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Breast Density: Computerized Analysis on Digitized Mammograms
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Abstract

Background-Aim: Mammographically dense breast
tissue is related to a higher risk of breast cancer.
We aim to evaluate a computerized system, assess
whether it can provide an accurate and objective es-
timation of the breast density and if it can accurately
classify the mammograms according to the ACR/
BIRADS system.

Methods: We retrospectively reviewed the medio-
lateral oblique (MLO) and cranial-caudal (CC)
views of 83 normal mammograms and classified
them, both manually and with the use of computer-
ized texture analysis (CTA), according to their den-
sity. We grouped the mammograms either into two
(ACR 1-2, ACR 3-4) or four categories (ACR 1 to
4). An inter-rater reliability analysis was performed
using the kappa statistic to determine consistency
among the radiologist and the CTA.

Results: The best matching was observed for the
MLO view when the classification involved 2 groups
(94%). The equivalent matching for the CC view
was 92.8%.

When we used all 4 ACR categories the matching
was lower: i.e. 84.3% for the MLO view and 79.5%
for the CC view. For older patients (>50 years old)
the best matching was for the MLO views while for
the younger patients equal matching was observed
for both views. Overall, substantial to almost perfect
agreement was observed between the two methods
of assessment.

Conclusion: CTA is a reliable and accurate form of
computerized assisted diagnosis. If a single view is
to be used, it should be the MLO view since the ad-
dition of CC view does not seem improve the sensi-
tivity of the method.
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Introduction

Breast cancer remains the leading cause of cancer
death in women in their 40s [1,2]. Studies have
shown that women with dense tissue in more than
60-75% of their breast have a four to six-fold risk
of breast cancer than those with densities in less
than 5% [3,4,5]. Breast density actually refers to the
amount of “white areas” of the breast on mam-
mogram while the balance of “white” and “black”
areas reflects the breast composition of glandular
tissue, connective tissue, and fat [6]. The American
College of Radiology (ACR) developed the Breast
Imaging Reporting and Data System (BI-RADS),
which classifies the mammograms according to the
breast density into four categories and has largely
become universally accepted (Fig. 1). According to
this system, the percentage of “white areas” is es-
timated and the mammogram is classified as ACR
1 if the density is less than 25%, as ACR 2 if it is
between 25-50%, as ACR 3 if it is between 51-75%
and finally as ACR 4 if it is more than 75% [6, 7].
Apart from the subjective manual method of assess-
ing and classifying mammograms into ACR catego-
ries, attempts have been made to use software in or-
der to identify and outline the white areas, compare
them with the total breast area and obtain objective
estimation of glandular density [8,9,10]. These au-
tomatic methods for classification of breast tissue
according to its density could be used and justified
as an automatic risk assessment in screening popu-
lation. [11,12,13].

For computers, it is simpler and easier to solve
the normal tissue recognition problem rather than
the tumour detection problem because of the vari-
ability of the appearance of the tumours. However,
it is very important to assess and validate computer
performance during normal tissue recognition [1,
14,15].
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“Text analysis” is a method used to discover topics
in a document using the “bag-of words” document
representation [16]. Anna Bosch et al adopted this
method to be used in the analysis of medical images
[2, 17,18,19]. We based our approach on the afore-
mentioned principal treating the mammographic
images as “documents” full of “visual words”. The
basic elements used in our method were “textons”
based on statistical and textural characteristics
[20,21]. We aimed to evaluate this computerized
system and assess whether it can provide an accu-
rate and objective estimation of the breast density
and accurately classify the mammograms according
to the ACR- BIRADS system.

Materials and Methods

For the purpose of the study, we used the medio-
lateral oblique (MLO) and cranial-caudal (CC)
views of 83 digitized mammograms randomly se-
lected from the files of the Radiology Department
of Thriasio Hospital. Only mammograms initially
reported as “normal mammograms” by the radiolo-
gists of the radiology department were included,
while mammograms with pathologic findings or bad
quality images were excluded.

Methodology

All mammograms were blindly reviewed by two in-
dependent radiologists (Rad) and classified accord-
ing to the BIRADS-ACR system. This assessment
was used as the standard to which the computerized
analysis would be compared.

For the computer-assisted diagnosis (CAD) we
used the adapted method of “text analysis” for med-
ical images (computerized text analysis-CTA). The
basic principal of “bag of words” document repre-
sentation was followed.

In the analysis of breast imaging, the” images”
would be the mammograms, the “topics” would be
the different densities of the tissue and finally the
“words” would be a number of local area image
characteristics. In this way, the mammographic im-
age was treated as a document full of “visual words”
where the target was to find the “topic” of the docu-
ment. These “visual words” were created from auto-
matically extracted local textural descriptors.

Breast density analysis was performed in five stag-
es, as follows:
e All available mammographic images were
preprocessed in order to distinguish the actual
breast region from its surroundings. An experi-
enced radiologist performed this step manually.
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® All mammograms were digital images of 1024
x1024 pixels with a pixel size of 200um. Around
each pixel, a NXN neighbourhood square was
selected to form a “texton” which was the basic
texture particle (N=7 in our series). The pixels
contained in this square were reordered and
aligned to form a vector in an N2 dimensional
feature space. Each vector was characterized
by fourteen statistical and textural characteris-
tics calculated on the 7X7 square (mean value,
standard deviation, kurtosis, skewness, entropy,
median absolute deviation 1 and 0, Igr, inertia,
clustershade, clusterprominence, Haralickcor,
correlation and IDF). The procedure was ap-
plied to the entire image to create a set of textons
(i.e . the fundamental microstructures compos-
ing the mammographic image/ the descriptors).
® K-means, a well-known alogorithm, was sub-
sequently used to cluster the textons, group
them together and finally create a texton vocab-
ulary. The vectors separated the image dataset
into a number of clusters by defining an equal
number of cluster centres. These cluster centres
constituted the actual texton vocabulary of the
image dataset. K-means aims to cluster data by
rearranging cluster centres so as to minimize the
summated distance of all vectors from their clos-
est cluster centre.
® After defining the textons, we calculated (a)
the number of appearances of each texton in
every single image and (b) the total number of
textons present on each image. By dividing a/b
we obtained the texton frequency vector (fre-
quency matrix) of the image, which was used for
the classification of the breast tissues.
® To perform classification of the breast tissue
we used five different classifiers provided by
MAT LAB (Matrix Laboratory): Classification
trees, Bayes Classifier, SVM (Support vector
machines), Probabilistic Neural Networks, and
Pattern Recognition Network
In order to evaluate the effectiveness of the pro-
posed algorithm we used the “leave-one-out” meth-
od. According to this method, one by one, each
image was removed from the image dataset and
analyzed separately by a classifier trained using the
remaining images (training set). After the training
was completed, each test image was classified ac-
cording to the estimated parenchymal breast den-
sity into a different category. The number of cor-
rect estimations of the computerized classification
divided by the total number of images indicates the
success rate of the algorithm. The concordance rate
between the 2 studies represents the sensitivity of



Hellenic Journal of Surgery 2011; 83: 3

135

Breast Density: Computerized Analysis on Digitized Mammograms

the method under study ( i.e. CAD/CTA). The sta-
tistical analysis was carried out using SPSS for Win-
dows version 17 software package (Statisti-cal Pack-
age for Social sciences; Inc, Chicago, IL).

We applied the inter-rater reliability analysis us-
ing the Kappa statistic in order to determine the
consistency among the two assessment methods ( i.e
CAD/CTA and Rad).

Results

The mean age of the patients in this series was 55
years (29-77), of whom 28 patients were under 50
years of age with a mean age of 43.9 years (29-50)
and 55 were over 50 with a mean age of 60.5 (51-77).
We compared the radiologist reports (Rad) with the
computerized reports (CAD). Initially, we classified
the mammograms into 2 wide categories: Group
A comprised the ACR 1 and 2 mammograms and
group B the ACR 3 and 4 mammograms. We did
a subgroup analysis applying the same comparisons
for both patients under and over 50 years of age.

MLO view (group A and group B) (N=383)
Overall, there was a 94% concordance between the
Rad and the CAD classification. In 1.2% of the cas-
es the Cad underestimated, while in 4.8% it overes-
timated the breast density.

The inter-rater reliability for the rates was found
to be outstanding since the Kappa was 0.855,
(p<0.001). The concordance rate was higher for
group B (97.6%) than for group A (90.2%).

For patients over 50 years of age (N=55), the
overall concordance rate was 94.5% and the CAD
overestimated the breast density in 5.5% of the cas-
es. In this age group, there was 100% concordance
for group B as opposed to 90% for group A. The
inter-rater reliability for the rates was found to be
outstanding since the Kappa was 0.891, (p<0.001).

For patients under 50 years of age (N=28), the
overall concordance rate was 92.9% but the CAD
both overestimated and underestimated the breast
density in 3.6% of the cases. The inter-rater reliabil-
ity for the rates was found to be outstanding since
the Kappa was 0.850, (p<0.001). In this age group
there was 94.1% concordance for group B and
90.9% for group A.

CC view (group A and group B)

Overall, there was a 92.8% concordance between
the Rad and the CAD classification. In 2.4% of
the cases the Cad underestimated while in 4.8% it
overestimated the breast density. The inter-rater
reliability for the rates was found to be outstand-
ing since the Kappa was 0.855,(p<0.001). Once

more, the concordance rate was higher for group B
(95.2%) than for group A (90.2%).

For patients over 50 years of age, the overall con-
cordance rate was 92.7%. The CAD overestimated
the breast density in 5.5% of the cases and underes-
timated it in 1.8%. The inter-rater reliability for the
rates was found to be outstanding since the Kappa
was 0.854,(p<0.001). In this age group, there was
96% concordance for group B and 90% for group A.

For patients under 50 years of age, similar results
to the MLO view were observed, i.e. the overall
concordance rate was 92.9% but the CAD both
overestimated and underestimated the breast den-
sity in 3.6% of the cases. The inter-rater reliability
for the rates was found to be outstanding since the
Kappa was 0.850,(p<0.001). In this age group, there
was 94.1% concordance for group B and 90.9% for
group A.

In the next step of our study, we compared the
results of all BIRADS categories (i.e. 1 to 4) for the
same views and subgroups

MLO view (ACR 1 to 4)

Overall, there was an 84.3% concordance between
the Rad and the CAD classification. The Cad un-
derestimated in 3.6% and overestimated in 12%
the breast density. The inter-rater reliability for the
rates was found to be substantial since the Kappa
was 0.710, (p<0.001). The concordance rate was
higher for BI-RADS 3 (88.5%) followed by BI-
RADS 2 (87.5%), BI-RADS 4 (81.3%) and BI-
RADS 1 (66.7%).

For patients under 50 years of age, there was an
overall 85.7% concordance between the RAD and
the CAD classification. The CAD both underesti-
mated and overestimated the breast density in 7.1%
of the cases. The inter-rater reliability for the rates
was found to be outstanding since the Kappa was
0.802, (p<0.001). In this age group, the concordance
rate was higher for ACR 1 (100%) followed by ACR
3 (88.9%), ACR 2 (87.5%) and ACR 4 (75%).

For patients over 50 years of age, the overall con-
cordance rate was 83.6 %. The CAD overestimated
in 14.5% and underestimated in 1.8% the breast
density. The inter-rater reliability for the rates was
found to be substantial since the Kappa was 0.757,
(p<0.001). In this age group, the concordance rate
was similar for ACR 2 (87.5%), ACR 3 (88.2%), and
ACR 4 (87.5%) while it was low for ACR 1 (50%).

CCview (ACR 1to 4)

Opverall, there was a low concordance between the
RAD and the CAD classification (79.5%). The
CAD underestimated in 8.4% and overestimated
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in 12% the breast density. The inter-rater reliability
for the rates was found to be substantial since the
Kappa was 0.710, (p<0.001). The concordance rate
was higher for ACR 2 (81.3%) and ACR 3 (80.8%),
followed by ACR 1 (77.8%) and ACR 4 (75%).

For patients under 50 years of age, there was an
overall 85.7% concordance between the Rad and
the CAD classification. The inter-rater reliability
for the rates was found to be outstanding since the
Kappa was 0.802,(p<0.001). The Cad underestimat-
ed in 3.6% and overestimated in 10.7% the breast
density. In this age group, the concordance rate
was higher for ACR 1 (100%) followed by ACR 3
(87.5%), ACR 4 (87.5%) and ACR 3 (77.8%).

Among patients over 50 years of age, the overall
concordance rate was once again low (76,4%). The
inter-rater reliability for the rates was found to be
substantial since the Kappa was 0.855, (p<0.001).
The CAD overestimated in 12.7% and underesti-
mated in 10.9% the breast density. In this age group,
the concordance rate was higher for ACR 2 (79.2%)
and ACR 3 (82.4%) while it was lower for ACR 1
(66.7%) and ACR 4 (62.5%).

Discussion

Our method was applied to 83 digitized mammo-
grams. Initially we used the MLO views only, but
later also applied the method to the CC views, to
assess whether there was a benefit in the sensitivity
of the method. Many researchers grouped ACR 1
with 2 and ACR 3 with 4 and used two wide cat-
egories of parenchymal breast density in order to
reduce the dimensionality of the problem [3,14,18].
We also used this approach to test our algorithm. In
this way, there was one category with low density
and another with high breast density.

According to the BI-RADS-ACR system, women
who have dense breasts are at an increased risk of
developing breast cancer compared with women
whose breasts are of average density. The consid-
eration of the breast physiology and the cancer risk
factors with the image data analysis produces a more
effective use of a CAD system [3,4,5].

The use of our CAD system is very important in
the estimation of breast density and the early detec-
tion of breast cancer. The results of previous stud-
ies demonstrated the feasibility of estimating mam-
mographic breast density using computer-aided
techniques. Zhou et al achieved reproducibility of
breast density estimation and managed to improve
the diagnostic accuracy of breast density classifica-
tion in comparison with the subjective visual assess-
ment [18].

For various reasons, it is very important for the
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radiologist to be able to provide the surgeon with
the facts regarding the composition of the breast tis-
sue, irrespective of whether or not breast cancer is
present. This can facilitate the decision making pro-
cess in terms of diagnosis and screening as well as
management and subsequent follow-up [22].

In this study, we noted a high concordance rate
and substantial to almost perfect agreement be-
tween the observations of the radiologists and the
CAD reports in all comparisons.

When dealing with only two broad categories of
breast density, there was almost perfect agreement
between the radiologist and the CAD assessment
and the concordance rate was more than 92.8%, ir-
respective of the age group. There was a trend for
higher concordance when dealing with the MLO
view, although this was not observed when analyz-
ing the mammograms of the younger (<50 years)
patients.

When all four ACR categories were used, it
seemed that concordance was overall better for the
MLO views. When the dataset was broken down
according to the age group, an agreement was ob-
served between the radiologists and the CAD that
was almost perfect and around 85.7% for both the
CC and the MLO view for the younger patients.
On the contrary, the agreement was somewhat
lower, but still substantial, for the elder patients
(>50 years). There was a substantial discrepancy
between the concordance rate of the MLO and the
CC views in the elder patients with the higher rates
being observed for the MLO views. This may well
have affected the overall results.

Were we to classify the mammograms in all 4
ACR categories, using the MLO view would be the
ideal since it seems to be associated with a higher
concordance rate than that of CC views. This limi-
tation does not apply to younger patients where any
view could be used.

Hence, our method is overall reliable and sensi-
tive in classifying the mammograms according to
the glandular density. Any view can provide equally
good results if we want to classify the mammograms
into two broad categories (i.e. dense vs. fatty).

A correct classification by a similar CAD system
could decrease the workload of the experienced ra-
diologists who would only need to review the dense
mammograms leaving the fatty ones for less expe-
rienced clinicians. Moreover, untrained radiologists
who tend to overestimate the breast density would
stand to benefit from using CAD procedures [21].
Finally, this method could ultimately reduce the
radiologist’s workload and improve screening ef-
ficiency. It could also be used as a pre-screening



Hellenic Journal of Surgery 2011; 83: 3

137

Breast Density: Computerized Analysis on Digitized Mammograms

system, which would detect normal mammograms,
classify them according to the density and indicate
the high risk (dense) mammograms which would
then be assessed by a radiologist.

In this paper, we used a new computerized pro-
cedure for texture analysis based on statistical mea-
sures and textons which provided an automatically
accurate and objective estimation of the parenchy-
mal breast density. The breast tissue was success-
fully classified into four categories according to the
ACR-BIRADS system. It remains for future studies
to assess whether or not this method could become
a safe substitute for the screening radiologists.

Fig. 1 Digitized Mammograms of the 4 BIRADS-ACR categories
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Ymoloyiotika YmofonOoupevny Avaluon tng WPnelakrg
Maotoypagiag yia Ektipnon tng ITukvotntag tou Maotou

IIpwtotumo ApOpo

A. TTamagvayyéhov, 2. Xottnotépyog, K. . Nuta, I'. Zwyedgog

IegiAnyn

Eioaywyij: Znomdg tng eQyaotag elvarm avaivon g
VNG TOU HaltrovV adéva 0T YMPLOTOLNUEVT ELROVAL
™G WOLOTOYQOALOS, 1) LETENON TNG TUXVOTNTOS TOU
TOOEYYVUOTOS UE TNV PonBeLa TEXVIRMV YMpLarng
emeSegyaotag xabdg »ow M ToEWvoUnon  Tmv
uaotoyoogmv  ovugpove ue 1o ACR-BIRADS
ovomua. ‘Exer avagepfel 1t v munvotto tou
nalinov adéva gival £vag ovolooTrog delrtng Tov
oyeTICETAL [LE TOV RAQUIVO TOV NAOTOV.

MéBodog: MehetiBnrav 83 naotoypagies (CC
zart MLO Mypeg) xan ta&voundnray, ovpgpmvo
UE TNV TURVOTNTA TOUG, OQYWA OO EUITELQOVS
OXTLVOADYOUS ROL OTY OUVEYELO CLTTO VITOAOYLOTLRO
TEOYQOUUA AVAAVONS VNS TOU uollirot adéva.
ToaEwvoundnray eite oe dvo opddes (ACR 1-2, ACR
3-4) eite oe 1é00eQLg natnyoples (ACR 1 péyol 4)
%O OUYXQIVOUE OTATLOTIXA TO. ALTTOTEAE OUOLTOL.
AmoteAéouara: To pueyoahiteQo TOOOOTO OUUPO-
viog petaEy  oxTVOAOYmV %L VTTOAOYLOTLRNG
uétonong Nrav 94% nar mapatnendnxe otig MLO
otvTaELvounon tmv oo ouddwv. To aviiotoryo
to00td Yo g CC Mppeg ftav 92,8% evd otig
T€00€QLG kot YOoies NTwv 84,3% nan 79,5% o Tig
MLO x»av CC avtiotowya. Ze yuvaireg >50 etdv
UINOYE UeYaAUTEQN ovnpmvia otig MLO Myeig
eEVM 08 WKEOTEENS NMxlag yuvaires Oev VhQYE
0VOLO0OTLRY OLOPOQE UETAEY TMV OVO ATPemV.
Svuréoacua: H vmohoyiotird vmopfonbovuevn
avAaAvomn ™S VNG TOU Palirov adéva amotelel pio
oxop row a&Lomotn uéBodo xatd TV omola eiva
duva 1 uETENOoN oW 1) TOELVOUNOT TG TTURVOTNTAS
ToV.

AEEeic xAetdd

Wngromowmuévny pootoyoagia, ITurvotnto polikot adéva xou
®aErivog paotov, Ta&wounon muxvotnrog ualirov adéva,
Avdlvon vpig nalwov adéva, Yrohoyotrd vrofonfovuevy
AVAAMUOY ELROVOG

-Axuvoloywro Tunua Ggoraciov Noooxougiov ABva
-Tunuo Higxtpohoywv-Mnyavizdv ITAnoogoouxi, EOvino Texvind Mavemotuo Abnvodv
-Xewpovpyrn Ipomaudevnrs) Kvinn, Inmorpdteio Noooxoueio, Tatouxr Zyoh Mavemotuiov ABnvav
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