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Abstract

Objectives—To quantify the heterogeneity of the tumour apparent diffusion coefficient (ADC)
using voxel-based analysis to differentiate malignancy from benign wall thickening of the urinary
bladder.

Methods—Nineteen patients with histopathological findings of their cystectomy specimen were
included. A data set of voxel-based ADC values was acquired for each patient’s lesion. Histogram
analysis was performed on each data set to calculate uniformity (U) and entropy (E). The k-means
clustering of the voxel-wised ADC data set was implemented to measure mean intra-cluster
distance (MICD) and largest inter-cluster distance (LICD). Subsequently, U, E, MICD, and LICD
for malignant tumours were compared with those for benign lesions using a two-sample t-test.

Results—Eleven patients had pathological confirmation of malignancy and eight with benign
wall thickening. Histogram analysis showed that malignant tumours had a significantly higher
degree of ADC heterogeneity with lower U (P= 0.016) and higher E (P = 0.005) than benign
lesions. In agreement with these findings, k-means clustering of voxel-wise ADC indicated that
bladder malignancy presented with significantly higher MICD (P < 0.001) and higher LICD (P=
0.002) than benign wall thickening.

Conclusions—The quantitative assessment of tumour diffusion heterogeneity using voxel-based
ADC analysis has the potential to become a non-invasive tool to distinguish malignant from
benign tissues of urinary bladder cancer.

“Michael V. Knopp, knopp.16@osu.edu.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Nguyen et al. Page 2

Keywords

Bladder malignancy; Tumour heterogeneity; Apparent Diffusion Coefficient; Histogram analysis;
K-means clustering

Introduction

One of the critical needs in bladder cancer is a non-invasive method to accurately
differentiate a residual malignant tumour from benign wall thickening caused by
inflammation and reactive changes after initial treatment (e.g. transurethral resection of the
bladder tumour (TURBT) or neoadjuvant chemotherapy). Cystoscopy with cytology and
biopsy remains the gold standard for bladder cancer detection. Bladder imaging including
computed tomography (CT), ultrasound, and magnetic resonance imaging (MRI) is an
alternative and additional diagnostic tool. To date, the clinical need has remained unmet by
these imaging modalities, and the bladder wall thickening continues to interfere with and
cause inaccuracies in the diagnosis of bladder cancer [1-6].

Diffusion-weighted imaging (DWI) is an MRI method to quantify the diffusion of in vivo
water using a parameter called apparent diffusion coefficient (ADC) [7, 8]. This quantitative
method has been shown to be beneficial in distinguishing benign and malignant lesions in
the urinary bladder [9]. However, this previous study obtained the measurement of mean
ADC through a circular region of interest (ROI) on a lesion and did not take into account the
heterogeneous distribution of voxel-wise ADC within an entire tumour volume.

Heterogeneity is an intrinsic characteristic of tumours, which makes tumour tissues
distinctive from normal tissues. A number of previous studies have shown that the
assessment of tumour heterogeneity is highly valuable for cancer diagnosis, prognosis, and
treatment monitoring [10-12]. Histogram analysis is a widely used tool for heterogeneity
quantification, particularly for MRI features, which are not always well visualised with the
naked eye [11, 13]. Two quantities calculated by using this method are uniformity (U) and
entropy (E). These two quantitative measurements characterise the uniformity and the
irregularity of intra-tumour voxel-wise distribution [10]. Until now, there has been no
reported study that applies this quantitative methodology to quantify the heterogeneity
degree of MRI features in bladder tumours to solve unmet needs in the clinical care of
bladder cancer.

The k-means clustering technique recently has been more recognised as a useful tool to
analyse the inhomogeneous distribution of MRI features to assist in radiological diagnostics
[14-18]. Srinivasan [18] concluded that voxel-wise ADC analysis with k-means clustering
could better characterise and differentiate malignant from benign neck pathologies than
whole-lesion mean ADC alone. In bladder cancer, it was also demonstrated that k-means
clustering of voxel-wise pharmacokinetic parameters could characterise the spatial
distribution of microcirculation characteristics in a tumour to facilitate early prediction of
chemotherapeutic response [17]. Therefore, it is of clinical interest to investigate the
diagnostic value of voxel-wise ADC analysis with k-means clustering in the characterisation
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of tumour diffusivity to differentiate malignant tumours from the benign wall thickening of
the urinary bladder.

The aim of this prospective study is to quantitatively assess the heterogeneity of tumour
ADC using voxel-wise analysis to differentiate malignant from benign urinary bladder
tissue. While we use two well-known quantities (U and E) in the histogram analysis, we also
propose the employment of two measurements in the k-means clustering analysis to
characterise the ADC heterogeneity within malignancy versus the benign wall thickening.

Materials and methods

Patient cohort

MR imaging

This study was approved by the institutional review board (IRB) as a phase I clinical trial.
All patients provided informed consent to be enrolled in the study. From May 2010 to May
2013, 19 patients [14 males, 5 females; age (mean * standard deviation): 64 + 9 years] who
had a TURBT and were pathologically diagnosed with muscle-invasive bladder cancer were
included in this data assessment. After TURBT, 17 patients underwent neoadjuvant
chemotherapy (cisplatin-based, 2—3 weeks per cycle). The two other patients did not have
chemotherapy because of their co-morbidity. Subsequently, the 19 patients (17 post-TURBT
and post-chemotherapy and 2 post-TURBT) had an MRI prior to radical cystectomy. The
pathological findings of the cystectomy specimen were correlated with the assessment of
pre-operative MRI data.

Patient MRI examinations were performed on a 3-T multi-transmit system (Ingenia CX,
Philips Healthcare) using a 32-channel phased-array surface coil. Anatomical T2-weighted
MRI (T2W-MRI) was done before diffusion-weighted MRI (DW1).

T2W-MRI was performed with turbo spin echo sequence (TR/TE = 4264/80 ms; matrix =
468 x 380; in-plane FOV = 300 x 340; slice thickness = 3 mm; slice gap = 0.3 mm; number
of slices = 40; number of signal average = 2; echo train length = 19). DWI was performed
with a single-shot echo-planar imaging (ssh-EPI) sequence (TR/TE = 2017/59 ms; matrix =
100/140; in-plane FOV = 220/317; slice thickness = 3.0 mm; slice gap = 0.3 mm; number of
slices = 25; number of signal average = 6; b-values = 0, 333, 667, 1000 s/mm?). Both scans
were in the axial plane.

Voxel-wise ADC analysis

ADC maps were acquired after DWI data acquisition using Philips system software. For
each patient, freehand regions of interest (ROIs) were placed on the whole tumour volume
by a radiologist (Z.K.S) with 15 years of experience on ADC maps to obtain voxel-wise
ADC values of the patient’s tumour. Pathological findings were used as the ground truth to
ensure that ROIs were accurately placed on malignant tumours or benign thickenings. In
addition, anatomical T2W images were used to help the radiologist localise the tumours.
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Implementation of histogram analysis: The analysis was case-based and performed on
Microsoft Excel (Mersion 2013) with the same bin size for all cases. Two quantities,
uniformity (noted as U) and entropy (noted as E), were calculated as follows:

N

U=y (p:)?

=1

N

E=Y p; x logyp;
i=1

where pj s the probability of occurrence in the it bin; N is the total number of bins and
dependent on each data set.

The two quantities characterise the uniformity (U) and the irregularity (E) of voxel ADC
values within a tumour. The more homogeneous voxel-wise ADC values are within the
tumour, the higher U and the lower E are. For the detailed description and formula of U and
E calculation, please refer to the appendix in a comprehensive review by Davnall [10]. Since
U and E depend on the number of ADC values within each bin of a histogram, i.e. the
number of voxels with similar ADC values, these quantities are unit-less.

Implementation of k-means clustering analysis: Previous studies on k-means clustering of
MRI parameters showed that three clusters provided the best characterisation of cancer
tissues [14, 17, 18]. Therefore, we selected k of 3 to perform k-means clustering of voxel-
wise ADC values for each case. The case-based k-means clustering was executed on
Microsoft Excel using a method described in [17] to determined three cluster centres.
Subsequently, two widely used measurements were calculated for each case: (1) mean intra-
cluster distance (MICD), which is the average of the distance from each data point (ADC
value) to its centre cluster; (2) the largest inter-cluster distance (LICD), which is the largest
distance among three cluster centres:

1 3 M;
MICD=x3 "0 > " o —cil, 1)

where Nis the total number of data points in the data set, 7ranges from 1 to 3 and is denoted
for cluster / c;is the centre of cluster / M;is the number of data points in cluster / and x;is
the /%’ data point of cluster /.

LICD=mazizjlc; — cil,  (2)

where cjand cjare the centres of cluster 7and cluster / 7/and jrange from 1 to 3.

MICD and LICD are in the unit of ADC.
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The calculated quantities U, E and MICD, and LICD for each case were then correlated to
the pathological findings of the patient’s cystectomy specimen.

In addition, mean ADC values were also evaluated to compare their diagnostic value with
that of the four quantities in the patient population of this study.

Statistical analysis

Results

The values of uniformity, entropy, MICD, and LICD as well as mean ADC were summarised
using descriptive statistics (i.e. mean and standard deviation) for patients with benign lesions
or malignant tumours, respectively. Kolmogorov-Smirnov test has been used to check for
normality. Those values were also compared between patients with benign lesions and
patients with malignant tumours using a two-sample t-test. A commercial statistical package
(SAS for Windows® Version 9.3; SAS Institute Inc., Cary, NC, USA) was used for statistical
analysis. £< 0.05 was considered statistically significant.

Pathological findings

According to the cystectomy pathological reports, 8 out of 19 patients were found to have
chronic inflammation or reactive changes after the initial treatments (TURBT only or both
TURBT and neoadjuvant chemotherapy) and were negative for malignancy. Of the eight
patients, one patient was not treated with neoadjuvant chemotherapy (as described in the
methods) and had no tumour in the cystectomy specimen.

Pathological examination found the presence of carcinoma in the other 11 cases. One patient
was only treated with TURBT and did not receive neoadjuvant chemotherapy. In three
patients, malignancy locations were identified continuously in multiple sites (left, right,
anterior, and posterior) of the bladder wall. Three were found with malignancy on the
anterior or dome aspects of the bladder. Three other patients had a malignant tumour in the
trigone area. Malignancy was found in the anterior wall in one case and in the left wall in the
other.

Correlation of malignancy with heterogeneity degree

Table 1 lists the mean value and standard deviation for each quantity in the groups of
malignant and benign cases.

Compared to benign bladder wall thickening, malignant tumours had a significantly lower U
(P=0.016) and higher E (P= 0.005). Figure 1 shows the box plots that demonstrate the
differences of U and E in malignant versus benign lesions. Correlation with U implied that
the ADC values were more uniform from voxel to voxel in benign lesions. Similarly,
correlation with E indicated that voxel-based ADC values were more irregular in
malignancies. These two correlations were in agreement and both suggested that malignant
tumours had a significantly higher degree of heterogeneity in voxel-based ADC values, i.e. a
higher level of heterogeneity in micro-cellularity.
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The analysis with k-means clustering gave the result that malignant tumours had
significantly higher MICD (£ < 0.001) and LICD (P = 0.002) than benign lesions. Figure 2
shows the box plots of the MICD and LICD in the malignant and benign groups. The
difference in MICD demonstrated that voxel-wise ADC values of benign lesions were
significantly more compact in a cluster than those of malignant tumours. The LICD
difference showed that the three clusters of voxel-wise ADC values in a malignancy were
more spread out from each other. These results also demonstrated that voxel-wise ADC
distribution was more heterogeneous in malignant tissues.

The two different analysis approaches both showed that malignancies had higher level of
ADC heterogeneity than benign bladder wall thickening. The statistical analysis indicated
that the quantities measured by k-means clustering were more robust in differentiating
malignant from benign lesions.

Meanwhile, no significant differences (all > 0.1) in mean ADC value and in the size as
well as the number of voxels were found between malignant and benign lesions.

Visualisation of heterogeneity

The grey-scaled or colour-coded ADC maps could visually show the heterogeneity of ADC
within tumour tissues (Figs. 3 and 4). On ADC maps, it was seen that ADCs varied voxel by
voxel within a lesion. However, the difference in the degree of heterogeneity was not always
visually seen without quantitative assessment. Figure 3 illustrates an example in which the
difference in the degree of ADC heterogeneity between a malignant tumour and a benign
lesion could be visualised using ADC maps. The malignancy shown on Fig. 3 consisted of
voxels in a spectrum of red (higher ADC) to blue (lower ADC) while the benign lesion was
mainly composed of red voxels. From this observation, it can be concluded that voxel-wise
ADCs were more heterogeneous in the malignancy. Figure 4 illustrates another example in
which the degree of heterogeneity was visually seen to be similar between malignant and
benign lesions and only the quantification using the four parameters U, E and MICD, LICD
could show the difference in the degree of heterogeneity.

Discussion

As tumoral tissue is heterogeneous with respect to a variety of micro-environmental
characteristics including the micro-vasculature and micro-cellularity, it is of high clinical
importance to establish surrogate markers of the heterogeneity in these characteristics. In
this study, we employed two widely used measurements (U and E) in histogram analysis and
introduced two quantities (MICD and ULICD) in the k-means clustering method to quantify
the heterogeneity in micro-cellularity within a bladder tumour. Our data have shown that all
four quantities could become a potential biomarker for distinguishing a bladder malignancy
from the benign wall thickening. MICD calculated from k-means clustering provided the
best characterisation with a significant difference of £< 0.001 between malignant and
benign groups.

After initial treatments including TURBT and neoadjuvant chemotherapy, the bladder has
reactive changes with concomitant acute, chronic, and granulomatous inflammation. These
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changes cause bladder wall thickening that can be misdiagnosed as residual or recurrent
cancer. This may interfere with the diagnosis using cystoscopy [4], CT [2], or MRI [6, 19].
Thus, there is a critical need to distinguish the treatment-induced benign thickening from
bladder malignancy. A previous study showed that 3-T dynamic contrast-enhanced MRI
(DCE-MRI) can be helpful in visually localising malignant tumours within the bladder wall
thickening [20]. Our study provided a different perspective on characterising bladder
malignancy, which is not always appreciated by the naked eye. As illustrated in the results,
the difference in the level of heterogeneity, which is difficult to perceive visually, can be
demonstrated by using a quantitative readout. The utility of the four measurements (U, E
from the histogram, and MICD, LICD from k-means clustering) could provide radiologists
with critical additional information for the cancer diagnosis.

A number of studies have applied quantitative measurement of ADC in the diagnosis of
bladder cancer [21-27]. These studies showed that there was correlation of tumour ADC
with the histological grade [27], stage [25], and invasive and proliferative potential [24] of
the bladder tumour. However, these studies only acquire simple statistics of tumour ADC
such as the mean of the whole tumour volume or only part of the tumour. These assessments
neglect the heterogeneous distribution of ADC among voxels of the whole tumour. The
study by Daggulli [21] assessed the difference in mean ADC between benign and malignant
lesions in 45 bladder patients and did not find statistical significance in mean ADC in this
patient population, which is in agreement with the findings in our study. A recent study by
Suo [28] applied histogram analysis to differentiate bladder cancer from benign lesions and
assess tumour stage and found significant differences in skewness and kurtosis. Although the
study demonstrated the value of histogram analysis, the findings were not consistent because
they obtained two different ADC values associated with two different b-values. In our study,
curve fitting of signal intensities with four different b-values was used to obtain only one
ADC value for each voxel. Our voxel-based analyses using histogram and k-means
clustering were found to have statistical significance in all quantities between malignant and
benign lesions.

The four different quantities characterise different aspects of the inhomogeneous distribution
of ADC values among voxels within the entire tumour. While U and E are widely used to
describe the uniformity and irregularity, which reflect the heterogeneity, of data points
within the data set, no studies have used the two k-means clustering quantities for
heterogeneity description. However, it is well known that MICD shows the compactness of
data points within clusters and that LICD demonstrates the separation among clusters.
Therefore, we have proposed using these two quantities in the assessment of heterogeneity
and demonstrated that the findings with MICD and LICD were in agreement with the results
on U and E differences to consistently show that malignant tissues had a significantly higher
degree of heterogeneity than benign lesions.

A limitation in this study is that the number of patients is not large. However, in this phase |
study, we have demonstrated the potential of the methodology and the need for further
investment in the research to enhance its statistical significance. With a larger patient
population, further statistical analysis including ROC curve analysis can be done to
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demonstrate the accuracy of using the proposed quantities as a biomarker in the
identification of bladder malignancy.

In conclusion, this study has shown that non-invasive quantification of ADC heterogeneity
using histogram analysis and k-means clustering is a valuable assessment to characterise
malignancy in the urinary bladder. The four quantities acquired from these voxel-based
analyses have the potential to be a biomarker to differentiate malignancy from benign
bladder wall thickening induced by TURBT or neoadjuvant chemotherapy.
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Key Points
Heterogeneity is an intrinsic characteristic of tumoral tissue.

Non-invasive quantification of tumour heterogeneity can provide adjunctive
information to improve cancer diagnosis accuracy.

Histogram analysis and k-means clustering can quantify tumour diffusion
heterogeneity.

The quantification helps differentiate malignant from benign urinary bladder
tissue.
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Differences in LICD (/eff) and MICD (right) between malignant vs. benign tissues
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Fig. 3.

AI?)C heterogeneity in a malignancy (/ef?) vs. a benign lesion (right). Grey scaled ADC maps
are shown in the upper row, colour-coded ADC maps in the lower row. Colour scale is
shown next to colour ADC maps. Red contours depict the ROIs placed on the lesions.
Malignant: U = 0.053; E = 4.44; MICD = 185.5 (102 mm?/s); LICD = 1150.0 (x 1072
mm?/s). Benign: U = 0.078; E = 3.98; MICD = 144.4 (x 1079 mm?/s); LICD = 749.0 (x 10~°
mm?2/s)

Eur Radjol. Author manuscript; available in PMC 2018 May 01.



1duosnue Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Nguyen et al. Page 14

Malignant

Fig. 4.

AI?)C heterogeneity in a malignancy (/ef?) vs. a benign lesion (righf). Shown here are grey-
scaled ADC maps in the upper row, colour-coded ADC maps in the fower row. Red contours
illustrate the ROIs placed on the lesions. Malignant: U = 0.062; E = 4.25; MICD = 159.4(x
1079 mm?/s); LICD = 986.5 (x 10~ mm?2/s). Benign: U = 0.088; E = 3.72; MICD = 112.3 (x
1079 mm?/s); LICD = 664.5 (x 1079 mm?/s)
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Table 1

The mean value and standard deviation of each quantity for the malignant and benign groups

Quantity  Malignant Benign P value
(Mean * Standard Deviation)  (Mean = Standard Deviation)

U 0.07 £0.01 0.09 +0.02 0.016
418 +£0.18 3.81+0.31 0.005

MIcD*  162.3£16.4 122.6 +22.0 <0.001

LicD* 948311200 732.0 £ 1443 0.002

+The units is (><1O_9 mmzls)
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