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work. Objectives Bladder cancer is one of the most common malignancies of the urinary
*Correspondence: system, and early diagnosis and treatment are crucial for improving patient prognosis.
B:gt?:;gigozo@]@{om Methods In this study, we developed an artificial intelligence (Al) model for bladder
Full list of author information is cancer diagnosis using CT imaging data from our hospital and The Cancer Imaging
available at the end of the article Archive (TCIA). The model was trained and validated using a large dataset of CT images,

and its diagnostic accuracy was assessed through various performance metrics. The Al
model was constructed using deep learning techniques, which can automatically learn
and extract features from CT images. Retrospective CT data from our hospital and TCIA
were used to train the Al model. Performance metrics were evaluated, and the Grad-
CAM results were reviewed by radiologists.

Results The test—set accuracy exceeded 0.90, and Grad—CAM correctly highlighted
tumors.

Conclusions The Al model offers accurate and transparent bladder—cancer detection
on routine CT scans and merits prospective validation.

Keywords Artificial intelligence, Bladder cancer, Diagnosis

1 Introduction

Bladder cancer, a prevalent malignancy within the urinary system, poses significant
threats to human health [1, 2]. Early and accurate diagnosis is paramount for improv-
ing patient prognosis and reducing mortality rates. Computed Tomography (CT) imag-
ing has emerged as a crucial tool in the detection and diagnosis of bladder cancer. It
offers detailed anatomical information and can visualize the size, location, and extent of
tumors. However, interpreting CT images relies heavily on the expertise and experience
of radiologists, and subtle lesions or complex cases may lead to variability in diagnostic
outcomes.

While artificial intelligence (AI) has demonstrated potential in bladder cancer
research, this field remains in its early stages, particularly concerning the interpret-
ability of AI applications [3, 4]. Multi-omics studies highlight the urgent need for
explainability by showing that post-translational modifications modulate oncogenic sig-
nalling pathways across tumour types. For example, Li et al. recently demonstrated that
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SARS-CoV-2-driven phosphorylation site predictions overlap with lung cancer progres-
sion networks, highlighting the need to reconcile biological prior knowledge with black-
box Al predictions to guide precise therapy [5, 6]. Extending this paradigm to bladder
cancer, Grad-CAM offers a vehicle to bridge molecular insight and radiomic phenotype,
an intersection that has yet to be explored. Recent studies have examined AI’s role in
various aspects of bladder cancer management, such as diagnosis, treatment response
evaluation, and prognosis prediction [3, 4, 7-18]. For example, the use of Al-generated
targets and inter-observer variation in online adaptive radiotherapy for bladder cancer
was investigated by Astrom LM et al., underscoring the challenges and opportunities in
this domain [3]. Additionally, Baressi Segota S et al. proposed a transfer learning method
for the semantic segmentation of urinary bladder cancer masses in CT images, illustrat-
ing AT's potential to enhance diagnostic precision [4].

Furthermore, several investigations have centered on the application of radiomics and
deep learning in bladder cancer [8]. A CT image-based radiomic model was developed
by Cao Y et al. to detect PD-L1 expression status in bladder cancer patients, which may
inform personalized treatment approaches [7]. The assessment of bladder cancer treat-
ment response in CT using radiomics combined with deep learning was conducted by
Cha KH et al., demonstrating Al's potential in monitoring treatment effectiveness [8].
Moreover, machine learning was applied by Garapati SS et al. to stage urinary bladder
cancer in CT urography, showcasing Al's capacity to aid clinical decision-making [8].
Other research has focused on Al’s utility in predicting prognosis and detecting metas-
tasis [12, 14]. A machine learning-based combination of criteria was proposed by Girard
A et al. to detect bladder cancer lymph node metastasis, which may improve metastasis
detection accuracy [10]. A CT-based deep learning model was developed by Wei Z et al.
to predict overall survival in muscle-invasive bladder cancer patients post-radical cystec-
tomy, emphasizing AI's prognostic value [12]. Additionally, Xiong S et al. demonstrated
that machine learning-based CT radiomics improves bladder cancer staging predictions,
suggesting AI’s potential to enhance staging accuracy and treatment planning [13].

AT has also been employed to distinguish between muscle-invasive and non-muscle-
invasive bladder cancer. It was shown by Yang Y et al. that deep learning can serve as a
noninvasive tool to differentiate these cancer types using CT, potentially reducing the
need for invasive procedures [14]. Automated Al-based analysis of skeletal muscle vol-
ume was utilized to predict overall survival after cystectomy for urinary bladder cancer,
highlighting AI’s potential in identifying prognostic indicators [15].

Although Al research in bladder cancer is still in its nascent stages, especially regard-
ing interpretability. As the field progresses, further research is required to address inter-
pretability challenges and validate Al applications’ clinical utility in bladder cancer.

Our study aims to develop an Al model for bladder cancer diagnosis using CT imaging
data from our hospital and The Cancer Imaging Archive (TCIA) [19]. By leveraging deep
learning techniques and incorporating Grad-CAM for region of interest identification
[18-23], we strive to enhance diagnostic accuracy and provide a reliable auxiliary tool for
clinicians. Specifically, recent advancements in explainable AI (XAI) have demonstrated
the potential to improve diagnostic transparency and clinical trust. For instance, Chen et
al. combined deep learning with Grad-CAM and radiomics to automatically localize and
diagnose architectural distortion on digital breast tomosynthesis (DBT), achieving high
diagnostic accuracy while providing visual explanations for clinical decision-making
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[20]. Similarly, Fanizzi et al. developed an explainable prediction model for human papil-
lomavirus (HPV) status in oropharyngeal squamous cell carcinoma patients using CNN
on CT images, which not only predicted HPV status with high accuracy but also high-
lighted critical image features contributing to the predictions [21].

In the context of breast cancer, Huang et al. proposed an explainable AI model for
predicting molecular expressions using multi-task deep learning based on 3D whole
breast ultrasound, which provided insights into the biological underpinnings of imaging
features [22]. Shah et al. integrated local and global attention mechanisms to enhance
oral cancer detection, with explainability maps helping clinicians understand the mod-
el's focus during diagnosis [23]. Furthermore, Talaat et al. utilized Grad-CAM with a
3D Inception-ResNet V2 for breast cancer classification on mammograms, empower-
ing radiologists with explainable insights into the model’s decision-making process [24].
Lastly, Xia et al. enhanced cancer classification using Raman spectroscopy and CNN,
with visualization of critical features aiding in the interpretation of spectral data [25].

Although Grad-CAM has demonstrated intriguing potential for enhancing the inter-
pretability of AI models in many cancers, its application and efficacy in bladder cancer
remain to be more thoroughly investigated [20-25]. Grad-CAM generates class-discrim-
inative activation maps by back-propagating the gradient of the target class into the final
convolutional layer, thereby highlighting the exact image regions that drive the network’s
decision. While there have been notable advancements in the application of Al to blad-
der cancer diagnosis, our understanding of how Grad-CAM can be effectively utilized in
this specific context is less.

This gap in research might, in part, reflect the inherent complexities associated with
bladder cancer imaging, as well as the fact that AI applications in this area are still evolv-
ing compared to more established fields.

By leveraging deep learning techniques and incorporating Grad-CAM for region of
interest identification, we strive to enhance diagnostic accuracy and provide a reliable

auxiliary tool for clinicians.

2 Materials and methods

The study utilized a combination of our hospital data and publicly available datasets
from The Cancer Imaging Archive (TCIA) to compile a comprehensive dataset of CT
images for bladder cancer diagnosis. Patients diagnosed with bladder cancer and those
confirmed to be free of the disease were included.

The CT images were acquired using standardized protocols, ensuring consistency in
image quality and resolution. Each image underwent preliminary inspection and anno-
tation by experienced radiologists to identify regions of interest and potential artifacts.
Data preprocessing steps included noise reduction, image enhancement, and normaliza-
tion to standardize the input for the AI model. The flowchart illustrating the clinical data
collection and modeling process was presented in Fig. 1.

2.1 Model construction

A deep learning-based Al model was developed using convolutional neural networks

(CNNs), which are particularly effective for image recognition tasks [26—-30].
Specifically, we employed a variant of the ResNet50_vlc architecture as our back-

bone network, which was pre-trained on the large-scale ImageNet dataset. This model
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Fig. 1 Title: Flowchart of Clinical Data Collection and Modeling Process. The process involves collecting patient
data, preprocessing it, building a predictive model via machine learning, and validating the model's performance
was selected for its proven efficacy in medical image analysis for several key reasons:
First, the ResNet50_vlc architecture incorporates modified stem layers (a stack of 3 x
3 convolutions) compared to the original ResNet50, which allows for better retention
of fine-grained details in the initial stages of feature extraction—a crucial characteristic
for identifying subtle tumor boundaries and textures in CT images. Second, its residual
learning framework mitigates the vanishing gradient problem, enabling the training of a
deeper and more powerful network. Finally, the use of transfer learning from ImageNet
weights provides a strong foundational set of features, significantly accelerating conver-
gence and improving the model’s generalization performance on our medical imaging
dataset.

The model architecture was designed to process CT images and extract relevant fea-
tures automatically. Transfer learning techniques were employed, leveraging pre-trained
models on large-scale image datasets to accelerate training and improve performance.
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The training process involved feeding the preprocessed CT images into the model,
with bladder cancer diagnoses serving as labels. The model learned to associate spe-
cific imaging patterns with diagnostic outcomes through multiple iterations. To prevent
overfitting, regularization techniques such as dropout layers and data augmentation
were applied.

Grad-CAM (Gradient-weighted Class Activation Mapping) was integrated into the
model to identify regions of interest within the CT images that are most relevant to
bladder cancer diagnosis. This technique helps visualize the model’s decision-making
process, highlighting areas that contribute significantly to the diagnostic prediction. By
focusing on these regions, the model’s accuracy and reliability were enhanced.

2.2 Statistical methods

The performance of the Al model was evaluated using a variety of statistical metrics.
Accuracy and Intersection over Union (IoU) were calculated to assess the model’s diag-
nostic capability. A confusion matrix was generated to provide a detailed breakdown
of true positives, true negatives, false positives, and false negatives in percentages. To
ensure the robustness of the results, cross-validation techniques were applied. The data-
set was divided into training, validation, and test sets, with the validation set used to
tune hyperparameters and the test set reserved for final evaluation.

3 Results

3.1 Quantitative results

Figure 2 was presented to show the entire process from data collection to AI model
building, explainable analysis, and further application. In the data collection phase,
multi-source data, including patient basic information, medical records, and clinical
examination results, was collected and strictly filtered and pre-processed to ensure qual-
ity and usability. Next, in the AI model building phase, machine-learning algorithms
were employed to train the processed data, and models with high predictive and diag-
nostic power were obtained. The explainable analysis part involved a deep investigation
into the model’s internal structure and decision-making mechanism, with visualization
techniques used to clarify the complex model’s operation and enhance transparency
and credibility. Finally, in the further application stage, the model was widely applied in
clinical practice, and doctors were assisted in disease diagnosis, treatment planning, and
patient prognosis assessment.

3.2 Analysis of results
Based on the results from Tables 1 and 2, we analyzed the Al model’s performance in
terms of IoU and accuracy.

In terms of IoU, the background class had shown consistent performance, while the
bladder and bladder cancer classes exhibited slight variations between the two datas-
ets. This may suggest that the model encounters certain challenges when identifying the
bladder and bladder cancer, or that the validation set contains more challenging samples.

As for accuracy, the background class still maintains a very high level, and the accu-
racy of the bladder and bladder cancer classes has increased in the test set. This further
confirms the potential issues the model faces when processing these two classes.
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Fig. 2 Comprehensive Workflow from Data Collection to Al Model Application. This workflow encompassed data
collection, Almodel building, explainable analysis, and further application. In data collection, multi-source data was
gathered and preprocessed. The Al model building phase used machine-learning algorithms to train data, gen-
erating models with high predictive and diagnostic power. Explainable analysis delved into the model's internal
structure and decision-making mechanism, employing visualization techniques. In further application, the model
was implemented clinically to aid doctors in diagnosis, treatment planning, and patient prognosis assessment

Table 1 Performance evaluation of the validation set

Class loU (%) Acc (%)
Background 99.63 99.79
Bladder 91.25 98.21
Bladder cancer 84.53 9144
Table 2 Performance evaluation of the test set

Class loU (%) Acc (%)
Background 99.58 99.8
Bladder 92.04 98.65
Bladder cancer 84.61 90.18

3.3 Confusion matrices for validation and test sets in model evaluation

Figure 3 clearly showed the confusion matrices for the validation and test sets. During

the model evaluation, these two confusion matrices offered rich data, helping us fully

understand the model’s performance. As could be seen from the figure, each confusion

matrix contained a comparison between the model’s predicted results and the actual
labels.
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Fig.3 Confusion Matrices for Al model Evaluation on Validation and Test Sets. Both the validation and test set con-
fusion matrices were displayed, showing the comparison between the model's predicted results and actual labels,
and offering insights into the model's performance during development and real-world application

3.4 Visualization of bladder tumor labeling and Al-ldentified locations via Grad-CAM

In Fig. 4A, the labeling of bladder tumors was clearly displayed, with different colors and
markers indicating various tumor types and stages. The labels were meticulously placed,
ensuring accurate correspondence to the tumor regions. In Fig. 4B, the Grad-CAM Al
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Fig. 4 Visualization of Bladder Tumor Labeling and Al-Predicted Locations

model’s identified tumor locations were presented. The heat maps generated by the Al
model highlighted areas of interest with varying intensity levels, reflecting the model’s
confidence in its predictions. These visualizations were offered, giving valuable insights
into the AI's decision-making process and its alignment with actual tumor regions.

4 Discussion

Bladder cancer remains a prevalent malignancy affecting the urinary system, with a ris-
ing incidence globally [1]. This disease significantly impacts patients’ quality of life and
poses considerable economic burdens due to high treatment costs [1, 2]. Traditional
diagnostic approaches, such as cystoscopy and biopsy, are invasive and time-consuming,
often leading to patient discomfort and potential complications [31, 32]. Consequently,
the need for more efficient and non-invasive diagnostic methods is urgent to enhance
early detection and improve patient outcomes [33, 34]. Advances in imaging technolo-
gies and Al present promising avenues for the development of innovative diagnos-
tic tools that can facilitate earlier diagnosis and better management of bladder cancer
[35-38].

While traditional diagnostic methods such as cystoscopy and biopsy remain the gold
standard, they are invasive and may not be suitable for all patients or for repeated screen-
ing. Non-invasive alternatives, including urinary cytology and molecular tests based on
DNA methylation, have emerged as promising tools for detecting bladder cancer. For
instance, DNA methylation biomarkers have shown potential in improving diagnostic
accuracy and prognostic stratification. Recent studies by Zhang et al. and Shi et al. have
identified specific methylation signatures associated with bladder cancer progression
and PD-L1 expression, highlighting the role of epigenetic alterations in tumor behavior
and therapeutic response [39, 40]. Additionally, the Bladder Epicheck test, a urine-based
methylation assay, has demonstrated high sensitivity and specificity in detecting urothe-
lial carcinoma, offering a clinically viable non-invasive option[41]. Similarly, Pierconti
et al. validated the utility of methylation analysis within the Paris System for reporting
urinary cytology, enhancing its diagnostic reliability [42]. However, these molecular
approaches often require specialized laboratory setups, are cost-prohibitive in some set-
tings, and may not yet be widely integrated into routine clinical workflows.



Jiang et al. Discover Oncology (2026) 17:140 Page 9 of 12

In contrast, our Al model leverages routinely acquired CT imaging, which is widely
available and does not require additional biospecimen collection or complex molecu-
lar profiling. Unlike methylation-based tests that focus on genetic and epigenetic altera-
tions, our approach captures radiological phenotypes that reflect underlying tumor
biology and heterogeneity, as recently emphasized by Lobo et al. in their comprehensive
review of molecular and histological diversity in urothelial carcinoma [43]. By integrat-
ing Grad-CAM for visual interpretation, our model also offers a level of transparency
that is often lacking in “black-box” molecular classifiers, thereby facilitating clinical trust
and adoption.

This study focuses on leveraging deep learning algorithms to construct an artificial
intelligence diagnostic model based on CT imaging data for bladder cancer. By extract-
ing and analyzing imaging features, the model aims to improve diagnostic accuracy
and consistency, addressing the limitations of traditional methods. The findings of this
research provide a foundation for the model’s potential application in clinical settings,
enhancing early diagnostic capabilities and offering decision support for healthcare pro-
fessionals. The discussion will delve into the implications of the primary results, empha-
sizing the importance of Al in refining bladder cancer diagnostics and the need for
further validation in diverse clinical populations.

This study highlights the significant advancements made in the application of deep
learning techniques for the diagnosis of bladder cancer through CT imaging. The extrac-
tion of radiomic features from CT scans allows for a complicated understanding of
tumor characteristics that traditional imaging methods may overlook. This underscores
the potential of artificial intelligence to not only enhance diagnostic precision but also
provide a reliable framework for clinical decision-making in bladder cancer manage-
ment. The findings align with previous studies that have shown similar efficacy of deep
learning algorithms in other cancer types, suggesting that Al can be a transformative
tool in oncology.

Moreover, the study’s robust design, which included a diverse dataset for training and
validation, strengthens its findings. The high sensitivity and specificity reported for the
model indicate its practical applicability in clinical settings, potentially leading to earlier
detection of bladder cancer and improved patient outcomes. This is particularly crucial
given the often asymptomatic nature of early-stage bladder cancer, which can lead to
delayed diagnoses and poorer prognoses. The integration of deep learning in identifying
critical features such as tumor texture and shape further enhances the model’s capability
to predict malignancy.

4.1 Limitations

Although the deep learning model in this study shows promise, several limitations must
be acknowledged. The most significant constraint is the relatively small sample size,
which directly impacts the model’s generalizability. A limited dataset may not adequately
capture the extensive heterogeneity in bladder cancer presentation, including variations
in tumor size, shape, location, and stage. Consequently, while the model achieved high
performance on our internal test set, it may be susceptible to overfitting and might not
maintain its diagnostic accuracy when applied to populations with different demograph-
ics or to images acquired from institutions using divergent CT scanners, imaging proto-
cols, or reconstruction kernels. This limitation is compounded by data quality concerns.
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The model’s performance is inherently tied to the quality of its training data. Issues such
as image noise, motion artifacts, and inconsistencies in contrast administration proto-
cols can introduce confounding variables, potentially limiting the model’s robustness
and real-world applicability.

4.2 Future directions

To overcome these limitations, our future work will employ targeted strategies focused
on enhancing model generalizability and clinical utility. First and foremost, we will pri-
oritize the expansion and diversification of our dataset. This will be achieved through
active multi-center collaborations, which will allow us to aggregate a larger cohort
that encompasses a broader spectrum of disease manifestations and imaging condi-
tions. Secondly, to maximally leverage existing data and simulate greater diversity, we
will implement more advanced data augmentation techniques specifically tailored for
medical imaging, such as generative adversarial networks (GANSs) for synthetic data gen-
eration. Furthermore, we plan to explore federated learning frameworks, which would
enable model training across multiple institutions without sharing sensitive patient data,
thereby addressing both data scarcity and privacy concerns. These concerted efforts will
be crucial for refining the AI model into a reliable and widely applicable tool for bladder

cancer diagnosis in routine clinical practice.

5 Conclusions

In conclusion, this research successfully developed an artificial intelligence diagnostic
model based on CT imaging for bladder cancer, demonstrating its potential for improv-
ing diagnostic accuracy and prognostic assessment. The integration of radiomics fea-
tures into clinical practice can provide valuable insights for personalized treatment
strategies. Future efforts should focus on expanding the sample size and conducting
rigorous clinical validation to establish the model’s effectiveness in early diagnosis and
tailored therapies for bladder cancer patients. The findings pave the way for advance-
ments in non-invasive diagnostic methodologies that could significantly impact patient
outcomes.
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