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OBSERVATIONAL STUDY

Assessment of Invasive Breast Cancer Heterogeneity Using
Whole-Tumor Magnetic Resonance Imaging
Texture Analysis

Correlations With Detailed Pathological Findings

Eun Sook Ko, MD, Jae-Hun Kim, PhD, Yaeji Lim, PhD, Boo-Kyung Han, MD,
Eun Yoon Cho, MD, and Seok Jin Nam, MD

Abstract: There is no study that investigates the potential correlation
between the heterogeneity obtained from texture analysis of medical
images and the heterogeneity observed from histopathological findings.
We investigated whether texture analysis of magnetic resonance images
correlates with histopathological findings.

Seventy-five patients with estrogen receptor positive invasive ductal
carcinoma who underwent preoperative breast magnetic resonance
imaging (MRI) were included. Tumor entropy and uniformity were
determined on T2- and contrast-enhanced T1-weighted subtraction
images under different filter levels. Two pathologists evaluated the
detailed histopathological findings of the tumors including tumor
cellularity, dominant stroma type, central scar, histologic grade, exten-
sive intraductal component (EIC), and lymphovascular invasion.
Entropy and uniformity values on both T2- and contrast-enhanced
T1-weighted subtraction images were compared with detailed patho-
logical findings.

In a multivariate analysis, entropy significantly increased only on
unfiltered T2-weighted images (P =0.013). Tumor cellularity and
predominant stroma did not affect the uniformity or entropy on both
T2- and contrast-enhanced T1-weighted subtraction images. High
histologic grades showed increased uniformity and decreased entropy
on contrast-enhanced T1-weighted subtraction images, whereas the
opposite tendency was observed on T2-weighted images. Invasive
ductal carcinoma with an EIC or lymphovascular invasion only
affected the contrast-enhanced T1-weighted subtraction images,
through increased uniformity and decreased entropy. The best
uniformity results were recorded on T2- and contrast-enhanced
T1-weighted subtraction images at a filter level of 0.5. Entropy showed
the best results at a filter level of 0.5 on contrast-enhanced T1-weighted
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subtraction images. However, on T2-weighted images, an ideal model
was achieved on unfiltered images.

MRI texture analysis correlated with pathological tumor hetero-
geneity.

(Medicine 95(3):¢2453)

INTRODUCTION

T exture analysis refers to the characterization of regions in an
image by their texture content. Tissue characterization is
based on the spatial distribution and signal intensity of each
pixel in the area, interpreted through the calculation of math-
ematical texture features.'

To date, numerous studies have conducted texture analyses
across a variety of clinical settings using different imaging
modalities and on a wide range of organs.”™* Many of these
have typically been performed for the characterization of
lesions in different organs. For example, Son et al observed
significantly reduced uniformity and increased entropy in an
incremental manner from adenocarcinomas in situ to minimally
invasive adenocarcinomas, and entropy was found to be an
independent predictor for invasive adenocarcinoma from both
univariate and multivariate analyses.’ In general, increased
heterogeneity (higher entropy and lower uniformity) is associ-
ated with malignancy in nonsmall cell lung cancer,’ colorectal
cancer,” and renal cell cancer.® In breast imaging, texture
analysis using magnetic resonance imaging (MRI) has been
used to detect microcalcifications,” to differentiate between
benign and malignant lesions'®~'? or between invasive ductal
and invasive lobular carcinomas,'® and to predict response to
neoadjuvant chemotherapy.'*'>

Breast cancer is a highly heterogeneous disease that
exhibits various morphologies, responses to therapy, and
patient outcomes. Pathologically, heterogeneity is a well-
recognized feature of malignancy that reflects areas of high
cell density, necrosis, hemorrhage, and myxoid changes.'¢
Based on the findings from previous studies, we questioned
whether tumor heterogeneity obtained from MRI texture
analysis correlates with tumor heterogeneity observed from
histopathological findings including the tumor grade, tumor
cellularity, and dominant stroma types. However, to the best of
our knowledge, no previous studies have investigated the
potential correlation between the heterogeneity obtained from
texture analysis of medical images and the heterogeneity
observed from histopathological findings. If texture analysis
is validated as a feasible tool for evaluating tumor heterogen-
eity by reflecting pathological tumor heterogeneity, we could
use this information to predict patient outcomes, monitor
treatment responses, and to assist in the progression of
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individualized therapy without the need of additional imaging
or invasive procedures.

Therefore, the aim of this study was to investigate whether
whole-tumor texture analysis of MRI on T2- and contrast-
enhanced Tl1-weighted subtraction images correlates with
histopathological heterogeneity.

MATERIALS AND METHODS

Patients

Institutional Review Board approval with waiver of
informed consent was obtained for this study.

Between October 2013 and February 2014, we obtained
the histopathological results of 261 invasive breast carcinomas.
We intended to evaluate the effect of texture parameters in a
homogeneous condition to exclude the effects of other factors
that could potentially influence texture values such as molecular
subtype, MRI findings, and pathological type. Therefore, the
lesions included in the study were restricted to those that met the
following criteria: (1) estrogen receptor (ER)-positive breast
cancer (ie, estrogen or progesterone receptor-positive and
human epidermal growth factor receptor 2 [HER2]-negative);
(2) the final pathological diagnosis was an invasive ductal
carcinoma not otherwise specified (IDC NOS); and (3) pre-
sented as a mass on MRI. We identified 210 invasive breast
cancers that met these criteria. We excluded cases in which MRI
was performed after diagnosis by vacuum-assisted biopsy or
excisional biopsy (n=18). Patients treated with neoadjuvant
chemotherapy (n=7) and those who underwent breast MRI
using a 3-T scanner (n=110) were also excluded. Finally, 75
cancers from 75 women aged 26 to 78 years (mean, 51 years)
were included in this study.

MRI Protocol

The MRIs for the subjects considered for inclusion in this
retrospective study were performed using a 1.5-T Achieva
scanner (Philips Medical Systems, Best, The Netherlands) with
a dedicated bilateral phased array breast coil. Images of both
breasts were acquired with the patient in the prone position.
MRI examination consisted of turbo spin-echo T1- and T2-
weighted sequences, and a 3-dimensional dynamic contrast-
enhanced (DCE) sequence. The imaging parameters for the T2-
weighted images were as follows: TR/TE, 3800/120; slice
thickness, 1.5 mm; matrix size, 376 x 358 pixels; and field of
view, 30cm. The DCE-MRI scans utilized the following
parameters: TR/TE, 6.5/2.5; slice thickness, 1.5 mm; flip angle,
10°; matrix size, 376 x 374; and field of view, 32cm x 32cm.
DCE-MRI was performed using axial imaging, with 1 precon-
trast and 6 postcontrast dynamic series. Contrast-enhanced
images were acquired at 30, 90, 150, 210, 270, and 330 s after
contrast injection. Image subtraction was performed after the
dynamic series. A 0.1 mmol/kg bolus of gadobutrol (Gadovist;
Bayer Healthcare Pharmaceutical, Berlin, Germany) was
injected followed by a 20 mL saline flush.

Assessment of MR Imaging Heterogeneity

The T2- and contrast-enhanced T1-weighted subtraction
MRIs were retrieved from the Picture Archiving Communi-
cation System and loaded to a workstation for further texture
analysis. Subtraction images from contrast-enhanced images at
90 s to pre-enhanced images were selected for this study. The
MR images were reviewed by 1 study radiologist with 9 years of
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experience in breast MRI who was blinded to the clinical and
pathological findings but was aware of the IDC diagnosis. A
region of interest (ROI) was drawn around the entire visible
tumor on T2- and contrast-enhanced T1-weighted subtraction
images. The ROI was drawn as large as possible to avoid a
partial volume effect. Tumor size (the largest diameter of the
tumor) was measured in the first phase of the contrast-enhanced
MRI acquisition. In the case of multifocal or multicentric
disease, the largest tumor was selected as the index cancer.

After the ROIs were defined, a researcher with 7 years of
experience in image analysis who was also blinded to the
clinical and pathological results performed the texture analysis.
We applied Gaussian spatial filters onto the images to focus on
different pixel sizes. Filters 0.5 to 1.0 highlighted fine-texture
features (2 and 4 pixels), filters 1.5 to 2.0 highlighted medium-
texture features (6 and 10 pixels), and a filter of 2.5 highlighted
coarse-texture features (12 pixels). The effect of filtration, by
highlighting larger pixels, has been hypothesized to accentuate
the contribution of the vasculature to texture features
(Figure n.s

Voxel intensities within manually defined ROI were
resampled to yield a finite range of values using the following
equation:

I(x) — min(ROI)
max(ROI) — min(ROI) + 1

V(x) = 2°

where 2° represents the number of discrete values (in this study,
s =8), I is the intensity of the original T1- or T2-weighted MR
images, min (ROI) is the minimum intensity value within ROI,
and max (ROI) is the maximum intensity value within ROL
Heterogeneity within the ROI was quantified with and without
image filtration, calculating entropy (irregularity) and uniform-
ity (distribution of gray level).® Entropy is a measure of texture
irregularity, whereas uniformity reflects how close the image is
to a uniform distribution of the gray levels: higher entropy
and lower uniformity represent greater heterogeneity (Figures 2
and 3).® Entropy and uniformity were defined using the follow-
ing equations:

n
Entropy = fZP( V)log,P(V)
I=1

and
n

Uniformity = Y _[P(V)]?
1=1

where V is the resampled gray level with factor of 8, ranging
from O to 255, and P(V) is the gray level occurrence probability.
To analyze texture features on magnetic resonance images in a
tumor region, custom software was implemented using
MATLAB R2009a (The Mathworks, Natick, MA).

Pathological Analysis

For this study, 2 experienced pathologists, who were
blinded to the texture values, retrospectively evaluated the
following features in consensus: (1) tumor cellularity (%),
(2) predominant stroma component, and (3) presence of central
scar. The tumor size, the histologic grade, the presence of
extensive intraductal component (EIC), and lymphovascular
invasion were also evaluated. The method to quantify
tumor cellularity has been described previously.'”'
Collagen-dominant stroma was defined as the stroma comprised
of broad bands of eosinophilic, hyalinized collagen.

Copyright © 2016 Wolters Kluwer Health, Inc. All rights reserved.
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FIGURE 1. Axial contrast-enhanced T1-weighted subtraction images show an example of texture analysis using different filter levels in a
67-year-old woman with a 36-mm invasive ductal carcinoma of the right breast: (A) conventional image without filter; (B) at a filter level of

0.5; (C) at a filter level of 1.5; (D) at a filter level of 2.

Fibroblast-dominant stroma was defined as stroma containing
randomly oriented immature collagen in a myxoid background.
The carcinomas with desmoplasia were classified into the
fibroblastic stroma group. Lymphocyte-dominant stroma was

C

predominantly composed of lymphocytes. A central scar was
defined as a characteristic tumor stroma with scar-like features
or a radiating fibrosclerotic core surrounded by invasive ductal
carcinoma cells.'
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FIGURE 2. Axial magnetic resonance images show an example of texture analysis in a 50-year-old woman with an invasive ductal
carcinoma of the right breast. Pathology revealed histologic grade 3 tumor exhibiting 90% cellularity, EIC, and lymphovascular invasion.
(A) Axial contrast-enhanced T1-weighted subtraction image shows an 18-mm irregular mass. (B) Histogram obtained from entire tumor
on contrast-enhanced T1-weighted subtraction image presents uniformity and entropy. (C) T2-weighted image at the same level as (A).
(D) Histogram obtained from entire tumor on the T2-weighted image exhibits uniformity and entropy. EIC = extensive intraductal

component.
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FIGURE 3. Axial magnetic resonance images show another example of texture analysis in a 53-year-old woman with an invasive ductal
carcinoma of the left breast. Pathology revealed histologic grade 1 tumor exhibiting 20% cellularity. EIC or lymphovascular invasion was
not recognized. (A) Axial contrast-enhanced T1-weighted subtraction image shows an 18-mm irregular mass. (B) Histogram obtained
from entire tumor on the contrast-enhanced T1-weighted subtraction image exhibits uniformity and entropy. (C) T2-weighted image at
the same level as (A). (D) Histogram obtained from entire tumor on the T2-weighted image presents uniformity and entropy.

EIC = extensive intraductal component.

Statistical Analysis

Factors significantly correlating with uniformity and
entropy were identified using univariate linear regression
analysis for all 6 different filter levels. A P <0.05 indicated
statistical significance. Multivariate linear regression using
stepwise selection was also performed. A factor entered the
model if P<0.2 and stayed in the model if P <0.15. The

TABLE 1. Pathological Characteristics of 75 Cases of Cancer

Variable N
Tumor grade

1 37 (49.3%)

2 28 (37.3%)

3 10 (13.3%)
Stroma type

Collagen 18 (24.0%)

Fibroblast 51 (68.0%)

Lymphocyte 6 (8.0%)
Central scar

Absent 66 (88.0%)

Present 9 (12.0%)
EIC

Absent 71 (94.7%)

Present 4 (5.3%)
Lymphovascular invasion

Absent 56 (74.7%)

Present 19 (25.3%)

EIC = extensive intraductal component.
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Akaike information criterion (AIC) was used to validate and
compare the models in order to select the best-fit filter level that
was associated with increased heterogeneity.” The filter level
with the minimum AIC value was regarded as the preferred
model.

All statistical analyses were performed using SAS software
version 9.4 (SAS Institute, Cary, NC).

RESULTS

Patients

The pathological findings of 75 cancers are shown in
Table 1. The mean age of the patients was 51 years (range,
26-78 years) and the mean lesion size measured by MRI was
17.7mm (median, 15 mm; range, 11-120 mm). Median tumor
cellularity was 70% (range, 20—-90%). All masses included
were IDC NOS, and ER or PR (+)/HER2 (-).

Correlation Between Texture Parameters and
Pathology

Table 2 presents summarized P values of the correlation
between texture parameters and detailed pathological findings.
See Appendix S1 and S2, http://links.lww.com/MD/A630 for
further details of the univariate analysis. As tumor size increased,
uniformity significantly reduced whereas entropy increased on
T2-weighted unfiltered images (P =0.015 and 0.008, respect-
ively). High cellularity showed increased entropy only on
T2-weighted unfiltered images (P =0.049). In general, tumor
grade showed significant differences in uniformity and entropy
on T2- and contrast-enhanced T1-weighted subtraction images at
almost all filter levels. On T1-weighted subtraction images, high-
grade tumors exhibited greater uniformity and lower entropy

Copyright © 2016 Wolters Kluwer Health, Inc. All rights reserved.
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TABLE 2. P Values of the Univariate Analysis for Uniformity and Entropy According to Pathological Findings

Texture Filter MR Tumor Histologic Stroma Central Lymphovascular
Parameter Scale Sequence Size Cellularity Grade Type Scar EIC Invasion
Uniformity No filter Tl 0.740 0.743 0.045 0.850 0.031 0.018 0.031
T2 0.015 0.111 0.122 0.214 0.797 0.297 0.778
0.5 Tl 0.410 0.955 0.008 0.817 0.055 0.028 0.015
T2 0.214 0.153 0.032 0.113 0.029 0.196 0.909
1.0 Tl 0.319 0.596 0.002 0.742 0.069 0.002 0.006
T2 0.159 0.142 0.037 0.146 0.035 0.231 0.899
1.5 T1 0.286 0.483 0.003 0.688 0.075 0.001 0.006
T2 0.138 0.124 0.034 0.153 0.042 0.223 0.861
2.0 Tl 0.304 0.396 0.005 0.664 0.080 0.001 0.007
T2 0.129 0.120 0.022 0.139 0.049 0.187 0.797
2.5 Tl 0.366 0.336 0.010 0.672 0.096 0.001 0.011
T2 0.128 0.107 0.013 0.117 0.055 0.139 0.689
Entropy No filter Tl 0.986 0.994 0.090 0.867 0.017 0.047 0.073
T2 0.008 0.049 0.044 0.111 0.677 0.242 0.788
0.5 T1 0.602 0.883 0.027 0.860 0.039 0.067 0.023
T2 0.181 0.071 0.007 0.035 0.092 0.156 0.929
1.0 Tl 0.514 0.661 0.015 0.786 0.048 0.014 0.010
T2 0.135 0.064 0.007 0.044 0.111 0.197 0.924
1.5 T1 0.487 0.581 0.019 0.765 0.055 0.008 0.010
T2 0.127 0.059 0.006 0.043 0.114 0.189 0.946
2.0 Tl 0.514 0.498 0.036 0.785 0.058 0.007 0.012
T2 0.132 0.060 0.004 0.040 0.112 0.166 1.000
2.5 T1 0.581 0.442 0.063 0.789 0.069 0.007 0.015
T2 0.135 0.060 0.003 0.037 0.106 0.141 0.936

EIC = extensive intraductal component, MR = magnetic resonance.

values. On T2-weighted images, high grades correlated with
decreased uniformity and increased entropy. A predominant
stroma type was significantly correlated with entropy on T2-
weighted images at filter levels of 0.5, 1.0, 1.5, 2.0, and 2.5.
Compared with the collagen-dominant type, fibroblast- and
lymphocyte-dominant types exhibited increased entropy.

The presence of a central scar presented reduced uniform-
ity and increased entropy on T1-weighted subtraction images at
a filter level of 0.5 (P=0.055 and 0.039, respectively). In
contrast, on T2-weighted images, tumors with a central scar
exhibited increased uniformity and reduced entropy (P =0.029
and 0.092, respectively). EIC showed statistically significant
correlation only on T1-weighted subtraction images at almost
filter levels. IDC with an EIC presented increased uniformity
and decreased entropy compared with those without an EIC.
Similar to EIC, lymphovascular invasion significantly increased
uniformity and decreased entropy on T1-weighted subtraction
images at almost filter levels.

Multivariate Analysis

We performed a multivariate linear regression using
stepwise selection to select a subset of variables that best
explained the uniformity and entropy. In addition, to deter-
mine the best statistical model to reflect tumor heterogeneity,
we compared the AIC values for each regression model.
Tables 3 and 4 show the summarized results of the multi-
variate analysis. See Appendix S3 and S4 for further details of
the multivariate analysis, http:/links.lww.com/MD/A630.
Tumor cellularity and dominant stroma type did not affect
uniformity or entropy on both T2- and contrast-enhanced

Copyright © 2016 Wolters Kluwer Health, Inc. All rights reserved.

T1-weighted subtraction images at all filter levels. As tumor
size increased, only entropy on T2-weighted images signifi-
cantly increased under no filter (P=0.013). On contrast-
enhanced T1-weighted subtraction images, high histologic
grades were only associated with increased uniformity at
0.5, 1.0, 1.5, and 2.0 filter levels. On T2-weighted images,
high histologic grades were associated with decreased
uniformity and increased entropy at 0.5, 1.0, 1.5, 2.0, and
2.5 filter levels (Figures 2 and 3).

Tumors with a central scar were significantly associated
with decreased uniformity and increased entropy on the con-
trast-enhanced T1-weighted subtraction unfiltered images. On
T2-weighted images, only uniformity statistically increased, at
the filter levels of 0.5 and 1.0. IDC with an EIC presented
increased uniformity on contrast-enhanced T1-weigthed sub-
traction images compared with those without an EIC with no
filter and at 1.0, 1.5, and 2.5 filter levels. IDC with an EIC
showed decreased entropy on contrast-enhanced T1-weigthed
subtraction images compared with those without an EIC at the
filter levels of 2.0 and 2.5. IDCs with lymphovascular invasion
were significantly associated with increased uniformity and
decreased entropy only on contrast-enhanced T1-weighted
subtraction images at the filter levels of 0.5, 1.0, 1.5, 2.0,
and 2.5.

The best uniformity results were found on T2- and con-
trast-enhanced T1-weighted subtraction images at a filter level
of 0.5, based on the AIC values. In terms of entropy, a filter
level of 0.5 showed the strongest correlation on contrast-
enhanced T1-weighted subtraction images. However, on T2-
weighted images, the ideal model was achieved in the absence
of a filter.

www.md-journal.com | 5
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DISCUSSION

The findings of our multivariate analysis revealed that as
tumor size increased, entropy significantly increased but only
on T2-weighted unfiltered images. Tumor cellularity and pre-
dominant stroma did not affect uniformity or entropy on both
T2- and contrast-enhanced T1-weighted subtraction images.
Higher histologic grades showed increased uniformity and
decreased entropy on contrast-enhanced T1-weighted subtrac-
tion images, whereas the opposite tendency was observed on
T2-weighted images. The presence of a central scar showed the
opposite results compared with histologic grade or EIC. IDCs
with an EIC or lymphovascular invasion only presented with
increased uniformity and decreased entropy on contrast-
enhanced T1-weighted subtraction images. The best uniform-
ity was observed on T2- and contrast-enhanced T1-weighted
subtraction images at a filter level of 0.5, whereas the best
entropy results were found at a filter level of 0.5 on contrast-
enhanced T1-weighted subtraction images. However, on T2-
weighted images, an ideal model was achieved in the absence
of a filter.

Our study shows that texture analysis reflects the real
tissue heterogeneity observed pathologically; however, results
were not always statistically consistent according to different
filter levels. Some of the results were contradictory. For
example, a higher tumor grade presented larger uniformity
and lower entropy on contrast-enhanced T1-weighted subtrac-
tion images, indicating reduced heterogeneity. In contrast, on
T2-weighted images, higher tumor grades were associated with
decreased uniformity and increased entropy, indicated greater
heterogeneity. Similar trends were also observed for EIC and
lymphovascular invasion, although statistical significance was
only noted on contrast-enhanced T1-weighted subtraction
images. We suspect that the reduced heterogenetic texture
features (increased uniformity and decreased entropy)
observed for the lesions presumed as more heterogenetic
(higher grade, having an EIC, or lymphovascular invasion)
were possibly because of the contrast enhancement. This
suggests that more aggressive cancers could be more homo-
geneously enhanced because of a variety of reasons, such as
increased vascularization, and therefore the results are the
opposite on contrast-enhanced TI1-weighted subtraction
images. For the central scar, the results differed from those
for tumor grade or EIC. We suspect that this is because the
fibrotic nature of the central scar may inhibit homogenous
enhancement.

Recently, Parikh et al reported that tumors become more
homogenous during neoadjuvant chemotherapy and an increase
in T2-weighted MR image uniformity and a reduction in
T2-weighted MR image entropy following neoadjuvant che-
motherapy may provide an earlier prediction of pathologic
complete response than tumor size changes.'® Their hypothesis
for improved performance of T2-weighted compared with
contrast-enhanced T1-weighted images is based on the predo-
minant underlying mechanism for signal intensity. Contrast-
enhanced T1-weighted subtraction images reflect the vascular
leakage and distribution of contrast agent after injection,
whereas on T2-weighted MR images the signal intensity is
predominantly derived from the tumor intracellular and extra-
vascular extracellular space.'” In our study, uniformity and
entropy were influenced by various pathological findings on
both T2- and contrast-enhanced TI1-weighted subtraction
images, although results were not always consistent according
to various filter levels. Therefore, we conclude that heterogen-
eity measured by MRI texture analysis correlates with

Copyright © 2016 Wolters Kluwer Health, Inc. All rights reserved.
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TABLE 4. Regression Coefficients of Multivariate Analysis for Entropy

Histologic Central Lymphovascu-
Grade Scar EIC lar Invasion
Filter MR Tumor
Scale  Sequence Size Cellularity 1 2 3 Absent Present Absent Present Absent Present  AIC
No filter Tl Ref. 0.246° Ref. —0257 Ref —0.127 —101.27
T2 0.010°  0.003 Ref 0.159  0.365 Ref. —0266 —39.06
0.5 T1 Ref. —0.014 —0.224  Ref. 0.179 Ref. —0.160" —112.73
T2 0.003  Ref. 0209 0474" Ref —0.281 —30.25
1.0 T1 Ref. —0.010 —0.219  Ref. 0.176  Ref. —0.252  Ref. —0.187" —100.20
T2 0.004  Ref 0293" 0.575" Ref. —0.307 Ref. —0217 —14.36
1.5 T1 Ref. 0201  Ref. —0.376" Ref. —0.199" —94.72
T2 0.003  Ref. 0216 0583 Ref. —0.298 —5.88
2.0 T1 Ref. 0202  Ref. —0.395" Ref —0.197" —90.49
T2 0.003  Ref. 02317 0638 Ref. —0.313 0.771
25 T1 Ref. 0.197 Ref. —0.407" Ref —0.195" —86.99
T2 0.004  Ref. 0.248" 0.687" Ref. —0.328 5.34

Stroma type was removed in the table as it was not selected in the multivariate regression model.
AIC = Akaike information criterion, EIC = extensive intraductal component, Ref. = reference.

* Significant at P < 0.05.

pathological heterogeneity and that these findings can be used
as evidence for predicting patient prognosis using texture
analysis. In addition, we evaluated filters to determine which
is the most appropriate for performing texture analysis. In our
study, for uniformity, a filter level of 0.5 showed the best results
on T2- and contrast-enhanced T1-weighted subtraction images.
For entropy, a filter level of 0.5 was the best on T1-weighted
images whereas an absence of filter was the best on
T2-weighted images.

Our study has several limitations. First, as we examined
only 75 ER-positive invasive breast cancers, our results cannot
be generalized to all types of breast cancers. In addition, the
small sample size limits statistical power; a larger study includ-
ing a more representative clinical spectrum of morphological
and histopathological subtypes is necessary to validate our
findings. Second, we did not consider conventional imaging
findings; for example, calcification was not included in our
analysis, but could have affected texture values. Third, we did
not assess the incremental value of texture analysis beyond
conventional DCE-MRI. In addition, we could not provide any
information on patient outcome. However, our results showed
that more aggressive cancers exhibited more heterogeneous
texture parameters on T2-weighted images and more homo-
geneous texture parameters on contrast-enhanced T1-weighted
subtraction images. We can hypothesize that the outcomes of
patients with more heterogeneous cancers based on texture
analyses from T2-weighted MR images (also more homogenous
on contrast-enhanced T1-weighted subtraction images) may be
poor. We are currently performing another study to evaluate the
effect of texture parameters on patient outcomes. Fourth, we
assumed that tumor heterogeneity was pathologically expressed
by characteristics analyzed in this paper, including tumor grade,
tumor cellularity, and dominant stroma type, and correlated
texture parameters with these pathological features. However,
the definition of tumor heterogeneity has not been standardized
and may vary across studies. Our results do show that uniform-
ity and entropy correlate with pathological findings. Therefore,
texture analysis could be a promising tool to help predict
patient outcomes.

Copyright © 2016 Wolters Kluwer Health, Inc. All rights reserved.

Assessment of tumor heterogeneity using texture analysis
is relevant to clinical practice. T2- and contrast-enhanced
T1-weighted images that are routinely obtained can easily be
subjected to texture analysis during standard image processing.
Our results indicate that texture analysis could be a useful
clinical tool for quantifying tumor heterogeneity. In conclusion,
we performed whole-tumor volumetric texture analyses and
found that the texture parameters of T2- and contrast-enhanced
T1-weighted subtraction images (at fine filter levels) correlated
well with pathological tissue heterogeneity.
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