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We aimed to develop a voiding cystourethrography (VCUG) diagnostic artificial intelligence model (VCUG-
DAM), which relies on a novel architecture to automatically segment and diagnose the bladder, urethra,
and ureters using a single VCUG image, while dynamically assessing the relative importance of each image.
A total of 7899 VCUG images from 1,660 patients across 15 Chinese hospitals were collected between
2021 and 2023. In stage 1, we assessed the performances of the VCUG-DAM model. The patient-level
area under the curve (AUC) of VCUG-DAM was 0.8772, 0.7752, 0.9443, and 0.9342 for bladder, urethral,
left, and right vesicoureteral reflux (VUR), respectively. In stage 2, we explored whether the VCUG-DAM
model could improve the diagnostic ability of clinicians. VCUG-DAM improved the clinician’s diagnostic
performance, with mean AUCs increasing from 0.8185 to 0.9456 for the bladder, 0.6507 to 0.7943 for the
urethra, 0.6288 to 0.9641 for the left VUR, and 0.7305 to 0.9506 for the right VUR (all P < 0.0001). In stage
3, the consistency of the VCUG-DAM for VUR grading was validated. VCUG-DAM improved inter-clinician
agreement for VUR grading. The fully automated VCUG-DAM demonstrated high accuracy, reliability, and
robustness in multitask diagnoses of urinary tract abnormalities across multiple VCUG images, while
improving the diagnostic ability of clinicians as an auxiliary tool.
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Introduction

Voiding cystourethrography (VCUG) is a widely used pediatric
fluoroscopy technique that provides detailed anatomical and
functional information about the urethra, bladder, and ureters
during bladder filling and emptying [1-3]. Contrast-enhanced
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voiding ultrasonography (ceVUS) has nowadays almost com-
pletely replaced VCUG, especially in the diagnosis of vesicoure-
teral reflux (VUR), but together with ceVUS, VCUG remains the
gold standard test to diagnose VUR. It is one of the most per-
formed fluoroscopic examinations in pediatric radiology depart-
ments [2]. During the filling phase, VCUG can help in assessing
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the bladder’s shape, size, and filling defects, and in identifying
VUR. In the voiding phase, VCUG allows simultaneous evalua-
tion of reflux and potential anatomical abnormalities or dysfunc-
tions such as bladder diverticula, trabeculations [4], ureterocele
[5], posterior urethral valve [6], anterior urethral valve [7], and
urethral stenosis [8,9]. However, diagnostic accuracy can be influ-
enced by variations in techniques and interobserver variability.

Recent advancements in deep learning (DL) have demon-
strated higher efficiency and reproducibility than those of tra-
ditional radiomics methods, which rely on handcrafted features
for medical imaging analysis [10-12]. Eroglu et al. [13] were
the first to propose a convolutional neural network (CNN)
model for grading VUR on VCUG images. In our preliminary
research [14], we developed a voting ensemble learning method
capable of predicting unilateral or bilateral VUR grades with
high objectivity and reliability. However, existing CNN models
focus solely on VUR grading and fail to address bladder and
urethral abnormalities. Additionally, current DL approaches
for VUR grading require manual selection of VCUG images,
further limiting their clinical applicability.

To address these limitations, we aimed to develop a VCUG
diagnostic artificial intelligence (AI) model (VCUG-DAM),
which relies on a novel architecture to automatically segment and
diagnose the bladder, urethra, and ureters using a single VCUG
image. By aggregating information from multiple images, VCUG-
DAM calculates the relative importance of each image to generate
a comprehensive diagnosis for individual patients. Furthermore,
we evaluated the diagnostic performance of VCUG-DAM against
that of 12 clinicians to determine whether it could enhance accu-
racy and agreement.

Results

A total of 1,270 VCUG examinations (5,644 images) were col-
lected from the Children’s Hospital of Fudan University. The
participants had a mean age of 42.12 + 40.78 months, of whom
780 (61.42%) were males and 490 (38.58%) were females.
External validation dataset 1 featured 256 VCUG examinations
(1,694 images) from 10 hospitals, and the participants had a
mean age of 40.97+42.18 months, of whom 239 (62.73%) were
males and 142 (37.27%) were females. External validation data-
set 2 featured 134 VCUG examinations (490 images) from
4 hospitals, and the participants had a mean age of 41.34+
29.91 months, of whom 82 (61.19%) were males and 52 (38.81%)
were females. Table 1 provides a detailed overview of the demo-
graphic characteristics of the study participants.

Performance of VCUG-DAM at image-level and

patient-level diagnoses

In stage 1, we used the internal validation dataset to evaluate the
performance of VCUG-DAM at the image and patient levels
(Fig. 1). For the image level, the overall performance of the blad-
der classification showed an accuracy of 0.994 (95% confidence
interval: [CI]: 0.932 to 0.9545) and an area under the curve
(AUC) 0f 0.9507 (95% CI: 0.9340 to 0.9650). The overall perfor-
mance of the urethra classification showed an accuracy of 0.9723
(95% CI: 0.9640 to 0.9799) and an AUC of 0.9408 (95% CI:
0.9112 to 0.9674). The overall performance of the left (L)-VUR
and right (R)-VUR classifications showed an accuracy of 0.8868
(95% CI: 0.8719 t0 0.9020) and 0.9246 (95% CI: 0.9115 t0 0.9368),
respectively, with corresponding AUCs of 0.9568 (95% CI: 0.9463
t0 0.9662) and 0.9249 (95% CI: 0.9006 to 0.9465).
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At the patient level, the overall performance of the bladder
classification showed an accuracy of 0.8740 (95% CI: 0.8399 to
0.9081) and an AUC of 0.8772 (95% CI: 0.8279 to 0.9265). The
overall performance of the urethra classification showed an
accuracy of 0.8661 (95% CI: 0.8320 to 0.9003) and an AUC of
0.7752 (95% CI: 0.7094 to 0.8410). The overall performance
of the L-VUR and R-VUR classifications showed an accuracy
0£0.8570 (95% CI: 0.8215 to 0.8924) and 0.8517 (95% CI: 0.8163
to 0.8871), respectively, with corresponding AUCs of 0.9443
(95% CI: 0.9242 to 0.9644) and 0.9342 (95% CI: 0.9065 to
0.9618). Detailed evaluation metrics, including accuracy, sen-
sitivity, specificity, and F1 scores for each condition, are pro-
vided in Appendix Tables S3 and S4.

Clinician’s performance with and without VCUG-DAM

assistance at patient-level diagnosis

In stage 2, we assessed clinician performance with and without
VCUG-DAM assistance for patient-level diagnosis using the
external validation dataset (Fig. 2, Table 2, and Tables S5 to S8).
The VCUG-DAM attained a mean AUC of 0.8438 (95% CI:
0.7903 to 0.8974) and 0.9104 (95% CI: 0.8825 to 0.9383) in the
grading of L-VUR and R-VUR, respectively. For distinguishing
bladder and urethral, the mean AUC of VCUG-DAM was
0.9107 (95% CI: 0.8584 to 0.9629) and 0.7769 (95% CI: 0.7039
to 0.8498), respectively. VCUG-DAM improved the diagnostic
ability of clinicians before and after assistance, with AUC com-
parisons of 0.8185 (95% CI: 0.7756 to 0.8615) versus 0.9456
(95% CI: 0.9261 to 0.9651) for bladder (P < 0.0001); 0.6507
(95% CI: 0.5837 to 0.7176) versus 0.7943 (95% CI: 0.7293 to
0.8592) for urethra (P < 0.0001); 0.6288 (95% CI: 0.5776 to
0.6801) versus 0.9641 (95% CI: 0.9406 to 0.9875) for L-VUR
grading (P < 0.0001); and 0.7305 (95% CI: 0.6793 to 0.7817)
versus 0.9506 (95% CI: 0.9221 to 0.9791) for R-VUR grading
(P <0.0001), respectively.

For bladder, the most marked AUC improvement was in
senior clinicians, with an increase of 13.30% (from 0.8185 [95%
CI: 0.7756 to 0.8615] to 0.9274 [95% CI: 0.9006 to 0.9543],
P < 0.01). For the urethra, the AUCs of the senior radiolo-
gists improved by an absolute margin of 19.50% (0.6647 [95%
CI: 0.6004 to 0.7291] vs. 0.7943 [95% CI: 0.7293 to 0.8592],
P < 0.0001). For the L-VUR, the AUCs of junior clinicians
improved by an absolute margin of 25.63% (0.6741 [95% CI:
0.6228 to 0.7254] vs. 0.8469 [95% CI: 0.8042 to 0.8896], P <
0.0001). For R-VUR, the AUCs of junior clinicians improved
by an absolute margin of 15.72% (0.7305 [95% CI: 0.6793 to
0.7817] vs. 0.8453 [95% CI: 0.8034 to 0.8872], P < 0.0001).

Clinician’s performance in VUR grading using
VCUG-DAM assistance

We compared clinician concordance in VUR grading with
and without VCUG-DAM assistance using external validation
dataset 2 (Fig. 3 and Tables S9 and S10). In general, clinicians
using the VCUG-DAM model for L- and R-VUR grading had
higher kappa, (0.73 vs. 0.87) and (0.76 vs. 0.94), respectively,
than clinicians” stand-alone diagnoses. Among these sub-
groups, with VCUG-DAM assistance for L-VUR grading,
individual improvements ranged between 0.01 and 0.14.
Senior clinical doctors achieved the highest agreement
improvement (0.14), followed by inter-junior radiologists
(0.13). For R-VUR grading, individual improvement ranged
from 0.01 to 0.18. High clinical doctors achieved the highest
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Fig. 1. Confusion matrices and ROC curvature of the VCUG-DAM performance at the image level (A to D) and patient level (E to H) in the internal dataset. L-VUR, the grading

of the left VUR; R-VUR, the grading of the right VUR.

agreement improvement (0.18), followed by high inter-clinical
radiologists (0.11).

Model interpretability and visualization

At the image level, VCUG-DAM generated segmentation maps
for lesion regions in each VCUG image (representative exam-
ples are presented in Fig. 4). The model demonstrated clearer
boundaries and smoother lesions than those of manual seg-
mentation. Additionally, the attention map of the model was
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analyzed, revealing highlighted pixels that were crucial for
distinguishing lesions from background regions (Fig. 4). This
indicates that the model effectively learned to focus on the rel-
evant areas of interest during predictions.

Example of the VCUG-DAM model for

patient-level diagnoses
A patient had more than 2 VCUG images. VCUG-DAM can pro-
vide a weight map score for each VCUG image of a patient to
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Fig. 2. Performance of the VCUG-DAM model and clinicians with and without model assistance in classification. (A) Urethra. (B) Bladder. (C) Left-VUR. (D) Right-VUR. Al
VCUG-DAM; C1, mean junior clinicians; C2, mean attending clinicians; C3, mean senior clinicians; R1, mean junior radiologist; R2, mean attending radiologist; R3, mean senior
radiologist. There were 2 senior clinicians, 2 attending clinicians, and 2 junior clinicians or radiologists in each group. The blue dots denote the performance of the clinicians
without assistance from the VCUG-DAM model. The gray dots denote the performance of the clinicians with assistance from the VCUG-DAM model.

indicate the salience. An example of an image attention map is
shown in Fig. 5. The image weight map demonstrates how VCUG-
DAM automatically assigned greater weights to the bladder, ure-
thra, and ureters, reflecting its focus on lesion areas. This feature
aids clinicians by highlighting critical slices and providing insights
into how the model prioritizes specific regions within the images.

Discussion

In this study, we developed and tested VCUG-DAM, an Al
model for segmenting and diagnosing ureter, bladder, and VUR
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conditions using VCUG images at both image and patient lev-
els. The model alone achieved a high diagnostic performance,
surpassing that of clinicians. Furthermore, segmentation results
and slice attention maps offered valuable tools for visualizing
and locating lesion regions, aiding clinician diagnoses.
VCUG remains the gold standard for diagnosing various
urological conditions, such as diverticula, trabeculation, ure-
terocele, posterior urethral valve, anterior urethral valve, and
urethral stenosis. Owing to the invasive nature of VCUG, alter-
natives such as ceVUS have been proposed for VUR grade [15];
however, it cannot present panoramic views, leading to the
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Fig. 3. The performance of VUR grading the clinicians with and without the VCUG-DAM assist on the external validation dataset 2. Left-VUR without model assistance (A) and
with model assistance (B). Right-VUR without model assistance (C) and with model assistance (D).

inability to visualize the urethra and reno-ureteral system in
one view during voiding [16-18].

The international reflux study in 1985 published the first
reflux protocol and graded VUR into 5 classes [19]. However,
this VUR grading has poor interobserver reliability. Some objec-
tive and reliable parameters including the distal ureteral diameter
ratio, renal cross-sectional area, pelvis dilatation, and tortuosity
predictors of VUR grade even predicted the frequency of urinary
tract infections [20,21]. Additionally, several Al-assisted tools
have been developed to grade VUR using VCUG images
[13,14,22,23]. For example, Khondker et al. [22,23] developed a
machine learning-based model, qVUR, which enables users to
extract metrics such as the ureteropelvic junction width, ure-
terovesical junction width, maximum ureter width, and ureter
tortuosity from an uploaded VCUG image. This model utilizes
arandom forest classifier trained to distinguish between low- and
high-grade VUR. In addition, Eroglu et al. [13] proposed a CNN-
based model for grading VUR from VCUG images. However,
this model is not suitable for bilateral VUR grading and has
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limitations, including a small sample size and a single-center
design. Chen et al. [24] used the Dual Stream CNN Model for
VUR grading. Another study by Li etal. [14] employed an
ensemble learning method for grading VUR, which was vali-
dated in a single-center study. Despite these advancements, all
existing VCUG-based Al tools for VUR grading operate at the
image level and rely on manually extracted slices, requiring expe-
rienced clinicians for interpretation. None of these tools are
designed for the clinical grading of VUR at the patient level. The
VCUG-DAM is a patient-level diagnostic system that extracts
information from multiple VCUG images and assigns weights
to generate a diagnosis for a single patient. This approach elimi-
nates the need for manual slice selection and enhances diagnostic
accuracy. Under VCUG-DAM assistance, both the accuracy and
consistency of VUR grading significantly improve.
Additionally, 3 previous studies have reported on the diagno-
sis of bladder or urethral abnormalities using the DL method.
Kim et al. [25] proposed a DL model to differentiate urethral
strictures from normal slices. Abdovic et al. [26] developed a
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Fig. 4. Three VCUG images selected from the testing set (left) with manual segmentation (second column), automated classification and segmentation (third column), and
attention map of the prediction model (right). The 3 colors in the predicted label represent 4 classes of image-level prediction including bladder (red), ureter (yellow), and

urethra (green). Al, artificial intelligence.

prediction model for late-presenting posterior urethral valves
in boys with lower urinary tract symptoms using an artificial
neural network. Their findings highlighted the potential of
Al-assisted diagnosis for echinococcal urethral strictures.
Weaver et al. [27] applied a DL method to classify the severity
of bladder dysfunction in patients with spina bifida using video
urodynamics. VCUG remains the gold standard for diagnosing
urethral strictures. Our study revealed that the VCUG-DAM
effectively assessed normal and abnormal bladders and ureters
for conditions such as diverticula, trabeculations, ureterocele,
posterior urethral valve, anterior urethral valve, and urethral
stenosis.

The Al model has several advantages. It performs classification
and segmentation tasks, accurately diagnoses VUR, and distin-
guishes between bladder or urethral abnormalities. Moreover, it
can be used to segment lesions in the bladder, urethra, and ureter.
A typical VCUG examination involves multiple images that
reflect the morphology of the bladder, urethra, and ureter at dif-
ferent stages. Furthermore, the contribution of each image to the
final diagnosis varies. To address this, the model incorporates 2
important design features. First, it stacks high-dimensional fea-
tures extracted from multiple images, capturing morphological
changes in the bladder, urethra, and ureters across different stages
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of the examination. Second, we introduced disease-specific learn-
able category embeddings that automatically determine the con-
tribution of each image to the diagnosis of various conditions,
thereby reducing the need for manual intervention.

Additionally, our ATl model has great potential to improve the
diagnostic performance of clinicians. We conducted a multi-
reader, multi-case study using an Al diagnosis for VCUG. The
results indicated a diagnostic improvement in patient-level analy-
sis when employing the Al-assisted strategy. Resident clinicians
achieved the highest improvement with Al assistance, approach-
ing the diagnostic level of senior clinicians. Additionally, the
model assisted in improving the consistency of VUR grading.
Hence, the Al model can be used as a frontline tool in remote or
low-income regions with scarce medical resources.

Our Al model involved a multicenter study of VCUG
images. To our knowledge, this is the largest sample of patients
to date. Data were collected from 15 centers, including different
hospitals across China. We used internal and external valida-
tion dataset 1 to test the diagnostic ability of the model on these
datasets and external validation dataset 2 to assess VUR grad-
ing. The inclusion of data from multiple institutions helps to
minimize potential biases associated with single-center studies
and increases the clinical applicability of the model [10,28].
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Fig. 5. Image weight map of a patient with VUCG examination shown as an example. The first row (raw photos) shows the original VCUG image of a patient. The second row
shows the segmentation and diagnosis of a single image of the VCUG-DAM model. The third row (ground truth) shows the segmentation of the VUR, urethra, and bladder on
each VCUG image. The fourth row shows the results of merging the segmentation on the original VCUG images. The fifth row shows the calculated contributions to the VUR,
urethra, and bladder for each VCUG image. The final row shows the prediction of VCUG-DAM on the patient level.

Furthermore, the Al model can visualize localized lesions.
Our model segmentation showed clear and smooth boundaries
for the lesions. An attention map of the image-level model was
also examined, which highlighted the pixels relevant to differ-
entiating these lesions from background fields, suggesting that
the model generally learned to focus on the areas of interest
when making predictions. Together with the slice attention
map, the segmentation map assisted clinicians in locating and
visualizing lesion regions [29,30].

However, this study has some limitations. First, the ground
truth was determined by expert readings, which, while reliable,
could vary between clinicians. To address this, diagnostic labels
were assigned through independent assessment by 2 experts,
with consensus discussions and third-party adjudication when
needed. Second, the dataset had an insufficient number of nor-
mal bladder and urethral samples. To address this, we used a
model involving a multitasking learning strategy based on a
Vision Transformer (ViT) architecture [31,32]. The class token
from ViT was used to predict tasks, such as bladder and ure-
thral abnormalities and bilateral VUR grading. Image tokens
were employed for a confidence-based semantic task, with
attention maps from both tokens guiding the segmentation.
This approach improved the overall performance and effec-
tively mitigated the impact of data imbalance, facilitating gen-
eralization and more reliable predictions. Third, although a
4-week washout period and randomized ordering of VCUG
cases were applied in the multi-reader multi-case study, recall
bias could not be eliminated. Fourth, this study did not per-
form detailed comparisons of discordance between VCUG-
DAM and clinicians. Future research will address this to
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further validate the tool’s clinical applicability. Last, prospective
studies with larger sample sizes were lacking. We look forward
to testing and refining the VCUG-DAM in prospective studies
with larger populations.

Conclusion

We developed an AI model, VCUG-DAM, to segment and
diagnose VCUG at the imaging and patient levels more accu-
rately than experienced clinicians. Our approach can be applied
in clinical settings by assisting clinicians in diagnosing and
segmenting lesion regions.

Methods

Data collection

A flowchart of the data collection process is shown in Fig. 6. The
study included participants who were 18 years of age or younger;
had been diagnosed with urethral abnormalities, bladder abnor-
malities, vesicoureteral reflux (VUR), or had normal VCUG
findings; had complete medical records and examination data;
and had clear, high-quality imaging available for analysis.
Exclusion criteria included data loss, incomplete data, or poor-
quality VCUG images containing severe artifacts. Detailed inclu-
sion and exclusion criteria are shown in Appendix S1 and Figs.
S1and S2. A total of 1,660 VCUG were retrospectively collected
from 15 hospitals in China: the Childrens Hospital of Fudan
University was used for VCUG-DAM training and internal vali-
dation; 10 hospitals comprised external validation dataset 1, and
another 4 hospitals comprised external validation dataset 2.

10
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1,970 VCUGs identified between 2021 Jan. 1, 2023 Nov. 30

at Children's Hospital of Fudan University.

Images subsequently obtained from the other 10

hospitals as external validation dataset 1 (N = 400)

Images subsequently obtained from the other 4 hospitals

as external validation dataset 2 (N = 200)

700 VCUGs excluded:
1. Poor image quality
2. Malformations

3. No AP view

4. Other

144 VCUGs excluded: 66 VCUGs excluded:

1. Poor image quality

J- Poor image quality 2. Malformations

2. Malformations ¢
1,270 VCUGs include in deep 3. No AP view 3. No AP view
learning mode 4. Other 4. Other
Split at 7:3
A 4 y A ‘
Training dataset Internal validation dataset External validation dataset 1 External validation dataset 2
N =889 N =381 N =256 N=134

Fig. 6. Flowchart of the study population.

Ground-truth development

To provide ground-truth classification and segmentation for
training and testing VCUG-DAM, a total of 1,660 VCUG
examinations, which contained 7,899 VCUG images, were
delineated by 3 clinicians (with 5 years of experience in VCUG
interpretation) using the LabelMe software. At least 2 experts
delineated each image. The ground truth was determined based
on the overlapping areas between the delineations of the 2

------------------------------------------

experts. The ground truth of patient diagnosis was based on
multi-VCUG images. If the results were consistent, the label
would be adopted. However, if the results were discordant,
another experienced pediatric radiologist (with 20 years of
experience in pediatric radiology interpretation) would review
and check the discrepancy and determine the gold standard
result. The details of the delineation process for the VCUG
images are described in the appendix method (Appendix S1).
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Fig. 7. Overview of the study design. (A) Data collection. (B) Development of VCUG-DAM models for the image level and patient level on the VCUG image. (C) Twelve clinicians
without and with the assistance of VCUG-DAM to diagnosis. (D) Model analysis. Center A is Children’s Hospital of Fudan University; Center B consists of 10 hospitals; Center

C consists of 4 hospitals.
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VCUG-DAM development

The architecture of VCUG-DAM consists of 2 main models: the
image-level model and the patient-level model (Fig. 7B). The
image-level model simultaneously handles classification and seg-
mentation tasks using a unified transformer-based architecture.
The model takes an input image and outputs lesion masks for the
bladder, urethra, and ureter, along with the predicted lesion
grade, including bladder abnormalities, urethral abnormalities,
and L- and R-VUR grades. The model is initialized with ViT-Base
weights pre-trained on ImageNet using masked self-supervision,
which stabilizes training and accelerates convergence, enhancing
the representation capability of the image-level model.

The patient-level model uses the weights from the image-
level model as its initial weights, which are frozen to extract
high-dimensional feature representations for each image. These
disease-relevant features are stacked into a matrix, and a mul-
titask attention layer is then designed to dynamically assess the
contribution of each high-dimensional representation. This
enables the model to generate a final prediction on whether a
patient has bladder or urethral abnormalities and to determine
the grade of ureteral reflux.

The detailed implementation of the image-level and patient-
level models can be found in Appendix S2.

Study design

A dataset of 1,270 VCUG with 5,644 VCUG images was col-
lected for training and validation of VCUG-DAM, from the
Children’s Hospital of Fudan University. Using a non-overlap
patient-level splitting with a ratio of 7:3, patients were randomly
divided into the training dataset and the internal validation
dataset. For stage 1, we adopted the internal validation dataset
to assess the image-level and patient-level classification perfor-
mance of the VCUG-DAM model.

For stage 2, in external validation dataset 1, we assessed the
patient-level diagnosis performance of the VCUG-DAM model.
In addition, we explored whether the VCUG-DAM model could
improve the diagnostic ability of clinicians. Twelve clinicians
with varying levels of experience (i.e., junior, attending, and
senior clinicians) were recruited. First, 12 clinicians assessed the
results of VUR, bladder, and ureter based on VCUG. Then, a
crossover design was used with a washout period of at least
4 weeks. Twelve clinicians reassessed the results based on the
predicted probability of results provided by VCUG-DAM after
4 weeks. They could choose either not to change or to just read
the initial results.

For stage 3, external validation dataset 2 was used to evaluate
whether the use of the VCUG-DAM model could improve the
consistency of patient-level VUR grading among clinicians.
First, 12 clinicians assessed the grading of VUR according to
International Reflux Society classification criteria [33]. Then,
they reassessed the VUR grade based on the predicted probabil-
ity provided by VCUG-DAM after 4 weeks. They could choose
either not to change or to just read the initial results. The agree-
ment between all pairs of clinicians with and without VCUG-
DAM assistance was calculated using Cohen’s kappa value.

All experiments were done in accordance with the Declaration
of Helsinki and reported in adherence with the Standards for
Reporting Diagnostic Accuracy. This study was approved by the
Institutional Review Board (IRB) of the Children’s Hospital of
Fudan University [approval no. 2024(46)]. As this was a retro-
spective study using anonymized data, and no patient contact or
intervention was involved, additional IRB approvals from the
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other participating hospitals were not required in accordance
with local regulations and institutional policies. It was also reg-
istered in the Chinese Clinical Trial Registry (registration num-
ber: ChiCTR2400088035)

Statistical analysis

We evaluated the image-level and patient-level performance
using 5 metrics: area under the receiver operating characteristic
curve (AUROC), accuracy, sensitivity, specificity, and F1 score.
The AUROC, sensitivity, specificity, and accuracy of the test
sets were calculated and presented with 95% Cls. Moreover,
a confusion matrix was used to assess the image-level and
patient-level model performance for each classification task.
Two-sided ¢ tests were conducted to identify significant differ-
ences. For bladder or urethral abnormalities tasks, the AUROC,
sensitivity, specificity, and F1 score were calculated in a binary
setting. For L- and R-VUR grade tasks, the AUROC, sensitivity,
specificity, and F1 score were calculated for each disease cate-
gory and then averaged to obtain the final metric value. A mini-
mum sample size of 85 was determined to be sufficient to detect
a mean AUC difference of 0.05 in the diagnostic accuracy of
the 12 participating readers (alpha = 0.05, beta = 0.20)
(Appendix S3).

All statistical analyses were conducted using the following
software and packages: Scikit-learn (version 1.3.2), Torchvision
(version 0.10.1), SciPy (version 1.10.1), Python (version 3.8.2),
PyCharm (version 4.0), Timm (version 0.5.4), Seaborn (version
0.11.2), OpenCV-python (version 4.9.0.80), and Matplotlib
(version 3.7.5).
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