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Abstract

Introduction. Urodynamic studies are a fundamental diagnostic
tool in functional urology, crucial for assessing urinary tract
function. Over the past decade, artificial intelligence has been
progressively applied across several scientific disciplines, with
healthcare representing a significant area of growth. This review
aimed to examine the published literature on the use of machine
learning in urodynamics over the preceding five years. Material
and Methods. A comprehensive literature review was conducted
using Google Scholar and PubMed to identify studies published
between 2020 and 2025 on Al applications aimed at reducing the
invasiveness of urodynamic testing, enhancing diagnostics, and
predicting treatment outcomes. Results. Recent studies demon-
strate that artificial intelligence and machine learning signifi-
cantly enhance diagnostic precision and predictive capability in
urodynamics. Algorithms including convolutional neural net-
works, support vector machines, logistic regression, and decision
trees accurately classify detrusor overactivity, bladder outlet ob-
struction, and other urodynamic abnormalities. Discussion.
Deep learning models excel in analysing complex high-dimen-
sional data, achieving reporting accuracies of up to 100%, whilst
conventional machine learning methods provide greater inter-
pretability. Al systems using uroflowmetry data reached diag-
nostic accuracies of up to 84%, surpassing expert performance.
Conclusion. Overall, artificial intelligence and machine learning
improve the reliability and efficiency of urodynamic assessments,
although larger clinical studies are required for validation.
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Introduction

Urodynamic studies (UDS) are a fundamental
diagnostic tool in functional urology, essential for
assessing urinary tract function and facilitating the
diagnosis of complex urological disorders. The Inter-
national Continence Society standard urodynamic
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Sazetak

Uvod. Urodinamicke studije predstavljaju vazan dijagnosticki
alat u funkcionalnoj urologiji i od klju¢nog su znacaja za procenu
funkcije urinarnog trakta. Tokom poslednje decenije, primetna
je sve ucestalija upotreba vestacke inteligencije u razli¢itim
nauc¢nim disciplinama, uklju¢ujudi i zdravstvenu zastitu. Cilj
ovog rada bio je da se sprovede pregled literature o primeni
masinskog u¢enja u urodinamic¢kim ispitivanjima u poslednjih
pet godina. Materijal i metode. Sproveden je pregled literature
o primeni vestacke inteligencije u urodinamickim ispitivanjima
dostupni u bazi Google Scholar i PubMed u periodu od 2020. do
2025. godine. Rezultati. Sprovedene studije pokazuju da vestacka
inteligencija i masinsko u¢enje znacajno unapreduju dijagnosticku
preciznost i sposobnost predvidanja u urodinami¢kim ispitiva-
njima. Algoritmi poput konvolucionih neuronskih mreza, masina
potpornih vektora, logisticke regresije i stabala odlu¢ivanja mogu
ta¢no da klasifikuju hiperaktivnost detrusora, subvezikalnu op-
strukciju i druge poremecaje. Diskusija. Modeli dubokog
masinskog ucenja isti¢u se u analizi sloZenih, visokodimenzional-
nih podataka, postizuéi ta¢nost i do 100%, dok konvencionalne
metode masinskog uc¢enja nude ve¢u interpretabilnost. Al sistemi
zasnovani na urofloumetrijskim podacima dostigli su
dijagnosticku ta¢nost do 84%, nadmasujudi u¢inak stru¢njaka.
Zakljucak. Vestacka inteligencija i masinsko u¢enje poboljsavaju
pouzdanost i efikasnost urodinamickih procena, iako su
potrebne vece klini¢ke studije radi validacije.

Klju¢ne reci: urodinamika; vestacka inteligencija; klinicki sis-
temi za podrsku odlu¢ivanju; masinsko ucenje

evaluation encompasses procedures including free
uroflowmetry, postvoid residual assessment, cystom-
etry, and pressure-flow studies. Interpretation of UDS
presents distinct challenges owing to the complexity
of the data, requiring considerable skill and experi-
ence to achieve reliable results. The inherent subjec-
tivity of UDS interpretation, together with heteroge-
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Abbreviations

UDS - urodynamic studies

Al - artificial intelligence

ML - machine learning

BPNN - backpropagation neural network
CNN - convolutional neural network
LR - logistic regression

DL - deep learning

SVM - support vector machine

LUTS - Lower Urinary Tract Symptoms
BCI - bladder contractility index
BOOI - bladder outlet obstruction index
LLM - Large Language Models

neity in clinical practice, highlights the need for tools
that improve standardisation and precision [1].

Over the past decade, artificial intelligence (AI)
has been progressively applied across several scien-
tific disciplines, with healthcare being a significant
area of growth. Emerging technologies focus on ma-
chine learning (ML) algorithms, which are becoming
increasingly important in the prediction, prevention,
diagnosis, and treatment decision-making for a range
of diseases. The escalating integration of electronic,
digital, and automated technologies within healthcare
also broadens the scope of potential ML applications.
A substantial body of research exists on the applica-
tion of machine learning across medical disciplines,
including urology, cardiovascular medicine, and
geriatrics, reflecting widespread and growing interest
within the medical community [2]. Despite consider-
able emphasis on modern and non-invasive approach-
es to reduce patient discomfort during UDS, inter-
pretation remains hampered by a substantial degree
of inter-observer variability, which significantly un-
dermines diagnostic consistency. ML and AT are be-
ing evaluated as means of improving the diagnostic
precision of UDS and addressing these inconsisten-
cies. Such developments may also enhance the per-
formance of emerging non-invasive technologies,
which typically yield less reliable data [3].

The potential of ML for urodynamic data analysis
has been widely discussed. Current evidence suggests

Table 1. The search strategy summary

that ML is well-suited for analysing urodynamic data;
however, current results to date have not yet demon-
strated clinical utility [4].

Material and Methods

To perform this narrative review, we conducted a
comprehensive literature search using PubMed and
Google Scholar to identify relevant studies published
between January 2020 and October 2025 (Table 1).
The search combined keywords relating to AI and
urodynamics. Al-related search terms comprised:
artificial intelligence, machine learning, deep learn-
ing, large language model, and ChatGPT. Urodynam-
ics-related terms included: uroflowmetry, urodynam-
ics, urology, lower urinary tract symptoms, overactive
bladder, detrusor overactivity, detrusor underactiv-
ity, and bladder outlet obstruction.

Inclusion criteria were as follows: studies that uti-
lised AI models to assess, predict, or diagnose lower
urinary tract symptoms; studies reporting quantita-
tive evaluations of model performance; and review
articles, meta-analyses, or editorials. Exclusion crite-
ria comprised: articles written in languages other
than English, publications without available full texts,
and articles not related to UDS. Following application
of predefined criteria and removal of duplications, a
total of 17 studies were included in the final analysis.

Results

Studies published over the past five years highlight
the capacity of machine learning and artificial intel-
ligence to improve the diagnostic precision and pre-
dictive capability of urodynamics.

Artificial intelligence algorithms may be broadly
categorised into two types: conventional ML (exclud-
ing deep learning) and deep learning (DL). Conven-
tional ML algorithms are highly interpretable, which
makes them particularly useful for diagnostic and
prognostic tasks in urinary dysfunctions where evi-

Items

Specification

Date of search
Databases and other sources searched

January 2020 to October 2025
PubMed and Google Scholar
Combination of terms:

Artificial intelligence OR machine learning OR deep learning OR large lan-

Search terms used

guage model OR ChatGPT AND uroflowmetry OR urodynamics OR urol-

ogy OR lower urinary tract symptoms OR overactive bladder OR detrusor
overactivity OR detrusor underactivity OR bladder outlet obstruction

Exclusion criteria

Number of studies included

Articles written in non-English languages; publications without available
full texts; articles that were not related to UDS

17
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Table 2. Differences between Conventional ML and Deep learning models

Interpretability

Sample size

Clinical utility

Conventional ML highly interpretable

Deep learning model limited interpretability extensive datasets

small datasets

useful for simple diagnostic and prognostic tasks
analysing high-dimensional data

dence-based conclusions are essential. Deep learning
is a subset of ML that employs neural networks. In
contrast to conventional ML, DL algorithms are adept
at extracting complex image features and processing
large datasets, making them well-suited to identifying
complex curve patterns within UDS. The principal
differences between conventional ML and deep learn-
ing are summarised in Table 2.

However, DL models require large datasets for ef-
fective training. Conventional ML models, by con-
trast, have a simpler internal architecture with great-
er interpretability, and are frequently supported by
visualisation tools that facilitate detailed evaluation.
A limitation of conventional ML, however, is its re-
duced capacity to identify key features within large,
high-dimensional, and unstructured clinical data,
such as urodynamic tracing curves. Deep learning
algorithms, conversely, are capable of analysing high-
dimensional data, autonomously extracting features
via deep neural networks, and identifying relation-
ships between imaging characteristics and research
objectives. Deep learning models are, however, more
complex and frequently operate as a “black box”, lim-
iting the real-time interpretability and transparency
of their decision-making processes [1].

The studies analysed applied both conventional
and DL models to urodynamic data, including: back-
propagation neural network (BPNN) [5]; convolu-
tional neural network (CNN) [6]; discrete wavelet
transformation; exponential moving average [7]; and
logistic regression (LR) [8].

Several studies examined different conventional
machine learning algorithms for the development of
diagnostic models assessing bladder compliance, in-
cluding support vector machine (SVM), Random For-
est, XGBoost, perceptron, and Naive Bayes [9].

Some studies on ML algorithms have demonstrat-
ed precision in identifying detrusor overactivity, de-
trusor underactivity, and other urodynamic abnor-
malities from tracings. A further body of literature
indicates that ML algorithms integrating urodynam-
ic parameters can effectively predict disease severity
or outcomes in functional urologic conditions, such
as overactive bladder and neurogenic lower urinary
tract dysfunction [10].

In the study by Weaver et al., a DL model com-
bined volume-pressure recordings with fluoroscopic
images to enable automatic, precise classification of

bladder dysfunction severity in a population with
spina bifida. Four models were evaluated for predict-
ing the severity of bladder dysfunction: a clinical
model using prospectively collected clinical data from
videourodynamics studies; a deep learning CNN
trained on raw volume-pressure recordings; a deep
learning imaging model trained on fluoroscopic im-
ages; and an ensemble model averaging the risk prob-
abilities from the volume-pressure and fluoroscopic
models [11].

Hobbs et al. developed an ML approach for iden-
tifying detrusor overactivity in urodynamic tests.
Files were divided into training and test sets, and each
tile was windowed to generate data subsets. Multiple
classification approaches were evaluated, including
k-nearest neighbors and SVM with linear, polyno-
mial, and radial basis function kernels, achieving an
area under the curve of 91.9%, with a sensitivity of
84.2% and specificity of 86.4% [12].

Zhou et al. developed deep learning models for
diagnosing detrusor overactivity. A single-channel
CNN and a 3-channel CNN were constructed. The
single-channel CNN was trained using detrusor pres-
sure (p Det) alone as the input signal, whilst the
3-channel CNN was trained simultaneously on vesi-
cal, abdominal, and detrusor pressure signals. Both
CNNs comprised two convolutional CNN layer
groups and a traditional BPNN; each layer group con-
tained several convolutional kernels, convolutional
layers, and pooling layers. The traditional BPNN
served as the classifier, with Softmax activation func-
tion in the output layer enabling classification of dif-
ferent signal types, achieving an accuracy of 78.12%
for patients without detrusor overactivity and 100%
for those with it [3,13].

In the study by Ding et al. ML algorithms were ap-
plied to a preliminary analysis of urodynamic studies
using 13 urodynamic parameters as inputs. Three ML
approaches were evaluated: Decision Tree, LR and SVM.
The LR and the SVM models demonstrated the best
performance; the top-performing model achieved an
average area under the curve of 0.90 (0.90 + 0.08) [14].

Matsukawa et al. developed a DL model using a
neural network for diagnosing lower urinary tract
function in men with lower urinary tract symptoms
(LUTS), utilising uroflowmetry data alone. A neural
network was trained on uroflowmetry waveforms and
subsequently used to diagnose LUTS in new patients
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based on their waveforms. The architecture com-
prised alternating convolutional and maximum pool-
ing layers, followed by a global average pooling layer
to summarise the waveform’s features, and two fully
connected layers to convert these features into blad-
der contractility index (BCI) and bladder outlet ob-
struction index (BOOI) values. The AI system’s esti-
mated BCI and BOOI values showed significant
positive correlations with pressure flow study values
(BCL: r = 0.60, P < 0.001; BOOL: r = 0.46, P < 0.001).
The mean diagnostic accuracy of the Al system,
based on uroflowmetry data, was 84%, significantly
higher than that of urologists (56%) [15].

Jin et al. constructed a long short-term memory
deep-learning algorithm for uroflowmetry data. Gam-
mie et al. (2023) identified some key advantages of Al
in UDS, including effective performance in noisy sur-
roundings, pattern recognition in unstructured set-

Table 3. Included studies overview

tings, extraction of clinically relevant variables, and
potential improvement in objectivity among clini-
cians. UDS interpretation is highly susceptible to
variability depending on the skills of the interpreter.
Jin et al. examined sound-based prediction of urinary
flow, bladder outlet obstruction, and LUTS, demon-
strating that certain algorithms can enhance the in-
terpretation of variations in urine sounds to an ac-
curacy comparable to that of clinicians [16]. Results
from all included studies are summarised in Table 3.

Large Language Models (LLMs) are a form of AI
that utilise a deep neural network architecture and
apply concepts from natural language processing.
These models employ unsupervised learning to ana-
lyse large volumes of text data, learning language pat-
terns, grammatical rules, and contextual nuances.
Deep neural networks, consisting of numerous layers
of interconnected nodes, analyse sequential data -

Authors Year Algorithm type Import data Aim Accuracy
Zhou et al 11 urinary flow indicators, %%%Oozégci
) 2024 BPNN including P.Qbegin, P. Diagnose BOO o :
(5] Qmax, Qmax 94.4%; SEN:
? 100%; SPE: 89.3%
RMS values, MFCC Viblr)ai‘i,(il(i%aase 4 ACC: 98%; preci-
Pong et al. 2022 CNN features (root mean diagnostic tool  Sion: 98.26%; re-
[6] square;mel-frequenc ghostic call: 98.19%; F1-
q d Y for voidin
cepstral coefficients d ng score: 98.19%
ysfunction
Zareen et al. 2022 DWT + EMA Pves signal Estimate detrusor Correlation: 0.895
(7] filtering pressure
Cetinel et al. o Symptoms, uroflow curve Distinguish BOO SEN: 82.5%, SPE:
(8] 2022 Multivariate LR patterns, detrusor pressure and DU 60% for BOO
(SVM), Random
Ge 7 et al Forest, XGBoost, 73 features (time-domain, bladder AUC: 0.873; ACC:
[9] ’ 2022 perceptron, logistic frequency-domain, compliance 84%; SEN: 70.41%;
regression, and wavelet features) P SPE: 84.53%
Naive Bayes
Weaver et CNNs for imaging + Volume-pressure Classify bladder ACC: 70%,
al. [11] 2023 pressure-volume measurements, dysfunction weighted kappa:
: data fluoroscopic imaging severity 0.54
. Time-based and AUC: 0.919 +
Elg]b bsetal. 5059 SVA/{(gﬁEIRBF frequency-domain features Detect DO 0.013, SEN: 84.2%,
from Pves, Pabd, and Pdet SPE: 86.4%
Single-channel Pves, Pabd, Pdet signals ACC: 99.99% )
Zhou et al. . o, . (train), validation:
2023 CNN, 3-channel with wavelet-denoising Diagnose DO q
[13] CNN reprocessin 99.72% (3-channel
prep 8 CNN)

. ' Automate AUC: DT (0.63-
Ding et al. 2024 DT, LR, SVM 15 urodynamic parameters diagnostic system 0.98), LR (0.73-
[14] and demographics 0.99), SVM (0.64-

for LUTD 1.00)
Classify LUTD
Matsukawa NN ACC: 84%; SEN:
2021 . UFM waveform features (DU, BOO, i >
et al. [15] (1D convolutional) DU + BOO) 79.7%; SPE: 88.7%
Loudness and roughness g;e%igdiﬁf ecrlgs-_ ACC: 95%; mean
Jinetal. [16] 2021 LSTM from uroflow Y P flowrate error:

sound signals

tying patterns us-

ing sound signals 6%; SEN: high
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such as sentences - by predicting the next word on
the basis of preceding words, thereby developing a
comprehensive understanding of linguistic structure.
Reliance on such models without appropriate over-
sight risks patients bypassing professional consulta-
tion, potentially leading to incorrect diagnosis or
inappropriate treatment [17,18]. Based on current lit-
erature, no original research articles have evaluated
LLMs in the diagnosis of urodynamic findings. A few
studies examining the role of LLMs in urodynamics
quality control have excluded urodynamics trace in-
terpretation, owing to the inability of the ChatGPT
version used to analyse images directly [4]. Large lan-
guage models show potential for quality control and
data interpretation, but their diagnostic application
in urodynamics remains unexplored.

Discussion

These studies demonstrate that Al and ML models
can enhance diagnostic precision and reliability. As
these technologies advance, it is likely that Al and ML
will be integrated into urodynamics software to de-
liver automated, real-time data analysis and interpreta-
tion. Such integration could streamline clinical proc-
esses, reduce diagnostic discrepancies, and improve the
accuracy and applicability of urodynamic investigations
in routine clinical practice. Nevertheless, further clini-
cal trials are required to improve accuracy and validate
these models prior to widespread adoption [3].

Artificial intelligence in urodynamics is advanc-
ing rapidly, yet a number of obstacles remain, and
visual analysis of the urodynamic trace by a clinician
remains the cornerstone of urodynamic diagnosis.
Figure 1 illustrates the potential incorporation of
machine learning algorithms into urodynamic stud-
ies. Further research into the generalisability of mod-
els is needed, as the majority of studies in this field
are retrospective, single-centre analyses conducted
without external validation.

Furthermore, large volumes of labelled data are
required for model training in both conventional ML
and DL approaches. Existing studies lack sufficient
sample sizes to exclude the possibility of model over-
fitting and limited generalisability, which severely
restricts their clinical applicability. For example, a
study that achieved nearly 100% accuracy in detecting
detrusor overactivity (DO) enrolled only 92 patients,
of whom 44 comprised the test - an inadequately
small dataset for a deep learning method. Existing
studies have also focused predominantly on a limited
number of urodynamic trace parameters, omitting
other urodynamic indicators that would be essential
for clinical application.

Manual reading of
urodynamic trace

At system integration

Data input:
Urodynamic parameters: g Urodynamic curve anal-
pVes, p Abd, p Det, event ysis -pattern recognition
marker, uroflow curve

¥

Processing: < Aaifact detection and
Artifact detection removal

¥

Event extraction:

CLPP, VIPP, DO, DIPP,
pDetQmax, Qmax, O
average, voided volume,
residual urine

¥

Interpretation:

Classify bladder events:
normal, DO, DOL, SUI,
BOO, DUA

S | Pattern detection

S | Classification |

Figure 1. Potential introduction of machine learning
algorithms to urodynamic studies

A further limitation is that the majority of studies
apply highly specific inclusion and exclusion criteria
and recruit patient cohorts that are markedly homo-
geneous. This highlights the critical importance of
external validation studies to determine whether al-
gorithmic models can consistently generalise to dif-
ferent patient populations.

Oversimplification of predictive models represents
another drawback. Many models are designed only
for binary classification tasks, such as determining
whether detrusor overactivity is present or absent. In
clinical practice, however, LUTS is frequently multi-
faceted: a patient may present with detrusor overac-
tivity, detrusor underactivity and bladder outlet ob-
struction concurrently. Reducing a complex clinical
picture to a binary outcome does not adequately re-
tlect the reality of LUTS management.

A major obstacle to Al development in urodynam-
ics is the absence of a consistent, high-quality, mul-
ticentre database. Existing urodynamic databases are
predominantly single-centre, likely reflecting the lack
of agreed diagnostic criteria for UDS and the inter-
rater reliability of interpretations. This absence of
uniformity further hampers urodynamic Al research.
There is an immediate need to establish standardised
diagnostic criteria and nomenclature for UDS to ad-
vance Al development in this field. Both clinical prac-
tice and the integration of Al into UDS would ben-
efit from the adoption of consensus-driven standards.
Developing a reliable multicentre urodynamic data-
base is another important step; such a resource, en-
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compassing diverse and representative datasets,
would facilitate model training and validation. The
ability to perform well across a heterogeneous patient
population is one of the most important prerequisites
for clinical adoption of AI models.

Finally, the risks associated with the misuse of AI
in urodynamics must be carefully considered. Whilst
ATholds considerable promise, inadequately validated
models may lead to diagnostic errors, inappropriate
treatment recommendations, or excessive reliance on
automated systems. Rigorous validation and verifica-
tion procedures are necessary to ensure the reliability
and safety of Al tools before deployment in clinical
settings. Accessing accurate medical information is
essential; even a low rate of misinformation can have

serious consequences for patients. Given these limita-
tions, close collaboration between AI developers and
healthcare professionals is crucial to ensure the safe
and effective use of Al in clinical practice.

Conclusion

Machine learning has demonstrated promising
predictive and diagnostic capabilities in urodynamic
studies, indicating considerable potential for near-fu-
ture clinical application. However, challenges including
a lack of multicentre studies, limited availability of
large datasets, and the complexity of clinical conditions
continue to restrict its widespread adoption.
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