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(4) Introduction

Computer-aided diagnosis (CAD) has been shown to be useful as a second opinion to
radiologists for breast cancer detection on mammograms. All current CAD systems have been
developed for digitized screen-film mammograms (DFM). With the recent advent of full field digital
mammography (FFDM) systems, it is important to develop CAD systems specifically designed for
direct digital mammograms (DMs) in order to fully exploit the advantages of FFDM. Although
many computer vision techniques developed for digitized films may be used for DMs, proper
adaptation and extensive training of the current algorithms for the new type of images will be
required. More importantly, new techniques still need to be developed to further improve the
current algorithms for DFMs as well as for adapting to FFDM.

The goal of the proposed research is to develop a CAD system for breast cancer diagnosis
using advanced computer vision techniques. The proposed CAD system will assist radiologists with
detection and classification of breast lesions. Previous CAD methods for lesion detection and
characterization are generally based on image features extracted from a single view. Our proposed
approach is based on two steps: the first step uses single view detection to identify lesion candidates
on individual mammograms, the second step is to fuse image information from multiple views to
reduce false positives and thus to improve the overall accuracy. Although the main goal of this
project is to develop a CAD system for DMs, we plan to extend the CAD development to DFMs
for the following reasons: (1) digital mammography only became available in the last few years,
multiple-view film mammograms with breast lesions are more commonly available in existing patient
files, and (2) screen-film mammography will still be the main modality for breast cancer screening in
the near future. Therefore, we will first develop the multiple-view correlation techniques for the
CAD system of the DFMs. These new techniques will then be adapted to the CAD system for
DMs. We believe that this approach is more efficient and we will obtain a CAD system for DMs
as well as improve the CAD system for DFMs.

The following specific aims will be addressed: (1) Collection of databases of both DMs
and DFMs and design of a database management system. (2) Improvement of single-view
computer vision techniques for mass detection and classification in DFMs. (3) Improvement of
single-view computer vision techniques for microcalcification detection and classification in
DFMs. (4) Development of methods for correlation of image information from two-view DFMs.
(5) Comparison of the detection and classification accuracy of the multiple-view fusion CAD
system with the performance of the single-view CAD system by receiver operating characteristic
(ROC) and FROC analyses. (6) Adaptation of the computer vision techniques to the CAD

system for DMs. (7) Adaptation of the multiple-view fusion methods to the CAD system for
DMs.

We will develop novel regional registration methods for identifying corresponding lesions on
craniocaudal (CC) and mediolateral oblique (MLO) views. The multiple image information will be
fused with specially designed correspondence classifiers or fuzzy classification to reduce false
positives and to improve lesion detection sensitivity. Multiple-view features of a lesion will be
merged using neural networks or other classifiers for classification of malignant and benign lesions.
In addition, new computer vision techniques will be developed in each of the four areas to improve
the current methods. The techniques will be first developed for DFMs. The algorithms for DFMs
will then be adapted to DMs, taking into account the differences in the imaging characteristics
between DMs and DFMs. Databases of DFMs and DMs will be collected from our patient
population with IRB approved protocol and extensive training and independent testing of the new
CAD system will be performed. The test performance of the multiple-image correlation CAD
algorithms for detection and characterization of lesions on DFMs will be compared with the one-
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view approach on DFMs as well as the performances of CAD systems for DMs using ROC
methodology.

DM or DFM not only has the potential to detect breast cancer in an early stage, it will also
facilitate consultation via teleradiology in remote or rural regions where expert mammographers
may not be readily available. An effective CAD system will be particularly useful for providing an
additional on-site or remote second opinion. This will be highly relevant to women in the military,
especially when they are stationed in remote areas. DM in combination with CAD will fully utilize
the potential of mammography to improve the health care of women both in the military and in the
general population.

(5) Body

This is the third year annual report of our project. In the project period (5/1/04-4/30/05),
we have extended our investigations to both the CAD systems for DMs and DFMs, and
performed a number of studies to develop the CAD system for breast cancer diagnosis. A
summary of some of the important accomplishments follows.

(A) Collection of databases of digital mammograms and digitized film mammograms

We continue to collect the database of digital mammograms (DMs) with mammographic
masses or clustered microcalcifications for the development of our computer-aided diagnosis
(CAD) algorithms. We have collected about 220 cases containing more than 800 mammograms.
The patients were diagnosed with lesions in their mammograms during their normal clinical care,
either by routine screening or by referral to our breast imaging clinic for evaluation. Most of the
cases contained both DMs and screen-film mammograms.

As described in our previous reports, the digital mammograms are acquired with a GE
Senographe 2000D full field digital mammography (FFDM) system. The pixel size of the system
is 100 pm X 100 um. The gray level resolution of the system is 14 bits for the raw images and
12 bits for the processed images. After acquisition, the digital image files are transmitted to the
Siemens Archive which is the PACS system used in our department for storage of all clinical
digital images. With Institutional Review Board (IRB) approval, we download the DMs from the
Siemens Archive to our laboratory and digitize the film mammograms from the same patient. The
film mammograms are digitized with a Lumiscan 85 laser scanner at a pixel size of 50 um X 50
um and a 12 bit gray level. We have developed a database management program based on
Microsoft Access to process the images downloaded to our system. For each mammogram file,
all patient identifiers are first removed from the image header. The patient name is replaced with a
code number.  The image is then named by the code number, the view (craniocaudal,
mediolateral oblique, or mediolateral), and the exam year. A record is generated in the database
file for each image. The record keeps the code number, the lesion type, the view, and the exam
date information for each case. If the pathology of the case is available, the malignant or benign
information of the lesion is also entered. FEach case in the database will be read by an
experienced MQSA radiologist to mark the lesion location. For microcalcification cases, the
radiologist measures the diameter of the cluster, and provides description of its distribution,
morphology, and visibility of the microcalcifications. For mass cases, the radiologist measures the
diameter of the mass, and provides description of its margin, shape, spiculated or non-spiculated,
the visibility, and the density of the mass relative to that of the parenchyma. For all cases, the
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radiologist also provides BI-RADS description of the breast density and estimates the likelihood
of malignancy of the lesion. These descriptions are entered into the database for each case as a
reference for future analysis.

(B) CAD system for microcalcification detection on digital mammograms

We are developing a computer-aided detection (CAD) system to detect
microcalcification clusters automatically on DMs. In this study, we investigated the performance of
a nonlinear multiscale Laplacian pyramid enhancement method in comparison with a band-pass
box-rim filter at the image enhancement stage and the use of a new error metric to improve the
efficiency and robustness of the training of a convolution neural network (CNN) at the FP
reduction stage of our CAD system.

Methods:

Our CAD system includes five stages: preprocessing, image enhancement, segmentation
of microcalcification candidates, false positive (FP) reduction based on a convolution neural
network (CNN), and regional clustering. In this study, the microcalcification detection system
previously developed for DFMs was adapted to FFDMs by retraining. To develop a CAD
system which is less dependent on the FFDM manufacturer's proprietary preprocessing methods,
we used the raw FFDM images as input to our CAD system. The Laplacian pyramid
enhancement method was described in detail in last year’s report for our mass detection CAD
system for DMs. A data set of 96 two-view mammograms containing 192 FFDMs acquired with
a GE Senographe 2000D system. An MQSA radiologist identified the biopsy-proven cluster in
each case. The 96 cases were separated into two independent subsets for cross validation
training and testing. CNN training and validation were performed within one subset, and the
performance of the trained system was evaluated on the independent test subset and quantified by
free-response receiver operating characteristic (FROC) analysis.

The FROC curve shows the detection sensitivity (true positive fraction -TPF) as a
function of FPs per image and thus shows the trade-off between sensitivity and specificity of a
detection algorithm. FROC curves were presented on a per-image and a per-case basis. For
image-based FROC analysis, the cluster on each mammogram was considered an independent
true cluster. For case-based FROC analysis, the same cluster imaged on the two-view
mammograms was considered to be one true cluster and the detection of either or both on the
two views was considered to be a TP. The test FROC curve was obtained from averaging the
test FROC curves from the two subsets.

Results:

For this data set, Laplacian pyramid multiscale enhancement did not improve the
performance of the microcalcification detection system in comparison with our box-rim filter
previously optimized for digitized screen-film mammograms. With the new error metric, the
training of CNN could be accelerated and the classification performance in validation was
improved from an A, value of 0.94 to 0.97 on average. The CNN in combination with rule-based
classifiers could reduce FPs with a small tradeoff in sensitivity. The test FROC curves are shown
in Fig. 1. Our current CAD system for DMs can achieve an image-based sensitivity of 86% and
88%, respectively, at 0.49 and 0.85 FP marks/image. For case-based performance evaluation, a
sensitivity of 90%, and 94% can be achieved at the same FP marker rates, respectively.
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Fig. 1. Image-based and case-based FROC curve of the current microcalcification detection
system.

Conclusion:

The performance of the CAD system for microcalcification detection on DMs has
achieved a reasonable level in this data set. The DMs has relatively low noise and good signal-
to-noise ratio so that the image enhancement with Laplacian pyramid multiscale method does not
perform better than a simple band-pass filter. Further study is underway to collect a larger data
set and to improve the performance of the system.

(C) CAD system for mass detection on digitized film mammograms

We have been investigating methods for improvement of the CAD system for detection of
masses on DFMs as well as adapting the CAD system to mass detection on DMs. In this project
year, we have developed a new dual CAD system approach which combines a regular CAD
system with a new system trained with masses seen on retrospective review of prior
mammograms to improve its performance for detecting subtle masses. The study is summarized
below.

Methods:

Our regular CAD system for mass detection consisted of five steps: preprocessing, image
enhancement, clustering-based region growing and local refinement, extraction of morphological
and texture features, and rule-based and linear classification for FP reduction. Preprocessing
included breast boundary detection and identification of the breast region. Image enhancement
was achieved by a gradient field analysis method that located mass candidates based on the
locations where strong gradient converged radially towards a point. Gradient field feature and
morphological features were incorporated into the linear classifier in the FP reduction step. The
simplex optimization procedure was wed in the stepwise feature selection process to select the
most effective features for classification of true masses and normal breast tissues. This single
system approach has been discussed in last year’s annual report.
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In this study, two single CAD systems were optimized separately, one with current
mammograms and the other with prior mammograms. A two-stage gradient field analysis was
used to prescreen for mass candidates in both CAD systems. The suspicious structure in each
identified region was extracted by clustering-based region growing. Morphological and spatial
gray-level dependence texture features were extracted from the current mammograms. For
detection of the subtle masses on the prior mammograms, histogram and run-length statistics
features were extracted. Stepwise linear discriminant analysis (LDA) with simplex optimization
was used to select the most useful features. Finally, rule-based and LDA classifiers were used to
differentiate masses from normal tissues. When the dual CAD system was applied to a given
mammogram, the detection information by the two CAD systems on the same mammogram were
merged with a fusion scheme. The dual CAD system approach is illustrated in Fig. 2.

- " S

Current mammogram Prior mammogram
L with non-subtle masses ) L with subtle masses
_ ! P |

Single CAD system 1 1 Single CAD system 2
| trained with non-subtle | | trained with subtle

Information fusion
with neural network

Dual CAD system
trained with all types

Fig. 2. Schematic of a dual system for mass detection in mammograms.

A data set 172 current mammograms containing biopsy-proven masses and 214 prior
mammograms from 86 patients was used. The mammograms were digitized by a Lumiscan laser
scanner with a pixel size of 100 pm X 100 pm and 12 bits per pixel. All of the current cases had
two mammographic views: the craniocaudal (CC) view and the mediolateral oblique (MLO) view
or the lateral view. We randomly separated the cases in our data set into two independent equal
sized data sets, each with 43 cases. The training and testing were performed using the cross
validation method. FROC curves were presented on a per-image and a per-case basis. The
average test FROC curve was obtained by averaging the FP rates at the same sensitivity along
the two corresponding test FROC curves from the 2-fold cross validation.

Results: ‘

When the single CAD system trained on the average data set was applied to the test set,
the A, for FP classification was 0.81 and the FP rates were 2.1, 1.5 and 1.3 FPs/image at the
case-based sensitivities of 95%, 90% and 85%, respectively. With the dual CAD system, the A,
was 0.85 and the FP rates were improved to 1.7, 1.2 and 0.8 FPs/image at the same case-based
sensitivities. Fig. 3 shows the comparison of the test performance of the single and dual CAD
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systems by using image-based and case-based average FROC curves. A comparison of the FP
rates at several sensitivities for the single and dual systems is shown in Table 1.
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Fig. 3. Image-based (left) and case-based (right) average FROC curves obtained from averaging the
corresponding FROC curves of the two test subsets. Single: detection by the single CAD system.
Dual: detection by the dual CAD system.

Table 1. Comparison of detection accuracy for our single CAD system and our new
dual CAD system for mass detection. TPF=true positive fraction, FP=false

positive.
Image-based Scoring Case-based Scoring
FP/image FP/image
TP TP
Single | Dual Single | Dual
85% 1.81 95% 2.08 1.74

80% 1.80 1.28 90% 1.63 1.15

75% 1.34 1.15 85% 1.27 0.80

Conclusion:

The dual CAD system could achieve a higher accuracy than the single CAD system. The
dual system approach is a promising method for improvement of the accuracy of detecting subtle
masses. Further study is underway to optimize the fusion scheme in our dual system.

(D) Computeraided detection on digital breast tomosynthesis (DBT) mammograms

DBT is a new modality that holds the promise of improving breast cancer detection.
Although it is not included in our original proposal, we believe that this new modality in
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combination with CAD will be an exciting new direction for improving breast cancer detection
and diagnosis. We thus performed a pilot study to investigate the feasibility of developing a CAD
system for breast masses on digital breast tomosynthesis (DBT) mammograms.

Materials and Methods:

A schematic of the CAD system for DBT mammograms is shown in Fig. 4. For an input
case of DBT slices, the computer detection system first screened the 3D volume for mass
candidates by gradient field analysis. Each mass candidate was segmented from the surrounding
structured background in the volume of interest. Morphological, gray level, and texture features
were then extracted from the segmented structures. A feature classifier using linear discriminant
analysis was designed to differentiate true masses from normal tissues.

Input 3D DBT volume

v
3D Gradient Field Analysis
. 2
3D Region-Growing Segmentation

2

Extraction of Morphological,
Gray Level, and Texture Features

2

False-Positive Reduction

. 2
Detected Objects

Fig. 4. Schematic of a CAD system for mass detection in DBT mammograms.

In this pilot study, we used 26 DBT cases which were acquired with a GE DBT
prototype system at the Breast Imaging Research Lab of Massachusetts General Hospital
(MGH). All cases were obtained with the approval of the Institutional Review Board at the
MGH. The patients (age range: 41-77, mean =56, median=56) were recruited with written
informed consent. The DBT system acquired 11 projection views (PVs) of the compressed
breast over a 50-degree arc in the MLO view. DBT slices were reconstructed at 1-mm slice
spacing from the PVs using an iterative maximum-likelihood algorithm. The cases included 23
masses and 3 areas of architectural distortion. The number of DBT slices per case ranged from
37 to 89 (mean=60.1). The CAD system was trained and tested using a leave-one-case-out
resampling method. The detection accuracy was evaluated by FROC analysis.

Results:

The classification accuracy of the feature classifier for false-positive reduction reached an
area under the receiver operating characteristic curve of 0.9120.03. The CAD system achieved a
sensitivity of 85% at 2.2 false positives/case with this limited data set. The FROC curve obtained
from leave-one-out testing is shown in Fig. 5.
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Fig. 5. Image-based and case-based FROC curve of the current
microcalcification detection system.

Conclusion:

The preliminary results demonstrate the feasibility of our approach to the development of
a CAD system for assisting radiologists in detecting masses on DBT mammograms.

(E)  Computerized pectoral muscle identification on MLO-view mammograms for
CAD applications

Automatic identification of the pectoral muscle on MLO view is an essential step for
computerized analysis of mammograms. It can reduce the bias of mammographic density
estimation, will enable region-specific processing in lesion detection programs, and also may be
used as a reference in image registration algorithms. We are developing a computerized method
for the identification of pectoral muscle on mammograms.

Methods:

A schematic of the automated pectoral muscle detection system is shown in Fig. 6. The
upper portion of the pectoral edges was first detected to estimate the direction of the pectoral
muscle boundary. A gradient-based directional (GD) filter was used to enhance the linear texture
structures, and then a gradient-based texture analysis was designed to extract a texture orientation
image that represented the dominant texture orientation at each pixel. The texture orientation
image was enhanced by a second GD filter. An edge flow propagation method was developed to
extract edges around the pectoral boundary using geometric features and anatomic constraints.
The pectoral boundary was finally generated by a second-order curve fitting. We used 118
MLO view mammograms in this study. An experienced radiologist traced the pectoral muscle
boundary on each image using a graphical user interface. They were used as gold standard for
evaluation of the computer performance.




MLO-view

I
v v

Gradient-based Upper pectoral edge
Directional (GD) filter enhancement by
v anisotropic diffusion filter
Texture-flow analysis v
¢ Coarse estimation of
. L global direction of
Texture orientation image pectoral edges

v

Orientation image
enhancement by 2™ GD filter

v

Ridge tracking

v

Pectoral edges

v

2"%-order curve fitting

v

Pectoral muscle

Fig. 6. Automated pectoral muscle detection scheme.

Results:

For each MLO view mammogram, the accuracy of pectoral boundary detection was
evaluated by two performance metrics: the percentage of overlap, defined as the ratio of the
overlap area between the computer detected pectoral muscle area and the gold standard relative
to the gold standard, and the root-mean-square (RMS) distance obtained by calculating the
shortest distance point by point between the computer-identified pectoral boundary and the
manually marked pectoral boundary. For the data set of 118 MLO view mammograms, 99.2%
(117/118) of the pectoral muscles could be identified. The average of the percent overlap area is
94.8% with a standard deviation of 20.9%. The average of the RMS distance is 4.3 mm with a
standard deviation of 5.9 mm.

Conclusion:

The results indicate that the pectoral muscle on mammograms can be detected accurately
by our automated method. The newly developed gradient-based directional filter and the
dominant texture orientation estimation method can enhance the pectoral boundary regions. The
edge flow propagation method can accurately extract pectoral edges to generate the pectoral
boundary. We plan to incorporate this method into our CAD system for processing MLO
mammograms and for multiple image analysis.
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(F)  Effect of a multi-modality classifier on radiologists’ accuracy in characterizing
breast masses on mammograms and ultrasound images

In clinical practice, it is known that ultrasound (US) images of breast masses are useful
adjunct to mammograms for differentiation of malignant and benign masses. In our project, we
proposed to develop a classifier for assisting radiologists in estimating the likelihood of malignancy
of masses on mammograms. We have a prototype mass classification system for mammographic
masses. In this preliminary study, we evaluated the effectiveness of merging the information from

the two modalities, and assessed its effect on radiologists’ accuracy in a receiver operating
characteristic (ROC) study. '

Methods:

A schematic of the CAD system that combines the information extracted from the
mammograms and US images of a mass is shown in Fig. 7. The 3D US volumetric data were
collected as cine-clips when the transducer was translated across the lesion. The masses were
automatically segmented by the computer in each modality. US features were extracted based on
the margin, shadowing, and shape characteristics. Mammographic features were extracted based
on texture, morphological, and spiculation characteristics. We compared different techniques for

combining the features or computer scores from the two modalities. The classifier was trained and
tested with a leave-one-case-out method.

Mamm
view #1 —{ Feature extraction J

L Mammo. feature
Mammo vec.tor ]
view #2 1}

v —v| Feature extraction J

| Classiﬁi'—> Score

us
slice

—>| Feature extraction |

# 1
US feature
vector
us 1
sgﬁe Feature extraction |

Fig. 7. A schematic representation of the classifier that combines the information extracted from
mammograms and ultrasound images of breast masses.

After the classifier is developed, an observer performance study was performed to
evaluate the effects of CAD on radiologists’ classification of malignant and benign masses. Five
MQSA radiologists participated as observers in the ROC study. First, the radiologist read the
mammograms, and provided a BIRADS score and a malignancy rating for the mass. Second, the
US images were displayed along with the mammograms, the radiologist provided a second
malignancy rating and recommended one of three action categories: (i) Fyear follow-up; (ii)
short-term follow-up; and (iii) biopsy. Third, the computer score was displayed, and the
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radiologist provided a third malignancy rating and revised the recommended action. The
classification accuracy was quantified using the area under ROC curve, A,.

The data set consisted of images from 67 patients containing biopsy-proven masses (32
benign and 35 malignant). None of the masses were simple cysts. An experienced radiologist,
using image data and patient reports, identified the region of interest (ROI) containing the lesion
on both modalities. Each case contained 1 to 3 mammographic views and the 3D US volumetric
data in digital images.

Results:

Table 2 summarizes the results of this study. For the computer classifier, the best
information fusion methods achieved an A, value of 0.84, 0.87, and 0.91, respectively, using
mammogram alone, US alone, and both modalities. The results of the ROC study comparing
radiologists’ performances in classification of malignant and benign masses without and with CAD
are also shown in Table 2 The radiologists had an average A, of 0.87 reading mammograms
alone. The average A, was 0.93 when the mammograms were supplemented by US images.
With CAD, the accuracy of every radiologist improved, and the average A, increased to 0.95.
The improvement was statistically significant (p < 0.05).

Table 2. Comparison of radiologists’ performance in classification of malignant and
benign masses without and with CAD. The computer classifier
performance is also shown for reference.

Reading Condition A, Sensitivity Specificity

Computer: mammo 0.84

Computer: US 0.87

Computer: mammo+US 0.91 ,

Radiologist: mammo 0.87 0.94 0.33

Radiologist: mammo+US 0.93 0.98 0.27

Radiologist: mammo+US+CAD 0.95 0.99 0.29

Radiologist: mammo+US+CAD 0.95 0.98 0.39
Conclusion:

The computer classifier achieved a performance approaching that of the average of
experienced breast radiologists. The radiologists are more accurate in characterizing breast
masses when both mammograms and US images are available. Although the radiologists’
achieved high accuracy in the multi-modality reading condition, a well-trained computer algorithm
can still improve radiologists' performance. The improved specificity by 12% indicates that CAD
has the potential to reduce unnecessary biopsies.
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(6)

)

Key Research Accomplishments

Continue collection of a database of digital mammograms and digitized film mammograms
for development of the CAD algorithms for both digital mammography and film
mammogtaphy ------ (Task 1)

Develop improved computer vision techniques and a prototype CAD system for detection
of microcalcifications on digital mammograms and evaluate the system performance by
FROC analysis ------- (Task 3(a), Task 6(a))

Develop improved computer vision techniques and a prototype CAD system for detection
of masses on digitized and digital mammograms and evaluate the system performance by

FROC analysis ------- (Task 2(a), Task 6(a))

Explore the feasibility of improving mass detection by CAD on digital breast tomosynthesis
mammograms (DBT) and evaluate the prototype system by FROC analysis ------- (Task
2(a))

Develop automated pectoral muscle detection method that will serve as a preprocessing
step for analysis of MLO view mammograms and for development of multiple-image
analysis in an advanced CAD system ------ (Task 2, Task 3, Task 4, Task 5)

Develop a prototype computerized method for classification of malignant and benign
masses by fusion of information from mammograms and ultrasound images. Investigate the
effects of the mult-modality CAD system on radiologists’ performance on classification of
masses ------ (Task 2(b), Task 4(b), Task 6(b))

Reportable Qutcomes

As a result of the support by the PRMRP grant, we have conducted studies in CAD for

mammography and published the results. The publications in this project year are listed in the
following.

Peer-Reviewd Journal Articles:

Hadjiiski L, Chan HP, Sahiner B, Helvie MA, Roubidoux MA, Blane C, Paramagul C,
Petrick N, Bailey J, Klein K, Foster M, Patterson S, Adler D, Nees A, Shen J.
Improvement of radiologists’ characterization of malignant and benign breast masses in

serial mammograms by computer-aided diagnosis: An ROC study. Radiology 2004;
233:255-265.

Zhou C, Chan HP, Paramagul C, Roubidoux MA, Sahiner B, Hadjiiski LM, Petrick N,
Computer-aided diagnosis on mammograms using multiple image analysis: computerized
nipple identification. Medical Physics 2004; 31: 2871-2882.
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3. Chan HP, Goodsitt MM, Helvie MA, Hadjiiski LM, Lydick JT, Roubidoux MA, Bailey
JE, Nees A, Blane CE, Sahiner B. ROC study of the effect of stereoscopic imaging on
assessment of breast lesions. Medical Physics 2005; 32: 1001-1009.

Accepted for Publication:

1. Chan HP, Wei J, Sahiner B, Rafferty EA, Wu T, Roubidoux MA, Moore RH, Kopans
DB, Hadjiiski LM, Helvie MA. Computer-aided detection system for breast masses on
digital tomosynthesis mammograms — Preliminary experience. Radiology. (in press)

2. Hadjiiski LM, Sahiner B, Helvie MA, Chan HP, Roubidoux MA, Paramagul C, Blane C,

Petrick N, Bailey J, Klein K, Foster M, Patterson S, Adler D, Nees A, Shen J.
Computer-aided diagnosis of breast cancer in serial mammograms. Radiology.

Non-Peer-Reviewd Conference Proceeding Articles:

1. Wei J, Sahiner B, Hadjiiski LM, Chan HP, Petrick N, Helvie MA, Zhou C, Ge Z. Computer
aided detection of breast masses on full-field digital mammograms: false positive reduction
using gradient field analysis. Proc SPIE 5370; 2004: 992-998.

2. Hadjiiski LM, Helvie MA, Sahiner B, Chan HP, Roubidoux MA, Nees A, Petrick N, Blane
C, Paramagul C, Bailey J, Patterson S, Klein K, Adler D, Foster M, Shen J. ROC Study of
the Effects of Computer-Aided Interval Change Analysis on Radiologists’ Characterization of
Breast Masses in Two-View Serial Mammograms. Proc SPIE 5370; 2004: 51-58.

Conference Proceedings:

1. Chan HP, Sahiner B, Hadjiiski LM. Sample size and validation issues on the development
of CAD systems. In: CARS 2004 - Proc. 18™ International Congress and Exhibition.
Computer- Assisted Radiology and Surgery. Chicago, IL, June 23-26, 2004. Ed. Lemke
HU, Vannier MW, Inamura K, Farman AG, Doi K, Reiber JHC. International Congress
Series 1268. pp. 872-877. (Elsevier, Amsterdam, Netherlands).

2. Chan HP, Wei J, Sahiner B, Rafferty EA, Wu T, Roubidoux MA, Moore RH, Kopans
DB, Hadjiiski LM, Helvie MA. Computerized detection of masses on digital
tomosynthesis mammograms — A preliminary study. In: Digital Mammography IWDM
2004: 7th International Workshop on Digital Mammography. Ed. Pisano E. (in press).

3. Zhou C, Hadjiiski LM, Paramagul C, Sahiner B, Chan HP, Wei J. Computerized
pectoral muscle identification on MLO-view mammograms for CAD applications. Proc
SPIE 5747, 2005: (in press).

4, Hadjiiski LM, Chan HP, Sahiner B, Helvie MA, Roubidoux MA. Effects of the
continuous and discrete confidence rating scales in ROC observer studies. Proc SPIE
5749; 2005: (in press).
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Ge J, Wei J, Hadjiiski LM, Sahiner B, Chan HP, Helvie MA, Zhou C, Ge Z. Computer
aided detection of microcalcification clusters on full-field digital mammograms: multiscale

pyramid enhancement and false positive reduction using an artificial neural network. Proc
SPIE 5747; 2005: (in press).

Wei J, Sahiner B, Hadjiiski LM, Chan HP, Helvie MA, Roubidoux MA, Petrick N, Zhou
C, Ge J. Computer aided detection of breast masses on mammograms: performance
improvement using a dual system. Proc SPIE 5747; 2005: (in press).

Sahiner B, Hadjiiski LM, Chan HP, Zhou C, Wei J. Comparison of decision tree
classifiers with neural network and linear discriminant analysis classifiers for computer-
aided diagnosis: A Monte Carlo simulation study. Proc SPIE 5747; 2005: (in press).

Scientific/Education Exhibits

1.

Sahiner B, Hadjiiski LM, Chan HP, Nees AV, Bailey JE, Blane CE, et al. Development
of a multtmodality computer classifier for characterization of breast masses on
mammograms and volumetric ultrasound images. Submitted for Education Exhibit at the
90™ Scientific Assembly and Annual Meeting of the Radiological Society of North
America, Chicago, IL, November 28-December 3, 2004.

Conference Abstracts and Presentations:

1.

Chan HP, Wei J, Sahiner B, Rafferty EA, Wu T, Roubidoux MA, Moore RH, Kopans
DB, Hadjiiski LM, Helvie MA. Computerized detection of masses on digital
tomosynthesis mammograms — A preliminary study. Presented at the 7th International
Workshop on Digital Mammography. TWDM-2004. Durham, North Carolina. June
18-21, 2004.

Sahiner B, Chan HP, Hadjiiski LM, Roubidoux MA, Paramagul C, Helvie MA,
LeCarpentier GL. Fusion of mammographic and sonographic computer-extracted
features for improved characterization of breast masses. Presented at the 7th International

Workshop on Digital Mammography. TWDM-2004. Durham, North Carolina. June
18-21, 2004. :

Zhou C, Chan HP, Wei J, Helvie MA, Roubidoux MA, Paramagul C, Nees A, Hadjiiski
LM, Sahiner B. Performance evaluation of an automated breast density estimation system
for digital mammograms and digitized film mammograms. Presented at the 7th
International Workshop on Digital Mammography. IWDM-2004. Durham, North
Carolina. June 18-21, 2004.

Hadjiiski L, Sahiner B, Chan HP, Petrick N, Helvie MA. Automated interval change
analysis of masses in serial mammograms - evaluation of an adaptive similarity measure
for mass matching. Presented at the 7th International Workshop on Digital
Mammography. IWDM-2004. Durham, North Carolina. June 18-21, 2004.
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10.

11.

12.

Chan HP, Wei J, Sahiner B, Rafferty EA, Wu T, Ge J, Roubidoux MA, Moore RH,
Kopans DB, Hadjiiski LM, Helvie MA. Computer-aided cetection on digital breast
tomosynthesis (DBT) mammograms — Comparison of two approaches. Presented at the
90™ Scientific Assembly and Annual Meeting of the Radiological Society of North
America, Chicago, IL, November 28-December 3, 2004. RSNA Program 2004; 447.

Wei J, Sahiner B, Hadjiiski LM, Chan HP, Helvie MA, Roubidoux MA. A dual
computer-aided detection (CAD) system for improvement of mass detection on
mammograms. Presented at the 90" Scientific Assembly and Annual Meeting of the
Radiological Society of North America, Chicago, IL, November 28-December 3, 2004.
RSNA Program 2004; 491.

Sahiner B, Chan HP, Hadjiiski LM, Roubidoux MA, Paramagul CP, Helvie MA, et al.
The effect of a multimodality computer classifier on radiologists’ accuracy in
characterizing breast masses on mammograms and ultrasound images: An ROC study.
Presented at the 90™ Scientific Assembly and Annual Meeting of the Radiological Society
of North America, Chicago, IL, November 28-December 3, 2004. RSNA Program
2004; 447.

Hadjiiski LM, Chan HP, Sahiner B, Helvie MA; Roubidoux MA, Zhou C. Interval
Change Analysis based on Computerized Regional Registration of Corresponding
Microcalcification Clusters on Temporal Pairs of Mammograms. Presented at the 90™
Scientific Assembly and Annual Meeting of the Radiological Society of North America,
Chicago, IL, November 28-December 3, 2004. RSNA Program 2004; 491.

Zhou C, Hadjiiski LM, Paramagul C, Sahiner B, Chan HP, Wei J. Computerized
pectoral muscle identification on MLO-view mammograms for CAD applications. Poster
presentation at the SPIE International Symposium on Medical Imaging, San Diego, CA,
February 12-17, 2005.

Hadjiiski LM, Chan HP, Sahiner B, Helvie MA, Roubidoux MA. Effects of the
continuous and discrete confidence rating scales in ROC observer studies. Presented at
the SPIE International Symposium on Medical Imaging, San Diego, CA, February 12-
17, 2005.

Ge J, Wei J, Hadjiiski LM, Sahiner B, Chan HP, Helvie MA, Zhou C, Ge Z. Computer
aided detection of microcalcification clusters on full-field digital mammograms: multiscale
pyramid enhancement and false positive reduction using an artificial neural network.
Poster presentation at the SPIE International Symposium on Medical Imaging, San
Diego, CA, February 12-17, 2005.

Wei J, Sahiner B, Hadjiiski LM, Chan HP, Helvie MA, Roubidoux MA, Petrick N, Zhou
C, Ge J. Computer aided detection of breast masses on mammograms: performance
improvement using a dual system. Presented at the SPIE International Symposium on
Medical Imaging, San Diego, CA, February 12-17, 2005.
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13. Chan HP, Hadjiiski LM, Ge J, Sahiner B, Helvie MA. Computer-aided diagnosis:

- computerized classification of malignant and benign microcalcifications on full field digital

mammograms. Submitted for presentation at the 47" Annual Meeting of the American
Association of Physicists in Medicine, Seattle, WA. July 24-28, 2005.

(8) Conclusions

Under the support of this grant, we have investigated various computer-aided detection
and diagnosis (CAD) methods for analysis of lesions on mammograms. We continue to collect a
database of digitized film mammograms (DFMs) and a database of full field digital mammograms
(DMs) that contain mammographic lesions from our breast imaging division in the Department of
Radiology. The digital images include the manufacturer’s processed images and unprocessed
(raw) images. All collected cases are entered into our database management program that stores
the coded case information to facilitate archiving and retrieval of the cases.

As discussed in the annual report last year, we continue to develop computer-vision
techniques using DFMs in parallel with DMs. These techniques should be readily transferable
between DFMs and DMs with minor modifications. A main advantage of using DFMs for the
development of CAD techniques is that many patients will have multiple exams on DFMs. The
serial mammograms allow us to develop advanced techniques using subtle lesions that may have
been overlooked in prior years or using interval change information for lesion detection or
diagnosis. In this project year, we have developed a dual CAD system for mass detection that
includes two single CAD systems, one trained with current mammograms and the other trained
with prior mammograms. The fusion of information from the two systems was found to improve
the accuracy of detecting subtle masses.

A new imaging modality using full field digital mammography system - digital breast
tomosynthesis (DBT) mammography - is on the horizon. The 3D information available with the
tomosynthesis mammograms holds the promise of improving breast cancer detectability, especially
in dense breasts. We were able to obtain a small set of DBT mammograms through the
collaboration with the research group at the Massachusetts General Hospital. We performed a
pilot study of developing 3D computer-vision techniques for mass detection on DBT
mammograms. We found that our techniques could achieve high accuracy in this small data set.
This study indicates that CAD for DBT mammography is a promising approach © improving
breast cancer detection.

We are developing computer-vision methods for classification o malignant and benign
masses. In clinical practice, radiologists generally use ultrasound scans as an adjunct to assess
breast masses. We studied the effects of combining mammographic and ultrasound image
information on computerized classification and found that the multi-modality computer classifier
out-performed the classifiers using information from mammographic images or ultrasound images
alone. In an observer performance study, the radiologists’ accuracy in classification of malignant
and benign masses improved significantly when they read with CAD using the mult-modality
classifier. The increased specificity indicates that CAD may be useful for reducing unnecessary
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biopsies. Further study is underway to train the classifiers with a larger data set and to investigate
their robustness in independent test cases.

The development of the CAD system for detection of microcalcifications is underway. In
this project year, we performed studies to improve the computer vision techniques at the different
stages of the system. We found that Laplacian pyramid multiscale enhancement did not improve
the signal-to-noise ratio (SNR) of microcalcifications on FFDMs, while a trained convolution
neural network could reduce the false positives significantly in the CAD system. Although the
performance of the CAD system has reached over 90% sensitivity at less than 1 FPs per image in
the current data set, further study is underway to train the system with a larger data set and to
evaluate its generalizability to unknown cases.

Our advanced CAD systems will utilize multiple image information fusion to improve their
performances. A number of preprocessing methods are being developed to register the lesions
on multiple images of the same view and on multiple views. We previously developed an
automated breast boundary detection method and an automated nipple detection method. In this
project year, we investigated an automated method for detection of the pectoral muscle on MLO
views. These image processing methods will be incorporated into our lesion registration
algorithms for preparation of multiple image analysis.

In summary, we have investigated a number of areas in computer-aided detection and
computer-aided diagnosis of mammographic lesions. We have made progress in the six tasks
proposed in the project. This lays the strong foundation for us to continue the development of the
CAD systems for digital mammograms and digitized film mammograms in the coming years.

(9) References

None.
(10) Appendix

Copies of the following publications are enclosed with this report.

Peer-Reviewd Journal Article:

1. Hadjiiski L, Chan HP, Sahiner B, Helvie MA, Roubidoux MA, Blane C, Paramagul C,
Petrick N, Bailey J, Klein K, Foster M, Patterson S, Adler D, Nees A, Shen J. Improvement
of radiologists’ characterization of malignant and benign breast masses in serial mammograms
by computer-aided diagnosis: An ROC study. Radiology 2004; 233: 255-265.

2. Zhou C, Chan HP, Paramagul C, Roubidoux MA, Sahiner B, Hadjiiski LM, Petrick N,

Computer-aided diagnosis on mammograms using multiple image analysis: computerized
nipple identification. Medical Physics 2004; 31: 2871-2882.
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3. Chan HP, Goodsitt MM, Helvie MA, Hadjiiski LM, Lydick JT, Roubidoux MA, Bailey JE,

Nees A, Blane CE, Sahiner B. ROC study of the effect of stereoscopic 1rnag1ng on
assessment of breast lesions. Medical Physics 2005; 32: 1001-1009.

Conference Proceedings:

1.

Wei J, Sahiner B, Hadjiiski LM, Chan HP, Petrick N, Helvie MA, Zhou C, Ge Z. Computer
aided detection of breast masses on full-field digital mammograms: false positive reduction
using gradient field analysis. Proc SPIE 5370; 2004: 992-998.

Hadjiiski LM, Helvie MA, Sahiner B, Chan HP, Roubidoux MA, Nees A, Petrick N, Blane
C, Paramagul C, Bailey J, Patterson S, Klein K, Adler D, Foster M, Shen J. ROC Study of
the Effects of Computer-Aided Interval Change Analysis on Radiologists’ Characterization of
Breast Masses in Two- View Serial Mammograms. Proc SPIE 5370; 2004: 51-58.
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Improvement in Radiologists’
Characterization of Malignant
and Benign Breast Masses on
Serial Mammograms with
Computer-aided Diagnosis:

An ROC Study1

PURPOSE: To evaluate the effects of computer-alded diagnosis (CAD) on radiolo-
dists” characterization of masses on serial mammograms.

MATERIALS AND METHODS: ‘Two hundred flfty-three temporal image pairs (1 38
malignant and 115 benign) obtained from 96 patients who had masses on serial
mammograms were evaluated. The temporal pairs were ‘formed by matching
masses of the same.view from two different examinations. Eight radiologists and two
breast imaging fellows assessed the temporal pairs with and without computer aid.
The classification of accuracy was quantified by using'the “area under receiver
operating characteristic curve (A4,). The statistical significance of the difference in A,
between the differerit reading conditions was estimated with the Dorfman-Ber-
baum:Metz method for analysis of multireader multicase data and wnth the Student
paired t test for analysis of observer-specmc paired data

RESULTS: The average A, for radiologists’ estimates of the likelihood of mallgnancy
was 0.79 without CAD and improved to 0.84 with’ CAD. The improvement was
statistically significant (P.=.005). The corresponding average partial area index was
0.25 without CAD and improved to 0.37 with.CAD. The improvement was also
statistically significant (P = .005). On the basis of Breast Imaging Reporting and Data
System assessments, it was estimated that with CAD, each radiologist, on average,
reduced 0.7% (0.8-of 115) of uhnecessary biopsies and correctly recommended
5.7% (7.8 of 138) ‘of additional biopsies.

" CONCLUSION: CAD based on analysis of mterval changes can sugmﬂcantly increase
; radlologlsts’ accuracy in classification of masses and thereby may be"useful in
improving corréct biopsy recommendations.
©'RSNA, 2004 -

Breast cancer is one of the leading causes of death in the United States among women
between 40 and 55 years of age (1). Mammography is currently the most sensitive method
for detecting early breast cancer, and it is also the most practical for screening (2,3).
Although general rules for differentiation between malignant and benign lesions exist, in
clinical practice only 15%-30% of patients referred for biopsy are found to have a malig-
nancy (4-6). Unnecessary biopsies increase health care costs and may cause patient
anxiety and morbidity. It is therefore important to improve the accuracy of interpreting
mammographic lesions, thereby improving the positive predictive values of mam-
mography.

Radiologists routinely compare the current mammograms of a patient with those
obtained in previous years, if available, for identifying interval changes, detecting abnor-
malities, and evaluating breast lesions. It is widely accepted that interval changes in
mammogtaphic features are very useful for detection of breast cancer (7,8). In a recent
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study, Burnside et al (9) reported thatin a
diagnostic setting, comparison with the
prior examination significantly P <
.001) increased the overall cancer detec-
tion rate.

A variety of computer-aided diagnosis
(CAD) techniques have been developed
to detect abnormalities and to distin-
guish malignant and benign lesions on

‘mammograms. It has been shown that

CAD systems could improve the radiolo-
gist’s accuracy in both detection and
characterization of breast lesions in a sin-
gle mammographic examination.

Chan et al (10) performed an observer
study to evaluate the effects of CAD,
which was designed for characterization
of malignant and benign masses on
mammograms obtained from a single
examination (11}, on the radiologist’s di-
agnostic accuracy. Two observer experi-
ments were performed. In the first exper-
iment, the radiologists evaluated a data
set of masses on single-view mammo-
grams. In the second experiment, they
evaluated the masses on two-view mam-
mograms. In both experiments, the radi-
ologists’ performance in terms of the area
under receiver operating characteristic
(ROC) curve (4,) was significantly (P =
.022 and .007, respectively) improved
when reading with CAD was compared
with reading without CAD.

Huo et al (12) developed a computer
classifier for distinguishing between malig-
nant and benign masses. Multiple views of
the masses acquired in the same examina-
tion were used. An observer study with 12
radiologists was performed. The radiolo-
gists’ performance in terms of the A, was
also significantly (P = .001) improved with
computer aid.

Jiang et al (13) developed a computer
classifier for classification of microcalcifi-
cation clusters on multiple views of sin-
gle-examination mammograms and also
performed an observer study to evaluate
its effectiveness. They found that with
computer aid, the radiologists achieved a
statistically significant (P < .001) im-
provement in the classification of micro-
calcifications. In addition, an increase in
biopsy recommendations for malignant
clusters, as well as a decrease in the rec-
ommendation of biopsy for benign le-
sions, was observed.

Authors of these previous studies of
lesion classification with CAD used infor-
mation from a single examination (11-
17). When mammograms from multiple
examinations are available, it can be ex-
pected that even higher accuracy may be
achieved if the computer can utilize the
information obtained from analysis of
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interval changes for the classification.
We (18) have developed a classification
scheme that combines prior and current
information that is automatically ex-
tracted from masses on prior and current
mammograms, respectively. We found
that the classifier using the combined
prior and current information performed
significantly better (P = .0135) in terms of
the A, than did the classifier using cur-
rent information alone. Thus, the pur-
pose of our study was to evaluate the
effects of CAD on radiologists’ character-
ization of masses on serial mammo-
grams.

MATERIALS AND METHODS
Data Set

A set of 253 temporal pairs of mammo-
grams containing biopsy-proved masses on
the current mammograms was selected
consecutively from our mammogram data-
base, and the images were digitized. The
mammograms wete obtained from pa-
tients who had undergone biopsy of breast
masses at our department. The data collec-
tion protocol had been approved by our
institutional review board. Patient in-
formed consent was waived for this retro-
spective study. The selection criterion was
that the patient had undergone serial ex-
aminations in which a corresponding mass
could be identified. The masses on both
the current and prior mammograms en-
compassed a range of sizes and conspicuity
that would be seen in clinical practice. We
also tried to approximately balance the
number of patients with malignant and
benign masses. The data set consisted of
406 mammograms from 96 patients. The
mammogtrams were digitized with a laser
scanner (LUMISCAN 85; Lumisys, Los Al-
tos, Calif) at a pixel resolution of 50 X 50
pm and 4096 gray levels. The digitizer was
calibrated so that gray-level values were
linearly proportional to the optical density
in the range of 0-4, with a slope of 0.001
per pixel value. The digitizer output was
linearly converted so that a large pixel
value corresponded to a low optical den-
sity. The image matrix size was reduced by
averaging every 2 X 2 adjacent pixels and
was down-sampled by a factor of 2, result-
ing in images with a pixel size of 100 X 100
pm for further analysis.

There were 97 biopsy-proved masses
(53 malignant and 44 benign) in 96
patients (age range, 37-86 years; mean,
59.6 years). One patient had a malig-
nant mass in the left breast and a be-
nign mass in the right breast. The 406
mammograms contained different mam-

mographic views (193 craniocaudal, 177
mediolateral oblique, and 36 lateral)
from multiple serial examinations of the
masses, including those from the exami-
nation when the biopsy decision was
made. By matching masses of the same
view from two examinations, a total of
253 temporal pairs of images were
formed, of which 138 had malignant and
115 had benign masses. In cases where
there were only two examinations, a sin-
gle pair was obtained for the given view.
If there were three examinations, two or
three temporal pairs were obtained. The
distribution of the 253 temporal pairs
among the 96 patients with 97 masses
was as follows: 117 craniocaudal pairs
originated from 87 masses, 115 mediolat-
eral oblique pairs originated from 88
masses, and 21 lateral pairs originated
from 17 masses. The same mass could
have craniocaudal, mediolateral oblique,
or lateral views. The prior mammogram
was assessed as negative, benign, or prob-
ably benign in the prior year examina-
tion, and the majority remained so in
retrospect. When a mass was not dis-
cretely visible on the prior mammogram,
a Mammography Quality Standards Act-
approved radiologist (M.A.H.), with 17
years of experience reading mammo-
grams, defined the area where the mass
would develop.

Since all 97 masses in this data set had
undergone biopsy, the benign masses in
this set could not be prospectively distin-
guished clinically from the malignant
masses based on current mammographic
criteria. The radiologists might have ob-
served changes in or suspicious features
of the benign masses that prompted
them to recommend biopsy.

For the malignant masses, the average
mass size was 8.0 mm on the prior and
11.5 mm on the current mammogram.
The corresponding sizes were 9.9 and
11.5 mm, respectively, for the benign
masses.

To simulate a more realistic clinical sit-
uation in which a radiologist also has to
distinguish mass-mimicking fibroglandu-
lar tissue from true masses, 34 additional
temporal pairs containing corresponding
normal structures on the serial mammo-
grams were also included. These normal
structures were selected by an experi-
enced radiologist (M.AH.) and were
deemed to be difficult to distinguish
from masses without further diagnostic
work-up. The main reason for inclusion
of temporal pairs containing normal
structures was to reduce potential bias
the radiologists might have when they
evaluated the cases in an ROC experi-
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Mass Visibility in Current Mammogram

Figure 1. Graphs depict mass visibility on current and prior mammograms for (a) malignant and (b) benign temporal pairs
of mammograms. Visibility was rated with a 10-point discrete scale (1, most obvious; 10, most subtle). Because many data
points overlap, the number of points with the same rating are indicated by a number next to the symbol m or b. Diagonal
line represents cases when the visibility ratings of current and prior masses are identical. The dashed linear regression line for
the data is defined by (a) y = 0.121x + 7.599 and (b) y = 0.755x + 2.367. The correlation coefficient is 0.02 for malignant

masses and 0.31 for benign masses.
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Figure 2. Histogram illustrates the temporal
interval between current and prior mammo-
grams for the 253 temporal pairs of mammo-
grams in the data set.

ment. If the data set contained only ma-
lignant and benign masses (without nor-
mal pairs), the radiologists might be
biased and give more optimistic scores.
However, the 34 temporal pairs contain-
ing normal structures were excluded
from the data analysis. In the analysis
of results, it is more important to study
the improvement in radiologists’ perfor-
mance when true masses are read. There-
fore, all analyses were based on the 253
temporal pairs containing masses.
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The radiologist also rated the visibility
of the masses on the mammograms rela-
tive to those encountered in clinical prac-
tice by using a 10-point scale, with a
score of 1 representing the most obvious
and a score of 10 representing the most
subtle masses. For the malignant and be-
nign temporal pairs, the visibility of the
masses on the current mammogram is
plotted against that observed on the prior
mammogram, as shown in Figure 1. Gen-
erally, the malignant masses were less
visible on the prior than on the current
mammogram, while the visibility of the
benign masses was found to be more sim-
ilar on the current and prior mammo-
grams. The mean difference in the visi-
bility ratings between prior and current
mammograms for the malignant masses
was 2.3 compared with 1.0 for the benign
masses (P < .001 with an unpaired ¢ test
between the malignant and benign
masses). The correlation coefficient was
0.02 for malignant masses (Fig 1a) and
0.31 for benign masses (Fig 1b). The tem-
poral pairs had an interval of 6-48
months (Fig 2).

Computerized Classification of
Temporal Masses

We have developed a classification
technique that incorporates current and
prior information to characterize the

masses. The classification technique has
been described in detail elsewhere (18).
Figure 3 contains a flowchart of the
method, which is summarized as follows:
Initially, a region of interest (ROI) con-
taining the mass was identified by a radi-
ologist on both the current and prior
mammograms. Automatic segmentation
of the mass within each ROI was per-
formed on the basis of a two-dimensional
active contour model that was initialized
with k-means clustering (19,20). Features
related to texture, morphology, and
spiculations were extracted from each
mass (Appendix). A total of 35 features
(20 based on run-length statistics, 12
morphological, and three spiculation)
were extracted from each ROI In addi-
tion, difference features were obtained by
subtracting a prior feature from the cor-
responding current feature (Fig 3). There-
fore, 35 difference features were derived
from the 20 based on run-length statis-
tics, 12 morphological features, and three
spiculation features.

For the training and testing of the clas-
sifier, a “leave one case out” resampling
scheme was used. To design a robust clas-
sifier, a subset of features was selected to
reduce the dimensionality of the feature
space. A stepwise feature selection was
applied. For the 96 training subsets of
temporal pairs used in this study, an av-
erage of seven features were selected for
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the classification. The most frequently se-
lected features included two difference
features based on run-length statistics
(gray-level nonuniformity and short-run
emphasis), three current features based
on run-length statistics (short-run em-
phasis, run-length nonuniformity, and
long-run emphasis), one spiculation fea-
ture from the current image, and one
spiculation feature from the prior image.
The distribution of the classifier test score
is presented in Figure 4. Small values cor-
respond to benign ratings and large val-
ues correspond to malignant ratings. By
using the ROC methods, the overall per-
formance of the classifier can be esti-
mated on the basis of the classifier test
scores.

Relative Computer Malignancy
Rating of the Masses

A relative computer malignancy rating
ranging from 1 to 10 was provided to the
radiologists for the reading with CAD.
The relative malignancy rating was ob-
tained by linearly scaling the classifier
output within the interval between 1 and
10 and then rounding the result to the
nearest integer. A rating of 1 corre-
sponded to the highest score of the mass
being benign, and a rating of 10 corre-
sponded to the highest score of the mass
being malignant. This transformation
provided a more intuitive presentation of
the scale to the observer than did the
original classifier output. The linear
transformation was not used to evaluate
the classifier accuracy in terms of the
class distributions or in terms of ROC
analysis. Gaussian functions were fitted
to the distributions of the malignant and
benign samples to obtain a fitted binor-
mal distribution with the classifier’s ma-
lignancy ratings of 1-10 (Fig 4b). The fit-
ted distribution was displayed on a
graphical user interface as a reference
when the radiologist evaluated the tem-
poral pairs using CAD.

Observer Performance Study

The observer study evaluated the radi-
ologist’s performance in the classification
of malignant and benign breast masses
by interpreting a temporal pair of ROIs
containing the mass on a display moni-
tor. The radiologist was asked to provide
an estimate of the likelihood of malig-
nancy by using a 0%-100% scale and the
American College of Radiology Breast
Imaging Reporting and Data System
(BI-RADS) assessment (21) of each mass.
The study was designed in two reading
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histogram of the classifier’s test scores.

conditions. The first reading condition
is referred to as the independent mode,
in which the radiologist read the masses
without computer aid. The second read-
ing condition is referred to as the se-
quential mode, in which the radiologist
initially read a temporal pair without
computer aid and then read the same
pair with computer aid. First, the ratings
without computer aid were recorded and
then the computer rating of the mass was
displayed on the monitor. The radiolo-
gist recorded the final rating after taking

0.5
anmee Malignant
Benign
3. 0.4 1
c
S
o 0.3 4
]
t =
o
2 02!
5
)
@ 0.1
0.0 4 L
12 3 456 7 8 910
Relative Malignancy Rating
b.

(a) Histogram of the classifier’s test scores. (b) Binormal distribution fitted to the

into consideration the computer rating.
For simplicity of presentation, we will
consider that there are a total of three
modes from the aforementioned two
readings—independent mode, sequential
mode without CAD, and sequential
mode with CAD. The sequential mode
without CAD differs from the indepen-
dent mode only in that the reader knew
that the computer information would
immediately follow. Eight radiologists
(AN, CB.,, CP, DA, JB, KK, MAR,
and S.P.) approved by the Mammogra-
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Figure 5. Example of graphical user interface shows reading in the independent mode or

sequential mode without CAD. ROI on the left is prior and that on the right is current. The
radiologist provided two ratings: an estimate of the likelihood of malignancy and the BI-RADS
assessment, shown at the upper right area of the screen.

phy Quality Standards Act and two breast
imaging fellows (M.F. and J.S.) partici-
pated as observers in this study. (There
was no correspondence between order of
the observers above and the observers’
numeric order in the Results section and
the Tables.) The eight radiologists had
experience in mammography that ranged
from 3 to 24 years. The breast imaging
fellows were certified by the American
Board of Radiology and had at least 3
months of experience in breast imag-
ing.

For the observer experiments, the 253
pairs of images containing masses were di-
vided into four non-overlapping groups,
with approximately one-quarter of the
pairs in each group. Each radiologist par-
ticipated in four reading sessions. In each
session, the observer read the pairs of im-
ages of one group in independent mode
and those of another group in sequential
mode so that no pairs of images would be
read in both modes in a single session. The
reading order of the temporal pairs of im-
ages within one group was randomized for
each observer. Fach observer would read in
the independent mode first and then in
the sequential mode in two of the sessions
and vice versa in the other two sessions.
We systematically arranged the reading or-
der of the groups and the order of the
modes to balance the frequency of both in
the reading sessions. This counterbalanced
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design was intended to minimize the po-
tential effects such as learning, fatigue, and
memorization on the outcomes of the ob-
server experiments. For each radiologist,
there was at least a 1-month interval be-
tween reading pairs of images of the first
two groups and those of the second two
groups to avoid recall bias. All 10 observers
read the temporal pairs independently.

Each observer underwent a training
session in which the purpose of the
study, the experimental procedure, the
rating scales, the performance of the
computer classifier, and the computer’s
rating scale were explained. The observer
was also informed that the pairs of im-
ages included normal tissues in addition
to malignant and benign masses. The
prevalence of the malignant masses in
the data set was not disclosed to the ob-
server either in the training session or in
the actual reading session. The observer
then read 10 temporal pairs of images
that were not used in the actual experi-
ments to familiarize the observer with
the reading processes and the user inter-
face. The observer was informed of the
true pathologic findings after rating each
training case so that the findings could
be compared to the observer’s own rat-
ings and the computer rating. However,
in the actual experiment, no information
regarding the true findings was provided
after the readings.

A graphical user interface was devel-
oped to present the temporal pairs of im-
ages containing ROIs to the radiologists
(Figs 5, 6). The observer assessed the two
ROIs of a temporal pair that were dis-
played side-by-side on a display worksta-
tion. The observers provided estimates of
the likelihood of malignancy by using a
scale of 1%-100% and by choosing one
of the five standard BI-RADS categories:
negative, benign, probably benign, suspi-
cious, and highly suggestive of malig-
nancy. When the computer rating was
displayed in the sequential mode with
CAD, the fitted binomial distribution of
the relative computer malignancy rating
was presented to the radiologists (Fig 4b)
as a reference. The radiologists were al-
lowed unlimited time for the evaluation
of the temporal pairs. For each radiolo-
gist, we recorded the time for the evalu-
ation of the temporal pairs in both inde-
pendent and sequential modes.

Statistical Analysis

The likelihood of malignancy ratings
by the individual observers for the differ-
ent reading conditions was analyzed by
using ROC methods. The classification
accuracy was quantified by using the to-
tal A, as well as the partial area index
(22) calculated above a sensitivity thresh-
old of 0.90 (hereafter, ; o,4,). The A, was
estimated by using the Dorfman-Ber-
baum-Metz method for analysis of mul-
tireader multicase data (23), in which the
maximum likelihood estimation of the
binormal distributions was fitted to the
observer ratings, deriving the ROC curve.
The statistical significance of the differ-
ence in A, between the different reading
conditions was also estimated by using
the Dorfman-Berbaum-Metz method, the
Student paired t test for analysis of ob-
server-specific paired data, and the Obu-
chowski method (24). The Obuchowski
method, which was also generalized by
Lee and Rosner (25) for multiple readers
multiple modalities studies, accounts for
the possible correlations that exist
among the temporal pairs of images,
such as craniocaudal and mediolateral
oblique pairs in the same patient or pairs
obtained from multiple years in the same
patient.

The radiologists’ diagnostic decision
based on the BI-RADS assessment was an-
alyzed in this study by partitioning the
BI-RADS categories into two groups.
Group 1 consisted of BI-RADS categories
1 and 2, and group 2 consisted of BI-
RADS categories 3, 4, and 5. BI-RADS cat-
egory 0 was not allowed. This partition-
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ing was associated with the estimation of
callbacks, referred to as the callback
grouping. If a mass was assigned to group
1, then it was assumed that no callback
would be recommended. If a mass was
assigned to group 2, then it was assumed
that at least callback would be recom-
mended. Each of the temporal pairs of
images for an observer reading in a given
mode was then classified to be a member
of one of the two groups on the basis of
the BI-RADS assessment. The changes in
the group membership for the temporal
pairs were then tallied for the different
modes. A second partitioning was per-
formed by combining BI-RADS categories
1, 2, and 3 into group 1 and BI-RADS
categories 4 and 5 into group 2. This par-
titioning was associated with the estima-
tion of biopsy recommendations, re-
ferred to as the biopsy recommendation
grouping. If a mass was assigned to group
1 then it was estimated that no biopsy
would be recommended. If a mass was
assigned to group 2 then it was assumed
that biopsy would be recommended.

RESULTS

The A, values for the 10 radiologists par-
ticipating in the study for the three read-
ing modes are presented in Table 1. The
average ROC curves for the three reading
modes and the classifier are shown in
Figure 7. The computer classifier's A,
value for the 253 temporal pairs was 0.87.
The average ROC curves for the observers
were obtained by averaging the fitted a
and b parameters of the individual radi-
ologist’s ROC curve for each mode and
then calculating the ROC curve. The 4,
value was 0.79 for the independent
mode, 0.81 for the sequential mode with-
out CAD, and 0.84 for the sequential
mode with CAD. The performance of the
radiologist therefore improved, on aver-
age, when reading was made with com-
puter aid. The improvement between the
sequential mode with CAD and the inde-
pendent mode was statistically signifi-
cant (Table 2) (P = .005, Student paired ¢
test; P = .005, Dorfman-Berbaum-Metz
method; P = .01, Obuchowski method).
In addition, the improvement in perfor-
mance between the sequential mode
with CAD and the sequential mode with-
out CAD was also statistically significant
(P = .001, Student paired t test; P = .001,
Dorfman-Berbaum-Metz method; P <
.001, Obuchowski method). An improve-
ment was observed between the sequen-
tial mode without CAD and the indepen-
dent mode, but it did not achieve
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Figure 6. Example of a graphical user interface shows reading in the sequential mode with
computer aid. ROI on the left is prior and that on the right is current. The computer rating (8 in
this example) was shown in the lower middle part of the screen. The performance of the
computer classifier in terms of the distribution of the relative malignancy rating was shown in the
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without CAD and then could change the likelihood of malignancy and/or BI-RADS assessment
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after taking into consideration the computer’s rating.

TABLE 1
A; Values for the Characterization of Masses in the Three Modes
Radiologist Independent Mode Sequential Mode Sequential Mode
No. A, without CAD A, with CAD A,
1 0.84 + 0.02 0.84 + 0.02 0.89 = 0.02
2 0.82 + 0.03 0.84 = 0.02 0.86 = 0.02
3 0.75 £ 0.03 0.80 £ 0.03 0.81 = 0.03
4 0.82 + 0.03 0.88 = 0.02 0.92 = 0.02
5 0.74 £ 0.03 0.75 £ 0.03 0.80 = 0.03
6 0.77 = 0.03 0.85 *0.02 0.87 = 0.02
7 0.76 = 0.03 0.82 = 0.03 0.83 = 0.03
8 0.82 * 0.03 0.76 = 0.03 0.76 = 0.03
9 0.75 = 0.03 0.78 * 0.03 0.83 = 0.03
10 0.77 = 0.03 0.74 £ 0.03 0.79 = 0.03
Note.—Data are the mean = standard deviation. The A, value from the average a and b parameters
was 0.79 for the independent mode, 0.81 for the sequential mode without CAD, and 0.84 for the
sequential mode with CAD.

statistical significance (P = .137, Student
paired t test; P = .139, Dorfman-Ber-
baum-Metz method; P = .073, Obu-
chowski method).

The computer classifier's A, value was
higher than the individual radiologists’ A,
value obtained in the independent mode
without CAD. In the sequential mode with
CAD, radiologists 1 and 4 achieved higher
A, than did the computer classifier. Radiol-
ogist 6, who read in the sequential mode
with CAD, obtained an A, value of 0.87,

which was the same as that of the com-
puter classifier. The performance of radiol-
ogist 8 declined with the use of CAD; the
A, value was 0.82 for the independent
mode and decreased to 0.76 for the se-
quential mode with CAD. However, when
the sequential mode without CAD was
compared with the sequential mode with
CAD for this radiologist, there was no
change (A, = 0.76). For the rest of the ra-
diologists, the improvement in A, value
ranged between 0.02 and 0.10.
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Figure 7. Average ROC curves for the three
reading modes: independent (No CAD-Ind)
(A, = 0.79), sequential without CAD (No CAD-
Seq) (A, = 0.81), and sequential with CAD
(With CAD-Seq) (A, = 0.84).

Similar trends can be observed in the
0.0045 values for the three reading modes
(Table 3). The computer classifier’s ; gpA,
value was 0.52. The statistical signifi-
cance of the differences between every
two of the three modes is presented in
Table 4. The improvement in the radiol-
ogists’ classification accuracy for the se-
quential mode with CAD (o4, = 0.37)
compared with that for the independent
mode (y004; = 0.21) was statistically sig-
nificant (P = .005, Student paired f test).
Similarly, the improvement for the se-
quential mode with CAD (, 504, = 0.37)
compared with that for the sequential
mode without CAD (404, = 0.26) was
also statistically significant (P = .001,
Student paired ¢ test). Again, an improve-
ment was observed between the sequen-
tial mode without CAD and the indepen-
dent mode, but it did not achieve
statistical significance (P = .180, Student
paired  test). For radiologist 8, there was
an improvement in the ,gyA; value for
the readings in the sequential mode
without CAD (;404, = 0.14) and then
with use of CAD (; 604, = 0.17).

On the basis of the BI-RADS assess-
ment, the computer classifier’s influence
on the radiologist’s diagnostic decision
was evaluated. Results of the callback
grouping based on the BI-RADS assess-
ment for the three modes are presented
in Table 5. When the radiologists evalu-
ated the temporal pairs in the sequential
mode with CAD, an average (per radiol-
ogist) of 2.3% (3.2 of 138) of additional
malignant masses were correctly recom-
mended for callback and 0.6% (0.7 of
115) of additional benign masses were
incorrectly recommended for callback
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compared with the evaluation in the in-
dependent mode. The reading in sequen-
tial mode with CAD compared with read-
ing in sequential mode without CAD
resulted in an average of 1.4% (1.9 of
138) of additional correct callbacks for
malignant masses and 2.1% (2.4 of 115)
of additional incorrect callbacks for be-
nign masses. A comparison of the results
obtained from readings in the indepen-
dent mode and the sequential mode
without CAD is shown also in Table 5.
Although both readings were conducted
without CAD, there was, on average, a
correct reduction of 1.5% (1.7 of 115) of
callbacks for benign masses and an in-
crease of 0.9% (1.3 of 138) of callbacks for
malignant masses when reading in the
sequential mode without CAD.

Results of the biopsy recommendation
grouping based on BI-RADS assessment
for the three modes are presented in Ta-
ble 6. When the radiologists evaluated
the temporal pairs in the sequential
mode with CAD compared with the in-
dependent mode, an improvement was
obtained. There was an average reduction
of 0.7% (0.8 of 115) of recommended
biopsies for benign masses, and an addi-
tional 5.7% (7.8 of 138) of malignant
masses wete correctly recommended for
biopsy. A comparison of the sequential
mode with CAD with the sequential
mode without CAD indicated that an av-
erage of 1.0% (1.1 of 115) of additional
incorrect biopsy recommendations for
benign masses were made, and an addi-
tional 4.0% (5.5 of 138) of correct biopsy
recommendations for malignant masses
were made. Table 6 also shows the results
of comparison of reading in the indepen-
dent mode with reading in the sequential
mode without CAD. On average, a 1.7%
(1.9 of 115) of correct reduction in biopsy
recommendations were observed for be-
nign masses, and an additional 1.7% (2.3
of 138) of correct biopsy recommenda-
tions for malignant masses were made
when reading was performed in the se-
quential mode without CAD.

The reading time per temporal pair of
mammograms for the 10 radiologists was
8.3-26.0 seconds (mean, 14.5 seconds) in
the independent mode and 13.8-35.8
seconds (mean, 18.8 seconds) in the se-
quential mode. The increase in the read-
ing time in the sequential mode (reading
without CAD followed by reading with
CAD) compared with reading in the in-
dependent mode (reading only without
CAD) was statistically significant (P <
.001).

DISCUSSION

In this ROC study, we observed an im-
provement in the radiologists’ perfor-
mance in the estimation of the likelihood
of malignancy of masses seen on tempo-
ral pairs of mammograms when the radi-
ologists read with computer aid. An im-
provement was also observed when the
petformance was evaluated in terms of
BI-RADS assessment. To our knowledge,
this was the first ROC study in which
masses were evaluated by the radiologists
on temporal pairs of mammograms and
the computer classifier also used informa-
tion regarding the temporal change in
the classification of masses.

To study if the presence of a computer
influences observer performance, we have
used two reading modes without CAD: the
independent mode and the sequential
mode without CAD. We observed an inter-
esting phenomenon: Seven of the 10 radi-
ologists improved their A, values when
reading in the sequential mode without
CAD. Although the improvement did not
achieve statistical significance and in-
traobserver variability might have con-
tributed to the differences, this appeared
to be consistent with our observation in
another clinical observer study (26) for
breast cancer detection. In that study, the
callback rate for the study group in-
creased during the reading without CAD
compared with that for the screening
population not participating in the
study, and the sensitivity of cancer detec-
tion was relatively high (91%) compared
with the sensitivities reported in the lit-
erature. This reflects the possibility of a
subtle change in the behavior when that
behavior is being studied.

In two other observer studies, in which
the effect of CAD on radiologists’ perfor-
mance in detection of lung nodules was
evaluated (27,28), the independent and
sequential modes were also compared.
Kobayashi et al (27) found that 10 of 16
observers improved their A, values when
reading in the sequential mode without
CAD compared with reading in indepen-
dent mode. The average A, value for the
16 observers was 0.894 for the indepen-
dent mode and 0.906 for the sequential
mode without CAD. In another study
(28), the average A, value for the inde-
pendent mode was 0.829 and that for
sequential mode without CAD was 0.835.
Therefore, in both studies, the same
trend was observed as in our studies, al-
though the differences again did not
achieve statistical significance.
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Beiden et al (29) discussed the psycho-
logic phenomenon of reader vigilance
even though it did not show statistically
significant change in the radiologists’
performance in the aforementioned stud-
ies. Many radiologists may operate at a
higher sensitivity level if they are aware
that their performance is being evalu-
ated. This awareness is accentuated when
the computer’s reading is displayed im-
mediately after the radiologist’s reading
of each temporal pair of mammograms.
There are exceptions. In our study, the
performance of two of the radiologists
(radiologist 8 and radiologist 10) de-
creased when the independent reading
and the sequential reading without CAD
were compared. However, if we com-
pared the readings in the sequential
mode without CAD and then with use of
CAD, radiologist 8 showed an improve-
ment in the , 4,4, value. With CAD, ra-
diologist 10 showed improved results, ex-
ceeding that of the reading in the
independent mode.

The performance in terms of A, and
0904, values was better in sequential
mode with CAD than in the other modes.
The improvement between reading in
the sequential mode with CAD (A, =
0.84, 5 504, = 0.37) and the independent
mode (A, = 0.79, 5404, = 0.21) was
greater than the improvement between
reading in the sequential mode with CAD
(A, = 0.84, ; gpA; = 0.37) and the sequen-
tial mode without CAD (A, = 0.81, ; 504,
= 0.26). However, reading in the sequen-
tial mode with CAD versus the sequential
mode without CAD had higher statistical
significance (P = .001, Student paired ¢
test; P = .001, Dorfman-Berbaum-Metz
method; P < .001, Obuchowski method
for A, difference; P = .001, Student paired
ttest for ; g4, difference) than reading in
the sequential mode with CAD versus the
independent mode (P = .005, Student
paired t test; P = .005, Dorfman-Ber-
baum-Metz method; P = .01, Obu-
chowski method for A, difference; P =
.005, Student paired ¢t test for , A, dif-
ference). This finding may be attributed
to the fact that the correlation between
the scores in the sequential mode with
and without CAD is higher than the cor-
relation between the scores in the inde-
pendent mode and the sequential mode
with CAD. The higher correlation leads
to a smaller variance for the difference
between reading in the sequential mode
with and without CAD and thus a higher
statistical significance in their difference.

Beiden et al (29) analyzed the vari-
ance components of the ROC accuracy
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TABLE 2
Statistical Significance of the Difference in A, Values for the Three Modes
Sequential Sequential Student Dorfman-
Independent  Mode without Mode with Paired t Berbaum-
Comparison Mode A, CAD A, CAD A, Test Metz Method
1 0.79 0.81 Not applicable P = .137 P=.139
2 0.79 Not applicable 0.84 P = .005* P =.005*
3 Not applicable 0.81 0.84 P =.001* P = .001*

* Statistically significant difference at P < .05 level.

TABLE 3

0.90A; Values for the Characterization of Masses in the Three Modes

Radiologist Independent Mode Sequential Mode Sequential Mode
No. 0.90A% without CAD , 4,A. with CAD , 5,4,
1 0.36 £ 0.06 0.36 + 0.06 0.55 = 0.06
2 0.32 +0.07 0.33 £ 0.07 0.43 = 0.07
3 0.13 = 0.05 0.22 = 0.07 0.27 + 0.07
4 0.22 £ 0.06 0.41 £ 0.08 0.61 = 0.06
5 0.15 £ 0.05 0.12 £ 0.04 0.25 = 0.06
6 0.13 = 0.05 0.41 £ 0.07 0.43 £ 0.07
7 0.17 = 0.05 0.20 = 0.06 0.22 = 0.07
8 0.25 = 0.06 0.14 + 0.04 0.17 + 0.05
9 0.12 £ 0.04 0.19 £ 0.06 0.30 = 0.06
10 0.20 £ 0.05 0.20 = 0.05 0.34 = 0.06

sequential mode with CAD.

Note.—Data are the mean + standard deviation. The A, value from the average a and b parameters
was 0.21 for the independent mode, 0.26 for the sequential mode without CAD, and 0.37 for the

TABLE 4
Statistical Significance of the Difference in , 4,4, Values for the Three Modes
Sequential Sequential
Independent Mode without Mode with Student Paired

Comparison Mode , 5,4, CAD 4 504, CAD , 004, t Test

1 0.21 0.26 Not appliéable P=.180

2 0.21 Not applicable 0.37 P = .005*

3 Not applicable 0.26 0.37 P =.001*

* Statistically significant difference at P < .05 level.

measures for comparing independent
versus sequential reading and reached
the conclusion that sequential reading
is expected to achieve higher statistical
significance. Our results appear to be
consistent with this expectation. The
estimation based on the Obuchowski
analysis that accounted for the possible
correlation among the pairs of images
did not change the trend or statistical
significance of the results in compari-
son with those obtained with 253 tem-
poral pairs of images.

The BI-RADS assessments provided by
the radiologists allowed an estimation of
the specific action that the radiologists
would take after evaluating the temporal
pairs of images. Generally, when the ra-
diologists used CAD, they correctly rec-

ommended additional callbacks for ma-
lignant masses but also increased the
callbacks for benign masses. This indi-
cates that the radiologists would increase
their sensitivity but might also reduce
their specificity when they used CAD as
discussed earlier and by Helvie et al (26).
However, when the independent mode is
compared with the sequential mode
without CAD in terms of callback, we
again observe the phenomenon that the
radiologists were influenced by the pres-
ence of the computer. In this case, the
trend is different: On average, the radiol-
ogists had a slight decrease in callbacks
for benign masses and a correct increase
in callbacks for malignant masses when
evaluating in the sequential mode with-
out CAD.
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TABLE 5

Results of the Callback Grouping Based on BI-RADS Assessment for the Three Modes

Sequential Mode with CAD vs
independent Mode

Sequential Mode with CAD vs
Sequential Mode without CAD

Sequential Mode without CAD vs
Independent Mode

Change in
Callbacks for

Change in Callbacks
for Malignant

Change in
Callbacks for

Change in Callbacks
for Malignant

Change in

Change in Callbacks
Callbacks for

for Malignant

Radiologist No. Benign Masses* Massest Benign Masses* Massest Benign Masses* Massest
1 +4 +4 +1 +1 +3 +3
2 -6 +5 0 +2 -6 +3
3 -2 +10 0 +1 -2 +9
4 +10 +7 +11 +3 -1 +4
5 +8 +5 +6 +8 +2 -3
6 -10 +4 +1 0 ~-11 +4
7 -2 +1 +1 0 -3 +1
8 +3 -5 0 0 +3 -5
9 +4 -1 +1 0 +3 -1
10 -2 +2 +3 +4 -5 -2
Total +7 +32 +24 +19 -17 13
Average = SD per
Radiologist +0.7 £ 6.2 +3.2+ 4.2 +2.4 x 3.5 +1.9 £ 2.6 -1.7 =47 +13 x4
Average *+ SD (%)} +0.6 £ 5.3 +2.3 3.0 +2.1 £3.0 +1.4£1.9 -1.5 = 4.1 +0.9 *+ 3.0

Note.—Unless otherwise specified, data are the number of callbacks. SD = standard deviation.
* Positive numbers indicate incorrect increase in callbacks. Negative numbers indicate correct decrease in callbacks.
1 Positive numbers indicate correct increase in caltbacks. Negative numbers indicate incorrect decrease in callbacks.
1 Obtained by dividing the average per radiologist by 115 for benign masses and by 138 for malignant masses.

TABLE 6

Results of the Biopsy Recommendation Grouping Based on BI-RADS Assessment for the Three Modes

Sequential Mode with CAD vs
Independent Mode

Mode without CAD

Sequential Mode with CAD vs Sequential

Sequential Mode without CAD vs
Independent Mode

Change in Biopsy

Change in Biopsy

Change in Biopsy

Change in Biopsy

Change in Biopsy Change in Biopsy

Recommendation Recommendation for Recommendation Recommendation for Recommendation ~Recommendation for
Radiologist No.  for Benign Masses*  Malignant Masses'  for Benign Masses*  Malignant Massest  for Benign Masses*  Malignant Massest
1 +2 +2 -3 ~1 +5 +3
-2 +2 +12 0 +8 +2 +4
3 +3 +6 -1 +2 +4 +4
4 +13 +10 +10 +3 +3 +7
5 -12 +4 -1 +10 -1 -6
6 -1 +11 —4 0 -7 +11
7 -5 +4 +1 0 -6 +4
8 +5 -1 0 +4 +5 -5
9 0 +13 +2 +8 -2 +5
10 -5 +17 +7 +21 -12 —4
Total -8 +78 +11 +55 -19 +23
Average = SD per
Radiologist -0.8*7.6 +7.8 £5.7 +1.1 4.3 +5.5 £ 6.6 -1.9 £ 6.6 +23+*55
Average = SD
(%) -0.7 + 6.6 +5.7 = 4.1 +1.0 3.7 +4.0 + 4.8 -1.7 £5.7 +1.7 £ 4.0

Note.—Unless otherwise specified, data are the number of biopsy recommendations. SD = standard deviation.
* Positive numbers indicate incorrect increase in biopsy recommendation. Negative numbers indicate correct decrease in biopsy recommendation.
T Positive numbers indicate correct increase in biopsy recommendation. Negative numbers indicated incorrect decrease in biopsy recommendation.
1 Obtained by dividing the average per radiologist by 115 for benign masses and by 138 for malignant masses.

Performance based on the estimation
of biopsy recommendations was better
for sequential mode with CAD than for
the other two modes. We observed, on
average, a correct decrease in biopsy rec-
ommendation for benign masses (0.7%,
0.8 of 115) and an increase in biopsy
recommendation for malignant masses
(5.7%, 7.8 of 138) in the sequential mode
with CAD than in the independent
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mode. For sequential mode with CAD
compared with sequential mode without
CAD, the radiologists also achieved, on
average, a correct increase in biopsy rec-
ommendation for malignant masses
(4.0%, 5.5 of 138); however, they also
incorrectly increased biopsy recommen-
dation for benign masses (1.0%, 1.1 of
115). Again, it is possible to conclude
that the radiologists operated in a higher

sensitivity mode when they used CAD. In
this case, they correctly increased, on av-
erage, the recommendation for biopsy of
malignant masses and did not substan-
tially increase the recommendation for
biopsy of benign masses. Note that the
ROC curve for the radiologists’ reading
with CAD is higher than the ROC curves
for reading without CAD. The increase in
sensitivity is therefore not a result of
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changing the operating point along their
ROC curve but an actual increase in their
overall accuracy.

When we compare the independent
mode with the sequential mode without
CAD in terms of biopsy recommenda-
tion, the radiologists were influenced by
the presence of the computer. On aver-
age, the radiologists correctly reduced bi-
opsy recommendation for benign masses
and increased biopsy recommendation
for malignant masses. If the individual
radiologist’s decisions are reviewed, it
can be seen that there are large variations
regarding the effect of CAD. These varia-
tions may be caused by the differences in
the radiologist’s confidence levels in the
CAD system. The positive effect may in-
crease if the accuracy of the computer
classifier is further improved or if the
confidence of the radiologists increases
after they accumulate more experiences
in working with CAD.

The increase in the reading time for the
sequential mode compared with that in
the independent mode is owing to the
fact that in the sequential mode two con-
ditions were evaluated, reading without
CAD followed by reading with CAD;
whereas in the independent mode, only
one condition was evaluated, reading
without CAD. We did not observe corre-
lation between the reading time and the
observer performance results.

We did not observe a specific trend in
the performance of the breast imaging
fellows and the radiologists. This proba-
bly may be explained by the fact that we
included only two imaging fellows,
which was insufficient to show a trend.

There are some limitations of our
study. Ideally, the classifier should be de-
veloped on the basis of an independent
data set and then applied to the data set
used to evaluate the radiologist perfor-
mance. However, we were limited in the
size of the data set with temporal pairs
collected for this study. A split of the data
set would reduce the statistical power of
the study. We used a “leave one case out”
resampling method to develop and test
our classifier with the same data set as
that used for the observer performance
study. The method is well established in
the pattern recognition literature as a sta-
tistically valid technique for estimation
of the classifier performance in an un-
known population. The test scores of the
classifier were presented to the radiolo-
gists in the observer study. Furthermore,
the purpose of this study was not to mea-
sure the absolute performance of the ra-
diologists in comparison with that of the
classifier. Rather, our goal was to demon-
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strate that there is a relative improve-
ment in radiologists’ performance when
they use a computer classifier that has a
reasonable performance as a second
opinion. We believe that the use of a
different data set will not change the
conclusions as long as the computer clas-
sifier has a reasonable performance.

In conclusion, we have performed an
observer study to evaluate the effects of
CAD on radiologists’ characterization of
masses on serial mammograms. The radi-
ologists have significantly (P = .005) im-
proved their performance when reading
with computer aid was compared with
reading without computer aid. Addi-
tional biopsies were correctly recom-
mended for the malignant masses when
reading with computer aid, and some bi-
opsies of benign masses were reduced.
These results suggest that CAD may be
helpful in improving the accuracy of bi-
opsy recommendations. Further studies
are needed to determine if these im-
provements can be realized in clinical
settings, where the prevalence of malig-
nancy is much lower than that in an ob-
server study.

APPENDIX

Features related to texture, morphology,
and spiculation were extracted from each
mass. The texture features were based on
run-length statistics matrices (30). The run-
length statistics matrices were computed
from the images obtained with the rubber-
band-straightening transform (11). The rub-
ber-band-straightening transform maps a
band of pixels surrounding the mass onto
the cartesian plane (a rectangular region).
The texture features were extracted from the
vertical and horizontal gradient-magnitude
images (11). Five texture measures, namely,
short-run emphasis, long-run emphasis,
gray-level nonuniformity, run-length non-
uniformity, and run percentage were ex-
tracted from the vertical and horizontal gra-
dient images in two directions, § = 0° and 0
= 90°, Therefore, for each ROI, a total of 20
features were calculated. The definition of
the feature measures based on run-length
statistics matrices can be found in the liter-
ature (30).

Morphological features were extracted
from . the automatically segmented mass
shape. Five of the morphological features
were based on the normalized radial length,
defined as the euclidean distance from the
object’s centroid to each of its edge pixels,
that is, the radial length, and normalized
relative to the maximum radial length for
the object (15). The following five features
of normalized radial length were extracted:
mean, standard deviation, entropy, area ra-

tio, zero crossing count. In addition, the
perimeter, area, circularity, rectangularity,
contrast, perimeter-to-area ratio, and Fou-
rier descriptor were extracted. The defini-
tions of the morphological features can be
found in the literature (20,31). Three of the
morphological features (perimeter, area,
and perimeter-to-area ratio) are related to
the mass size and thus are feature descrip-
tors of the mass size.

A spiculation measure was defined for
each pixel on the mass border by using the
statistics based on the directions of image
gradients of pixels outside the mass border,
relative to the normal direction to the mass
border. The statistics were determined in a
90° sector centered about the normal at the
border pixel and outside of the mass border
(19,20). The spiculation measure for each
border pixel was normalized to be between
0 and /2, with w/4 indicating a random
orientation of image gradients and larger
values indicating a higher likelihood of
spiculation. Three features were extracted
from the spiculation measure. The first fea-
ture was the average of the spiculation mea-
sure for all pixels on the mass boundary.
The second feature was the percentage of
border pixels with a spiculation measure
larger than w/4. The third feature was the
average of the spiculation measure for pix-
els with a spiculation measure larger than
/4.
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Correlation of information from multiple-view mammograms (e.g., MLO and CC views, bilateral
views, or current and prior mammograms) can improve the performance of breast cancer diagnosis
by radiologists or by computer. The nipple is a reliable and stable landmark on mammograms for
the registration of multiple mammograms. However, accurate identification of nipple location on
mammograms is challenging because of the variations in image quality and in the nipple projec-
tions, resulting in some nipples being nearly invisible on the mammograms. In this study, we
developed a computerized method to automatically identify the nipple location on digitized mam-
mograms. First, the breast boundary was obtained using a gradient-based boundary tracking algo-
rithm, and then the gray level profiles along the inside and outside of the boundary were identified.
A geometric convergence analysis was used to limit the nipple search to a region of the breast
boundary. A two-stage nipple detection method was developed to identify the nipple location using
the gray level information around the nipple, the geometric characteristics of nipple shapes, and the
texture features of glandular tissue or ducts which converge toward the nipple. At the first stage, a
rule-based method was designed to identify the nipple location by detecting significant changes of
intensity along the gray level profiles inside and outside the breast boundary and the changes in the
boundary direction. At the second stage, a texture orientation-field analysis was developed to
estimate the nipple location based on the convergence of the texture pattern of glandular tissue or
ducts towards the nipple. The nipple location was finally determined from the detected nipple
candidates by a rule-based confidence analysis. In this study, 377 and 367 randomly selected
digitized mammograms were used for training and testing the nipple detection algorithm, respec-
tively. Two experienced radiologists identified the nipple locations which were used as the gold
standard. In the training data set, 301 nipples were positively identified and were referred to as
visible nipples. Seventy six nipples could not be positively identified and were referred to as
invisible nipples. The radiologists provided their estimation of the nipple locations in the latter
group for comparison with the computer estimates. The computerized method could detect 89.37%
(269/301) of the visible nipples and 69.74% (53/76) of the invisible nipples within 1 cm of the
gold standard. In the test data set, 298 and 69 of the nipples were classified as visible and invisible,
respectively. 92.28% (275/298) of the visible nipples and 53.62% (37/69) of the invisible nipples
were identified within 1 cm of the gold standard. The results demonstrate that the nipple locations
on digitized mammograms can be accurately detected if they are visible and can be reasonably
estimated if they are invisible. Automated nipple detection will be an important step towards
multiple image analysis for CAD. © 2004 American Association of Physicists in Medicine.
{DOL: 10.1118/1.1800713]

Key words: computer-aided detection, mammography, nipple detection, texture orientation field
analysis

I. INTRODUCTION

Breast cancer is one of the leading causes for cancer mortal-
ity among women.! The most successful method for the early
detection of breast cancer is screening mammography.>® It
has been demonstrated that an effective computer-aided di-
agnosis (CAD) system can provide a second opinion to the
radiologists and improve the accuracy of detection and char-
acterization of mammographic abnormalities, which, in turn,
may reduce unnecessary biopsies. In clinical practice, radi-
ologists routinely use a cranio-caudal (CC) and a mediolat-
eral oblique (MLO) view along with mammograms obtained
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in previous years, for detecting and interpreting breast le-
sions. The multiple views allow for imaging of most of the
breast tissue and increase the chance of the breast lesion to
be detected. Our previous studies have demonstrated that
computerized multiple view analysis could not only improve
breast lesion detection with two-view information fusion,“’5
but also improve malignant and benign lesion characteriza-
tion by interval change analysis.6 Our techniques used the
nipple location, the only reliable landmark on the mammo-
gram, as the reference point for two-view (CC and MLO
views) information fusion and regional registration of tem-
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poral pairs of mammograms of the same view. However, the
nipple location was manually identified on the mammograms
in these studies.

Automated methods for detection of the nipple location
have been reported by Chandrasekhar,” Mendez,® and Yin.
In their methods, the breast boundary was extracted and then
the nipple location was identified by searching for the maxi-
mum and minimum of the gradient changes or average in-
tensity in a small region along the breast boundary. However,
without mentioning the use of a training data set or how to
train the detection program, Chandrasekhar et al. reported
the performance of their method using a very limited data set
of 24 images with 8 CC views and 16 oblique views. For 23
of the images (96%), the root-mean-square error of their de-
tection method was reported to be less than 1 cm at an image
resolution of 400 um X400 um per pixel. Mendez et al.
tested 156 mammograms that included lateral oblique and
CC views. They reported that the average distance between
the detected nipple location and the true position identified
by two radiologists was 13.5 mm. Mendez et al. also tested
Yin’s method using the same 156 mammograms and ob-
tained an average distance of 16.5 mm, while Yin ef al. re-
ported an average distance of 10 mm when tested on 80
mammograms, Neither Mendez ef al. nor Yin et al. reported
whether the nipple was in profile on the images, nor reported
results for both training and test sets.

In a random sample of mammograms, many nipples can-
not be positively identified, even by experienced mammog-
raphy radiologists. Breast boundary-based methods therefore
cannot accurately locate these nipples. For the cases that the
nipple is not readily visible, a radiologist may examine the
patterns of glandular tissue and ducts to find where they con-
verge, and then estimate the nipple location in the convergent
area, However, to our knowledge, no study has been reported
to use texture convergence information for computerized
nipple detection.

Computerized identification of nipple location on digi-
tized mammograms is challenging because of the variations
in image quality and in the nipple projections, especially for
the nipples that are very flat and nearly invisible on the mam-
mograms. In this study, we developed an automated tech-
nique for nipple identification on digitized mammograms
with the information of nipple intensity changes, nipple geo-
metric characteristics, and texture convergence toward
nipple. Automated nipple detection will be the fundamental
step towards the development of a multiple-image CAD sys-
tem using our image registration techniques.

Il. MATERIALS AND METHODS
A. Database

A total of 744 mammograms of 182 patients was used in
our study. A data set consisting of 377 mammograms of 77
patients was used as training data set for development of the
algorithms and 367 mammograms of 105 patients were used
as the test data set. The mammograms were randomly se-
lected from the patient files in the Department of Radiology
at the University of Michigan with approval of the Institu-
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tional Review Board (IRB). The mammograms were ac-
quired with GE mammography systems and were digitized
with a LUMISYS 85 laser film scanner with a pixel size of
50 um X 50 um and 4096 gray levels. The gray levels are
linearly proportional to optical densities (O.D.) from 0.1 to
greater than 3 O.D. units. The nominal O.D. range of the
scanner is 0—4. The full resolution mammograms were first
smoothed with a 16X 16 box filter and subsampled by a
factor of 16, resulting in 800 pwm X 800 um images of ap-
proximately 225 X 300 pixels in size.

The 744 mammograms were randomly divided into a
training and a test data set of 377 and 367 mammograms,
respectively. For each mammogram, the image was first dis-
played on a monitor and visually inspected using windowing
functions. According to the appearance of the nipple profile
projection on the mammograms, the mammograms were
classified into one of two classes: visible nipple class in
which the nipple profiles were clearly projected on the mam-
mogram and positively identifiable, and the invisible nipple
class in which the nipple locations could not be positively
identified. 301 of the 377 training images and 298 of the 367
test images were classified into the visible nipple class, while
the remaining 76 and 69 images in the training and test data
sets, respectively, were classified into the invisible nipple
class.

In each mammogram, the nipple location was identified
by experienced Mammography Quality Standards Act
(MQSA) radiologists. This location was used as the “gold
standard” for training the algorithms and evaluating of the
computer performance. The radiologist visually inspected the
image displayed on a monitor with a graphical user interface
and used the windowing function to enhance the breast
boundary. The radiologist marked the nipple location by us-
ing the cursor. One radiologist estimated the nipple location
for all of the images in the visible nipple class. For the in-
visible nipple class, one radiologist estimated the nipple lo-
cations twice, another radiologist estimated the nipple loca-

tion only once. The “gold standard” was estimated by

averaging the radiologists’ readings. Since the breast bound-
ary is not a straight line, the averages of the x and y coordi-
nates of two points along the breast boundary generally do
not fall on the boundary. An average between two readings
was thus estimated as the intersection between the breast
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boundary and the normal to the midpoint of the line connect-
ing the two readings, as shown in Fig. 1. When the two
readings are not too far apart, this method is very close to
that obtained by finding their midpoint along the breast
boundary. However, this method is less prone to error if the
breast boundary points are noisy. Using this averaging
method, the average point R’ was first estimated from Radi-
ologist 1’s two readings R, and R, then the “gold standard”
was found as the average of point R’ with Radiologist 2’s
reading R,.

B. Breast boundary detection

The detection of breast boundary was the first step in our
computerized nipple detection algorithm. The breast bound-
ary separated the breast from the surrounding background
which included the directly exposed area, the patient identi-
fication information, and lead markers. Computerized analy-
sis was then performed only around the breast region after
boundary detection. The breast boundary was first identified
by a boundary tracking technique. The automated boundary
tracking technique previously developed'®!"! was modified to
improve its performance. The breast boundary was identified
by a gradient-based method as follows. The background of
the image was estimated initially by searching for the largest
background peak from the gray level histogram of the image.
A preliminary edge was found by a horizontal line-by-line
gradient analysis starting from the top to the bottom of the
image. The criterion used in detecting the edge points was
the steepness of the gradient along the horizontal direction.
The steeper the gradient, the greater the likelihood that an
edge existed at that corresponding location. The preliminary
edge served as a guide for a more accurate tracking algo-
rithm that was subsequently applied. The tracking of the
breast boundary started from approximately the middle of
the breast image and moved upward and downward along the
boundary. The direction to search for a new edge point was
guided by the previously tracked edge points. The edge lo-
cation was determined by searching for the maximum gradi-
ent along the gray level profile normal to the tracking direc-
tion. Because the boundary tracking was guided by the
preliminary edge and the previously detected edge points, it
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FiG. 2. (a) A mammogram from our image database;
(b) the image superimposed with the detected breast
boundary.

could steer around the breast boundary and was less prone to
diversion by noise and artifacts. After upward and downward
tracking was finished, the tracked edges were smoothed to
remove noisy fluctuations. A simple linear interpolation was
used to connect the edge points so that a continuous breast
boundary was found. An example of the tracked breast
boundary is shown in Figs. 2(a) and 2(b).

C. Limiting the nipple search region

If the breast is properly positioned for imaging, almost all
the nipples will be located along or close to the breast bound-
ary. Our nipple search was performed within a small window
of 9X 9 pixels along the breast boundary, with the center of
the search window located at the boundary point.

Defining a small search region along the breast boundary
would reduce the chance that jagged breast borders from
noise and artifacts would result in false positive nipple iden-
tification. We designed a geometric convergence analysis to
estimate a nipple search region where the nipple would most
likely be located. In an ideal situation, the nipple was located
close to the boundary, approximately in the middle region of

Fitted
Upper Lin

[

Upper
boundary
-
Floating
Segment Fitted
ton, / Lower L‘ne
Lower _,
boundary ST

FiG. 3. Defining a limited nipple search region by geometric convergence
analysis.
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the breast for CC view and in the lower region for MLO
view. As shown in Fig. 3, in the geometric convergence
analysis, a floating segment containing 20% of boundary
points was first placed at the middle of the breast boundary.
The floating segment separated the boundary into an upper
and a lower boundary segment. Two lines were then fitted to
the boundary points in the upper and lower segments and the
goodness-of-fit of the two lines was estimated by the sum of
squares of the deviations between the fitted line and the
boundary points. The convergence region was finally deter-
mined by moving the floating segment along the boundary
until the deviation of the fitted lines from the breast bound-
ary was minimized. The two fitted lines intersected the ante-
rior region of the breast boundary at two points. The bound-
ary region between these two points was defined as the
nipple search region.

D. Nipple detection
1. Nipple search along breast boundary

After automated breast boundary detection, the breast
boundary was smoothed to reduce small jagged fluctuations.
From our analysis, we observed that there were sudden and
distinct gray level changes in pixels close to the nipple for
most of the mammograms with visible nipples. The direction
of the breast boundary also had a sudden and distinct change
when a convex nipple shape occurred along the breast
boundary. In order to identify the location where these
changes occurred, we constructed two smoothed intensity
curves corresponding to the inner and outer intensity profiles
and the curvature curve along the boundary, as defined in
Eqgs. (1)—(3). The curves were plotted against boundary point
B,, where x=1,...,ng,np represented the total number of
boundary points:

Inner intensity curve:
7

1
C{B)=—2 flk), k € R.,B,  Breast Boundary, (1)
Rii=1
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Outer intensity curve:
13
Co(B,) = n_z f(k), k € Ry, B, € Breast Boundary, (2)
Ok=1

Curvature curve:

np

1 ;
D(B,)= EE d(k), k € Rp,B, € Breast Boundary, (3)

where R;, Ry, and R, were pixels within a 5 X 5 window of
the inner profile, the outer profile, and 5 neighborhood
boundary points, respectively. Each window was centered
laterally at the current boundary point B,. n; ng, and np
represented the number of pixels within each window. f(k)
and d(k) were the gray level of the kth pixel within the win-
dow and the curvature at the kth boundary point, respec-
tively. On the boundary point B,, the first derivative, or the
gradient, was estimated as the tangent 7, to the breast bound-
ary at B,. The curvature at B, was the derivative of the gra-
dient curve,'? which represented the direction change of the
tangent at boundary point B,.

Figure 4 shows the nipple search scheme based on the
boundary features. Nipple search was performed taking into
account three situations in which the nipple exhibited differ-
ent characteristics. First, a nipple shape was projected along
the breast boundary. In the second and third situations, a
nipple intensity profile could be identified inside or outside
of the breast boundary. The details are described below.

Within the limited nipple search region, the first step was
to detect if there was a sudden and distinct change in the
boundary direction, which indicated a convex nipple shape
outside of the boundary. The convex nipple could be detected
by searching for the sharpest peak on the curvature curve.
The peak feature py of every peak along the curve was cal-
culated as the ratio of the peak height to the peak width. The
sharpest peak was identified as the maximum of the peak
features py. If the maximum peak feature pp was larger than
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a predefined threshold, then there was a convex nipple shape
depicted on the boundary. The nipple location was identified
as the peak point, N ;pex, Of the sharpest peak on the curva-
ture curve. The threshold was determined using the training
data set.

If no convex nipple could be found (i.e., no peak feature
larger than the threshold), then the nipple search was per-
formed by searching for obvious intensity changes along the
inner and outer intensity profiles separately. Two peak fea-
tures of the intensity curve were used to detect obvious in-
tensity changes. The first peak feature pp was estimated as
the ratio of the peak height to the peak width. The second
peak feature py was the peak height normalized to the sum
of all the curve heights. If both py and py for a given peak
were larger than the predefined thresholds, then it was an
obvious intensity peak. The thresholds were again deter-
mined using the training data set. The most obvious intensity
change was identified by the maximum py if more than one
obvious intensity peaks were found along the intensity curve.
If obvious intensity changes were found along both the inner
and outer intensity curves, the potential nipple location
Nintensity Was identified at the peak point of the intensity peak
with maximum pg on each curve. If the two maximum in-
tensity peaks located on the inner and outer intensity curves
were very close (defined as within 1 cm in our study), then
the nipple location Njyensiry Was identified to be the average
of these two peak points. The average location was taken as
the intercept of the breast boundary with the normal to the
midpoint of the line connecting the two peak points. If these
two peak points were not close, then the nipple location
Nintensity was determined as the maximum peak on the outer
intensity profile because the outer intensity profile generally
was less affected by structural noises. The nipple candidate
Neonvex OF Nintensity identified by this rule-based method is
referred to as Nipple 1.

Due to the image quality, artifacts, or dense area near the
breast border, the computer may identify a jagged breast
boundary, which would lead to false detection of the nipple.
To reduce the false detections, the identified candidate nipple
location Nygnvex OF Niyensiy Was subjected to a confidence
analysis. If there were several cosinelike peaks of similar
size in the curvature curve or the inner intensity curve, it
indicated that the breast boundary was jagged or there were
dense tissues near the breast boundary, respectively. The con-
fidence of the identified nipple was therefore set to low. The
confidence was also set to low if the candidate nipple loca-
tion Neonvex OF Niptensity Was null because the peak features
were less than the predefined thresholds. In this situation, the
nipple could not be found by the breast-boundary-based
method described above and texture convergence analysis
would be used as described next.

2. Nipple identification using texture
convergence analysis

If the confidence of the rule-based nipple detection was
set to low, a flow field based convergence analysis was ini-
tiated to estimate the nipple location based on the conver-
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gence of texture pattern of glandular tissues or ducts towards
the nipple. The fibroglandular tissues or ducts appeared as
oriented and flowlike textural pattern on the mammograms.
With the assumption that there exists a dominant orientation
at each pixel within a texture pattern, an “orientation image”
can be computed from the gray level mammogram using
least mean squares estimation based on Rao’s optimal
solution.” Let g (u,v) and g,(u,v) represent the gradients at
pixel (#,v) in the image. The gradient magnitude is com-
puted as G,,,v=\/g,2c(u,v)+g§(u,v), and the gradient orienta-
tion is computed as 6, ,=arctan(g,(u,v)/g,(u,v)). Assuming
that the dominant orientation in a N X N local neighborhood

centered at pixel (i,f) is @(i,)), the sum-of-squares S can be
computed as

N N
§=2 2 G, cosX(6,,— $(is), @

u=1l v=1
where S is the sum of the squared gradient magnitudes pro-
jected along a direction ¢(i,j) in this neighborhood. ¢(i,j) is
the dominant orientation if S is the maximum. The maximum

of S with respect to ¢(i,5) can be found by solving the equa-
tion (dS/d¢(i,[))=0,

ds
de(i.))

N N
=22 X G, cos(8,, — ¢li,))sin(B,, — (i.)).

u=1 v=1

®)

Thus, the dominant orientation ¢(i,7) can be estimated as
N N 2 .
] 2u=1 21;:1 G,,sin26,,
N N 2
Eu=l 21;:1 G, c0s20,,

N N
1 2 2y 28:u0)g, (1)
=—tfan

2 3 (&) - g u,v)

Dense breasts generally exhibit more textural structures
than fatty breasts on the mammograms. However, due to the
presence of noise, the estimated local texture orientation may
not always be correct. A low-pass filter can be used to find
the local orientation that varies slowly in the local neighbor-
hood. Before performing low-pass filtering, the orientation
image was converted into a continuous vector field" defined
as follows:

$i.j) = % tan~

(©)

0,(i,7) = cos(24(i, ) (7
and
0,(i,5) =sin(2¢(,)). ()

The low-pass filtering was performed by averaging of
0,(i,j) and ©,(i,) in a local window with a size of 5X5
pixels, yielding O,(i,j) and ®}',(i, 7), tespectively, as the
smoothed continuous vector field. The smoothed local orien-
tation at (i,/) can then be computed as

S @'(m))
0(1,])—2tan (6?1-,5 . 9
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FIG. 5. An example of texture orientation field conver-
gence analysis. (a) Original image superimposed with
the detected breast boundary, (b) texture orientation
field, (c) continuous orientation field O, (d) cosine com-
ponent of continuous field O,, (e) profile of O, identi-

Search area

fied along the breast boundary.

0 100 200 300

d)

(e)

Figure 5 shows an example of a computed orientation
field superimposed on the original mammogram. The nipple
location was indicated by the convergence of the estimated
texture orientation. The following steps were used for the
detection of the convergence of the texture orientation:

(1) Convert the smoothed orientation image into a continu-

ous vector field:'*
Ox(l,j) = COS(O(i’j)) . (10)

Identify the points of O, in the inner profile region and
then average to a 1D profile:

@

1
CouB)=—2, Ok), k € Ry, B, e Breast Boundary,
Bli=1

(11)

where #; is the number of points within the local win-
dow represented by R;. In our study, the size of R; is 5
X 5. For simplicity, the index k is used to identify a
point in R;, replacing the indices (i, ).

Detect the transition point of C,, by searching for the
maximum gradient of Cy, as shown in Fig. 5(e). A large
gradient of the C,, indicated the convergence of the
texture orientation which led to the location of nipple. A
candidate nipple location O, (Nipple2) was found if the
maximum gradient was larger than a predefined thresh-
old 7. The threshold 7; was determined using the train-
ing data set.

3

In addition to the maximum gradient location, another
indication of a nipple candidate is an approximately circular
cluster of pixels with high orientation field strength. Because
some of the nipples exhibited a convex shape, there would be
a bright dot occupying several pixels on the image of orien-
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tation field O as shown in Fig. 5(c). Such bright dot indicated
a candidate nipple, which we will refer to as Nipple3 in the
following discussions. Note that, although the rule-based
method could detect convex nipple location by searching for
the maximum curvature of the breast boundary as described
in Sec. II D 1, the confidence of the identified nipple might
be set to low because of jagged breast boundary. In such a
case, alternative nipple locations would need to be consid-
ered.

3. Determination of the final nipple location

After rule-based nipple detection along the boundary pro-
file, and the convergence analysis using texture orientation
field, three candidate nipple locations were obtained, as de-
scribed above. Nipplel was found by the rule-based method,
Nipple2 was found by the change in the orientation projec-
tion O,, and Nipple3 was found by the orientation field O. If
the confidence of Nipplel was set to high, the final nipple
location was determined by Nipplel. Otherwise, the follow-
ing rules were used to determine the final nipple location:

Situation 1: Both Nipple2 and Nipple3 could be detected
by texture convergence analysis:

(1) If the distances between the three candidate nipples were
all smaller than 0.5 cm (6 pixels), then the final nipple
location was determined by Nipplel.

If the distance between Nipplel and Nipple2 was larger
than 0.5 cm and the distance between Nipplel and
Nipple3 was smaller than 0.5 cm, then the final nipple
location was determined by Nipplel.

If the distance between Nipplel and Nipple3 was larger
than 0.5 cm and the distance between Nipplel and
Nipple2 was smaller than 0.5 cm, then the final nipple
location was determined by Nipplel.

@

3)
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(4) If the distance between Nipple2 and Nipple3 was less
than 0.5 cm but the distances from Nipplel to both
Nipple2 and Nipple3 were larger than 0.5 cm, then the
final nipple location was determined by Nipple3.

(5) If the distances between every two of the three candidate
nipples were larger than 0.5 cm, it indicated that the
confidence of nipple detection using texture conver-
gence analysis was low, then the final nipple location
was determined by Nipplel. However, if Nipple3 was
less than 0.5 cm from the breast boundary, it indicated
that Nipple3 had higher confidence because nipple pro-
jection had a good convex shape, then Nipple3 was de-
termined as the final nipple location.

Situation 2: only Nipple2 could be detected by texture
convergence analysis:

(1) If the distance between Nipple2 and Nipplel was
smaller than 0.5 cm, then the final nipple location was
determined by Nipplel.

(2) If the distance between Nipple2 and Nipplel was larger
than 0.5 cm, then the final nipple location was deter-
mined by Nipple2 if the maximum gradient of the 1D
inner profile C,, of the smoothed continuous orientation
field O was larger than another predefined threshold 7,
(T,>T,); otherwise the final nipple location was deter-
mined by Nipplel. The threshold T, was determined us-
ing the training data set.

Situation 3: only Nipple3 could be detected by texture
convergence analysis:

(1) Similar to Situation 2, if the distance between Nipple3
and Nipplel was smaller than 0.5 cm, then the final
nipple location was determined by Nipplel.

(2) If the distance between Nipple3 and Nipplel was larger
than 0.5 cm then the final nipple location was deter-
mined by Nipple3 if Nipple3 was less than 0.5 ¢cm from
the breast boundary; otherwise the final nipple was de-
termined by Nipplel.

lll. RESULTS
A. Breast boundary tracking

Our breast boundary tracking method was evaluated
quantitatively in a previous study.15 In this study, we applied
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FIG. 6. Typical examples of tracked breast boundary rating: (a) rating as 0; (b) rating as 1+; (c) rating as 1-; (d) rating as 2—; (e) rating as 2+.

the program to 744 mammograms. A qualitative performance
evaluation of the tracked boundary was performed. Each of
the computer tracked breast boundary was rated in three ma-
jor categories and the “true” boundary was judged visually
by an experienced medical physicist. If the boundary was
very close to the true boundary it was rated as 0. Borders
with a large section of local deviations were rated as 1— and
1+, where + and — indicated if the tracked boundary was
outside or inside of the true boundary, respectively. Very
poorly tracked borders or total failures were rated as 2— or
2+, Figure 6 shows typical examples of tracked breast
boundary rating. The boundary shown in Fig. 6(a) is very
closed to the true boundary and rated as 0. The upper section
of the boundary was tracked outside the true boundary as
shown in Fig. 6(b), which was rated as 1+. The lower section
of the boundary was tracked into the breast region as shown
in Fig. 6(c), which was rated as 1—. Figure 6(d) showed a
very poorly tracked boundary that was rated as 2—. Figure
6(e) showed an example of failure in the lower part of the
boundary tracking that tracked along the edge of the x-ray
field and was rated as 2-+. Of the 744 mammograms, 89.78%
(668/744) of the tracked breast boundaries were rated as 0,
9.81% (73/744) were rated as 1+ or 1—, and 0.67% (5/744)
were rated as 2— or 2+, The results showed that the bound-
aries in most of the mammograms in the data set were
tracked very well. Although the boundaries which were rated
as 1— and 1+ had local deviations, they were reasonably
good to be used for nipple identification as discussed in Sec.
Iv.

TaBLE 1. Performance of the automated nipple detection program. The
nipple detection accuracy is quantified as the percentage of images in which
the detected nipple location is within 1 cm to the gold standard.

Rule-based
method

Number of
images

Rule-based method
with texture analysis

Training  Visible 301
set

82.39% (248/301)  89.37% (269/301)

Invisible 76
All 377

65.79% (50/76)
79.05% (298/377)

69.74% (53/76)
85.41% (322/377)

Test set  Visible 298

89.93% (268/298)  92.28% (275/298)

Invisible 69
All 367

47.83% (33/69)
82.02% (301/367)

53.62% (37/69)
85.01% (312/367)




2878

Zhou et al.: Computerized nipple identification on mammograms

2878

140 ' : T
W Training Set: Rule-based Method
120 2 sz Training Set: Final Detection
. Wz Test Set: Rule-based Method
100 - 7 Test Set: Final Detection
80 -

FIG. 7. Histogram of computer detection error (Euclid-

Number of Cases

ean distance from the detected nipple location to the
“gold standard”) for the mammograms in the visible
nipple class.

Computer Detection Error (cm)

B. Nipple identification

Because the diameters of nipples are larger than 1 cm for
most patients, we chose the criterion of correct detection to
be a distance of within 1 cm from the computer detected
nipple location to the gold standard for evaluating the per-
formance of the computerized nipple identification method.
Table I shows the results for computer detected nipple loca-
tion with an error within 1 cm of the gold standard. For the
visible nipple images, the computer identified 89.37%
(269/301) of the nipple location within 1 cm (mean
=0.34 cm) of the gold standard for the training set, and
92.28% (275/298, mean=0.30 cm) of the nipple location
within 1 cm of the gold standard for the test data set. For the
invisible nipple images, the computer detected 69.74%
(53/76, mean=0.24 cm) of the nipple location within 1 cm
of the gold standard for the training data set, and 53.62%
(37/69, mean=0.21 c¢m) of the nipple locations within 1 cm
of the gold standard for the test set. The overall performance
achieved by the computer in nipple detection including all
images with visible or invisible nipple was 85.41%
(322/377) and 85.01% (312/367) for the training and test
data set, respectively.

20

To investigate the usefulness of the texture convergence
analysis for nipple identification, we computed the nipple
detection results without convergence analysis, in other
words, by relying only on Nipplel location identified by the
rule-based method. This results in a simpler detection sys-
tem, because none of the conditions in Sec. IID 3 are ap-
plied. In this situation, 82.39% (248/301) of the visible
nipples and 65.79% (50/76) of the invisible nipples in the
training data set, and 89.93% (268/298) of the visible
nipples and 47.83% (33/69) of the invisible nipples in the
test data set could be identified within 1 cm of the gold stan-
dard by using the rule-based nipple identification method.
The mean errors under these conditions were 0.30 cm,
0.23 cm, 0.28 cm, and 0.18 cm, respectively. For all of the
images including visible and invisible nipples, 79.05%
(298/377) and 82.02% (301/367) of the nipple locations
were identified within 1 cm of the gold standard. The images
with errors larger than 1 cm were mainly caused by noise or
artifacts along the breast boundary. Figures 7 and 8 show the
histograms of the errors for our computerized nipple detec-
tion program for visible and invisible nipples, respectively.
Figures 9 and 10 show the cumulative percentage of images

15
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FiG. 8. Histogram of computer detection error (Euclid-
ean distance from the detected nipple location to the
“gold standard”) for the mammograms in the invisible
nipple class.
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FiG. 9. The cumulative percentage of identified nipples
with a computer detection error (Euclidean distance
] from the detected nipple location to the “gold stan-

dard”) less than or equal to a certain distance for the
visible nipple mammograms.
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of which the identified nipple was within a certain distance
from the gold standard for visible and invisible nipples, re-
spectively. The computer performances at any detection error
threshold can be obtained from these plots.

C. Observer variability for identifying
invisible nipples

For the nipples that could not be positively identified, i.e.,
the invisible nipples, an estimated location was given by the
radiologists based on visual assessment. The average of es-
timated nipple locations of two radiologists was used as the
“gold standard” to reduce the subjective bias between radi-
ologists. For the training set, if Radiologist 1°s first reading,
second reading, and the average of these two readings were
compared to Radiologist 2’s reading, the percentage of im-
ages with an agreement within 1 cm between the two esti-
mated nipple locations was 84% (64/76), 79% (60/76), and
83% (63/76), respectively. If Radiologist 1’s two readings
were compared, the percentage of images with an agreement
within 1 cm was 87% (66/76). However, if Radiologist 1’s
first reading, second reading, the average of these two read-
ings, and Radiologist 2’s reading were compared to the av-
eraged “gold standard,” the percentage of images with an
agreement within 1 cm was 92% (70/76), 91% (69/76),
93% (71/76), and 99% (75/76), respectively. For the test set
under the same conditions, the percentage of images with an
agreement within 1 ¢m was 80% (55/69), 78% (54/69), and
78% (54/69) for the interobserver comparisons, 77%
(53/69) for the intraobserver comparison, and 84% (58/69),
90% (62/69), 93% (64/69), and 96% (66/69) if the two
radiologists’ readings were compared to the averaged “gold
standard.” Figure 11 shows the histogram of intraobserver
variation in marking the nipple locations by Radiologist 1 for
the invisible nipple images in the training and test set.

IV. DISCUSSION

In this study, the resolution of the digitized mammograms
was reduced to 800 um X 800 um for identification of the
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nipple locations both by the radiologists and by the com-
puter. This low resolution was chosen in order to increase the
computational efficiency. To verify that this resolution was
sufficient for nipple identification, we performed a limited
observer study to evaluate the dependence of the nipple vis-
ibility on pixel size. Eight full resolution images (50 um
X 50 um) with invisible nipple (classified at 800 um
X 800 um resolution) and one with a very subtle nipple pro-
file were used. The images were subsampled to 100 wm,
200 pm, 400 um, 600 um, and 800 um pixel size. One ex-
perienced MQSA radiologist who provided the gold standard
described above was asked to visually inspect the nipple lo-
cation on images of pixel size from 800 um down to
100 pm individually. The windowing and zooming functions
were used in the process of inspection. The observer study
indicated that, if a nipple was not visible in a lower resolu-
tion image, for example, 800 um, the nipple still could not

‘be identified confidently by the radiologist on higher resolu-

tion images up to 100 um. This result may be attributed to
the fact that the size of the nipple is generally much larger
than 800 wm X 800 um. The visibility of the nipple is not
limited by the resolution of the image at this pixel size. Most
of the invisible nipples were caused by their nearly flat pro-
files, by the noise along the breast boundary, or by masking
of the nipple behind dense tissue due to improper position-
ing. The smoothing with a box filter reduces the noise which
may actually improve the visibility of objects that are not
resolution-limited. The visibility of the nipples therefore was
not improved by using higher resolution images.

The nipple identification method in this study assumes
that most nipples are projected within 1 cm of the breast
boundary on the mammogram. In our data set, based on ra-
diologist’s marking of nipple locations, we rejected 5 mam-
mograms in which the nipple was located far away from the
breast boundary due to skin folds or improperly positioned
breast for imaging. The cases that contained a big breast
exceeding the film area so that no nipple was projected on
the mammograms were also rejected. Two experienced radi-
ologists provided the gold standard by visually identifying
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FiG. 10. The cumulative percentage of identified
nipples with a computer detection error (Euclidean dis-
tance from the detected nipple location to the “gold

standard”) less than or equal to a certain distance for the
invisible nipple mammograms.
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the nipple location using a computer interface to display and
adjust the contrast and brightness of the image. The nipple
locations were marked by the radiologists at the center of the
projected nipple image regardless of the size of the nipples
which may vary from invisible to a diameter of larger than
1 cm. This means that the error of the computer detected
nipple location from the gold standard mark would be larger
for larger nipples because our computer method identified
the nipple by searching along the breast boundary and the
detected nipple location was marked at the breast boundary.
For the nipples that could not be positively identified, the
nipple location was given by radiologists’ subjective visual
estimation. From the comparison of inter- and intraobserver
variability as described in the Results, it can be seen that
Radiologist 2 had slightly higher agreement with the gold
standard because most of the estimated nipple locations by
Radiologist 2 were located between Radiologist 1’s two
readings. It can also be seen that the agreement between the
two radiologists’ readings and the “gold standard” was
higher for the training set than that for the test set. This is in
agreement with the performance achieved by our computer
program in detecting nipple locations within 1 cm of the

25

gold standard on the invisible nipple images, which was also
higher for the training set (69.74%) than for the test set
(53.62%). These results demonstrate that there were large
variations in estimating the nipple locations for these diffi-
cult cases even by experienced radiologists.

The nipple detection method in this study depends prima-
rily on nipple search along the breast boundary. At this stage,
successful identification of the nipple depends on whether
the breast boundary is tracked correctly. In the 744 mammo-
grams used in our study, 110 nipples failed to be detected
within 1 cm of the gold standard, of which 14.5% (16/110)
of the boundary was rated as 1+ or 1—, and 1.8% (2/110)
was rated as 2+ or 2—. In the 744 mammograms, the bound-
aries were rated as 1+ or 1— in 73 mammograms, 78.1%
(57/73) of these nipples could be identified within 1 cm of
the gold standard. For the 5 mammograms with worst bound-
ary tracking (rated as 2+ or 2—), 60% (3/5) of the nipples
still could be identified within 1 cm of the gold standard.
Without using texture convergence analysis, 68.5% (50/73)
and 60% (3/5) of these nipples were detected within 1 cm of
the gold standard, respectively. It indicates that the nipple
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detection in 7 of the images with boundary rated as 1+ or 1-
failed at the stage of rule-based detection but was successful
at the stage of texture convergence analysis for the mammo-
grams. However, 2 mammograms with boundary rated as
2+ or 2~ could not be correctly identified either by the rule-
based method or by the texture convergence method.

There were large variations in the projected nipple images
on the mammograms. For the nipples that were projected
outside the breast boundary, the nipple should exhibit higher
gray levels than the background pixels outside the boundary.
For these convex nipples, the tracked breast boundary could
depict a nipple shape. The shape depicted on the boundary
was unique if no noise, such as fingerprint or artifacts on the
film, affected the boundary tracking. In such cases,searching
for the nipple shape along the boundary could find a reliable
nipple location. However, some of the convex nipples had
very poor signal-to-noise ratio due to scattered radiation.
These mammograms often also had noisy boundary. Both
factors could lead to false detection and thus large errors
from the gold standard. For the situation when the nipple was
projected inside the breast boundary, the detection was com-
plicated by noise. Most of such noise was due to dense tissue
structures near the breast boundary. Detecting the gray level
changes along the breast boundary could potentially find the
true nipple location. However, the false positives were higher
in images of dense breasts with prominent structured noise.

For the cases that had low confidence in the detected
nipple location by the rule-based method, the computer per-
formed a texture convergence analysis based on the texture
orientation of the dense glandular tissues or ducts near the
nipple region. The texture feature analysis was found to be
useful for improving the accuracy of nipple identification in
this study. With our algorithm, 46.18% (139/301) of the vis-
ible nipples and 77.63% (59/76) of the invisible nipples in
the training data set, and 72.73% (144/298) of the visible
nipples and 89.86% (62/69) of the invisible nipples in the
test data set could not be identified with high confidence by
the rule-based method and the texture feature analysis was
invoked. For these cases that had low confidence in the de-
tection of nipple location by the rule-based method, 84.89%
(118/139) of the visible nipples and 64.00% (38/59) of the
invisible nipples in the training data set, and 85.42%
(123/144) of the visible nipples and 55.00% (34/62) of the
invisible nipples in the test data set could be identified within
1 cm of the gold standard by using the rule-based method in
combination with texture convergence analysis. We applied a
paired t-test to the detection errors on the subset of images
for which the texture convergence analysis was used. The
results indicated that the improvement in the accuracy was
statistically significant for the visible nipple images in the
training set (p < 0.002) and the invisible nipple images in the
test set (p<<0.005), and did not achieve statistical signifi-
cance for the visible nipple images in the test set (p>>0.87)
and the invisible nipple images in the training set (p > 0.68).

In our study, the training and test sets were randomly
selected from patient files. The results showed that, for the
visible nipples, the algorithm performance achieved a higher
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TABLE II. The unpaired t-test result which was used to estimate the statistical
significance of the difference in the algorithm performances between the
training set and the test set. The mean and standard deviation of the detec-
tion accuracy were estimated from the resample training and test data set
using the bootstrap method.

Standard p-value of
Mean  deviation unpaired t-test
Visible nipples  Training set ~ 89.34% 1.87%
Test set 92.36% 1.58% <0.0001
Invisible nipples  Training set  69.99% 5.06%
Test set 54.09% 6.09% <0.0001

accuracy (i.e., percentage of the detected nipples within 1 cm
of the gold standard) in the test set (92.28%) than in the
training set (89.37%). On the other hand, for the invisible
nipples, the detection accuracy was higher in the training set
(69.74%) than in the test set (53.62%). The different trends
in the two nipple groups are most likely caused by sampling
bias such that the visible nipple images in the test set were
by chance somewhat easier to detect than those in the train-
ing set. To estimate the statistical significance of the differ-
ence in the algorithm performances between the training set
and the test set, the bootstrap method was used to resample
the training set 100 times and similarly for the test set. The
mean and the standard deviation of the detection accuracy
were then estimated from the bootstrap samples for the train-
ing set and for the test set. Using these estimated values, the
unpaired t-test showed that the differences in the perfor-
mance of our nipple detection method between the training
set and the test set were statistically significant (p < 0.0001)
for both the visible and the invisible nipple groups. The es-
timated mean and standard deviation of the detection accu-
racy estimated from the resampled training and test sets and

.. the corresponding p-values of the unpaired t-test are shown

in Table II.

Although the performance of our nipple detection method
is reasonable, further improvement in its accuracy is needed.
One possible method may be first determining whether the
breast contains very dense tissues, especially in the region
posterior to the nipple, and weight the confidence of the tex-
ture convergence analysis accordingly. We will pursue this
and other methods to improve the accuracy in future studies.

V. CONCLUSION

Accurate identification of nipple location on mammo-
grams is challenging because of the variations in image qual-
ity and in the nipple projections, especially for the nipples
that are nearly invisible on the mammograms. In this work,
we developed a two-stage computerized nipple identification
method to detect or estimate the nipple location. The results
demonstrate that the visible nipples can be accurately de-
tected by our computerized image analysis method. The
nipple location can be reasonably estimated even if it is in-
visible. Automatic nipple identification will provide the
foundation for multiple image analysis in CAD.
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ROC study of the effect of stereoscopic imaging on assessment
of breast lesions

I. INTRODUCTION
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An observer performance study was conducted to evaluate the usefulness of assessing breast lesion
characteristics with stereomammography. Stereoscopic image pairs of 158 breast biopsy tissue
specimens were acquired with a GE Senographe 2000D full field digital mammography system
using a 1.8X magnification geometry. A phantom-shift method equivalent to a stereo shift angle of
+3° relative to a central axis perpendicular to the detector was used. For each specimen, two pairs
of stereo images were taken at approximately orthogonal orientations. The specimens contained
either a mass, microcalcifications, both, or normal tissue. Based on pathological analysis, 39.9% of
the specimens were found to contain malignancy. The digital specimen radiographs were displayed
on a high resolution MegaScan CRT monitor driven by a DOME stereo display board using
in-house developed software. Five MQSA radiologists participated as observers. Each observer read
the 316 specimen stereo image pairs in a randomized order. For each case, the observer first read
the monoscopic image and entered his/her confidence ratings on the presence of microcalcifications
and/or masses, margin status, BI-RADS assessment, and the likelihood of malignancy. The corre-
sponding stereoscopic images were then displayed on the same monitor and were viewed through
stereoscopic LCD glasses. The observer was free to change the ratings in every category after
stereoscopic reading. The ratings of the observers were analyzed by ROC methodology. For the 5
MQSA radiologists, the average 4, value for estimation of the likelihood of malignancy of the
lesions improved from 0.70 for monoscopic reading to 0.72 (p=0.04) after stereoscopic reading,
and the average 4, value for the presence of microcalcifications improved from 0.95 to 0.96 (p
=0.02). The 4, value for the presence of masses improved from 0.80 to 0.82 after stereoscopic
reading, but the difference fell short of statistical significance (p=0.08). The visual assessment of
margin clearance was found to have very low correlation with microscopic analysis with or without
stereoscopic reading. This study demonstrates the potential of using stereomammography to im-
prove the detection and characterization of mammographic lesions. © 2005 American Association
of Physicists in Medicine. [DOI: 10.1118/1.1870172]

Key words: digital mammography, stereoscopic imaging, specimen radiograph, observer perfor-
mance study, ROC methodology

Getty et al®

indicated that digital stercomammography im-

Mammography is currently the only recommended imaging
technique for breast cancer screening. However, mammo-
graphic sensitivity is often limited by the presence of dense
breast parenchyma.! It has been reported that the false nega-
tive rate of mammography in dense breasts can be as high
as 25%.2° One of the main factors contributing to these
missed cases is the camouflaging effect of the overlapping
structures in the projection x-ray images. With the advent
of high-resolution digital detectors for mammography,
a number of new breast imaging techniques such as
stereomammography, digital tomosynthesis, B-15 and
computed tomography 1613 are being developed in an effort
to alleviate this problem. These techniques attempt to view
the breast in three dimensions (3D) or to slice the breast
volume into thin planes so as to reduce the superposition of
breast tissue structures as imaged in two-dimensional (2D)
projection mammograms. An observer performance study by
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proved the estimate of the probability of malignancy of -
mammographic lesions and allowed the detection of addi-
tional lesions that were obscured on screen-film mammo-
grams, Rafferty et al.”® also demonstrated that digital tomo-
synthesis mammograms could reveal additional lesions
obscured by dense breast tissue and improved visualization
of the margins and spiculations of masses.

Stereoscopic imaging requires acquisition of a left-eye
image and a right-eye image. In conventional film-based
stereoradiography, two film images were obtained by shifting
the x-ray source, along a direction parallel to the image
plane, to the left and the right of the central axis of the
imaging system. When the two film images are placed prop-
erly and viewed so that the left eye sees only the left-eye film
and the right eye sees only the right-eye film, the parallax
between the two images creates the depth perception. Stereo-
scopic imaging was utilized for various types of radiographic

© 2005 Am. Assoc. Phys. Med. 1001
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examinations.”> %> However, it did not receive widespread

acceptance in clinical practice, mainly because of the
doubled film cost and increased patient exposure.26 In addi-
tion, radiologists had to read the stereoradiographs with a
somewhat cumbersome film stereoscope or had to be trained
to read the stereoradiographs without aid using a “cross-
eyed” technique.

In recent years, direct digital detectors have become avail-
able for medical imaging. Stereoradiography may become a
viable approach with digital imaging because there are no
additional film costs. Furthermore, digital detectors have a
linear response, wider dynamic range, and higher contrast
sensitivity than screen-film systems so that good-quality
digital stereo image pairs may be acquired at essentially the
same total radiation dose as that for a conventional single-
projection screen-film image. Maidment ef al.'? found that
human eyes can integrate the noise in the left-eye and right-
eye images such that the detectability of simulated low con-
trast objects on a uniform noisy background in a single im-
age was comparable to that of viewing the left- and right-eye
image pair when the total dose of the latter was about
1.1X of the dose of the single image. Maidment’s experi-
mental design evaluated the efficiency of noise reduction by
binocular summation without utilizing the potential addi-
tional advantage of stereo depth perception in signal detec-
tion. It is likely that this additional advantage would further
reduce the total dose requirements for stereo imaging to the
same as or even lower than those for a single-projection im-
age. Digital stereoscopic images can be viewed more conve-
niently than stereo film radiographs because of the electronic
display. Different methods for displaying digital stereoscopic
images are still being developed. One common method is to
display the left-eye and right-eye images alternately at a very
fast refresh rate on a monitor. The images are viewed with a
pair of special goggles that typically consist of liquid crystal
electronic shutters. The shutters are synchronized with the
display so that the left eye of the reader is allowed to see
only the left-eye image and the right eye is allowed to see
only the right-eye image. For high-resolution medical images
such as mammograms, no commercial stereo display systems
are available at present.

Stereoradiography provides structural information of the
object being viewed in 3D. It has been reported that the
spatial distribution of microcalcifications may be associated
with the malignant or benign nature of the cluster.?”?®
Masses may be better separated from the overlapping fibro-
glandular tissues in stereo than that in a 2D mammogram,
making it easier to visualize the margin characteristics and
determine whether spiculations are present. Therefore, ste-
reomammography has the potential of providing additional
diagnostic information that may improve the characterization
of malignant and benign lesions and reduce unnecessary bi-
opsies.

We are developing stereomammography techniques using
a digital mammography system. In our previous studies, we
examined the effects of stereo shift, geometric magnification,
x-ray exposure, and display zooming on visual depth dis-
crimination of crossing fibrils in stereo phantom imagesf"5 10
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We found that a 2 mm depth discrimination could be
achieved with over 90% accuracy on magnification images.
We also investigated the accuracy of using a calibrated vir-
tual cursor to measure the absolute depth of fibrils in stereo-
scopic images.6’7’11 Our results showed that the average root-
mean-square errors of depth measurements in stereo images
with the virtual cursor ranged from 0.2 to 1.3 mm, depend-
ing on the stereo shift angle and the imaging geometry.
These studies demonstrated that stereoscopic imaging can
provide both qualitative depth discrimination and quantita-
tive measurement of fibrous structures in a breast. In the
present investigation, we conducted an observer performance
study using receiver operating characteristic (ROC) method-
ology to investigate the effects of stereoscopic reading on the
accuracy of detection and characterization of mammographic
lesions using images of biopsied breast tissue specimens.

Il. MATERIALS AND METHODS
A. Data set

Digital stereoscopic image pairs of the breast tissue speci-
mens were acquired with a GE Senographe 2000D full field
digital mammography (FFDM) system. The study was ap-
proved by the Institutional Review Board. The GE system
uses a flat panel digital detector composed of a CsI:T1 scin-
tillator and an amorphous-Si active matrix array. The detec-
tor has a pixel size of 100 um X 100 um and an output gray
level resolution of 14 bits. The raw images are routinely pro-
cessed with GE proprietary software and converted to 12 bit
processed images. We employed a 1.8X magnification ge-
ometry (no grid, 0.15 mm focal spot) and a stereo shift angle
of £3° for imaging the stereoscopic specimen radiographs.

The conventional method for stereoradiography is to
move the x-ray source to the left and the right of the central
ray by a chosen stereo shift angle +6° (or stereo shift dis-
tance +w) for acquiring the left-eye and right-eye images. In
the early days of radiography, it was determined by trial and
error that a total tube shift equal to 10% of the focus-to-film
distance produced satisfactory stereo results?® This is
equivalent to a tube shift of about +£3° (E% tan"1(0.1)). In our
previous studies,*™*!! we also found that +3° would pro-
vide sufficient stereoscopic vision without causing excessive

- eye strain. The FFDM system was not designed for stereo-

scopic imaging. It does not have an electronic or mechanical
lock mechanism to keep the x-ray tube stationary at the ap-
propriate shift angle, nor do the collimator blades adjust to
maintain complete coverage of the detector when the x-ray
tube is shifted. We designed a stereo image acquisition
method for phantoms and specimens in which the object is
shifted instead of the focal spot. As illustrated in Fig. 1, the
exposure geometry for the object relative to the focal spot
when the focal spot is shifted to the left is equivalent to that
when the focal spot is stationary and the object is shifted to
the right by the same distance. Similarly, the geometry when
the focal spot is shifted to the right is equivalent to that when
the focal spot is stationary and the object is shifted to the left.
A small error is caused by the slightly shorter focal-spot-to-
detector distance in the object-shift geometry because the
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FiG. 1. Imaging geometry for acquisition of stercoscopic image pairs in
magnification geometry. Left panel: a conventional “focal-spot shift”
method in which the focal spot is shifted to the left and to the right of the
central ray by a distance w to expose the left-eye and right-eye image. Right
panel: an equivalent “object shift” method in which the object is shifted to
the right and to the left of the central ray by the same distance, w. It can be
seen that the image exposed by the fis.(L) geometry is equivalent to that
exposed by the object (L) geometry. Similarly, the image exposed by the
f.s.(R) geometry is equivalent to that exposed by the object (R) geometry.

x-ray focal spot moves along an arc. This error is estimated
to be less than 0.1% for a £3° stereo angle shift and a ful-
crum of rotation at 46 cm from the focal spot. Using the
geometry of the GE system and the +3° stereo angle shift
used in this study, the object shift distance, w, can be calcu-
lated to be £2.4 cm from the central position. For a given
stereo angle shift, the linear shift distance is the same for
both the contact geometry and the magnification geometry.
The phantom-shift technique was also used in our previous
phantom studies.’ 0.1

To facilitate the shifting of the object in a direction paral-
lel to the chest wall (focal spot shift direction) for the FFDM
system, we built a platform using Lexan plates shown in Fig.
2. The platform has a stationary base that fits on the magni-
fication stand. The object is placed on a sliding plate on top
of the base. The sliding plate can be moved manually be-
tween two guardrails in a direction parallel to the chest wall.
The central position and the left and right shift distances
were marked on the stationary base. The tissue specimens
could therefore be moved to the desired left and right shift
locations easily and precisely. Two fiducial markers (small
metal rings) were affixed to the sliding plate. Their positions
in the images were later used for alignment of the left-eye
and right-eye images of the stereo pairs.

Consecutive biopsied breast tissue samples that were sent
to the radiology department for specimen radiographs were
imaged additionally with the stereoscopic technique if the
FFDM system was available. The specimens were therefore
random samples without selection. Each specimen could
contain microcalcifications, mass, both, or normal tissue.
Some specimens were obtained with ultrasound-guided bi-
opsy of mammographically occult masses. The normal tissue
was usually a result of a second biopsy to excise additional
margins if the first tissue specimen was found to have a close
margin. Two sets of stereo image pairs were acquired of each
sample. These were acquired in approximately orthogonal
orientations, whereby the second set was obtained by rolling
the sample over by approximately 90°, The exposure tech-
niques were manually chosen by mammography technolo-
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FiG. 2. The platform fits on the magnification stand of the FFDM system:
(a) the sliding plate on top of the stationary base at the central position,
marked as 3, (b) the sliding plate was shifted to the left position at 2.4 cm,
marked as 1, and (c) the sliding plate was shifted to the right position at
2.4 cm, marked as 2. The stepwedge phantom shows where the tissue speci-
men would be placed.

gists. The mammography technologists were instructed to
use high dose, identical techniques for the left-eye and right-
eye images. The target/filter combinations were mainly
Mo/Mo with Mo/Rh in some cases. The kilovoltage ranged
from 24 to 27 kVp and the mAs ranged from 40 to 80 mAs,
depending on the thickness of the tissue specimen.

All stereo image pairs were visually inspected for align-
ment and exposure by an experienced physicist. Some

" samples were rejected because of improper shift between the

left-eye and right-eye images or improper exposure. All im-
age pairs with good stereoscopic quality and exposure were
included. This resulted in a total of 316 stereo image pairs
from 158 specimens for the observer experiment. Based on
pathological analysis 39.9% of the chosen samples were
proven to contain malignancy. The lesion types and the num-
ber of lesions of each type for the samples used are listed in
Table I. Examples of stereo image pairs of the tissue speci-

TaBLE L. The lesion types and number of tissue specimens in each type.

Lesion Malignant Benign Total
Mass 21 31 52
Microcalcifications 14 38 52
- Both 24 9 33
No visible mass or 4 17 21
microcalcifications
Total 63 95 158
(39.9%) (60.1%)
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F1G. 3. Examples of stereo image pairs (left-eye image and right-eye image)
of breast tissue specimens: (a) specimen with microcalcifications—invasive
ductual carcinomas, (b) specimen with mass-—invasive ductal carcinomas,
(c) specimen with radial scar and microcalcifications—fibrocystic change,
and (d) specimen with mass——fibrocystic change and fat necrosis.

mens are shown in Fig. 3.

B. Stereo image display

The images were displayed on a stereo workstation that
consists of a MegaScan 8 mega-pixel CRT monitor driven
by a Dome Md8-4820-LS stereoscopic board and a PC. The
monitor was adjusted with a photometer to meet the DICOM
grayscale standards, and the room lights were dimmed to a
very low level during the observer studies. The system can
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FIG. 4. Stereo display workstation composed of a MegaScan 8 mega-pixel
monitor driven by a Dome Md8-4820-LS stereoscopic board and a PC. The
system can display full-field (2300 X 1800 pixels) digital mammograms at a
refresh rate of 120 Hz.

display full-field (2300 X 1800 pixels) digital mammograms
at a refresh rate of 120 Hz. It operates in a page flipping
stereoscopic mode with the left- and right-eye images dis-
played alternately. A pair of CrystalEyes LCD stereoscopic
glasses was used for viewing the stereoscopic images. The
stereo images were displayed with in-house developed soft-
ware that provided functions to shift and align the left-eye
and right-eye images, adjust the contrast and brightness, and
store the selected alignment and windowing settings. The
stereo display workstation is shown in Fig. 4. The physicist
selected and saved the settings for each image pair which
became the default settings when this image pair was dis-
played the next time. The same display conditions could
therefore be used for all radiologists in the observer study.
The radiologist had the option of adjusting the window set-
tings if they deemed it necessary. The software could also
switch the display to show the left-eye image alone or the
right-eye image alone so that the observer could read the
monoscopic image and the stereoscopic images of the same
case sequentially, as designed for the observer experiment
described in the following.

C. Observer performance study

A user interface was designed for the observer experi-
ment. The user interface displayed images sequentially ac-
cording to an input list. Slide bars were provided to record
the observer’s confidence ratings (scale of 1-100) regarding
the presence of a mass, the presence of calcifications, the
likelihood of malignancy of the lesion if present, the likeli-
hood of the margin being clear. The observers were also
asked to provide an assessment of malignancy in terms of the
BI-RADS categories (1=negative, 2=benign, 3=probably
benign, 4=suspicious, 5=highly  suggestive  of
malignancy) 2 and a visual estimate of the margin clearance
(0=positive margin, 1=0-2 mm, 2=2-5 mm, 3=greater
than 5 mm). Five Mammography Quality Standards Act
(MQSA) qualified radiologists participated in the experi-
ment. The experiment was designed to have each observer
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read the 316 specimen images in two sessions. The two
views of each specimen were read independently and were
arranged to be read in the two separate sessions to reduce the
possibility of memorization. It may be noted that this was not
equivalent to using 316 truly independent samples in the
observer experiment. This increased the sample size but the
possible correlation between the two views may cause a
slight underestimation of the variances in the data. The read-
ing sequence was systematically arranged in a counter-
balanced design so that no specific cases were read by all
observers always in the first or the second session. The case
reading order was different for each observer. The observers
first read the left-eye image alone as a monoscopic image
and entered their assessments in all categories. The stereo-
scopic images were then displayed and were read with the
LCD glasses. The observers were free to change their ratings
in every category after reading the stereoscopic images. The
observers were allowed unlimited time to read each case.
They were also free to break the reading sessions into shorter
ones. The radiologists were informed of the fact that the
samples were randomly collected from the biopsied tissue
specimens so that the proportion of malignant and benign
cases would be similar to that in their clinical practice. They
were therefore also aware that some specimens could be
found to be negative for lesions or malignancy by pathologi-
cal analysis.

Before a radiologist was recruited as observer, hé/she un-
derwent a standard Randot Circles Stereo test (Stereo Optical
Co., Inc., Chicago, IL) to evaluate their stereo acuity. The
reader viewed ten sets of circles on the test pattern through
polarized glasses. Each set contained three circles, one of
which would appear to be at a different depth from the others
when viewed stereoscopically. The reader was asked to iden-
tify the circle that stood out in each of the ten sets. All
radiologists participated in our observer performance study
could correctly identify 9 to 10 of the circles, indicating that
their level of stereopsis was at least 30 s of arc at a viewing
distance of 16 in. Prior to reading the test stereo images, the
observer also participated in a training session to become
familiar with the reading task and the user interface.

D. Data analysis

The confidence ratings and the BI-RADS assessments of
the observers were analyzed with the LABMRMC prog:ram.30
The area under the ROC curve, 4,, and the partial area index
above a sensitivity of 0.90, A§°‘9), were used to compare the
performance between monoscopic reading and monoscopic
assisted with stereoscopic reading. The statistical signifi-
cance of the difference in 4, between the two was estimated
by the two-tailed p-value from the LABMRMC program and
the Student’s paired t-test. The average 4, and A§0.9) values
were obtained from the average ROC curve that was derived
from the average slope and intercept parameters of the indi-
vidual readers’ ROC curves. For the classification of malig-
nant and benign lesions, all samples were analyzed together
regardless of the lesion type.
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TABLE II. Performance of radiologists in detecting microcalcifications in the
tissue specimens with monoscopic (single projection) reading and with ad-
ditional stereoscopic reading. The average 4, and Azo.9) were derived from
the average a and b parameters of the individual ROC curves. The improve-
ments in 4, and Ago'g) were both statistically significant with p=0.02 and
p=0.004, respectively.

4, Aios)
Radiologist ~Monoscopic ~ With stereo  Monoscopic ~ With stereo
1 0.97+0.01 0.98+0.01 0.76 0.79
2 0.95+0.01 0.96+0.01 0.58 0.67
3 0.94+0.02 0.95+0.02 0.48 0.55
4 0.94£0.02 0.95+0.01 0.58 0.65
5 0.92+0.02 0.92+0.02 0.30 0.36
Average 0.95 0.96 0.57 0.63

For the analysis of the visual assessment of the margin
status of the specimens in comparison with pathologists’
analysis, we first combined the margin assessments from the
two orthogonal views of the same specimen by taking the
minimum margin clearance seen by the radiologist in the two
views. This simulated the situation in which the radiologist
was allowed to see the margins from the two different pro-
jections and estimated the minimum margin clearance from
all visible borders, as they do in reading specimen radio-
graphs in their routine clinical practice. The correlation of
the radiologists’ assessment of margin clearance with the re-
sult of pathological analysis was evaluated by the Pearson’s
correlation coefficient. Since pathological reports included
margin assessment only for malignant lesions, only this sub-
set of cases was used in the correlation analysis.

lll. RESULTS

The radiologists’ accuracy in detection of microcalcifica-
tions in the specimen by reading a single-projection image in
comparison to that with additional stereoscopic reading is
shown in Table II. In this ROC analysis, all samples with
microcalcifications (malignant and benign) were considered
to be positive cases. The samples with mass alone or without
either mass or microcalcifications were treated as negative
cases with respect to microcalcifications. The detection of
microcalcifications in the small volume of tissue specimens
appeared to be easy with or without stereoscopic reading.
The A, values for the five radiologists ranged from 0.92 to
0.97 with an average of 0.95 for monoscopic reading. Nev-
ertheless, the radiologists still improved their performance
with additional stereoscopic reading, with the 4, values rang-
ing from 0.92 to 0.98 and an average of 0.96. The improve-
ment, although modest, was consistent over all radiologists
{the A, value of Radiologist 5 improved from 0.918 to
0.922). The partial area index Aio'g) values for the radiolo-
gists were also high, ranging from 0.30 to 0.76 with mono-
scopic reading and improved to a range of 0.36 to 0.79 with
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TABLE 1iI. Performance of radiologists in detecting masses in the tissue
specimens with monoscopic (single projection) reading and with additional
stereoscopic reading. The average 4, and A£°‘9) were derived from the aver-
age a and b parameters of the individual ROC curves. The improvements in
A, and A£0.9) both fell short of statistical significance with p=0.08 and p
=0.11, respectively.

4, A io.9)

Radiologist Monoscopic ~ With stereo  Monoscopic ~ With stereo

1 0.83+0.02 0.84+0.02 0.19 0.22

2 0.75+0.03 0.79+0.02 0.11 0.18

3 0.81+0.02 0.82+0.02 0.24 0.28

4 0.83+0.03 0.83+0.03 0.25 0.24

5 0.80+0.03 0.81+0.02 0.16 0.17

Average 0.80 0.82 0.19 0.22

additional stereoscopic reading. The improvements in 4, and
A£0.9) were both statistically significant with p=0.02 for 4,
and p=0.004 for 497

The radiologists’ accuracy in detection of masses with the
two reading conditions is compared in Table III. Similar to
the ROC analysis for microcalcifications, all samples with
masses were considered positive. The samples with micro-
calcifications alone or without either mass or microcalcifica-
tions were considered negative for masses. For monoscopic
reading, the 4, values of the radiologists ranged from 0.75 to
0.83 with an average 4, of 0.80. With additional stereoscopic
reading, the 4, values for four of the five radiologists im-
proved. The 4, ranged from 0.79 to 0.84 and the average A4,
was improved to 0.82. However, the improvements in both
A, and A£°'9) fell short of statistical significance with p
=0.08 and p=0.11, respectively. ’

Table I'V shows the comparison of the radiologists’ assess-
ments of the likelihood of malignancy of the tissue speci-
mens with and without stercoscopic reading. With mono-
scopic reading, the 4, values of the radiologists ranged from
0.65 to 0.74. Their accuracy improved significantly (p
=0.04) with additional stereoscopic reading to the range of

TABLE IV. Performance of radiologists in classification of malignant and
benign lesions in the tissue specimens with monoscopic (single projection)
reading and with additional stereoscopic reading. The average 4, and Aio'g)
were derived from the average a and b parameters of the individual ROC
curves. The improvements in 4, and Aio'g) were both statistically significant
with p=0.04 and p=0.04, respectively.
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0.67 to 0.78 (Fig. 5). The partial area index 4 also im-
proved significantly (p=0.04) from a range of 0.07 to 0.12 to
a range of 0.09 to 0.19.

Table V shows the changes in BI-RADS categories with
stereoscopic reading. Since the BI-RADS assessment of cat-
egories 3 or above indicates the need of call-back for further
evaluation, and categories 4 and 5 indicate a recommenda-
tion for biopsy, we summarized the changes in the BI-RADS
categories across the threshold between categories 1, 2 and 3,
4, 5, and the threshold between categories 1, 2, 3 and 4, 5.
By counting the number of lesions having an increase in the
categories across the threshold as positive and a decrease as
negative, the average number of lesions that had significant
changes in BI-RADS categories over the five radiologists for
the malignant lesions and the benign lesions were calculated.
The results revealed that the radiologists improved their as-
sessments of malignant lesions with stereoscopic reading.
For malignant lesions, the BI-RADIS assessments for an av-
erage of 1.6 lesions (1.6/63=2.5%) per radiologist were
changed from negative or benign to call-back, and an aver-
age of 2.2 lesions (2.2/63=3.5%) per radiologist were
changed from categories 1, 2, and 3 to recommendation for
biopsy. However, for benign lesions there were also in-

~creases in call-back and biopsy recommendations but the

TABLE V. The average number of lesions per radiologist of which the BI-
RADS category was changed after stereoscopic reading. BI-RADS catego-
ries 3 or above represent a call-back and categories 4 or above represent

4, Aio'g) biopsy recommendation. Positive change indicated an increase in the num-
ber of lesions from the lower to the higher categories and negative change
Radiologist Monoscopic ~ With stereo  Monoscopic ~ With stereo indicated a decrease.
1 0.72+0.03 0.74+0.03 0.07 0.09 Average number of lesions per radiologist
2 0.73+0.03 0.78+0.03 0.12 0.19
3 0.74=0.03 0.74+0.03 0.09 0.11 Change in BI-RADS  From categories 1, 2 to  From categories 1, 2, 3
4 0.65+0.03 0.67+0.03 0.10 0.11 assessment categories 3, 4, 5 to categories 4, 5
5 0.68+0.03 0.70+0.03 0.10 0.13
Malignant lesions 1.6 2.2
Average 0.70 0.72 0.10 0.13 Benign lesions 1.2 0.4
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changes were less, with an average of 1.2 (1.2/95=1.3%)
and 0.4 (0.4/95=0.4%) lesions per radiologist for the two
types of changes, respectively.

The correlation coefficients of the radiologists’ assess-
ment of margin clearance with pathological analysis are plot-
ted in Fig. 6. The assessment of margin status visually in
tissue specimens was found to be very unreliable. The cor-
relation coefficients for all radiologists with or without ste-
reoscopic reading were below about 0.3.

IV. DISCUSSION

The purpose of our study was to evaluate the potential
advantages of stereo full-field digital mammography for the
detection and characterization of breast lesions. Because of
the difficulty of collecting a large data set of stereoscopic
whole breast mammograms with lesions, we used stereo
specimen radiographs for this preliminary study. Detection
and characterization of lesions on specimen radiographs is
different from similar tasks on FFDMs. Since the location of
the lesion is confined to a smaller and thinner tissue sample
than the whole breast, specimen radiographs should already
provide superior visibility of lesion characteristics as com-
pared to whole breast mammograms. Therefore, these are
more difficult tasks for achieving improvements in the detec-
tion and characterization of the lesions. Nevertheless, our
results indicate that the additional stereoscopic reading did
improve the visualization of lesions and the accuracy of as-
sessing their malignant or benign characteristics in specimen
radiographs. Although the results cannot be generalized di-
rectly to reading whole breast mammograms, the potential
for information gain and improvement in accuracy with ste-
reoscopic reading have been demonstrated. In a study by
Getty et al® comparing the characterization of mammo-
graphic lesions on film mammograms alone to that with ad-

ditional reading of whole breast stereomammograms, they

observed an improvement in 4, from 0.83 to 0.86. Their
slightly larger improvement in 4, with whole breast mam-
mograms than that obtained in our study appears to corrobo-
rate our expectations.
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The observer performance results indicated that the data
set used in this study was quite difficult even in specimen
radiographs. The mass detection task was challenging even
for experienced radiologists, probably because the samples
contained a variety of abnormal and normal specimens in-
cluding focal densities and mammographically occult masses
that were imaged with ultrasound during the wire localiza-
tion procedure. The characterization of malignant and benign
lesions was also difficult because these lesions had been rec-
ommended for biopsy so that they all appeared to be suspi-
cious to some degree. There were also cases in which the
lesions were partially removed by core biopsy so that the
appearance might not be typical. The variety of cases was
included because the ROC experiment measured the relative
improvement with additional stereoscopic reading for the
given set of samples rather than the absolute performance of
the radiologists in clinical practice.

Breast tissue specimens are routinely radiographed and
read by radiologists to determine primarily if the lesion rec-
ommended for biopsy is included in the specimen and sec-
ondarily if the cancer extends to the margin in lumpectomy
cases. The results are used by the surgeon to determine if
additional excision is needed. The low correlation between
the visual assessment of margin clearance with the patholo-
gists’ report is somewhat unexpected. It therefore indicates
that visual assessment of margin status does not correspond
very well with microscopic analysis. It is likely that the
specimen radiograph is useful for estimating whether the le-
sion is far from the specimen’s boundaries. However, if the
lesion is close to the margin, i.e., within a few millimeters,
specimen radiographs are not capable of showing whether
microscopic amounts of malignant tissues are present at the
boundary.

In this study we used a sequential reading method,
namely, the observer first read with monoscopic viewing and
provided their ratings, and this was immediately followed
with stereoscopic viewing and second ratings. The second
ratings therefore represented diagnostic decisions resulting
from a combination of the information from the conventional
monoscopic reading with that from the additional stereo-
scopic reading. This will likely be the reading mode used if
stereoradiographs are available clinically because the left-eye
and right-eye images are readily available for monoscopic
viewing and because there is no need to trade off any exist-
ing benefits of conventional reading in exchange for the ste-
reoscopic viewing. The radiologists may switch between the
monoscopic and the stereoscopic images to extract comple-
mentary information or to confirm their observations. This
information gain may be obtained without or with a minimal
increase in patient exposure compared with current screen-
film mammographic techniques. Further studies of interest
include comparisons of the detection and characterization of
lesions under the following sequential reading conditions: (1)
monoscopic reading of either the lefi-eye or the right-eye
image alone, (2) monoscopic readings of both the left-eye
and right-eye images by switching back and forth between
the two, and (3) with additional stereoscopic reading of the
image pair. These comparisons will reveal if the slight shift
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in the perspective obtained from monoscopic readings of
both the left-eye and right-eye images will in itself provide
sufficient information to improve the detection and charac-
terization performances or if the additional stereoscopic
reading with depth perception is essential. Another study of
interest is a comparison of monoscopic readings of the two
orthogonal views of the specimens with stereoscopic reading
of one of the views or both views. This study will reveal if
the 3D information obtained from orthogonal views is supe-
rior to that from stereoscopic reading of one of the views or
if additional information can still be gained from stereo-
scopic reading of both views. Likewise, a comparison of
monoscopic readings of CC view and MLO view mammo-
grams to stereoscopic reading of the MLO view mammo-
gram alone or both views will be an interesting study to
evaluate how stereomammography may be implemented in
clinical practice.

To simplify image acquisition and the observer experi-
ment, we used the left-eye image of the stereo pair as the
monoscopic image for reading. Since the stereo shift angle is
only +3°, the difference in projection between an image
taken at the central position (no-shift) and the left-eye (or the
right-eye) image is very small. Each image of the stereo pair
should be very similar to the central image. Furthermore, we
instructed the technologists to use exposure techniques much
higher than those used for a conventional specimen radio-
graph. The use of high dose techniques was intended to ob-
tain monoscopic images of which the image quality would
not be limited by quantum noise. This experimental design
reduces the likelihood that the information gain with stereo-
scopic reading is due to the reduced noise when two mono-
scopic images were integrated into the stereoscopic image.
Although it is difficult to perform a quantitative measure-
ment to prove that this was indeed the case, all monoscopic
images were visually evaluated and only low noise, high
quality images were accepted as case samples for the ob-
server experiment.

We adjusted the display monitor with a photometer to
meet the DICOM grayscale standards. We did not attempt to
take into account the attenuation by the LCD glasses in the
adjustment because there are no DICOM standards for set-
ting up a stereo display at present. The LCD glasses do de-
grade the perceived image quality to some extent, such as a
reduction in brightness and an increase in noise. However,
since the degradation would have a negative impact on ste-
reoscopic reading, one may expect that the advantages of
stereoscopic reading would be even greater than those ob-
served in our study if the degradation could be compensated
for or if better stereoscopic viewing methods (e.g., higher
transmission stereo glasses or no glasses) become available
in the future.

One of the expectations for developing 3D imaging tech-
niques such as stereomammography for screening is to re-
duce recalls. In conventional mammography, many recalls
are caused by superimposition of dense tissue mimicking
masses and insignificant calcifications appearing to be clus-
tered due to a lack of 3D spatial distribution information. In
our study, analysis of the BI-RADS assessments indicates

Medical Physics, Vol. 32, No. 4, April 2005

|

Chan et al.: Effect of stereomammography on assessment of breast lesions

1008

that the increase in detection sensitivity is accompanied by a
slight increase in recalls. It is not known how the reading of
specimen radiographs in a laboratory experiment would
translate to clinical applications. However, the observed im-
provements in the ROC curves indicate that there were true
improvements in the performances of the radiologists with
additional stereoscopic reading and that the radiologists did
not simply relax the decision thresholds along their original
ROC curves, which would also result in an increase in sen-
sitivity and a decrease in specificity. The improvements in
the ROC curves show the promise that, if the radiologists
become more experienced with stereomammography and
more confident in utilizing the additional 3D information for
assessing the lesions, they may be able to adjust their deci-
sion thresholds along the resulting higher ROC curves such
that the sensitivity will be gained without a tradeoff, or even
with an increase, in specificity in comparison to their deci-
sions along the lower ROC curves associated with mono-
scopic reading alone. Further studies will be needed to inves-
tigate if this can be realized and thus lead to a reduction in
recalls.

One limitation of stereoscopic viewing is that human eyes
vary in their stereo acuity, although it is believed that stereo
acuity may improve with training. The radiologists partici-
pated in this study were impressed by the 3D appearance of
the stereoscopic images. The image quality of our stereo dis-
play workstation is excellent without perceivable flicker.
However, some of the radiologists still experienced eye fa-
tigue if the reading time was long. These problems may be
alleviated with a different display method or viewing elec-
tronics as well as improved reader ergonomic factors.

V. CONCLUSION

We have performed an observer performance study using
ROC methodology to evaluate the improvement in mammo-
graphic lesion detection and characterization by stereoscopic
reading. Our results indicated that statistically significant
(two-tailed p < 0.05) improvements were achieved for detec-
tion of microcalcifications and for classification of malignant
and benign lesions. The detection of masses was also im-
proved but the improvement fell short of statistical signifi-
cance. This study demonstrates the potential of using stereo-
mammography to improve the detection and characterization
of mammographic lesions.
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ABSTRACT

Several full-field digital mammography (FFDM) systems have been approved for clinical applications. It is
important to develop a CAD system that can easily be adapted to images acquired by FFDM systems from different
manufacturers. To develop a CAD system that is independent of the FFDM manufacturer’s proprietary preprocessing
methods, we used the raw FFDM image as input and developed a multi-resolution preprocessing scheme for image
enhancement. Our CAD system performed prescreening to identify mass candidates, segmented the suspicious
structures, extracted morphological and texture features, and then classified masses and normal tissue. In this study,
we investigated the use of a two-stage gradient field analysis to identify suspicious masses, and the effectiveness of a
new gradient field feature extracted from each suspicious object for false positive (FP) reduction. A data set of 104
cases with 243 images acquired with a GE FFDM system was collected. Most cases had two mammographic views,
except for 12 cases that had three views and 1 case with only one view. The data set contained 106 masses. The true
locations of the masses were identified by an experienced radiologist. Using free-response receiver operating
characteristic (FROC) analysis, it was found that our CAD system achieved a cased-based sensitivity of 70%, 80%, and
88% at 0.8, 1.3, and 1.7 FP marks/image, respectively. The high performance indicated the usefulness of the new
gradient field analysis method.

Keywords: Computer-aided diagnosis (CAD), Full field digital mammography (FFDM), Gradient field analysis

1. INTRODUCTION

Breast cancer is one of the leading causes of death among American women between 40 to 55 years of age' 2.
It has been regorted that early diagnosis and treatment significantly can improve the chance of survival for patients with
breast cancer’®.  Although mammography is the best available screening tool for detection of breast cancers, studies
indicate that a substantial fraction of breast cancers that are visible upon retrospective analyses of the images are not
detected initially’'>. Computer-aided diagnosis (CAD) is considered to be one of the promising approaches that may
improve the sensitivity of mammography . Computer-aided lesion detection can be used during screening to
reduce oversight of suspicious lesions that warrant further work-up. It has been shown that CAD can improve
radiologists’ detection accuracy significantly 7.

Most of mammographic CAD algorithms developed so far are based on digitized mammograms. In the last
few years, full-field digital mammography (FFDM) technology has advanced rapidly because of the potential of digital
imaging to improve breast cancer detection. Several FFDM systems have become commercially available. We have
developed a CAD system for the detection of masses on digitized mammograms in our previous study'®!, We are
developing a mass detection system for mammograms acquired directly by an FFDM system. In this study, we are
investigating the use of gradient field analysis to improve the performance of our mass detection system for FFDM:s.
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2. MATERIALS AND METHODS

2.1 Materials

The data set we used in this study contained 104 cases with 243 images. All the data were collected with
institutional review board (IRB) approval. The raw mammograms in this data set were acquired with a GE FFDM
system at a pixel size of 100umx100um and 14 bits per pixel. Most of the cases had two mammographic views, the

craniocaudal (CC) view and the mediolateral oblique (MLO) view or the lateral view, except for 12 cases that had three
views and 1 case with only one view. The total number of the masses in this data set is 106, of which 104 were

biopsy-proven and 2 were followed up. The true locations of the masses were identified by an experienced breast
radiologist.

2.2 Methods

Our CAD system consists of five processing steps: 1) preprocessing by using multi-scale enhancement, 2) pre-
screening of mass candidates, 3) identification of suspicious objects, 4) extraction of feature parameters, and 5)
classification between the normal and the abnormal regions by using rule-base and linear discrimination analysis (LDA)
classifiers. The block diagram for the scheme is shown in Figure 1.

FFDMs generally are pre-processed with proprietary methods before being displayed to readers. The image
pre-processing method used depends on the manufacturer of the FFDM system. In an effort to develop a CAD system
that is less dependent on specific FFDM systems, the raw digital images are used as input to our system. A
preprocessing scheme based on a multi-resolution method”® has been developed for image enhancement. This scheme
consists of three steps. First, the boundary of the breast is detected automatically by using Otsu’s method”’. Second,
the Laplacian pyramid is used to decompose the image into multi-scales. A nonlinear weight function is designed to
enhance each high-pass component. Finally, the Gaussian pyramid is used to reconstruct the multi-scales. The block
diagram for the scheme is shown in Figure 2. An example of an original mammogram and the enhanced mammogram
are shown in Figs. 3(a) and 3(b), respectively.

In our previous CAD system developed on digitized screen-film mammograms (SFM), an adaptive density-
weighted contrast enhancement (DWCE) filter'® was developed for prescreening.  Although the DWCE filter using the
gray level information can identify the suspicious location of masses on mammograms with high sensitivity, the
prescreening objects often include a large number of enhanced normal breast structures. In this study, we investigate
the use of a new method that combines gradient field information and gray level information to detect the mass
candidates on the FFDMs. Gradient field information is commonly used in computer vision or other fields to extract
objects or intensity field distributions. Kobatake et al** designed a filter, referred to as an iris filter, to calculate the
convergence of gradient index around each pixel on SFMs which provided shape information for detection of masses.
An extension of the iris filter, referred to as an adaptive ring filter, was developed by Wei et al® for detection of lung
nodules on chest x-ray images. In this study, we have developed a two-stage gradient field analysis method which
does not only use the shape information of masses on mammograms (an extension of the adaptive ring filter) but also

incorporates the gray level information by using a region growing technique in the second stage to refine the gradient
field analysis.

After prescreening, the suspicious objects are identified by using a clustering based region growing method.
Figures 3(c) and 3(d) show the initial detection locations and the grown objects, respectively. For each suspicious
object, eleven morphologic features are extracted and rule-based and linear classifiers are trained to remove the detected
normal structures that are substantially different from breast masses. Global and local multiresolution texture
analysis™*? are performed in each region of interest by using the spatial gray level dependence matrix. A new gradient
field feature is extracted from each suspicious object and added to the feature space for false positive (FP) reduction.
Finally, LDA classification is used to identify potential breast masses. Figure 3(e) shows the final detected objects,

and Figure 3(f) shows the locations of these objects superimposed on the mammogram, respectively. Further details of
this algorithm can be found in the literature'®.
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3. RESULTS

We randomly separated the cases in our data set into two independent equal sized data sets: the training data
set contained 52 cases with 120 images and the test data set contained 52 cases with 123 images, respectively. Both
the mass detection system with DWCE filtering and that with the two-stage gradient field analysis were trained with the
training set, the performance of the two trained systems were compared using the test data set. Our CAD system with
the DWCE filter for prescreening of mass candidates achieved a case-based sensitivity of 70% and 80% at 1.4 and 1.7
FP marks/image, respectively. When the DWCE filter was replaced by the gradient field analysis for prescreening, the
FP marks/image was reduced to 1.0 and 1.4 at the sensitivity of 70% and 80%, respectively. After the addition of the
gradient field feature, the FP was further reduced to 0.8 and 1.3 FP marks/image, respectively, at these sensitivities.
Alternatively, the new method can achieve a case-based sensitivity of 88% at 1.7 FP marks/image. Figures 4 and 5
show the comparison of performance by using image-based FROC and case-based FROC curves, respectively.

4. DISCUSSION AND CONCLUSIONS

Several FFDM systems have been approved for clinical applications. It is important to develop a CAD
system that can easily be adapted to images acquired by FFDM systems from different manufacturers. In this work,
we developed a CAD system that uses the raw FFDMs as the input. Our previous CAD system which was developed
on digitized mammograms was adapted to FFDMs by using a new prescreening method that employed gradient field
analysis and by retraining the processing parameters. A gradient field feature was extracted for further false positive
reduction. The gradient field analysis in combination with the gradient field feature can reduce FPs in mass detection
on FFDMs. It was found that our CAD system achieved a cased-based sensitivity of 70%, 80%, and 88% at 0.8, 1.3,
and 1.7 FP marks/image, respectively. Further study is underway to improve the CAD system using a larger data set.
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Figure 1: The block diagram of CAD algorithm for mass detection on FFDMs.

Figure 2: The block diagram for preprocessing of raw FFDM images by multiscale enhancement.
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(c) Prescreened image

(a) Original image (b) Preprocessed image

(f) Image with detected objecs

(d) Identified suspicious objects (e) Detection result

Figure 3: An example demonstrating the processing steps with our computer-aided mass detection system.
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Figure 4: Image-based FROC curves. DWCE: prescreening using DWCE filter. GFA: prescreening using gradient field analysis.
GFA-Feature: prescreening using gradient field analysis and the addition of the gradient field feature for FP reduction.
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Figure 5: Case-based FROC curves. DWCE: prescreening using DWCE filter. GFA: prescreening using gradient field analysis. GFA-
Feature: prescreening using gradient field analysis and the addition of the gradient field feature for FP reduction.
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ABSTRACT

We have previously evaluated the effects of computer-aided diagnosis (CAD) on radiologists’ characterization
of malignant and benign breast masses in single-view serial mammograms. In this study, we conducted observer
performance experiments with ROC methodology in which the radiologists read the serial mammograms in two-views
(CC and MLO) without and with CAD. 47 temporal pairs of two-view serial mammograms (27 malignant and 20
benign) containing masses were chosen from 39 patient files and digitized. The corresponding masses on each temporal
pair were analyzed by the CAD program. For this data set, the computer classifier achieved a test A, value of 0.90. Five
MQSA radiologists assessed the two-view temporal pairs and provided estimates of the likelihood of malignancy
without and then with CAD. For the five radiologists, the average A, was 0.81 (range: 0.72 — 0.88) without CAD and
improved to 0.88 (range: 0.86 — 0.90) with CAD. The improvement was statistically significant (p=0.038). In
comparison, the test A, value of the computer classifier for single view analysis was 0.87. The average A, of the
radiologists for reading the single view temporal pairs without CAD was 0.78 (range: 0.73 — 0.83) and was improved
significantly (p=0.002) to 0.84 (range: 0.77 — 0.88) with CAD. CAD using interval change analysis can significantly
improve radiologists’ accuracy in classification of masses. Classification based on information from two-views is more
accurate than that based on single view for both the radiologists and the computer classifier. CAD can further improve
radiologists’ performance even in two-view reading.

Keywords: Computer-Aided Diagnosis, Interval Changes, ROC Observer Study, Classification, Mammography,
Malignancy.

1. INTRODUCTION

Mammography is currently the most sensitive method for detecting early breast cancer, and it is also the most
practical screening exam' compared with other breast imaging techniques. However, the specificity of mammography is
relatively low, only 15-30% of suspected breast lesions recommended for biopsy are actually malignant>®. The
unnecessary biopsies increase health care costs and cause patient anxiety and morbidity. If the specificity of
differentiating malignant and benign mammographic lesions can be improved, the efficacy of mammography will be
enhanced. '

One of the important techniques that radiologists use in mammographic interpretation is to compare the current
mammograms of a patient with those obtained in previous years, if available. The interval change information can help
the detection of abnormalities, and identification of malignant breast lesions. It is shown that comparison with prior
mammograms can improve both the sensitivity and specificity in breast cancer diagnosis*®.

* L. H. (correspondence): e-mail:lhadjiski@umich.edu
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In an early investigation, Chan et al’ demonstrated that computer-aided diagnosis (CAD) could improve
significantly radiologists’ detection of subtle mammographic microcalcification in an ROC study, This promising result
stimulated continued development of CAD systems. To date, a number of CAD algorithms have been developed to
detect suspicious masses and microcalcifications and to distinguish malignant and benign lesions on mammograms.
Several ROC studies have shown that CAD systems could improve radiologists’ accuracy in characterization of breast
lesions. It has also been reported that CAD systems can increase the detection of breast cancers on screening
mammograms in clinical practice’?®.

Chan et al’ performed an observer study to evaluate the effects of CAD, designed for characterization of
malignant and benign masses on single view mammograms'®, on radiologists’ diagnostic accuracy. They found that the
radiologists’ accuracy for classification of masses as malignant or benign in terms of the area under the receiver
operating characteristic (ROC) curve (A,) was significantly improved (p=0.022 for one-view reading and 0.007 for two-
view reading) with CAD compared to that without CAD. Huo et al'! also conducted an observer study with 12
radiologists to classify masses on multiple views of mammograms. They also found that the radiologists’ performance
in terms of A, was significantly improved (p=0.001) with computer aid. Jiang et al'? performed an observer study to
evaluate the effect of CAD on radiologists’ classification of microcalcification clusters on mammograms. They found
that with the computer aid the radiologists achieved a statistically significant improvement (p<0.0001).

The CAD systems for lesion classification so far employed information from a single exam'®'*'7. Based on the
experiences of radiologists, it can be expected that even higher accuracy may be achieved if the computer can utilize the
interval change information from multiple exams for classification. We recently'® developed a classification scheme that
combines prior and current information automatically extracted from masses on prior and current mammograms,
respectively. We found that the classifier using the combined prior and current information performed significantly
better (p=0.015) in terms of A, than the classifier using current information alone. Additionally we used the temporal
classifier as a CAD system and studied its effect on radiologists’ performance for characterization. Previously we
studied radiologists’ performance of characterizing malignant and benign masses in single-view serial mammograms
with and without CAD"®, We found a statistically significant improvement (p=0.0003) in the radiologists’
performance when they used CAD compared to their performance without CAD. Since it has been reported that
radiologists have higher detection and classification accuracy in interpretation of two-view mammograms??, it remains
to be shown that CAD can still improve radiologists’ performance for characterization of masses in two-view reading.
The current study investigated the effects of CAD on assisting radiologists in evaluating interval changes in two-view
serial mammograms. To our knowledge, this is the first ROC experiment to evaluate the effects of a computer classifier
using two-view interval change information on radiologists’ diagnosis of breast cancers.

2. MATERIALS AND METHODS
2.1 Data set

We used a set of 47 two-view temporal pairs of mammograms containing biopsy-proven masses on the current
mammograms from our database. The mammograms in the database were digitized consecutively from the patients who
had undergone breast biopsy in our department. The selection criterion used in the current study was that the case had
corresponding CC and MLO serial exams in which a corresponding mass could be identified. The mammograms thus
contained masses covering a range of sizes and conspicuity that will be seen in clinical practice. The data set consisted of
168 mammograms from 39 patients. The mammograms were digitized with a LUMISCAN 85 laser scanner at a pixel
resolution of 50um X 50um and 4096 gray levels. The image matrix size was reduced by averaging every 2 x 2 adjacent

pixels and down-sampled by a factor of 2 to obtain images with a pixel size of 100um X 1004m for analysis by the
computer.

There were 39 biopsy proven masses (21 malignant and 18 benign) in the 39 cases. The 168 mammograms
contained corresponding CC and MLO mammographic views and multiple serial examinations of the masses including
the examination when the biopsy decision was made. By matching masses on the CC and MLO views from two different
examinations, a total of 47 two-view temporal pairs were formed, of which 27 were malignant and 20 benign. Since all
cases in this data set had undergone biopsy, the benign masses in this set could not be distinguished easily from the
malignant ones based on mammographic criteria. For the malignant masses in this data set, the average mass size was
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7.9 mm on the prior mammograms and 11.2 mm on the current mammograms. The corresponding sizes were 9.5mm and
11.3 mm, respectively, for the benign masses.

To simulate a more realistic clinical situation 3 additional two-view temporal pairs containing corresponding
normal structures in the serial mammograms were also included. In this way the radiologist also had to distinguish
mass-mimicking fibroglandular tissue from malignant masses. The temporal pairs had a time interval of 6 to 48 months.
More than 65% of the pairs had a time interval of 12 months.

2.2 Design of classifier for classification of masses in serial mammograms

We previously have developed a novel classification technique that utilizes the current and prior information on
serial mammograms to characterize the masses on single-views. The classification technique has been described in
detail elsewhere'®. A brief description of the method follows. Initially a region of interest (ROI) containing the mass
was defined by a radiologist on both the current and prior mammograms. An automatic segmentation of the mass within
each ROI was performed based on an active contour model #. A set of texture, morphological, and spiculation features
was extracted for each mass.

CcC MLO I ¢
Temporal Temporal npu
Pair Pair
One View One View
LDA Score LDA Score
Average
Two View
Discriminant Output
Score

Figure 1. Block-diagram of the classification method.

The texture features were based on run-length statistics (RLS) matrices®. The RLS matrices were computed
from the images obtained by the rubber band straightening transform (RBST)'. The RBST maps a band of pixels
surrounding the mass onto a rectangular region. Texture measures were extracted from the vertical and horizontal
gradient images derived from the RBST image in two directions'®. For each ROI, a total of 20 RLS features were
calculated. Morphological features were extracted from the automatically segmented mass shape and gray levels™?%,
Spiculation features were extracted by using the statistics of the image gradient direction relative to the normal direction

Proc. of SPIE Vol. 5370 53




to the mass border in a ring of pixels surrounding the mass®™. A total of 35 features (20 RLS, 12 morphological and 3
spiculation) were extracted from each ROI. Additionally, 35 difference features were obtained by subtracting a prior
feature from the corresponding current feature.

A linear discriminant analysis (LDA) classifier was trained and tested using a “leave-one-case-out” resampling
scheme. Stepwise feature selection was employed to select the most effective feature subset in each training cycle. An
average of 7 features were selected for the classification task from the training subsets.

The two-view classifier was designed based on the single-view classifier. The method is summarized in the
flowchart shown in Figure 1. Each two-view temporal pair consisted of the CC and MLO temporal pairs of the same
mass. The single-view scores for the corresponding CC and MLO temporal pairs were averaged to produce a two-view
score

A relative malignancy rating by the computer classifier on a scale of 1 to 10 was provided to the radiologists
for the reading with CAD. The relative malignancy rating was obtained by linearly scaling the classifier output within
the interval between 1 and 10 and then rounding the result to the closest integer. A higher rating corresponded to a
higher likelihood of being malignant. Gaussian functions were fitted to the distributions of the two-view scores of the
malignant and benign samples to obtain a fitted binormal distribution with the classifier’s malignancy ratings scaled to
the range of 1 to 10 (Figure 2). The fitted distribution was displayed on the graphical user interface as a reference when
the radiologist evaluated the cases using CAD.
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Figure 2. Binormal distribution fitted to the histogram.

54  Proc. of SPIE Vol. 56370




2.3 Radiologist’s classification of masses in two-view serial mammograms

The observer study was designed to compare radiologists’ performance on the classification of malignant and
benign breast masses with and without CAD on two-view temporal pairs of mass ROIs. The ROIs extracted from the
current and the prior CC and MLO mammograms containing the corresponding mass were displayed side-by-side on a
display monitor. The observers’ performance was evaluated under two reading conditions — reading with and without
CAD. In the first reading condition, the radiologist read the temporal image pair of the mass without computer aid. In
the second reading condition, the radiologist read the temporal pair with computer classifier’s relative malignancy rating
of the mass displayed on the screen. The observer was asked to provide an estimate of the likelihood of malignancy of
the mass in a 100-point rating scale under each reading condition. Four MQSA radiologists and one breast imaging
fellow participated as observers in this study.

A counter-balanced design was used in arranging the reading orders in different modes and the case orders in
different reading sessions for the observers. This approach would minimize the potential effects such as learning,
fatigue, and memorization on the outcomes of the observer experiments. A graphical user interface was developed for
the purpose of presenting the temporal pairs of mass ROIs to the radiologists and recording their ratings. Each observer
underwent a training session before the actual reading sessions to familiarize them with the performance of the CAD
system and the experimental procedure.

2.4 ROC analysis

The likelihood of malignancy ratings of the individual observers for the two reading conditions were analyzed
by using ROC methodology. A binormal ROC curve was fitted to each observer’s 100-point rating data for each
reading condition by the LABROC program using maximum likelihood estimation. The classification accuracy was
quantified by using the total area under the fitted ROC curve, A,,. The slope and the intercept parameters for the
individual ROC curves were also estimated by the LABROC program. For each reading condition, the average
performance of the radiologists was estimated as the area under an average ROC curve, which was derived from the
average slope and intercept parameters of the 5 individual observer’s ROC curves for that reading condition. The
statistical significance of the difference in A, between the two reading conditions was estimated by the Student’s two-
tailed paired t-test on the 5 pairs of individual observer’s A, values.

3. RESULTS

The evaluation results for the five radiologists are presented in Fig 3 and Fig 4. The computer classifier
achieved a test A, value of 0.90. For the five radiologists the average A, for the likelihood of malignancy was 0.81
(range: 0.72 — 0.88) without CAD and improved to 0.88 (range: 0.86 — 0.90) with CAD (Fig 3). The improvement was
statistically significant (Student’s two-tailed paired t-test, p=0.038). The average ROC curves for the 5 observers when
reading with and without CAD were plotted in Fig.4. In comparison, the test A, value of the computer classifier for
single view analysis was 0.87. The average A, of the radiologists for single view temporal pairs without CAD was 0.78
(range: 0.73 — 0.83) and was improved significantly (Student’s two-tailed paired t-test, p=0.002) to 0.84 (range: 0.77 —
0.88) with CAD.

Both the malignant and benign cases in the data set were recommended for biopsy. It is possible to conclude
that the data set consisted of difficult cases since the radiologists observed change in the benign masses and
recommended biopsy. Each individual A, value for the five radiologists in the evaluation mode without CAD was
smaller than the computer classifier’s A, value. The relatively low accuracy of the radiologists in classifying the masses
can likely be attributed to the fact that the data set was difficult.

Four of the five radiologists improved their accuracy in classification of the malignant and benign masses when
the CAD system was available as a second opinion. The classification accuracy of one radiologist was not changed with
the computer aid. Two-view temporal information compared to the single-view temporal information improved the
radiologists’ accuracy both in the reading with and without use of CAD. However the difference in A, between the two-
view and one-view readings was not statistically significant.
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One radiologist achieved an A, equal to that of the computer classifier under the reading condition with CAD.
We did not observe specific differences between the breast imaging fellow compared to the MQSA radiologists. The
improvement in A, ranged between 0.06 and 0.15.

4. CONCLUSION

We reported the results of an observer ROC study that was performed to evaluate the effects of computer-aided
diagnosis on radiologists’ characterization of masses on serial mammograms. CAD using interval change analysis can
significantly improve radiologists’ accuracy in classification of masses (p=0.038). Classification based on temporal
information from two views is more accurate than that based on single view for both the radiologists and the computer
classifier. CAD can further improve radiologists’ performance even in two-view reading, when the radiologists have
more information to make a decision. These results suggest that CAD may be helpful in improving the radiologists’
accuracy of characterizing malignant and benign mass and thus has a potential to reduce unnecessary biopsies.
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Figure 3. The area under ROC curve, A, for the characterization of masses in 47 two-view pairs of serial
mammograms by 5 radiologists under two reading conditions: without CAD and with CAD. The average A, for the
two reading conditions: no CAD (A,=0.81), with CAD (A,=0.88).
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Figure 4. ROC curves for the reading conditions without CAD and with CAD by the 5 radiologists. The average area
under the ROC curve for the two reading conditions: No CAD (A,=0.81), With CAD (A,=0.88). The difference is
statistically significant (Student paired t-test, p=0.038).

REFERENCES

L. Tabar and P. B. Dean, "The Control of Breast Cancer through Mammography Screening," Radiologic Clincs
of North America 25,961, 1987.

D. B. Kopans, "The positive predictive value of mammography," dmerican Journal of Roentgenology 158, 521-
526, 1991.

D. D. Adler and M. A. Helvie, "Mammographic biopsy recommendations,” Current Opinion in Radiology 4,
123-129, 1992.

L. W. Bassett, B. Shayestehfar, and I. Hirbawi, "Obtaining previous mammograms for comparison: usefullness
and costs," American Journal of Roentgenology 163, 1083-1086, 1994.

E. A. Sickles, "Periodic mammographic follow-up of probably benign lesions: results in 3183 consecutive
cases," Radiology 179, 463-468, 1991.

H. P. Chan, K. Doi, C. J. Vyborny, R. A. Schmidt, C. E. Metz, K. L. Lam, T. Ogura, Y. Wu, and H.
MacMahon, "Improvement in radiologists' detection of clustered microcalcifications on mammograms. The
potential of computer-aided diagnosis," Investigative Radiology 25, 1102-1110, 1990.

M. A. Helvie, L. M. Hadjiiski, E. Makariou, H. P. Chan, N. Petrick, and S. B. Lo, "A Non-Commercial CAD
System for Breast Cancer Detection on Screening Mammograms Achieves High Sensitivity : A Pilot Clinical
Trial," Radiology 225(P), 459, 2002.

Proc. of SPIE Vol. 5370 57




10.

I1.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25,

T. W. Freer and M. J. Ulissey, "Screening mammography with computer-aided detection: Prospective study of
12,860 patients in a community breast center,” Radiology 220, 781-786, 2001.

H.-P. Chan, B. Sahiner, M. A. Helvie, N. Petrick, M. A. Roubidoux, T. E. Wilson, D. D. Adler, C. Paramagul,
J. 8. Newman, and S. S. Gopal, "Improvement of radiologists’ characterization of mammographic masses by
computer-aided diagnosis: an ROC study," Radiology 212, 817-827, 1999.

B. Sahiner, H. P. Chan, N. Petrick, M. A. Helvie, and M. M. Goodsitt, "Computerized characterization of
masses on mammograms: The rubber band straightening transform and texture analysis," Medical Physics 25,
516-526, 1998.

Z. M. Huo, M. L. Giger, C. J. Vyborny, and C. E. Metz, "Breast Cancer: Effectiveness of Computer-aided
Diagnosis - Observer Study with Independent Database of Mammograms," Radiology 224, 560-568, 2002.

Y. Jiang, R. M. Nishikawa, R. A. Schmidt, C. E. Metz, M. L. Giger, and K. Doi, "Improving breast cancer
diagnosis with computer-aided diagnosis,” Academic Radiology 6, 22-33, 1999,

H. P. Chan, B. Sahiner, N. Petrick, M. A. Helvie, K. L. Leung, D. D. Adler, and M. M. Goodsitt,
"Computerized classification of malignant and benign microcalcifications on mammograms: texture analysis
using an artificial neural network,” Physics in Medicine and Biology 42, 549-567, 1997.

Z. M. Huo, M. L. Giger, C. J. Vyborny, D. E. Wolverton, R. A. Schmidt, and K. Doi, "Automated computerized
classification of malignant and benign masses on digitized mammograms," Academic Radiology 5, 155-168,
1998.

J. Kilday, F. Palmieri, and M. D. Fox, "Classifying mammographic lesions using computer-aided image
analysis," IEEE Transactions on Medical Imaging 12, 664-669, 1993,

L. M. Hadjiiski, B. Sahiner, H. P. Chan, N. Petrick, and M. A. Helvie, "Classification of malignant and benign
masses based on hybrid ART2LDA approach," IEEE Transactions on Medical Imaging 18, 1178-1187, 1999.
G. D. Tourassi, M. K. Markey, J. Y. Lo, and C. E. Floyd, "A neural network approach to breast cancer
diagnosis as a constraint satisfaction problem," Medical Physics 28, 804-811, 2001,

L. M. Hadjiiski, B. Sahiner, H. P. Chan, N. Petrick, M. A. Helvie, and M. N. Gurcan, "Analysis of Temporal
Change of Mammographic Features: Computer-Aided Classification of Malignant and Benign Breast Masses,"
Medical Physics 28, 2309-2317, 2001.

L. M. Hadjiiski, H. P. Chan, B. Sahiner, M. A. Helvie, M. Roubidoux, C. Blane, C. Paramagul, N, Petrick, J.
Bailey, K. Klein, et al., "ROC study: Effects of computer-aided diagnosis on radiologists' characterization of
malignant and benign breast masses in temporal pairs of mammograms,” Proc. SPIE Medical Imaging 5032,
94-101, 2003.

L. M. Hadjiiski, H. P. Chan, B. Sahiner, M. A. Helvie, M. Roubidoux, C. Blane, C. Paramagul, N. Petrick, J.
Bailey, K. Klein, et al., "Improvement of Radiologists' Characterization of Malignant and Benign Breast
Masses in Serial Mammograms by Computer-Aided Diagnosis: An ROC Study," Radiology (in press), 2004.

E. Thurfjell, "Mammography screening: One versus two views and independent double reading," Acta
Radiologica 35, 345-50, 1994.

R. Warren, S. Duffy, and S. Bashir, "The value of the second view in screening mammography,” Brifish
Journal of radiology 69, 105-108, 1996.

B. Sahiner, H.-P. Chan, N. Petrick, M. A. Helvie, and L. M. Hadjiiski, "Improvement of mammographic mass
characterization using spiculation measures and morphological features," Medical Physics 28, 1455-1465, 2001.
M. M. Galloway, "Texture classification using gray level run lengths," Computer Graphics and Image
Processing 4, 172-179, 1975.

N. Petrick, H. P. Chan, B. Sahiner, and M. A. Helvie, "Combined adaptive enhancement and region-growing
segmentation of breast masses on digitized mammograms," Medical Physics 26, 1642-1654, 1999.

58 Proc. of SPIE Vol. 5370




