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Abstract.
PURPOSE: To systematically review the current literature and discuss the applications and limitations of radiomics and
machine-learning augmented radiomics in the management of bladder cancer.
METHODS: Pubmed ®, Scopus ®, and Web of Science ® databases were searched systematically for all full-text Englishlanguage articles assessing the impact of Artificial Intelligence OR Radiomics OR Machine Learning AND Bladder Cancer
AND (staging OR grading OR prognosis) published up to January 2020.
RESULTS: Of the 686 articles that were identified, 13 studies met the criteria for quantitative analysis. Staging, Grading
and Tumor Classification, Prognosis, and Therapy Response were discussed in 7, 3, 2 and 7 studies, respectively. Data on
cost of implementation were not reported. CT and MRI were the most common imaging approaches.
CONCLUSION: Radiomics shows potential in bladder cancer detection, staging, grading, and response to therapy, thereby
supporting the physician in personalizing patient management. Extension and validation of this promising technology in
large multisite prospective trials is warranted to pave the way for its clinical translation.

INTRODUCTION
Bladder cancer is a potentially fatal disease associated with high rates of annual morbidity and
mortality [1–3]. The current strategy of clinical
decision-making and follow-up management of bladder cancer is based on the reliable assessment of
muscle invasion status, grade of malignancy, and
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pathology [4]. However, the observance of a high
recurrence rate of 50–80%, in the literature, in
patients over the age of 65, highlights some of the
limitations in these strategies, such as poor sensitivity
(61%) for low-grade tumors, tumor heterogeneitybased sampling bias, and a complex interplay of
molecular, histological and immune underpinnings
in these tumors [3, 5–7]. In addition to the difficulties in reliably detecting and characterizing tumor
clinically, the prediction of treatment response is
also a hurdle in the management of bladder cancer
[8]. While new treatments are being administered
to bladder cancer patients, a reliable method to
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predict the patient specific post-treatment response
and thereby, decide between treatments is lacking.
This conundrum creates a scenario where some
patients receive ineffective therapies, with some treatments causing adverse reactions without an option to
adjust treatment during the early stages of the disease.
Radiomics is an emerging field of quantitative
imaging with a variety of applications in clinical
practice and research, particularly oncology. For
oncologic applications, the technique potentially provides a comprehensive noninvasive characterization
of the whole tumor, using a panel of quantifiable tumor metrics called the radiomics signature,
extracted from multimodality medical images including computed tomography (CT), positron emission
tomography (PET), magnetic resonance imaging
(MRI), and ultrasonography (US) [9–11]. While
promising, radiomics is still novel to many radiologists and clinicians, and its clinical application
is hampered by the limited availability of efficient
and standardized systems of feature extraction and
data sharing [12–16]. Currently, the majority of the
radiomics studies are retrospective, single institution
studies with a relatively small sample size and thus
statistically weak with poor generalization across different institutions. Larger studies conducted across
multiple institutions are needed to validate these preliminary results [12].
Machine learning (ML) methods are designed to
process large amounts of high-dimensional data,
without a guiding (biomedical) hypothesis, to directly
discover potentially actionable knowledge. Consequently, ML methods are increasingly being
incorporated into radiomics studies, particularly
for augmenting classification. While ML-augmented
radiomics studies have demonstrated their utility for
various purposes such as diagnosis, prognosis, and
treatment response, the exploration has been limited and lacks rigor [17, 18]. For example, current
ML-augmented radiomic approaches include the utilization of only a small number of classification
methods, often of the same type (e.g. Support Vector
Machine, Random Forest), the performance evaluation using the AUC score only, and the assessment of
all possible combinations of radiomics and classification methods to identify the best possible classifier
is non-systematic [19]. In this paper, we scope the
current literature to systematically review promising
applications and limitations of radiomics and MLaugmented radiomics in the management of bladder
cancer.

EVIDENCE ACQUISITION
Search strategy
For the present systematic review, Pubmed ®, Scopus ®, and Web of Science ® databases were searched
systematically for all full-text English-language articles assessing the impact of Artificial Intelligence
OR Radiomics AND Bladder Cancer AND (staging
OR grading OR prognosis) and published up to January 2020. References were manually reviewed to
identify supplementary studies of interest. To ensure
a transparent and thorough reporting of our findings, we followed the Preferred Reporting Items for
Systematic Review and Meta-Analyses (PRISMA)
statement.
Selection of eligible studies and data extraction
Two investigators (G.E.C and N.N.) independently
screened all articles to identify studies that meet
the inclusion criteria (Fig. 1). Any disagreements
about eligibility were resolved by discussion between
the two investigators until a consensus was reached.
When an Institution published multiple papers with
entirely overlapping surgical periods, only the latest
published paper was considered. However, studies
from the same institution with entirely or partially
overlapping surgical periods but evaluating different
study populations were included in the analysis.
All data retrieved from the systematically reviewed
studies were recorded in an electronic database and
the following outcomes were recorded: Number of
Cases, Image Acquisition, Image Segmentation, Feature Extraction, Validation, and Outcomes of Interest
(Staging, Grading, Tumor Classification, Prognosis
and Therapy Response).
EVIDENCE SYNTHESIS
Of the 686 articles that were identified, 13 met
the criteria for quantitative analysis (Fig. 1). Table 1
provides key details of these shortlisted studies,
including year of publication, study design, number
of patients evaluated, and imaging details. Data on
cost were not reported. CT and MRI were the most
common imaging approaches reported.
Radiomics workﬂow
A typical radiomics workflow comprises 4 stages:
image acquisition, image segmentation, feature

G.E. Cacciamani et al. / Radiomics And Bladder Cancer: Current Status

345

Fig. 1. Prisma Flowchart.

extraction, and statistical analysis (Fig. 2, Table 1)
[11]. Additional modules such as image registration,
data formatting, de-noising etc. are used, however,
they are modality- and application-specific. The reliable execution of each stage is critical to the success
of the radiomics analysis, as each of these stages can
be implemented distinctively across different studies (Table 1). Prior to undertaking any radiomics
study, it is important to consider the quality and distribution of the data. Several guidelines have been
reported in many studies [20–22] to successfully
design radiomic studies to overcome these pitfalls
e.g. the radiomics quality score [23] and the TRIPOD
(Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis)
guidelines [24].

Multiple studies have shown that radiomic feature
values are sensitive to the acquisition and reconstruction parameters, thus hindering the pooling of data
and comparing the results acquired using different
scanners or protocols [13]. Physical phantoms have
been used in quantitative imaging to explore and
quantify sources of bias and variance for e.g. initiatives by the Radiological Society of North America
(RSNA) Quantitative Imaging Biomarker Alliance
(QIBA) [25], the Credence Cartridge Radiomics
phantom [16] etc. In some cases, virtual phantoms,
or digital reference objects (DROs) have also been
useful for evaluation of software packages that are
used to derive quantitative imaging biomarkers. By
providing a dataset and a set of metric evaluation that
can be accessed by all, radiomics can be rigorously

Year

2019

2019

2019

Author

X.Xu [41]

Wang [42]

Lin [43]

Retrospective

Retrospective

Retrospective

Type of Study

62

100

71

Cases

n = 21.

were tested with multivariate logistic
regression to test 5 models.

matrix (GLCM) features, 160
gray-level run length matrix
(GLRLM) features, 160 gray-level

CT image, including a grey-level
co-occurrence matrix, wavelet

single radiologist manually
selected ROI

anisotropic gradient orientation.

and co-occurrence of the local

transform and local binary pattern

features were extracted from a single

Ultrasonics software. 1076 imaging

first-order statistics features

matrix (GLDM) features, and 180

neighboring gray-level dependence

matrix (NGTDM) features, 140

50 neighborhood gray tone difference

chosen with ITK-SNAP and

Tumor with largest diameter

and LASSO selected features that

features, 220 gray-level cooccurrence

discussed.

CT

values were tested. 2-Sample t test

Features included: 14 shape-based

by slice. Discrepancies were

size zone matrix (GLSZM) features,

sensitivity, specificity, and AUC

tumor volume using Pyradiomics.

manually selected ROI slice

DWI, and ADC

validation cohort.

LASSO used to create model. No

validation cohort. Accuracy,

training cohort and tested on a

slice and averaged within the 3D

Two independent radiologists

MRI (3T) - T2WI,

generated from DW images.

ADC maps were then
Each feature subset was trained on a

data was collected. Validation cohort

non-tumor and they agreed

All features were calculated for each

validation cohort and performance

separate tumor from
upon any discrepancies.

LIBSVM package with RBF on the

second option. It was used with the

cohort. LASSO was also used as a

mapped a polygonal ROI to

an online tool.

two independent

predictive model from the training

SVM-RFE was used to create a

Validation

radiologists manually

GLSZM. They were extracted using

largest tumor area and then

DCE

33 RLM, 5 NGTDM, and 15

Features included 8 histogram, 39 CM,

Feature Extraction

was selected based on

An axial image slice from MRI

Image Segmentation

DW, ADC, and

MRI (3T) - T2W,

Image Acquisition

Table 1
Studies’ characteristics and radiomics workflow assessment

Progression-free interval

tumor

Pathologic grade of bladder

Two year recurrence risk

Prediction Target
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2019

2016

2017

2017

2017

S. Xu [44]

Cha 2016 [33]

Cha 2017 [49]

Garapati [45]

Zhang [46]

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

61

84

123

62

218

and ADC

MRI (3T) - DWI

CT

CT

CT

MRI (3T) - DWI

GLSZM, and NGTDM. 156 features
were extracted.

VOI was copied to ADC for
computer analysis. A second
sample of the work.

26 morphological and 65 textural.

optimized classifier was tested with

high and low grade tumors. The

stability.

demonstrate its generalization and

cross-validation randomly to

maps

independent radiologists

create 5 feature sets to test between

100 rounds of 10-fold

extracted from both DWI and ADC

reviewed by two

discrepancies.

image - a total of 102 features were

images. All images were

algorithm. LIBSVM was used to

who discussed any

features were derived from each

9 histogram features and 42 GLCM

SVM-RFE was used to generate the

hand-segmented contours.

features were obtained from RBST. A
total of 91 features were extracted -

compared against radiologist’s

LDA, NN, SVM, and RAF were

a validation cohort of 41 pt.

performance was then tested against

used to create the algorithm. Their

RAF-SL, RAF-ROI, and DL-CNN was

extracted based on NRL. Texture

Five morphological features were

stacking 2D ROIs from DW

3D VOIs were generated by

used.

3-stage AI-CALS system was

used.

3-stage AI-CALS system was

sample of the work.

second radiologist redid a

graphical interface. A

institutionally-developed

measured with an

ROIs of 16x32 pixels.

manually marked.

perpendicular diameter

tested against the scans that had been

algorithm. Its performance was then

DL-CNN was used to create the

3D contour with longest and

were extracted.

consisted of 87 patients.

to create algorithms. Validation set

Random Forest (RAF) and Boruta used

the scans and outlined the

marked tumor locations in

One radiologist manually
For each section, 16x16 pixel ROIs

extracted from GLCM, GLRLM,

ITK-SNAP to reveal VOI.

radiologist confirmed a

texture, and shape. Texture was

Features were selected for intensity,

segmented the tumor via

One radiologist manually

Tumor grade

(Continued)

T2 or less than T2

T stage greater than or equal to

chemotherapy

Tumor response to

Gross tumor volume

tumor

Muscle-invasive status of
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2019

2018

2018

2019

Zheng [47]

Fan [50]

Lim [51]

Alessandrino [52]

Retrospective

Retrospective

database

Retrospective -

Retrospective

Type of Study

42

36

33

199

Cases

CT

-T2 and ADC

MRI (3T and 1.5T)

CT

MRI

Image Acquisition

manually.

radiologists outlined lesions

Two fellowship-trained

dominant tumor location.

radiologists identified the

Two fellowship-trained

features.

TexRAD was used to extract textural

features.

TexRAD was used to extract textural

inhibitors

correlated best with PFS.

developed to show which features

cohort. A predictive model was

programmed death-ligand 1
kurtosis. There was no validation

carcinoma response to

Metastatic urothelial

Tumor stage

tumors

Urothelial vs. micropapillary

tumor

Muscle-invasive status of

Prediction Target

entropy, MPP, skewness, and

technique and included mean, SD,

Textures were analyzed via histogram

stages of tumor.

on texture features between different

human-derived. This paper focuses

computer-derived identification and

No comparison between a

group.

between the radiologist and CTTA

GLDM, and FTT were compared

and histogram analysis, GLCM,

for UCs and MPCs.

the tumor with the largest diameter

2D CTTA was performed on an area of

cohort of 69.

was then tested on the validation

LASSO used to create the algorithm. It

Validation

using pre-segmented tumor images

voxel data

MATLAB code was used to extract

VOIs using “3D Slicer”

1301 features were extracted from two

Feature Extraction

identified regions of interest

radiologist manually

A fellowship-trained

using “3D Slicer.”;

semiautomatically generated

segmented. VOIs were

Whole tumor besides base was

Image Segmentation

Studies characteristics. MRI: Magnetic Resonance Imaging; T2W: T2-weighted; DW: diffusion-weighted; ADC apparent diffusion coefficient; DCE dynamic contrast-enhanced; 3T: 3 Tesla; ROI:
Region of interest; AI-CALS Auto-initialized cascaded level set; VOI: Volumes of interest; LASSO: least absolute shrinkage and selection operator; GLCM: Gray Level Co-occurrence Matrix;
GLSZM, Gray Level Size Zone Matrix; NGTDM: Neighboring Gray Tone Difference Matrix; SVM-RFE: support vector machine with recursive feature elimination; DL-CNN: deep Learning
convolutional neura l network; LDA: Linear Discriminant Analysis; NN: nearest neighbor; SVM: support vector machine; RAF: Random forest; SVM-RFE: support vector machine with recursive
feature elimination; CTTA: Computed tomography texture analysis; FTT: Fast Fourier Transform SSF: spatial scale filters; MPP: Mean positive pixel.

Year

Author

Table 1
(Continued)
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Fig. 2. Workflow of radiomics (ROI = region of interest; GLCM = gray level co-occurrence matrix; FFT = fast Fourier transform).

tested in large multi-institution studies to aid its clinical translation. One such major effort is the Image
Biomarker Standardization Initiative (IBSI) that aims
to standardize radiomics imaging biomarkers [26].
While in some case these calibration objects
have been used for standardization of imaging data
acquired using diverse scanner, scanning and post
processing protocols [15, 27], others use the same
approach to identify radiomic metrics that are reliable [14] (robust, repeatable and reproducible) to
facilitate big data radiomics using data pooled from
reliable radiomic metrics acquired from multiple
institutions.
Image acquisition
This is the first step of the radiomics workflow,
and the end-product of this step is an image volume (if 3D) or image cross-section (if 2D) stored in
the Picture Archiving and Communication System
(PACS), typically in a Digital Imaging and Communication in Medicine (DICOM) format. Currently,
different imaging centers follow distinct image acquisition protocols to ensure the quality of imaging set
up by their respective institutions [12, 14, 16]. The
lack of consensus or guidelines on image acquisition
across institutions leads to imaging data heterogene-

ity among different radiomics studies. This issue is
further compounded by a lack of thorough and consistent labeling, annotation, segmentation, and quality
assurance within the routine clinical workflow. Even
in centers that do the additional steps, there is no
consensus on the process. In general, considering the
hardware and software variables that can vary across
the different imaging modalities (CT, MRI, PET, and
US), overcoming the issue of data heterogeneity is
a complex task. One path adopted to overcome the
effects of data heterogeneity on radiomics is data
preprocessing to ensure consistency and comparability [15, 27]. Data preprocessing steps include but
not limited to steps for standardizing imaging protocols preacquisition [15] or harmonizing data post
acquisition [20]. While the solution is promising, it
is not readily scalable, as newer and better imaging technologies are always evolving, preventing a
comprehensive assessment of the heterogeneity. The
second approach to overcome the effects of data heterogeneity on radiomics is to conduct comprehensive
imaging experiments using phantoms (standardization objects) to identify radiomic metrics that are
reliable [14, 16, 28–31]. Reliable radiomic metrics
are reproducible, robust, and repeatable across multicenter studies [14]. While the performance of the
latter approach is dependent on the reliability and
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suitability of the phantom to the clinical question,
the approach can conceivably find reliable radiomics
signatures for use in multicenter studies without the
need for an additional pre-processing step.
Image segmentation
This is the second step of the radiomics workflow,
and the end-product of this step is the isolation of a
region of interest (ROI), which can be either a volume
(if 3D) or an area (if 2D). While it is intuitive to expect
3D radiomics to outperform 2D radiomics, this is not
always the case [32]. As in the case of image acquisition, there are no established guidelines or consensus
across centers with regards to image segmentation.
While some centers perform manual segmentation
to gain accuracy in lieu of efficiency, others perform automated segmentation (e.g. seed growing
method). While automated segmentation promotes
consistency and workflow optimization, it is difficult to establish a segmentation criteria for bladder
cancers, considering the sometimes indistinct borders
of tumors, marked variability of bladder distensibility, and inconsistent tumor imaging appearances
[33]. Moreover, while manual segmentation is easy to
implement, it is tedious, time consuming and subject
to intra- and inter-observer measurement variability
[34] leading to difficulties in radiomic feature reproducibility. Semi-automation has been investigated,
and may provide a middle ground regarding the issue
of segmentation [35]. Tumor microenvironment may
provide valuable information [36], however, there is
no consensus about what should be included in the
segmented ROI.
Feature extraction
This is the third step of the radiomics workflow, and the end-product of this step is a feature
map comprising of a number of metrics extracted
from the segmented ROI, using a variety of feature
extraction techniques implemented using a sophisticated suite of data characterization algorithms. The
commonly used features within a radiomics framework include texture, shape, and size metrics [9–11].
Texture features can be classified into first-order statistical features, second-order statistical features, and
higher-order statistical features, depending on if the
intensity values are used only, or if both the intensity
values and their orientation within the ROI are used
together [37, 38]. Higher-order statistical features are
the products of mathematical transformations such

as wavelets, Minkowski function etc., which have
the capability of decomposing the images into multiple levels of information (scales) to conduct a more
in-depth analysis.
While the fundamental mathematical principles
behind the texture techniques and metrics are the
same, the implementation is different across different centers [39, 40]. Even the number of texture
metrics used within a radiomics panel varies drastically across different studies. These variabilities
in conducting radiomic studies, in the absence of
established guidelines or consensus, have led to scenarios where the results are non-reproducible and
non-comparable.
Radiomics and bladder cancer tumor staging
Seven radiomic studies in our list evaluated tumor
stage as a clinical characteristic in bladder cancer. Xu
et al. [41] evaluated patients with both non-muscle
invasive disease (NMIBC) (T1 or lower) or muscle
invasive bladder cancer (MIBC) (T2 or higher) who
underwent either transurethral resection of bladder
tumor or radical cystectomy. Muscle invasive status
was associated with a 2.2-fold increased risk of disease recurrence on multivariable analysis. Wang et al.
[42] used pre-operative radiomic analysis to estimate
pathological grade in patients with Tis-T3 disease.
24.3% and 16.7% of patients had MIBC in training and validation sets. The remainder had NMIBC.
Lin et al. [43] used a combination of clinicopathologic data, gene expression profiles, and CT-based
radiomic studies to evaluate survival in 62 patients
with bladder cancer. 67.7% of their patients had
NMIBC compared to 32.3% with muscle-invasive
disease. They were the only study to comment on
the observance of lymphatic involvement. 30.6% of
patients had clinical N1-3 disease. Xu et al. [44]
reported on the incorporation of diffusion weighted
magnetic resonance imaging alongside traditional
clinical staging in order to more accurately identify muscle invasive disease status. 60% of patients
had NMIBC and the remaining 40% had MIBC.
Garapati et al. [45] utilized computed tomographic
delayed phase imaging to predict muscle invasive
disease status in 84 tumors from 76 patients. 52%
had non-muscle invasive disease (</=T1) versus 48%
with muscle invasion (>/=T2). Zhang et al. [46] also
evaluated NMIBC vs. MIBC as a baseline clinical
characteristic in 61 patients. NMIBC was reported
in 28 patients, and MIBC in 27 patients; the remainder had missing stage status. Lastly, Zheng et al. [47]
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pre-operatively evaluated muscle invasiveness using
an MRI-based radiomic signature. MRI-determined
clinical staging demonstrated MIBC in 63.1% and
60.9% of training and validation sets. Pathological
staging demonstrated MIBC in 43.1 and 44.9% of
training and validation sets.
Radiomics and bladder cancer tumor grading
Tumor grade was reported in three radiomics studies in bladder cancer [41, 42, 46]. Xu et al. had
36.6% of patients with low-grade disease and 63.4%
with high-grade disease [41]. Tumor grade was not
a significant predictor of recurrence in multivariable
analysis. Wang et al. had 56 patients with low-grade
and 44 patients with high-grade disease [42]. Zhang
et al. had 32 patients with low-grade disease and 29
patients with high-grade bladder cancer [46].
Prognosis and response to therapy
Twelve papers reported therapeutic responses
in bladder cancer based on radiomics predictions
(Table 1). Xu et al. created a nomogram to predict
tumor recurrence within two years of TURBT or
RC based on both radiomic and clinical factors [41].
Radiomics features were gathered from MRI images
using T2 W, DW, and DCE image sequences [41]. The
authors used SVM-RFE and LASSO algorithms to
extract the most predictive image features. Thirtytwo image features were found to generate the highest
area under the curve value for the “radiomics score”
in predicting bladder cancer recurrence [41]. Xu et al.
reported that the radiomics score had a 8.2 odds ratio
effect on prognosis with a 2.4–27.8 95% confidence
interval [41]. Radiomics had a significant effect on
prognosis with a p-value «0.05 [33]. In the validation cohort, the sensitivity of the radiomics features
based on the SVM-RFE and Lasso algorithms was
77.8% and 55.6%, respectively [41]. The specificity
of the radiomics features based on the SVM-RFE and
Lasso algorithms was 73.8% and 75%, respectively
[41]. The accuracy of the radiomics features based on
the SVM-RFE and Lasso algorithms was 75.5% and
66.7%, respectively, and adjusted to 80.1% after risk
stratification [41]. Similarly, the area under the curve
for SVM-RFE selected features was 0.82 and 0.72
for Lasso with a correction to 0.84 after risk stratification [41]. MRI image features derived from both
SVM-RFE and Lasso algorithms predicted bladder
cancer recurrence within two years in the validation
cohort with a p-value «0.01 for SVM-RFE and <0.05
for LASSO [41].

351

Wang et al. developed a radiomics model based on
MRI images to predict pathological grade of bladder
tumors [42]. They did not evaluate prognostic factors, such as overall survival or time to recurrence
[42]. Their radiomics models were derived from the
following imaging modalities: T2-weighted imaging
(T2WI; diffusion-weighted imaging (DWI); apparent diffusion coefficient maps (ADC), and modeling
modalities: Max-out Model and Joint Model [42].
Regarding sensitivity, T2WI was 76.9%, DWI was
76.9%, ADC was 84.6%, Max-out was 76.9%, and
joint was 76.9% [42]. The specificity for T2WI was
76.4%, DWI was 76.4%, ADC was 76.4%, Max-out
was 88.2%, and joint was 83.3% [42]. Accuracy for
T2WI was 76.7%, DWI was 76.7%, ADC was 80%,
Max-out was 83.3%, and joint was 83.3% [42]. Area
under the curve testing the ability of the models to
predict pathologic grade for T2WI was 0.782, DWI
was 0.769, ADC was 0.805, Max-out was 0.919 and
joint was 0.928 [42].
Lin et al. created a nomogram based on radiomics
features derived from contrast-enhanced CT images,
transcriptomics, and clinical features to sort patients
into low or high risk groups for progression-free interval [43]. In multivariate analysis, Lin et al. reported
a hazard ratio of 1.99 (1.015–3.912) in predicting
progression-free interval based on radiomics alone
and 2.588 (1.317–5.085) based on transcriptomics
[43]. In their multivariate analysis, they reported an
area under the curve for radiomics of 0.956 versus
0.948 for transcriptomics [43]. These findings were
significant with a p value of 0.045 for radiomics and
0.006 for transcriptomics [43].
Xu et al. investigated the ability of their Random Forest (RF) radiomics algorithm based on DWI
sequence MRI image features to predict the muscleinvasive status of bladder tumors [44]. Xu et al.
reported that their radiomics model was more sensitive than TUR and qualitative MRI analysis for
discriminating muscle-invasive disease [44]. They
reported a sensitivity of 87.3% for their RF model vs.
65.5% for TUR alone and 76.4% for qualitative MRI
alone [44]. RF and TUR combined led to a sensitivity
of 96.4% [44]. The specificity of RF was reported at
78.1% and the accuracy of RF alone was 83.9% [44].
The accuracy of the combined RF radiomics model
and TUR data was 89.7%. The area under the curve
for RF alone in predicting muscle invasion was 0.907
[44].
Suarez-Ibarrola et al. is a literature review that
reported prognostic predictions, including recurrence
and survival, from several studies [48]. Details can
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be found in Table 2. Cha et al. 2016 tested the ability
of their radiomics model to accurately measure the
change in gross tumor volume in preoperative and
postoperative CT scans [33]. They reported an area
under the curve of 0.73 ± 0.6 for the deep-learning
convolution neural network (DL-CNN) model and
0.70 ± 0.07 for the auto-initialized cascaded level sets
model [33]. Both of these models out-performed the
radiologists (Table 2) [33].
Cha et al. 2017 created a radiomics model based
on pretreatment and post-treatment CT scans to
identify complete vs. incomplete tumor response to
chemotherapy [49]. They compared the following
models: deep-learning convolution neural network
(DL-CNN); radiomics feature based approach (RFSL), and radiomics features from image patterns
(RF-ROI) [49]. DL-CNN achieved a sensitivity of
50% and a specificity of 81%, RF-SL achieved a sensitivity of 50% and specificity of 78.6%, and ROI
achieved a sensitivity of 66.7% and specificity of
54.8% [49]. The radiologists compared against had
higher sensitivities and lower specificities (Table 2).
The area under the curve for predicting chemotherapy treatment response for DL-CNN was 0.73 ± 0.08,
RF-SL was 0.77 ± 0.08, and ROI was 0.69 ± 0.08
[49]. These were similar to the area under the curve
scores from the radiologist reads (Table 2).
Garapati et al. reported the area under the curve
showing the ability of several algorithms based on
radiomics features to stage tumors as greater than
or less than T2 based on CT urography [45]. They
included linear discriminant analysis (LDA), neural
network (NN), support vector machine (SVM), and
Radom Forest (RAF) models in their analysis with
various sub analyses based on texture features (text),
morphology features (morph), and combined features
(comb) [45]. The area under the curve for all the models in the validation cohort ranged from 0.81–0.97
[45]. A detailed breakdown can be found in Table 2.
Zhang et al. created a radiomics model based on
texture features from DWI sequence MRI images to
predict grade of bladder tumor [46]. They reported
a sensitivity of 78.4%, specificity of 87.1%, and
accuracy of 82.9% based on their model [46]. They
found an area under the curve for the ability of their
radiomics model to predict tumor grade of 0.861
[46]. Their findings were significant with a confidence interval of 0.851–0.870 and a p-value of <0.01
[46].
Zheng et al. also created a nomogram to predict muscle invasive vs. non-muscle invasive tumors
based on combined radiomics and clinical data [47].

Radiomics features were extracted from T2-weighted
MRI images and the LASSO algorithm was used
to select the most predictive features [47]. Zheng
et al. compared the accuracy of their nomogram to
TURBT and found the accuracy of the model was
91.9% (88.2–95.6%) while the accuracy of TURBT
was 80.3% (75.0–85.8%) [47]. The area under the
curve for the nomogram was 0.921. The area under
the curve for the radiomics model alone in predicting
muscle-invasion was 0.874 (0.791–0.958) [47].
Fan et al. reported on the ability of CT based texture
analysis to distinguish between urothelial carcinomas
of the bladder and micropapillary carcinomas of the
badder [50]. They found that 28/58 texture metrics
were significantly different between urothelial and
micropapillary tumors and 27/58 texture metrics were
significantly different in the peritumoral fat surrounding urothelial vs. micropapillary tumors [50]. Further
details can be found in Table 2. Lim et al. used texture
features from T2-weighted and ADC MRI images to
extract entropy values in tumor and extravesical fat to
predict ≤T2 vs. ≥T3 and T1 vs. ≥T2 disease in tumor
and fat, respectively [51]. In the ≤T2 vs. ≥T3 tumor
group, T2 entropy was reported to have an odds ratio
of 4.56 and ADC entropy an odds ratio of 2.24. In
the ≤T2 vs. ≥T3 extravesical fat group, T2 entropy
was associated with an odds ratio of 17.50 and ADC
entropy with an odds ratio of 6.54 [51]. In the T1
vs. ≥T2 group, ADC entropy in the tumor region
resulted in an odds ratio of 2.11 and in the extravesical fat bed, an odds ratio of 3.8 [51]. These findings
were significant (Table 2). The area under the curve
for the ≤T2 vs. ≥T3 tumor region with T2 entropy
was 0.85 and with ADC entropy was 0.80 [51]. In the
extravesical, T2 entropy resulted in an under the curve
of 0.84 and ADC entropy in an area under the curve
of 0.82 [51]. In the T1 vs. ≥T2 tumor group, area
under the curve for ADC entropy was 0.76 [51]. In the
extravesical fat group, T2 entropy resulted in an area
under the curve of 0.78 and ADC entropy resulted
in 0.74 [51].
Alessandrino et al. studied the ability of their
radiomics model, based on mean and entropy of texture features from follow-up CT scans, to predict
progression-free survival in patients with metastatic
urothelial carcinoma treated with programmed deathligand 1 inhibitors [52]. The mean alone resulted in
an odds ratio of 1.09 while the entropy resulted in
an odds ratio of 45.49 [52]. These findings were significant (Table 2). The sensitivity of the combined
entropy and mean model was 95%, specificity was
80%, and 90% accuracy [52].

Total:

Validation:

Wang [42] Training:

Total:

Validation:

16 (32%)

High Nonrecurrent:

(34%)

High Recurrent: 17

(18%)

Low Nonrecurrent: 9

(16%)

HIGH: 45 (63.4%)

MIBC: 35 (49.3%

2.415–27.780

Rad-Score:

Rad-Score:«0.05

MIS:<0.05

P-value

recurrence.

predictors of

independent

Rad-Score were

Both MIS and

Notes

(0.7609–0.8925)

Joint: 0.8267

(0.7533–0.9034)

Max-out: 0.8283

(0.7335–0.8865)

ADC: 0.8100

(0.6321–0.7812)

DWI: 0.7067

(0.6764–0.8170)

T2WI: 0.7467

Lasso: 55.566

SVM-RFE: 77.78

Lasso: 73.74

SVM-RFE: 84.00

Sensitivity (%)

HIGH: 44

ADC: 0.7647
Max-out: 0.8824
Joint: 0.8824

Max-out: 0.7692
Joint: 0.7692

DWI: 0.7647

T2WI: 0.7647

(0.8330–0.9236)

Joint: 0.8783

(0.8004–0.9062

Max-out: 0.8533

(0.7767–0.8733)

ADC: 0.8250

(0.6847–0.7953)

DWI: 0.7400

(0.7438–0.8495)

T2WI: 0.7967

Lasso: 75.00

SVM-RFE: 73.83

Lasso: 71.08

SVM-RFE: 80.00

Specificity (%)

ADC: 0.8462

DWI: 0.7692

(46.88%)

(53.12%)

TIS: 1, Ta: 9, T1 : 68, LOW: 56, TOTAL

T2 : 17, and T3 : 5

Prognosis

MIS: 1.154–4.066

95% CI

HIGH: 13/30

Hazard Ratio

T2WI: 0.7692

Rad-Score: 8.191

MIS: 2.166

OR

LOW: 17/30

(46.99%)

HIGH: 31/70

(53.01%)

LOW: 39/70

LOW: 26 (36.6%)

(33.33%)

High Nonrecurrent: 7

(23.81%)

High Recurrent: 5

(23.81%)

Low Nonrecurrent: 5

(19.05%)

NMIBC: 36 (50.7%)

4 (19.05%)

MIBC Nonrecurrent:

(14.29%)

MIBC Recurrent: 3

(38.10%)

Nonrecurrent: 8

NMIBC

(28.57%)

NMIBC Recurrent: 6 Low Recurrent: 4

10 (20%)

MIBC Nonrecurrent:

(36%)

MIBC Recurrent: 18

(30%)

Nonrecurrent: 15

NMIBC

(14%)

NMIBC Recurrent: 7 Low Recurrent: 8

X. Xu [41] Training:

Grade

Stage

Author

Table 2
Outcomes of interest: prediction target.

Joint: 0.8333

Max-out: 0.8333

ADC: 0.8000

DWI: 0.7667

T2WI: 0.7667

(0.8181–0.8905)

Joint: 0.8543

(0.7967–0.8890)

Max-out: 0.8429

(0.7779–0.8564)

ADC: 0.8171

(0.6710–0.7805)

DWI: 0.7257

(0.7311–0.8174)

Joint: 0.9276

Max-out: 0.9186

ADC: 0.8054

DWI: 0.7692

T2WI: 0.7828

(0.9001–0.9466)

Joint: 0.9233

(0.8413–0.9287)

Max-out: 0.8850

(0.7924–0.8776)

ADC: 0.8350

(0.7565–0.8601)

DWI: 0.8083

(0.7471–0.8396)

T2WI: 0.7933

0.838

T2WI: 0.7743

stratification:
80.95

After risk

Lasso: 0.7222

stratification:

After risk

Lasso: 66.67

0.8216

SVM-RFE:

0.915

SVM-RFE: 75.52

stratification:

88

After risk

Lasso: 0.7504

0.8593

SVM-RFE:

stratification:

After risk

Lasso: 72.41

SVM-RFE: 82.00

AUC

Therapy Response
Accuracy (%)

95% CI

Lasso:<0.05

SVM-RFE:«0.01

Lasso:<0.05

SVM-RFE:«0.01

P-value

(Continued)

(0.7003–0.7328)

Lasso:

(0.8130–0.8301)

SVM-RFE:

(0.7364–07613)

Lasso:

(0.8425–0.8810)

SVM-RFE:
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Suarez-Ibarrola [48]

S. Xu [44]

Total:

Validation:

Training:

MIBC: 141

Pathologically

NMIBC: 77

Pathologically

Clinically MIBC: 87

131

Clinically NMIBC:

MIBC: 55

Pathologically

NMIBC: 32

Pathologically

Clinically MIBC: 36

51

Clinically NMIBC:

MIBC: 86

Pathologically

NMIBC: 45

Pathologically

Clinically MIBC: 51

80

Clinically NMIBC:

NA: 8

N0 : 35 N1-3 : 19

T4 : 3
(1.317–5.085)

2.588

Transcriptomics:

(1.015–3.912)

T1 : 4 T2 : 38 T3 : 17

1.993

Radiomics:

OR Hazard Ratio

AJCC IV: 19

AJCC I: 0 AJCC II:

Lin [43]

Grade

22 AJCC III: 21

Stage

Author
95% CI

P-value

Prognosis

MIBC

discriminating

3, and 5 years

(Hasnain)

0.85 (Xu)

(Hasnain)

survival at 1,

3, and 5 years

0.90 (Xu)

recurrence and

>70% for

RF: 0.781

Specificity (%)

and survival at 1,

>70% for recurrence

RF+TUR: 0.964

at 0.764)

sensitive than
TUR and MRI for

at 0.655 and MRI

RF: 0.873 (vs TUR

Sensitivity (%)

model was more

RandomForest

Notes

Table 2
(Continued)

(Sokolov)

microscopy

force

with atomic

combined

94% when

grade (Zhang)

83% low vs high

RF+TUR: 0.897

RF: 0.839

0.86 (Zhang)

0.90 (Xu)

RF: 0.907

0.948

Transcriptomics:

Radiomics: 0.956

Multivariate

AUC

Therapy Response
Accuracy (%)

95% CI

P-value

0.006

Transcriptomics:

Radiomics: 0.045
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Garapat [45] i

Cha 2017 [49]

Cha 2016 [33]

Validation:

Training:

Rad2 : 0.77+/– 0.07

LDA Text Set 1 : 0.91
LDA Text Set 2 : 1.

with NAC)

NN Text Set 1 : 0.89

NN Morph Set 2 : 0.91

NN Morph Set 1 : 0.88

LDA Comb Set 2 : 0.90

LDA Comb Set 1 : 0.89

LDA Text Set 2 : 0.88

LDA Text Set 1 : 0.91

LDA Morph Set 2 : 0.81

LDA Morph Set 1 : 0.90

RAF Comb Set 2 : 1

RAF Comb Set 1 : 1

RAF Text Set 2 : 1

RAF Text Set 1 : 1

RAF Morph Set 2 : 1

RAF Morph Set 1 : 1

SVM Comb Set 2 : 1

SVM Comb Set 1 : 0.92

SVM Text Set 2 : 1

SVM Text Set 1 : 0.92

SVM Morph Set 2 : 0.97

SVM Morph Set 1 : 0.95

NN Comb Set 2 : 1

NN Comb Set 1 : 0.97

NN Text Set 2 : 1

NN Text Set 1 : 0.95

NN Morph Set 2 : 0.98

NN Morph Set 1 : 0.96

LDA Comb Set 2 : 1

LDA Comb Set 1 : 0.92

LDA Morph Set 2 : 0.97

LDA Morph Set 1 : 0.91

with

Rad2 : 16 (38.1%)

Rad2 : 11 (91.7%)

Rad1 : 0.76+/– 0.08

RF-ROI: 0.69+/– 0.08

RF-SL: 0.77+/– 0.08

DL-CNN: 0.73+/– 0.08

Rad2 : 0.63+/–.06

Rad1 : 0.65+/–.07

RECIST

Rad2 : 0.61+/–.06

Rad1 : 0.63+/–.07

WHO criteria

Radiologist: 0.70+/– 0.06

AI-CALS: 0.70+/– 0.07

DL-CNN: 0.73+/– 0.06

Volume

(Cha)

and 0.77 for physicians and CDSS

0.76–0.77 (Wu)
0.80 for CDSS alone, 0.74 for no CDSS,

0.88 (Xu)
0.83 (Zhang)

NAC)≥T2 : 41(treated

<T2 : 43 (not treated

RF-ROI: 23 (54.8%)
Rad1 : 18 (42.9%)

Rad1 : 11 (91.7%)

RF-SL: 33 (78.6%)

RF-SL: 6 (50%)
RF-ROI: 8 (66.7%)

DL-CNN: 34 (81%)

0.87 (Zhang)

DL-CNN: 6 (50%)

0.78 (Zhang)

(Continued)
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NMIBC and low

Zhang [46]

(62.1%)

grade: 18

MIBC and high

grade: 9 (28.1%)

MIBC and low

grade: 9 (31.0%)

NMIBC and high

(59.4%)

grade: 19

Stage

Author

HIGH: 29

LOW: 32

Grade
OR

Hazard Ratio

95% CI

P-value

Prognosis
Notes

Table 2
(Continued)

23 (78.4%)

Sensitivity (%)

28 (87.1%)

Specificity (%)

51 (82.9%)

0.861

2 : 0.96

RAF Comb Set

1 : 0.86

RAF Comb Set

2 : 0.97

RAF Text Set

1 : 0.89

RAF Text Set

2 : 0.88

RAF Morph Set

1 : 0.83

RAF Morph Set

2 : 0.89

SVM Comb Set

1 : 0.92

SVM Comb Set

2 : 0.89

SVM Text Set

1 : 0.91

SVM Text Set

2 : 0.90

SVM Morph Set

1 : 0.88

SVM Morph Set

2 : 0.95

NN Comb Set

1 : 0.91

NN Comb Set

2 : 0.92

NN Text Set

AUC

Therapy Response
Accuracy (%)

0.851–0.870

95% CI

<0.01

P-value
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Lim [51]

Fan [50]

≤T2 vs.≥T3

Validation:

Zheng [47] Training:

(93.9%)

MPCs: 31

Muscle invasive

UCs: 14 (42.4%)

Muslce invasive

(44.9%)

(55.1%)

(52.8%)

(72.2%)≥T3 : 19

≥T2 : 26
Tumor

Univariate

≥T3 vs.≤T2 ADC entropy: 2.24

≥T3 vs.≤T2 T2 entropy: 4.56

1.13–5.31

entropy:

≥T3 vs.≤T2 ADC

1.49–20.41

entropy:

≥T3 vs.≤T2 T2

entropy: 0.004

≥T3 vs.≤T2 T2

Tumor

0.80

ADC entropy:

≥T3 vs.≤T2

entropy: 0.85

≥T3 vs.≤T2 T2

Tumor

0.961)

0.876 (0.791–

(0.791–0.958)

0.874

Pathologically ≥ pT2 : 31

Tumor

AUC: 0.921
Radiomics

Nomogram

(.750–.858)

0.803

TURBT at

compared to

(.882–.956)

stage: 0.919

accuracy for T

Discriminatory

corrected

optimism-

(0.879–0.965)

0.922

Nomogram

AUC: 0.912

corrected

optimism-

(0.864–0.963)

0.913

Radiomics

Pathologically<pT2 : 38

(60.9%)

Clinically ≥ cT2 : 42

(39.1%)

Clinically<cT2 : 27

(43.1%)

Pathologically ≥ pT2 : 56

(56.9%)

Pathologically<pT2 : 74

(63.1%)

Clinically ≥ cT2 : 82

(36.9%)

Clinically<cT2 : 48

(Continued)
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Author

T1 vs.≥T2

Stage

Grade

Prognosis

≥T3 vs.≤T2 ADC entropy: 3.8

Extravesical Fat

≥T3 vs.≤T2 ADC entropy: 2.11

Tumor

≥T3 vs.≤T2 ADC entropy: 6.54

Specificity (%)

≥T3 vs.≤T2

Tumor

0.82

ADC entropy:

≥T3 vs.≤T2

entropy: 0.84

≥T3 vs.≤T2 T2

Extravesical Fat

AUC

Therapy Response
Accuracy (%)

1.25–16.97

entropy:

≥T3 vs.≤T2 ADC

entropy: 0.016

entropy: 0.019

≥T3 vs.≤T2 ADC

entropy: 0.78

≥T3 vs.≤T2 T2

Extravesical Fat

0.76

Extravesical Fat

≥T3 vs.≤T2 T2

Sensitivity (%)

ADC entropy:

Notes

1.08–5.03

Tumor

Univariate

entropy: 0.002

≥T3 vs.≤T2 ADC

entropy: 0.005

≥T3 vs.≤T2 T2

Extravesical Fat

entropy: 0.019

≥T3 vs.≤T2 ADC

entropy: 0.006

≥T3 vs.≤T2 T2

Tumor

Multivariate

entropy: 0.001

≥T3 vs.≤T2 ADC

entropy: 0.001

≥T3 vs.≤T2 T2

Extravesical Fat

kurtosis: 0.011

≥T3 vs.≤T2 T2

entropy: 0.002

≥T3 vs.≤T2 ADC

kurtosis: 0.018

≥T3 vs.≤T2 T2

P-value

entropy:

≥T3 vs.≤T2 ADC

Tumor

1.90–32.40

entropy:

≥T3 vs.≤T2 ADC

3.01–200.80

entropy:

≥T3 vs.≤T2 T2

≥T3 vs.≤T2 T2 entropy: 17.50

95% CI
Extravesical Fat

Hazard Ratio

Extravesical Fat

OR

Table 2
(Continued)
95% CI

P-value
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Alessandrino [52]

(100%)

carcinoma: 42

Metastatic urothelial

Mean 1.09

Entropy 45.49

Predicting PFS:

Mean (1.02–1.23)

(2.25–7156.46)

Entropy

Predicting PFS:

model < 0.0007

95%

Mean 53%
Combined model

Mean 0.042

Entropy 58%

Predicting PFS:

Combined

Entropy 0.044

Predicting PFS:

entropy: 0.010

≥T3 vs.≤T2 ADC

Extravesical Fat

entropy: 0.027

≥T3 vs.≤T2 ADC

Tumor

Multivariate

entropy: 0.029

≥T3 vs.≤T2 ADC

entropy: 0.010

≥T3 vs.≤T2 T2

Extravesical Fat

80%

Combined model

Mean 90%

Entropy 90%

Predicting PFS:

90%

Combined model

Mean 65%

Entropy 69%

Predicting PFS:

0.74

ADC entropy:

≥T3 vs.≤T2
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Our paper systematically reviews the current
evidences regarding the impact of radiomics and
ML-augmented radiomics on bladder cancer staging, grading, therapy response and prognosis. The
main limitation of our study is the paucity of significant literature on this subject. Since the application of
radiomics is non-standardized across different studies, and the metrics used to report their respective
performances are also different we cannot summarize
them in a meta-analytic fashion.

CONCLUSION
Radiomics shows great potential in bladder cancer
detection, staging, grading, and response to therapy,
thereby supporting the physician in personalizing
patient management. While promising, the application of radiomic approaches in clinical practice is
hampered by the lack of familiarity among radiologists and the physician community, and by the limited
availability of efficient and standardized systems of
feature extraction and data sharing. In addition, the
majority of radiomics studies are retrospective, single
institution studies with a relatively small sample size,
and larger studies conducted across multiple institutions are needed to validate these preliminary results.
As this is a relatively new field, and the technology is
still evolving, we expect to see similar retrospective
studies being published in the near future. However,
the application of radiomic evaluation in a multicenter prospective trial should help in the evolution of this
method to a more consistent methodology. In addition, the lack of significant studies where radiomic
metrics are correlated with molecular, immune, or
proteomic data has led to the published literature
being essentially limited to morphological analysis
(staging and grading). The development of VIRADs
(Vesical Imaging -Reporting and Data system) using
standardized MR protocols which are more sensitive
and specific to grading and staging of bladder cancer
would also lead to a large number of studies where
MR-based radiomic studies would be a natural next
step [53]. Extension and validation of this promising technology in large multisite prospective trials is
warranted to pave the way for its clinical translation.
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