
TECHNICAL ADVANCE Open Access

Design and clinical validation of a software
program for automated measurement of
mammographic breast density
Adriano L. C. Araújo1,2* , Heliana B. Soares3, Daniel F. Carvalho3, Roberto M. Mendonça1 and Antonio G. Oliveira4

Abstract

Background: Mammographic breast density is an important predictor of breast cancer, but its measurement has
limitations related to subjectivity of visual evaluation or to difficult access for automatic volumetric measurement
methods. Herein, we describe the design and clinical validation of Aguida, a software program for automated
quantification of breast density from flat mammography images.

Materials and methods: The software program was developed in MatLab. After image segmentation separating
the background from the breast image, the operator positions a cursor defining a region of interest on the
pectoralis major muscle from the mediolateral oblique view. Then, in the craniocaudal view, the threshold for
separation of the dense tissue is based on the optical density of the pectoral muscle, and the proportion of dense
tissue is calculated by the program. Mammograms obtained from 2 different occasions in 291 women were used
for clinical evaluation.

Results: The intraclass correlation coefficient (ICC) between breast density measurements by the software and by a
radiologist was 0.96, with a bias of only 0.67 percentage points and a 95% limit of agreement of 13.5 percentage
points; the ICC was 0.94 in the interobserver reliability assessment by two radiologists with different experience; and
the ICC was 0.98 in the intraobserver reliability assessment. The distribution among the density classes was close to
the values obtained with the volumetric software.

Conclusions: Measurement of breast density with the Aguida program from flat mammography images showed
high agreement with the visual determination by radiologists, and high inter- and intra-observer reliability.
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Background
Mammographic breast density is usually expressed as
the proportion of dense tissue (fibroglandular tissue)
relative to the entire breast (fibroglandular tissue plus
adipose tissue). Quantifying breast density is of great

importance because it is a primary risk factor for breast
cancer [1–9], as well as a cause of false negatives in the
mammographic diagnosis of breast cancer [10, 11].
Breast cancer represents the second cause of cancer
death among women, with a worldwide annual mortality
rate of about 458,000 deaths and an incidence of ap-
proximately 1.4 million new cases each year [12]. Breast
cancer incidence has increased over the years, possibly
related to improvements in imaging methods involved in
the early diagnosis, and the greater number of women
who undergo this examination every year [13].
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It has been shown that the risk of breast cancer associ-
ated with breast density is more correlated with the pro-
portion of dense tissue in the breast than it is with its
total amount [14]. Accordingly, mammographic breast
density has been incorporated as a factor in risk models
for breast cancer [15], leading to an increase in the ac-
curacy of the Gail model for Breast Cancer Risk [16–19],
and is considered fundamental for elaborating individu-
alized screening or prevention standards for this disease
[15]. About half of the American states currently have
specific legislation on breast density [20].
The commonly used method for measuring breast

density has been visual assessment by a radiologist, and
its classification as defined in the ACR (American Col-
lege of Radiology) BI-RADS® [21] lexicon. However, sev-
eral informatics tools have been developed in order to
decrease the measurement subjectivity and intra- and
inter-observer variability. The first proposal was Cumu-
lus®, a software which identifies and quantifies dense
breast tissue according to an operator’s interactive selec-
tion of a pixel density threshold [22], which still had the
limitation of operator subjectivity. Newer methods have
proposed fully automatic and volumetric measurement,
especially the Volpara® (Volpara Solutions) and Quantra®
(Hologic, Danbury, Conn) software programs. However,
there is currently no unanimity regarding the most ap-
propriate method for measuring breast parenchyma
density [23].
In view of the above, in this article we present the

Aguida software program, a computer application for
objectively measuring breast density with easy operation.
Image thresholding is based on the density of the easily
identifiable pectoralis major muscle, which provides a
reference value for the automatic image segmentation of
the dense tissue and subsequent quantification of breast
density, therefore minimizing observer subjectivity.

Methods
A total of 291 randomly selected women from annual
screening programs who had bilateral mammography in
the two routine views (MLO and CC) were enrolled in
this study. Women with some feature preventing satis-
factory visualization of the pectoral muscles in the MLO
view in both breasts, such as Poland’s syndrome, paraly-
sis, rotator cuff tear, pacemaker in the axillary region, or
those with prostheses or bilateral breast implants were
excluded, in addition to cases of malposition. The mean
age of the 291 women was 51.5 ± 10.1 years (range 33 to
81 years) and the mean body mass index (BMI) was
27.4 ± 4.55 kg/m2 (range 11.0 to 43.2 kg/m2).
Two radiologist physicians with different experience

profiles participated in the study, one with 15 years of
experience in mammary radiology (observer 1) and one

with 5 years of experience in general radiology (observer
2).
Bilateral digital mammographic images were obtained in

DICOM format from each subject in the mediolateral ob-
lique (MLO) and craniocaudal (CC) routine views, with a
Hologic Selenia mammogram (Lorad/Hologic, Danbury,
CT, USA). The technicians involved received guidance
and the necessary training to ensure good positioning in
the CC view, aiming to include all fibroglandular tissue in
this incidence as the breast density measurement may vary
due to differences in positioning [24].
The approach to developing the Aguida software was

based on empirical observation that the density of the pec-
toralis major muscles is visually correlated to the density
of the mammary fibroglandular tissue in mammograms.
The software was developed in Matlab (Natick, MA,
USA), and capitalizes on the correlation between those
two densities to define the threshold for the segmentation
of the mammary fibroglandular tissue by multiplying the
pectoralis major muscle density as measured with a user-
operated Region Of Interest (ROI), with a pre-defined
constant amount.
A set of data (vector) is created after selecting the re-

gion of interest in the MLO view with an ROI positioned
over the image of the pectoralis major muscle, storing
the value of all the pixels in the selected region, and then
the median optical density of the region is computed.
The threshold used to segment the fibroglandular tissue
from the adipose breast tissue is obtained by multiplica-
tion with a constant value. This constant value was
estimated from a sample of 231 randomly selected mam-
mograms, in which it was found that the average ratio of
muscle to glandular tissue optical density was 0.72 (95%
confidence interval 0.712 to 0.728), and that value was
adopted as the multiplication constant.
Next, in the CC view, the software separates the breast

area from the background, which was defined as all
pixels having zero grey-level value (black) which are ex-
clusively surrounded by pixels with zero value. Next, the
program identifies the breast area considered dense,
meaning the one which contains all the pixels with a
value equal to or greater than the threshold value. The
pixels corresponding to the points of dense parenchyma
are highlighted, creating a mask overlaying the original
image and generating a visual return to the radiologist
(Fig. 1). Then, still in the CC view, the software com-
putes and displays the dense tissue percentage in rela-
tion to the total breast area. The reason for the dense
fibroglandular tissue measurement not being performed
in the MLO view is because the images of the muscles
in this view would also be selected, thus generating a
wrong proportion. On the other hand, the pectoral mus-
cles are not commonly shown in the CC view, and when
they do show, they appear as a thin band in the posterior
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region of the breast, so that its proportion in relation to
the total breast area is not significant.
Next, the breast density proportions were measured in

a sample of 291 new subjects by visual evaluation and by
using the software (with a constant of 0.72) blinded to
the results of the visual evaluation in order to assess the
validity of the software compared to the visual evalu-
ation. Thus, the breast density measurements of those
patients were compared to measurements made on a
prior exam of the same patients performed no less than
1 year before, being obtained from a digital image file in
order to analyze the reliability of the software. The time
lag between the two mammograms was limited to 3
years to avoid large changes in the breast structure due
to the usual gradual and proportional increase of its adi-
pose component [10, 25]. Women who had undergone a
surgical procedure, hormone replacement, or who devel-
oped a new finding in both breasts, as well as those who
had a weight variation greater than 20% between the two
mammograms were excluded from this evaluation, as
such factors could generate large differences between
the densities being compared [26]. Therefore, reliability
was assessed in 282 patients after exclusions.
The evaluation of breast density with the software was

performed by observer 1, who was blinded to the subject
identification. Then, the breast densities of the 291 mam-
mograms were measured with the software by observer 2
for the inter-observer variability evaluation, who was
blinded to the results of the measurements made by obser-
ver 1. The radiologists were trained to measure the density
of the pectoralis major muscle in its more homogeneous
portion, free of accessory glandular tissue, vessels, lymph
nodes, skin folds or other additional findings. They were
also oriented to visually quantify the proportion of breast
tissue by taking into consideration the full mammary area,
including the entire area of adipose tissue contained in the
subcutaneous tissue and in the retromammary space.
The data are presented as mean ± standard deviation or

as absolute and relative frequencies for Statistical analysis.
The Bland and Altman method [27] was used in order to
assess the validity of the Aguida software compared to

Fig. 1 a Clinical validation of the Aguida software for automated
measurement of mammographic breast density – Agreement
between the software and visual assessment; b Clinical validation of
the Aguida software for automated measurement of
mammographic breast density – Correlation between the software
and visual assessment; c. Clinical validation of the Aguida software
for automated measurement of mammographic breast density –
Correlation between the difference and the average of visual and
software measurements of breast density; d. Clinical validation of the
Aguida software for automated measurement of mammographic
breast density – Reliability of breast density measurements with the
software between two mammograms in the same subjects
separated by 1 to 3 years
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visual assessment of breast density. This method is applied
in situations where there is no gold standard against
which a new method can be compared. It assumes that
the average of two measurement methods (visual assess-
ment and Aguida software) will be the best estimate of the
true value of what is being measured, and the analysis
consists of the correlation of the differences between the
values obtained by the two methods with their respective
means. If the two methods are measuring the same quan-
tity, it is expected that the differences between their values
will only arise by random error, and therefore the differ-
ences should have normal distribution, zero mean and
should not be correlated with the average of the two mea-
surements. The method also assesses the existence of bias
in the measurements of one method over the other, as
well as its value, in addition to estimating the limits of
agreement, defined as the interval which contains 95% of
the differences between the two measurement methods.
The Shapiro-Wilk test was used for testing the normal

distribution, and the one sample t-test for testing the
zero mean of the differences in breast density between
visual evaluation and the software. The Pearson’s correl-
ation coefficient was used to evaluate the existence of a
correlation between differences in the two methods and
their means. The intraclass correlation coefficient (ICC)
was calculated in order to obtain a measure of the agree-
ment between the two methods, as well as to evaluate
the reliability of the software applied to each of the im-
ages at two different moments in time. The kappa con-
cordance coefficient was used to evaluate the adequacy
of the software to assign the classification of breast dens-
ity according to the BI-RADS® system (4th edition) for
each image.
A p-value less than 0.05 was considered as evidence of

statistical significance. All analyzes were performed with
Stata 15 software (Stata Corp., Collegue Station, TX,
USA).
This study was approved by the institution’s Research

Ethics Committee and informed consent in writing was
obtained from all participants.

Results
The mean breast densities were 31.6% ± 26.0 (limits 1 to
90%) for the visual evaluation and 32.3% ± 24.4 (limits 2
to 91%) with the software.
Figure 1a shows the agreement between visual and

software evaluations by the Bland and Altman method.
The differences between the values obtained by the two
methods do not have normal distribution (Shapiro-Wilk
test: z = 3.22, p = 0.0006). Their mean was not statisti-
cally different from zero (one sample t-test: t = 1.65, p =
0.10) with an estimated value of the bias of 0.67 percent-
age points (95% confidence interval (CI) –0.13 to 1.47
percentage points). This means that the software shows

a trend to return only slightly higher values than the vis-
ual evaluation. The value of the 95% limits of agreement
means that the difference between the two methods in
breast density will not be greater than 13.5 percentage
points in 95% of cases. The intraclass correlation coeffi-
cient between visual assessment and the software was
0.96 (95% CI 0.95 to 0.97) (Fig. 1b).
There was a small negative correlation between the

difference and the mean visual and software breast dens-
ity measurements (Pearson correlation coefficient: r = −
0.23, p = 0.0001) (Fig. 1c), indicating that the observer
tends to assign slightly higher values than the software
as the breast density increases.
For the software reliability analysis, a comparison was

made between the measurements performed by the soft-
ware for the same subject at two moments in time sepa-
rated by no more than 3 years and no less than 1 year.
There was a strong correlation between the two mea-
surements with an intraclass correlation coefficient of
0.98 (95% CI 0.97 to 0.98) (Fig. 1d).
The agreement for the intraclass correlation coefficient

in the comparison between the results obtained with the
software operated by two radiologists was 0.94 (95% CI
0.93 to 0.95) (Fig. 2).
The image distribution by the four visual classification

types of the BI-RADS® mammary density (4th edition)
[28] in types A, B, C and D was 151 (51.9%), 45 (15.5%),
76 (26.1%) and 19 (6.53%), respectively (Table 1). The
values found using the Aguida software program were
157 (54.0%), 43 (14.8%), 72 (24.7%) and 19 (6.53%), re-
spectively, with a kappa concordance coefficient of 0.81
(z = 20.97, p < 0.001). In dividing the findings into dense

Fig. 2 Correlation between breast density measurements obtained
by two observers using the software
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breasts (breast density > 50%) and non-dense breasts
(breast density ≤ 50%), it was observed that 196 (67.4%)
were non-dense and 95 (32.6%) were dense by visual
evaluation, while 200 (68.7%) were non-dense and 91
(31.3%) were dense with the software. The kappa coeffi-
cient was 0.95 (z = 16.26, p < 0.0001).

Discussion
Aguida software is a practical breast density measurement
tool, as the only interaction required with the operator is
to place a ROI over a suitable portion of the pectoralis
major muscle for measuring its optical density. This is a
simple and familiar task for any radiologist. The breast
image is automatically segmented from the background,
thus the running time is short. The breast density is also
presented visually in flat images, which is intuitive and fa-
miliar to radiologists. Visual density is provided by the
software in integers between 1 and 100, and not in four
large groups (quartiles) as in conventional visual quantifi-
cation, which is another advantage because values near
the boundary between two categories in a classification
into four large density categories may be falsely considered
as concordant or discordant [29]. A large portion of sub-
jectivity in measuring breast density is removed by taking
the density of the pectoralis major muscle as reference for
the entire process.
In the absence of a gold-standard method for

measuring breast density, a visual quantification
based on the 4th edition of the BI-RADS® was used
as reference method because it considers the propor-
tion of dense tissue in relation to the whole breast,
in addition to having strong evidence of an associ-
ation with breast cancer risk [30, 31]. The 5th edi-
tion of BI-RADS® no longer quantitatively considers
density and therefore brings greater interpretive sub-
jectivity. Our software proposal aims at correcting
the subjectivity of the visual classification that is re-
sponsible for the moderate inter- and intra-observer
agreement indexes seen with that method [21, 31,
32]. Additionally, the comparison between radiolo-
gists with different levels of experience in mammog-
raphy in this study shows that the use of the Aguida

software can correct the low agreement in BI-RADS®
classification related to the different levels of experi-
ence among the evaluators.
The study population had a compatible average age

and BMI with that observed in other studies involv-
ing patients belonging to mammography screening
groups. Regarding the distribution between BI-RADS®
density categories A, B, C and D, we obtained breast
density values with a significantly lower mean and a
different distribution than has usually been reported
in other studies [21, 33]. However, despite the appar-
ent disagreement, our values are close to the values
of VDB (Volumetric Breast Density) obtained by
volumetric software [34, 35]. In those systems, VBD
values usually have to be converted to VDGs (Vol-
para Density Grades) so that they can be correlated
with BI-RADS® values [36]. The discrepancy between
our findings and those of other studies which used
the BI-RADS® classification is possibly explained by
the methodology used by the observers in this study
for measuring breast density; in much the same way
as the software itself, they considered the entire
thickness of the subcutaneous tissue and the retro-
mammary space. This is likely to be different from
studies which have retrospectively taken values of
breast density assigned without this concern and
where only glandular tissue had been considered,
which might have resulted in overestimating the
breast density.
The correlation between software and visual measure-

ments is very high in our study, as can be evaluated by
the intraclass correlation coefficient. This degree of
agreement is similar to that found in the work of Ciatto
et al. [37], who compared density values obtained by
Quantra® software (Hologic, Marlborough, MA, USA)
and by visual classification, obtaining a concordant clas-
sification in 89% of the cases.
The high correlation of the two measurements per-

formed on mammographies taken on two separate occa-
sions in the same subject indicate excellent intraobserver
reliability. In addition, it shows that factors which often
change between two consecutive examinations, such as
degree of exposure, positioning and degree of compres-
sion of the mammary tissue [38], do not have a signifi-
cant impact on breast density measurement by this
software.
A very small bias was observed, with the software

tending to give a slightly higher value than the visual as-
sessment. The value of the 95% agreement limit was
within 13.5 percentage points relative to the visual evalu-
ation. This margin is low when compared to the BI-
RADS classification, which is separated by bands of 25
percentage points. There was also a correlation indicat-
ing that the observer tends to assign higher values than

Table 1 Agreement between BI-RADS classification assessed by
visual evaluation and by the Aguida software

Software Total

A B C D

BI-RADS A 143 8 0 0 151

B 14 30 1 0 45

C 0 5 68 3 76

D 0 0 3 16 19

Total 157 43 72 19 291
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the software as the density increases, but this correlation
is quite small.
A high index of agreement was observed when

breast density measurements with the Aguida software
were compared between the two observers with dif-
ferent experience, thus suggesting that the software
has the ability to reduce the inter-observer variability
by adopting the optical density of the pectoral muscle
as reference.
Validation of the Aguida software would be more

robust with a larger number of radiologists and mam-
mograms, as well as through comparison with volu-
metric and automatic measurement programs or with
Magnetic Resonance. Limitations for its use occur in
patients with bilateral breast implants and in patholo-
gies where the pectoralis major muscle is not in-
cluded in the image, as in cases of severe limitations
of movement in the shoulder joint or in the agenesis
of the pectoral muscles. However, the bilateral occur-
rence of those conditions is extremely rare. There
may be air pockets forming in the armpit region in
the MLO incidence in patients with very low BMI,
generating a false decrease in pectoral muscle density.
This limitation can be minimized with specific train-
ing of the technical team.
Efforts are being made to create secondary con-

stants to obtain density degrees within the tissue con-
sidered as dense. This feature may approximate the
area-based measurements to those based on the volu-
metric measurement, since the higher the optical
density of a pixel in the flat image, the greater the
volume of dense tissue component in that pixel.

Conclusions
Given the great importance of breast density and the
lack of a density measurement method with definitive
proof of validity, our findings show that Aguida is a
promising tool, since it presented high intra- and
inter-observer agreement and excellent reliability, in
addition to showing similar results to those obtained
with volumetric measurement tools with respect to
density values. The use of this tool can present excel-
lent benefits for managing patients, providing an ob-
jective parameter to define additional screenings or
even for breast cancer prevention, reducing the mor-
tality of this disease and fostering better utilization of
resources and efforts. In addition, the software is easy
to use and provides simple and fast results, and add-
itionally provides visual feedback to the radiologist.
This software can also be used in the educational
field, serving as an excellent tool to train radiologists,
since it eliminates the need for experience linked to
subjectivity. Further studies are needed to substantiate
these findings.
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