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Abstract

Background/Aim: Vesicoureteral reflux (VUR) is a condition that causes urine to flow in reverse, from the
bladder back into the ureters and occasionally into the kidneys. It becomes a vital cause of urinary tract
infections. Conventionally, VUR’s severity is evaluated through imaging via voiding cystourethrography
(VCUG). However, there is an unresolved debate regarding the precise timing and type of surgery required,
making it crucial to classify VUR grades uniformly and accurately. This study’s primary purpose is to
leverage machine learning, particularly convolutional neural network (CNN), to effectively identify and
classify VUR in VCUG images. The aspiration is to diminish classification discrepancies between different
observers and to create an accessible tool for healthcare practitioners.

Methods: We utilized a dataset of 59 VCUG images with diagnosed VUR sourced from Openl. These
images were independently classified by two seasoned urologists according to the International Reflux
Classification System. We utilized TensorFlow, Keras, and Jupyter Notebook for data preparation,
segmentation, and model building. The CNN Inception V3 was employed for transfer learning, while data
augmentation was used to improve the model’s resilience.

Results: The deep-learning model attained exceptional accuracy rates of 95% and 100% in validation and
training, respectively, after six cycles. It effectively categorized VUR grades corresponding to the global
classification system. Matplotlib tracked loss and accuracy values, while Python-based statistical analysis
assessed the model’s performance using the F1-score.

Conclusion: The study’s model effectively categorized images, including those of vesicoureteral reflux,
which has significant implications for treatment decisions. The application of this artificial intelligence
model may help reduce interobserver bias. Additionally, it could offer an objective method for surgical
planning and treatment outcomes.

Keywords: vesicoureteral reflux, voiding cystourethrography, artificial intelligence, convolutional neural
network, deep learning
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Introduction

Vesicoureteral reflux (VUR) is a condition where urine
flows backward from the bladder into the ureters and,
occasionally, the kidneys. It is a significant contributory factor to
urinary tract infections and primarily arises from anatomical or
functional abnormalities [1]. The ureter does not close during
voiding or under conditions of high intravesical pressure, such as
neurogenic bladder, urethral stenosis, and posterior urethral valve
[2]. Untreated, VUR may result in complications like reflux
nephropathy, kidney damage leading to renal failure, end-stage
renal disease, or growth retardation in children [3].

Voiding cystourethrography (VCUG) is a common
radiological test employed to detect vesicoureteral reflux (VUR).
VCUG enables comprehensive insights into the presence,
absence, and severity of VUR, as defined by international
standards [4-7]. It is often ordered by specialists such as
urologists, pediatric  urologists, pediatricians, pediatric
nephrologists, and pediatric surgeons. For patients with persistent
high-grade reflux (grades 4/5), surgical correction should be
considered. However, consensus is lacking on the timing and
selection of surgical methods. Reimplantation is generally
preferable for higher reflux grades, whereas endoscopic injections
can produce satisfactory results for lower grades. Thus,
standardizing and accurately grading VUR is crucial. It strongly
impacts treatment choices and promotes clear communication
among health professionals.

Machine learning, a facet of artificial intelligence,
involves teaching a computer to develop programs based on given
data and anticipated results. This approach is increasingly
prevalent in the biomedical field. While humans can easily
understand the context and importance of an image, translating
this ability to machine comprehension is a complex task. The
convolutional neural network (CNN), a prominent machine
learning technique, has made significant strides in the field of
medical imaging. CNN architectures are widely employed in
image detection and classification [8]. In simple terms, an
application, often shortened to ‘app’, is a type of software or
collection of programs designed to assist users in completing
specific tasks. The use of CNNs holds notable implications for
healthcare professionals in clinical practice.

This research focused on using deep-learning methods to
identify and categorize vesicoureteral reflux (VUR) in images
from Voiding Cystourethrogram (VCUG) studies. The intention
was to decrease discrepancies in classification between observers
and to create a corresponding application.

Materials and methods

Data collection

This study used a dataset of 59 images, all previously
diagnosed with VUR using VCUG. The images were sourced
from Openl, a PubMed Central online medical image archive.
Because the data was obtained from an open-access archive, there
was no need for ethical approval. All analyses were carried out on
this readily available data.

Image classification

Two seasoned urologists (OE, SAO), with a decade of
experience each, classified all images based on the International
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Reflux Classification System, independently and unaware of the
other’s determinations. In instances of conflict, a senior urologist
(SS) with 20 years of experience was called in. Images causing
unresolved disagreements were omitted from the study. The
study’s flow is illustrated in Figure 1.

Figure 1: The flowchart of the study.
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For data analysis, we used TensorFlow, Keras, and
Jupyter Notebook. Jupyter Notebook, an open-source web
application, enabled us to create and share documents containing
text and live code [9,10].

Data splitting

The images were divided at random into two groups: a
training group of 38 cases and a validation group of 21 cases. This
method aimed to represent the dataset accurately and evenly
[11,12].

Model construction

A Jupyter Notebook environment was set up using
prerequisites from the Keras library. We used a convolutional
neural network model called Inception V3 for this task [13]. The
Cross-Entropy loss function was used for classification, and we
applied the Adam optimizer with standard settings [14].

Transfer learning

We designed a two-step transfer learning strategy, which
included freezing and training the final layers. We then added
extra layers with random initialization to the pre-trained Inception
V3 model, originally trained on ImageNet. Finally, we fine-tuned
the model with a weight of 0.0001.
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Data augmentation

The Keras Image Data Generator was used for image
enhancement to improve the model’s strength. This generator was
set up with the training directory, file requirements, picture
dimensions, and batch size.

Model deployment

To develop an easy-to-use application, we used the
Gradio package in Python. This facilitated the transformation of
the trained model into a web application. You can access the web
application at
https://huggingface.co/spaces/Ragio/VUR_grade_prediction.

Statistical analysis

All statistical analyses were conducted using Python 3.6.
The model’s performance was evaluated using the F1-score,
which ranges from 0 to 1, with 1 demonstrating flawless positive
predictive value and sensitivity.

Results

Once the code is run, the model begins its training
process. After six epochs, the model yields a training accuracy of
100% and a validation accuracy of 95%. The validation accuracy
is lower due to the smaller number of images (n=21) in this group.
If both validation and training values decrease, it demonstrates
effective learning by the model. Matplotlib is a Python package
utilized for plotting and generating figures in multiple formats. It
captures the loss and accuracy values in arrays (Figure 2).

Figure 2: Loss and accuracy arrays of the created model.
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The hold-out test is employed to gauge the efficiency of
our trained model as well as to evaluate the training and validation
of the images. Keras, a Python-based deep-learning library, is
utilized in training models within neural networks and executing
the data generator on a batch of test images. It operates on a
directory of issues using a for-loop or evaluates one point at a time.

Our model successfully estimated all vesicoureteral
reflux (VUR) grades according to the International Reflux
Classification System. Specifically, it categorized: Grade I as the
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presence of contrast medium solely in the non-dilated ureter;
Grade 2 as the presence of contrast in both the ureter and the renal
pelvis, with no significant dilatation; Grade 3 as mild dilation in
the ureter and the pyelocalyceal system; Grade 4 as tortuosity and
moderate dilation in the ureter, along with blunted renal fornices;
and Grade 5 as tortuosity and severe dilation in the ureter, dilated
pyelocalyces, loss of fornices, and papillary impression.

Figure 3 visually represents the estimated grade 4 and
grade 5 VUR. The potential to distinguish between these two
grades is indicated with numbers in parentheses, which range from
Oto1l.

Figure 3: Estimated values of grade 111 and IV vesicoureteral reflux.
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Discussion

Vesicoureteral reflux (VUR) is a perilous disease that
poses significant risks to a child’s kidney health, alongside various
other health complications [15]. Early diagnosis of this disease is
critical to prevent recurring urinary tract infections and further
kidney damage in children [16]. Urologists universally advise that
all children with recurrent febrile urinary tract infections
undertake Voiding Cystourethrograms (VCUGs). The VCUG’s
findings allow them to gauge the severity of VUR, enabling them
to prescribe accurate treatments. This can range from frequent
follow-ups, prophylactic antibiotics, or even necessitate
endoscopic or surgical procedures.

Studies have shown that the combination of human
analysis and deep-learning systems is more effective than using
either independently [17]. The employment of CNNSs in reviewing
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radiological images can decrease the workload of healthcare
professionals and lower clinical practice costs. Such technology
can also reduce variability in observation and promote uniform
interpretation. As a result, integrating deep learning into decision-
making processes can significantly benefit specialists. Developers
are creating deep-learning algorithms to analyze medical images,
such as ultrasound and MRI scans, to help identify and categorize
urological diseases [18-24]. Additionally, tools powered by deep
learning are under examination for their potential to assist in
surgical planning and decision-making in the field of urology.

Technologies play a crucial role in diagnosing and
managing urological diseases. However, their accuracy and
therapeutic effectiveness are often reliant on the operator’s skills
and the urologist’s expertise. Pediatric urologists demonstrate an
increased interest in standardizing classification methods and
reporting in the pediatric urology field. Prenatal hydronephrosis,
seen in about 5% of pregnancies, commonly leads to urology
clinic referrals. Recognizing this, Lorenzo et al. [25] developed a
deep-learning model to predict the need for surgical intervention
in children diagnosed with hydronephrosis during prenatal
screening. This early study offers substantial potential for
improving clinical decision-making by identifying which patients
are more likely to require surgery. Another study reported that
deep learning could accurately detect VUR and hydronephrosis
[26]. This underscores the strength of deep learning in quickly
developing an accurate differentiation algorithm for recognizing
hydronephrosis and VUR using minimal code and training cases.

Serrano-Durba et al. [27] developed a deep-learning
model to predict the results of endoscopic treatment for VUR.
Compared to traditional statistical methods, the deep-learning
model proved superior in all evaluated variables, including
sensitivity, specificity, and positive and negative predictive
values. A related study involved 96 children with VUR and aimed
to generate a deep-learning model for predicting the outcomes of
various VUR treatments. The authors observed that deep learning
outperformed traditional statistical methods [28]. The model
accurately predicted VUR resolution and suggested that deep
learning could potentially enhance traditional methods for more
precise clinical outcome predictions.

There is no substantial evidence showing significant
benefits of correcting persistent, low-grade reflux (grades I-111)
when there are no symptoms and kidney function remains normal.
Only those enduring persistent high-grade reflux (grades 1V/V)
should contemplate surgical correction. Reimplantation tends to
yield better results than endoscopic corrections for higher reflux
grades. Hence, patients with persistent high-grade reflux should
be offered reimplantation, while endoscopic correction might be
more fitting for lower reflux grades.

Current data insinuates that about one-third of Voiding
Cystourethrogram (VCUG), results display inconsistent grading
among clinicians, especially with moderate (grade 3-4)
Vesicoureteral Reflux (VUR) [29]. Khondker et al. [30] developed
a deep-learning model to gauge the reliability of reflux grading by
assessing VCUGs for four features: ureteral tortuosity, proximal,
distal, and maximum ureteral dilatation. This feature set was used
to train the model to predict VUR grades.

The team reported that the developed model determined
VUR grades with human-like accuracy, and there was a strong

correlation between VUR grade and the four features mentioned
above. Unlike the International Reflux Classification System,
their model ignored the appearances of renal calyces in grade
classification, posing a notable limitation. Additionally, the use of
data obtained by measurements defined by established
mathematical relationships might pose a disadvantage over the
International Reflux Classification System.

Our study underscores the accurate recognition of VUR
grades through the application of a deep-learning model,
indicating the model’s ability to correctly classify and categorize
images, particularly those with grade 3 and 4 VUR. This accuracy
is consequential as it can influence treatment decisions. The use
of deep learning also curbs interobserver bias, helps cut costs, and
reduces patients’ radiation exposure. In addition, it facilitates
objective surgical planning and the attainment of treatment goals.

We have developed a deep-learning model and an
accompanying web application. This app enables healthcare
professionals to expedite image interpretation, thereby speeding
up diagnosis times. Moreover, it lessens healthcare workers’
workload and enhances patient care quality. This application also
proves useful for preliminary diagnosis in non-specialist
environments.

We have converted our deep-learning model into an
interactive web application using Gradio that is accessible to users
worldwide. This user-friendly interface lets us integrate our model
smoothly into a web application, providing real-time predictions
based on data users input. Gradio’s customization options and
user-friendly design can create a smooth user experience, enabling
easy interaction with our model. The web application is
unrestricted, providing open access to all users.

Limitations

This study has several limitations. First, the number of
images available for analysis was limited. However, we used a
novel method that includes stock images from Openl to construct
the training set for the artificial intelligence. This innovative
approach greatly improves the data’s generalizability. Second, it
is important to note that reflux can occur during both bladder
filling and voiding. Reflux during voiding has a higher chance of
resolution than during bladder filling. Regrettably, due to the
nature of our data source, we are unable to determine whether the
observed reflux in the images occurred during the bladder filling
or voiding phase.

Conclusions

Vesicoureteral Reflux (VUR) is a serious disease that can
cause significant mortality and morbidity, making early and
accurate diagnosis crucial, particularly in pediatric patients. In our
study, we developed a deep-learning model and application aimed
at diagnosing and grading VUR in voiding cystourethrography
(VCUG) images. Our model proves highly accurate in both
diagnosis and staging of this disease, supported by a user-friendly
web application that we also developed.
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