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Purpose

In a previous work we presented a CAD system for mass detection
[1]. This system aims to detect masses in two different steps. First of
all, the system learns the shapes of the real masses and uses this
information to create a set of mass templates. In the second step, these
templates are used in a probabilistic matching scheme which allows
us to provide a set of suspicious regions. Afterwards, a false positive
reduction algorithm is applied in order to distinguish between regions
being masses and those being normal tissue.

Comparing to other CADs [2,3], a distinctive feature of our system
is the inclusion of the breast density information [4]. In this sense, we
create different templates for each of the four BIRADS density cat-
egories. Therefore, in the detection step only those templates
belonging to the same BIRADS as the analysed mammogram are
used. Note that in the detection of a new mammogram the breast
density classification has to be done automatically. However in the
training step this breast density classification can be performed using
automatic estimations or manual annotations obtained by the radiol-
ogist. The goal of this paper is to analyse and compare the
performance of the CAD system when using manual or automatic
breast density annotations in the CAD training step.

Materials and methods

In this paper we use 89 MLO mammograms and 87 CC mammograms
obtained by a Siemens Mammomat Novation digital mammographic
unit. Each image of the database is 70 micron pixel edge and is stored
according to the DICOM protocol, with a bit resolution of 12-bit per
pixel. Two different image sizes were possible: 2560x3328 or
3328x4096 pixels, although in both cases the images are resized by a
factor of four for time-computing reasons.

In this experiment we ensure that all the mammograms contain at
least one mass. Moreover, all the mammograms of the dataset have their
own annotation which includes the breast density classified according
the BIRADS categories, the number of lesions, and their contours.

The evaluation of our system is done using Receiver Operating
Characteristic (ROC) analysis [5]. A ROC curve indicates the true
positive rate as a function of the false positive rate. When no useful
discrimination is achieved the true positive rate is similar to the
false positive rate. As the accuracy increases, the ROC curve moves
closer to the upper-left-hand corner, where a higher sensitivity
corresponds to a lower false positive rate. A measure commonly
derived from a ROC curve is the area under the curve Az, which is
an indication for the overall performance of the observer. For an
ideal classifier the Az value is equal to one. Note that in this
experiment the ROC analysis is performed at pixel-level: each pixel
of the image is treated as an instance of the classification process,
and thus it can be a pixel belonging to a mass or a pixel being
normal tissue.

Results

Table 1 shows the confusion matrices according to the mammogram
internal density for manual and automatic classification. The algo-
rithm clearly obtained better performance for MLO mammograms
(84%) than for CC ones (74%). Examining each class alone, almost of
all the mammograms belonging to BIRADS I are correctly classified
for MLO mammograms, while for CC views the performance is
reduced. Moreover, the two mammograms belonging to BIRADS IV
are misclassified in both confusion matrices. Table 2 shows the
obtained results when training the CAD according to both manual and
automatic annotations. Using the manual annotations provided by the
radiologists, the Az value obtained by the CAD is 0.78 for CC views
and 0.82 for MLO mammograms. In contrast, when training the CAD
using the automatic breast density estimation we obtained Az = 0.79
for CC images and Az = 0.84 for MLO images. Observe that the
results obtained when training the system using the automatic

Table 1 Confusion matrix for breast density estimation. (a) MLO
views and (b) CC views

a Automatic (84%) b Automatic (74%)
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Table 2 Comparison of the algorithms performance (in terms of A,)
using manual or automatic breast density estimation

Expert Annotations{Automatic Estimation

IS 0.78+0.15 0.79+0.14
< [ MLO 0.82£0.13 084%0.13

estimation are higher than those obtained when training the system
using the expert annotations.

Conclusion

This paper presents a comparison when training a mass detection
CAD system using manual annotations or automatic estimation of the
breast density. Results obtained when using the automatic estimations
outperform the ones obtained using the annotations provided by the
radiologists. In this sense, the results of our experiments show that
automatic methods are able to capture the mammogram appearance
with more objectivity than a human expert. Moreover, the results of
our CAD show the importance of developing an initial classification
of the mammograms according to their breast density information.
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