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Abstract:

Objective: Bladder cancer remains a significant burden on healthcare systems worldwide. The aim of
this review is to evaluate the diagnostic performance of artificial intelligence (Al) against conventional
first line methods (cystoscopy and urine cytology) for bladder cancer.

Methods: A PROSPERO-registered (CRD420261291622) systematic review and meta-analysis.
Studies were included if they assessed Al performance in definitive urothelial carcinoma detection via
cystoscopy or urine cytology against a non-Al human comparator. Bivariate random-effects meta-
analysis was performed to assess diagnostic performance with AUC calculated from HSROC curves.

Results: Nine studies were included (six cytology, three cystoscopies; 8,918 data points). Al
demonstrated statistically significant greater sensitivity (0.927 vs 0.754), with a lower negative likelihood
ratio (0.087 vs 0.254), suggesting stronger ‘rule-out’ performance. However, this came at the cost of
higher false positives compared to conventional methods. Conventional methods (cystoscopy/cytology)
demonstrated higher specificity (0.968 vs 0.841) and positive likelihood ratio (23.275 vs 5.849),
reflecting stronger rule-in capability.

Conclusion: Al algorithms potentially have enhanced screening performance for bladder cancer
compared to first line modalities. The utilisation of a hybrid model may improve outcomes and
efficiencies. However, large-scale, prospective trials with standardised reporting and histological
reference standards are required before Al can safely and equitably be deployed.
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Background:

Bladder cancer remains a significant burden on healthcare systems worldwide, with approximately
573,000 new cases and 213,000 deaths reported annually.! Urothelial carcinoma carries a high
recurrence rate, necessitating ongoing surveillance, which is the principal cost driver related to the

disease.>* These features underscore the critical importance of accurate and timely diagnosis, which

directly influences treatment, outcomes, and healthcare resource allocation.

In the United Kingdom, the standard diagnostic pathway is governed by NICE guideline NG12, which
mandates urgent suspected cancer pathway referral for patients aged >45 with unexplained visible

haematuria, or >60 years old with unexplained non-visible haematuria in combination with dysuria or a

raised white cell count.? Following referral, the NHS England Bladder Best Practice Timed Pathway

directs patients towards flexible cystoscopy as the primary investigative tool.* The role of urine cytology

in bladder cancer diagnostic pathways is somewhat controversial with differing views globally relating
to its use. In the UK, British Association of Urological Surgeons (BAUS) and NICE have removed its
previous recommendation due to poor diagnostic yield.3* The European Association of Urology (EAU)
and American Urological Association advises that urine cytology should be reserved for high-grade
bladder cancer and not be used routinely in the various haematuria screening pathways for bladder

cancer.>8

Where cystoscopy appearances are suspicious or histological confirmation is obtained at transurethral
resection of bladder tumour (TURBT), further staging with CT of the chest, abdomen and pelvis occurs.
This reflects an endoscopic-first approach to bladder cancer diagnosis that is distinct from the cross-

sectional imaging-led paradigms evaluated in the majority of existing artificial intelligence (Al) literature.

Despite a growing body of evidence examining Al applications in bladder cancer, existing reviews
haven’t carried out meta-analyses specifically relating to cystoscopy and cytology screening. Yuan et
al concluded superior diagnostic performance of Al over clinicians in detecting and staging bladder
cancer; however, their meta-analysis was restricted exclusively to CT, MRI, and ultrasound imaging,

enrolling 22 studies (3,176 patients) with a primary focus on distinguishing muscle-invasive from non-

muscle-invasive disease.’
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To the best of our knowledge, this review is the first to perform a combined systematic review and meta-
analysis specifically investigating Al performance in both cystoscopy and urine cytological bladder

cancer detection, benchmarked against a non-Al human comparator.

Methods:

The project study protocol was pre-registered on PROSPERO (CRD420261291622).8 OVID Medline,

EMBASE, PubMed, Google Scholar, and CENTRAL were searched for relevant results up to February
2026. Full search strategy and terms can be found in supporting material, alongside PICO criteria. For
this review, we extracted data from clinical trials and observational studies which assessed the
performance of Artificial intelligence models in the detection of bladder cancer using cystoscopic images
or histopathological slides. For this review, we classify urothelial bladder carcinoma as both non-
muscle-invasive bladder cancer (NMIBC) and/or muscle-invasive bladder cancer (MIBC). Studies which
assessed the ability of Al to differentiate between the NMIBC and MIBC rather than definitively

assessing the presence of cancer were excluded.

Bias assessment:

Two authors (PD and AN) judged the methodological quality and risk of bias using the Quality
Assessment of Diagnostic Accuracy Studies 2 (QUADAS-2) tool.” The standard QUADAS-2 signalling

questions were supplemented with additional questions specific to Al-based diagnostic accuracy
studies, reflecting methodological considerations unique to machine learning evaluation. Studies were
not excluded from the review on the basis of their methodological quality assessment; rather QUADAS-
2 results were used to contextualise the interpretation of diagnostic accuracy findings and to identify

methodological strengths/limitations across the included studies.

Data Extraction & Outcomes
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Four authors (MF., PD., AN., and BA) extracted data relating to study characteristic, Al algorithm,
conventional method of diagnosis, reference standard, total data points, True positive (TP), False
negative (FN), True negative (TN), and False positive (FP) performance of diagnostic tests. All the data
extracted by authors was taken from ‘test data’ rather than ‘developmental data’ of Al models if studies
reported it. The outcome of this review was to assess Al diagnostic performance compared to their

conventional cystoscopy or histopathological equivalents.

Statistical Analysis:

MF and AN (in agreement with senior authors NV., JT., and YY.), performed statistical analysis using a
bivariate random-effects model implemented in MetaBayesDTA v.1.5.0. to calculate pooled sensitivity,
specificity, diagnostic odds ratio, false positive and negative rates, 95% confidence intervals (Cls) and

generate SROC curves.'®!!

Area under the summary receiver operating characteristic curve (AUC) was carried out using principles

|'12

outlined by Drevon et al.”~ AUC typically ranges between 0.5 to 1, with a value of 1 suggesting perfect

accuracy with discrimination of disease and non-disease, and a value of 0.5 suggesting poor diagnostic
accuracy capabilities. Funnel plots and Cochran’s Q and I2tests were used to assess risk of publication

bias and heterogeneity respectively. Significant heterogeneity was defined as 12> 50%.

Results:

A total of 1094 studies were identified via database searches (Embase 453, CENTRAL 450,
PubMed/Medline 191) and screening of reference lists included in associated and retained studies
(Figure 1). 3 unique studies were manually obtained from Google Scholar. 631 studies were removed
for duplication and a further 426 papers excluded on screening of titles and abstracts. 5 unique studies
were manually added to full text screening from wider search of the current literature base. In total, 35
papers underwent full-text analysis, and 26 studies were excluded for the following reasons: incomplete
study, duplication, incorrectly described outcomes, wrong study design. A total of nine (n=9) studies

were included in meta-analysis to investigate the diagnostic ability of artificial intelligence to diagnose
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bladder cancer. Out of the 9 studies included, six (n=6) investigated the use of Al in interpreting urine

cytology.”’18 Three (n=3) studies investigated images taken from cystoscopy.w’21

In total 8,918 different data points/cases on artificial intelligence (4,281) and traditional diagnostic
modalities (4,637) were extracted from the included studies for meta-analysis. Where possible ‘test’
rather than ‘developmental’ data for artificial intelligence was extracted. Table 1 includes details of
included studies; country of origin, publication date, study type, conventional diagnostic modality, Al
algorithms, population size. Liu TJ et al reported data for both Whole Slide Imaging (WSI) and

Microscopy therefore authors extracted both sets of reported data; these were tested on the same

cohort of tumours so acted as a viable comparison for analysis.17

Two (n=2) studies which initially passed abstract screening were excluded from this review article due

to investigating only the grading of bladder cancer (muscle invasive vs non-muscle invasive) and in one
instance substituting low grade bladder cancer for a ‘normal’ histological diagnosis.zz’23 Liu et al,

contained some level of comparative data from both upper and lower tract tumours however did not

report explicitly the performance of Al in detecting bladder cancer specifically and therefore was

subsequently excluded.?*

Bias assessment:

The methodological quality of the included studies was assessed using the QUADAS-2 tool (Figure 2)
across 9 study entries.” Risk of bias was variable across all domains. Patient selection was the most

problematic, with the majority of entries (7/9, 78%) rated as high risk of bias. The index test and
reference standard domains were each rated as high risk in four entries (44%), with a further two entries
(22%) rated as unclear in each. Flow and timing was evenly split, with four entries (44%) rated as high
risk and four as low, with one unclear. Applicability concerns were also notable: patient selection was
the most affected, with over half of entries (5/9, 56%) rated as high concern. Reference standard
applicability had four entries (44%) rated as high concern, though the majority remained low (5/9, 56%).
Index test applicability was the least concerning, with two-thirds of entries (6/9, 67%) rated as low

concern.
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Meta-Analysis:

Sensitivity and Specificity for individual studies is presented below (Table 2 & 3, Figure 3 & 4). Bi-
variate analysis (Table 4) calculated a pooled sensitivity for Al diagnostics (0.927 (0.871-0.960)) which
was significantly higher than conventional diagnostic methods (0.754 (0.633-0.845)). Pooled specificity
revealed for Al diagnostics (0.841 (0.718-0.917)) was inferior (however not significantly) to conventional

modalities (0.968 (0.856-0.993)) as confidence intervals did overlap.

The random effects model used to construct the HSROC curves (Figure 5) suggests the use of Al
algorithms overall had a greater pooled sensitivity and overall stronger discriminatory performance
when diagnosing bladder cancer compared to conventional modalities assessed within the same
studies. This is reinforced by the higher (but insignificant) calculated AUC for Al 0.95 (95% Cls — 0.93

to 0.96) versus AUC of 0.89 (95% Cls — 0.86 to 0.93) for conventional modalities (Table 4).

However, conventional modalities (cystoscopy/cytology) showed a greater ability to ‘rule in’ disease as
presented by a higher overall diagnostic ratio (91.706 (18.324-458.959)) compared to Al (67.512
(17.623-258.638)), a higher specificity and higher +ve likelihood ratio (23.275 vs 5.849). In spite of this,
diagnostic Al algorithms may have a better ability to ‘rule out’ disease due to a significantly higher
sensitivity and lower false negative rate (0.032 (0.007-0.144)), paired with a lesser —ve likelihood ratio
(0.087 (0.043-0.174)) compared to conventional modalities(0.254 (0.165-0.389)). Visual examination of
the funnel plot (Figure 6) found no evidence of publication bias. As expected, heterogeneity between

studies (1%: 85-96.82%) was significantly high (Table 4).

Discussions:

This review to our knowledge, is the first joint diagnostic evaluation of Al against cystoscopy and urine
cytological bladder cancer detection. The reference standard, Al and ‘control’ diagnostic performance
was judged against varied from TURBT biopsy samples to expert
cytotechnologist/histopathologist/urologist consensus panel opinion of cystoscopy or urine cytological

slides (Table 1).



Our review suggests that the use of artificial intelligence appears to have the most potential in screening
pathways as a ‘rule out’ test rather than a true diagnostic tool due to the presence of a significantly
lower false negative rate and higher sensitivity, in addition to a lesser (but insignificant) -ve likelihood
ratio. This pattern is consistent with Al systems operating at a lower classification threshold than
conventional methods, shifting the operating point ‘up and right’ on the ROC curve to maximise true
positive detection at the cost of an increased false positive rate, a trade-off that may be clinically

acceptable in a screening context where missed cancers carry greater harm than unnecessary follow-

up.

Despite having a higher AUC, due to having a ‘reduced’ pooled specificity, higher +ve likelihood ratio
and lower diagnostic odds ratio there are limitations in suggesting Al as a definitive ‘rule in’ diagnostic
tool for bladder cancer over already established conventional modalities. However, taken together, a
hybrid diagnostic model could be utilised, in which Al functions as a first-pass screening tool to reduce
missed diagnoses, with conventional expert review retained for disease confirmation. This is particularly
useful amongst ‘lesser’ trained individuals and also healthcare systems burdened with a large volume
waiting lists due to superior efficiency. Wu et al. demonstrated that Al augmentation of cystoscopy
produced the greatest sensitivity gains in less experienced clinicians: trainees improved from 50.8% to
73.1% with CAIDS guidance, whilst expert urologists improved from 75.4% to 90.8%, with a system
latency of just 12 seconds versus 35—45 minutes for human review.?’ In the cytological domain, Kaneko

et al. evaluated 953 cell images in approximately 28 seconds, supporting the efficiency advantage of

automated cytology pipelines.14

The majority of Al study design is retrospective in nature with non-consecutive sampling with tumour-
enriched case-control datasets.!>!%17:18.2021.23 Thiq likely explains the significant performance of Al
algorithms to ‘rule out’ bladder cancer. This reflects in the QUADAS-2 assessment which identified high
risk of bias in patient selection, which is an inherent feature of Al development pipelines, whereby
training cohorts must over-represent positive cases which provides an explanation behind a higher

sensitivity across Al algorithms in this review. In this review, only Lebret et al. contributed prospective
data.!>!® This absence of large volume prospective evidence substantially limits the definitive real-

world conclusions that can be drawn relating to Al performance. This mirrors findings from He C et al.,
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who reported low methodological quality and high risk of bias as near-universal features of Al bladder
cancer diagnostic studies specifically.26 This bias is structurally inherent to Al development: ‘training
datasets must be enriched with positive cases to produce functional models, making them non-
representative of true clinical prevalence and simultaneously generating population, outcome, and
publication bias that inflates apparent performance’, a problem Jayakumar et al. (2022) identified as

field-wide rather than study-speciﬁc.27 Current performance estimates should therefore be treated as

exploratory upper bounds rather than reliable predictors of real-world clinical utility.

Limitations of this review:

A material structural limitation affects interpretation of the pooled specificity advantage for conventional
methods. It is worth noting first that the comparatively smaller number of studies eligible for this meta-
analysis reflects strict inclusion criteria: definitive cancer detection with a clearly defined control and

reference standard; explicitly excluding grading, staging, and molecular subtyping studies such as
Kurata et al. and Tsuji et al.?>% Studies focused on grading address a clinically important but pooling

such outcomes with detection data would introduce unacceptable heterogeneity. This stance is
consistent with the STREAM-URO framework (STandardized Reporting of Applications of Machine

learning in UROIlogy), a 26-item instrument mapped to the TRIPOD statement, which highlights the

importance of clearly defining the ML problem prior to evaluating Al diagnostic tools.?®

A further structural bias affects the specificity estimates. In Al augmentation studies where the human
reader remains the final arbiter, Al specificity is intrinsically constrained by the human reader's own
threshold and cannot exceed it. This ceiling effect is starkest in the VISIOCYT1 studies, where
enrolment was restricted to patients with negative standard cytology at baseline, making it structurally

impossible for conventional cytology to return a false positive within that cohort.’> The resulting 100%

control specificity is an artefact of study design rather than a reflection of cytological performance,
artificially inflating the conventional specificity advantage in this meta-analysis. The pooled specificity
difference between Al and conventional methods should therefore be interpreted with this systematic

distortion in mind, and the true Al specificity disadvantage is possibly smaller than the data suggest. It
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is likely this is a common theme across artificial intelligence studies that extends beyond this review

article.

Challenges to implementing Al:

Significant barriers to widespread clinical adoption remain before Al can be responsibly integrated into
routine NHS bladder cancer diagnostics. The infrastructure required to deploy deep learning systems

in endoscopy suites/cytopathology laboratories carries substantial capital and ongoing maintenance
costs likely to be prohibitive for many NHS trusts.”’ The computational demands of real-time inference
models e.g. CAIDS and CystoNet, raise important environmental considerations. Large-scale

deployment of GPU-intensive Al platforms generate significant energy consumption and carbon

emissions, a factor that sits in direct tension with the NHS's net-zero commitments under the Greener

NHS programme.30’31

Equity of access is a further concern, as institutions with the financial and technical capacity to

implement these systems are likely to be large academic centres, potentially widening rather than
narrowing diagnostic disparities between tertiary and district general hospitals.32 The regulatory
landscape for Al medical devices in the UK (governed by the MHRA) remains evolving, and no Al
cystoscopy or cytology tool currently holds full regulatory clearance for routine clinical use.*3 Finally,
the 'black-box' nature of many deep learning models limits clinician trust and interpretability and raises

medico-legal questions regarding accountability when Al-assisted diagnoses are incorrect.>*

Conclusions:

Al algorithms potentially have enhanced screening performance for bladder cancer compared to first
line modalities. The utilisation of a hybrid model may improve outcomes and efficiencies. However,
large-scale, prospective trials with standardised reporting and histological reference standards are

required before Al can safely and equitably be deployed.
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