

  cancers-16-02348




cancers-16-02348







Cancers 2024, 16(13), 2348; doi:10.3390/cancers16132348




Article



Deep Learning Algorithms for Bladder Cancer Segmentation on Multi-Parametric MRI



Kazim Z. Gumus 1,*, Julien Nicolas 2, Dheeraj R. Gopireddy 1, Jose Dolz 2, Seyed Behzad Jazayeri 3 and Mark Bandyk 3





1



Department of Radiology, College of Medicine-Jacksonville, University of Florida, Jacksonville, FL 32209, USA






2



Laboratory for Imagery, Vision and Artificial Intelligence, ETS Montreal, Montreal, QC H3C 1K3, Canada






3



Department of Urology, College of Medicine-Jacksonville, University of Florida, Jacksonville, FL 32209, USA









*



Correspondence: kazim.gumus@jax.ufl.edu







Citation: Gumus, K.Z.; Nicolas, J.; Gopireddy, D.R.; Dolz, J.; Jazayeri, S.B.; Bandyk, M. Deep Learning Algorithms for Bladder Cancer Segmentation on Multi-Parametric MRI. Cancers 2024, 16, 2348. https://doi.org/10.3390/cancers16132348



Academic Editors: Marcin Woźniak, Muhammad Fazal Ijaz and Simone Maurea



Received: 24 May 2024 / Revised: 18 June 2024 / Accepted: 25 June 2024 / Published: 26 June 2024



Abstract

:

Simple Summary


Bladder cancer segmentation on MRI images is critical to determine if the cancer spread to the nearby muscles. In this study, we aimed to assess the performance of three deep learning models in outlining bladder tumors from MRI images. Using the MRI data of 53 patients, we trained Unet, MAnet, and PSPnet models to segment tumors using different loss functions and evaluated their performances. The results showed MAnet and PSPnet models performed better overall in segmenting bladder tumors, especially when they used a hybrid loss function (CE+DSC). Our findings could improve the way bladder cancer is segmented on MRI images, potentially leading to a better choice of deep learning algorithms and loss functions for future research.




Abstract


Background: Bladder cancer (BC) segmentation on MRI images is the first step to determining the presence of muscular invasion. This study aimed to assess the tumor segmentation performance of three deep learning (DL) models on multi-parametric MRI (mp-MRI) images. Methods: We studied 53 patients with bladder cancer. Bladder tumors were segmented on each slice of T2-weighted (T2WI), diffusion-weighted imaging/apparent diffusion coefficient (DWI/ADC), and T1-weighted contrast-enhanced (T1WI) images acquired at a 3Tesla MRI scanner. We trained Unet, MAnet, and PSPnet using three loss functions: cross-entropy (CE), dice similarity coefficient loss (DSC), and focal loss (FL). We evaluated the model performances using DSC, Hausdorff distance (HD), and expected calibration error (ECE). Results: The MAnet algorithm with the CE+DSC loss function gave the highest DSC values on the ADC, T2WI, and T1WI images. PSPnet with CE+DSC obtained the smallest HDs on the ADC, T2WI, and T1WI images. The segmentation accuracy overall was better on the ADC and T1WI than on the T2WI. The ECEs were the smallest for PSPnet with FL on the ADC images, while they were the smallest for MAnet with CE+DSC on the T2WI and T1WI. Conclusions: Compared to Unet, MAnet and PSPnet with a hybrid CE+DSC loss function displayed better performances in BC segmentation depending on the choice of the evaluation metric.







Keywords:


bladder cancer; segmentation; MRI; deep learning; loss function; Unet; MAnet; PSPnet; cross-entropy; focal loss; expected calibration error












1. Introduction


Artificial intelligence (AI) applications are being adapted for medical imaging in radiology. AI models, more specifically deep learning (DL) convolutional neural networks (CNN), have illustrated remarkable success in the interpretation of medical images with computer-aided detection and localization of imaging abnormalities. However, clinicians not understanding the novel methods may fail to incorporate the technology into daily practice and accept computer-aided interpretation. Using multi-parametric magnetic resonance images (mp-MRI) of bladder cancer (BC), this work illustrates how incorporating DL models benefits the diagnosis and evaluation of BC.



BC is the 10th predominant cancer in the world according to the World Cancer Research Fund International [1]. Risk factors are smoking, parasitic infections (schistosomiasis), and toxic chemicals such as aromatic amines (occupational exposure) and arsenic (drinking water). BC is the fourth most common cancer among elderly men in the US [2]. The American Cancer Society estimates that there will be 83,190 new cases of bladder cancer and 16,840 deaths from bladder cancer in 2024 [3]. Early bladder cancer diagnosis, accurate staging, and surgical treatment reduce the morbidity and mortality of bladder cancer. With the advances in surgical techniques, chemotherapy, immunotherapy, and diagnostic imaging options, bladder cancer mortality has had a declining trend in the last 5 years [4].



The determination of muscle invasion in BC guides proper risk stratification and therapy [5,6,7,8]. Currently, the gold standard of bladder cancer staging is transurethral resection of the bladder tumor (TURBT). TURBT enables the pathologic diagnosis and staging of muscle-invasive bladder cancer (MIBC). However, up to 30% of TURBT specimens are inaccurate, and the staging of bladder cancer changes in a repeat TURBT. Accurate, non-invasive imaging of bladder cancer could help eliminate the shortcomings of this staging surgical procedure. From its initial description in 1962 [9], this surgical procedure has evolved little with potential complications and limitations. Recent clinical outcome data indicate that a high-quality TURBT requires experience, clinical judgment, precise tumor resection technique, or sometimes repeating the TURBT. A TURBT has up to 6.7% complications, including bladder perforation and uncontrolled bleeding risk [10]. While repeat resection detects residual cancer in 26 to 83% of patients [11], occult locally advanced (extravesical) cancer cannot be detected by repeat TURBT. In fact, cross-sectional imaging is recommended in the follow-up of patients who are managed only with TURBT to rule out locally growing extravesical disease processes.



mp-MRI is an evolving tool for bladder cancer staging [12]. mp-MRI imaging allows for high soft tissue contrast resolution and multiplanar imaging, enabling radiologists to predict the depth of tumor invasion (Figure 1) [13,14,15]. Detecting the presence or absence of MIBC is the critical step in risk stratification and therapy of bladder cancer [6]. Utilizing DL potentially would improve the accuracy and automate bladder cancer mp-MRI segmentation [12].



However, current mp-MRI requires improvements in the accuracy, efficiency, and consistency of BC staging. It lacks reliable discrimination of muscle invasion [15,16,17,18]. Slice-by-slice MRI evaluations are tedious, and the effectiveness depends upon the experience of the radiologist. Accurate interpretation of mp-MRI images can be complicated by motion artifacts, bladder wall inflammation, and degrees of bladder distension.



Similar to PI-RADS for the prostate and BI-RADS for the breast, vesicle imaging reporting and data systems (VI-RADS) have been implemented for bladder imaging. VI-RADS standardizes MRI interpretation to detect MIBC. When using VI-RADS scores for mp-MRI, the first parameter evaluated is diffusion-weighted/apparent diffusion coefficient images (DWI/ADC), followed by contrast-enhanced T1-weighted (T1WI) and T2-weighted images (T2WI). DWI/ADC is the most important sequence for BC staging [15]. However, DWI images are susceptible to artifacts; hence, T1WI and T2WI are relied upon to determine MIBC. Due to inflammation in the bladder wall or fibrosis on T2WI, there can also be false positive MIBC [19]. The T1WI sequence may not be useful in this setting. The DWI distinguishes fibrosis from tumor invasion. Besides these limitations, VI-RADS does not provide validation for patient risk stratification, therapy selection, and the monitoring of therapeutic response [20].



Segmentation of bladder cancer on mp-MRI is the first step to non-invasively identifying bladder tumors and then evaluating muscle invasiveness and tumor stage. DL algorithms utilizing CNN have achieved remarkable success in the image segmentation field [21]. Three-dimensional deep CNN models have the potential to automate gross tumor volume (GTV) contouring on mp-MRI. However, there are some challenges with tumor contouring. The accuracy could depend on the radiologist’s experience, tumor heterogeneity, and whether tumor-to-normal tissue interference is poor or not.



Motivated by this need, in this work, we evaluate emerging segmentation algorithms and compare their efficiency to each other to advance the bladder cancer mp-MRI efficiency.




2. Materials and Methods


2.1. Patients


This study was approved by the Institutional Review Board. We queried the institution’s medical records to obtain all patients who underwent mp-MRI for the diagnosis of bladder cancer between October 2015 and February 2023. We identified 217 cases and enrolled 53 patients in the study. The inclusion criteria were patients with pathologically confirmed bladder masses and pelvic imaging with a 3T MRI scanner. Exclusion criteria were no detectable tumor, insufficient MR images, severe imaging artifacts, and artificial devices in the imaging field.




2.2. Magnetic Resonance Imaging


Patients underwent MRI at one of three clinical scanners (Vida, Trio, or Skyra; Siemens Erlangen, Germany). The pelvic mp-MRI protocol encompassed high-resolution multiplane T2-weighted imaging (T2WI) with fat suppression, axial diffusion-weighted imaging (DWI), and axial T1-weighted contrast-enhanced (T1WI) sequences before and after contrast injection. Table 1 shows the sequence parameters used in the MRI protocol. T2WI used turbo spin echo acquisition. The DWI sequence used echo planar imaging (EPI) acquisition with b values = 0 and 500 s/mm2. Apparent diffusion coefficient (ADC) maps were automatically generated by the scanner software using all b-values. The T1-weighted imaging utilized a volumetric interpolated breath-hold examination (VIBE) sequence. A gadolinium-based contrast agent (DOTAREM, Bayer Pharma, and Berlin, Germany) was injected at a dose of 0.1mm/kg. Contrast-enhanced images were acquired in the following phases: arterial, venous, and delayed (3 min).




2.3. Image Segmentation


A fellowship-trained abdominal radiologist and MRI scientist with more than 10 years of experience manually segmented bladder tumors on each slice of the T2WI, ADC, and arterial phase T1WI images using ITK-SNAP 3.8.0 software (www.itksnap.org, USA, accessed on 1 February 2024) (Figure 2) [22]. Three masks were created for each patient. The segmentations were made in consensus by the investigators and considered as the ground truth, which means the AI models aimed to predict the segmentations during training and validation.




2.4. Deep Learning Models: Training and Evaluation


We trained three existing models (MAnet, PSPnet, and Unet) to perform bladder tumor segmentation on mp-MRI images [23]. Unet is considered the backbone of medical image segmentation [24]. PSPnet and MAnet have gained popularity for image segmentation for scene understanding and improved contextual features, respectively [25]. These deep networks have encoding and decoding components. The encoding contracting component learns the visual localizing features, and then the decoding expanding pathway adaptively integrates local features with their global dependencies [24] (Figure 3).



Models were given a single MRI slice as input and trained to segment tumors based on manually drawn masks. Each model was trained on T2WI, ADC, and T1WI images separately. The epoch was set to 70.



Loss functions are a measure of how well an AI model’s prediction matches the true value. It quantifies the difference between the predicted value and the actual value. We used three popular loss functions during training: cross-entropy (CE), dice loss (DSC), and focal loss (FL) [26,27,28]. In the context of this work, let us introduce the following notation. Let   X ∈   R   W × H × D     be a 3D input image, whose spatial dimension is width (W), height (H) and depth (D), and   Y ∈   { 0,1 }   W × H × D × K     its corresponding ground truth mask, with K being the total number of classes. The segmentation network is a function parameterized by θ, whose last layer is a SoftMax function producing the segmentation results     Y ∈   { 0,1 }   W × H × D × K    ^   . Thus, the cross-entropy loss, which measures the similarity between the ground truth and probabilistic prediction distributions, for a given image, can be defined as follows:


    L   C   = −   1   D × H × W     ∑  d = 1   D      ∑  i = 1   H      ∑  j = 1   W      ∑  k = 1   K      y   d i j     k         log  ⁡      y   d i j     k      ^           











The dice similarity coefficient (DSC) compares volumes based on their overlaps between the ground truth and the predicted image. During training, dice loss is leveraged to achieve a perfect match of DSC 1.0 [29], which resorts to minimizing the following loss:


    L   Dc   = 1 −   2   ∑  d = 1   D      ∑  i = 1   H      ∑  j = 1   W      ∑  k = 1   K      y   d i j     k         y   d i j     k      ^              ∑  d = 1   D      ∑  i = 1   H      ∑  j = 1   W      ∑  k = 1   K      y   d i j     k             +   ∑  d = 1   D      ∑  i = 1   H      ∑  j = 1   W      ∑  k = 1   K        y   d i j     k      ^             











Last, focal loss aims to address the class imbalance on the image by increasing the focus of the model on the selected class, which is a tumor in this case [27]. This loss is formally defined as follows:


  L F = −   1   D × H × W     ∑  d = 1   D      ∑  i = 1   H      ∑  j = 1   W      ∑  k = 1   K        1 −     y   d i j     k      ^      γ             y   d i j     k       log  ⁡      y   d i j     k      ^     








where γ controls the rate at which easy samples (i.e., voxels) are down-weighted.



To evaluate the segmentation performance, we resorted to two popular metrics in the medical image segmentation literature, the dice similarities coefficient (DSC) and Hausdorff distance (HD), whereas we used the expected calibration error (ECE) to measure the calibration performance of the different models [30,31].



Due to the limited dataset size, we used a 4-fold validation strategy to validate the models’ performance. For each fold, we trained the models with 40 patients and tested them on the remaining 13 patients. The final validation metrics are the average of those for each fold.





3. Results


The patient ages ranged from 36 to 97 with a mean of 66.7 years. A total of 24 patients out of 53 had MIBC. Table 2 presents DSC, HD, and ECE values on T1WI, T2WI, and ADC testing datasets, obtained by evaluating different deep learning models, MAnet, PSPnet, and Unet, with different learning objectives: cross-entropy (CE), cross-entropy plus dice loss (CE+DSC), and focal Loss. These results show that, in terms of DSC values, MAnet with CE+DSC provided the highest DSC on T1WI, T2WI, and ADC images.



Figure 4 illustrates the evolution of DSC and the accuracy of both Unet (CE + DSC) and MAnet (CE+DSC) on a training validation set for tumor segmentation on T1WI. Figure 5 illustrates the performance of the models on a case in comparison to the manual segmentations (ground truth).



In terms of distance similarity, i.e., HD, PSPnet with CE+DSC obtained the smallest HD distances on the tumor segmentation across all modalities.



The expected calibration errors were the smallest for PSPnet with FL on the ADC images, whereas they were the smallest for MAnet with CE+DSC on T2WI and T1WI, which indicates that this model yields the most reliable predictions among the analyzed ones.



Overall, the models achieved better segmentation on the ADC and T1WI than on the T2WI.




4. Discussion


In this study, we trained the Unet, PSPnet, and MAnet networks with three loss functions to segment bladder cancer on the mp-MRI images and assessed their performance [24]. MAnet with CE+DSC gave the best DSC values on all images. On the other hand, PSPnet with CE+DSC achieved the smallest HD distances on all images. These results indicate that compared to Unet, MAnet and PSPnet showed better performances in BC segmentation depending on the choice of the loss function and evaluation metrics.



Loss functions are used to quantify the error between the predicted and actual data. For bladder segmentation, we studied the three most commonly used loss functions: CE, CE+DSC, and FL. Among them, we observed that CE+DSC provided the best training when DSC was used as an evaluation metric. These experiments show that hybrid loss functions such as CE+DSC can be more effective than single ones. This can be attributed to better handling of the class imbalance problem [30,32]. Class imbalance refers to an unequal distribution of foreground and background elements in the image. This is a big issue in bladder MRI where a tumor is too small compared to the rest of the image [27]. Overall, these results highlight the careful selection of loss functions in training segmentation algorithms.



When it comes to choosing evaluation metrics, compared to ECE, both DSC and HD are more commonly used in performance evaluations of DL models in medical image segmentation. DSC is a popular metric that assesses the similarity (overlapping) between the model-predicted area and the reference area [26]. On the other hand, HD is a distance-based metric that shows how far two contours are from each other [30]. We observed that DSC and HD favored different models in BC segmentation. While MAnet gave better DSC scores, PSPnet gave lower HD values. We also evaluated the confidence of the models using ECE. ECE indicates how reliable a model is by comparing the model predictions with the true outputs [31]. A low ECE value denotes a better-calibrated model. Our experiments demonstrated that PSPnet with FL had the lowest ECE on the ADC images, whereas MAnet with CE+DSC had the smallest ECEs on the T1WI and T2WI. This could indicate that combined metrics such as CE+DSC in the training step could reduce calibration errors as well.



Notably, the DL models consistently achieved better tumor segmentation on the ADC and T1WI than on the T2WI images, which could be explained by contrast differences among these sequences. The gadolinium-based contrast agent enhances tumor signal on T1-weighted images, while DWI results in hypointensity on the ADC images in case of diffusion restriction. These contrast mechanisms allow a clear distinction of tumors on these sequences. On the other hand, the contrast on T2WI relies on T2 relaxation of tissues, which results in a low tumor signal compared to background tissue. The contrast to noise ratio (CNR) based on T2 relaxation might not be as distinctive as the CNRs on the T1WI and ADC mechanisms.



In the literature, Dolz et al. (2018) conducted one of the earlier works on the segmentation of BC on MRI. They demonstrated the feasibility of fully automated segmentation of the bladder mass, inner wall, and outer wall on T2-weighted images. [33]. Dolz et al. introduced progressive dilated convolutions in each convolutional block to increase the receptive fields for the first time. Later, Yu et al. proposed the Cascade Path Augmentation Unet (CPA-Unet) network, which mines multiscale features [34]. They showed effective segmentation of the bladder tumor, inner wall, and outer wall on T2-weighted images. Recently, Moribate et al. used a modified Unet model to segment tumors on DWI (b0 and b1000) and ADC images [35]. They tested the b0, b1000, ADC, and multi-sequence (b0-b1000-ADC) images as input in their model. They reported the highest dice similarity coefficient for multi-sequence images as input. Compared to these studies, our work presents new findings in the following aspects: First, while previous work focused on the segmentation of tumors on a single MRI sequence such T2WI or ADC, we report the segmentation results for three sequences in the mp-MRI protocol: T2WI, T1WI, and ADC. Second, rather than a single DL model, we present comparative performances of three prominent DL models in medical image segmentation. Lastly, we report the segmentation accuracies based on three loss functions and two evaluation metrics along with calibration errors.



Although the models compared in this study yielded promising results in segmenting bladder tumors, the overall accuracy was less than previously reported MRI studies and the accuracies in other modalities such as computed tomography (CT). We believe this arises from mainly the small sample size. Fifty-three patients are relatively small in DL training; hence, our results can be considered preliminary. Moreover, the segmentation of the bladder mass on mp-MRI is challenging. The human bladder is a hollow distensible organ, presenting a variety of volumes, shapes, and positions. This is a challenge, as the model needs to learn a large variety of features to train properly. Tumor variability with its various shapes and sizes produces another set of variabilities. To capture all of these variabilities, many clinical cases are needed. Also, it is common to have various artifacts on mp-MRI images due to urine flow, magnetic field inhomogeneities, etc., which makes segmentation difficult compared to CT [36,37,38,39].



This preliminary study has several limitations. First, the sample size was small and only from a single institution, limiting the models from learning the high variability of bladder tumors. Second, the MRI datasets were only from 3T scanners, limiting the generalizability of the results to other magnetic field strengths. Third, we tested the models separately on each sequence. Future work will encompass inputting the images from three sequences at the same time to the models. We will also study predicting the muscle invasiveness of tumors based on segmented MRI images in future studies.




5. Conclusions


In conclusion, MAnet and PSPnet models could show promising success in the automatic segmentation of bladder tumors, which constitutes the first step toward determining muscle invasiveness. However, the accuracy of the models also relies on the careful selection of loss functions during training and the right choice of evaluation metrics. Among the three MRI sequences, the segmentation accuracy was better on the ADC and T1WI compared to T2WI. To evaluate the true potential of these networks in segmenting BC on mp-MRI images, larger datasets from multiple institutions are needed.







Author Contributions


Conceptualization, M.B., D.R.G. and J.D.; methodology, K.Z.G., J.N. and J.D.; software, J.N. and K.Z.G.; validation, J.N., D.R.G. and K.Z.G.; formal analysis, J.D., K.Z.G., M.B. and S.B.J.; investigation, K.Z.G., J.D. and M.B.; data curation, M.B., K.Z.G. and S.B.J.; writing—K.Z.G. and M.B.; writing—review and editing, all authors; visualization, K.Z.G., M.B. and J.N.; supervision, M.B., J.D. and K.Z.G.; project administration, M.B., D.R.G. and J.D.; funding acquisition, M.B., D.R.G. and J.D. All authors have read and agreed to the published version of the manuscript.




Funding


This work was funded by the University of Florida Informatics Institute Seed Award.




Institutional Review Board Statement


The study was conducted in accordance with the Declaration of Helsinki and approved by the Institutional Review Board of the University of Florida (protocol code: IRB201901709 and date of approval: 8 February 2019).




Informed Consent Statement


Patient consent was waived because it was not required for this retrospective study by the IRB of the University of Florida.




Data Availability Statement


The datasets presented in this article are not publicly available due to restrictions to protect the privacy of study participants.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



World Cancer Research Fund International. Bladder Cancer Statistics. Available online: https://www.wcrf.org/cancer-trends/bladder-cancer-statistics/ (accessed on 1 February 2024).

	



Cao, C.; Friedenreich, C.M.; Yang, L. Association of Daily Sitting Time and Leisure-Time Physical Activity with Survival among US Cancer Survivors. JAMA Oncol. 2022, 8, 395–403. [Google Scholar] [CrossRef] [PubMed]

	



Bladder Cancer Advocay Network. Bladder Cancer Advocacy Network Responds to American Cancer Society’s 2024 Projections. Available online: https://bcan.org/bladder-cancer-advocacy-network-responds-to-american-cancer-societys-2024-projections/ (accessed on 5 February 2024).

	



National Cancer Institute. Surveillance, Epidemiology, and End Results Program. Cancer Stat Facts: Bladder Cance. Available online: https://seer.cancer.gov/statfacts/html/urinb.html (accessed on 5 February 2024).

	



Chang, S.S.; Bochner, B.H.; Chou, R.; Dreicer, R.; Kamat, A.M.; Lerner, S.P.; Lotan, Y.; Meeks, J.J.; Michalski, J.M.; Morgan, T.M.; et al. Treatment of Non-Metastatic Muscle-Invasive Bladder Cancer: AUA/ASCO/ASTRO/SUO Guideline. J. Urol. 2017, 198, 552–559. [Google Scholar] [CrossRef] [PubMed]

	



Milowsky, M.I.; Rumble, R.B.; Booth, C.M.; Gilligan, T.; Eapen, L.J.; Hauke, R.J.; Boumansour, P.; Lee, C.T. Guideline on Muscle-Invasive and Metastatic Bladder Cancer (European Association of Urology Guideline): American Society of Clinical Oncology Clinical Practice Guideline Endorsement. J. Clin. Oncol. 2016, 34, 1945–1952. [Google Scholar] [CrossRef] [PubMed]

	



Kulkarni, G.S.; Hakenberg, O.W.; Gschwend, J.E.; Thalmann, G.; Kassouf, W.; Kamat, A.; Zlotta, A. An Updated Critical Analysis of the Treatment Strategy for Newly Diagnosed High-grade T1 (Previously T1G3) Bladder Cancer. Eur. Urol. 2010, 57, 60–70. [Google Scholar] [CrossRef]

	



Sylvester, R.J.; van der Meijden, A.P.; Oosterlinck, W.; Witjes, J.A.; Bouffioux, C.; Denis, L.; Newling, D.W.; Kurth, K. Predicting recurrence and progression in individual patients with stage Ta T1 bladder cancer using EORTC risk tables: A combined analysis of 2596 patients from seven EORTC trials. Eur. Urol. 2006, 49, 466–477. [Google Scholar] [CrossRef] [PubMed]

	



Jones, H.C.; Swinney, J. The treatment of tumours of the bladder by transurethral resection. Br. J. Urol. 1962, 34, 215–220. [Google Scholar] [CrossRef] [PubMed]

	



Mostafid, H.; Brausi, M. Measuring and improving the quality of transurethral resection for bladder tumour (TURBT). BJU Int. 2012, 109, 1579–1582. [Google Scholar] [CrossRef] [PubMed]

	



Naselli, A.; Hurle, R.; Paparella, S.; Buffi, N.M.; Lughezzani, G.; Lista, G.; Casale, P.; Saita, A.; Lazzeri, M.; Guazzoni, G. Role of Restaging Transurethral Resection for T1 Non-muscle invasive Bladder Cancer: A Systematic Review and Meta-analysis. Eur. Urol. Focus 2018, 4, 558–567. [Google Scholar] [CrossRef] [PubMed]

	



Huang, L.; Kong, Q.; Liu, Z.; Wang, J.; Kang, Z.; Zhu, Y. The Diagnostic Value of MR Imaging in Differentiating T Staging of Bladder Cancer: A Meta-Analysis. Radiology 2018, 286, 502–511. [Google Scholar] [CrossRef] [PubMed]

	



Caglic, I.; Panebianco, V.; Vargas, H.A.; Bura, V.; Woo, S.; Pecoraro, M.; Cipollari, S.; Sala, E.; Barrett, T. MRI of Bladder Cancer: Local and Nodal Staging. J. Magn. Reson. Imaging 2020, 52, 649–667. [Google Scholar] [CrossRef] [PubMed]

	



Woo, S.; Suh, C.H.; Kim, S.Y.; Cho, J.Y.; Kim, S.H. Diagnostic performance of MRI for prediction of muscle-invasiveness of bladder cancer: A systematic review and meta-analysis. Eur. J. Radiol. 2017, 95, 46–55. [Google Scholar] [CrossRef] [PubMed]

	



Juri, H.; Narumi, Y.; Panebianco, V.; Osuga, K. Staging of bladder cancer with multiparametric MRI. Br. J. Radiol. 2020, 93, 20200116. [Google Scholar] [CrossRef] [PubMed]

	



Barchetti, G.; Simone, G.; Ceravolo, I.; Salvo, V.; Campa, R.; Del Giudice, F.; De Berardinis, E.; Buccilli, D.; Catalano, C.; Gallucci, M.; et al. Multiparametric MRI of the bladder: Inter-observer agreement and accuracy with the Vesical Imaging-Reporting and Data System (VI-RADS) at a single reference center. Eur. Radiol. 2019, 29, 5498–5506. [Google Scholar] [CrossRef] [PubMed]

	



Del Giudice, F.; Barchetti, G.; De Berardinis, E.; Pecoraro, M.; Salvo, V.; Simone, G.; Sciarra, A.; Leonardo, C.; Gallucci, M.; Catalano, C.; et al. Prospective Assessment of Vesical Imaging Reporting and Data System (VI-RADS) and Its Clinical Impact on the Management of High-risk Non-muscle-invasive Bladder Cancer Patients Candidate for Repeated Transurethral Resection. Eur. Urol. 2020, 77, 101–109. [Google Scholar] [CrossRef] [PubMed]

	



Ueno, Y.; Takeuchi, M.; Tamada, T.; Sofue, K.; Takahashi, S.; Kamishima, Y.; Hinata, N.; Harada, K.; Fujisawa, M.; Murakami, T. Diagnostic Accuracy and Interobserver Agreement for the Vesical Imaging-Reporting and Data System for Muscle-invasive Bladder Cancer: A Multireader Validation Study. Eur. Urol. 2019, 76, 54–56. [Google Scholar] [CrossRef] [PubMed]

	



Tekes, A.; Kamel, I.; Imam, K.; Szarf, G.; Schoenberg, M.; Nasir, K.; Thompson, R.; Bluemke, D. Dynamic MRI of bladder cancer: Evaluation of staging accuracy. AJR Am. J. Roentgenol. 2005, 184, 121–127. [Google Scholar] [CrossRef] [PubMed]

	



Pecoraro, M.; Takeuchi, M.; Vargas, H.A.; Muglia, V.F.; Cipollari, S.; Catalano, C.; Panebianco, V. Overview of VI-RADS in Bladder Cancer. AJR Am. J. Roentgenol. 2020, 214, 1259–1268. [Google Scholar] [CrossRef] [PubMed]

	



Litjens, G.; Kooi, T.; Bejnordi, B.E.; Setio, A.A.A.; Ciompi, F.; Ghafoorian, M.; van der Laak, J.; van Ginneken, B.; Sanchez, C.I. A survey on deep learning in medical image analysis. Med. Image Anal. 2017, 42, 60–88. [Google Scholar] [CrossRef] [PubMed]

	



Yushkevich, P.A.; Piven, J.; Hazlett, H.C.; Smith, R.G.; Ho, S.; Gee, J.C.; Gerig, G. User-guided 3D active contour segmentation of anatomical structures: Significantly improved efficiency and reliability. Neuroimage 2006, 31, 1116–1128. [Google Scholar] [CrossRef] [PubMed]

	



Fan, T.L.; Wang, G.L.; Li, Y.; Wang, H.R. MA-Net: A Multi-Scale Attention Network for Liver and Tumor Segmentation. IEEE Access 2020, 8, 179656–179665. [Google Scholar] [CrossRef]

	



Ronneberger, O.; Fischer, P.; Brox, T. U-Net: Convolutional Networks for Biomedical Image Segmentation. arXiv 2015, arXiv:1505.04597. [Google Scholar]

	



Zhao, H.; Shi, J.; Qi, X.; Wang, X.; Jia, J. Pyramid Scene Parsing Network. arXiv 2016, arXiv:1612.01105. [Google Scholar]

	



Milletari, F.; Navab, N.; Ahmadi, S.A. V-Net: Fully Convolutional Neural Networks for Volumetric Medical Image Segmentation. In Proceedings of the 2016 Fourth International Conference on 3D Vision (3DV), Stanford, CA, USA, 25–28 October 2016; pp. 565–571. [Google Scholar]

	



Lin, T.Y.; Goyal, P.; Girshick, R.; He, K.; Dollar, P. Focal Loss for Dense Object Detection. IEEE Trans. Pattern Anal. Mach. Intell. 2020, 42, 318–327. [Google Scholar] [CrossRef] [PubMed]

	



Li, L.; Doroslovacki, M.; Loew, M.H. Approximating the Gradient of Cross-Entropy Loss Function. IEEE Access 2020, 8, 111626–111635. [Google Scholar] [CrossRef]

	



Dice, L.R. Measures of the Amount of Ecologic Association between Species. Ecology 1945, 26, 297–302. [Google Scholar] [CrossRef]

	



Karimi, D.; Salcudean, S.E. Reducing the Hausdorff Distance in Medical Image Segmentation With Convolutional Neural Networks. IEEE Trans. Med. Imaging 2020, 39, 499–513. [Google Scholar] [CrossRef] [PubMed]

	



Naeini, M.P.; Cooper, G.F.; Hauskrecht, M. Obtaining Well Calibrated Probabilities Using Bayesian Binning. Proc. AAAI Conf. Artif. Intell. 2015, 2015, 2901–2907. [Google Scholar]

	



Yeung, M.; Sala, E.; Schönlieb, C.B.; Rundo, L. Unified Focal loss: Generalising Dice and cross entropy-based losses to handle class imbalanced medical image segmentation. Comput. Med. Imag. Grap 2022, 95, ARTN 102026. [Google Scholar] [CrossRef]

	



Dolz, J.; Xu, X.; Rony, J.; Yuan, J.; Liu, Y.; Granger, E.; Desrosiers, C.; Zhang, X.; Ben Ayed, I.; Lu, H. Multiregion segmentation of bladder cancer structures in MRI with progressive dilated convolutional networks. Med. Phys. 2018, 45, 5482–5493. [Google Scholar] [CrossRef]

	



Yu, J.; Cai, L.; Chen, C.; Fu, X.; Wang, L.; Yuan, B.; Yang, X.; Lu, Q. Cascade Path Augmentation Unet for bladder cancer segmentation in MRI. Med. Phys. 2022, 49, 4622–4631. [Google Scholar] [CrossRef] [PubMed]

	



Moribata, Y.; Kurata, Y.; Nishio, M.; Kido, A.; Otani, S.; Himoto, Y.; Nishio, N.; Furuta, A.; Onishi, H.; Masui, K.; et al. Automatic segmentation of bladder cancer on MRI using a convolutional neural network and reproducibility of radiomics features: A two-center study. Sci. Rep. 2023, 13, 628. [Google Scholar] [CrossRef] [PubMed]

	



Duan, C.J.; Liang, Z.R.; Bao, S.L.; Zhu, H.B.; Wang, S.; Zhang, G.X.; Chen, J.J.; Lu, H.B. A Coupled Level Set Framework for Bladder Wall Segmentation With Application to MR Cystography. IEEE Trans. Med. Imaging 2010, 29, 903–915. [Google Scholar] [CrossRef] [PubMed]

	



Duan, C.J.; Yuan, K.H.; Liu, F.H.; Xiao, P.; Lv, G.Q.; Liang, Z.R. An Adaptive Window-Setting Scheme for Segmentation of Bladder Tumor Surface via MR Cystography. IEEE Trans. Inf. Technol. B 2012, 16, 720–729. [Google Scholar] [CrossRef] [PubMed]

	



Qin, X.J.; Li, X.L.; Liu, Y.; Lu, H.B.; Yan, P.K. Adaptive Shape Prior Constrained Level Sets for Bladder MR Image Segmentation. IEEE J. Biomed. Health 2014, 18, 1707–1716. [Google Scholar] [CrossRef] [PubMed]

	



Gordon, M.N.; Hadjiiski, L.M.; Cha, K.H.; Samala, R.K.; Chan, H.P.; Cohan, R.H.; Caoili, E.M. Deep-learning convolutional neural network: Inner and outer bladder wall segmentation in CT urography. Med. Phys. 2019, 46, 634–648. [Google Scholar] [CrossRef] [PubMed]








[image: Cancers 16 02348 g001] 





Figure 1. A bladder cancer case is depicted. An axial T2-weighted MRI shows an abnormal signal in the bladder (left). Post-contrast image reveals focal enhancement in the arterial phase (middle), while the ADC diffusion map indicates a low signal consistent with a high-grade tumor (right). 
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Figure 2. Axial T2-weighted image of a patient with bladder cancer and manual contouring of the tumor (red) on the right. 
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Figure 3. The architecture of the evaluated MAnet, a Unet variant, is shown for illustration. The multiscale fusion attention block merges the features from both encoding and decoding paths at multiple levels. Unlike Unet, which simply aggregates the features, the attention blocks learn how to merge more important regions, guided by the attention mechanisms. 
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Figure 4. Dice score evolutions for tumor segmentation on the T1-weighted images. In the plots, we can observe that variants integrating the compound CE+DSC loss not only reach higher dice scores but also converge faster than the models using only CE as a loss function. 
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Figure 5. Visual results for tumor segmentation (green) achieved by the MAnet, Unet, and PSPnet models (loss function: CE+DSC) are compared to the manual segmentations in red (ground truth). 
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Table 1. MRI parameters for the used sequences.
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	T2WI (Axial)
	T1WI DCE (Axial)
	DWI (Axial)





	Repetition Time (TR), ms
	5970
	2.96
	TR = 4600



	Echo Time (TE), ms
	86
	1.18
	TE = 84



	Field of View (FOV), mm
	199 × 199
	240 × 240
	220 × 260



	Matrix
	448 × 448
	256 × 256
	136 × 160



	Slice Thickness (ST), mm
	3
	3
	4



	b-value, s/mm2
	-
	-
	0 and 500










 





Table 2. Tumor segmentation performance of the three models (MAnet, PSPnet, and Unet), which were trained using three loss functions (CE, CE+DSC, and FL), were evaluated based on DSC, HD, and ECE on the T2WI, ADC, and T1WI images.
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	Tumor
	
	
	
	





	
	
	
	DSC
	
	
	HD
	
	
	ECE
	



	Model
	Modality

Loss
	ADC
	T1
	T2
	ADC
	T1
	T2
	ADC
	T1
	T2



	MAnet
	LCE
	0.4550
	0.3175
	0.2875
	47.54
	67.62
	76.91
	0.0200
	0.0200
	0.0350



	
	LCE + LDSC
	0.5925
	0.5600
	0.4650
	23.92
	27.52
	41.23
	0.0150
	0.0075
	0.0100



	
	LFL
	0.3700
	0.2575
	0.2450
	46.83
	72.58
	74.64
	0.0525
	0.1025
	0.1125



	PSPnet
	LCE
	0.4200
	0.4500
	0.2700
	52.84
	56.28
	78.27
	0.0175
	0.0250
	0.0325



	
	LCE + LDSC
	0.5650
	0.5075
	0.4175
	10.71
	21.94
	31.34
	0.0150
	0.0175
	0.0200



	
	LFL
	0.3825
	0.3925
	0.2600
	47.26
	45.68
	80.85
	0.0125
	0.0150
	0.0250



	Unet
	LCE
	0.4950
	0.2900
	0.2750
	39.21
	87.53
	85.57
	0.0200
	0.0200
	0.0250



	
	LCE + LDSC
	0.5825
	0.5250
	0.4525
	33.86
	46.09
	57.34
	0.0150
	0.0075
	0.0150



	
	LFL
	0.3850
	0.2725
	0.2100
	36.32
	85.04
	82.97
	0.0475
	0.0925
	0.1275
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