
Computer-aided Detection System for Breast Masses on Digital
Tomosynthesis Mammograms: Preliminary Experience

Heang-Ping Chan, PhD, Jun Wei, PhD, Berkman Sahiner, PhD, Elizabeth A. Rafferty, MD, Tao
Wu, PhD, Marilyn A. Roubidoux, MD, Richard H. Moore, BA, Daniel B. Kopans, MD, Lubomir
M. Hadjiiski, PhD, and Mark A. Helvie, MD
From the Department of Radiology, University of Michigan, 1500 E Medical Center Dr, UHB1F510B,
Ann Arbor, MI 48109-0030 (H.P.C., J.W., B.S., M.A.R., L.M.H., M.A.H.); and Department of
Radiology, Massachusetts General Hospital, Boston, Mass (E.A.R., T.W., R.H.M., D.B.K.).

Abstract
The purpose of the study was to design a computer-aided detection (CAD) system for breast mass
detection on digital breast tomosynthesis (DBT) mammograms and to perform a preliminary
evaluation of the performance of this system. Twenty-six patients were imaged with a prototype DBT
system. Institutional review board approval and written informed patient consent were obtained. Use
of the data set in this study was HIPAA compliant. The CAD system first screened the three-
dimensional volume of the mass candidates by means of gradient-field analysis. Each mass candidate
was segmented from the structured background, and its image features were extracted. A feature
classifier was designed to differentiate true masses from normal tissues. The CAD system was trained
and tested by using a leave-one-case-out method. The classifier calculated a mean area under the test
receiver operating characteristic curve of 0.91 ± 0.03 (standard error of mean). The CAD system
achieved a sensitivity of 85%, with 2.2 false-positive objects per case. The results demonstrate the
feasibility of the authors’ approach to the development of a CAD system for DBT mammography.

Mammography is considered the most cost-effective screening method for the early detection
of breast cancer. However, the sensitivity of mammography is often limited by the presence
of overlapping dense fibroglandular tissue in the breast. Dense parenchyma reduces the
conspicuity of abnormalities and thus constitutes one of the main causes of missed breast cancer
(1). The advent of full-field digital detectors offers opportunities to develop advanced
techniques for improved imaging of dense breasts, such as digital tomosynthesis (2),
stereomammography (3–7), and breast computed tomography (CT) (8). To our knowledge,
these techniques are still under development and their potential influences on breast cancer
detection remain to be investigated.

Digital tomosynthesis is based on the same principle as conventional tomography, which
involves the use of a screen-film system as the image receptor for imaging body parts at selected
depths. With conventional tomography, a series of projection exposures is accumulated on the
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same film when the x-ray source is moved about a fulcrum while the screen-film system is
moved in the opposite direction. A drawback of conventional tomography is that each
tomogram can depict only one plane at a selected depth with a relatively sharp focus. If the
exact depth of interest is not known in advance or the abnormality encompasses a range of
depths, then a tomogram at each depth will have to be acquired at separate imaging
examinations, requiring additional radiation doses and examination time.

With digital tomosynthesis, the series of projection exposures is read out by the digital detector
as separate projection views when the x-ray source moves to different locations about the
fulcrum. Tomographic sections focused at any depth of the imaged volume can then be
generated from the same series of projection images by using digital reconstruction techniques.
Because of the wide dynamic range and the linear response of the digital detector, each
projection image can be acquired with a fraction of the x-ray exposure used to obtain a
conventional projection radiograph. The total radiation dose required for digital tomosynthesis
imaging may be kept at nearly the same as or only slightly higher than that required for
conventional radiography. Properly designed digital reconstruction techniques have an
additional advantage in that the depth resolution of tomosynthesis is generally much higher
than that of conventional tomography. Thus, digital tomosynthesis makes it more practical to
apply tomography to breast imaging in terms of radiation dose, examination time, and spatial
resolution.

Digital breast tomosynthesis (DBT) mammography is one of the promising methods that may
help reduce the camouflaging effects of dense breast tissue and improve the sensitivity of
mammography for breast cancer detection in dense breasts. Several research groups are
developing digital tomosynthesis methods for the reconstruction of tomographic sections from
series of projection images (2,9–11). A study to compare DBT mammograms with
conventional mammograms in breast cancer detection is underway (12).

Computer-aided detection (CAD) has been shown to improve breast cancer detection at
mammography (13–15). Although the results of a preliminary evaluation indicated that breast
lesions can be visualized more easily on DBT images than on conventional mammograms
(12), to our knowledge, the overall detection sensitivity and specificity of DBT compared with
those of conventional mammography remain to be investigated. With DBT, the number of
reconstructed sections of each breast is very large. Even with 1-mm section thickness, the
number of sections per breast will range from about 30 to more than 80. The time required to
interpret a DBT case can be expected to be much longer than that required to interpret a
conventional mammographic case.

With increases in radiologist workloads, the possibility of subtle lesions being overlooked may
not be negligible. CAD will probably have a role in the reading of DBT mammograms, as it
does in the reading of conventional mammograms. Thus, the purpose of our study was to design
a CAD system for the detection of masses at DBT mammography and to perform a preliminary
evaluation of the performance of this system.

Materials and Methods
Data Set

D.B.K. is the patent holder of the described DBT system. A data set of DBT cases was collected
by the researchers (D.B.K., E.A.R., R.H.M., T.W.) at the Breast Imaging Research Laboratory
of Massachusetts General Hospital with institutional review board approval. The recruited
patients gave written informed consent. Use of the data set in this study was Health Insurance
Portability and Accountability Act compliant. The patients were imaged with a prototype DBT
system (GE Medical Systems, Milwaukee, Wis). This system has a flat-panel amorphous
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silicon detector with a pixel size of 0.1 × 0.1 mm. The DBT system acquired 11 projection-
view mammograms of the compressed breast over a 50° arc in the mediolateral oblique view.
The total radiation dose used to obtain the 11 projection-view mammograms was designed to
be less than 1.5 times the dose used to obtain a single conventional (ie, screen-film)
mammogram. DBT sections were reconstructed with 1-mm intersection spacing by using an
iterative maximum-likelihood algorithm (9).

In this preliminary study, the DBT mammograms obtained in 26 patients aged 41–77 years
(mean, 56 years; median, 56 years) were used. The number of DBT sections obtained per patient
ranged from 37 to 89 (mean, 60.1), depending on the thickness of the compressed breast. Each
patient case consisted of DBT sections of a single breast. The 26 cases included 23 breast
masses and three areas of architectural breast distortion. Thirteen masses and two areas of
architectural distortion were proved to be malignant at biopsy. Eight masses and the other area
of architectural distortion were proved to be benign at biopsy. Two masses were determined
to be benign by means of long-term follow-up or additional imaging. In each case, a
Mammography Quality Standards Act (MQSA)-accredited radiologist (E.A.R.) with 5 years
of experience in breast imaging determined the true location of the mass or area of architectural
distortion on the basis of the diagnostic information. The longest diameters of the lesions ranged
from 5.4 to 29.4 mm (mean, 14.2 mm; median, 12.1 mm), as estimated on the DBT section
intersecting the lesion at approximately its largest cross section by an MQSA-accredited
radiologist (M.A.H.) with 17 years of experience in breast imaging. The distribution of the
longest diameters of the masses or areas of architectural distortion is shown in Figure 1. The
distribution of breast density among the 26 breasts in terms of Breast Imaging Reporting and
Data System category, as estimated by one of the MQSA-accredited radiologists (M.A.H.) by
viewing the digitized screen-film mammograms, is shown in Figure 2.

An example of a DBT section intersecting a spiculated mass is shown in Figure 3a. For
comparison, the same mass depicted in the same view on a conventional mammogram is shown
in Figure 3b. The spicules of the mass are much more conspicuous on the DBT section than
on the conventional mammogram, probably because of the reduced structured background on
the DBT image.

Computerized Detection
The CAD mass detection system was developed in the CAD Research Laboratory at the
University of Michigan. The system includes several major steps, including prescreening,
segmentation, feature extraction, and false-positive object reduction, as shown in Figure 4. For
a given case, the DBT section containing the entire breast volume was input into the CAD
system for processing. The section thickness was linearly interpolated to 0.1 mm in the
direction perpendicular to the detector plane so that the voxels in the data set were converted
to 0.1 × 0.1 × 0.1-mm isotropic cubes.

In the prescreening step, three-dimensional (3D) gradient-field analysis of the volumetric data
set in each case was performed to detect lesion candidates. To reduce noise in the gradient
calculation, the image voxels were first averaged over every 2 × 2-voxel region to obtain a
smoothed volumetric data set. The gradient-field analysis was performed in a spherical region
that had a radius of about 6 mm and was centered at each voxel of the breast volume. The
gradient vector at each smoothed voxel in the spherical region was computed, and the direction
of the gradient vector was projected to the radial direction from the central voxel to the
smoothed voxel. The average gradient direction over a spherical shell of voxels at a radius, R
(k), of k voxels from the central voxel was calculated as the mean of the gradient directions
over voxels on three adjacent spherical shells: R(k − 1), R(k), and R(k + 1). Finally, the gradient-
field convergence at the central voxel was determined to be the maximum of the average
gradient directions among all shells in the spherical region. Gradient-field convergence
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calculation was performed over all voxels in the breast region to result in a 3D gradient-field
image.

The CAD algorithm then identified the locations of high-gradient convergence on the 3D
gradient-field image as the locations of mass candidates. A 256 × 256 × 256-voxel volume of
interest was centered at each location. The object in each volume of interest was segmented
by using a 3D region-growing method with which the location of high-gradient convergence
was used as the starting point and the object was allowed to “grow” across multiple sections.
In this study, region growing was guided by the radial gradient magnitude. The growth of the
object was terminated where the radial gradient reached a threshold value that was adaptively
selected for the local object. After region growing, all connected voxels constituting the object
were labeled. The 3D object characteristics could then be extracted from the object.

Three groups of features—morphologic features, gray-level features, and texture features—
were extracted from the segmented object. Morphologic feature descriptors included the
volume in terms of the number of voxels in the object, the volume change before and after 3D
morphologic opening by a spherical element with a 5-voxel radius, the surface area, the
maximum perimeter of the segmented object among all sections intersecting the object, and
the longest diameter of the object. The compactness of the object was described in terms of
the percentage of overlap with a sphere of the same volume centered at the centroid of the
object. The gray-level features included the contrast of the object relative to the surrounding
background; the minimal and maximal gray levels; and the characteristics derived from the
gray-level histogram of the object, such as skewness, kurtosis, energy, and entropy.

The texture features were described by using run-length statistics as follows: On each section,
the cross section of the 3D object was treated as an object on a two-dimensional image. We
applied the rubber-band straightening transform (RBST) that we previously developed for
analysis of masses on two-dimensional mammograms (16) to the object. A 60-pixel-wide
region around the object margin was transformed into a rectangular coordinate system. Sobel
filtering in the x and y directions was then applied to the RBST image to generate gradient
images in the two directions. A gradient-magnitude image of the transformed rectangular object
margin was derived from these gradient images as the square root of the sum of the squares of
the gradients at each corresponding pixel of these images.

Five run-length statistics texture features were extracted from the gradient-magnitude image
in the horizontal and vertical directions: short-runs emphasis, long-runs emphasis, gray-level
nonuniformity, run-length nonuniformity, and run percentage. A detailed description of the
RBST and of the run-length statistics texture features for mammographic masses can be found
in the literature (16,17). For a 3D object in the DBT data set, each run-length statistics texture
feature was obtained by averaging the corresponding feature values over sections containing
the segmented object.

Data and Statistical Analyses
Because of the limited data set available for this preliminary study, a leave-one-case-out
resampling technique was used to train and test the performance of the CAD system. A
classifier was trained to differentiate true masses from false-positive objects. The classifier
was based on linear discriminant analysis and stepwise feature selection (18) that were designed
with the training subset in each leave-one-case-out cycle. The trained classifier was applied to
the lesion candidates in the left-out case such that each object was assigned a discriminant
score. The test performance of the linear discriminant analysis classifier in differentiating true
from false masses in the feature classification step of the CAD system was evaluated by
performing receiver operating characteristic (ROC) analysis (19) of the discriminant scores of
objects in the left-out cases. The area under the ROC curve and its standard error were obtained
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by using the ROCKIT program (version 9.1; Charles E. Metz, University of Chicago, Chicago,
Ill), which uses maximum-likelihood estimation to fit a binormal ROC curve to the test
discriminant scores output by the classifier.

Free-response ROC analysis was used to evaluate the test performance of the CAD system. A
decision threshold was applied to the test discriminant score of each detected object. When an
object had a discriminant score above the threshold, the location of that object was compared
with the location of the true mass in that case. An object was considered to be true-positive if
the centroid of the true mass marked by the radiologist was within the volume of the object;
otherwise, the object was considered to be false-positive. For each decision threshold, the
detection sensitivity and the average number of false-positive objects per case were determined
on the basis of the entire data set. The free-response ROC curve was generated by varying the
decision threshold over a range of values.

Results
Figure 5a and 5b shows an example of a section through a mass in a volume of interest and of
the mass boundary determined by using 3D region-growing segmentation, respectively. An
example of RBST applied to the section containing the mass and of the gradient image derived
from the RBST image is shown in Figure 5c and 5d, respectively. The spicules radiating from
the mass are approximately in the vertical direction, and the segmented boundary of the mass
is transformed to a straight line, forming the upper edge of the rectangular RBST image.

To design the linear discriminant analysis classifier for false-positive object reduction, the
stepwise feature selection procedure was used to select the most effective subset of features
from the available feature pool and thus reduce the dimensionality of the feature space for the
classifier (18,20). An average of seven features were selected from the available feature pool.
The most often selected features included object contrast, minimal gray level, volume change
before and after 3D morphologic opening, maximal perimeter, compactness, and two run-
length statistics texture features—horizontal short-runs emphasis and gray-level
nonuniformity. The ROC curve derived from the test discriminant scores of the masses and
normal objects is shown in Figure 6. The area under the ROC curve reached 0.91 ± 0.03.

In the prescreening step, 100% of the masses and architectural distortions were detected, with
an average of 29 false-positive objects per case. The overall test performance of the CAD
system after false-positive object reduction is illustrated by the free-response ROC curve shown
in Figure 7. The system achieved sensitivities of 85% (22/26) with 2.2 false-positive objects
per case and 80% (21/26) with 2.0 false-positive objects per case in this preliminary study.

Discussion
In this preliminary study, we used a 3D approach that takes advantage of the volumetric nature
of tomosynthesis reconstruction. Prescreening of lesion candidates, image segmentation, and
feature extraction were performed in the volumetric data set for each breast. The pre-screening
and segmentation methods developed for 3D processing are effective for locating true lesions.
Although the training samples in this study were small, the overall performance of the system
is promising. Therefore, the results of this study demonstrate the feasibility of our approach to
the development of a CAD system for assisting radiologists in detecting masses on DBT
mammograms. Further improvement in the performance of the system can be expected with
use of a larger data set for training the algorithms.

With DBT mammography, the structured background such as the dense fibroglandular tissue
was suppressed on the reconstructed DBT sections. However, DBT is different from CT in that
the overlapping tissues are reduced but not totally eliminated. Tomosynthesis reconstruction

Chan et al. Page 5

Radiology. Author manuscript; available in PMC 2010 January 2.

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript



left residual overlapping tissue on the DBT sections. Similarly, the shadow of a lesion can be
seen on most DBT sections, even though the actual size of the mass may be only a fraction of
the breast thickness. In addition, the voxel dimension in the z direction (ie, the direction
perpendicular to the sections) on the reconstructed sections is 10 times larger than that in the
x–y plane (ie, the planes of the sections). Therefore, the boundary of an object in the z direction
is not as well defined as that in the x–y plane.

The features extracted in three dimensions may have a strong directional dependence. For
example, in this study we extracted texture features along the x–y plane only, and a 3D texture
feature was obtained by averaging the corresponding two-dimensional texture values over
sections containing the object. For true 3D texture analysis, the texture feature values should
be calculated in the shell of voxels surrounding the object or on the planes that intersect the
object centroid from different directions. We will investigate the potential directional effects
of the features on false-positive object reduction when a larger data set becomes available.

A limitation caused by the small data set in this study is the possibility that the distributions
of the characteristics of the masses and the breast parenchyma in this data set were not
statistically similar to those in the patient population. Although the results appear to be
promising, the methods and features used may have been biased toward the specific data set
used. Further studies are needed to evaluate the robustness of these computer vision techniques
in a larger data set.

For DBT imaging, the raw data were acquired as 11 projection-view mammograms. On
average, each projection-view mammogram was obtained by using about 14% of the radiation
dose used to obtain a conventional mammogram. A projection-view mammogram is therefore
noisier than a conventional mammogram. However, the 11 projection-view mammograms
offer the advantage that a lesion will be projected at slightly different angles, and, thus, there
will be somewhat different overlapping tissues on each view. A lesion that may be camouflaged
by dense tissue on some views may become more conspicuous on other views. In addition,
overlapping tissues that mimic lesions on some views may mimic lesions to a lesser degree on
other views. If a CAD lesion detection system is applied to projection-view mammograms, the
complementary information derived from the different projection-view mammograms may be
used to improve sensitivity and reduce the number of false-positive objects. We are studying
the feasibility of developing a CAD system for detecting lesions on projection-view
mammograms and investigating methods to merge the information from the 11 projection-
view mammograms. In future studies, this approach will be compared with the current approach
of detecting lesions on reconstructed DBT volumetric data sets.

Furthermore, although with our current lesion-detection algorithm, DBT sections reconstructed
from the iterative maximum-likelihood algorithm are used as input, we expect that our image-
processing methods will not strongly depend on the reconstruction method for generating the
DBT sections as long as the image quality of the reconstructed sections is reasonable. The
effects of the factors that may affect image quality—including image acquisition technique,
number of projection views, tomographic angle, reconstruction method, and section thickness
—on lesion detection accuracy will have to be investigated when DBT cases obtained with
different methods and parameters become available in the future.
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Abbreviations

CAD computer-aided detection

DBT digital breast tomosynthesis

MQSA Mammography Quality Standards Act

RBST rubber-band straightening transform

ROC receiver operating characteristic

3D three-dimensional
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Figure 1.
Distribution of longest diameters of the 23 masses and three areas of architectural distortion,
as estimated on the DBT section intersecting the lesion at approximately its largest cross
section.
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Figure 2.
Distribution of breast density in terms of Breast Imaging Reporting and Data System category
for the 26 breasts, as estimated from the conventional mammograms by an MQSA-accredited
radiologist (M.A.H.).
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Figure 3.
Mass (arrow) depicted in the mediolateral oblique view on (a) DBT and (b) screen-film
mammograms. The spicules of the mass are much more conspicuous in a.
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Figure 4.
Schematic outline of CAD system steps for mass detection on DBT mammograms. 3D = three-
dimensional.
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Figure 5.
(a) DBT mammographic section intersecting a spiculated breast mass. (b) Mass in a after 3D
region-growing segmentation. (c) RBST image of a 60-pixel-wide region around the same
mass. The segmented mass boundary is transformed into a straight line, forming the upper
boundary of the rectangular RBST image. (d) Gradient-magnitude image derived from Sobel
filtering of the RBST image in c.
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Figure 6.
ROC curve showing the performance of the linear discriminant classifier obtained from leave-
one-case-out testing. The area under the ROC curve was 0.91 ± 0.03, indicating that the
classifier was effective in reducing the number of false-positive objects.
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Figure 7.
Free-response ROC curve for the test performance of the CAD system for DBT mammography.
The current CAD system achieved 85% sensitivity, with 2.2 false-positive objects per case.
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