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Aim: This pilot study investigates whether heterogeneity in focal breast lesions and sur-
rounding tissue assessed on mammography is potentially related to cancer invasion and
hormone receptor status. Materials and Methods:Texture analysis (TA) assessed the het-
erogeneity of focal lesions and their surrounding tissues in digitized mammograms from
11 patients randomly selected from an imaging archive [ductal carcinoma in situ (DCIS)
only, n = 4; invasive carcinoma (IC) with DCIS, n = 3; IC only, n = 4]. TA utilized band-pass
image filtration to highlight image features at different spatial frequencies (filter values:
1.0–2.5) from fine to coarse texture.The distribution of features in the derived images was
quantified using uniformity. Results: Significant differences in uniformity were observed
between patient groups for all filter values. With medium scale filtration (filter value = 1.5)
pure DCIS was more uniform (median = 0.281) than either DCIS with IC (median = 0.246,
p = 0.0102) or IC (median = 0.249, p = 0.0021). Lesions with high levels of estrogen recep-
tor expression were more uniform, most notably with coarse filtration (filter values 2.0
and 2.5, r s = 0.812, p = 0.002). Comparison of uniformity values in focal lesions and sur-
rounding tissue showed significant differences between DCIS with or without IC versus IC
(p = 0.0009). Conclusion:This pilot study shows the potential for computer-based assess-
ments of heterogeneity within focal mammographic lesions and surrounding tissue to
identify adverse pathological features in mammographic lesions. The technique warrants
further investigation as a possible adjunct to existing computer aided diagnosis systems.
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INTRODUCTION
The major concern when a focal density is found in a mammo-
gram is the presence of invasive cancer. However, ductal carcinoma
in situ (DCIS) can present similarly and although representing a
proliferation of malignant ductal epithelial cells of the breast, the
cells have not breached the ductal basement membrane. Accurate
diagnosis is further complicated by the fact that focal areas of inva-
sive cancer may co-exist with DCIS. In this situation, it is widely
accepted that the limited sampling inherent in core biopsy can lead
to the histological underestimation of invasive disease (Yen et al.,
2005). The prognosis for patients with such lesions is also related
to a range of other pathological features such as hormone sta-
tus that may also be underestimated by core biopsy and therefore
may not be accurately determined prior to surgical excision (Al
Sarakbi et al., 2005; Arnedos et al., 2009). Hence, additional meth-
ods to estimate the presence of invasive cancer and hormone status
prior to surgery could potentially impact on prognostication and
surgical planning.

Computer aided detection (CAD) is increasingly used in radi-
ological diagnosis. In mammography, CAD is mostly employed

for automated detection of lesions, whilst leaving the decision
of the nature of the lesion to a radiologist. Image analysis
methodologies that underpin CAD systems for mammography
have included density variations within masses, two-step scheme
of pixel-level detection, region-level classification, automated
feature-based micro-calcification extraction, fractal dimensions,
lacunarity analysis and support vector machines, gradient and
flow-based texture analysis (TA; Gupta and Undrill, 1995; Wei
et al., 1995; Byng et al., 1996; Thiele et al., 1996; Sahiner et al., 1998,
2001; Brake et al., 2000; Mudigonda et al., 2000, 2001; Gulsrud and
Huso, 2001; Rangayyan et al., 2008; Guo et al., 2009).

Identification of focal lesions by TA depends upon differences
between the lesion and surrounding tissue, whereas characteriz-
ing a focal lesion relies on differences in texture between various
pathologies. Therefore the use of computer analysis to charac-
terize, rather than detect, focal mammographic lesions is more
challenging and less well developed. The potential for CAD-based
texture analysis (CAD-TA) to identify adverse features associated
with focal lesions on mammography is suggested by previous stud-
ies that have related mammographic appearances to pathological

www.frontiersin.org October 2011 | Volume 1 | Article 33 | 1

http://www.frontiersin.org/Oncology
http://www.frontiersin.org/Oncology/editorialboard
http://www.frontiersin.org/Oncology/editorialboard
http://www.frontiersin.org/Oncology/editorialboard
http://www.frontiersin.org/Oncology/about
http://www.frontiersin.org/Cancer_Imaging_and_Diagnosis/10.3389/fonc.2011.00033/abstract
http://www.frontiersin.org/Community/WhosWhoDetails.aspx?UID=34950&d=2&sname=BalajiGaneshan&name=Medicine
http://www.frontiersin.org/Community/WhosWhoDetails.aspx?UID=39485&d=2&sname=OlgaStrukowska&name=Medicine
mailto:b.ganeshan@sussex.ac.uk
http://www.frontiersin.org
http://www.frontiersin.org/Cancer_Imaging_and_Diagnosis/archive


Ganeshan et al. Mammographic texture analysis in breast cancer

characteristics. Lesion size, the presence, shape and distribution of
calcifications, and an associated mass have been correlated with a
greater risk of invasive disease and with adverse pathological fea-
tures such as high grade tumor, necrosis, and C-erbB-2 oncogene
expression (Lagios et al., 1982; Evans et al., 1994; King et al., 2001;
Wahedna et al., 2001; Bonnet et al., 2002; Gajdos et al., 2002; Roos
et al., 2004; Dillon et al., 2006). However, the inconsistent results
obtained from some studies based upon mammographic appear-
ances alone suggest that prediction of invasive disease by visual
analysis alone may not be reliable (King et al., 2001; Wahedna
et al., 2001; Dillon et al., 2006). On the other hand, the ability for
CAD-TA to identify mammographic features associated with spe-
cific pathological or genetic abnormalities has been demonstrated
by Huo et al. (2002). They demonstrated that computerized TA of
central regions of digitized mammographic density patterns could
identify women with germ-line mutations in BRCA1 and BRCA2
genes (and hence increased risk of invasive cancer).

We have developed a novel CAD-TA method that employs selec-
tive spatial filtering to quantitatively assess tissue heterogeneity
at different anatomical scales: ranging from fine detail to coarse
features. Furthermore, tissue heterogeneity at different scales can
be compared. This pilot study investigates whether heterogeneity
in focal breast lesions and surrounding tissue on mammography
is potentially related to cancer invasion and hormone receptor
status.

MATERIALS AND METHODS
IMAGE DATA
The study is comprised of randomly selected mammographic
series derived from an imaging archive representing patients,
referred from both screening and symptomatic clinics. Core biopsy
and final histopathology results of 11 patients were identified from
a database of clinical information. We classified patients into three
groups: (a) DCIS only, (b) IC with DCIS, and (c) IC only. Patho-
logical examination had confirmed DCIS only in four, IC with
DCIS in three and IC only in four cases. For each patient, the
estrogen receptor (ER) and progesterone receptor (PR) status were
also established. All cases of DCIS only had micro-calcifications
on mammography, varying in amount from a few tiny flecks to
a large area, associated with vague background density or, in one
case, a small stellate lesion. Two out of three cases of IC with DCIS
exhibited micro-calcifications associated with a spiculate or irreg-
ular lesion whilst one showed only a stellate mass. The IC only
cases appeared as spiculate lesions without micro-calcifications.
Breast tissue density had been assessed according to Wolfe Score
and varied between P1 and DY, with DCIS only cases predomi-
nantly picked on P1 (n = 3), whereas 1 was P2; IC with DCIS on
P2 (n = 2), whereas one was P1 and IC only cases on all three types
of background density. However, background breast tissue density
was not included in the assessment of texture as this study did
not intend to use computer analysis to identify focal lesions but to
further characterize already identified lesions.

DIGITIZATION AND ASSESSMENT OF HETEROGENEITY
Mammography films were digitized using a VIDAR Diagnos-
tic PRO Advantage Film Digitizer (VIDAR Systems Corporation,
Herndon, USA) at a high resolution (pixel size) of 44.5 microns

(570 DPI) with a scan rate of 200 lines per second. All avail-
able image projections were analyzed: axial (along with extended
axial and axial paddle), oblique and lateral. Each patient had
at least two projections but often four projections were avail-
able for TA. We excluded magnified views. Texture within focal
mammographic lesions was assessed in a region of interest (ROI)
manually contoured in the presence of a breast radiologist. In
addition a further ROI was drawn at approximately 1 cm sur-
rounding the focal lesion. Heterogeneity within the mammo-
graphic focal lesion and surrounding tissue was assessed using
TexRAD, a proprietary software algorithm of the University of
Sussex, UK.

The TA methodology (i.e., TexRAD) used in this study has
been previously employed for TA in computed tomography (CT)
and MR images (Ganeshan et al., 2007a,b, 2008, 2009, 2010a,b,c;
Miles et al., 2009). The first stage comprised production of a series
of derived images from digitized mammograms using a Lapla-
cian of Gaussian spatial band-pass filter at different spatial scales
expressed by filter values, displaying fine (filter value: 1.0; filter
width: 4 pixels), medium (filter values: 1.5 and 2.0; filter width:
6 and 10 pixels respectively), and coarse (filter value: 2.5; filter
width: 12 pixels) image features respectively (Table 1; Figure 1

Table 1 | Filter sigma value, texture type, and the corresponding width

of the filter (pixels and size).

Filter value Texture type Approximate filter width

Pixels Size (μm)

1.0 Fine 4 200

1.5 Medium 6 300

2.0 10 450

2.5 Coarse 12 550

FIGURE 1 | Shows the pre-processed mammogram with an obvious

stellate mass (A) and derived filtered fine (B), medium (C), and coarse

images (D). The texture features from fine to coarse were then quantified
as uniformity.
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FIGURE 2 |The 2D forms of the log filter in the spatial and frequency domain for a filter (σ, sigma) value of 2.0.

and 2). Texture features finer than 4 pixels would represent image
noise and hence were not evaluated in this study. Following fil-
tering, any pixels with negative values were assigned a value of
zero.

The distribution of features in the filtered images was then
quantified using a uniformity value (reflecting how close the image
is to a uniform distribution of the gray-levels) defined as:

Uniformity =
k∑

l=1

[
p(l)

]2
(1)

where l is the number of gray-levels (for example l = 1 to k indi-
cates gray-level from 1 to k) in the ROI and p(l) the probability of
the occurrence of the gray-level l. A low uniformity value indicates
a heterogeneous tissue. Uniformity values were also determined
for images without filtering. Entropy is another texture parame-
ter commonly employed. This however, correlates inversely to

uniformity and does not provide any other additional value in
texture quantification.

The ROI enclosing the focal lesion and surrounding tissue
underwent image filtration following which heterogeneity was
separately quantified for the focal lesion and the surrounding
tissue. The difference in uniformity between the focal lesion and
the surrounding tissue was expressed as a uniformity ratio. A fur-
ther detailed description of the TA methodology is given in the
Section “Appendix.”

STATISTICAL ANALYSIS
Differences in uniformity values in the focal lesion between the
three diagnostic groups (DCIS only, IC with DCIS and IC only)
were assessed using a non-parametric Kruskal–Wallis test. Where
a statistically significant difference was found, post hoc pair-wise
comparisons of texture parameters by diagnostic group where
assessed for significance using the two-tailed Mann Whitney test.
The Mann Whitney test was also used to evaluate differences
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between focal lesions and surrounding tissue uniformity ratios
for DCIS with and without invasion as compared to IC. The rela-
tionship between focal lesion texture and ER and PR was assessed
using the Spearman’s rank correlation. For all statistical tests, a
p-value of less than 0.05 was considered to be significant.

RESULTS
HETEROGENEITY IN FOCAL BREAST LESIONS
The texture parameters in patients with DCIS only, IC with
DCIS and IC only are shown in Table 2. Without image filtra-
tion there was no significant texture difference between patient
groups, whereas following image filtering, significant differences
in texture between the groups were observed for all filter val-
ues (fine, medium, and coarse). The differences were great-
est with medium scale filtration (filter value = 1.5; p = 0.003,
Table 2; Figure 3). Pure DCIS exhibited higher uniformity values
(median = 0.281) than either DCIS with IC (median = 0.246,
p = 0.0102) or IC (median = 0.249, p = 0.0021). No significant
difference was observed between IC with DCIS and IC only for
any of the texture parameters.

Table 2 | Median values for focal lesion texture (uniformity) between

DCIS only, IC with DCIS and IC only along with the p-values obtained

from the Kruskal–Wallis statistical test.

Focal lesion texture

(uniformity)

Median

DCIS only

Median IC

with DCIS

Median

IC only

p-Value

Without filtration 0.002 0.002 0.002 0.370

1.0 0.277 0.257 0.257 0.005

1.5 0.281 0.246 0.249 0.003

2.0 0.280 0.232 0.242 0.005

2.5 0.281 0.217 0.235 0.013

There was also a relationship between lesion heterogeneity and
ER status. Lesions with high levels of ER expression were more
uniform with statistically significant correlations observed for all
filters (Table 3). The best correlation was found with coarse filtra-
tion (filter values 2.0 and 2.5, r s = 0.812, p = 0.002, Figure 4). No
significant correlations were found between texture and PR.

HETEROGENEITY IN SURROUNDING TISSUES
Surrounding tissues were more uniform than the focal lesions,
both with and without image filtration. Comparison of uniformity
values in focal lesions and surrounding tissue showed significant
differences between DCIS with or without IC versus IC. The differ-
ence in uniformity between the focal lesion and the surrounding
tissue was significantly less for DCIS (with or without IC) than for
IC, reflected by higher ratios of lesion uniformity to surrounding
tissue uniformity for all filter values (Table 4). This finding was
most marked with medium filtration (filter value 1.5, 0.835 versus
0.617, p = 0.003, Figure 5). Even greater separation of DCIS with
or without IC versus IC was found if the ratio at filter value 1.0
was divided by the ratio at filter value 1.5 (p = 0.0009, Figure 5).
Without image filtration, there was no significant difference in the
focal lesion/surrounding tissue uniformity ratio between patient
groups.

DISCUSSION
To the best of our knowledge, this pilot study (comprising of only
11 patients) is the first to show the potential for computer-based
assessments of heterogeneity within focal mammographic lesions
and surrounding tissue to distinguish a range of pathological enti-
ties presenting as focal lesions on mammography. In particular,
uniformity values in focal lesions exhibited differences between
pure DCIS and lesions with invasive cancer (either DCIS with inva-
sion or invasive cancer) whereas comparison of uniformity values

FIGURE 3 | Graph indicates the relationship between medium texture (uniformity) and presence of invasive tumor for the mammographic focal

region of interest.
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in focal lesions and surrounding tissue showed significant differ-
ences between DCIS with or without IC versus IC. Furthermore,
the correlations between lesion uniformity and ER expression
indicate a potential for assessments of heterogeneity to predict
hormone receptor status.

The potential for predicting tumor invasion and hormone sta-
tus from mammographic texture represents a novel extension to
current applications of TA in mammography. Up till now research
in computer-based TA of mammographic lesions has been focused
on detection and classification of masses as benign and malig-
nant (Gupta and Undrill, 1995; Wei et al., 1995; Byng et al., 1996;
Thiele et al., 1996; Sahiner et al., 1998, 2001; Brake et al., 2000;
Mudigonda et al., 2000, 2001; Gulsrud and Huso, 2001; Rangayyan
et al., 2008; Guo et al., 2009). Many of the features like shape,
border, density, spiculation, type of micro-calcification, are used
by CAD algorithms to classify lesions (Erickson and Bartholo-
mai, 2002). In particular, fractal based approaches have been
successfully employed in detecting focal abnormalities. However
the inherent problem with these model-based fractal approaches is
the inability to uniquely characterize the texture pattern. Different
focal abnormalities (presenting degrees of disease severity as in our

Table 3 | Spearman rank correlation coefficients (r s) and p-values

indicate the relationship between estrogen receptor status and focal

lesion texture (uniformity) in all the patients (DCIS only, IC with DCIS

and IC only).

Focal lesion texture (uniformity) Estrogen receptor

r s p

Without filtration −0.085 0.801

1.0 0.797 0.003

1.5 0.767 0.006

2.0 0.812 0.002

2.5 0.812 0.002

clinical study) may demonstrate the same fractal dimensions but
exhibit different texture values (Mandelbrot, 1983). To character-
ize mammographic abnormalities based on texture, we employed
a novel TA methodology which extracted different scales of tex-
ture between fine detail to coarse structures. The uniformity of
the pixel gray-level intensity distribution proved to be a discrimi-
nating parameter only after the image had been spatially filtered.
This approach can be considered similar to the multi-scale lacu-
narity analysis previously employed by Guo et al. (2009) to identify
tumor from normal breast in mammograms.

Although this study provides preliminary evidence for asso-
ciations between lesion heterogeneity with tumor invasion and
hormone status, these associations are likely to reflect the capabil-
ity of our TA technique to detect co-varying pathological features
such as calcification morphology, and the number and sizes of
calcification clusters. Calcifications on mammography have been
a target for TA in previous reports (Elter and Horsch, 2009).
Fine calcifications and multiple calcifications’ clusters are usu-
ally associated with well differentiated DCIS (Leonard and Swain,
2004). Granular calcifications and increased area of the calcifica-
tion clusters tend to be associated with invasive cancer (Yamamoto
et al., 2004). The significantly increased uniformity values at

Table 4 | Median values for focal lesion/surrounding tissue texture

(uniformity) between DCIS ± IC and IC only along with the p-values

obtained from the Mann Whitney test.

Texture (uniformity) Focal lesion/surrounding tissue

Median (DCIS ± IC) Median (IC only) p-Value

Without filtration 0.724 0.786 0.719

1.0 0.895 0.838 0.036

1.5 0.835 0.712 0.003

2.0 0.764 0.617 0.003

2.5 0.705 0.549 0.005

FIGURE 4 | Graph indicates the relationship between coarse texture (uniformity) and estrogen receptor (ER) status for the mammographic focal

region of interest.
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FIGURE 5 | Graph indicates the relationship between (A) medium texture (uniformity), (B) fine to medium texture ratio (uniformity) and extent of

disease (tumor type) for the mammographic focal lesion/surrounding tissue texture.

medium texture scales of 6–10 pixels, approximately equivalent
to 200–300 μm (σ = 1.5 and 2.0), in patients with pure DCIS
compared to patients with IC could possibly be attributed to the
presence of bright clusters of fine calcifications within the focal
lesion. With coarse texture scales, the difference in uniformity
was less marked, possibly reflecting difficulty in distinguishing
larger clusters of fine calcifications from larger single calcifica-
tions following image filtration at this scale. The filter we employed
was non-directional (isotropic) and therefore insensitive to clus-
ter shape (e.g., architectural distortion detection technique via
line extraction as described by Nemoto et al., 2009). Since patients
with DCIS may have branching calcifications or multiple clusters,
often close to each other, further developing our methodology by
using a directional filter could potentially improve differentiation
of DCIS and IC. Also possible explanation for positive correlation

observed between coarse uniformity texture and ER status could
be attributed to lesions with lower ER expression being more
heterogeneous (lower coarse uniformity texture value).

A further pathological feature that could potentially contribute
to changes in lesion uniformity is the presence of tumor necrosis.
Tumor microinvasion is more likely to be found within larger DCIS
foci that exhibit comedo-type histology with necrosis (Leonard
and Swain, 2004). Furthermore, the known association between
necrosis and loss of ER expression provides a possible link between
texture and hormone receptor status. Zafrani et al. (1994) found
ER expression in 91% of DCIS lesions with no necrosis as com-
pared to 37% of DCIS lesions with massive necrosis. Tumor
necrosis has been shown to correlate with altered attenuation
of x-rays in other tumors (Burger et al., 1983; Tsunetomi et al.,
1989). Although not previously reported for mammography, it
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is feasible that subtle changes in density resulting from necrosis
have been highlighted by TA. Future studies directly correlat-
ing texture with pathology are required to further assess these
possibilities.

The standard of care for patients with invasive breast cancer is
to evaluate their axillary lymph nodes whereas patients with pure
DCIS are at lower risk of nodal involvement and therefore axil-
lary surgery is not indicated in this case (Wahedna et al., 2001).
Based on historical data, metastatic lymph node involvement in
DCIS is estimated to be only 1–2% (Klauber-DeMore et al., 2000;
Mittendorf et al., 2005; Yen et al., 2005). Thus preoperative dis-
tinction between DCIS without invasion and DCIS with invasive
cancer can have an important impact on surgical planning. The
introduction of mammographic breast screening has resulted in
a dramatic increase in the diagnosis of DCIS and its detection
rate has reached 15–20% of all mammographically detected can-
cers (Holland et al., 1990; Lagios, 1990; Leonard and Swain, 2004).
This increased detection rate combined with improved core biopsy
technique means that preoperative histo-pathological diagnosis of
DCIS has become more common. Yet, the sensitivity of core biopsy
for identification of an invasive focus within the DCIS specimen
is only 20% (Lieberman et al., 1995; Wahedna et al., 2001). The
outcome of biopsy is often influenced by the small sample size
and subjective estimation of which part of the larger abnormality
is the most representative focus. If the results of this pilot study
are confirmed in a larger series, computerized assessment lesion
heterogeneity could potentially provide an additional preopera-
tive indicator of risk of invasive disease. Low uniformity values
implying a high risk of invasion despite a negative biopsy could be
envisaged as an indication for a second biopsy or the inclusion of
sentinel node mapping in the surgical procedure. Similarly, clinical
decisions such as choice of neoadjuvant chemotherapy, made on

the basis of hormone receptor status as determined by core biopsy
could be re-evaluated if the results of CAD-TA were discordant
with pathology.

The comparison of uniformity values in focal lesions and sur-
rounding tissue suggests a less distinct zone of transition between
abnormal and normal tissue for DCIS (with or without invasion)
as compared to IC. There is increasing interest in breast conserv-
ing therapy for patients with DCIS despite the concern for positive
resection margins (Weng et al., 2000; Melstrom et al., 2010). Our
results suggest the possibility that TA of the tissue surrounding a
focal lesion could be of value in identifying sub-groups of patients
with DCIS who have a lower risk for positive resection and who
are therefore of greater suitability for breast conservation.

Although compromising only 11 patients, the statistically sig-
nificant associations found in this pilot study highlight the poten-
tial for computer-based assessments of heterogeneity within focal
mammographic lesions and surrounding tissue to identify adverse
pathological features in mammographic lesions. There is a need
to assess the impact of acquisition parameters of mammography
films. A previous CT phantom study found uniformity to be rea-
sonably insensitive (maximum coefficient of variance, 2.6%) to CT
image acquisition parameters (tube current, tube voltage, and slice
thickness; Miles et al., 2009). Like all x-rays, the basic underlying
physical principle of image acquisition for CT and mammogra-
phy is based on ionizing radiation to create images. Therefore the
impact of mammographic image acquisition parameters on uni-
formity measures may be similar (relatively insensitive) to that
observed in the CT phantom study.

The technique warrants further investigation as a possible
adjunct to existing computer aided diagnosis systems with the
possibility of individualizing treatment planning for patients with
breast cancer.
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APPENDIX
Texture analysis comprised of two main stages: (a) image filtration
and (b) quantification of texture. For image filtration, a Laplacian
of Gaussian (LoG) band-pass filter was chosen, and modulated
to highlight different spatial scales between fine texture (filter
value = 1.0) and coarse texture (filter value = 2.5). This scale can
be considered as the width at which structures in the image will
be highlighted and enhanced, while structures less than this width
will become blurred (Figure 2). In this study, the filter was tuned
to highlight fine (filter value: 1.0; filter width: 4 pixels), medium
(filter values: 1.5 and 2.0; filter width: 6 and 10 pixels respec-
tively) and coarse (filter value: 2.5; filter width: 12 pixels) image
features.

The two-dimensional (2D) Gaussian distribution G is given by

G
(
x , y

) = e
− x2+y2

2σ2 (A1)

where x, y are the spatial coordinates of the image matrix and σ

is the SD of the Gaussian distribution. The 2D Gaussian distrib-
ution effectively enhances features in the selected band-pass. This
distribution has the desirable characteristics of being smooth and
localized in both the spatial and frequency domains, and is there-
fore less likely to introduce any changes to the original image.
Thus, the Gaussian distribution corresponding to a particular σ

value allows highlighting of only texture features of a particular
scale in mammographic images.

The reason for using the Laplacian (�2) is that it is the lowest-
order orientation–independent (isotropic) differential operator
and inherently generates less computational burden and can be
used to detect intensity changes in an image that correspond to
the zero crossings of the filter. Following filtration, any pixels with
negative values were assigned a value of zero. �2G is the Laplacian
of Gaussian filter, a circularly symmetric, Mexican-hat-shaped fil-
ter (see Figure 2 for spatial and frequency domain representations
of the filter) whose distribution in the 2D spatial domain is given
by:

∇2G
(
x , y

) = −1

πσ4

(
1 − x2 + y2

2σ2

)
e
−

(
x2+y2

2σ2

)
. (A2)

From the mathematical expression of this circularly symmetric
filter at, different σ values, the number of pixels representing the
width between the diametrically opposite zero-crossing points in
this filter can be calculated (Figure 2). The width of the filter at

different σ values is obtained by evaluating the Laplacian of the
Gaussian spatial distribution along the x and y directions. The
lower the σ value, the smaller is the width of the filter in the spatial
domain and the larger is the pass-band region of the filter in the
frequency domain, highlighting fine details, or features in the fil-
tered image in the spatial domain. Similarly in the spatial domain,
a higher σ value allows coarse features to be highlighted in the
filtered image.

Filtration can be done in the spatial or frequency domain. In
the spatial domain, the filter mask is convolved with the image,
which involves intensive computation. It is more efficient to use
the filter in the frequency domain, as convolution of the filter mask
and the image in the spatial domain is equivalent to multiplica-
tion of the Fourier transforms of the filter mask and image in the
frequency domain. The inverse Fourier transform of the filtered
spectrum gives the resultant filtered image in the spatial domain.
Also, the accuracy of this filtering operation is improved when
used in the frequency domain, as the quantization errors arising
from the convolution of the filter, especially for small σ values in
the spatial domain, would distort the image. In this study, the filter
was applied in the frequency domain.

QUANTIFICATION OF TEXTURE
Region of interest (ROI) enclosing the focal lesion and surround-
ing tissue was delineated [Mean ROI size was 104081 pixels (range,
37725–223061 pixels)]. The ROI for texture analysis was stored as
a binary mask and assigned to the corresponding image of the par-
ticular patient. This ensured that the same patient-specific ROIs
were used for the texture analyses of different filter values. The
resulting images underwent 2D band-pass filtering with the Lapla-
cian of Gaussian filter using each of the following filter values: 1.0,
1.5, 2.0, and 2.5. Heterogeneity was quantified with and without
image filtration by calculating uniformity (distribution of gray
level, u) separately within the focal lesion and surrounding tissue
using the equation below:

u =
k∑

l−1

[
p (l)

]2
(A3)

where l is the pixel value (ranging from l = 1 to k in the ROI,
and p(l) is the probability of the occurrence of that pixel value.
The difference in uniformity between the focal lesion and the
surrounding tissue was expressed as a uniformity ratio. Lower
uniformity represents increased heterogeneity.
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