale intensity distribution. Studies
have shown that autocorrelation is closely related to tumor invasion (55–56). The higher the autocorrelation value, the
stronger the heterogeneity of the texture pattern (57). In our study, the autocorrelation value of high-grade urothelial
carcinoma was signi�cantly greater than that of low-grade urothelial carcinoma. It can be concluded that the higher the
autocorrelation value of bladder tumors, the higher the pathological grade (p < 0.0001). In addition, the "kurtosis" in the
�rst-order feature is the "peak" measure of the average distribution of the image ROI. Related studies have shown that
kurtosis is related to the invasion of cervical cancer and the invasion of the muscle layer of the bladder (58–60). In our
study, larger kurtosis values may represent high-grade tumors. In addition, the gray-level dependent matrix parameters
"LowGrayLevelEmphasis" and "LargeDependenceLowGrayLevelEmphasis" in the high-level features are also closely related
to the pathological grading of bladder tumors. The LowGrayLevelEmphasis represents the distribution of low gray values,
and a higher value indicates a greater concentration of low gray values in the image. The study found that the larger the
key value of the low gray level, the more the tumor tends to be low-level. Large Dependence Low Gray Level Emphasis
represents the joint distribution of large dependencies with lower gray values. The larger the value, the more likely the
tumor is to be high-grade urothelial carcinoma. Through research, we also found that the shape feature in the texture
feature also has a certain relationship with the pathological grade of bladder tumor. Among them, the
Maximum2DDiameterSlice, MajorAxisLength and MinorAxisLength are all parameters of the tumor size. As the diameter of
the tumor increases, the pathological grade will also increase. Among the four models, the model based on the logistic
regression algorithm has the best comprehensive effect, and the comprehensive performance of the accuracy, speci�city
and AUC value of the logistic regression model is the best. In the training group, the radiomics model based on logistic
regression has accuracy, sensitivity, speci�city and AUC values of 79.15%, 75.40%, 82.71% and 0.858, respectively. In the
veri�cation group, its accuracy, sensitivity, speci�city and AUC value were 72.57%, 76.36%, 68.97% and 0.800, respectively.
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Comprehensive comparison of each model, the overall performance of the radiomics model based on logistic regression is
better.

Compared with the models established in previous studies, we combine the relevant clinical indicators on the basis of the
radiomics model, so that the model can be better applied to the clinic and has better diagnostic performance. This may be
because we have used radiomics to extract a large number of features from the original image and the �ltered image, or it
may be that we have fully excavated clinically relevant factors. This study found that age and albuminuria are related to
pathological grading through univariate analysis and multivariate analysis, which are independent risk factors for
pathological grading (p < 0.001). There is advanced age and albuminuria before surgery, and postoperative pathology is
high-grade urothelium. The probability of cancer is greatly increased. In addition, the larger the tumor diameter, the greater
the probability of high-grade urothelial carcinoma, which coincides with the results obtained by the shape parameters in
the radiomics texture feature. In this study, a clinical prediction model was established by combining the clinical
characteristics of age and albuminuria. The AUC value of the clinical model established on this basis is 0.650, and the AUC
value of the radiomics model is 0.858. Compared with the clinical model, the radiomics model obtained a higher AUC value
in distinguishing HGUC from LGUC (0.858 training group = 0.858 and veri�cation group = 0.800), and the radiomics model
is better in terms of the predictive ability of the model, in order to further improve the prediction ability of the model, and
adding clinical factors, we constructed a radiomics-clinical prediction model (AUC = 0.866), and developed a nomogram,
which has a good prediction value for distinguishing HGUC from LGUC. Then verify and calibrate it. The calibration curve
and decision curve can well verify that the radiomics-clinical model has better predictive performance. In addition, the
HGUC (190 cases) and LGUC (182 cases) sample distributions in this study are more balanced. This model can effectively
suppress the prediction bias caused by sample imbalance and effectively enhance the predictive ability of pathological
classi�cation. There is also a big bright spot in this study. The traditional prediction model is inconvenient to use. In order
to make the model better applied to the clinic, we have drawn the prediction model nomogram. Clinicians can intuitively
and conveniently use the model to make effective clinical predictions. The results of this study show that the combination
of multi-parameter thin-layer enhanced CT radiomics features and clinical can quantitatively characterize the pathological
grading of patients with bladder cancer, which has important clinical application value.

The novelty of this study can be summarized as follows: (1) This is the �rst use of multi-parameter thin-layer enhanced CT
imaging to predict the pathological grading of bladder tumors before surgery; (2) Using image texture features and three-
dimensional region of interest ROI re�ect the intensity and spatial changes of different atlases to better characterize the
heterogeneity of tumors; (3) Sample rebalance and feature selection methods are used together to enhance prediction
performance. (4) Combining clinically speci�c factors to construct radiomics-clinical prediction model, and develop a
prediction nomogram.

Radiomics features based on multi-parameter thin-layer enhanced CT have great potential in predicting the pathological
grading of bladder cancer. In addition, this study is a retrospective analysis and still has certain limitations. In addition, the
study only conducted a study on one center, lacking comparison and generalization, retrospective design may introduce
selection bias, and the diffusion of CT-enhanced contrast agents may exist in individual difference. In follow-up studies, we
will conduct multi-center studies, even prospective, and we will continue to collect more CT data from eligible patients in
the future to establish a more comprehensive and more e�cient diagnostic predictive model.

In summary, this study constructed a radiomics model based on multi-parameter thin-layer enhanced CT to predict the
pathological grade of bladder cancer. The model has good diagnostic e�ciency, can distinguish high-grade and low-grade
bladder cancer, and draws a nomogram, which makes it more intuitive and convenient for clinicians to use, and provides
help for the diagnosis and treatment of bladder cancer.
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ROI Region of interest

ICC Inter-/intra- class correlation coe�cient

LASSO Least absolute shrinkage and selection operator

C-index conformance index

ROC Receiver operator characteristic

DCA Decision curve analysis

BCa Bladde Cancer

NMIBC non-muscle invasive bladder cancer

MIBC muscle invasive bladder cancer

HGUC High-grade urothelial carcinoma

LGUC low-grade urothelial carcinoma

DCE-MRI dynamic contraction-enhanced magnetic resonance imaging

PET positron emission tomography

CT Computerized tomography

MS metabolic syndrome

HBP high blood pressure

BMI body mass index

HDL-C high-density lipoprotein

DM diabetes mellitus

TG Triglyceride

PACS picture archiving and communication system

DICOM digital imaging and communications in medicine

GLRLM gray-level run-length matrix

GLDM gray-level dependence matrix

GLSZM gray-level size zone matrix

NGTDM neighboring gray-tone difference matrix

GLCM gray-level co-occurrence matrix

3D three-dimensional

AUC area under the curve

SVM support vector machine

Rad-score Radiomics score

CI Con�dence interval
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Figure 1

We screened 372 bladder cancer patients who met the research criteria through our hospital's case retrieval system and
PACS imaging system.

Figure 2

Semi-manual three-dimensional segmentation of the tumor, the tumor in 3D form, and the cutting of the tumor for
smoothing.
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Figure 3

669 radiomic features proved to have good inter-group and intra-group consistency (a). Cross-validation is used to �lter the
coe�cient of each feature at the best logarithm (λ). As the value of λ increases, the number of features becomes less and
less (b). Use cross-validation to generate coe�cients corresponding to the logarithmic (λ) value (minimum variance). Draw
vertical lines with 11 selected radiological features (c).

Figure 4

We build four prediction models on the basis of the training group. Comprehensive comparison shows that the logistic
regression algorithm has the best diagnostic effect. The AUC values of the training group and the veri�cation group are
0.858 (a) and 0.800 (b), respectively, and the overall performance is better.
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Figure 5

Comparing the ROC curves of the three models, there is a signi�cant difference in the ROC between the radiomics model
and the clinical model, while the radiomics model is not much different from the comprehensive model that combines
clinical factors, and the e�ciency of the comprehensive model is slightly better than that of the radiomics group model.
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Figure 6

The nomogram can predict the probability of clinically high-grade urothelial carcinoma. Note: Each variable is located on
its axis. Draw each vertical line up to the "score" axis to determine the score attributed to each variable. Sum the score of
each variable and position it on the "Total Score" axis. Draw a vertical line to �nd the possibility of having high-grade
urothelial cancer.
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Figure 7

The red and blue lines represent the net bene�ts of radiological characteristics and clinical risk factors, respectively. The
DCA curve proves that between the high-risk thresholds of about 30% and about 90%, both models can achieve better net
bene�ts than all or none, but the radiomics model is more valuable.
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Figure 8

The calibration curve of the nomogram. Obviously, the curve represents the relationship between the predicted probability
and the actual probability of clinically signi�cant high-grade urothelial cancer based on our entire study population. 2,000
resampling are used to draw a deviation correction curve through bootstrapping. The ideal curve is a 45° line, which means
perfect predictions can be made.


