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1.1

Breast cancer screening

Breast cancer is the most common cause of cancer death in women worldwide1.
Early detection increases the chance of survival. Therefore, many countries have
introduced breast cancer screening programs, in which periodic mammographic
examinations are done in asymptomatic women. Several studies showed that
breast cancer screening by mammography reduces breast cancer mortality in wo
men over age 50 by 25-30%2,3. However, although mammography is one of the
best available screening tools to detect breast cancer, there is still a large number cancers that remain undetected at screening. A substantial fraction of these
undetected cancers is visible in retrospect on previous mammograms4-6.
Over the past decades several strategies have been adopted to improve breast
cancer detection in screening. One of the innovations is the development and usage of computer aided detection (CAD) systems, which are systems that are capable of detecting malignant cancers through computerized image analysis. The
potential of CAD is recently further facilitated by the introduction of full field
digital mammography, which makes images directly available for computerized
analysis. However, traditionally, CAD systems are developed and based on digitized screen-film mammograms, which differ in image characteristics from fullfield digital images. Adopting CAD systems to full field digital mammograms is
a topic in this thesis.
Another approach to optimize breast cancer screening is the introduction of
personalized, tailored screening7. For example, women with dense breasts may
be screened with a complementary modality, such as ultrasound or MRI, as it is
known that breast density both seriously impairs the sensitivity of mammogra
phy7'8, and increases the risk for developing breast cancer9-11. Measuring breast
density is, however, not a trivial task, as a quantitative assessment is time consuming and observer dependent12-15. The investigation of methods for accurate,
objective and automated measurement of breast density is the main topic of this
thesis.

1.2

Breast density and breast cancer risk

The radiographic appearance of the breast on a mammogram varies among wo
men, as is illustrated in figure 1.1. It reflects variations in breast tissue composition and the different x-ray attenuation characteristics of these tissues. Fat is
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radiologically lucent and appears dark on a mammogram, whereas connective
and epithelial tissue is radiologically dense and appear light. This appearance is
usually expressed as percent mammographic density11.

II

III

IV

Figure 1.1: BI-RADS density categories.

Mammographic density has been shown to be one of the strongest risk factors
for breast cancer. Studies have reported that in women with high breast den
sity the risk of getting breast cancer is increased 2 to 6 fold compared to women
with low breast density9-11. In addition, extensive mammographic density may
make breast cancer more difficult to detect by mammography and, as a result,
increases the risk to miss cancers in screening programs while they are still in
an early stage of development16-22. It is thus important to measure breast den
sity. A Standard assessment of breast density in clinical practise may facilitate
optimization of breast cancer screening programs by offering the opportunity to
select women at risk, whom may be offered additional screening7-8. Additionally,
an accurate and robust measurement of breast density may aid to further unravel
the biological nature of the relation between breast cancer and breast density.

1.3

Measuring breast density

Breast density can be measured in several ways. Table 1.1 shows an overview of
methods to measure breast density and/or to estimate breast cancer risk from a
mammogram.

1.3.1

Area based measurements

In current clinical practice, categorical assessment, such as with the American
College of Radiology (ACR) 4-class Breast Imaging Reporting and Data Systems
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Table 1.1: Overview of methods to measure breast density and/or to estimate
breast cancer risk from a mammogram

Category

Methods

area based

W olfe^’® 23,24, BI-RADS®25, planimetry

(manual)
area based

Cumulus (thresholding)26

(semi automatic)
area based

co-occurrence matrix® 27,28, local binary patterns® 27

(automatic)

regional histogram29®, run-length statistics^’® 30
fuzzy c-means31, fisherfaces31,32, textons33,34, gmm35,36
power spectral analysis37,38, eigenvalues Hessian matrix39

volume based

hmt-internal40,41, h^-w edge42-44

(automatic)®
mainly intended for risk estimation
categorical assessment
M preferably assessed on (raw) full-field digital images

(BI-RADS)25 is most common. This method is however susceptible to observer
variability12-15. For risk assessment, quantitative measurement of breast den
sity is therefore preferred, as it is more reproducible and accurate12. Quantita
tive breast density measurement is most commonly done with a software package called Cumulus26. In the Cumulus method a user first manually segments
the breast and then defines a threshold that dichotomizes the mammogram into
dense and fatty regions9. As the Cumulus method has been used in major stud
ies in which strong risk associations were obtained it is currently considered to
be the best way to measure breast density. The method is however time consuming, making large breast density studies and clinical usage costly. This has
led researchers to develop methods that estimate breast density fully automatically. Some of these methods resemble the Cumulus method by determining a
threshold that is applied to the image globally31,35,45. Other methods act more
region based by incorporating texture measurements. Examples of this latter approach include the usage of textons33,34, local binary patterns27, fractal analysis46,
power spectral analysis37,38,47, fisherfaces31,48, run-length statistics30, features derived from the co-occurrence matrix27,49,50, and the Hessian matrix39.
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Volume based measurements

One of the limitations of area based breast density measurement is that thickness
of dense tissue is not taken into account. Also, two-dimensional assessment is not
invariant to compression and projection angle. As it is likely that breast cancer
risk is more related to the volume of dense tissue, rather than to the size of its pro
jection, it would be of great value if a three dimensional breast density estimate
could be obtained from a mammogram10,51.
In the last decade several methods have been developed to estimate the vol
ume of dense tissue from mammograms 40~42'52. All proposed methods are based
on a physical model of image acquisition, worked out initially by Highnam and
Brady40. In the model the breast consists of two types of tissue; fat and parenchyma. By knowing the X-ray attenuation of these tissues, tissue composition at
a given pixel can be computed. In the model a number of parameters have to
be estimated; in particular the attenuation coefficients of mentioned tissue types
and the breast thickness. Researchers have taken different approaches to obtain
accurate estimates of these parameters. Several groups proposed to use a small
calibration wedge that is imaged in every mammogram42"44. In the work of High
nam and Brady40, and van Engeland et al41 parameters are derived from empirical data in literature. Especially in the first two methods it is essential to know
the height of the compressed breast. This value can be obtained from the readout of the mammography system. Unfortunately the reported height is however
neither precise nor accurate53,54. To circumvent this problem, Van Engeland et
al.41 extended the initial model described by Highnam et al. with an internal cal
ibration method to remove the explicit dependency of the breast height. Box 1.1
describes the mathematical details of this method.
In principle volumetric breast density estimation can be performed on both
digitized screen-film and full field digital mammographic images. For screenfilm mammography, the method is however limited by the nonlinear and varying
shape of the characteristic response curve of the film and the fact that parameters
for calibration are hard to retrieve or unknown. In digital mammography the
relation between X-ray exposure and detector output is stable and known. In
addition relevant parameters are stored in the DICOM-header associated with
the image, thereby rendering accurate volumetric breast density estimation feasible56.
Volumetric based density measures differ fundamentally from area based mea-
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Box 1.1 The attenuation of a mixture of dense and fatty tissue with thicknesses hd
and h f, at a given location, is given by
r°°

t

—=
p (E ) e- M E)hf-^ (E )hddE.
lo
J e =o

(1.1)

with I the X ray exposure, p (E) the normalized photon energy spectrum, fif and
Hd the linear attenuation coëfficiënt for fat and dense tissue respectively.
In an unprocessed FFD mammogram pixel values are proportional to the total
exposure I (r) along the line segment with length h (r) of the X-ray beam intersecting the breast tissue. Hence, the image model is obtained from equation 1.1
by replacing exposure value (I ) by pixel value (g). After applying peripheral enhancement, in which we add a layer of adipose tissue with attenuation coëfficiënt
Hf (E) and thickness H —h (r) to the uncompressed part of the breast55, we obtain

9o

—

f
p (E ) e~IJjf(Eï H~(,ld<'Eï~^f('E^ hdi'T'>dE.
J e =o

(1.2)

In this equation p (E ), Hf (E) and Hd (E ) are known from empirical data. If breast
thickness and the pixel value associated with the incident X-ray beam, g0, were
known, computation of the dense tissue thickness hd (r) would be straightforward. It is however difficult to obtain accurate estimates of these parameters.
Therefore the model is calibrated internally.
In most mammograms it is easy to find a location that corresponds with almost
pure fatty tissue. As the attenuation coëfficiënt of fatty tissue is smaller than
that of dense tissue, this location is determined by the maximum of g (r). The
corresponding model for fatty tissue is obtained by setting hd (r) = 0 in Eq. 1.2:

9o

[
p {E ) e - ^ E)HdE,
J e =o

(1.3)

The computations can be simplified by computing effective attenuation coefficients for fatty and dense tissue as a function of the anode and filter material,
tube voltage, and breast thickness H. For typical spectra used in mammographic
imaging this attenuation can very well be approximated by an exponential func
tion. With substitution of gf from equation 1.3 and with the effective attenua
tion coefficients

and Hd,eff), the explicit dependency of H disappears. The

thickness of dense tissue is obtained by the following relation
hd (r)

= --------- ------- ln ? ^ .

(1-4)

The volume of dense tissue is then calculated by taking the integral of dense
tissue thickness over the projected breast area, excluding the pectoral area.
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sures57. Consider for instance a fatty breast, in which a thin layer of dense tissue
is present. An area based method would measure 100% density, as the projection
of the thin layer of dense tissue covers the whole breast area in a mammogram.
A volumetric based method would estimate a much lower density in this case.
Usually, area based densities are in the range 0-100%, whereas volumetric based
densities are in the range of 0-35%. In addition, differences in density ranges
occur between volumetric based methods. These differences are mainly caused
by a dispute to whether or not include the skin43, the density from water in the
adipose tissue58, and the breast edge57 to compute breast density.

1.4

Evaluation of breast density measurements

In order to evaluate the performance of a method for breast density estimation
both intemal and extemal validation should be performed. Intemal validation
refers to the robustness and consistency of a method. For example, the method
should give similar measurements on MLO and CC images of the same case.
Other indicators for robustness are the correlation between measurements on the
left and right breast, and between current and prior exams of the same woman.
In addition a method should give consistent results over technical settings and
equipment from different manufacturers. Extemal validation refers to comparing the obtained density estimates to an independent reference Standard. An
example of the latter is the correspondence between volumetric measurements
on mammograms and density measurements on breast MR images.
Area based methods have mostly been validated with BI-RADS density scoring. Only a few methods have been compared to the Interactive threshold method
Cumulus38'59. Correlations between the automatically obtained breast density
measures and the Cumulus measurements were in the range of 0.70 to 0.78. Volu
metric methods have been externally validated with BI-RADS density scoring60-61,
interactive thresholding44'62, phantom measurements42-44, and measurements ob
tained on modalities that image the breast in 3D 41,62,63. For the latter, the best cor
relation reported was 0.9441. It should be noted, though, that the evaluation has
been performed on only a limited number of cases, as it is very labour intensive
to annotate dense tissue in 3D image volumes.
One major application of breast density measurement is breast cancer risk prediction. For a number of methods the association with breast cancer risk have
been assessed. So far, area based methods have been shown to give the high-
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est performance for discriminating between those who do and those who do not
develop breast cancer. Some of the automated methods have been shown to outperform traditional, manual breast density assessment30'39'64. A possible reason
for this, is that these methods also take into account textural properties of the
breast tissue. A few studies evaluated the performance of volumetric methods in
risk prediction. Volumetric measurements were both found to be related to breast
cancer risk factors65'66, and breast cancer risk58'67'68. In addition, promising results
have been obtained with a hybrid approach, in which area and volumetric based
measurements were combined67.

1.5

Thesis outline

This thesis describes several methods for quantitative analysis of breast images
on multiple modalities. The main focus of this work is segmentation of glandular
tissue in mammograms. Several techniques are presented for (improvement of)
fully automated estimation of breast density.
The outline of this thesis is as follows. Chapter 2 describes the development
of a CAD system for the detection of malignant masses in full field digital mammography. In particular it is investigated how a CAD system developed for
screen film mammography can be efficiently adapted to operate on full field dig
ital mammograms. Chapter 3 reports on the development of a method that integrates and extends different approaches to segment the dense tissue area on
mammograms. In addition an evaluation of existing segmentation strategies in
literature is performed and presented. Chapter 4 presents a fully automatic ap
proach to segment fibroglandular tissue in breast Magnetic Resonance images.
Chapter 5 describes two methods to estimate and correct mammograms for the
effect of compression paddle tilt. For both methods the automated segmentation
of glandular tissue developed in Chapter 3 is an essential step. Chapter 6 shows
the influence of tilt and its correction on volumetric breast density estimation on
mammograms. Chapter 7 shows some applications of volumetric breast density
estimation.

Utilizing SFM images in an FFDM
CAD system

Michiel Kallenberg and Nico Karssemeijer
Original title: Computer-aided detection of masses in full-field digital
mammography using screen-film mammograms for training
Published in: Physics in Medicine and Biology 2008;53(23):6879-6891
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Abstract
It would be of great value when available databases of screen-film mammogra
phy (SFM) images can be used to train full-field digital mammography (FFDM)
computer-aided detection (CAD) systems, as compilation of new databases is
costly. In this paper we investigate this possibility. Firstly, we develop a method
that converts an FFDM image into an SFM-like presentation. In this conversion
method we establish a relation between exposure and optical density by simulation of an automatic exposure control unit. Secondly, we investigate the effects
of using the SFM images as training samples compared to training with FFDM
images. Our FFDM database consisted of 266 cases, of which 102 were biopsy
proven malignant masses, and 164 normals. The images were acquired with sys
tems of two different manufacturers. We found that, when we trained our FFDM
CAD system with a small number of images, training with FFDM images, using
a five fold crossvalidation procedure, outperformed training with SFM images.
However, when the full SFM database, consisting of 348 abnormal cases (including 204 priors) and 810 normal cases, was used for training, SFM training out
performed FFDMA training. These results show that an existing CAD system for
detection of masses in SFM can be used for FFDM images without retraining.

2.1 Introduction

2.1
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Introduction

Breast cancer is the most common cause of cancer death in women worldwide1.
Nowadays it is generally accepted that early detection by screening increases the
chance of survival. Mammography is one of the best available screening tools to
detect breast cancer. However, studies indicate that many invasive breast cancers
remain undetected at screening. A substantial fraction of these imdetected can
cers were visible in retrospect on previous mammograms. Computer-aided di
agnosis (CAD) systems have been developed to aid radiologists in the screening.
These systems are able to detect and characterize breast masses and microcalcifications.
Most computer-aided detection (CAD) systems are currently developed for,
and based on screen-film mammography (SFM). In the last few years, however,
the use of full-field digital mammography (FFDM) has increased rapidly in clinical practice because of the advantages of digital storage and because digital imaging can potentially improve breast cancer detection. FFDM has many advantages
compared to SFM: In FFDM the stages of image formation can be optimized individually as image acquisition, processing and display are separated. FFDM
provides higher signal-to-noise ratio, detective quantum efficiency, and higher
contrast sensitivity than SFM. In addition, FFDM enables soft-copy reading in
which CAD is easily implemented69.
Several clinical studies researched the performance of radiologists' interpretation on FFDMs and SFMs. Pisano et al.69 found that performance was comparable for both modalities when all women were taken into account. However,
for women under the age of fifty, women with radiographically dense breasts, or
premenopausal or perimenopausal women FFDM was more accurate. Vigeland
et al.70 found that FFDM had a significantly higher detection rate for DCIS than
SFM (p<0.001). Skaane et al.71 found that FFDM enabled a significantly higher
cancer detection rate (p=0.02). Interval cancer rate was lower for FFDM than for
SFM, but the difference was not significant (p=0.35).
As FFDM is becoming more prevalent, the development of CAD systems that
can deal with FFDM images are needed. So far, two research groups have reported on the development of a non-commercial FFDM CAD system72-74. Both
systems are constructed by means of adaptations of a previously developed SFM
CAD system. Next to these adaptations, which occur mainly in the preprocessing
and prescreening stage, each system had been retrained with FFDM images to get
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the best result.

In order to develop a sound CAD system a large database containing training
samples is of paramount importance. Yet, as FFDM is not as widely used as SFM
it is difficult to collect a sufficiënt amount of malignant abnormalities. Therefore it
would be of great value when the available databases of SFM images can be used
to train FFDM CAD systems. One could for instance use a mix of SFM images
and FFDM images as a training database. Retraining the CAD system with a
small database of FFDM images would then not be necessary. In this paper we
examine the possibility of using SFM images as training images. We will focus
on masses, architectural distortions, and asymmetries. These will all be referred
to as masses in the rest of the paper.

In order to optimize the performance of the CAD system we have to ensure
that the characteristics of the test images match the characteristics of the images
with which the system is trained. As we train our system with SFM images we
develop a method that converts the FFDM test images into SFM-like representations. Key point in this conversion method is the characteristic curve which
describes the relationship between log relative exposure and optical density for
an SFM image. In a raw FFDM image pixel values are linear related to exposure
values, regardless of the type of manufacturer. Therefore, apart from a constant
scaling factor, the exposure values can be extracted from the raw FFDM images,
which can then be converted into an SFM-like representation. Parameters of the
conversion are determined for each individual image, using a method that is
inspired by the automatic exposure procedure as implemented in conventional
mammography 75-77.

Secondly we investigate the effect of using the SFM images as training sam
ples as compared to training with FFDM images. In particular we are interested
in CAD performance operating at a high specificity, as optimizing CAD perfor
mance in this range might be most useful for clinical practice. We expect that with
an identical amount of available images, FFDM training will be better. However
as FFDM databases are normally small, we determine the number of FFDM im
ages needed to train a CAD system with an acceptable performance.

2.2 Materials and methods

2.2
2.2.1
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Materials and methods
CAD-system

Our CAD system consists of four stages: (1) preprocessing, (2) scanning of masscandidates, (3) region segmentation, and (4) final classification. The details of the
system can be found in previous publications29,78-80. In the following section we
describe the essentials that are needed to understand the experiments we conducted.
In the first stage the mammogram is segmented into the breast area and the
background. In addition peripheral enhancement is applied, while in the MLO
views the pectoralis is equalized29. In the second stage four features are calculated on a regular grid with 1.6 mm of spacing. The features that are computed
are related to the presence of spicules78 and a central mass79. The spiculation
features are based on the orientation of lines in the neighborhood of the pixel of
interest. Line based orientation estimates are obtained from the output of directional, second order Gaussian derivative operators at each point in the image.
The orientation at which these operators have maximum response is selected.
The pixel orientation map that results is used to construct two operators which
are sensitive to radial pattems of straight lines. As orientations are insensitive to
changes of image contrast, this procedure makes the detection robust for differences in pixel range and contrast among manufacturers and mammograms. The
features for central mass detection are computed by a similar procedure based on
first order derivatives. The four features that result are subsequently combined
with an ensemble of five neural networks (NNI). In this way a likelihood image
is constructed. The local maxima in this image are taken as locations of interest.
In the third stage the locations of interest are used as seed points for region
segmentation. Region segmentation is based on dynamic programming80. In the
fourth stage features are calculated for each region found in stage three. In total
seventeen features are selected: seven features that were computed at the initial stage, three location features, and seven features derived from the segmented
region (region size, three contrast measures, acutance, pectoral overlap and back
ground density). An ensemble of five neural networks (NN2) is used to predict
the malignancy of the regions.
In the CAD system two (ensembles of) neural networks are used: NNI is used
to scan pixels for mass-candidates; NN2 is used to classify selected regions. Both
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neural networks are feedforward neural networks which consist of an input layer
of n nodes representing the features, where n is the number of features, a hidden
layer of eight nodes and an output layer of one neuron. The networks are trained
by means of the backpropagation algorithm, with a leaming rate rj of 0.03. Before
training, features are normalized to zero mean and unit variance using all images
in the trainingset. Each ensemble consists of five networks. The five networks
differ by their initial weights and the order at which the patterns are presented
to the training. Furthermore the number of times a certain pattern is used for
training, differs among the networks as the samples are randomly drawn from
the training database with repetitions.
The output of the networks NNI and NN2 is a real number in the interval
[0-1] indicating the likelihood of malignancy. For each network this output is
converted by a monotonously decreasing function to obtain a normality score,
which is defined as the number of false positives per image that would result
when all mass candidates (NNI) or regions (NN2) with this score or lower would
be marked. The look-up table that converts the network output into the normality
score is calculated by applying the classifier to the normal images in the training
set and determining the average number of mass candidates (NNI) or regions
(NN2) per image marked by the system as a function of a threshold applied to
the output level of the network81.
In pilot experiments we determined the optimal settings of the networks. For
NNI best results were obtained with a leaming rate of 0.03, a proportion of abnormal to normal training patterns (pafcn) of 0.01, and a training length L of 2 * 106
patterns. For NN2 we used a leaming rate of 0.01, a p„}m of 0.2 and an L of 5 * 105
patterns. The output of NNI was used to determine whether a mass-candidate
was further processed. The best results were obtained when the threshold for
further analysis was set to a normality score of 3.5. Candidates with a higher
normality score were classified as normal by the CAD system.
A free-response operator characteristic (FROC) curve was computed to mea
sure performance. Because the output of the classifier was normalized the results
of the subsets could be pooled to obtain one FROC curve representing indepen
dent test performance. Two types of FROC curves were computed: lesion based
and case based curves. For case base sensitivity it was regarded a true positive
when the malignant mass was detected in at least one view, for lesion based sen
sitivity views were treated independently. A detection was counted if the center
of a mass of the region marked by CAD was inside a true mass region. When
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the center of the CAD region was outside a true mass region a false positive was
counted. To determine the false positive rate only normal cases were considered.
The mean sensitivity in the interval between 0.05 and 0.5 false positive (FP) marks/image served as a performance measure. To avoid domination of performance
at high false positives rates the mean was calculated on a logarithmic scale using
the following equation:

(2.1)
where s is the sensitivity and ƒ the false positive rate.

2.2.2

Experiments

Data sets

The FFDM database used in this study consisted of 266 cases, of which 102 were
biopsy proven malignant masses, and 164 normals. Each case consisted of four
images: two craniocaudal views (CC) and two mediolateral oblique (MLO) views,
making a total of 1064 images. The cases were collected from two medical centres
in the Netherlands. 206 cases were collected from the Radboud University Ni
jmegen Medical Centre where they were acquired with a GE Senographe 2000D
FFDM system. 60 cases were collected from Preventicon, Utrecht, where they
were acquired with a Hologic Selenia FFDM system. The GE-system had a Csl
phosphor/a:Si active matrix flat panel digital detector with a pixel size of 100 fim
x 100 jum and 14 bits per pixel. The detector of Hologic Selenia consisted of a
photoconductor of amorphous selenium and a TFT array with a pixelsize of 70
/im and 14 bits per pixel. All FFDM images were downsampled to a resolution of
200 fim by means of bilinear interpolation.
The SFM database comprised 1362 cases, containing 552 biopsy proven ma
lignant masses (including 204 priors) and 810 normals. The cases were obtained
from multiple screening institutions in the Netherlands and they were acquired
with a variety of mammography systems. Not all cases had four views because
usually MLO views are only made at subsequent screenings in the Netherlands.
688 cases were digitized with a Canon CFS300 scanner; 674 cases with a Lumisys
85 scanner. Both scanners were operated with a pixel resolution of 50 /im and 12
bits/pixel. All images were downsampled to a resolution of 200

firn.
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In our experiments we compared the performance of FFDM training with SFM
training. For a proper comparison between both training procedures we selected
a subset of 1064 SFM images from the SFM database. In figure 2.1 the composition
of the datasets is shown with regard to the types of masses. The sets are almost
similar in composition: in both sets most of the malignant masses are spiculated
(± 40%) or ill-defined (± 40%). Both sets contain solely images with two views
and do not contain priors.
Composition of the datasets
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Figure 2.1: Composition of the datasets. The SFM set shown is a subset of the large
SFM database, which is used for the comparison of FFDM vs SFM training. The
sets are almost similar in composition: in both sets most of the malignant masses
are spiculated (± 40%) or ill-defined (± 40%).

FFDM conversion

Our first experiment dealt with the conversion between an FFDM image and an
SFM-like representation. Crucial in this conversion method is the simulation of
the acquisition procedure of an SFM image.
In screen-film mammography x rays are absorbed by a scintillator which sends
the signal as visible light to a film. After development of the film, exposure values are represented by optical density. The (non-linear) relation between optical
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density and x-ray exposure is described by the characteristic curve82. In fullfield digital mammography exposure values are collected with digital detectors.
In these systems the relation between x-ray exposure and pixel value is linear
for raw images. Because of this linear relation the conversion between an FFDM
image and an SFM-like representation can be accomplished by applying the char
acteristic curve to the raw image.
In this paper we modeled the characteristic curve by

od(E) = odmin+i +° d™*_g

(2 .2)

where E denotes the x-ray exposure, and od(E) the optical density. The parame
ters s and g represent the speed and gradiënt of the film, respectively.
For the parameter g we selected values that match the characteristic curve of the
Kodak MinR-2000 and Agfa HDR system. Effects of variation of g were studied
experimently. For odmin and odmax we took 0.18 and 3.8 respectively.
To find a acceptable value for parameter s we developed a method inspired
by the acquisition procedure of an SFM image. In SFM the optical density of
the (most dense part of the) breast is kept constant over mammograms. This is
regulated by the Automatic Exposure Control (AEC). The AEC is a device that
monitors the exposure at the image receptor level, situated under the exposed
breast. If the exposure exceeds a certain threshold the AEC sends a stop signal to
the x-ray tube, thereby ensuring that the film is not under or overexposed. With
this procedure the incident beam is adjusted to the density and thickness of each
individual breast, which ensures that the exposure values of dense tissue are kept
constant69,83,84.
Obviously, in conventional systems the speed s of the film/screen system is
fixed and the exposure time is varied. For converting an FFDM image to an SFMlike representation we have to deal with a fixed exposure time, but we can vary
the parameter s of the characteristic curve. As only the fraction E/ s plays a role in
the conversion, variations of speed and exposure time have the same end result.
In our method we mimicked the AEC by scanning the FFDM image for the
most dense part. A moving window of size Aw x Ah cm is placed on each mammogram to find the area with the smallest mean pixel value,

uaec ■ For

Aw and

Ah we took 2.0 and 4.0 cm respectively. In figure 2.2 the AEC-simulation is illustrated. In this figure the AEC-window is represented by the checked square. One
can observe that the moving of the AEC-window is restricted to a bounding box.
The position and size of the bounding box is linked to the size of the image, en-
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suring that the box is placed on the breast, while it does not touch the pectoralis.

Figure 2.2: AEC simulation: on each mammogram a moving window of size Aw
x Ah cm is placed to find the smallest mean pixel value. The moving window is
bounded by a bounding box to ensure that the breast is scanned while the pec
toralis is not hit

The minimal mean pixel value, determined by the AEC-simulation, jja e c , is used
to fit the characteristic curve to the raw image. By applying the equation
(
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jJ

.

.

(23)

the curve is shifted and thereby adjusted to the mammogram, ensuring that the
dense parts of the mammograms are represented with a constant optical density
oddes. In our experiment we used an optical density oddes of 1.2, which corresponds to the mean optical density value in dense areas in our training database.

y(od) = 4096

(2-4)

Figure 2.3 shows an overview of the conversion between a raw image and an
SFM-like representation. In the left panel the raw image is depicted of a fatty and

2.2 Materials and methods

19

a dense mammogram. For each mammogram the parameter s is calculated by
means of the AEC-simulation. In the dense mammogram the mean pixel value of
the AEC-region, (filmcurve paramater

uaec

(and thereby s)), is relatively small.

As a result the conversion curve is shifted to the left, which is shown in the middle panel. The resulting images are depicted in the right panel.
The effect of parameter g on the performance of mass detection was investigated

Figure 2.3: Overview of the conversion between a raw image and an SFM-like
representation. In the left panel raw images are shown for a fat and dense mam
mogram. For each mammogram the parameter s of the filmcurve is calculated by
means of the AEC-simulation (see fig 2.2) uaec and thereby s is relative small for
the dense mammogram. As a result the filmcurve, as shown in the middle panel,
is shifted to the left. The shifting ensures that the dense parts of the mammograms
are depicted at a constant optical density.

experimentally. In this experiment we used our CAD system trained on all im
ages in the SFM database. As a test set we used all images in our FFDM database.
To investigate the effect of the parameter g each FFDM image was converted with
the characteristic curve with gradiënt g. The converted image was then subjected
to the CAD algorithm, after which FROC curves were computed. As a perfor
mance measure the mean sensitivity was determined in the interval between 0.05
and 0.5 FP marks/image, by applying equation 2.1. As we did this procedure
for each gradiënt g we were able to determine the effect of parameter g on the
performance of mass detection.
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Training

In a second experiment we investigated the effect of using SFM images as training
samples compared to training with FFDM images. To assess the effect of the
training procedure we classified each mammogram two times. In the first case we
used neural networks trained with SFM cases; in the second case the classifiers
were trained with the FFDM images using a crossvalidation procedure. For this
purpose the FFDM dataset was randomly split for each complete evaluation cycle
in five subsets, making sure that different views of the same exam ended up in the
same dataset. The FFDM images were converted to an SFM like representation
using the method described above. In this method the gradiënt paramater g was
set to 2.0.
In order to compare SFM training to FFDM training one has to take into ac
count the number of training samples the classifiers are trained with. We expected that the number of mass training samples would have a large effect on
detection performance, so we varied the number of masses that were used in the
training. This was done by randomly selecting masses from the four subsets used
for training in the crossvalidation procedure, while keeping all normal images in
the training set. This was done for each of the five runs in the cross validation process. Note that the composition of the training set did not affect the proportion
of abnormal to normal training patterns at which the samples were presented to
the neural networks. In the neural network training procedure, this proportion,
defined as pai,n in section 2.2.1, was kept constant. The whole cycle of training and
testing was repeated eight times, in order to statistically validate the results of the
experiments. In these repetitions we varied the distribution of the images over
the partitions and initialized the neural networks with different weights. Subsequently differences in S were statistically tested using an unpaired Student t-test
with the assumption of equal variance.

2.3

Results

2.3.1

FFDM conversion

Our first experiment dealt with the conversion between an FFDM image and an
SFM-like representation using a fitted characteristic curve. To evaluate the effect
of the parameters of the curve on the performance of mass detection, the parame
ter g was varied. For each value of g CAD performance was assessed using FROC
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curves. In the experiment the CAD system was trained with SFM images.
Figure 2.4 shows the FROC curves for a range of values for the gradiënt (g)
averaged over eight runs. In the figure one can see that the CAD system is robust
for changes of the parameter within the range of 1.5 to 3.0. The performance,
measured as mean case based sensitivity in the interval from 0.05 to 0.5 FP marks/image, ranges from 77.9% (± 0.2% (standard error of the mean (SEM))) for a g
of 3.0 to 79.0% (± 0.3% (SEM)) for a g of 1.5. For a gradiënt of 5.0 the performance
is worse. The mean sensitivity in the chosen interval drops to 69.2% (± 0.5%
(SEM)). Lesion based sensitivity shows the same pattern. Again, a gradiënt of 5.0
yields the worst results with a mean sensitivity of 53.0% (± 0.4% (SEM)), whereas
at gradients between 1.5 and 3.0 the performance is best. Mean sensitivity ranges
from 60.3% (± 0.8% (SEM)) for 1.5 to 61.8% (± 0.6% (SEM)) for 2.0. In the interval
between 0.01 and 0.05 a gradiënt of 3.0 performs best.

Effect o f th e film curve gradiënt on CAD perform ance
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Figure 2.4: FROC-curves for different values of the parameter g in the fitted filmcurve. It can be seen that the CAD system is robust for changes of the parameter
within the range from 1.5 to 3.0. For a gradiënt, g, of 5.0 the performance is worse.
The curves are averaged over eight runs.

To address the robustness of the CAD system for changes in the gradiënt of
the filmcurve we inspected to what extent the feature values varied with gradiënt
changes. It was found that only one of the seventeen features in our CAD sys-
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tem, namely one of the region contrast measures, was affected by the gradiënt in
a substantial manner. For this feature a gradiënt between 2.0 and 3.0 matched the
SFM images best. Other features showed only minor changes when the gradiënt
was varied.

2.3.2

Training

Our second experiment dealt with the effects of using the SFM images as train
ing samples compared to training with FFDM images. It was found that SFM
training performed better, as shown in figure 2.5. When we trained the CAD sys
tem with SFM images the mean case sensitivity in the interval from 0.05 to 0.5
FP marks/image was 78.7% (± 0.2% (SEM)), while training with FFDM images
yielded 76.8% (± 0.3% (SEM)). Lesion sensitivity was 61.9% (± 0.2% (SEM)) for
SFM training and 59.2% (± 0.3% (SEM)) for FFDM training. Both differences were
statistically significant (p=0.0003 and p<0.0001 respectively) as determined by an
unpaired Student t-test, with equal variance. It should be remarked however that
with the same training procedures the SFM training needed more training images
(552 abnormal (including 204 priors) and 810 normal cases) to achieve this result.
In order to investigate the effect of the number of training samples further we
evaluated the effect of adding masses to the training database. The performance
of the CAD system is measured as mean sensitivity in the interval between 0.05
and 0.5 FP marks/image. In figure 2.6 the performance of the CAD system is depicted as a function of the number of masses in the training database. We found
that performance, steadily increases with the number of masses in the training
set, although it may be noted that for SFM training, the performance increase be
tween 64 and 80 mass cases is less then expected. Interestingly one can observe
that FFDM training outperforms SFM training when the system is trained with
the same number of malignant masses. For case based sensitivity this effect was
significant for 8, 16, 64 and 80 cases (p=0.02, p=0.003, p=0.0006, p<0.0001 (two
tailed), respectively). For image based sensitivity this effect was significant for 8,
16, 32 64 and 80 cases (p=0.009, p=0.001, p=0.002, p=0.0004 and p<0.0001 (two
tailed), respectively). However, when the large SFM database, consisting of 552
malignant masses (including 204 priors) and 810 normals, is used to train the
CAD system the advantage of a large database becomes clear. For both case and
lesion based sensitivity SFM training outperforms FFDM training (p=0.0003 and
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FROC curves

FP/image

Figure 2.5: FROC-curves showing performance of FFDM training versus SFM
training. The upper pair shows case sensitivity, the lower pair lesion sensitivity. The curves are averaged over eight runs. The solid vertical lines represent the
borders in between the mean sensitivity is calculated as a performance measure.
As one can observe the performance of SFM training is slightly better.

p<0.0001 (two tailed), respectively), as shown in figures 2.5 and 2.6.

2.4

Discussion and conclusion

The CAD system was shown to be robust for changes of the gradiënt parameter
within the range of 1.5 to 3.0, in the interval between 0.01 and 0.05 FP marks/im
age. In SFM the average image gradiënt (AG) is measured as the slope of the
characteristic curve for ODs from 0.25 and 2.0 above base plus fog. Typical AG
values lie between 3.0 and 4.0, which corresponds to gradients between 2.0 and
2.7 in our method85. The sensitivity of the CAD system in the interval between
0.01 and 0.05 FP marks/image was highest when values of the gradiënt are in this
range. It should be noted, though, that error bars in this area of the FROC-curve
are high, due to a low number of false positives that remain.
In previous research it was found that the proportion of malignant vs normal
cases in the training set influences the classifier output. To overcome undesirable effects of unbalanced training sets we normalized the classifier output by
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Figure 2.6: The effect of the number of masses in the training database on the
performance of mass detection and classification. The upper lines represent the
case based sensitivity, while the lower lines represent the lesion based sensitivity.
The error bars represent the Standard error of the mean. It can be seen that the
performance increase steadily while masses are being added to the training. Furthermore it can be seen that FFDM training outperforms SFM training when the
system is trained with the same number of masses. However when the full SFM
database is used, SFM training outperforms FFDM training.

a monotonously decreasing function. The look-up table that converts the network output into the normality score is calculated by applying the classifier to
the normal images in the training set and determining the average number of
mass candidates (NNI) or regions (NN2) per image marked by the system as a
function of a threshold applied to the output level of the network. Please note
that this is also a common procedure in clinical CAD systems used in practice. It
standardizes the CAD output, allowing adjustment of its specificity in a PACS en
vironment. The normality scores are not used directly as false positive rate in the
FROC curve. Instead FROC curve are computed by thresholding the normality
scores and recomputing false positives and true positives at a range of threshold
values. In pilot experiments we determined that 500 normal images is appropriate for the normalization procedure. In this paper the number of images that was
used to determine the normality score ranges from 540 to 684.
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In this study, images were used from two manufacturers. It was concluded
that the conversion method works well for both manufacturers. However, a di
rect comparison between the CAD performance on images of both imaging sys
tems was not possible as the images were taken from different patients. We expect, however, that differences are small as we designed our features to be insensitive for changes in gain, offset and pixel range. An altemative approach to
overcome differences in imaging systems, would be to transform the images to
the Standard mammogram form as introduced by Highnam and Brady40. How
ever, for this method multiple acquisition parameters should be available, as is
generally not the case in film images.
We investigated the effect of using the SFM images as training samples compared to training with FFDM images. We found that FFDM training outperforms
SFM training when a small number of mass cases was used for training. A plausible explanation for this result is the possible mismatch between the characteristics
of the FFDM database and the SFM database, which can result in problems such
as overfitting.
Possible differences can be grouped in two categories. The first category is
related to differences in lesion characteristics: it should be noted that the mammograms in our SFM set are solely cases of the screening, whereas the FFDM set
contains diagnostic images as well. In addition, the images in our FFDM set are
cases from the first screening round, whereas the SFM cases were collected from
multiple screening rounds. As a result differences can occur in breast density and
subtlety of the lesions. A second reason for a mismatch that fits in the first cate
gory is the distribution of the lesion types in both datasets. However we saw in
figure 2.1 that both sets are quite comparable with respect to lesion types.
The second category of differences deals with differences in image character
istics: First, FFDM is known to have superior characteristics compared to SFM.
Second the SFM images in our database are collected from multiple screening institutions and are taken over a range of years, whereas the FFDM cases are from
two institutions, where they were collected in a short period of time. This implies
that for SFM a large variety of filmcurves is used, whereas the FFDM images are
subjected to the same filmcurve (apart from an offset). As variation in acquisition
procedure causes a variation that is not related to the distinction between mass
and normals, one might argue that the SFM database contains more noise, which
hampers the training of a classifier.
In this study we also investigated the effect of the number of masses in the
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database on the performance of mass detection. We found that performance increases steadily while masses were added to the trainingset. This result is in
accordance with previous (simulation) studies86-90. It may be noted that in the in
terval between 64 and 80 mass cases, for SFM training the increase in performance
was less then expected. Apparently at this point the 16 extra masses do not help
the CAD system further. Possibly the 16 extra masses do not differ sufficiently
from the 64 masses in the feature space, so that the classifier is not provided
with additional information. However, when an extra amount of 620 masses are
added (i.e. when the full database of 684 malignant masses (including 256 priors)
and 1013 normals was used) the advantage of a large training database becomes
clear. When the full SFM database is used for training, SFM training outperformed FFDM training. In future experiments we will investigate the possibility
to combine SFM training with FFDM training to increase the database further.
In conclusion, this study shows that training an FFDM CAD system with SFM
images is possible and is, as such, a good alternative or extension to retraining
with FFDM images, as has been done in current systems described in the literature.
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Automatic breast density segmentation

Abstract
Mammographic breast density has been found to be a strong risk factor for breast
cancer. In most studies it is assessed with a user assisted threshold method, which
is time consuming and subjective. In this study we develop a breast density seg
mentation method that is fully automatic. The method is based on pixel classification in which different approaches known in literature to segment breast density
are integrated and extended. In addition the method incorporates knowledge of a
trained observer, by using segmentations obtained by the user assisted threshold
method as training data. The method is trained and tested using 1300 digitised
film mammographic images acquired with a variety of systems. Results show
a high correspondence between the automated method and the user assisted
threshold method. The Pearson's correlation coëfficiënt between our method and
the user assisted method is R = 0.911 for percent density and R = 0.895 for dense
area, which is substantially higher than the best correlation found in literature
(R = 0.70, R = 0.68). The AUC obtained when discriminating between fatty and
dense pixels is 0.987. A combination of segmentation strategies outperforms the
application of single segmentation techniques.

3.1 Introduction
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Introduction

Mammographic breast density, which reflects the amount of radiographically
dense tissue on a mammogram, has been shown to be one of the strongest risk
factor for breast cancer. Numerous studies have reported that in women with
high breast density the risk of breast cancer is increased 2 to 6 fold compared to
women with low breast density9'10.
Breast density can be measured in numerous ways. Currently, the most widely
used method is an interactive threshold method, in which a user first manually
segments the breast and then defines a threshold that dichotomizes the mam
mogram into dense and fatty regions9. This method, which is implemented in
the Cumulus software26, provides breast density measurements on a continuous
scale. As the Cumulus method has been used in major studies in which strong
risk associations were obtained it is currently considered to be the best way to
measure breast density91.
Despite its well established association with breast cancer risk the interactive
threshold method has several limitations. First, the semi-automatic segmentation
and labelling of the mammogram is time consuming and requires operator train
ing, making large breast density studies and clinical usage costly. Second, setting
a threshold is subjective, thereby possibly introducing observer bias. Third, due
to image inhomogeneity caused by the breast curvature, compression paddle tilt
and the anode heel effect, breast density cannot be estimated accurately by applying a simple threshold.
To overcome these drawbacks several methods have been proposed to estimate breast density and/or predict risk fully automatically. Some of these meth
ods resemble the Cumulus method by determining a threshold that is applied to
the image globally31,35,45. Other methods act more region based by incorporating
texture measurements. Examples of this latter approach include the usage of textons33'34, local binary patterns27, fractal analysis46, power spectral analysis37,38,47,
fisherfaces31,48 and features derived from the co-occurrence matrix27,49/50. In ad
dition efforts have been made to estimate the volume of dense tissue, instead of
the area of its projection40-42.
So far, only few methods have been compared to the interactive threshold
method. Heine et al.38 reported improved risk estimations for their automated
segmentation based on analysis of wavelet filtered images. However, statistical
analysis revealed that their algorithm did not perform significantly better than
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the interactive threshold method in discriminating between cancer and control
cases. Correlation between the automatically obtained measure for breast density
and the Cumulus method was relatively high (R = 0.70). Aitken et al.92 found
that on film screen mammograms percent density obtained by a threshold was a
stronger predictor of breast cancer risk than the volumetric density.
The development of automated breast density methods that perform equally
well as human observers remains challenging. One of the reasons may be that
a human observer is able to combine context, morphology and textural information, whereas previously mentioned automated methods only focus on one of
these characteristics.
In this study we develop a novel method that integrates, extends and compares different approaches to segment breast density in mammograms. In addi
tion, the method incorporates knowledge of a well trained human observer by us
ing manually segmented mammograms as training data. The method is trained
and tested on 1300 images acquired with a variety of mammography systems.
An image normalisation is introduced to ensure generalizability over image acquisition techniques and image quality.
The interactive thresholding method plays a central role in this work, as the
Cumulus threshold method is currently considered the Standard and is used in
most major epidemiological studies. Therefore in this paper results of several seg
mentation algorithms are quantitatively compared to segmentations obtained by
the interactive threshold method. In addition a method is investigated to predict
the value of the operator defined Cumulus threshold.

3.2

Materials and methods

3.2.1

Dense tissue segmentation

Dense tissue segmentation can be considered as a classification problem in which
the task is to classify the breast tissue into fat or dense tissue. In fact, most of the
proposed breast density segmentation methods in the literature can be viewed
as a classification of dense tissue based on a n-dimensional feature vector, where
n equals one in the majority of the cases. In this work we combine segmenta
tion methods by using the output of each individual segmentation technique as
a feature.
The dense tissue segmentation consists of three stages: (1) preprocessing, (2)
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Figure 3.1: Schematic overview of the dense tissue segmentation

pixel-wise feature extraction, and (3) pixel classification (see fig 3.1).
Preprocessing
In the first stage the mammogram is segmented into the breast area, the pectoral
muscle, and the background29. In addition, peripheral enhancement is applied,
to correct for thickness changes in the periphery of the breast93. The peripheral
enhancement is based on the construction of a breast thickness map, which is an
image that only contains gray level differences that are due to breast thickness. To
obtain such an image dense tissue regions are removed and an anisotropic filter
is applied to the mammogram in an iterative procedure. Of course, at this stage
we do not have an accurate segmentation of dense tissue. To obtain a rough seg
mentation of the dense tissue regions Otsu's thresholding method94 is applied.
The thickness correction is accomplished by subtracting the breast thickness map
from the mammogram and subsequently adding a constant gray level that corresponds to pure fatty tissue. This gray level value, which we call I f at in the rest of
the paper, is obtained as the minimum gray level in the interior breast zone of the
breast thickness map.
After peripheral enhancement is applied images are normalised. Due to variations in acquisition parameters, such as radiation dose, anode target material,
compression force, film material, and processing, image appearance varies from
mammogram to mammogram. Consequently image analysis is severely hampered as the same tissue composition may result in different intensity values
over mammograms. To reduce the effect of variations in image acquisition we
normalise the images intemally by using a fatty tissue region as reference:
Lenh

(3.1)

, is the normalised pixel value, I enh the original pixel value in the pe-
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ripherally enhanced mammogram, I f at an estimate of the pixel value of fatty tis
sue, and std(Ienhfi) the Standard deviation of the pixel values within the breast.

Feature extraction
For each pixel in the image we extract a number of features. The features are
listed in table 3.1.
• Location: Clusters of high density and low density tend to be located in the
same regions among different women. Pinto Pereira et al. found that highdensity areas are clustered in the central regions of the breast, whereas fatty
areas are located in the periphery95.
To capture the location we compute for each pixel the (x , y) coordinate, where
x runs from the chest wall to the nipple, and y runs perpendicular from the top
of the image to the bottom. In addition we compute the Euclidean distance to
the nipple (distnip), the skin (distskin ), and the pectoral muscle (distpect). The
nipple location is estimated by taking the skinline point that has the maximum
Euclidean distance to the pectoral muscle. In order to make the location fea
tures independent of the size of the breast and the orientation of the pectoralis,
each location feature is normalised. distnipplenorm and distpectnorm are obtained by dividing distnipple and distpect respectively by the effective radius
(reff) of the breast. The effective radius is calculated as \j^_ where A is the
size of the segmented breast region. distskinonrm is computed by dividing the
distance to the skin by the maximum of distskin found within the breast. The
features xrot, and yrot are obtained by rotating the coordinate frame. In the
rotated coordinate system the x-axis aligns with the pectoral muscle, whereas
the y-axis runs perpendicular. The origin of the coordinate frame is the point
that has the largest distance to the skin line.
• Intensity: Dense tissue is water dense and attenuates x-ray photons more than
fatty tissue, which is practically radio-transparent. As a result, the intensity
values in a mammogram are higher for dense tissue than for fatty tissue. In
tensity is therefore a key feature to discriminate between dense tissue and fatty
tissue.
Features that are computed are the pixel value in the original image (iorig), the
pixel value in the peripherally enhanced image (ien h), the pixel value in the
normalised image (inorm ), the difference between the normalised (original)
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Table 3.1: Features. A detailed description of the features is given in section 3.2.1
group

feature(s)

location

x, y, distnipple,
distskin, distpect,
xrot, yrot, distnipplenorm,
distskinnorm , distpecbnorm

intensity

iorig, ienh, inorm,
idifpectn orm , idifpect, im ed, igmm

texture

Gaussian derivatives (multiple scale (a)):
gOv, gx<T, gy<7, gxxa, gyya, gxya
Laplacian (in ROI (20mm x 20mm)):
m la, sla, gl(j, hla, al(j
co-occurrence matrix (in ROI of size s):
his
histogram (in ROI of size s):
m is/ si3, Q'i's/
power in subband:
idba, var sub, varsub99 (in ROI)

global context

automatic est. of BIRADS density (bir)
effective radius of the breast (reff)

pixel value and the median pixel value of the pectoral muscle (idifpectn orm ,
(id ifp ect)), the median pixel value of the breast tissue (im ed). Finally a feature
igm m is obtained by fitting two Gaussians, representing the fatty and dense tis
sue, to the grey level distribution of the pixels in the interior part of the breast,
where the interior part of the breast is defined as the area within the breast
with a distance to the skin larger than 0.25 cm. The two Gaussians are fitted
to the grey level distribution of the normalised image by means of expectation
maximisation35,45. The feature value is then computed by subtracting the mean
of the Gaussian that models the fatty tissue from the normalised pixel value.
• Texture: Image texture can be described as the spatial arrangement and vari
ation of intensities within an image. The texture of a region may well characterise the underlying anatomy. Texture measurements have therefore been
investigated intensively to assess breast density and/or estimate breast cancer
risk 27,31-34,37,38,46,47,49,50
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The first group of texture features is based on Gaussian derivatives. For a num

ber of scales (a) Gaussian derivatives up to the second order are calculated in
the x, y, and xy direction of the image (g()a, gxa, gya, gxx„, gyya, gxya). The
following scales are used: o = 0.2, 0.4, 0.8, 1.6 and 3.2 mm. The Gaussian
derivatives are calculated on the normalised image. In addition the Laplacian
is calculated to characterise dense tissue that appears blob like. For each pixel,
the first three central moments of the Laplacian are calculated within a ROI
centred at the pixel (mla/ sla, gla). In addition the entropy (ela), and the homogeneity {hla)96 of the Laplacian are computed. The ROI has a rectangular
shape of 20mm x 20mm. At the breast boundary the shape of the ROI changes
as pixels from the background are masked out.
The second group of texture features is derived from the co-occurrence ma
trix96. The feature we extract from the co-occurrence matrix is the homogeneity
feature (his). In general fatty tissue regions tend to be more spatial homogeneous than dense tissue regions. To build the co-occurrence matrices an ROI
is extracted for each pixel as described above. The features are calculated on
multiple scales by varying the size of the ROI. The sizes of the ROI are 2mm x
2mm, 4mm x 4mm, lOmm x lOmm and 20mm x 20mm.
The third group of texture features are obtained from the histogram of the nor
malised intensity values. For each pixel an ROI is extracted as described above.
A histogram is computed and the first three central moments are calculated,
yielding the features m is, sis, gis, where s refers to the size of the ROI. In ad
dition the entropy is computed (eis). The entropy is expected to be higher for
dense regions than for fatty tissue region, as in dense tissue regions the range
of intensity values is high due to the variation in dense tissue thickness.
The fourth group of texture features stems from the work of Heine et al.37,38.
The features are calculated on subband images, which are obtained by applying
a difference of Gaussians filter to the image. In our implementation we use
a broad Gaussian with a sigma of 3 pixels (0.6 mm), and a narrow Gaussian
with a sigma of 1 pixel (0.2 mm). In our images pixel values are proportional
to optical density. Before computing the subband images we apply a negative
exponential transfer as described by Heine et al. The feature that is obtained by
this transfer function is idba. Heine et al. observed that in dense tissue regions
the variance of the subband image is higher than in fatty tissue regions. Local
variance at each pixel is computed from lm m square ROIs. The local variance
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is than subjected to a statistical test based on %2 analysis, yielding the feature
var sub. The thresholded version of this image, where the threshold is at a value
of 0.99, is called varsub99.
• Global context: In addition to the features that are based on a pixel and its surroundings we compute features that are based on the whole image. The feature
bir represents an automatic estimation of the BIRADS density, as developed by
Karssemeijer et al.29 In short, features are extracted from grey level histograms
computed from regions with equal distance to the skin. Additional features
represent differences between tissue projected in the pectoral and breast area.
The features are classified with a classifier that is trained on a separate data set
to obtain the BIRADS density. The second feature that is based on the whole
image is the effective radius of the breast, reff.
Classification
In order to obtain a dense tissue segmentation we use a pixel classifier that is
trained on the features defined above. For training we use a separate training
set of 500 images that are manually labelled using Cumulus. The classifier that is
utilised is a neural network, which consists of an input layer of n nodes representing the features, where n is the number of features, a hidden layer of five nodes
and an output layer of one neuron. The neural network was trained using the
backpropagation rule. The leaming rate i] was set to 0.03. In the training we keep
the proportion of dense to fatty training patterns at a constant ratio of 1:1. Before
training, features are normalised to zero mean and unit variance using all images
in the training set. To improve stability of the output of the classifier an ensemble
of five neural networks is trained. The five networks differ by their initial weights
and the order at which the patterns are presented to the training. Furthermore the
number of times a certain pattem is used for training differs among the networks
as the samples are randomly drawn from the training database with repetitions.
The output of the classifiers are averaged to obtain the frnal classification.
To avoid over- and undertraining, we optimise the number of training cycles
by evaluating the trained neural network on a small number of images in a sep
arate set, which we call the stopset. By repeatedly classifying the patterns in the
stopset during training, we compute the performance of the classifier as a function of the number of training cycles. A training cycle is constituted by feeding a
fixed number of training patterns into the network. The performance of the neu-
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ral network is measured as the root mean square error. The number of training
cycles that gives the lowest mean square error on the stopset is chosen for the
actual training.
We apply feature selection to select the optimal subset from the large pool of
features. Feature selection removes irrelevant and redundant features from the
data. It may improve performance of the classification as risk of overfitting is
reduced. We use the sequential floating forward selection (SFFS) algorithm, in an
implementation described by Hupse et al.97, which is based on the work of Pudil
et al.98 and Spence et al.99. In this algorithm, addition and removal of features is
repeated altemately in a stepwise manner. Wilks' lambda100 is chosen as selection
criterion. The feature selection is done on all the images in the training set.

3.2.2

Ground truth

The Cumulus program26 is used to obtain the ground truth for the training and
validation of our method. In the Cumulus software breast density is segmented
in two steps. First the pectoral muscle and other non-breast structures are masked
out, by manually segmenting them. Then the breast density is segmented by applying two thresholds to the image. The first threshold separates the breast from
the background; the second threshold separates dense from nondense tissue.
The mammograms were segmented by one trained observer (M.L.). She underwent training by the experts in the field. With having read more that 10,000
mammograms, she is a very experienced Cumulus reader. The reading was totally blind from the computer automatic results. Mammograms were randomly
ordered in 30 batches of 57 mammograms. A test batch with 57 randomly selected mammograms was read three times at different time points between sets.
The intraclass correlation coefficients of the reader were 0.97, 0.97, and 1.00 for
the percent density, dense area, and breast area, respectively.
Unfortunately, the Cumulus software does not support the possibility to store
the segmented images. To obtain ground truth we recorded the thresholds the
user sets for each image. These thresholds were then applied to the images in a
separate program to retrieve the Cumulus segmentation. As it is not possible to
extract the entire breast segmentation from the Cumulus thresholds we applied
in house developed programs for fully automatic segmentation of the pectoral
muscle and other non breast structures such as labels. Due to this procedure the
obtained segmentations are not exactly identical to the Cumulus segmentations.
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In order to reduce the impact of the segmentation of the breast we checked
the automatic breast segmentations. A mammogram was excluded for further
analysis when the area of the automated segmented breast differs more than 6.5
cm2 from the area of the manually segmented breast. In most of these cases the
segmentation of the pectoral muscle or the segmentation of the mammographic
labels was wrong. In addition, we modified the segmentations near the pectoral
muscle. As the pectoral muscle is easily misclassified as dense tissue, small errors in the delineation of the pectoralis may lead to large errors in density estimations. Therefore pixels that were within 3.0 mm from the automated segmented
pectoralis were not assigned a truth label.

3.2.3

Evaluation

The automatic breast density segmentation is evaluated in three ways.
The first evaluation is done by using receiver operating characteristic (ROC)
analysis of the pixel classification results. An ROC curve is computed by calculating the true positive and false positive fractions for different thresholds of the
classifier output or feature value. A true positive refers here to the labelling of a
dense pixel as dense, whereas a false positive refers to the labelling of a fat pixel
as dense. The area under the ROC curve (AUC) serves as a performance measure.
Note that the ROC curve is generated by evaluating each pixel in each image. In
order to prevent that larger breasts have a larger effect on the ROC curve, and
vice versa, the ROC curves are computed from the sum of the normalised histograms of each image, instead of utilising the sum of the original histograms,
according to:
(3.2)
where h denotes the histogram, x the classifier output, c the class label, and l\
the number of pixels in the segmented breast i.
Statistical analysis is done by using the bootstrap method101,102. In this method
we resample cases with replacement for a 1000 times. Each new set of sampled
cases contains the same number of cases as the original set. For each new set we
compute the AUC, yielding a probability distribution of the AUC value. From
this probability distribution we extract the median AUC and the 95% confidence
interval.
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The second evaluation is done by comparing the area of the segmented breast
density with the area of the density measured with the user assisted threshold
method. The Pearson's correlation coëfficiënt is calculated to assess the quality
of the automatic segmentation method. As the dense tissue classifier produces a
continuous output, representing the probability that a pixel is dense, we need to
threshold the classifier output at threshold T c to obtain a dense tissue segmenta
tion.
The third evaluation is done by predicting and comparing the value of the Cu
mulus threshold. Our idea behind this experiment is that if we are able to predict
the Cumulus threshold with a high accuracy the method would be more easily
accepted by the Cumulus users. The prediction of the threshold is based on the
assumption that the values of pixels that are located at the transition between
fatty and dense tissue are a good estimate of the Cumulus threshold. Therefore
we selected pixels that are located at the border of the segmented dense tissue
regions, using the threshold Tc. Subsequently, we select the pixels in the seg
mented dense tissue area that are at a distance of 1 mm or less to the contour of
the segmentation. The median grey level of the selected pixels is then taken as
the prediction of the Cumulus threshold.

3.2.4

Study population and image data

The cases in this study were part of a case control study on the relation between
breast density and the risk on breast cancer (in preparation). The study was conducted within the Prospect-EPIC research, of which the details are given in Boker
et al.103. The data set contained 367 cancer cases and 922 normals. For the can
cer cases the median time between the acquisition of the mammogram that was
selected for this study and diagnosis was 6.5 years. The data set consisted of
1300 mammographic images. The set was randomly split in a training set of 500
images, a stopset of 50 images and a test set of 750 images. The images were obtained from the nationwide breast cancer screening program in the Netherlands.
They were acquired between 1993 and 1997 with a variety of mammography systems. The images of the data set were digitised with a Canon CFS300 scanner,
with a pixel resolution of 50 /zm and 12 bits per pixel. All images were down
sampled to a resolution of 200 /im. All images were left medio-lateral oblique
views. The mean age of the women was 57.6 (± 5.9 (std)).
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Results

In 39 out of the 750 images (5.2%) from the test set the automatic segmentation of
the breast tissue differed more than 6.5 cm2 from the breast tissue segmentation
obtained with Cumulus. In most of these cases mammographic identification la
bels covered part of the breast, making accurate segmentation of the breast difficult. Since in this work the segmentation of the breast tissue has only a facilitating
role we decided to exclude these 39 images from further analysis.
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Figure 3.2: AUC for the classification of pixels into dense or fat for five of the
most relevant features. The horizontal dashed line shows the performance of the
classifier.
Figure 3.2 shows the evaluation of five of the most relevant features. The value
of each of the features is assessed by measuring the area under the ROC curve
(AUC). Using (only) the original pixel value to segment dense tissue the median
AUC was 0.889 (95% Cl 0.876-0.901). Normalising the image according to equation 3.1 clearly improved the median AUC to 0.942 (95% Cl 0.934-0.949). The best
single feature result was obtained by using igm m , which represents the difference
between the pixel value and the mean of the Gaussian that models the fatty tissue
from the normalised pixel value. An AUC of 0.949 (95% Cl 0.942-0.955) was ob
tained using this feature. A combination of the features clearly outperformed the
individual features: the classifier that integrates all 76 features yielded a median
AUC of 0.987 (95%CI: 0.985-0.988).
Using feature selection we determined the 20 most relevant features. Ranked
in order of decreasing relevance, the features were igm m, varsub99, idifpect, miA,
varsub, gl2, e/5, si 1, distskin, sl3, mi3, ml5, bir, im ed, iorig, h ll, s ll, ei4, giA, sz4.
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Note that features are selected from each of the four feature groups. In addition
a variety of scales was selected. With the subset of 20 features classifier perfor
mance slightly decreased, however, to an AUC of 0.985 (95%CI 0.983-0.987).
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Figure 3.3: Histogram of the classifier output for both classes. For only a small
fraction of the pixels the classifier output is between 0.20 and 0.80.

The remaining experiments required a binary fat/dense segmentation. We
therefore thresholded the classifier output at threshold T c. For Tc we chose 0.75.
At this threshold the classifier has a sensitivity of 0.93 and a specificity of 0.95. We
observed that the results were robust for variations in the value of the threshold.
The robustness is caused by the fact that only a small fraction of the pixels get
a classifier output between 0.20 and 0.80 as is shown in figure 3.3. Varying the
threshold within this range only affects the label of a small number of pixels.
Figure 3.4 shows three examples of mammograms and the corresponding segmentations obtained with Cumulus and the automated method. The top and
middle row shows a typical example of a fatty and dense breast respectively. The
bottom row shows an outlier. In the latter case the segmentation of Cumulus and
the automated method differs substantially.
Figure 3.5 shows the relation between the dense area obtained with the au
tomated method and the dense area measured with the Cumulus software. The
Pearson's correlation coëfficiënt is 0.895 (95% Cl 0.879-0.909). Figure 3.6 shows
the relation for percent density. The Pearson's correlation coëfficiënt is 0.911 (95%
Cl 0.898-0.923). It can be seen that for Cumulus densities larger than 50% the
correspondence between Cumulus and the automated method is moderate. The
Pearson's correlation between the segmented breast area using the Cumulus soft-
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Figure 3.4: Three example mammograms and the corresponding Cumulus and
automated segmentation.

ware and the automatic segmentation is 0.989 (95% Cl 0.987-0.991)
Figure 3.7 shows the relation between the predicted threshold and the Cumu
lus threshold. The correlation is 0.892 (95% Cl 0.876-0.906). The preprocessing,
computation of the features and classification took around one minute per image
on a Standard PC (Intel Core 2 Duo 3.0 GHz, 3.7Gb RAM, Linux 2.6).

3.4

Discussion and conclusion

In this study we presented and evaluated methods to fully automatically segment
dense tissue in mammograms. Results showed that segmentations obtained with
our fully automatic method have high correspondence with segmentations ob
tained with the widely used Cumulus method. As such we believe that auto
matic breast density estimation is a sound altemative to the costly and subjective
manual segmentation of mammograms.
In this work we developed a novel method that integrates and extends existing approaches to segment breast density in mammograms. We showed that a
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Figure 3.5: Correlation between the automatic segmentation and the Cumulus
segmentation for dense area.

combination of segmentation strategies outperformed existing single segmenta
tion techniques. Results of the feature selection revealed that in addition to combining features from different categories also the combination of different scales
improves classification results.
We aimed at generalizability over mammography systems, image acquisition
techniques and image quality. It was found that the normalisation that was applied to each image individually (eq. 3.1) considerably improved the perfor
mance.
The correlations we found between our method and Cumulus (R = 0.911, R
= 0.895) were substantially higher than the best correlations that were reported
so far in the literature (R = 0.7038 and R = 0.6892). In addition both of the aforementioned methods showed an offset in the relation between Cumulus percent
density and automated percent density, whereas in our study such an offset is not
found. We believe that the combination of segmentation strategies and the fact
that we use a large series of manually segmented mammograms for training is a
key for improved segmentation results.
It should be noted though that above comparison is based on results obtained
on different study populations. Density distributions in these populations differ
slightly, which could potentially influence the overall results. Figure 3.8 shows a
histogram of the percent density in our population. The mean threshold density
in our population is 18.9%, which is lower than the mean threshold density in the
study of Heine et al.38 and Aitken et al.92. It appears though that in said studies
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Figure 3.6: Correlation between the automatic segmentation and the Cumulus
segmentation for percent density.

the fraction of cases with a breast density larger than 50%, in which automatic
breast density segmentation is problematic, is also small. The relative low density
is remarkable as the women in our population are younger than the women in the
studies mentioned above. Possibly a difference in hormone replacement therapy
usage plays a role104. The difference could, however, also be explained by inter
observer variability of Cumulus readings105. The latter explanation emphasises
the need for an objective breast density measurement.
We observed that for Cumulus densities larger than 50% the correspondence
between Cumulus and the automated method is moderate. In a substantial part
of these cases it is difficult to judge which segmentation is preferred (see fig. 3.4
for an example). It seems, however, that in general for extremely dense cases
the automated method tends to underestimate density. Underestimation may be
caused by the normalisation of the mammogram, which requires an estimate of
the pixel value of fatty tissue in the mammogram. In extremely dense breasts it
may not be possible to obtain a reliable location with only fatty tissue. In addition
the peripheral enhancement procedure is more difficult to carry out in very dense
mammograms. More research is needed to improve the method in these cases,
especially since in these women the risk for getting breast cancer is presumably
the highest.
The ground truth used in this study was obtained by segmenting dense tissue
with an interactive threshold. As human readers are involved these thresholds
are subjective. Previous research has shown, however, that reliability between
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Figure 3.7: Correlation between the predicted threshold and the Cumulus thresh
old

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

percent density

Figure 3.8: Distribution of the density in the study population, determined by
both Cumulus and the automated segmentation

and within readers of mammograms is good20,105. In this study we found very
high intraclass correlation coefficients for our reader (ICC > 0.95). We acknowledge that in case of image inhomogeneity a threshold might be inappropriate to
segment mammograms. In only a small fraction of the mammograms, however,
image inhomogeneity is a major problem.
The automatic breast density method has an application in many areas. Breast
density may be utilised, for instance, in clinical practice to select high risk patients, whereas the segmentation of dense tissue regions can be incorporated in
computer aided detection (CAD) schemes for the detection of breast cancer. It is
our main goal though to improve breast cancer risk prediction by incorporating
breast density into risk assessment models.
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Fully automatic fibroglandular tissue segmentation in breast MRI

Abstract
Breast density measurement is becoming important due to the relation of dense
tissue and risk for developing breast cancer. In this work we develop a fully auto
matic approach which segments all the structures of the breast to achieve a final
delineation of the fibroglandular tissue in Breast Magnetic Resonance Imaging
(MRI). The method consists of a first step based on a Bayesian framework using atlas information for the separation of the thoracic area and pectorals from
the breast. A second refinement stage by Linear Discriminant Classifier (LDA),
which uses intensity for a voxel classification, was applied improving the breast
tissues segmentations. The method was evaluated on 27 cases comparing the obtained results to manual segmentations. A Dice Similarity Coëfficiënt (DSC) of
0.75 was obtained for fibroglandular tissue.

4.1 Introduction
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Introduction

Breast Magnetic Resonance Imaging (MRI) is becoming a widely used modality
for breast cancer management, providing good tissue contrast between fibroglandular (or dense) and fatty tissues and a three-dimensional characterization of
breast composition. Segmentation of the different structures that compose the
breast is essential in order to perform an automatic analysis of such images. Re
lated to the presented work, breast tissue density has been identified as an im
portant risk factor for developing breast cancer, being four times larger in wo
men with a breast density higher than 75%, compared to those with little or no
density20. So far, only a few studies have reported breast density measurement
or delineation using M RI106,107. Most of these methods use a two-step approach,
first segmenting the breast from the body before performing the dense and fatty
tissue segmentation. It appears that segmenting the breast itself is not very easy.
Complicating factors are the variation between pectorals of different patients and
the similar intensities between the mentioned muscles and the fibroglandular tis
sue. Other works have focused on such problems delineating the whole breast108
or finding the boundary between the pectoral muscles and the breast109.
In this work we present a fully automatic multi-class two-step segmentation
algorithm for breast MRI based on a probabilistic atlas to obtain an accurate seg
mentation of the fibroglandular tissue. Atlas-based segmentation is a powerful
technique for automatic delineation of objects in volumetric images and it has
been extensively used for MR brain image segmentation110. In this study, the at
las is used in a Bayesian framework to segment five classes: pectoral muscles,
fatty and fibroglandular breast tissues, heart and lungs. This initial step allows to
segment the breast from the rest of the body. In a second step, the segmentation
of voxels previously labeled as fatty and dense tissue is refined using a Linear
Discriminant Classifier (LDA) taking advantage of the high soft-tissue contrast in
MRI.
Next sections describe the material employed (4.2), the preprocessing applied
to the volumes (4.2.1), the development of the probabilistic atlas (4.2.2) and its
incorporation in a Bayesian voxel classification framework in order to obtain the
segmentation (4.2.3). Qualitative and quantitative results are shown in 4.3 and
finally conclusions are given and discussed in 4.4.
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4.2

Materials and methods

The data set used to construct the atlas and to evaluate the segmentation results
consists of 27 pre-contrast Tl-weighted MR breast scans obtained from different
patients. Breast MRI examinations were performed on a 1.5 T system (Siemens
1.5T, Magnetom Vision), with a dedicated breast coil (CP Breast Array, Siemens,
Erlangen). The pixel spacing differed between volumes with values ranging from
0.625 mm to 0.722 mm. The slice thickness was 1.3 mm and the volume size was
512 x 120 x 256 voxels. Patients were scanned in prone position.
In order to obtain ground truth, each MR volume was manually segmented
by an experienced observer into 7 classes: background, fatty tissue, glandular tis
sue, pectoral muscles, lung area and the heart. The seventh class is the "other"
class and refers the previous non-labeled voxels of the thorax. Annotations were
done every 5-10 slices and linear interpolation was applied to obtain the com
plete labeling. When needed, and specially for heart, lungs and pectoral muscles,
accurate manual delineation was performed. For the manual segmentation of
background, fatty and fibroglandular tissue, thresholding was applied over regions of interest provided by the reader. Fig. 4.1 shows an example of a MRI
slice on an axial view and the manual delineation of the mentioned classes. One
should note the complexity of performing such ground truth annotations, where
each volume takes approximately 45 minutes in a dedicated breast MRI annotation environment.

] Lungs

■

j Fatty tissue |

j Giandutar tissue !

j Heart

j Pectoral m uscle

Figure 4.1: MR scan on an axial slice of a clinical breast MR Tl weighted volume
with the manual annotation of the different structures.

4.2.1

Data preprocessing

Because of the inhomogeneity of the breast coil sensitivity, intensity values are
corrupted. Signal intensity homogeneity is required because image artifacts can
considerably affect registration and segmentation results. For this reason the first
step of the methodology consisted of correcting inhomogeneities and variability
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between images. A bias field correction method using Mean-Shift111 was applied
to each scan. In addition, an image normalization algorithm based on histogram
matching was applied to each volume in order to compensate for inter-patient
signal intensity variability.

4.2.2

Construction of the atlas

Since neither previous work in atlas-based segmentation for the delineation of
breast structures exists nor public breast MRI probabilistic atlases are available in
the literature, a probabilistic atlas was built in this work. The main challenge of
this step was to obtain an accurate probability distribution for the pectoral and
the thoracic area to discriminate between the pectoral muscles and the fibroglandular tissue, which have similar signal intensity values. Following a leave-oneout evaluation strategy, for each patiënt segmentation, a full probabilistic atlas
was built with the 26 remaining patients. These 26 patients and their segmenta
tions were mapped into the same reference space and the probabilistic atlas was
created by computing the frequency with which each location was labeled as a
specific organ. A common reference space was used for all the experiments by
selecting an extra patiënt that was not included in the evaluation data set. This
extra image became the anatomical image of the atlas. The final smooth prob
abilistic atlas was obtained using a 3D Gaussian convolution with a = 7 mm.,
which empirically appeared to be the best value to remove the probability distributions irregularities.
The mapping is composed by three different stages: initially the stemum of
every patiënt is automatically localized and is used as a landmark to apply a
first translation transform. As it is shown in figure 4.2.a the stemum is local
ized between both pectoral muscles. Hence, by accurately localizing the sternum, the pectoral muscles can be aligned. For the sternum landmark detection,
we observed that the pectoral muscles border appears as the edge with maxi
mum positive gradiënt in y direction. Taking advantage of this observation we
implemented a first-derivative-based filter to detect the landmark point. Given
an MR volume v, the first derivative volumes vx = j^Gai (v), vy = ^ G CT2(i),
v z — j ~ G a3 ( v )

scales: o\ =

were computed in each direction at different isotropic Gaussian
= 5 and a2 = 1 mm. The final output s is given by the subtrac-

tion of vy — (vz + vx) in order to obtain higher values for the voxels that are on a
strong edge in y direction. Figure 4.2 shows an example of the output. Finally,
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a search focused in a 3D region of interest (ROI) centralized on the volume was
done computing the average y-coordinates where the output s is maximum.

Z.:I

X
\
(a)

(b)

Figure 4.2: (a) MRI axial slice, with the sternum indicated with a cross, and (b) the
output obtained applying the filter to detect the sternum point with 3D ROI.

The second mapping step consists of an affine registration focused on a Vol
ume of Interest (VOI) of the upper part of the volume delimited by the sternum
landmark to compensate for global differences of position and scale. The breast,
which is a structure with high shape variability, is not considered here because
it could mess up the thoracic cavity. Finally, a non-rigid registration based on
B-Splines112 was performed to the whole volume to minimize inter-individual
variability in the shapes of the anatomical structures. The similarity measure
maximized by the framework was Mutual Information (MI) in a multi-resolution
scheme, using a stochastic gradiënt descent optimizer. For non-rigid registration,
B-spline grid spacing of 32,16,10 and 8 mm was used for each of the 4 resolutions
respectively. Elastix113 was used for the implementation.

4.2.3

Segmentation

As we mentioned previously, the atlas is used to segment the anatomical struc
tures of the breast MRI image in a first segmentation step based on a Bayesian
framework. The approach is based on the work of Park et al.114. Figure 4.3 shows
the general schema of the segmentation framework with Bayesian voxel classification algorithm incorporating the use of the probabilistic atlas. Note that, in
order to reduce the number of voxels to be segmented, a region growing algo
rithm was initially applied slice by slice for a first approximation of the back
ground segmentation. A morphological dilation filter with scale 5 x 5 mm was
also performed to remove the skin line between the background and the breast.
In the following the true label image (the segmentation or set of labels) is denoted by X and the image (data set of intensity values) is denoted by Y . Elements
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Figure 4.3: Voxel classification algorithm overview: from top to bottom, the la
bels of the probabilistic atlas are mapped onto target image space {T } using the
anatomical image of the atlas. The probabilistic atlas, the tissue models and the
target are provided to the Bayesian framework as a prior probability P{X), conditional probability P(Y\X) and set of intensity values Y, respectively. The Bayesian
framework estimates the segmentation X that maximizes P(X)P(Y\X). Finally,
LDA reclassification is done into the breast area defined by the sternum landmark.
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of X and Y are arranged by a spatial position denoted by i e I, where I is the
simple index (x, y, z) in a 3D rectangular grid. Sample space of X is denoted ü x
where ü x = {x : Xi e {1 ,2 ..... 7}, Vi e /}. Labels 1-7 are background, fatty tis
sue, glandular or dense tissue, heart, lungs, pectoral muscles and "other" label
respectively.
Segmentation can be formulated as the problem of estimating the label X that
best explains the given observation Y according to some cost function. As a decision rule, MAP (maximum a posteriori) was chosen. Using Bayes theorem, the
posterior probability to be maximized can be written as P (Y \ X )P (X ). The probability distribution P (Y\X ) of the image Y , given a particular segmentation X ,
was specified by signal intensity tissue models directly built from the scans and
manual segmentations of the data set. For each structure, a histogram of inten
sity values was computed from the corresponding voxels in the MRI volumes,
using the manual segmentations. The probability distribution P (X ) is given by
the probabilistic atlas once it has been mapped onto the target space using the
same registration procedure used in its construction. A Markov Random Field
(MRF) regularization is included to smooth the segmentation taking into account
neighbourhood information.
In addition, a Linear Discriminant voxel Classification (LDA) based on inten
sity is performed to refine the segmentation of the fibroglandular tissue. The
use of the atlas in the Bayesian approach gives reasonable segmentations for the
thoracic area (lungs and heart), for the pectorals and for fatty tissue near the axillas, where the bias field is still present. However, since the fibroglandular tissue
shows a high inter-patient variability which, in turn, induces larger registration
errors in the breast area, the use of the probabilistic atlas framework for fibrog
landular tissue leads to poor results compared to other classes such as pectoral
segmentation. Hence, the segmentation refinement using a LDA classifier is per
formed focusing on the voxels located anterior to the sternum landmark and is
based on reclassifying the voxels that were labeled as fatty or fibroglandular tis
sue in the first Bayesian step.

4.3

Results

In a leave-one-out experiment we evaluated the obtained segmentations with and
without using the second breast refinement step (LDA classifier). The quality of
the segmentation was measured by determining the similarity of the segmenta-
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tion with the ground truth. For all the cases manual annotations were done in
order to discard in the evaluation initial and last slices which do not contain rel
evant information or are clearly affected by noise. As a performance measure the
Dice Similarity Coëfficiënt (DSC) was chosen. Figure 4.4.a shows a box plot with
DSC values for the patiënt segmentations of each organ. Segmentation results for
heart (H), lungs (L) and pectorals (P) (DSC medians of 0.76, 0.83 and 0.74) do not
change in the second step and they are not shown. DSCs values for segmentations
of fatty and fibroglandular tissues (0.91 and 0.75 respectively) show that adding
the second step based on breast LDA reclassification to the Bayesian framework
(2) outperforms the first Bayesian step (p-values < 0.05, two-sided paired t-test).
Overall, final segmentation results can be considered satisfactory for dense tissue
and also for the other structures (normally a DSC > 0.7 is considered to be an acceptable segmentation115), which is illustrated by Fig. 4.4.b, where intermediate
slices and their segmentations from 3 different patients are shown.

(a)

(b)

Figure 4.4: Segmentation results: (a) Box plot with segmentation DSC values for
each tissue after Bayesian approach step (1) and after the second LDA refinement
step (2), and (b) intermediate slices from 3 different patients and their segmenta
tion using Bayesian approach + LDA refinement.

Focusing on the breast tissue, the main goal of this work, another evaluation
criteria was used in order to analyze in detail where the misclassification errors
are. Confusion matrices are shown for each of the experiments (see Tables 4.1.a
and 4.1.b). Each cell (j, k ), where j and k are the structures analyzed, shows
the percentage of j voxels of the ground truth labeled as k in the segmentation.
Background (B) and "Other" (O) classes are also shown.
There are two important aspects related to the the fibroglandular tissue seg
mentation: misclassification errors between dense and fatty tissue and errors be-
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tween the dense tissue and pectoral muscles. Referring to the former, an improvement is observed. In the first framework, 44% of the voxels labeled in the
ground truth as fibroglandular tissue are labeled as fatty. The LDA refinement
decreases this percentage until a more acceptable 17%. For the differentiation be
tween pectorals and dense tissue, both tables show that 7% of the voxels that are
dense (groundtruth), are classified as pectoral by our method. However, only 1%
of pectoral voxels are classified as dense.
Table 4.1: (a) Confusion matrices for Bayesian Classification approach using atlas
and (b) for Bayesian classification approach using atlas + LDA for Fatty (F), Dense
(D), Heart (H), Lungs (L), Pectoral (P), Background (B) and "Other" (O) classes.
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Discussion and conclusion

In this work we have presented a framework for fully automatic segmentation of
fibroglandular tissue, using atlas information for the separation of the breast and
the body Firstly we constructed a probabilistic atlas by registering 26 patiënt data
sets onto a single patiënt. Thereupon, we integrated it into a Bayesian framework
with MRF regularization for segmentation of breast MRI structures, including a
second step to refine the dense tissue segmentation by LDA.
Reasonable DSC medians of 0.76, 0.83 and 0.74 for heart, lungs and pectoral
muscles were obtained respectively. For pectoral muscle segmentation, interobserver variability was assessed by computing DSC values for 3 viewers using
8 manual segmentations from different patients. Median of 0.77 was obtained,
close to the value given by our method. However, since the high variability of
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the dense tissue between patients, almost half of this tissue was segmented as
fatty because the atlas-based method is not suitable to segment the fibroglandular tissue, due to its highly variable spatial distribution. The second step refinement on the breast area by LDA has been shown as important outperforming the
fatty and fibroglandular tissues segmentation given by the Bayesian classification
approach.
Further research will be focused on solving the problems we found that af
fect the pectorals and fibroglandular tissue segmentation results. We observed
that incorrect pectoral muscles segmentation are given by the probabilistic at
las which does not overlap correctly with the pectoral area in cases which are
really different compared with the reference selected space. Other registration
algorithms and reference space selection methods will be studied. Concerning
the breast delineation, skin folds which contain air are also segmented as dense
tissue. This causes lower DSC values in fatty breasts since the number of false
positives are much higher than the true positives. Future approaches will also
take into account the segmentation of these areas separately.
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Abstract
During the acquisition of a mammogram the breast is compressed between the
compression paddle and the support table. When compression is applied the
upper plate is tilted which results in variation in breast thickness from the chest
wall to the breast margin. Variation in breast thickness influences the grey level
values of the image and hampers image analysis, such as volumetric breast den
sity estimation. In this paper we present and compare two methods that estimate
and correct image tilt. The first method estimates tilt from fatty tissue regions.
The second method is based on the entropy of the grey level distribution of the
image. Both methods use a classifier that distinguishes fatty areas from dense tis
sue based on texture features independent of tilt. The tilt correction methods are
evaluated by assessing their accuracies in estimating artificial tilts that are added
to images that are known to have only a small tilt. On average both methods are
able to estimate the artificial tilt. To the best of our knowledge this is the first
paper that presents and validate tilt correction methods on individual mammo
grams.
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Introduction

X-ray mammography is the modality of choice for breast cancer screening due
to its effectiveness, low-cost, and high specificity for early breast cancer detec
tion. Randomised controlled trials showed that breast cancer screening by mam
mography reduces breast cancer mortality in women over age 50 by 25-30%2.
The success of screening mammography depends on the perception of small and
sometimes subtle lesions. High image quality is mandatory to achieve adequate
results.
Breast compression, in which the breast is compressed between the compression paddle and the support table, is an essential component in the production of
an optimally diagnostic mammogram84. Compression of the breast reduces the
required radiation dose and increases image quality by reducing the amount of
scattered radiation. In addition it spreads apart overlapping tissue, allowing for
a reduction of false negative findings.
Recently compression paddles have been developed that are especially designed to tilt during compression (see fig 5.1). The tilt of the compression paddle
may lead to variation of the breast thickness up to 2 cm from the chest wall to the
breast margin. It is seen in almost all mammography systems54,116,117.

Figure 5.1: Example of a compression paddle that is designed to tilt during com
pression

Variation in breast thickness results in intensity inhomogeneities in the mam
mogram. A tilt of the compression paddle manifests itself as a smooth bias field
that distorts the image. For a visual examination, the presence of a bias field
does not seem to be a big problem, since human observers are quite insensitive
for slow trends. However, for computerised image analysis such as breast den
sity segmentation, the presence of a bias field can significantly hamper accuracy
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and reliability because the same tissue composition may have different intensity
values within a mammogram.
Paddle tilt has also been recognised as a problem in volumetric breast density
estimation methods. It has been shown that small fluctuations of the breast height
leads to large variations in the estimated breast density40,54,116,118. At our institute
we have collected a database of over 100,000 mammogram images to study the
relation between breast density and breast cancer. However, the images were
recorded with a Hologic Selenia FFDM system that contained the F.A.S.T. paddle
which is a paddle that is designed to tilt during compression (see fig 5.1). In order
to accurately estimate the volumetric breast density of the images in our database
the effect of the paddle tilt needs to be removed.
It would therefore be of great value if compression paddle tilt can be estimated
to accurately correct mammograms. In this work we present and compare two
methods that estimate and correct the tilt on an image based level.

5.2

Materials and methods

Two methods are presented for paddle tilt correction. The first method estimates
tilt from fatty tissue regions. The second method is based on minimisation of
the entropy of the grey level distribution of the image. Both methods require a
segmentation of dense and fatty tissue.

5.2.1

Segmentation dense and fatty tissue

First the mammogram is segmented into the breast area and the background29.
Subsequently, dense and fatty tissue are segmented, based on a pixel classification
method we developed in previous research119. In this method we extract for each
pixel textural and location features. As the image is corrupted by a smoothly
varying bias field we compute only features that are relatively insensitive to low
frequency components and features that are invariant to an offset in intensity
value. The textural features we compute are obtained by filtering the image with
a Laplacian at multiple scales. The following scales are used: o = 0.2, 0.4, 0.8,1.6
and 3.2 mm. The first three central moments and the entropy of the Laplacian are
calculated within a ROI of 20 x 20 mm centred at the pixel. The location features
measure the distance to the nipple and the distance to the skin. The features are
combined by a classifier to obtain for each pixel a likelihood of being dense tissue.
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The classifier that is utilised is a neural network which is trained on a separate
training set. Fig 5.2 shows an example of a mammogram and the corresponding
output of the pixel classifier.

(a)
Mammogram
with tilt of 5.47 deg

(b) Likelihood image
for dense tissue

Figure 5.2: Segmentation of breast tissue into fat and dense tissue
To obtain a fat/dense segmentation we threshold the obtained likelihood im
age. As both tilt correction methods depend on the homogeneity of the tissue
classes we ensure that we include only pixels that are likely enough to belong to
either one of the tissue classes. That is, for the fatty tissue class we threshold the
likelihood image at 0.30, whereas for the dense tissue class we set the threshold at
0.70. In order to compensate for the partial volume effect we exclude pixels that
are closer than 2.0 mm to the border of the dense tissue regions. In addition we
exclude isolated fatty tissue regions that are smaller than 0.10 cm2.

5.2.2

Tilt correction method 1: Estimating tilt from fatty tissue
regions

The first tilt correction method estimates the breast thickness along the x direction
of the mammogram by measuring the distribution of pixel values of fatty tissue
as a function of x, where x runs from the chest wall to the nipple side.

If

=

I0e

(5.1)

62

Compression paddle tilt correction in full field digital mammograms

with I0 the X-ray exposure of the incident beam, h the breast thickness,

the

effective attenuation coëfficiënt for fat tissue, and /ƒ the exposure at the detector
of an X ray beam that is exclusively attenuated by fatty tissue.
In raw FFDM images pixel values are proportional to exposure. If we logtransform the image we obtain
yf = ln g lf

=

]ng + ln/0 -

dVf
dh

(5.2)

with g the gain.
In the interior zone of the breast, where the breast is fully compressed, the
thickness of the breast can be modeled by a linear function of x, according to54,116
tx + b
Ah
Ax

h
t

(5.3)

in which t is the tilt. (see fig 5.3)

Figure 5.3: Schematic representation of the tilt

Combining eq. 5.2 and eq. 5.3 yields
t=

dyf __1
j
(IX

-

ff

(5'4)

The tilt angle (cc) between the compression paddle and the support table can be
computed by
,dyr 1
a = arctanf—---------- )
dx Lif ,eff

(5.5)

We try to estimate ^ by evaluating the pixel values in fatty tissue regions (y/)
as a function of x. Next ^ is obtained by fitting a regression line through (x,y f ),
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after which the tilt angle is calculated according to equation 5.5. In this paper we
take a fixed value of 0.5 cm- 1 120 for the effective linear attenuation coëfficiënt of
fat

Figure 5.4 shows an example illustrating the method.

X (cm)

(b)

Figure 5.4: In the interior of the breast pixel values of fatty pixels are measured.
The right graph shows the fit of the regression line. An artificial tilt of 5.47 deg was
added to the image. The tilt that is estimated (5.80 deg.) is close to the artificial tilt
of 5.47 deg. The mammogram is the same as the mammogram in figure 5.2.

As in the periphery the breast is not fully compressed, the computation of yj
is restricted to the interior of the breast. The interior of the breast is defined as
the area in which the distance to the skin is larger than the half breast height. (see
fig 5.4a, and fig 5.11). In addition noise is reduced by filtering the image with a
median filter.
In very dense breasts it is hard to find a region of fatty tissue that is large
enough to estimate tilt correctly. In these cases the method cannot be applied.
If the spatial distribution of fatty tissue regions is less wide than 2.0 cm or if
the percentage of fatty tissue is less than 15% the method rejects the image. In
addition the method rejects the image when the estimated tilt angles are out of
the range -5.0 deg. through +15 deg..
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5.2.3

Tilt correction method 2: Estimating tilt by minimising entropy

The second tilt correction method is based on the entropy of the grey level distri
bution of the two tissue classes. In the distribution of a tilt corrected image the
peaks of the fatty and dense tissue are relatively narrow, which is reflected in the
entropy computed by
71

HC{X ) = - ^ T p c(xi) log2 pc(xi)

(5.6)

i= 1

with H (X ) the entropy of the distribution, p(xj) the probability that a pixel has a
grey level x in bin i, n the number of bins, and c the tissue class.
The entropy of both tissue classes is combined by a weighted averaging according to

C = WfHf + (1 - wf )H d,

Wf G [0,1]

wf = - J E r ~

qpf +Pd

with C the weighted average,

<5-7)

the weight factor for the entropy of the fatty

tissue class, Pd the fraction of the breast tissue that is segmented as dense tissue,
Pf the fraction of fatty tissue, and q a gain factor for the fatty tissue class. The

gain factor q is introduced as the grey level distribution of the fatty tissue class is
more informative than the grey level distribution of the dense tissue class. The
thickness, and hence the intensity, of dense tissue is heterogeneous, which can
interfere with the effect of tilt. The gain factor was set to 5.0 based on results in
pilot experiments.
To estimate the tilt of an image, C is computed as a function of (a) in an iterative procedure. For a given value of a C is computed by correcting the image
using equations 5.1 to 5.5 and subsequently applying equation 5.6 and 5.7. The
tilt that gives the minimum averaged entropy is taken as the estimated tilt of the
image. Figure 5.5 illustrates the method.
In very dense breasts it is difficult to obtain an accurate estimate of the tilt as
the weighted entropy (C ) relies strongly on the entropy computed in the fatty
tissue class. If the percentage of fatty tissue is below 15% the methods rejects the
image. In addition an image is rejected when no minimum is found within the
interval -5.00 to 12.90 deg..
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Figure 5.5: Grey level distributions and entropy for a series of potential tilts for
the mammogram shown in fig. 5.2 and 5.4. The minimal entropy is found at a tilt
of 5.40 deg. which is close to the artificial tilt of 5.47 deg. that was added to the
image.

5.2.4

Validation

Artificial tilt
The tilt correction methods are evaluated on images recorded with a GE Senographe 2000D and a GE Senographe DS. As these systems contain a paddle that is
relatively rigid, the images are expected to have only a small tilt54,116. By adding
an artificial tilt to each image according to the tilt model described in the ap
pendix we can obtain a series of images with known tilt angles. Consequently we
can compare the proposed methods by assessing their accuracies in the estimation of the artificial tilt.

Tilt estimation on different data sets
To further validate both methods we apply the tilt estimations on two different
data sets. The first data set consists of mammograms that are recorded using a
rigid paddle. The second data set contains mammograms that are recorded with
the EA.S.T. paddle, which is a paddle that is designed to bend during compression. From measurements done in previous research116 we have an estimate of the
average tilt that can be expected in both of the data sets. We compare the average
tilt estimations of the proposed methods to the figures known from literature.
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5.2.5

Database

The first database used in this study contained 200 right cranio caudal images of
200 women. The mean age of the women was 60.1 (± 8.1 (std)) years. 139 images
were acquired on a GE Senographe 2000D and 61 on a GE Senographe DS. Both
systems were operated with Standard clinical settings, including the use of an
anti-scatter grid. The images were acquired between 2003 and 2010. For each
image the BI-RADS density was determined yielding a mean BI-RADS density of
1.6. The BI-RADS density scoring was done by one experienced observer (M.K),
independent of the results of the tilt correction algorithms. The tilts that were
simulated on the images were homogeneously distributed in the range of 0.00 to
8.53 deg. which is the range that is observed in clinical practice with the F.A.S.T.
paddle116.
The second database consisted of 400 cranio caudal images of 400 women. The
mean age of the women was 58.6 (± 7.5 (std)) years. The images were recorded
with a Hologic Selenia FFDM system that contained the F.A.S.T. paddle. The
images were acquired between 2003 and 2008.

5.3

Results

5.3.1

Artificial tilt

To evaluate both tilt correct methods we determine their ability to estimate the
(artificial) tilt angle. Figure 5.6 shows a histogram of the difference between
the estimated and artificial tilt angle for both methods. The histograms that are
shown throughout this paper are smoothed with a Gaussian kemel with sigma =
3 bins (1 bin = 0.1 degree). It can be seen that on average both methods are able
to estimate the artificial tilt. The median difference is -0.01 deg. for method 1 and
0.07 deg. for method 2. The median absolute deviation, a robust estimator of the
variability of the data121, is 0.90 deg. for method 1 and 0.91 deg. for method 2.
Figures 5.7 and 5.8 show in a scatter plot the relation between the artificial tilt
and the estimated tilt for tilt correction method 1 and 2 respectively. The images
that are rejected are excluded from the plot. It can be observed that both methods
have comparable performance and that the error in the tilt estimation is unrelated
to the artificial tilt that is simulated.
To quantify the performance of both methods we compute the Pearson's cor
relation coëfficiënt between the artificial and the estimated tilt. Table 5.1 shows
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Figure 5.6: Histogram of the difference between the estimated tilt angle and the
real tilt angle
the results for each BI-RADS category, before and after rejection of the images
according to the rejection criteria. Tilt correction method 1 rejects in total 39 im
ages (19.5%), whereas method 2 rejects 38 images (19.0%). In most of these cases
rejection is caused by a high breast density. For the rejected images the average
BI-RADS density is 3.13 (± 0.89 (std)). After rejection the correlation is 0.84 (0.780.88 (95% Cl)) for method 1 and 0.84 (0.79-0.88 (95% Cl)) for method 2.

a rtific ic a l tilt a n g le (deg.)

Figure 5.7: Scatter plot showing the relation between the artificial tilt and the tilt
that is estimated with tilt correction method 1.
We also evaluate the importance of the dense tissue classification. Especially
for method 2 the segmentation of the image into two tissue classes might not be
necessary. That is, one could also consider computing only one entropy measure
per image, instead of computing the entropy per tissue class. In addition segmen-
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artifieical tilt angle (deg.)

Figure 5.8: Scatter plot showing the relation between the artificial tilt and the tilt

that is estimated with tilt correction method 2.
Table 5.1: Performance of both tilt correction methods for each BI-RADS density

category. Listed are the the Pearson's correlation coefficients between the artificial
and the estimated tilt including and excluding the rejected images.

met. 1 (incl.)
n reject.
met. 1 (excl.)

BI-RADS 1
n = 77 (38.5%)
0.74 (0.62-0.83)
2 (2.6)
0.90 (0.85-0.94)

BI-RADS 2
n =54 (27.0%)
0.79 (0.66-0.87)
7 (13.0)
0.84 (0.73-0.91)

BI-RADS 3
n = 41 (20.5%)
0.80 (0.65-0.89)
14 (34.1)
0.85 (0.70-0.93)

BI-RADS 4
n = 28 (14.0%)
-0.03 (-0.40-0.35)
16 (57.1)
0.54 (-0.05-0.85)

all
n = 200 (100%)
0.42 (0.30-0.53)
39 (19.5)
0.84 (0.78-0.88)

met. 2 (incl.)
n reject.
met. 2 (excl.)

0.87 (0.80-0.91)
1 (1.3)
0.89 (0.84-0.93)

0.82 (0.71-0.89)
7 (13.0)
0.86 (0.75-0.92)

0.78 (0.62-0.88)
14 (34.1)
0.84 (0.67-0.92)

0.43 (0.07-0.69)
16 (57.1)
0.59 (0.02-0.87)

0.75 (0.68-0.80)
38 (19.0)
0.84 (0.79-0.88)

tation of dense tissue does not seem to be required in fatty breasts (i.e. images
from BI-RADS category 1). To assess the importance of the segmentation step
we compare for method 2 the correlation coefficients between the artificial and
the estimated tilt with and without dense tissue segmentation. Without segmen
tation the correlation decreases from 0.75 (0.68-0.80 (95% Cl)) to 0.63 (0.54-0.71
(95% Cl)). This effect is statistically significant (pcO.OOl, two tailed z-test com
paring correlated correlation coefficients122).

5.3.2

Tilt estimation on different data sets

In the second experiment we applied both methods to estimate the tilt on two
different data sets. The images of data set A were recorded using a rigid com
pression paddle, whereas the images of data set B were recorded with a paddle
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Figure 5.9: Distribution of the estimated tilt on data set A and data set B as determined with tilt estimation method 1 and 2.

that tilts during image acquisition. Figure 5.9 shows histograms of the estimated
tilt angles for both methods in data set A and B. For method 1 the median tilt
angle is 0.27 deg. (±1.49 (std)) for data set A, and 2.08 deg. (±2.35 (std)) for data
set B. For method 2 the median tilt angles are 0.30 deg. (±1.46 (std)) and 2.39 deg.
(±2.45 (std)) respectively.
Method 1 rejects 41 (20.1%) and 23 (5.8%) images, and method 2 rejects 39
(19.5%) and 17 (4.3%) images for data set A and B respectively.

5.4

Discussion and conclusion

We presented and validated two methods to estimate and correct compression
paddle tilt. Results showed that both methods can be used to estimate the tilt with
a reasonable accuracy, although especially in very dense breasts an estimation of
the tilt angle was not always possible.
Due to the design of our experimental validation the accuracy of both tilt es
timation methods is slightly underestimated. In our evaluation we simulated tilt
on mammograms that were expected to contain only a small tilt themselves. To
validate this assumption we measured the tilt angle with a compressible phantom on the mammography system used in this study. We observed that the com
pression paddle does tilt markedly during compression. The tilt of the paddle
was not constant, but varied as a function of compression force and size of the
phantom. In this study we used two mammography systems over an extended
period of time, which may also contribute to a variation of paddle tilt. Variation
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of paddle tilt introducés noise on the ground truth, which may well lead to an
underestimation of the accuracy.
An other factor that influences the ground truth, and hence the estimation of
the accuracy, is the calibration of the mammographic detector. To compensate
for device inhomogeneities and the heel effect flat field correction algorithms are
applied. Flat fielding calibration is performed under only one set of conditions
(e.g. target/filter combinations, or breast thickness), while imaging is done under
different sets of conditions. If calibration and imaging conditions do differ the
flat field procedure may in fact generate a bias field which will affect the ground
truth123'124.
An example of a mammogram that presumably contains an intrinsic tilt is
shown in figure 5.10. Although we did not add an artificial tilt to the image tilt
estimation method 1 measures a tilt of 5.3 deg. It seems that in this example the
difference between the estimated tilt angle and the "real" tilt angle is not caused
by inaccuracy in the estimation method, but by "noise" in the ground truth.

(a) Original

(b) Fit method 1

(c) Corrected

Figure 5.10: Outlier of data set A. Tilt method 1 measures a tilt angle of 5.3 deg,
while the ground truth for this image is 0.0 deg. It seems though that in this
particular example the tilt angle of the original image is not exactly 0.0 deg. Even
in images recorded with a rigid paddle a small tilt may be present, which may
lead to an underestimation of the accuracy of both tilt correction algorithms.

Factors that may hamper both tilt correction methods are X ray scatter125, and
image artefacts126. In addition tilt can be present in the direction parallel to the
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chest wall, although tilt in this direction is relatively small116. In practise there
is room for improvement of the accuracy of both methods. For instance it could
be investigated if tilt estimation is improved by applying scatter removal algorithms. One could also introducé a prior of tilt angle distributions to the cost
function shown in equation 5.7, if the characteristics of the compression paddle
at hand are known. We are not able to evaluate this latter idea, though, as in the
experiment the tilt angle is unknown to both algorithms.
In our second experiment we found a clear difference between the estimated
tilt angles for the data set with the rigid paddle and the data set with the flexible
paddle. This result supports the hypothesis that in mammograms recorded with
a flexible paddle tilt is a significant problem. The estimated tilt angles are of the
same size order as the tilt angles reported in literature116.
In current work only craunicaudal views are used because simulating of tilt is
easier to perform in these views. The main reason for this is that the semi-circle
model might be more appropriate for craunicaudal views than for mediolateral
oblique views. As such we think that the simulated mammograms are more realistic. We believe though that there is no theoretical reason why the method
should not work on mediolateral oblique views.
In this work we took a fixed value for the effective attenuation coëfficiënt of
fat. As such we did not model its dependency on factors such as kVp, filtration,
breast size and composition. In the first experiment the usage of a fixed coëfficiënt
does not affect the results because the value of the coëfficiënt effectively cancels
out, as it appears both in the generation of the simulated mammograms and the
estimation. In the second experiment, however, we use real mammograms, for
which we do not control or know the effective attenuation coëfficiënt. As a result
uncertainty is introduced in the estimation of the absolute value of the tilt angle
as can be deduced from equation 5.5. It should be noted though that it is not
our main goal to estimate the absolute value of the tilt angle directly; our main
interest is to correct the resulting bias field in order to obtain a more reliable breast
density estimation. For both methods image correction is not affected by the
effective attenuation coëfficiënt of fat.
It appeared that the performance of both tilt correction methods is similar.
We found a high correlation between the estimated tilt angles of both methods.
Part of this high correlation may be attributed to the fact that both methods use
the same dense tissue segmentation. As the method 2 is computationally more
expensive we prefer method 1.
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Figure 5.11: Schematic representation of the tilt model. A description of the model
is given in the text.

One of the applications for which tilt correction is an essential element is volumetric breast density estimation. An accurate estimation of the breast density is
important, as breast density is one of the major risk factors for developing breast
cancer9,10. The effect of paddle tilt on the density measurements is presumably
not the same for each BI-RADS density category. We expect that the effect will be
the strongest in fatty breasts as in these breasts the bias field that is caused by the
tilt is easily misinterpreted as a dense tissue component. For women with fatty
breasts the tilt of the paddle may therefore shift the women's risk profile from low
to high. For women with dense breast an overestimation of the breast density is
not of crucial importance though. We argue therefore that it is not very critical
that in very dense breasts tilt can not be estimated well.

Appendix: Tilt model
In this work the 3-D shape of the breast is modeled with a semicircle model55.
The breast is divided into two areas: (1) the interior area, in which the breast is
fully compressed, and (2) the peripheral zone, in which the breast has no contact
with the compression paddle and detector platform (see fig. 5.11).
Table 5.2 shows a mathematical representation of the breast height in each of
the areas. First we describe the situation in which the compression paddle is not
tilted. The breast height in the interior area is constant and known. The breast
height in the peripheral zone is modeled by a band of semi-circles. The border
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Table 5.2: Mathematical representation of the breast height in the breast areas
depicted in figure 5.11. Hc represents the compressed breast thickness, known
from the DICOM header, d the distance to the skinline
ID
(1)
(2)

Thickness without tilt

R = ^Hc

2

x

R' =

R 2 = { R - d f + { - Hpf

R'2 = (R > - d )2 + (^H'p)2

Hv = 2s/2dR - d2

H'p = 2V2dR' - <P

= 2 y /dHc - d2

= 2y/dH'b - d2

II

(3)

Thickness with tilt
H'c = H c + (x a - x c) tan(a)

H C= H C

R' = ï H 'b
R!2 = {R! - d f + ( 1 H'pf

A
{xa — x c) tan(a)

2 jd H 'b - d 22\J dHc - d2

2 yJdHl - d 2Hc

H'p = 2V2dR' - d2
= 2 y/dH'h - d2

(4)

Hp = 2y/dH c - d2

Hp = H c + (x a - x c) tan(a)

(xa - xc)tan (a) —

2 \JdJlr — d2 + Hc

line between the interior area and the peripheral zone is found at the locations
where the distance to the projected breast outline (d) equals the half height of the
breast (\HC). The distance of the interior-periphery border to the breast outline is
equal to the radius, R, of the semi-circle.
In case the compression paddle is tilted the breast height changes at each loca
tion. We model this change by adding a layer of Virtual (fatty) tissue to the breast
with a fixed attenuation coëfficiënt of 0.5 cm-1120. In the interior breast area the
computation of the modified breast height is straightforward (see eq. 5.3). However, in the peripheral area the calculations are more complex. As a result of
the change in compressed breast height the interior-periphery border is shifted
slightly. The shifting of the border introducés a new breast area: (3) which is
the breast zone that with paddle tilt is no longer fully compressed (see fig. 5.11).
In case the compression paddle is tilted in the opposite direction this region is
described by (4).
The breast height at point P , located in the peripheral breast area, is determined by a semicircle with radius R'. Radius R! is found by computing the breast
height at point B (H'h), which is the intersection of the interior-periphery border
and the line perpendicular on the breast outline that runs through P (the bold
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dashed line (I) in figure 5.11). The change in tissue thickness in the peripheral
breast zone is computed by using the distance transform of the projected breast
outline and its directional derivatives. As the distance transform does not depend
on the tilt angle we need to calculate it only once, which make it computational
more feasible.
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Abstract
For the acquisition of a mammogram the breast is compressed between the com
pression paddle and the support table. When compression is applied with a flexible compression paddle, the upper plate may be tilted, which results in variation
in breast thickness from the chest wall to the breast margin. Paddle tilt has been
recognised as a major problem in volumetric breast density estimation methods.
In previous work we developed a fully automatic method to correct the image
for the effect of compression paddle tilt. In this study we investigated in three
experiments the effect of paddle tilt and its correction on volumetric breast den
sity estimation. Results showed that paddle tilt considerably affected accuracy
of volumetric breast density estimation, but that effect could be reduced by tilt
correction. By applying tilt correction a significant increase in correspondence
between mammographic density estimates and measurements on MRI was established. We argue that in volumetric breast density estimation tilt correction
is both feasible and essential when mammographic images are acquired with a
flexible compression paddle.

6.1 Introduction

6.1
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Introduction

Mammographic breast density, which reflects the amount of radiographically
dense tissue on a mammogram, has been shown to be one of the strongest risk
factors for breast cancer. Studies have reported that in women with high breast
density the risk of getting breast cancer is increased 2 to 6 fold compared to wo
men with low breast density9,10. In addition, extensive mammographic density
makes breast cancer more difficult to detect by mammography and thus increases
the risk to miss cancers in screening programs while they are still in an early stage
of development16,17,20. As such it is important to measure breast density.
Breast density can be measured in several ways. In current clinical practice,
categorical assessment, such as with the American College of Radiology (ACR)
4-class Breast Imaging Reporting and Data Systems (BI-RADS)25 is most common. This method is however susceptible to observer variability12-14. For risk
assessment, quantitative measurement of breast density is therefore preferred,
as it is more reproducible and accurate12. Quantitative breast density measure
ment is most commonly done by an Interactive image-thresholding method that
is known as Cumulus26. This method is, however, time consuming, making large
breast density studies and clinical usage costly. In addition these methods mea
sure the projected area of dense fibroglandular tissue, thereby not taking into
account the thickness of the dense tissue.
The introduction of full field digital mammography has made it feasible to
measure breast density volumetrically. Stability and linearity of digital detectors,
and the fact that many parameters for calibration are stored within the image itself provides a basis for quantitative analysis of thickness of glandular tissue. It
has been shown that volumetric density estimates from mammograms, using a
physics-based method, are highly correlated with breast density volumes annotated on MRI40,41.
To make an optimal diagnostic mammogram, breast compression, in which
the breast is compressed between the compression paddle and the support table, is an essential component84. Compression of the breast reduces the required
radiation dose and increases image quality by reducing the amount of scattered
radiation. In addition it spreads apart overlapping tissue, allowing for a reduction of false negative findings.
Due to forces that are applied during compression the upper paddle may tilt,
which results in an angle between the compression plate and the support table.
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The tilt of the compression paddle may lead to variation of the breast thickness
up to 2 cm from the chest wall to the breast margin54,116,117. Paddle tilt is seen
in almost all mammography systems. Particularly, large tilts may be observed in
systems that use recently developed flexible paddles that are especially designed
to tilt during compression (see fig 6.1).

Figure 6.1: Example of a compression paddle that is designed to tilt during com
pression
Paddle tilt has been recognised as a major problem in volumetric breast den
sity estimation methods44,118. A tilt of the compression paddle manifests itself as a
smooth intensity inhomogeneity field that distorts the image. As such it hampers
computerized image analysis, as the same tissue composition may have different
intensity values within a mammogram. Especially in fatty breasts it seems that
paddle tilt is of major concern as the resulting intensity inhomogeneity field may
be misinterpreted as a dense tissue component. For women with fatty breasts the
tilt of the paddle may therefore shift the women's risk profile to a higher level.
For dense breasts the effect of the paddle tilt may be ambiguous.
In this study we investigate in three experiments the effect of paddle tilt on
volumetric breast estimation. In addition, we investigate the effect of a previously
developed method to correct for the paddle tilt127.

6.2

Material and methods

6.2.1

Volumetric breast density estimation

In three experiments we estimated volumetric breast density before and after tilt
correction. Volumetric breast density was computed according to a slightly modified version of the method described in van Engeland et al.41. In short, the thick
ness of a dense tissue column that maps to a pixel is determined by using a phys-
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ical model of image acquisition. In the model the breast consists of two types
of tissue; fat and parenchyma. Effective linear attenuation coefficients of these
tissues are derived from empirical data. By employing these, tissue composition
at a given pixel is computed. The model is intemally calibrated by estimating a
reference value for fatty tissue from the image at hand.

1 * interior breast zone

2 - Psrëphtsmj bpnd

Figure 6.2: Schematic representation of the breast zones that are utilized to calibrate the volumetric model.

In this work we adapted the volumetric method in two ways. Firstly we excluded small areas of fibrous tissue by putting a threshold on structures that were
thinner than 2.5 mm. In volumetric breast density estimation the goal is to esti
mate the volume of glandular tissue. Small structures, such as blood vessels and
ligaments, should not be included in the density measurement. Secondly we
modified the determination of the reference value for fatty tissue that was used
to calibrate the model. In the method of van Engeland et al. this value, which
we call Y fj in the rest of the paper, was determined by taking the first percentile
of the pixel value histogram of the interior breast zone. The interior breast zone
is defined as the area in which the distance to the skinline is equal or larger than
half of the breast height55.
For very dense breasts however, this approach may be inappropriate, as in
dense breasts the whole interior breast zone may consist of dense tissue (see fig.
6.2). Yfti may therefore not represent purely fatty tissue. In this work we com
puted an altemative reference value, Yj iP, by estimating the intensity value of fat
from the peripheral breast zone. The advantage of this method is that even in
very dense breasts the peripheral breast zone contains areas of purely fatty tis
sue, as a subcutaneous layer of fat is always present. In dense breast we may
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therefore substitute Yf:i with Y fp.

In the peripheral breast zone the breast is not fully compressed. The reduced
tissue thickness leads to an intensity increase in X-rays, which need to be compensated for. We therefore applied a geometrical based peripheral enhancement55.
In this method a virtual layer of homogeneous fatty tissue was added to equalize
thickness. Image intensities were equalized by computing the additional attenuation caused by this layer. To estimate the intensity value of fatty tissue we took
the median intensity of the peripheral enhanced pixels in the periphery (YmtP).
To exclude artefacts, such as skin folds, we only included pixels that had a dis
tance to the skinline between 0.20 and 0.35 times the breast height (zone 2 in fig.
6.2). One would expect that especially in fatty breasts the value of Yfti and Ym;p
would be almost identical, as in a homogeneous fatty breast both measures are
expected to be reliable estimates of the intensity of a fatty pixel. We observed,
though, that this is not the case. This is caused by imperfections in the periph
eral enhancement or by the fact that in the computation of Yf;i and Ym,p different
percentiles are utilized. To compensate for these two effects we determined experimentally the relation between Y);i and Y,m.p by computing both estimates on
a separate set of 125 BI-RADS density category 1 cases that were acquired with a
GE Senographe D. The reason for taking breasts from BI-RADS density category
1 is that in fatty breasts Yfii is likely to be a good estimate of the real intensity of
purely fatty tissue. As such we could properly calibrate YfjP. By linear regression
we obtained Yf,t = -1.41 + 0.81 Ym>p. Y f p was then determined by applying the
same transformation: Yf:P = -1.41 + 0.81 Ymp.

We hypothesize that for dense breast calibrating with Y/iP will give better results. It is however difficult to estimate how dense a breast is at this stage. We
therefore initially computed for each mammogram two volumetric density esti
mates: the first one was obtained by calibrating with Yfy, the second one with
YftP. Eventually we selected only one estimate per image. This was done by

applying case based processing. The volumetric estimates of all four mammographic images of the case at hand were inspected. The calibration method that
gave the most consistent results, as determined by the lowest Standard deviation,
was chosen as the preferred method for that particular case.

6.2 Material and methods
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Tilt correction

In this work mammograms were corrected for the effect of compression paddle
tilt by applying a fully automatic image based method we developed in previous
work127. The method estimates and corrects the intensity inhomogeneity field
that is caused by the tilted compression paddle by measuring the intensity value
of fatty tissue pixels as a function of location. It was shown that the method
gives fair results for BI-RADS density category 1 through 3. For extremely dense
breasts tilt estimation is more difficult. In case a mammogram is too dense to reliably estimate the intensity inhomogeneity field, tilt correction is not performed.
The method automatically detects when tilt correction cannot be carried out. Obviously in these cases density estimates are the same for the non-corrected and
the corrected mammogram.

6.2.3

Quantification of the effect of tilt

In each experiment we determined for each BI-RADS density category the influence of tilt by computing the differences between density estimates after and
before tilt correction. The size and the direction of the tilt effect was quantified by
the median absolute difference and the median difference, respectively. To test
whether tilt leads to an increase or decrease of the estimated density we tested
with a sign test whether the median of the differences differed from zero. Im
ages for which the tilt correction could not be performed were excluded from the
analysis.
In addition we evaluated in each experiment the effect of paddle tilt correction
on the soundness of the density estimates. In the first experiment we compared
density estimates on mammogram pairs that were acquired with both a rigid and
a flexible compression paddle. In general, mammograms recorded with a flexible
paddle are affected by paddle tilt, whereas mammograms recorded with a rigid
paddle should not show a strong paddle tilt effect. We determined whether tilt
correction could improve the pairwise correspondence between density estimates
on both types of images. In the second experiment we determined the merit of tilt
correction by comparing the pairwise correspondence between density estimates
on left and right mammographic images of the same women before and after tilt
correction. In the third experiment we measured the effect of tilt correction on
the correspondence between the density estimates on mammograms and density
estimates on MR images of the same women.
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In these latter analyses we did not exclude images for which the algorithm
was not able to estimate the tilt angle, as we were interested to know to what
extend the tilt correction method is able to improve density estimates. In order
to test whether tilt correction statistically increased the correspondences a z-test
comparing correlated correlation coëfficiënt122 was assessed for the first exper
iment. For the second and third experiments a z-test was utilized. Throughout
this paper a two sided p-value less than 0.05 is considered statistically significant.
BI-RADS density scores were assessed by one experienced observer (M.K.).

6.2.4

Experiment 1: Comparison of compression paddles

The dataset of the first experiment consisted of 287 mammogram pairs that were
collected by the National Expert and Training Centre for Breast Cancer, the Netherlands, as part of a study to investigate the (dis)advantages of using a flexible
paddle. In this study for 287 women a complete mammogram, consisting of the
craniocaudal (CC) and mediolateral oblique (MLO) views of the left and right
breast, was acquired using a flexible paddle. In addition one of the view positions was reacquired with a rigid paddle. For each woman the view position that
was reacquired was chosen randomly from the four view position possibilities.
The mammograms were acquired with a Hologic Selenia FFDM system, using
Standard clinical settings. The average age of the women was 60.5 year (± 7.1
(std)). The flexible paddle that was used in this study was the F.A.S.T. paddle
(Fully Automatic Self-adjusting Tilt, Lorad), with sizes 18 cm x 24 cm and 24 cm
x 29 cm.

6.2.5

Experiment 2: Left-right correspondence

The dataset of the second experiment comprised 184 mammograms that were col
lected from the Dutch Breast Cancer Screening Program, Bevolkingsonderzoek
Midden-West. For each mammogram in this set four view positions were avail
able. The images were recorded on a Hologic Selenia FFDM system, using the
F.A.S.T. paddle. The mean age of the women was 54.5 year (± 6.5 (std)).

6.2.6

Experiment 3: Validation with MRI

For the third experiment a set of 32 cases was collected for which both a full field
digital mammogram and breast MRI were available. Time between the two ex-
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ams was less than 2.5 months for all cases, and 7.9 days on average. The data was
acquired at the University Medical Center Utrecht. All exams were performed
between November 2008 and March 2009. The average age of the women was
49.8 year (± 12.8 (std)).
The mammograms were acquired with a Hologic Selenia FFDM system, which
contained the F.A.S.T. paddle, with sizes 18 cm x 24 cm and 24 cm x 29 cm. One
experienced observer (M.K) determined the BI-RADS density score for each of the
cases. Breast MRI examinations were performed on three Philips MR systems. 22
cases were acquired on a 3.0 T Achieva, with a T l THRTVE non fat saturation
protocol, a repetition time of 4.2 to 4.7 seconds, an echo time of 1.6 seconds and
a flip angle of 10 degrees. 8 cases were acquired on a 1.5 T Achieva with a T l 3D
SENSE protocol, a repetition time of 6.4 seconds, an echo time of 3.1 seconds and
a flip angle of 15 degrees. 2 cases were acquired on a 1.5 T Intera with a T l 3D
SENSE protocol, a repetition time of 6.3 seconds, an echo time of 2.9 seconds and
a flip angle of 15 degrees. The pixel spacing was 6.0 to 7.8 mm x 6.0 to 7.8 mm,
and the slice thickness 0.8 to 0.9 mm. Patients were scanned in prone position.
Measurement of the volume of glandular tissue in the MRI data was done
in two steps. First, both breasts were manually segmented by an experienced
observer in axial slices. Annotations were done every 5-10 slices and linear interpolation was applied to obtain the complete segmentation. Second, glandular
tissue was segmented from fatty tissue with a global threshold that was deter
mined interactively. Intensity non-uniformity, caused by the inhomogeneity of
the breast coil sensitivity, was corrected by applying the mean-shift bias field cor
rection method described in Makarau et al.111. For the manual segmentation a
dedicated annotation environment was developed in MeVisLab (MeVis Medical
Solutions AG), in which the observer could visualise the segmented glandular
tissue projected as colour overlay in each slice. The pre-contrast series was used
for the segmentation of glandular tissue. The observer did not have access to
the mammograms or the outcome of mammographic density estimation. Images
in which post operative scars were visible were excluded from analysis. This
happened in 22 out of 128 (17.2% (11.3-25.1 (95% Cl))) mammographic images.
In breast MRI it is not evident to determine the breast volume, as the posterior
border of the breast is, especially at the lateral sides, not well defined. We there
fore used the total breast volume from the mammogram when estimating relative
breast density, to avoid introducing a variance component due to breast volumes
differences in our comparison which is not relevant in this work.
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6.3

Results

6.3.1

Experiment 1: Comparison of compression paddles

In the first experiment we measured the effect of paddle tilt on density estimation
on images acquired with a rigid and a flexible compression paddle. Figure 6.3
shows the estimated tilt angles for both types of images. For the images recorded
with the rigid paddle the tilt correction algorithm found an average tilt angle of
0.38°(± 1.83 (std)). For images recorded with the flexible paddle the average tilt
angle was 3.73°(± 2.18). In 2 out of 287 cases (0.7% (0.1-2.8 (95% Cl))) the tilt angle
could not be determined by the algorithm.
estimated tilt angle

Figure 6.3: Box plot of the estimated tilt angles for images recorded with a rigid
and flexible compression paddle.
Tilt especially influenced the density estimates of the images that were ac
quired with the flexible paddle. The median absolute differences were 8.70 cm3
(3.60-15.50 (IQR)) and 1.07% (0.50-2.01 (IQR)) for dense volume and percent den
sity respectively. Tilt correction had only a minor effect on density estimates of
the images that were acquired with the rigid paddle. The median absolute dif
ferences were 3.20 cm3 (1.20-7.20) and 0.38% (0.12-0.87) for dense volume and
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percent density respectively.
Table 6.1: Median (IQR) density, and median (absolute) differences (IQR) in cm3
and percentage point between density estimates before and after tilt correction for
images acquired with the flexible paddle. In all BI-RADS density categories tilt
affects the density estimates.

vol
•perc
t\ vol

BI-RADS 1
(n=182/182)

BI-RADS 2
(n=56/56)

BI-RADS 3
(n=41/43)

BI-RADS 4
(n=6/6)

34.9 (27.7 - 48.0)
3.8 (2.9-5.0)
4.6 (-3.3 -15.1) *
0.5 (-0.4-1.6) *
9 .0(3 .8 -1 6 .6 )
1.0 (0.5 -1.8)

51.9 (35.1 - 67.8)
6.4 (5.3-8.9)
-4.2 (-9 .7 -1 .7 )*
-0.7 (-1.7 - 0.2) *
7.2 (2.8 -13.7)
0.9 (0.6 -1.7)

68.1 (46.0 -108.7)
11.4 (8.6 -14.2)
-8.6 (-14.1 - 0.5) *
-1.7 (-2.7 - 0.1) *
10.7 (4.6 -15.5)
1.7 (0.6 - 2.7)

77.1 (73.4 - 91.8)
14.1(11.9-17.6)
-21.0 (-38.9--14.0)*
-3.8 (-9.1 - -2.7) *
21.0 (14.0 - 38.9)
3.8 (2.7-9.1)

Ap e rc
abs(A„„i)
abs(ApeT’c)
(n=a/b) non rejected images vs the total number of images
* median difference statistically significant differed from zero

Table 6.1 lists per BI-RADS density category the median differences and the
median absolute differences between density estimates before and after tilt cor
rection for images acquired with the flexible paddle. Tilt affected the density
estimates in all BI-RADS density categories. In BI-RADS density category 1 tilt
resulted in an statistically. significant increase of the estimated density (p<0.05,
two sided sign test). In BI-RADS density category 2 through 4 tilt statistically
significantly decreased the estimated density (p<0.05, two sided sign test).
Figure 6.4 shows the relation between the volumetric density measurements
on both mammograms before and after tilt correction was applied. Tilt correction
clearly improved the correspondence between density estimates on both mam
mograms. Before tilt correction the Pearsson's correlation coëfficiënt of the vol
ume estimates was R=0.83 (0.79-0.86 (95% Cl)). After tilt correction the correlation
was increased significantly to R=0.94 (0.92-0.95 (95% Cl)) (p < 0.001 two tailed
z-test comparing correlated correlation coefficients122). For percent density the
correlation was R=0.87 (0.84-0.89 (95% Cl)) before tilt correction. After tilt correc
tion the correlation was increased significantly to R=0.95 (0.94-0.96 (95% Cl)) (p

< 0 .001).

Tilt correction especially influenced the density estimates of the images that
were acquired with the flexible paddle. The median absolute differences between
density estimates before and after tilt correction were 8.60 cm3 (± 13.06 (std))
and 1.07% (± 1.54 (std)) for dense volume and percent density respectively. Tilt
correction had only a minor effect on density estimates of the images that were
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absolute dense v olum e

percentage den se v olum e

Figure 6.4: Scatter plot of the relation between the volumetric density measurements on mammograms recorded with the rigid and flexible paddle before and
after tilt correction. Tilt correction increases the correspondence between the den
sity estimates on both mammograms.

acquired with the rigid paddle. The median absolute differences were 3.20 cm3
(± 11.52 (std)) and 0.38% (± 1.06 (std)) for dense volume and percent density
respectively.

6.3.2

Experiment 2: Left-right correspondence

Table 6.2 shows the median differences and the median absolute differences be
tween density estimates before and after tilt correction for the cases of the second
experiment. Images for which we could not assess the tilt were excluded from
this analysis. In total for 43 out of 736 images (5.8% (4.3-7.9 (95% Cl))) the tilt
could not be determined. In BI-RADS density category 4 18 out of 52 images
(34.6% (22.3-49.2)) were excluded. Tilt correction affected the density estimates
in all BI-RADS density categories. In BI-RADS density category 1 tilt resulted in
an statistically significant increase of the estimated density. In BI-RADS density
category 2 tilt statistically significantly decreased the estimated density.
Figure 6.5 shows an example of a breast from BI-RADS density category 1 and
the corresponding representation of the dense tissue thickness before and after
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Table 6.2: Median (IQR) density, and median (absolute) differences (IQR) in cm3
and percentage point between density estimates before and after tilt correction for
cases of the second experiment.

vol
perc
^vol

Ap erc
abs(A„oi)
abs(Aperc)

BI-RADS 1
(n=400/400)

BI-RADS 2
(n=163/168)

BI-RADS 3
(n=96/116)

BI-RADS 4
(n=34/52)

39.9(26.9-56.5)
4.3 (3.2 - 5.3)
2.8 (-3.3 -15.1) *
0.3 (-0.6 -1.4) *
8.8 (3.8 -19.5)
0.9 (0.4-1.9)

49.6 (39.5 - 72.2)
7.4 (5.8 - 9.5)
-2.9 (-9.1 - 1.4) *
-0.4 (-1.3 - 0.2) *
6.6 (2.6 -14.5)
1.0 (0.4-2.1)

48.9 (38.6 - 73.5)
9.8 (8.0 -12.0)
-0.6 (-5.8 - 4.5)
-0.1 (-1.1 - 1.1)
5.3 (1.8 -13.7)
1.1 (0.4 - 2.6)

86.5 (35.0 -121.5)
11.6 (8.9 -16.6)
-1.2 (-8.4 -15.0)
-0.4 (-2.3 -1.6)
12.7 (5.3 - 27.7)
2.2 (1.0 - 3.7)

(n-a/b) non rejected images vs the total number of images
* median difference statistically significant differed from zero

tilt correction. Figures 6.5a and 6.5b show how the intensity inhomogeneity field
that is caused by the tilted compression paddle may lead to overestimation of the
density in a fatty breast. Figures 6.5c and 6.5d show how tilt correction removes
the intensity inhomogeneity field, which leads to a more accurate estimation of
the volumetric breast density.

(a) Uncorrected
mammogram

(b) Dense tis
sue thickness
representation

(c) Corrected
mammogram

(d) Dense tis
sue thickness
representation

Figure 6.5: Effect of tilt correction in a breast from BI-RADS density category 1

Figure 6.6 shows the correspondence between volumetric density measure
ments obtained from the left and right breast before and after tilt correction. Tilt
correction did not significantly increase the correspondence between density es
timates of both breasts. For absolute dense volume the correlation was R=0.89
(0.86-0.91 (95% Cl)) before tilt correction. After tilt correction the correlation was
R=0.90 (0.88-0.92) (p=0.42, two tailed z-test). For percent density the correlation
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was R=0.91 (0.89-0.93) before tilt correction, and R=0.90 (0.87-0.91) after tilt cor
rection (p=0.24).
absolute dense volum e

percentage dense volum e

Figure 6.6: Correspondence between breast density estimates of the left and right
breast before and after tilt correction.
We also evaluated the preference for the method with which the volumetric
model was calibrated. Calibration was done with tissue from either the periphery
or the interior breast zone. In 10.3% (6.5-15.9 (95% Cl)) of the cases the peripheral
calibration method was selected. For BI-RADS density category 4 this percentage
was 23.1% (6.2-54.0).

6.3.3

Experiment 3: Validation with MRI

In the third experiment we measured the effect of tilt on the correspondence be
tween density estimates on mammograms and MR images of the same women.
Table 6.3 shows the median differences and the median absolute differences be
tween density estimates on the mammographic images before and after tilt cor
rection. Tilt correction especially had an effect in large, fatty breasts. In very
dense mammograms tilt correction could not always be performed. This happened in 4 out of 32 (12.5% (4.1-30.0% (95%CI))) cases.
Figure 6.7 and 6.8 show the correlation between the density estimates on mam
mography and the density measurements on MRI before and after tilt correction.
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Table 6.3: Median (IQR) density, and median (absolute) differences (IQR) in cm3
and percentage point between density estimates before and after tilt correction for
the mammographic images of the third experiment.

vol
perc
A„0j
/ \ p C rc

abs(A„o!)
abs(Aperc)

BI-RADS 1
(n=29/29)

BI-RADS 2
(n=6/6)

BI-RADS 3
(n=22/22)

BI-RADS 4
(n=35/49)

41.9 (30.0 - 64.8)
4.3 (3.6 - 5.8)
5.4 (-1.9 - 37.8)
0.5 (-0.5 - 2.0)
18.4 (3.4 - 39.6)
1.3 (0.5 - 2.5)

43.8 (43.0 - 46.7)
5.1 (4.6-5.4)
-0.4 (-5.0-10.7)
-0.1 (-0.7-0.7)
9 .4(3.0-13.5)
0.9 (0.4 -1.3)

73.1(65.6 - 82.2)
8.2 (7.3-9.2)
-6.3 (-16.5 - 2.2) *
-0.7 (-2.4 - -0.2) *
12.1 (6.2-19.1)
1.6 (0.7-3.0)

75.9 (60.2 - 95.5)
13.9 (9.5 - 23.1)
-6.7 (-22.4 - 7.8)
-1.2 (-5.0 - 0.8)
20.0 (6.8 - 26.9)
3.8 (1.2-6.3)

(n=a/b) non rejected images vs the total number of images
* median difference statisticaUy significant differed from zero

Figure 6.7 shows the results per view and figure 6.8 shows the results per breast.
Tilt correction significantly improved the correspondence. For absolute dense
volume the correlation increased from 0.51 (0.35-0.64 (95%CI)) to 0.79 (0.71-0.85)
(p < 0.001, two tailed z-test comparing correlated correlation coefficients) and
from 0.54 (0.32-0.70) to 0.82 (0.71-0.89) (p < 0.001), and from 0.68 (0.43-0.83) to
0.90 (0.81-0.95) (p = 0.003) per view, per breast, and per woman respectively. For
percent density the correlation increased from 0.83 (0.75-0.88) to 0.87 (0.82-0.91)
(p=0.016) and from 0.83 (0.73-0.90) to 0.88 (0.80-0.93) (p=0.045), and from 0.88
(0.76-0.94) to 0.92 (0.84-0.96) (p=0.090) per view, per breast and per woman re
spectively.
In 13 out of 32 (40.6% (24.2-59.2)) cases the peripheral calibration was preferred. For BI-RADS density category 4 this percentage was 60.0% (32.9-82.5).
Peripheral calibration increased the density estimates in dense breasts, and hence
the correlation with density measurements on MRI. Still, in mammograms from
extremely dense breasts the density was underestimated.

6.4

Discussion and conclusion

We presented three experiments in which we investigated the effect of paddle
tilt and its correction on volumetric breast density estimation. Results of two ex
periments demonstrated that paddle tilt has a severe effect on the accuracy of
volumetric breast density estimation, which could be restored by tilt correction.
In experiment 1 we showed that the applied tilt correction is fairly able to neutralize the effect of the tilted compression paddle. In experiment 3 we showed that
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Figure 6.7: Correspondence between density estimates on MRI and mammogra
phy per view before and after tilt correction. Tilt correction increases the correla
tion.

correspondence with MRI increases after tilt correction is applied. In experiment
2, however, we could not show an improvement of tilt correction on left-right cor
relation. We believe that this latter result is explained by the fact that paddle tilt
may introducé a symmetrical error that manifests itself in both the left and right
breast. Left-right comparison may therefore only be appropriate to evaluate the
precision and not the accuracy of density estimation methods.
In the volumetric model that is utilized in this paper dense tissue thickness
is determined by comparing pixel intensities to an estimate of the intensity of a
purely fatty pixel. In the model of van Engeland et al.41 this estimate is obtained
by taking the first percentile of the intensity value histogram. In the presence
of paddle tilt the mammogram is distorted by an intensity inhomogeneity field.
As a result, the intensity value histogram and hence the calibration of the model
is affected. In a homogeneous breast, the inhomogeneity field broadens the in
tensity histogram, which leads to a relatively higher raw intensity value of the
fatty reference. We hypothesized therefore that especially in fatty breasts, paddle
tilt results in an overestimation of the volume of dense tissue. Our experiments
confirmed this hypothesis. For dense breasts, which are more heterogeneous, we
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Figure 6.8: Correspondence between density estimates on MRI and m am m ography per breast before and after tilt correction. Tilt correction increases the correla
tion.

found that tilt tends to lead to an underestimation of the density. In dense breasts
the fatty tissue that is used in the calibration is often located at the chest side of
the mammogram. Due to the tilted compression paddle the breast height is increased at this side of the mammogram. As a result, the raw intensity values of
the pixels are diminished in this area. Hence, in the majority of the dense cases
also the raw intensity values of the fatty reference is diminished, which leads to
an underestimation of the density.
The correlations we found between volumetric density estimates and density
measurements on MRI were comparable with results found in previous work41.
In order to obtain better results on extremely dense breasts we improved the vol
umetric breast density method of van Engeland et al.41 by modifying the cali
bration method. Although the proposed modification increased the density esti
mates in dense breasts, in mammograms of extremely dense breasts the density
was still underestimated. Further research is needed to overcome this issue.
A limitation in this work is that the BI-RADS density was scored by only one
observer. It was, however, neither our goal to evaluate the accuracy of BI-RADS
density scoring, nor to predict the BI-RADS density of each of the images. The
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only importance of the BI-RADS density score was to assess whether paddle tilt
affects density estimates in both fatty and dense breasts. As such, we believe that
the limitation that only one observer scored the BI-RADS density is not so severe.
One major application of breast density measurement is breast cancer risk es
timation. By offering additional screening to women with dense breasts, breast
cancer screening may be optimized7,8. Compression paddle tilt hinders selecting
women with dense breasts, since tilt leads to an overestimation of density in fatty
breasts, while in dense breasts the density is underestimated. By applying tilt
correction these errors can be restored.
We found that on average tilt affects the volume estimates with 9 cm3 and the
percent density estimates with 1%. We understand that these deviations may appear insignificant. It should be noted though that these numbers are volumetric
measures, which have a much smaller range than area based measures. To put
it in context, a 1 percent change in volumetric density corresponds to a change
of approximately 5 60 to 8 percent65 in area based density. In this work the me
dian volumetric percent density is approximately 4, 6, 10 and 12 for BI-RADS 1
through 4. As such we think that the reported deviations in percent density are
significant. Especially when density is used as a criterion to offer women addi
tional screening an accurate and precise measurement is essential, as an imprecise measurement may result in unnecessary inconsistencies in screening advices
over screening rounds within one woman. In addition we would like to stress
that the reported deviations are also large in comparison to intra woman changes
of breast density over time, which may be relevant in breast cancer risk estimation
as well128,129.
We argue that tilt correction is an essential and feasible element in volumetric
breast density estimation when images are acquired with a flexible compression
paddle.

Applications of volumetric breast
density estimation

7
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Abstract
The association between breast density and breast cancer risk has been established with area based measurement of breast density. In this work we investigate the association between volumetric breast density and screen detected cancers and screening recalls. The data that was used in this work comprised 50,446
digital screening exams from 33,029 women in the Dutch Breast Cancer Screen
ing Program. The images were recorded on a Hologic Selenia FFDM system,
using Standard clinical settings. In total 1145 exams were referred for further
assessment. Of these 1145 referrals 844 exams turned out to be false positives,
and 301 referrals were biopsy proven malignant breast cancers. For each mam
mographic image we assessed volumetric breast density with an automated tooi
(Volpara®, Matakina Technology, New Zealand). We examined the relationship
between volumetric breast density estimates and diagnostic outcome by calculating odds ratios and their 95% confidence intervals for percent density converted
to the Volpara density grade (VDG), which is a four point scale analog to BI-RADS
density scores. A limitation is that we do not yet know the interval tumors in our
dataset. We used published data on sensitivity of mammography screening to
analyze the potential effect of interval cancers on risk association. After adjusting
for age, the odds-ratio for a screen detected breast cancer is 1.53 (0.91-2.68 (95%
Cl)) comparing highest breast density to low breast density (i.e. VDG 4 vs 1). If
we include the estimated contribution of interval tumors, the risk for breast can
cer in dense breasts is between 1.49 (1.20-3.04) and 3.58 (2.46-5.31). Breast density
decreases the positive predictive value of a referral. The age adjusted odds-ratio
for a false positive referral is 2.83 (2.03-4.00) comparing high breast density to low
breast density. We believe that volumetric breast density estimation may provide
opportunities for breast cancer screening tailored to the individual needs of wo
men.

7.1 Introduction
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Introduction

Volumetric breast density estimation has applications in both the scientific and
clinical domain. The measurement of (volumetric) density is not only of interest
to further unravel the biological nature of its relation with breast cancer risk9-11,
it may also be utilized to select women at hight risk for tailored screening7,8, or
serve as an indicator of the diagnostic value of a screening mammogram16,17,19'20.
In this work we show some applications of volumetric breast density estimation.
It is well known that breast density diminishes with age. The largest decrease
in breast density occurs with menopause, as the depletion of estrogen results in
regression of the breast glandular tissue130,131. Establishing the relation between
breast density and age is important, as it is one of the rationals in determining at
which age breast cancer screening programs should start. So far, the relation be
tween breast density and age has almost exclusively been assessed by area based
measurements, thereby ignoring the three dimensional shape of the breast. In
addition in most studies on the relation between breast density and age, breast
density was assessed on a categorical scale, which limits a precise quantitative
characterization of the relation between breast density and age. In this work we
study, in a cross sectional design, the relation between age and breast density
with volumetric measurements on a continuous scale.
Over the last three decades, the relation between breast density and breast
cancer has been investigated in more than 50 studies. It has been shown that
breast density is one of the strongest risk factors for breast cancer. The incorporation of measures of mammographic density in current risk prediction models
provided a significant improvement to risk prediction estimates10. So far, the
far majority of risk assessment is done with area based measurement of breast
density. As it is likely, however, that the risk of getting breast cancer is more
strongly associated with the volume of glandular tissue than with the size of its
projection, it is suggested that volumetric breast density estimates may provide
even stronger risk associations10,51. Not much is known, though, about the per
formance of volumetric methods to predict which women have a high change of
developing breast cancer, as volumetric breast density estimation is a relatively
new technique. In this work we investigate the association between volumetric
breast density estimates and breast cancer.
Breast density has a severe impact on the diagnostic accuracy of a mammo
gram. It has been shown that the sensitivity of mammography is severely im-
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paired in women with dense breasts. One of the explanations for this finding
is that dense tissue may mask tumorous tissue16-20. Breast density also decreases
the specificity of mammography, as dense tissue might easily mimic a tumor19,132.
In this work we investigate whether the risk of a false positive referral increases
with volumetric breast density.

7.2

Material and methods

The data that was used in this work comprised screening mammograms from
the Dutch Breast Cancer Screening Program, Bevolkingsonderzoek Midden-West.
In total we collected 50,446 digital exams from 33,029 women. The cases were
acquired in the period 2003-2008. The mean age of the women was 58.8 year (±
7.2 (std), range 48-76). The images were recorded on a Hologic Selenia FFDM
system, with a 70-pm pixel size and a 232 x 286-mm field of view. For breast
compression the F.A.S.T. paddle was utilized.
All mammograms were examined by double reading by at least one radiologist with more than 15 years of experience in mammography screening. Dif
ferences of opinion were resolved by consensus. More detailed descriptions of
image acquisition and interpretation, reading conditions, and diagnostic workup used are published elsewhere133. In total 1145 exams were referred for further
assessment. 844 exams of these 1145 referrals (73.7% (71.0-76.2 (95% Cl))) tumed
out to be false positives. 301 referrals (26.3% (23.8-29.0 (95% Cl))) were biopsy
proven malignant breast cancers.
For each mammographic image we assessed volumetric breast density with
Volpara® (Matakina Technology, New Zealand), which is an FDA cleared, fully
automated breast density assessment tooi, which incorporates physical models
proposed by Highnam and Brady40 and van Engeland et al.41. We used software
version 1.4.0 1787, which includes tilt correction. To obtain one density estimate
per exam we averaged over the MLO and CC view and over the left and right
breast. When a case contained pathology we averaged only over the non affected
side.
We examined the relationship between volumetric breast density estimates
and diagnostic outcome by calculating odds ratios and their 95% confidence in
tervals (95% Cl), for percent density and dense volume. Volumetric percent den
sity measurements were converted into the Volpara density grade (VDG), which
is a four point scale analog to BI-RADS density scores134. Dense volume was cat-
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egorized into four groups in such way that the group sizes equal the group sizes
of the VDG scoring. Logistic regression was used to adjust for age at mammography.
Unfortunately we did not have information available on interval tumors in
our dataset, as linkage with the national cancer registry was not yet established
for the time period in which the cases were acquired. As such we were only able
to associate breast density with the risk of screen detected breast cancer. A substantial fraction of breast cancers presents itself, however, as interval tumor. A
recent study in the Dutch screening program found a screen detected cancer: in
terval tumor ratio of 1:0.5721. It is likely that the risk association between breast
density and breast cancer, whether detected by screening or other means, is dif
ferent than the risk association between breast density and screen detected breast
cancer, as the occurrence of interval cancers is associated with breast density16-20.
In order to compensate for this effect we performed an additional risk analysis,
in which we incorporated data on interval tumors from literature. In this anal
ysis, we used data on the sensitivity of mammography screening per BI-RADS
density category, as published by Camey et al.19, Mandelson et al.17, Nederend et
al.21, and Kerlikowske et al.22 to estimate the number of total cancers occurring in
each density category, thereby relying on the observation that the Volpara density
grade is closely related to the BI-RADS density score134.

7.3

Results

In total 711 exams (1.4% (1.3-1.5 (95%CI))) were excluded because the density
could not be determined. In most of these cases these were the oldest exams
where the DICOM header did not yet contain sufficiënt information on the mate
rial of the X-ray tube.
Figure 7.1 shows the relation between volumetric breast density estimates and
age for both healthy and breast cancer cases. It can be seen that both dense vol
ume and breast density gradually declines with age. For the volume of the breast
an increase can be observed until the age of approximately 63 years, after which
a modest decline occurs.
Table 7.1 and 7.2 show the association between breast density measurements
and screen detected breast cancer for percent density and dense volume respec
tively. After adjusting for age, the odds-ratio for a screen detected breast cancer
is 1.53 (0.91-2.68 (95% Cl)) comparing high percent breast density to low percent
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Figure 7.1: Relation between volumetric breast density and age for healthy and
cancer cases. The solid lines show a third order polynomial fit to the data of the
healthy cases.

breast density (i.e. VDG 4 vs V G D 1). For dense volume the age adjusted odds ra
tio is 1.27 (0.78-2.03) comparing large dense volume to small dense volume. Both
associations, however, did not reach statistical significance.
Table 7.3 show the relation between breast density and the positive predictive
value (PPV) of a referral, as well as the association between breast density and
false positive referrals. The PPV decreases statistically significantly with an increase in density (p=0.003, Chi-squared test for trend in proportions). The age
adjusted odds-ratio for a false positive referral is 2.83 (2.03-4.00) comparing high
breast density to low breast density.
In table 7.4 we present an estimate of the association between breast density
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Table 7.1: Percent density and screen detected cancer.
%

case/control

OR

95% Cl

1

12.6

30/6222

REF

-

REF

-

*
P4
O

VDG

95% Cl

2

51.7

153/25546

1.24

(0.85 - 1.87)

1.28

(0.88 -1.94)

3

27.7

92/13686

1.39

(0.93 - 2.14)

1.53

(1.02 - 2.37)

4

8.1

26/3980

1.35

(0.80 - 2.29)

1.56

(0.91 - 2.68)

*age adjusted (logistic regression), p-trend=0.19 (Wald test)

Table 7.2: Dense volume and screen detected cancer.
C

%

case/control

OR

95% Cl

OR*

95% Cl

1

12.7

40/6294

REF

-

REF

-

2

51.8

149/25632

0.91

(0.65 - 1.31)

0.92

(0.65 - 1.32)

3

27.2

81/13462

0.95

(0.65 - 1.40)

0.97

(0.67-1.43)

4

8.2

31/4046

1.21

(0.75 -1.93)

1.27

(0.78 - 2.03)

*age adjusted (logistic regression), p-trend=0.44 (Wald test)

and breast cancers detected either by screening or other ways. Results are based
on data on sensitivity of mammography screening from Mandelson et al.17, Carney et al.19, Nederend et al.21 and Kerlikowske et al.22. Unadjusted odds ratios
for comparing high breast density to low breast density are 1.83 (1.17-2.88), 3.58
(2.46-5.31), 1.69 (1.08-2.64) and 1.90 (1.20-3.04) respectively.

7.4

Conclusion and discussion

In this work we showed the relation between age and volumetric measures of
breast density. The decline we found in both dense volume and breast density
was gradual. These findings are in line with results on volumetric breast density
found in Lokate al.55, and Schroeder et a l135. For the volume of the breast we saw
an increase in the period from 48 to 63 years, followed by a small decline. We
believe that volumetric breast density measurement enables a precise characterization of the association between breast density and age, which may well serve
as a basis for age-specific and risk-specific guidelines for breast cancer screening.
The main focus of this work was on the association between volumetric breast
density estimates and diagnostic outcome of screening mammograms. This as-
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Table 7.3: Percent density and false positive referrals.
VDG
1
2
3
4

%
12.6
51.7
27.7
8.1

PPV+
37.0
27.3
25.6
18.1

95% Cl
(26.8 - 48.5)
(23.7-31.2)
(21.2-30.4)
(12.3 - 25.5)

FP/control
51/6171
407/25139
268/13418
118/3862

OR
REF
1.96
2.42
3.70

95% Cl
-

(1.48 - 2.65)
(1.81 - 3.30)
(2.67 - 5.19)

OR*
REF
1.83
2.02
2.83

95% Cl
(1.38 - 2.48)
(1.50 - 2.77)
(2.03 - 4.00)

+ Positive predictive value, p-trend=0.003 {Chi-squared test for trend in proportions)
*age adjusted (logistic regression), p-trend <0.001 (Wald test)

Table 7.4: Predicted association between percent density and breast cancer.
VDG
1
2
3
4

sens.a
88.2
82.1
68.9
62.2

case/contr.+
36/6216
186/25513
134/13644
42/3964

OR*
REF
1.25
1.69
1.83

VDG
1
2
3
4

sens.c
78.2
72.6
70.1
63.1

case/contr.+
38/6214
211/25488
131/13647
41/3965

OR*
REF
1.35
1.56
1.69

95% Cl
-

(0.89 -1.82)
(1.18-2.48)
(1.17-2.88)
95% Cl
-

(0.97-1.94)
(1.10-2.28)
(1.08-2.64)

sens.6
(80.3)
(80.3)
58.8
30.4

case/contr.+
38/6214
191/25508
156/13622
86/3920

OR*
REF
1.22
1.87
3.58

95% Cl
(0.87-1.76)
(1.32 - 2.70)
(2.46 - 5.31)

sens.d
89.7
84.2
78.3
64.7

case/contr.+
33/6219
181/25518
117/13661
40/3966

OR*
REF
1.33
1.61
1.90

95% Cl
-

(0.93 -1.97)
(1.10 - 2.41)
(1.20 - 3.04)

a data on sensitivity of mammography screening obtained from19,6data from17, cdata from21, rfdata from22
b BI-RADS 1-2 merged in 17 c detailed data obtained via personal communication21
+ predicted based on false negative rate
* p-trend<0.05 (Wald test)

sociation is important as it may prove or disprove the merit of volumetric breast
density estimation in mammography screening. If volumetric breast density esti
mation contributes to predicting the risk of breast cancer, a false positive referral
or a false negative examination, it may play a role in optimizing breast cancer
management by providing opportunities for tailored screening.
We found a statistically non-significant increase in risk for screen detected
breast cancer in women with dense breasts compared to women with fatty breasts.
If we included the estimated contribution of interval tumors, the risk for breast
cancer in dense breasts increased, and the association between density and breast
cancer became statistically significant. Obviously results depend on which data
is used to estimate the sensitivity of mammography screening per BI-RADS den
sity score in our data set. In our opinion the data from Nederend et al.21 is the
most representative for our situation as it comprises data from a closely related
region within the Dutch screening program.
The odds ratios in this work were comparable to odds ratios found in re-

7.4 Conclusion and discussion

101

lated work on volumetric breast density estimation. Shepherd et al.58 reported
an age adjusted odds ratio of 2.88 (1.72-4.84) for volumetric percent density com
paring the highest quintile versus the lowest. It should be noted though that their
method could only estimate breast density in 60% of the cases, because of technical problems. Yaffe et al.67 reported an age adjusted odds ratio of 2.7 (no Cl
reported) comparing the highest and lowest octiles of percent density.
We showed a strong association between volumetric breast density and risk of
a false positive referral. The age adjusted odds ratio we found was considerably
higher than the age adjusted odds ratio reported in Lehman et al.132 (i.e. 1.73
(1.47-2.05)), who assessed density with the BI-RADS density score.
This work had limitations. Our data set contained for a number of women
more than one mammographic examination, thereby introducing dependency.
When we, however, included only the first screening exam for each woman, re
sults were highly similar. Ideally we would have assessed the risk on breast can
cer with mammograms acquired at least one screening round prior to diagnosis.
Unfortunately the number of prior mammograms that were acquired with full
field digital mammography (FFDM) was too little, as FFDM was introduced only
recently. We therefore utilized the diagnostic mammograms. Breast density was
measured on the non affected side, in order to make sure the density estimations
are not influenced by a tumor being present. Unfortunately we did not have information available on confounding factors other than age, of which body-mass
index (BMI), is probably the most important. It is likely that adjusted odds ratios
will be slightly higher, as several studies of density and breast cancer illustrated
that failure to adjust for BMI, results in an underestimation of the effect of breast
density on risk10/58.
In conclusion we believe that volumetric breast density estimation may provide opportunities for optimizing breast cancer screening.
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Summary and discussion
Breast cancer is the most common cause of cancer death in women worldwide. It
is estimated that about 1 in 8 women in the Western world will develop invasive
cancer of the breast over the course of her lifetime1. As an early detection of breast
cancer improves the chance of survival, many countries have introduced breast
cancer screening programs, in which periodic mammographic examinations are
done in asymptomatic women. The efficacy of these screening programs have
been demonstrated in numerous studies2,3. Breast cancer screening has, however,
also its limitations, as a large number of women are confronted with false alarms,
whereas a substantial proportion of tumors is missed4-6.
Over the past decades several strategies have been adopted to improve breast
cancer detection in screening. One of the innovations is the development and usage of computer aided detection (CAD) systems, which are systems that are able
to detect and characterize breast tumors through computerized image analysis.
Another approach to optimize breast cancer screening is the introduction of personalized screening7. For example, women with dense breasts may be screened
with a complementary modality, such as Magnetic Resonance Imaging (MRI) or
ultrasound, as it is known that breast density both seriously impairs the sensitiv
ity of mammography7,8, and increases the risk for developing breast cancer9-11.
Measuring breast density is, however, not a trivial task, as a quantitative assessment is time consuming and observer dependent12-15.
Chapter 2 reports on the development of a CAD system for the detection of

malignant masses in full-field digital mammography. So far, most CAD systems
have been developed for screen-film mammography (SFM). Currently, however,
screen-film mammography is worldwide replaced by full-field digital mammog
raphy (FFDM), which provides images with different characteristics. In this work
we developed a method that converts an FFDM image into an SFM-like presentation. Such a conversion ensures that CAD systems developed for screen-film
mammography can operate on images acquired with full-field digital mammog
raphy. Moreover it ensures that available databases of SFM images can still be
used to train FFDM CAD systems, which is of great value, as compilation of new
databases is costly. In an experiment we showed that an existing CAD system for
detection of masses in SFM can be used for FFDM images without retraining.
In chapter 3 we developed a fully automatic method to segment the dense tis
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sue area in mammograms. The method is based on pixel classification, in which
existing approaches in literature to segment breast density are integrated and extended. By using segmentations obtained by a user assisted threshold method
as training data, knowledge of a trained observer is incorporated. The method
was trained and tested using 1300 digitized film mammographic images acquired
with a variety of systems. Results showed a high correspondence between the automated method and the reference Standard. The Pearson's correlation coëfficiënt
between our method and the reference Standard was R = 0.911 for percent density
and R = 0.895 for dense area, which was substantially higher than the best corre
lation found in literature (R = 0.70, R = 0.68). We concluded that a combination of
segmentation strategies outperforms the application of single segmentation techniques.
In chapter 4 we developed a method to estimate breast density from breast
magnetic resonance images (MRI). The method consists of two steps: In the first
step of the method a probabilistic atlas is constructed to separate the thoracic area
and pectoral muscles from the breast. In the second step the breast is segmented
into fatty and glandular tissue, based on voxel classification with a Linear Discriminant Classifier (LDA), with grey level intensity as a feature. The method
was evaluated on 27 cases comparing the obtained results to manual segmenta
tions. A Dice Similarity Coëfficiënt (DSC) of 0.75 was obtained for fibroglandular
tissue.
Chapter 5, 6, and 7 report on a method to estimate the volume of dense tissue

from mammograms. In contrary to area based methods, such as described in
chapter 3, volumetric breast density estimation methods also take thickness of

dense tissue into account.
In chapter 5 we developed a method that can be used to improve the accuracy of volumetric breast density estimation. Most volumetric breast density es
timation methods assume a constant thickness of the breast under compression.
Recently in clinical practice compression paddles have been introduced that are
especially designed to tilt during compression, which may result in a variation of
the breast thickness up to 2 cm from the chest wall to the breast margin. In this
work we presented and compared two algorithms that estimate and correct the
effect of a tilted compression paddle on the image. The first method estimates tilt
from fatty tissue regions in the breast. The second method is based on the entropy
of the grey level distribution of the image. Both methods use a classifier that distinguishes fatty areas from dense tissue based on texture features independent
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of tilt, as developed in chapter 3. The tilt correction methods were evaluated by
assessing their accuracies in estimating artificial tilts that were added to images
that are known to have only a small tilt. We found that on average both methods
were able to estimate the artificial tilt.
In chapter 6 we investigated in three experiments the influence of tilt and its
correction on volumetric breast density estimation. Results showed that paddle
tilt considerably affected the accuracy of volumetric breast density estimation.
The effect could, however, be reduced by applying tilt correction, as developed
in chapter 5. By applying tilt correction a significant increase in correspondence
between mammographic density estimates and measurements on MRI was established. It was concluded that in volumetric breast density estimation tilt cor
rection is both feasible and essential when mammographic images are acquired
with a flexible compression paddle.
In chapter 7 we showed some applications of volumetric breast density esti
mation. In particular we investigated the performance of a volumetric method
to predict diagnostic outcome of mammographic screening exams. In an eval
uation on 50,446 digital screening exams we found that high volumetric breast
density, as assessed by Volpara®, Matakina Technology, New Zealand, was associated with both breast cancer and false positive referrals. We concluded that
volumetric breast density estimation may be used for automated selection of wo
men at high risk for breast cancer and false positive referrals, and may hence offer
opportunities for screening tailored to the needs of individual women.
To summarize, in this thesis we have developed and improved techniques
to automatically and accurately measure breast density in breast images of dif
ferent modalities. We demonstrated that the developed methods showed good
correspondence to human observers. As such, we have shown that the automatic
measurement of breast density is feasible, although we acknowledge that for all
presented methods dense tissue segmentation remains challenging in extremely
dense breast.
For film-screen mammography we have shown that the fully automated, area
based, dense tissue segmentation method we developed provided sound results.
Although, currently, in most countries screen-film mammography is replaced by
full-field digital mammography, there is still a need for a robust method that is
able to segment dense tissue on film. Major epidemiological studies that aim to
unravel the relationship between breast density and breast cancer risk still rely
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on digitised screen films, as cohorts are followed over a long period of time.
Currently, in these studies, mammograms are still segmented by hand. Manual segmentation is mostly done with a software package called Cumulus26. In
the Cumulus software breast density is segmented in two steps. First the pectoral
muscle and other non-breast structures are masked out, by manually segmenting them. Then the operator determines a threshold to segment the dense tissue
within the breast. The Cumulus method is, however, very time consuming, making large breast density studies and clinical usage costly. We have shown that the
fully automated dense tissue segmentation method we developed corresponds
very well to the costly manual segmentations obtained with Cumulus. As such
we believe that our method is a sound alternative to manual segmentation, and
is, as such ready to be used in epidemiology.
The introduction of full field digital mammography has made it feasible to
measure breast density volumetrically. Volumetric breast density estimation cur
rently attracts a vast amount of attention in epidemiology. As the size of available
databases of full-field digital mammography will rapidly expand we believe that
volumetric breast density will gain even more interest. In this thesis we investigated methods to improve volumetric density estimation methods. In particular, we have developed a method to improve the accuracy of volumetric breast
density estimates when mammographic images are recorded with a flexible com
pression paddle. We showed that our method indeed improves the accuracy significantly. Volumetric breast density estimation, however, remains a technique
under development, as it is relatively new. Although promising results already
have been achieved, there is still room for improvement. Especially in extremely
dense breasts volumetric density estimation remains challenging. In order to calibrate the volumetric model, most volumetric methods require an area of purely
fatty tissue in the projection of the compressed part of the breast. In mammo
grams of extremely dense breasts such an area is hard to find. In chapter 6 we
developed an alternative method that also includes the uncompressed part of the
breast in the calibration. The advantage of this method is that even in very dense
breasts the uncompressed part of the breast contains areas of purely fatty tissue,
as a subcutaneous layer of fat is always present. The results of chapter 6 confirmed
the potential of this approach. Further research is needed to establish its merit in
other data sets. In addition we would like to stress that volumetric breast density
methods need to be validated more extensively with MRI. So far, evaluation has
been performed on only a limited number of cases, as it is very labour intensive to
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manually annotate dense tissue in 3D image volumes. In chapter 4 we developed
a fully automatic method for the segmentation of glandular tissue in breast MRI.
As the method does not require manual intervention, validation of volumetric
density estimation on a large scale has become feasible.
Volumetric breast density estimation has an application in both the scientific and the clinical domain. So far, breast density has almost exclusively been
assessed by area based measurements, thereby ignoring the three dimensional
shape of the breast. As volumetric breast density estimation provides measures
of breast density that are area based and not volume based, it may provide new
insights in the relation between breast density and breast cancer risk. In addition,
volumetric methods are able to provide estimates of the volume of non-dense
tissue. Currently a hot topic in the field is the role of the fat surrounding the
glandular tissue. A large debate is centered around the question whether fatty
tissue increases136, or decreases137 the risk for getting breast cancer. It is expected
that volumetric breast density assessment will be a key in resolving this issue, be
cause it can provide objective and accurate information about breast tissue composition.
The ultimate clinical goal of density estimation is to optimize breast cancer
screening. The major shortcoming of current day breast cancer screening is the
one-size-fits-all approach that is currently applied, thereby ignoring the fact that
mammography falls short for women with dense breasts. This group has the
highest risk of developing breast cancer, but their dense breast tissue severely
limits the effectiveness of mammography. In this thesis we have shown that with
volumetric breast density estimation we are able to identify women at risk. In
addition we showed that breast density, as assessed by volumetric breast density
estimation, increased the risk on a false positive referral. It would be also relevant
to study whether volumetric estimates of breast density are associated with false
negative screening exams. Unfortunately we were not yet able to investigate this,
as we did not have information available on missed tumors in our data set, as, in
the Netherlands, linkage with the national cancer registry is not yet established
for the complete time period in which the cases were acquired. It is expected,
though, that this linkage will be available in the near future.
Further research is needed to determine whether automated measures of breast
density are a true independent risk factor, and whether its incorporation in existing risk models improves risk prediction. Currently it seems that manual area
based measures of breast density still are better breast cancer risk predictors than
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automated volumetric measures of breast density. To further improve risk prediction, it would be interesting to investigate the performance of hybrid methods
that combine area with volume based measures of breast density, as has been
suggested by the work of Yaffe et al.67. Another promising opportunity to im
prove risk prediction with computerized image analysis is the usage of textural
image descriptors. For example the works of Heine et al.118, Nielsen et al.39, and
Wei et al.30 show that methods that include image texture outperform traditional,
manual breast density assessment in discriminating between those who do and
those who do not develop breast cancer. Care should be taken, however, that risk
assessment methods should preferably only select those women for whom both
the current screening protocol is insufficiënt, and for whom additional screen
ing methods are available that are more effective. Personalised screening is only
feasible in practice if it is based upon cost-effective strategies, and if objective
and reliable risk assessment is possible. For this purpose, automated quantitative
analysis of mammograms will be a key ingredient.
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Borstkanker is wereldwijd de meest voorkomende doodsoorzaak door kanker bij
vrouwen. Geschat wordt dat ongeveer 1 op de 8 vrouwen in de westerse wereld
invasieve kanker van de borst zal ontwikkelen in de loop van haar leven. Aange
zien een vroegtijdige detectie van borstkanker de kans op overleving verhoogt,
hebben veel landen borstkanker screeningsprogramma's opgezet, waarin peri
odiek mammografische onderzoeken worden uitgevoerd bij asymptomatische
vrouwen. De effectiviteit van deze screening programma's zijn aangetoond in
verschillende studies. Borstkankerscreening kent echter ook zijn beperkingen;
Een groot aantal vrouwen wordt geconfronteerd met een vals alarm en een aan
zienlijk deel van de tumoren wordt gemist.
In de afgelopen decennia zijn verschillende strategieën geïmplementeerd om
borstkanker detectie in de screening te verbeteren. Eén van de innovaties is
de ontwikkeling en het gebruik van computer-ondersteunde detectie systemen
(CAD). Dit zijn systemen die, door middel van geautomatiseerde beeld analyse,
in staat zijn om borsttumoren te detecteren en te karakteriseren. De meeste CAD
systemen zijn ontwikkeld voor film mammografie (SFM). Op dit moment wordt
echter wereldwijd film mammografie vervangen door full-field digitale mammo
grafie (FFDM). Digitale beelden hebben echter andere eigenschappen dan film
beelden.
In hoofdstuk 2 hebben we een methode ontwikkeld die een digitaal beeld omzet
in een film-achtige representatie. Een dergelijke omzetting zorgt er voor dat
CAD-systemen die zijn ontwikkeld voor film mammografie om kunnen gaan met
beelden die zijn opgenomen met digitale mammografie. Bovendien zorgt het er
voor dat beschikbare databases van film beelden nog steeds kunnen worden ge
bruikt om digitale CAD-systemen te trainen. Dit is van groot belang, aangezien
het aanleggen van nieuwe databases een kostbare aangelegenheid is. In een ex
periment hebben we laten zien dat een bestaand CAD systeem voor de detectie
van borsttumoren in film toegepast kan worden op digitale beelden zonder dat
het systeem opnieuw getraind hoeft te worden.
Een andere mogelijkheid om borstkanker screening te optimaliseren is de in
troductie van screening "op maat". Zo kunnen vrouwen met veel klierweefsel
in de borsten worden gescreend met een complementaire modaliteit, zoals Magnetic Resonance Imaging (MRI) of echografie, aangezien het bekend is dat bij
deze vrouwen de sensitiviteit van mammografie relatief laag is, terwijl het risico
op borstkanker voor deze vrouwen juist verhoogd is. Het kwantitatief meten van
de hoeveelheid klierweefsel is echter niet eenvoudig, aangezien dit tijdrovend en
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subjectief is.
In hoofdstuk 3 hebben we een volledig automatische methode ontworpen voor
het segmenteren van klierweefsel in mammogrammen. De methode is gebaseerd
op pixel classificatie, waarin bestaande technieken in de literatuur voor het seg
menteren van klierweefsel zijn geïntegreerd en uitgebreid. Door handmatige seg
mentaties te gebruiken als trainingsdata, bevat de methode de expertise van een
getrainde waarnemer. De methode is getraind en getest op 1300 film beelden,
afkomstig van meerdere mammografen. De resultaten van de automatische met
hode toonden grote overeenkomst met de referentie standaard. De Pearson's cor
relatie coëfficiënt tussen onze methode en de referentie standaard was R = 0,911
voor percentage klierweefsel en R = 0,895 R voor de hoeveelheid klierweefsel.
Deze correlaties zijn aanzienlijk hoger dan de beste correlaties gevonden in de
literatuur (R = 0,70, R = 0,68). We concludeerden dat de combinatie van seg
mentatie strategieën betere resultaten oplevert dan de toepassing van een enkele
segmentatie techniek.
Eén van de beperkingen van op oppervlakte gebaseerde klierweefseldichtheid
metingen, zoals beschreven in hoofdstuk 3, is dat geen rekening wordt gehouden
met de dikte van het klierweefsel. De introductie van digitale mammografie heeft
het echter mogelijk gemaakt om het volume van klierweefsel te schatten op mam
mogrammen. Gebleken is dat schattingen van klierweefselvolumes op mammo
grammen, verkregen met volumetrische methodes, sterk zijn gecorreleerd met
klierweefselvolumes gemeten in driedimensionale MR beelden. Hierbij moet
echter wel opgemerkt worden dat dit slechts op een relatief kleine data set is
gevalideerd, aangezien het zeer arbeidsintensief is om klierweefsel met de hand
te segmenteren in driedimensionale beelden.
Om validatie met een grotere dataset mogelijk te maken zou een automa
tische methode die klierweefsel segmenteert in MRI zeer goed van pas komen.
In hoofdstuk 4 hebben we een dergelijke methode ontwikkeld. In de eerste stap
van de methode wordt een probabilistische atlas gecreëerd om de borstkas en de
borstspieren te scheiden van de borst. In de tweede stap wordt de borst geseg
menteerd in klierweefsel en vetweefsel, door middel van voxelclassificatie met
een Lineair Discriminant Classifier (LDA) en intensiteit als feature. Om de met
hode te evalueren hebben we voor 27 MR beelden de automatische segmentaties
vergeleken met handmatige segmentaties. Voor klierweefsel werd een Dice Similarity Coëfficiënt (DSC) gevonden van 0.75.
De meeste methodes die het volume van klierweefsel schatten gaan er van uit

130

Samenvatting

dat de dikte van de gecomprimeerde borst constant is. Onlangs zijn er echter
compressieplaten in de kliniek verschenen die ontworpen zijn om te kantelen
tijdens compressie. De kanteling van de compressieplaat kan er voor zorgen dat
de borstdikte aan de kant van de borstkas 2 cm groter is dan aan de kant van de
tepel.
In hoofdstuk 5 hebben we twee methodes ontwikkeld die het effect van een
gekantelde compressieplaat op het mammogram schatten en corrigeren. De eerste
methode schat de kanteling door de pixelwaarden te meten van gebieden van
vetweefsel in de borst. De tweede methode is gebaseerd op de entropie van de
grijswaarde verdeling van het mammogram. Beide methoden maken gebruik
van een classifier die gebieden met vetweefsel onderscheidt van gebieden met
klierweefsel. Deze classifier is gebaseerd op de methode van hoofdstuk 3 en
gebuikt textuur features die niet verstoord worden door de gekantelde compres
sieplaat. Om de correctie methode te evalueren hebben we het gesimuleerde ef
fect van een gekantelde compressieplaat toegevoegd aan beelden die op waren
genomen met een compressieplaat die niet kan kantelen. Vervolgens hebben
we gekeken of de correctie methode in staat was om het gesimuleerde effect te
corrigeren. We vonden dat, gemiddeld gezien, beide methoden hiertoe in staat
waren.
In hoofdstuk 6 onderzochten we in drie experimenten hoe de schatting van
het volume van klierweefsel beïnvloed wordt door een gekantelde compressie
plaat. Tevens onderzochten we of de eerste correctie methode uit hoofdstuk 5 de
volumetrische schattingen verbetert. We vonden dat de kanteling van de com
pressieplaat de nauwkeurigheid van de volumetrische methode aanzienlijk aan
tastte. Door toepassing van de correctie methode werd dit effect echter gemini
maliseerd. De correctie methode verbeterde de overeenkomst tussen klierweefsel
volume schattingen op mammogrammen en gemeten klierweefsel volumes op
MR beelden. We concludeerden dat voor het schatten van klierweefsel volumes
in mammogrammen kantelcorrectie zowel noodzakelijk als haalbaar is, indien
beelden zijn opgenomen met een compressieplaat die kantelt gedurende com
pressie.
In hoofdstuk 7 hebben we een aantal toepassingen laten zien van volumetrische
densiteitsschatting. We onderzochten met name of een volumetrische methode
in staat is om de diagnostische uitkomst te voorspellen van een mammografisch
onderzoek. In een experiment met 50.446 digitale screening mammogrammen
vonden we dat een verhoogd percentage klierweefsel, gemeten met Volpara®,
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Matakina Technology, Nieuw Zeeland, geassocieerd is met borstkanker en fout
positieve doorverwijzingen. We concludeerden dat volumetrische densiteitsschatting mogelijk gebruikt kan worden om vrouwen met een verhoogd risico op
borstkanker en fout positieve doorverwijzing automatisch te selecteren, en aldus
kansen biedt om screening op maat mogelijk te maken.
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