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ABSTRACT

Magnetic resonance imaging (MRI) is often used in clinical practice to stage patients with bladder cancer to help plan
treatment. However, qualitative assessment of MR images is prone to inaccuracies, adversely affecting patient outcomes.
In this paper, T2-weighted MR image-based quantitative features were extracted from the bladder wall in 65 patients
with bladder cancer to classify them into two primary tumor (T) stage groups: group 1 — T stage < T2, with primary
tumor locally confined to the bladder, and group 2 — T stage > T2, with primary tumor locally extending beyond the
bladder. The bladder was divided into 8 sectors in the axial plane, where each sector has a corresponding reference
standard T stage that is based on expert radiology qualitative MR image review and histopathologic results. The
performance of the classification for correct assignment of T stage grouping was then evaluated at both the patient level
and the sector level. Each bladder sector was divided into 3 shells (inner, middle, and outer), and 15,834 features
including intensity features and texture features from local binary pattern and gray-level co-occurrence matrix were
extracted from the 3 shells of each sector. An optimal feature set was selected from all features using an optimal
biomarker approach. Nine optimal biomarker features were derived based on texture properties from the middle shell,
with an area under the ROC curve of AUC value at the sector and patient level of 0.813 and 0.806, respectively.
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1. INTRODUCTION

Bladder cancer is among the top 10 most common carcinomas. In the United States, an estimated 79,030 newly
diagnosed cases (60,490 men and 18,540 women) occurred in 2017, and an estimated 16,870 patients will die of bladder
cancer [1]. A major determinant of the type of treatment patients with bladder cancer will receive is whether the primary
tumor is confined to the bladder (primary tumor (T) stage < T2), which likely requires locoregional therapies only (such
as cystectomy or radiation therapy), or has spread beyond the bladder (T stage > T2 which generally requires systemic
chemotherapy.

In clinical practice, computed tomography (CT), magnetic resonance imaging (MRI), and positron emission tomography
(PET) imaging are often used to determine the locations and extent of tumor in patients with bladder cancer to stage the
disease and to plan treatment [11]. In particular, MRI has high soft tissue resolution and multiplanar capabilities.
Furthermore, MRI does not expose patients to ionizing radiation. Therefore, MRI is used as an important staging
modality in clinical practice to stage patients with bladder cancer to help plan treatment. Different sequences of MR
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images provide different types of image contrast, which can facilitate the local staging, including T2-weighted images
that can depict the tumor well.

However, qualitative assessment of MR images is prone to inaccuracies which commonly results in the over-treatment of
patients misclassified as stage > T2 and the under-treatment of patients misclassified as stage < T2. Therefore, it is
important to develop a quantitative method of assessing MR images to accurately predict bladder cancer T stage. In this
study, we utilized an optimal biomarker approach to select those quantitative imaging features extracted from T2-
weighted MR images in patients with primary bladder cancer which best separate patients into two T stage groups: group
1 — T stage < T2, and group 2 — T stage > T2.

An optimal biomarker approach is employed to predict urinary bladder cancer T stage group at the sector and patient
level based on pelvic axial T2-weighted MR images. The problem addressed in the current study is more challenging
than staging based only on images acquired in previously untreated patients. Image-based features are extracted from 8
sectors and 3 shells placed about the urinary bladder in all patients to predict bladder cancer T stage at both sector and
patient levels.

The rest of this paper is organized as follows. In Section 2, a brief description of our methodology which includes data
preprocessing, bladder shell delineation, feature extraction, optimal biomarker selection, and cross-validation. The
experimental results are reported in Section 3. The conclusions are summarized in Section 4.

2. METHOD

2.1 Image data preprocessing

In this study, all image data sets were trimmed in a consistent manner for the body region by using the CAVASS system
[3]. The axial slice with maximal cross-sectional coverage through the femoral heads was selected. Then, a region of
interest (ROI) rectangular box was specified along the lateral edges of the femoral heads and along the anterior and
posterior boundaries of the pelvic wall skeletal musculature as shown in Figure la. All axial slices through the pelvis
were then trimmed by the same ROI. The two axial slices within 10 mm of the superior and inferior aspects of the
urinary bladder were selected as the superior and inferior boundaries of the ROI, respectively.

In order to ensure the same tissue-specific numeric meaning for image voxel intensity values, all images were first
corrected for intensity non-uniformities and then standardized [2] according to a standard intensity scale. Additional
pelvic axial T2-weighted fast spin echo MR image datasets from 10 adult patients without bladder cancer or other known
bladder pathology were also utilized as reference images for calibrating the MR image intensity standardization process
[2]. The parameters of the scale were estimated by using these 10 “normal” image data sets.

2.2 Bladder shell delineation

The visual appearance and the image content of urine within the bladder lumen compared to the bladder wall and
perivesical fat on T2-weighted MR images are different as shown in Figure 1b, and the differential features extracted
from these different regions are likely related to bladder cancer T stage.

In order to classify patients into the two T stage groups, three shells around the bladder are defined as shown in Figure
lc. These include an inner shell which contains very high T2-weighted signal intensity urine within the bladder lumen, a
middle shell which contains low signal intensity bladder wall detrusor muscle including higher signal intensity foci of
bladder tumor, and an outer shell which contains high signal intensity perivesical fat within 10 mm of the outer bladder
wall. The inner and outer boundaries of the bladder wall were manually drawn using CAVASS software on the axial T2-
weighted MR images by two individuals (JC, SV), so that the 3 shells could then be created.
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Subsequently, the bladder was divided on all axial slices into 8 equal sectors (S1-S8) centered upon the geometric center
of the urinary bladder as shown in Figure 1d. This enables comparison of the proposed approach for bladder cancer T
staging at both the patient level and the radial sector level. Representative T2-weighted MR Images from a patient with
urinary bladder cancer showing 8 sectors (bounded by red lines) and 3 shells (bounded by red, dark blue, and light blue

curves) are shown in Figure 2.

Outer boundary Inner boundary

Middle shell
(Bladder wall)

(b) (d)

Figure 1. (a) An example region of interest (ROI) rectangular box on a T2-weighted MR image. (b) The visual
appearance of bladder wall (arrows) on a T2-weighted MR image. (¢) Schematic diagram of three-layer shell-
like structure including boundaries and 8 radial sectors. (d) 8 radial sectors (S1-S8).

Figure 2. Three-layer shell-like structure and 8 radial sectors placed about the bladder on serial T2-
weighted MR images in one representative patient. Three slices through the lower, middle and upper part

of the bladder are displayed.
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2.3 Feature extraction

According to the above definitions for the shells and sectors of the bladder, each patient had 8 sectors and each sector
had three shells as shown in Figure 2. The image-based features including intensity and texture properties were then
extracted from each sector and each shell for all patients. The texture information included the local binary pattern (LBP)
and those derived from gray level co-occurrence matrix (GLCM) [4]. The GLCM features included six texture properties
including energy, maximum probability, contrast, inverse difference moment, and correlation [5]. Four different versions
of LBP features were computed including the original LBP [6], median LBP [7], uniform LBP [8], and neighbor
intensity LBP [9]. In general, each sector yields 42 intensity properties, 672 LBP texture properties, and 15,120 GLCM
texture properties. In total, 15,834 features were extracted from each sector.

2.4 Optimal biomarker selection

Each sector of the bladder from each patient had a reference standard T stage based on expert radiology qualitative MR
image review and cystectomy histopathologic results, and each patient had an overall reference standard T stage
similarly based on MRI and histopathology results.

After all the intensity and texture features were extracted at the patient level and sector level, an optimal feature set was
selected from all extracted features using an optimal biomarker approach [10] to classify patients into the two T stage
groups. This small optimal feature set was selected according to the following steps:

1. A small set of features with low (specified level of) correlation to all other features is selected as a subset.

2. A subset of features from the whole set that is capable of separating the two patient groups of interest is then
extracted. Each feature is tested on its own for its ability to separate groups by using t-tests.

3. The intersection between the two subsets above in 1 and 2 is selected as the final selected feature set.

After the optimal feature set was determined, the accuracy of the classification into two T stage groups was evaluated at
the patient level and at the sector level by using a leave-one-out strategy. A support vector machine (SVM) was selected
as a classifier. Testing data sets in the leave-one-out strategy have no intersection with the training data sets used for
optimal feature selection and SVM classification. Sensitivity, specificity, accuracy of prediction, and area under the
receiver operating characteristic curve (AUC) are computed to describe the predictive performance of optimal feature
sets consisting of different numbers of optimal features.

3. RESULTS

3.1 Image Data

This retrospective study was conducted following approval from the Institutional Review Board at the Hospital of the
University of Pennsylvania along with a Health Insurance Portability and Accountability Act (HIPAA) waiver. Pelvic
axial T2-weighted fast spin echo MR image data sets without gross motion artifacts from 65 adult bladder cancer
patients (47 men, 18 women, mean age 65.6+10.5) acquired on 1.5-3.0 Tesla MRI scanners were utilized for this study.
The image sizes varied from 268 x 208 to 512 x 448 with 23-65 slices, and the voxel sizes varied from 0.62 x 0.62 x 4
mm’ to 1.48 x 1.48 x 12 mm’. The repetition time (TR) ranged from 1000-6680 msec, and the echo time (TE) ranged
from 80-93 msec. 4 patients were imaged prior to transurethral resection of bladder tumor (TURBT), 27 patients were
imaged after TURBT but prior to chemotherapy treatment, and 34 patients were imaged after TURBT and
chemotherapy.
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At the patient level, 31 patients comprised group 1 (T stage < T2, with primary tumor locally confined to the bladder)
and 34 comprised group 2 (T stage > T2, with primary tumor locally extending beyond the bladder). In particular, 10
patients were stage T0, 3 patients were stage Ta, 5 patients were stage Tis, 5 patients were stage T1, 8 patients were
stage T2, 24 patients were stage T3 (16 T3a and 8 T3b), and 10 patients were stage T4 (7 T4a, and 3 T4b).

At the sector level, 401 sectors comprised group 1 and 119 sectors comprised group 2. In particular, 289 sectors were
stage TO, 3 sectors were stage Ta, 18 sectors were stage Tis, 29 sectors were stage T1, 62 sectors were stage T2, 88
sectors were stage T3 (52 T3a and 36 T3b), and 31 sectors were stage T4 (17 T4a and 14 T4b).

3.2 Experimental results

The size of the selected optimal feature set depends on the feature selection parameters [10]. The optimal biomarker
feature sets from a minimum of 9 features to a maximum of 18 features are analyzed in this paper. For an optimal
biomarker feature set with 9 features, and the AUC value at the sector and patient level were 0.813 and 0.806,
respectively. The derived optimal biomarker feature set included only features from texture properties and originated
from the middle shell. The optimal features were as follows:

1, 2. Kurtosis from uniform LBP with radius 3 and neighborhood 8 and 12.

3, 4. Median from contrast GLCM with the window size of 3x3 and 5x5.

5, 6. High quartile from correlation GLCM with the window size of 7x7 and radius 2 and 3.
7. High quartile from contrast GLCM with the window size of 3x3.

8, 9. High quartile from contrast GLCM with the window size of 5x5 and bins 5 and 10.

4. CONCLUSIONS

In this paper, an optimal biomarker approach is presented to select a small highly independent feature set in order to
separate bladder cancer patients into two primary tumor (T) stage groups (< T2 vs. > T2). The method achieves an
accuracy of up to 82%, including patients who have previously undergone TURBT or neoadjuvant chemotherapy.
According to the results, all optimal biomarker features selected were extracted from the texture properties. In other
words, the MRI standardized image intensity properties did not have a significant impact for distinguishing bladder
cancer patients into these two groups. The selected texture properties included two types of features: from local binary
pattern (LBP) and gray-level co-occurrence matrix (GLCM). The selected features were all extracted from the middle
shell, which contains the bladder wall as well as foci of bladder cancer.

Future research may include extraction of more features from other MR imaging sequences such as T1-weighted,
diffusion-weighted, and post-contrast T1-weighted images, as well as other less commonly used texture properties such
as b-scale, t-scale, and g-scale, and histogram of gradients to improve the diagnostic accuracy of this approach.
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