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Abstract

Background: Cystoscopy plays an important role in bladder cancer (BCa) diagnosis and treatment, but its sensitivity needs
improvement. Artificial intelligence has shown promise in endoscopy, but few cystoscopic applications have been reported.
We report a Cystoscopy Artificial Intelligence Diagnostic System (CAIDS) for BCa diagnosis. Methods: In total, 69 204 images
from 10 729 consecutive patients from 6 hospitals were collected and divided into training, internal validation, and external
validation sets. The CAIDS was built using a pyramid scene parsing network and transfer learning. A subset (n¼260) of the
validation sets was used for a performance comparison between the CAIDS and urologists for complex lesion detection. The
diagnostic accuracy, sensitivity, specificity, and positive and negative predictive values and 95% confidence intervals (CIs)
were calculated using the Clopper-Pearson method. Results: The diagnostic accuracies of the CAIDS were 0.977 (95%
CI¼0.974 to 0.979) in the internal validation set and 0.990 (95% CI¼0.979 to 0.996), 0.982 (95% CI¼0.974 to 0.988), 0.978 (95%
CI¼0.959 to 0.989), and 0.991 (95% CI¼0.987 to 0.994) in different external validation sets. In the CAIDS vs urologists’
comparisons, the CAIDS showed high accuracy and sensitivity (accuracy¼0.939, 95% CI¼0.902 to 0.964; sensitivity¼0.954,
95% CI¼0.902 to 0.983) with a short latency of 12 seconds, much more accurate and quicker than the expert urologists.
Conclusions: The CAIDS achieved accurate BCa detection with a short latency. The CAIDS may provide many clinical
benefits, from increasing the diagnostic accuracy for BCa, even for commonly misdiagnosed cases such as flat cancerous
tissue (carcinoma in situ), to reducing the operation time for cystoscopy.

Globally, bladder cancer (BCa) is the 10th most prevalent cancer
(1). Cystoscopy is the standard diagnostic and surveillance tool
for BCa. Patients with suspicious lesions found on cystoscopy
will undergo transurethral resection of bladder tumors (TURBt)
for pathological diagnosis and staging. Approximately 75% of

BCa cases are nonmuscle-invasive BCa and can be managed
with TURBt (2,3). Follow-up with cystoscopy (every 3-6 months)
is necessary to detect recurrence of BCa (4).

White light cystoscopy is the standard procedure for BCa di-
agnosis. Despite its excellent sensitivity in identifying papillary
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lesions, flat cancerous tissue (carcinoma in situ [CIS]) and very
small tumors can easily be missed by urologists, leading to high
rates of misdiagnosis and incomplete TURBt (5). Currently, the
misdiagnosis rate under white light is reported to be 30% (6,7),
and the reported incomplete rate of TURBt is up to 50% (8,9),
which contributes to high early recurrence and progression
rates of BCa.

Therefore, new technologies should be developed to improve
the sensitivity of cystoscopy. Fluorescence cystoscopy and
narrow-band imaging have been developed and applied in vari-
ous countries, contributing to increased detection of bladder
lesions (10,11). However, the adoption of fluorescence cystos-
copy and narrow-band imaging remains modest.

Artificial intelligence (AI) has been applied in many medical
scenarios (12,13). For example, AI can automatically extract
microimaging structures and identify pixel-level features unde-
tectable by the human eye, and it has been used in medical im-
aging diagnosis, including in endoscopic diagnostic systems
(14). When trained on large datasets of clinical endoscopic
images or videos, AI can assist endoscopists in diagnosing can-
cers accurately and efficiently (15). However, regarding the AI-
based detection of BCa via cystoscopy, only single-center and
small-sample-size studies have been conducted with limited
clinical impact (16,17).

Therefore, our aim was to develop a computer-assisted diag-
nosis system, the Cystoscopy Artificial Intelligence Diagnostic
System (CAIDS), for detecting bladder lesions using real-world
cystoscopic images collected from more than 10 000 patients at
6 hospitals.

Methods

Study Design and Participants

This multicenter study was implemented in 6 hospitals in
China: 4 national hospitals, namely, Sun Yat-sen Memorial
Hospital (SYSMH), Renji Hospital Affiliated to Shanghai Jiao
Tong University School of Medicine (RJH), the First Hospital
Affiliated to Army Medical University (AMUFH), and the First
Affiliated Hospital of Nanjing Medical University (NJFH); and 2
municipal hospitals, namely, Shenzhen Second People’s
Hospital (SZSH) and Shantou Central Hospital (STCH). The study
design is shown in Figure 1.

All images were collected from consecutive patients who
underwent cystoscopic examinations or TURBt. Cystoscopic
examinations were scheduled for those with hematuria, or uro-
thelial carcinomas detected by imaging, or fistulae, or follow-up
for BCa patients. TURBt was performed for those with BCa
detected by imaging or cystoscopy. Only patients with malig-
nant cells in bladder lavage fluid or voided urine cytology were
scheduled for random biopsies. Tumors were histologically con-
firmed by biopsy, TURBt, or radical cystectomy samples and
staged in accordance with the 2016 TNM staging system (18).
The grading system used in the study was based on the 2016
grading system of the World Health Organization (19). All
patients were re-assessed for at least 6 months to avoid mis-
diagnosis. Those who had a BCa detected during follow-up were
included in the tumor group. Images of histologically confirmed
tumors were defined as tumor images, and cystoscopic images
of patients without visible lesions or with lesions histologically
excluded as tumors were defined as control images. This study
was approved by the institutional review board of each

participating hospital, and the requirement for informed con-
sent was waived.

The collected images constituting the 2 largest datasets
(from SYSMH and RJH) were divided into a training set and an in-
ternal validation set based on the data of operation at a ratio of
8:2 (80% of the images were assigned as training images, and the
other 20% were assigned as validation images). To evaluate the
generalizability of the developed system, we used the images
collected from the other 4 hospitals as external validation sets.

Cystoscopy and Image Quality Control

All cystoscopic images were captured following a standard pro-
cedure under white light. The images were divided into a tumor
group and a control group based on the histological results.
Cystoscopic images of low quality due to poor insufflation, blur,
halation or blood were excluded.

Twelve experienced urologists from SYSMH were divided into
6 groups for image quality assessment and labeling. All images
were randomly divided among the 6 groups. In each group, 1
urologist assessed and labeled the images, and the other urolo-
gist double-checked the labeled images. If they had different
opinions about the delineation, the image was sent to a professor
with at least 20 years of experience in urology for redelineation.

Development of the CAIDS Algorithm

We built the CAIDS framework using a pyramid scene parsing
network (PSPNet) trained on ImageNet and the training set. We
chose the PSPNet architecture because it was superior to the
FCN, SegNet, DilatedNet, and CascadeNet architectures on the
ADE20K dataset (shown in the Supplementary Methods, avail-
able online) (20).

The proposed PSPNet consists of 3 main components: a pre-
processing module, a feature extraction module, and a pyramid
pooling module. The framework is shown in Figure 2.

The preprocessing procedure is a crucial step that helps en-
hance the quality of the data to promote the extraction of
meaningful insights. The preprocessing module applies normal-
ization and data augmentation to all training samples through
the following methods: 1) the images are cropped along their
longer edges into square images with the original center points
fixed—for example, an image of 640� 480 resolution will be
cropped to 480� 480 by removing 80� 480 pixels on the left and
right sides; 2) each image is resized to a 256� 256 resolution; 3)
to increase the limited available data to a meaningfully larger
and more diverse amount, each sample in the training set is
augmented into 4 transformed versions, including the original
image, 1 flipped vertically, 1 flipped horizontally, and 1 rotated
between -10 and 10 degrees; and 4) the pixel values of each im-
age are normalized to [0,1].

The feature extraction module, a ResNet-101 model with
weights pretrained on ImageNet, extracts the feature maps em-
bedded in the raw data. Pretraining using the ImageNet data-
base has 2 advantages: it can overcome the disadvantages of
imbalanced data (as in our case) and avoid overfitting.

The pyramid pooling module, consisting of a pyramid of 4
parallel levels, can collect more representative levels of infor-
mation compared with global pooling by concatenating differ-
ent feature maps at different scales. The pyramid structure is
important because its various pooling kernels cover the whole,
half, and small portions of each image, resulting in receptive
fields of 4 different sizes. Hence, both global (corresponding to
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larger receptive fields) and local (corresponding to smaller re-
ceptive fields) descriptors can contribute to the final prediction.

The CAIDS algorithm is presented in detail in the
Supplementary Methods (available online).

Validation of the CAIDS Algorithm in the Validation Sets

The diagnostic accuracy, sensitivity, specificity, positive predic-
tive value (PPV) and negative predicted value (NPV), and their
95% confidence intervals (CIs) were calculated using the
Clopper-Pearson method.

The receiver operating characteristic (ROC) curves and
precision-recall (PR) curves were plotted, and the areas under
these curves were calculated to describe the diagnostic perfor-
mance of the CAIDS. The F1 score was calculated as the har-
monic mean of precision and recall, which is defined as 2 �
precision � recall/(precision þ recall).

Then a subgroup of 260 images of complex lesions (130 CIS
or small tumor images and 130 images of chronic inflammation
randomly selected from the validation sets) was used to com-
pare the performance of CAIDS with that of urologists in identi-
fying BCa. “Small tumor” was defined as <40� 40 pixels, which
could be easily misdiagnosed by human urologists. Nine urolo-
gists with varying degrees of expertise (3 trainees with approxi-
mately 2 years of experience, 3 competent urologists with
approximately 7 years of experience, and 3 expert urologists
with at least 20 years of experience) were asked to

independently diagnose the 260 images. The time they spent on
diagnosis was recorded. One month later, the 260 images were
arranged into a different order randomly, and the 9 urologists
were asked to make a diagnosis after being given the diagnosis
estimated probability for each of the 260 images by the CAIDS.
The pathological results for the images were not revealed to any
of the 9 urologists, nor were they given the composition of the
testing set, and none were involved in other parts of this study.

Visual Explanation

To further understand what and where the CAIDS finds impor-
tant features, we visualized the predictions for the cystoscopic
images through heat maps to confirm whether the information
that it uses for classification is reasonable.

Statistical Analysis

All statistical tests were conducted using the R software envi-
ronment, version 3.6.1. The ROC curves were plotted with the
pROC package (21). The PR curves were plotted with the precrec
package.

Results

In total, 69 204 images from 10 729 patients were used to develop
and validate the CAIDS. For SYSMH and RJH, 63 452 images from

Development and retrospective validation of the CAIDS

50 epochs 

iteractions

5,013 cancer images and 

46,054 control images

1,261 cancer images and 

11,124 control images 

130 cancer images and 

130 inflammation images 
Internal validation set

Comparing performance 

of the CAIDS with 

urologists

Training set

Best model

SZSH, STCH, AMUFH, NJFH

647 cancer images and 5,105 

control images from 1,427 patients

Cystoscopic images obtained at six hospitals

Patients: 10,729

Images:  69,204

Cystoscopic images obtained at six hospitals

Patients: 12,303

Images: 78,845
Excluded for following reasons:

1. No clear cystoscopic images

2. Positive follow-up but without 

suspicious lesions in initial cystoscopy

SYSMH and RJH

6,274 cancer images and 57,178 

control images from 9,302 patients

External validation sets

Figure 1. Flowchart of the study design for the development and validation of the Cystoscopy Artificial Intelligence Diagnostic System (CAIDS). AMUFH¼The First

Hospital Affiliated to Army Medical University; NJFH¼The First Affiliated Hospital of Nanjing Medical University; RJH¼Renji Hospital Affiliated to Shanghai Jiao Tong

University School of Medicine; STCH¼Shantou Central Hospital; SYSMH¼Sun Yat-sen University Memorial Hospital; SZSH¼Shenzhen Second People’s Hospital.
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9302 patients were included. For the external validation sets, 48
tumor images and 639 control images from 211 patients were
captured at SZSH, 175 tumor images and 1364 control images
from 472 patients from STCH were included, 96 tumor images
and 349 control images from 109 patients were captured at
AMUFH, and 328 tumor images and 2753 control images from
635 patients were obtained at NJFH. Every positive image had
confirmed pathological results, and every negative image was
confirmed by biopsy or 6-months follow-up. Detailed staging in-
formation for each dataset is listed in Table 1.

After 50 epochs of iteration, the CAIDS was developed. There
was a high degree of agreement between the region predicted
by the CAIDS in segmentation and the region labeled by the
urologists, with a satisfactory median intersection over union of
0.770 (interquartile range¼ 0.361-0.903) in the internal valida-
tion set (Supplementary Figure 1, available online). Several ex-
ample cases are shown in Supplementary Figure 2 (available
online). The accuracy was 0.977 (95% CI¼ 0.974 to 0.979). The
sensitivity, specificity, and NPV were all higher than 0.975. The
PPV was 0.819 (95% CI¼ 0.799 to 0.838), and the most common
causes of false-positives were elevation of the bladder wall and
inflammation.

The CAIDS also reached a high level of accuracy for all exter-
nal validation sets. Specifically, the diagnostic accuracies were
0.990 (95% CI¼ 0.979 to 0.996) for SZSH, 0.982 (95% CI¼ 0.974 to
0.988) for STCH, 0.978 (95% CI¼ 0.959 to 0.989) for AMUFH, and
0.991 (95% CI¼ 0.987 to 0.994) for NJFH.

Near-ideal areas under the ROC curves (AUCs) were also ob-
served in all validation sets, ranging from 0.989 (95% CI¼ 0.988
to 0.991) to 0.998 (95% CI¼ 0.996 to 1.000) (Figure 3, A). The sensi-
tivity, specificity, and NPV of the CAIDS were all higher than

0.95 in all validation sets, with the exception of the sensitivity
for SZSH (0.875, 95% CI¼ 0.748 to 0.953). The PPV ranged from
0.819 (95% CI¼ 0.799 to 0.838) to 0.977 (95% CI¼ 0.877 to 0.999)
(Table 2). In our dataset, negative cases were more numerous
than positive cases. To address this imbalance, we also plotted
the PR curves to evaluate the performance of the CAIDS. In the
external validation sets, the areas under the PR curves ranged
from 0.949 (95% CI¼ 0.919 to 0.993) to 0.986 (95% CI¼ 0.980 to
1.000) (Figure 3, B), supporting the potential of the CAIDS to as-
sist urologists in decreasing the misdiagnosis rate during cys-
toscopy. The F1 scores were 0.923 (95% CI¼ 0.873 to 0.989), 0.924
(95% CI¼ 0.899 to 0.955), 0.948 (95% CI¼ 0.920 to 0.983), and 0.957
(95% CI¼ 0.942 to 0.974) for SZSH, STCH, AMUFH, and NJFH,
respectively.

In the CAIDS vs urologists comparison (n¼ 260), the sensitiv-
ities of the trainees, competent urologists, and expert urologists
were 0.508 (95% CI¼ 0.419 to 0.596), 0.562 (95% CI¼ 0.472 to
0.648), and 0.754 (95% CI¼ 0.671 to 0.825), respectively. The sen-
sitivity of the CAIDS was 0.954 (95% CI¼ 0.902 to 0.983), much
higher than any group of urologist. The AUC was 0.963 (95%
CI¼ 0.940 to 0.987), and the areas under the PR curve was 0.960
(95% CI¼ 0.935 to 0.996), indicating that the CAIDS also performs
well on complex cases (Figure 3, C and D). The F1 score on these
images was 0.939 (95% CI¼ 0.917 to 0.976). Then, we assessed
the performance of the urologists with CAIDS guidance. The
sensitivities of the trainee, competent, and expert urologists im-
proved to 0.731 (95% CI¼ 0.646 to 0.805), 0.846 (95% CI¼ 0.772 to
0.903), and 0.908 (95% CI¼ 0.844 to 0.951), respectively (Figure 3,
E, and Table 2). On average, it took the trainee, competent, and
expert urologists 45 minutes, 38 minutes, and 35 minutes, re-
spectively, to evaluate the 260 images, whereas the CAIDS

PreprocessingInput

128×128×64 64×64×256 32×32×512 32×32×1024 32×32×2048
Feature

Extraction
(ResNet-101)

Pyramid
Pooling
Module
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Figure 2. Framework of the Cystoscopy Artificial Intelligence Diagnostic System. An overview of the proposed framework. Images were captured under white light

from different angles and were saved in jpg format. Preprocessing: normalizes images to meet the requirements of the model and augments each image into 4 trans-

formed versions. Feature extraction: extracts feature maps through a ResNet-101 model pretrained on ImageNet. Pyramid pooling module: collects more information

by concatenating feature maps at different scales in parallel through a 4-level pyramid. CONV ¼ convolutional layer; CONCAT ¼ concat layer.
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needed only 12 seconds to produce more accurate diagnoses,
suggesting that the CAIDS can efficiently reduce the operation
time for cystoscopy while improving diagnostic performance by
reducing misdiagnosis.

Additionally, we performed a subgroup analysis to assess
the performance of CAIDS on carcinomas of different T stages
(Supplementary Figure 1, available online). To better under-
stand what the CAIDS finds important, we visualized the pre-
dictions of the model through heat maps (Supplementary
Figure 3, available online).

To further validate the CAIDS, we collected an independent
consecutive cohort of patients who underwent TURBT in
SYSMH from January 1, 2021, to March 1, 2021. A total of 80
patients (468 positive images, 222 negative images) were en-
rolled. The sensitivity was 0.996 (95% CI¼ 0.958 to 1.000); the
specificity was 0.770 (95% CI¼ 0.709 to 0.824); the PPV was 0.901
(95% CI¼ 0.872 to 0.926), and the NPV was 0.988 (95% CI¼ 0.959
to 0.999). The AUC was 0.976 (95% CI¼ 0.963 to 0.989). The AU
PRC was 0.985(95% CI¼ 0.976 to 0.997). F1 score was 0.946 (95%
CI¼ 0.932 to 0.962). The CAIDS performs well in this indepen-
dent validation set, supporting that the CAIDS has great poten-
tial to be applied into clinical practice.

Discussion

In this study, using 69 204 cystoscopic images from 10 729
patients, we developed a cystoscopic AI-based diagnostic sys-
tem known as the CAIDS, the use of which made valuable con-
tributions to the diagnosis process.

To some degree, cystoscopic analysis depends on the skill
and experience of urologists. TURBt by less experienced urolo-
gists predicted a higher early recurrence rate (22). Trained on a
large number of cystoscopic images labeled by expert urologists,
our CAIDS shows promising diagnostic performance in identify-
ing BCa. Thus, the CAIDS is a practical means of bridging the di-
agnosis gap between national hospitals and primary care
hospitals and the gap between experienced urologists and less
experienced urologists.

Moreover, even for expert urologists, the limitations of cys-
toscopy in identifying flat cancerous tissue (CIS) and very small
tumors must be considered (23). In the subgroup analysis for
complex lesions in our study (n¼ 260), the performance of the
CAIDS was superior to that of expert urologists. Of tumor
lesions, 24.6% were misdiagnosed by the expert urologists, but
when the CAIDS was applied, 62.5% of misdiagnosed cases
could be avoided. Therefore, the CAIDS has the potential to im-
prove the diagnostic accuracy of detecting flat cancerous tissue
(CIS) and very small tumors.

There are several reasons why the CAIDS was able to outper-
form human urologists in this study. First, our system is based
on 69 204 cystoscopic images from 10 729 patients. The larger
the training dataset is, the more accurate the system will be.
Moreover, we used pathological proof as the gold standard to
overcome the limitations of human expert opinions, especially
for complex lesions.

In our study, the NPV ranged from 0.989 to 0.999, and the
PPV ranged from 0.819 to 0.977. The high NPV indicates that the
CAIDS has the potential to achieve a low negative misdiagnosis
rate, and the acceptable PPV suggests that the use of the CAIDS
would not result in a large increase in the number of unneces-
sary biopsies performed to avoid a positive misdiagnosis.
Notably, for most diagnostic models, the PPV and NPV based on
the general population are more suitable for evaluation.T
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Figure 3. Diagnostic performance of the CAIDS in different validation sets. The ROC curves were generated by plotting sensitivity against specificity. The PR curves were

generated by plotting recall (also known as sensitivity) against precision (also known as the positive predictive rate). A) ROC curves and their 95% confidence intervals (CIs)

in the validation sets; B) PR curves and their 95% CIs in the validation sets; C) ROC curve and its 95% CIs in the validation set of complex cases; D) PR curve and its 95% CIs in

the validation set of complex cases; E) performance of the CAIDS compared with urologists with different levels of experience (expert urologists, competent urologists, and

trainees; with and without the guidance of the CAIDS) in identifying BCa in a subgroup analysis of complex lesions. AMUFH¼The First Hospital Affiliated to Army Medical

University; AUC¼area under the ROC curve; AUPRC¼area under the PR curve; BCa¼bladder cancer; CAIDS¼Cystoscopy Artificial Intelligence Diagnostic System;

NJFH¼The First Affiliated Hospital of Nanjing Medical University; PR¼precision recall curve; RJH¼Renji Hospital Affiliated to Shanghai Jiao Tong University School of

Medicine; ROC¼ receiver operating characteristic; STCH¼Shantou Central Hospital; SYSMH¼Sun Yat-sen University Memorial Hospital; SYSMH¼Sun Yat-sen University

Memorial Hospital; SZSH¼Shenzhen Second People’s Hospital.
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However, cystoscopy is an invasive examination and is con-
ducted only for those who are with a strong suspicion to have
BCa rather than as a screening examination. Therefore, the PPV
and NPV based on the population requiring cystoscopic exami-
nation are more suitable to evaluate the system presented in
this study.

Several previous studies have investigated the application of
AI to improve the performance of cystoscopy in detecting BCa.
Shkolyar et al. (17) developed an AI system using videos of 95
patients. The per-frame sensitivity and specificity were 90.9%
and 98.6%, respectively. Ikeda et al. (24) reported another system
based on 2102 cystoscopic images; the sensitivity of this system
was 89.7%, and the specificity was 94.0%. However, the applica-
tions of these systems are limited because of the small sample
sizes, the incomplete inclusion of tumor stages, and the rela-
tively low sensitivities. Compared with the systems developed
in these previous studies, our system is based on a much larger
dataset, has been validated on data from multiple centers, and
includes all tumor stages. The accuracy of our system is also
higher than that of the existing systems, with a pooled sensitiv-
ity of 97.5% and a pooled specificity of 98.3% on the validation
sets. Moreover, with a latency of less than 50 milliseconds per
image, our system is much more efficient.

In fact, we have implemented our system in practice and
deployed it in the operating room at SYSMH. The system can
capture the video stream from a cystoscope through various
types of video data cables, such as DVI and S-Video, which out-
put video frames in real time and are supported by modern cys-
toscopic devices. Each video frame is converted into a
normalized image and fed to the proposed framework. Then, a
mask of the lesion region is predicted by the model. The original
frame is overlapped with the mask to form a new frame, which
is displayed on the monitor of our system. Thanks to the high
performance of graphics processing units, our system is capable
of processing live images generated by a cystoscope in real time,
which can be processed by the CAIDS for real-time diagnosis.

Prospective studies will be needed to integrate the CAIDS
into clinical practice. It is challenging to incorporate AI into
widespread clinical use because of safety concerns. In addition,

any technology must have minimal impact on the urologist’s
workflow, and its onscreen presence must be nondistracting.
The short latency of the CAIDS (<50 milliseconds for per-image
assessment) makes it efficient and practical.

Our study had some limitations. First, the CAIDS was devel-
oped using a large Chinese cohort dataset; thus, its performance
in other populations remains unclear. Second, prospective stud-
ies need to be conducted to test the clinical applicability of the
CAIDS.

Using 69 204 cystoscopic images collected from 10 729
patients at 6 hospitals of different tiers, we developed and
tested a cystoscopic AI-based diagnostic system known as the
CAIDS. It achieved near-perfect accuracy, sensitivity, and spe-
cificity in all internal and external validation sets. For the iden-
tification of complex bladder carcinomas such as flat cancerous
tissue (CIS) and very small tumors (n¼ 260), the CAIDS per-
formed better than expert urologists. The CAIDS has the poten-
tial to assist urologists in clinical practice to improve the
diagnosis of BCa during cystoscopy and the resection rate dur-
ing TURBt, thus reducing misdiagnosis and the early recurrence
rate.
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Table 2. Performance of the CAIDS in different validation datasets

Dataset Accuracy (95% CI) Sensitivity (95% CI) Specificity (95% CI) PPV (95% CI) NPV (95% CI)

In internal and external
validation setsa

SYSMH and RJH 0.977 (0.974 to 0.979) 0.987 (0.979 to 0.993) 0.975 (0.972 to 0.978) 0.819 (0.799 to 0.838) 0.999 (0.998 to 0.999)
SZSH 0.990 (0.979 to 0.996) 0.875 (0.748 to 0.953) 0.998 (0.991 to 1.000) 0.977 (0.877 to 0.999) 0.991 (0.980 to 0.997)
STCH 0.982 (0.974 to 0.988) 0.977 (0.943 to 0.994) 0.982 (0.974 to 0.989) 0.877 (0.822 to 0.920) 0.997 (0.992 to 0.999)
AMUFH 0.978 (0.959 to 0.989) 0.958 (0.897 to 0.989) 0.983 (0.963 to 0.994) 0.939 (0.871 to 0.977) 0.989 (0.971 to 0.997)
NJFH 0.991 (0.987 to 0.994) 0.951 (0.922 to 0.972) 0.996 (0.992 to 0.998) 0.963 (0.936 to 0.981) 0.999 (0.996 to 1.000)

In a select subset of com-
plex casesb

CAIDS 0.939 (0.902 to 0.964) 0.954 (0.902 to 0.983) 0.923 (0.863 to 0.963) 0.925 (0.867 to 0.960) 0.952 (0.899 to 0.982)
Expert 0.842 (0.792 to 0.884) 0.754 (0.671 to 0.825) 0.931 (0.873 to 0.968) 0.916 (0.846 to 0.961) 0.791 (0.718 to 0.852)
Competent 0.692 (0.632 to 0.748) 0.562 (0.472 to 0.648) 0.823 (0.747 to 0.884) 0.760 (0.663 to 0.842) 0.652 (0.574 to 0.725)
Trainee 0.608 (0.546 to 0.667) 0.508 (0.419 to 0.596) 0.708 (0.622 to 0.784) 0.635 (0.535 to 0.727) 0.590 (0.508 to 0.668)
Expert þ CAIDS 0.927 (0.888 to 0.955) 0.908 (0.844 to 0.951) 0.946 (0.892 to 0.978) 0.944 (0.888 to 0.977) 0.911 (0.850 to 0.953)
Competent þ CAIDS 0.861 (0.814 to 0.901) 0.846 (0.772 to 0.903) 0.877 (0.808 to 0.928) 0.873 (0.802 to 0.923) 0.851 (0.779 to 0.906)
Trainee þ CAIDS 0.819 (0.767 to 0.876) 0.731 (0.646 to 0.805) 0.831 (0.755 to 0.891) 0.812 (0.729 to 0.878) 0.755 (0.676 to 0.823)

aInternal validation sets included SYSMH and RJH; external validation sets included SZSH, STCH, AMUFH and NJFH. AMUFH¼The First Hospital Affiliated to Army

Medical University; CAIDS¼Cystoscopy Artificial Intelligence Diagnostic System; CI¼ confidence interval; NJFH¼The First Affiliated Hospital of Nanjing Medical

University; NPV¼negative predictive value; PPV¼positive predictive value; RJH¼Renji Hospital Affiliated to Shanghai Jiao Tong University School of Medicine;

STCH¼Shantou Central Hospital; SYSMH¼Sun Yat-sen University Memorial Hospital; SZSH¼Shenzhen Second People’s Hospital.
bThe select subset of complex cases consisted of 130 carcinomas in situs and small tumor images vs 130 inflammation images.
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