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Abstract

Purpose: The purpose of the study is to determine the
feasibility of using computed tomography-based texture
analysis (CTTA) in differentiating between urothelial
carcinomas (UC) of the bladder from micropapillary
carcinomas (MPC) of the bladder.
Methods: Regions of interests (ROIs) of computerized
tomography (CT) images of 33 MPCs and 33 UCs were
manually segmented and saved. Custom MATLAB code
was used to extract voxel information corresponding to
the ROI. The segmented tumors were input to a pre-
existing radiomics platform with a CTTA panel. A total
of 58 texture metrics were extracted using four different
texture extraction techniques and statistically analyzed
using a Wilcoxon rank-sum test to determine the
differences between UCs and MPCs.
Results: Of the 58 texture metrics extracted using the
gray level co-occurrence matrix (GLCM) and gray level
difference matrix (GLDM), 28 texture metrics were
statistically significant (p < 0.05) for differences in
tumor textures and 27 texture metrics were statistically
significant (p < 0.05) for peritumoral fat textures. The
remaining nine metrics extracted using histogram and
fast Fourier transform analyses did not show significant
differences between the textures of the tumors and their
peritumoral fat.
Conclusions: CTTA shows that MPC have a more
heterogeneous texture compared to UC. As visual
discrimination of MPC from UC from clinical CT scans
are difficult, results from this study suggest that tumor
heterogeneity extracted using GLCM and GLDM may
be a good imaging aid in segregating MPC from UC.
This tool can aid clinicians in further sub-classifying

bladder cancers on routine imaging, a process which has
potential to alter treatment and patient care.
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Bladder cancer is the fourth most common cancer in
men, affecting men at four times the rate than affecting
women. There will be estimated 62,380 new cases of
bladder cancer in men and 18,810 new cases in women
for the year 2018 with estimated 17,240 deaths [1]. The
majority of bladder cancers are urothelial type cancers in
the United States and in Europe, but in Africa where
there is a high prevalence of Schistosomiasis, squamous
cell carcinoma of the bladder is more common [2, 3].

Micropapillary carcinomas of the bladder (MPCs) are
a subset of urothelial carcinomas (UCs) characterized by
a histology of tight clusters of micropapillary cells often
present in lacunae. Compared to other UC variants,
MPCs are known to have a more aggressive clinical
course and are associated with a more advanced stage at
patient presentation, and consequently, poorer prog-
noses [4]. Estimates of the incidence of micropapillary
carcinoma vary due to its relative rarity, but it is thought
to represent up to 8.2% of all UCs [5]. The percentage of
the micropapillary component is known to be inversely
correlated with prognosis after Bacillus Calmette–Guerin
(BCG) therapy, and one study showed that the MPC
variant had a five-year survival rate of 73% as compared
to similar high-grade UCs of 92.5% [6]. Due to these
poor survival rates, some authors advocate more
aggressive therapy such as radical cystectomy upon dis-
covery of micropapillary variants to improve survival
rates [7]. However, even as of 2014, there is a great degree
of variability in the approaches of treating MPCs, asCorrespondence to: Ting-wei Fan; email: tingweif@usc.edu
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shown by a national survey of urologists and patholo-
gists conducted by Willis et al. [8]. Regardless of the
precise treatment strategy, it is clear that earlier detection
of MPC subtype would improve patient outcomes com-
pared to later detection.

MPCs are indistinguishable from UCs on direct
visualization (i.e., during cystoscopy) and on standard
diagnostic CT scans, and pathological examination of a
biopsied specimen remains the gold standard for diag-
nosis [9]. Radiomics, defined as high throughput
extraction of imaging features derived from the physical
properties of tumors on standard-of-care imaging, and
its applications, has been applied to improve diagnostic
accuracy as well as potentially impact prognostication
from clinical imaging studies. Its use has been demon-
strated in a variety of different fields including in the
assessments of breast cancers, pleural lesions, gliomas,
renal cell carcinomas, and prostate cancers [10–15].
Computed tomography-based texture analysis (CTTA)
might be able to improve the diagnostics accuracy of
imaging. Specifically, the extraction of features from CT
images like tumor texture, using data characterization
algorithms developed to extract multiple features using
different methods, can allow the conversion of collec-
tions of digital radiologic images into mineable data that
can be used to quantify bladder tumor behavior and
heterogeneity, and aid in identifying the differences in the
characteristics of MPCs and UCs.

Studies by Chen et al. and Varghese et al. have shown
success in using radiomic analysis to extract quantitative
features of renal tumors from clinical standard-of-care
CT studies [11, 16, 17]. In this study, we set out to apply
the previously used CTTA panel to characterize bladder
carcinomas and examine its utility in segregating MPCs
from UCs and potentially provide clinicians with a useful
diagnostic tool in the management of these patients.

Materials and methods

This study complied with Health Insurance Portability
and Accountability Act and was approved by the insti-
tutional review board of our institution.

CT data collection, mapping regions of interests
(ROIs), and image processing

79 patients with pathologically diagnosed MPC at cys-
tectomy between 1986 and 2015 were identified from a
urology database. Patients with CT scans with no digital
images or those with incomplete evaluation or with
images without contrast enhancement were not included.
A fellowship-trained, experienced abdominal radiologist
reviewed the imaging of the remaining 33 patients with
MPC. The studies were transferred to a dedicated
workstation, and Synapse 3D (Fuji Film, Stamford, CT)

was used for manual segmentation. Regions of interests
(ROIs) were manually drawn for the MPC tumor,
perivesicular tissues adjacent to the tumor, normal
bladder wall, and normal perivesicular fat. In addition,
images of 33 patients with UCs were also analyzed using
the same technique for comparison. The DICOM for-
matted CT images were converted into NIfTI volumes.
Custom MATLAB code was used to extract voxel data
corresponding to the ROI. 2D CTTA was conducted on
the orientation that provided the largest tumor diameter
of the tumor ROI. The segmented tumor images were
used as inputs to the CTTA panel of a pre-existing
radiomics workflow assessing tumor behavior. We eval-
uated four different types of texture extraction tech-
niques, namely,

(a) histogram analysis (derives first order statistical
measures of texture, where only information
regarding the gray-level intensity of the pixel is
used),

(b) gray-level co-occurrence method (GLCM),
(c) gray-level difference method (GLDM), and
(d) fast Fourier transform methods (FFT).

The latter 3 represent second-order statistical mea-
sures of texture, where information regarding the gray-
level intensity and their spatial orientation in the image is
used. Application of our CTTA panel has been described
in previous studies [11, 16, 18], and is summarized in
figure (Figs. 1, 2, 3, 4, Table 1).

Statistical method

The purpose of this study is to explore potential novel
imaging markers to differentiate MPCs from UCs. We
selected the imaging marker based on the difference be-
tween MPCs and UCs. When data were normally dis-
tributed, such difference was defined by the mean of each
imaging marker. When data were not normally dis-
tributed, such difference was defined by the mean rank-
ing score of each imaging marker. The data normality
was examined by Shapiro–Wilk test and D’Agostino’s K2

test. If both showed normal distribution, the parametric
method t test was used. If one of them rejected the
normal distribution, the Wilcoxon ranking score trans-
formation was used and followed by a Wilcoxon rank-
sum test. Whisker box-plot was used to illustrate the
distribution as well as the distance of each imaging
marker between MPCs and UCs. To identify robust
markers, which were less likely driven by false discovery
from multiple comparisons, Bonferroni Step-down
(Holm) correction was used. All data analyses were
conducted by SAS 9.4.
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Results

33 pathologically verified MPCs and 33 pathologically
verified UCs were included in our final study. 14 of 33
UCs were muscle invasive, whereas 31 of 33 MPCs were
muscle invasive. Of the 58 texture metrics tested, 28
texture metrics were significant (p < 0.05) for differences
between UC and MPC tumor characteristics, and 27
texture metrics were significant (p < 0.05) for differ-
ences between UC and MPC peritumoral fat character-
istics.

Tumor texture characteristics demonstrated signifi-
cant differences (p £ 0.01) in specific GLDM metrics
between UCs and MPCs: inverse difference of moment
mean (UC: 0.12 ± 0.03, MPC: 0.01 ± 0), sum of average
(UC: 8.07 ± 2.1, MPC: 19.41 ± 2.12), difference of
average (UC: - 21.25 ± 19.39, MPC: - 6.7 ± 2.83),
information measure of correlation mean (UC:
0.37 ± 0.11, MPC: 0.58 ± 0.12).

Peritumoral fat texture characteristics also demon-
strated significant differences in specific GLDM metrics
between UCs and MPCs: difference in entropy (UC:
2.52 ± 0.28, MPC: 20.8 ± 0.24), information measure of
correlation mean (UC: 0.35 ± 0.09, MPC: 0.67 ± 0.11),
inverse difference of moment mean (UC: 0.12 ± 0.03,
MPC: 0.01 ± 0.01), and sum of average (UC:
8.39 ± 1.73, MPC: 17.93 ± 2.83).

Discussion

While visual characterization of bladder tumors on
clinical imaging may provide suggestions to the diagno-
sis, it is subject to interobserver variability. In addition,
there is often a lack of diagnostic confidence in the visual
qualification of imaging data to distinguish the two.
Here, we evaluated the utility of CTTA in differentiating

MPC from UC. Radiomics is an emerging technique
used to extract additional information from diagnostic
clinical imaging. From recognizing phenotypes of breast
cancer and lung cancers to the differentiation between
benign and malignant pancreatic neoplasms, radiomics
have been used to distinguish the characteristics of
masses not differentiated on visual qualitative evaluation
[15, 19, 20]. Using radiomics, defined as high throughput
extraction of imaging features derived from the physical
properties of the tumors on standard-of-care imaging, we
can extract some quantifiable measures to aid in our
understanding of disease processes in the human body
[18–22].

In this study, we investigated the usefulness of using
CTTA to differentiate UC and MPC. We found that
there were significant differences between texture char-
acteristics both in the primary tumor as well as the per-
itumoral/perivesicular fat that correlate the more
aggressive MPC with an increase in heterogeneity of the
tumor compared with UC. Of interest, a few GLDM
texture metrics of the tumor (inverse difference of mo-
ment mean, sum of average) were able to use quantita-
tively and distinctly segregate UCs from MPCs, and
some GLDM texture metrics of the peritumoral fat
(difference of entropy, information measure of correla-
tion mean) were also able to differentiate UCs from
MPCs. We could not identify published literature on
texture evaluation of MPC, although one study by Xu
et al. developed an algorithm using 13 radiomic features
to predict muscle invasiveness of bladder cancer on MRI
and another study by Zhang et al. demonstrated feasi-
bility of using CTTA to differentiate low-grade urothelial
carcinoma from high-grade urothelial carcinoma [23, 24].
Additionally, Choi et al. proposed the feasibility of using
image-based grading of bladder carcinomas, while

Fig. 1. Workflow of extraction information for CTTA.
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Mammen et al. associated heterogeneity, both qualita-
tively and quantitatively, of upper tract urothelial car-
cinomas with a higher grade and stage of disease [25, 26].
Multiple prior clinical studies report that an increased
proportion of micropapillary component of MPC leads
to poorer prognosis and a higher risk of being more
invasive during the time of presentation [13, 27–29]. Due
to the differing types of cells in the MPC and the dif-
fering percentages of micropapillary components in
MPC, we hypothesize that this biological phenomenon
can contribute to the increase in heterogeneity that we
found in our study. If this type of heterogeneity can be
detected on standard-of-care CT scans, radiomic analy-
ses could provide an objective assessment on the rela-
tionship between imaging-based intra-tumoral

heterogeneity and physiological phenomena such as tu-
mor grade, biological pathways, and even prognosis.
Such pertinent information, from radiologic scans, par-
ticularly in scenarios of a high index of suspicion for
MPC, could influence the clinician to expedite surgery,
or even influence the surgeon to more readily offer early
cystectomy or to be more aggressive with resection of the
mass by taking a deeper detrusor sampling. As a pilot
study, our results demonstrated the feasibility of using
radiomics to distinguish between UCs and MPCs, which
could result in a decrease in mortality and morbidity of
patients with MPCs.

Considering that our quantitative imaging metrics are
purely based on the manually segmented inputs of the
tumors, these findings, if validated could be translat-

Fig. 2. A76-year-oldmale patient with provenMPCvariant of
muscle-invasive urothelial bladder carcinoma. Regions of
interest (in green) were segmented by a fellowship-trained
radiologist. A MPC variant of urothelial carcinoma in the right

posterolateral urinary bladder wall.B Peritumoral perivesicular
fat in a case of a muscle-invasiveMPC.CNormal urothelium in
the same patient (confirmed on cystoscopy and biopsy).
D Perivesicular fat adjacent to normal bladder wall.
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able to other radiologic scans beyond CT, to both 2D
and 3D scans and, could be extended to study tumors at

other sites in the body. Following large-scale validation,
our radiomics framework could provide a solution to

Fig. 3. A Whisker box-plot showing the inverse difference
moment mean (IDM) of the tumor. MPC (mean: 0.01,
standard deviation: 0.00) and UC (mean: 0.12, standard
deviation: 0.03) with a p value < 0.01. IDM is a measure of
the local homogeneity of an image. IDM feature obtains the
measures of closeness of the distribution of the GLDM
elements to the GLDM diagonal. B Whisker box-plot showing
the sum average (sumAve) of the tumor. MPC (mean: 19.41,
standard deviation: 2.12) and UC (mean: 8.07, standard
deviation: 2.10) with a p value < 0.01. Sum average is a
measure of the local heterogeneity of an image. High sumAve
values indicate greater heterogeneity. C Whisker box-plot

showing difference average (diffAve) of the tumor. MPC
(mean: - 6.70, standard deviation: 2.83) and UC (mean:
- 21.2, standard deviation: 19.39) with a p value < 0.01.
Difference average is a measure of the local heterogeneity of
an image. High diffAve values indicate greater heterogeneity.
D Whisker box-plot showing the information measure of
correlation 2 mean (IMC2) of the tumor. MPC (mean: 0.58,
standard deviation: 0.12) and UC (mean: 0.37, standard
deviation: 0.11) with a p value < 0.01. IMC2 is a measure of
the local heterogeneity of an image. IMC2 feature obtains the
measures of the non-linearity of the grayscale values to its
neighbors.
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assess intra-tumoral heterogeneity with minimal inter-
ruption to the current clinical workflow.

This study had some limitations. First, the small
sample size of 33 was limited by the relative rarity of the

incidence of MPCs, but our study size is comparable to
most studies being conducted recently on MPCs. Chat-
terjee et al. analyzed clinical, morphological, and
immunohistochemical profiles of MPCs with seven pa-

Fig. 4. a Whisker box-plot showing the difference in entropy
(diffENT) of the peritumoral fat. MPC (mean: 2.08, standard
deviation: 0.24) and UC (mean: 2.52, standard deviation:
0.28) with a p value < 0.01. DiffENT is a measure of the local
homogeneity of an image. High diffENT values indicate
greater homogeneity. B Whisker box-plot showing the
information measure of correlation 2 mean (IMC2) of the
peritumoral fat. MPC (mean: 0.67, standard deviation: 0.11)
and UC (mean: 0.35, standard deviation: 0.09) with a
p value < 0.01. IMC2 is a measure of the local
heterogeneity of an image. IMC2 feature obtains the
measures of the non-linearity of the grayscale values to its

neighbors. C Whisker box-plot showing the inverse difference
moment mean (IDM) of the peritumoral fat. MPC (mean: 0.01,
standard deviation: 0.01) and UC (mean: 0.12, standard
deviation: 0.03) with a p value < 0.01. IDM is a measure of
the local homogeneity of an image. IDM feature obtains the
measures of the closeness of the distribution of the GLDM
elements to the GLDM diagonal. D Whisker box-plot showing
the sum average (sumAve) of the peritumoral fat. MPC
(mean: 17.93, standard deviation: 2.83) and UC (mean: 8.39,
standard deviation: 1.73) with a p value < 0.01. Sum
average is a measure of the local heterogeneity of an
image. High sumAve values indicate greater heterogeneity.
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tients [30]. Many groups have studied the prognosis and
differing therapies with 14 MPC patients [6], 17 MPC
patients [31], and 33 MPC patients [7]. One of the larger
MPC studies studying survival was conducted by Fer-
nandez et al. and Willis et al. with 103 and 283 MPC
patients, respectively [32]. Additionally, the study would
have benefited from standardization of CT scanners and
scanning protocols that were used in studies that were
compared. Of our study set of 33 MPCs and TCCs, 31 of
33 MPCs were muscle invasive while only 14 of 33 TCCs
were muscle invasive. This is due to the fact that some of
the patients had invasive carcinomas diagnosed via trans-
urethral bladder resection, but did not show invasive
components after radical cystectomy, and others had
received neoadjuvant chemotherapy as well. This could
represent a selection bias that could affect the results of
our study. In the future, our results would have to be
validated with a larger data set.

Conclusion

In conclusion, we found significant differences in texture
metrics between UC and MPC, which may indicate in-
creased heterogeneity of MPC compared with UC. As a
proof of concept, this illustrates that texture analysis of
contrast-enhanced CT images can be developed to
quantitatively distinguish between different types of tu-
mors. Further areas of research with larger sample sizes
and expansion of radiomic analysis to other types of
tumors are needed.
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