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Abstract 

Breast cancer screening is currently performed by mammography, which is 

limited by overlying anatomy and dense breast tissue. Computer aided detection (CADe) 

systems can serve as a double reader to improve radiologist performance. 

Tomosynthesis is a limited-angle cone-beam x-ray imaging modality that is currently 

being investigated to overcome mammography’s limitations. CADe systems will play a 

crucial role to enhance workflow and performance for breast tomosynthesis. 

The purpose of this work was to develop unique CADe algorithms for breast 

tomosynthesis reconstructed volumes. Unlike traditional CADe algorithms which rely on 

segmentation followed by feature extraction, selection and merging, this dissertation 

instead adopts information theory principles which are more robust. Information theory 

relies entirely on the statistical properties of an image and makes no assumptions about 

underlying distributions and is thus advantageous for smaller datasets such those 

currently used for all tomosynthesis CADe studies.  

The proposed algorithm has two 2 stages (1) initial candidate generation of 

suspicious locations (2) false positive reduction. Images were accrued from 250 human 

subjects. In the first stage, initial suspicious locations were first isolated in the 25 

projection images per subject acquired by the tomosynthesis system. Only these 

suspicious locations were reconstructed to yield 3D Volumes of Interest (VOI). For the 

second stage of the algorithm false positive reduction was then done in three ways: (1) 

using only the central slice of the VOI containing the largest cross-section of the mass, 

(2) using the entire volume, and (3) making decisions on a per slice basis and then 
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combining those decisions using either a linear discriminant or decision fusion. A 92% 

sensitivity was achieved by all three approaches with 4.4 FPs / volume for approach 1, 

3.9 for the second approach and 2.5 for the slice-by-slice based algorithm using decision 

fusion. 

We have therefore developed a novel CADe algorithm for breast tomosynthesis. 

The techniques uses an information theory approach to achieve very high sensitivity for 

cancer detection while effectively minimizing false positives. 
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1. Introduction 

The purpose of this work is to investigate methods for early detection of cancer in 

the new modality of breast tomosynthesis imaging. Various imaging modalities are under 

active research to provide a mammographer with greater information than that available 

on a standard mammogram. This problem is generally approached by trying to provide 

3D information to the mammographer instead of mammography’s 2D images of a 3D 

breast volume. Tomosynthesis aims to do precisely this. Despite the fact that such a 

large volume of data will aid the mammographer in making a more informed decision, it 

is also likely to affect workflow. Reduced throughput in hospitals is not an option with 

mammography as it is employed as a screening mechanism for women in the US. 

Therefore, there is an unmet need for computer aided detection systems in such an 

environment to maintain throughput and also to serve its traditional role of a second 

reader. Computer aided detection (CADe) refers to automated detection and 

presentation of its finding by a learning algorithm for the radiologist to review and to 

potentially act as an aid to the human reader. The proposed research in this document is 

aimed towards meeting this need. An on-going study funded in part by NIH, Siemens 

Medical Solutions, and the Department of Defense provided clinical trial data from an 

investigational breast tomosynthesis prototype. Novel information theoretic approaches 

were investigated to provide robust discrimination between true masses and false 

positive signals among these human subjects. The results demonstrate the promise of 

such a system to aid radiologists in the detection of suspicious breast masses.  
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The following provides a brief preview of the chapters that comprise this 

dissertation. 

Chapter 2: Background and Significance discusses the clinical relevance of this 

project by starting off with an introduction of our new imaging modality, tomosynthesis, 

along with the role we see for computer aided detection in this new imaging paradigm. A 

brief status of commercial 2D CADe products along with current literature on 

tomosynthesis CADe is also provided. Lastly, subsections describe how we compared 

various performance metrics in this proposed research. 

Chapter 3: Computer Aided Diagnosis for Breast Imaging Based Upon 

Radiologist Findings presents a study done wherein the performance of expert and non-

expert radiologists was evaluated in a clinical setting with and without the use of a CADx 

system to aid them. The potential clinical impact of such a system on their performance 

is presented. 

Chapter 4: Computer Aided Detection for Mammography Based Upon 

Automatically Extracted Features presents the work done to develop a CADx system for 

mammographic region of interests using texture of images. These features include the 

well established Gabor and Haralick texture features. These techniques may be 

incorporated into future CADe systems for breast tomosynthesis and other modalities 

Chapter 5: Breast Imaging Prototype and Clinical Trial gives an overview of the 

Siemens prototype breast tomosynthesis device itself. Also, the chapter covers our 

methodology and current status of the human subject data collection for this project.   

Chapter 6: Identification of Initial Suspicious Masses in Breast Tomosynthesis 

goes into the details of the first step towards identification of suspicious regions. This 
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initial set of regions is identified in 2D projection images itself. Specifically, this chapter 

details the filter used to enhance mass like objects via a pattern matching methodology. 

Chapter 7: False Positive Reduction Using Single Tomosynthesis Slices 

describes the featureless CADe algorithm which uses a false positive reduction stage 

that uses a fundamental building block of information theory – mutual information – to 

correctly eliminate false positives and increase system performance. The chapter 

presents results from various schemes employed for the optimization of the false 

positive reduction stage of the featureless CADe algorithm. 

Chapter 8: False Positive Reduction Using 3D Tomosynthesis Volumes extends 

the techniques presented in chapter 7 to by fully 3D. Also explored in this chapter is the 

potential of maximizing performance by making decisions on a per slice basis and then 

combining them to yield a final answer. 

Chapter 9: Summary and Future Work recaps the purpose of this dissertation, 

our conclusions as well as next steps for future research.  
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2. Background and Significance 

2.1 What is Tomosynthesis? 

Digital x-ray tomosynthesis is a limited angle, cone beam computed tomography 

technique for producing slice images using conventional x-ray systems. It is a refinement 

of conventional geometric tomography, which has been known since the 1930s. In 

geometric tomography, the x-ray tube and image receptor move synchronously on 

opposite sides of the patient to produce a plane of structures in sharp focus at the plane 

containing the fulcrum of the motion. The resulting image has blurred out of plane 

structures from above and below the fulcrum plane1. The tomosynthesis device used in 

this study is modified from a commercially available full-field digital mammography 

system, similar to other systems now under investigation in the US and Europe. In this, 

the x-ray tube moves in an arc over the patient’s compressed breast and acquires a 

series of ‘projection images.’ These projection images are similar to low-dose 

mammograms in their appearance. Many aspects of the acquisition including the 

number of projection images acquired, angular spacing and extent of the radial arc of the 

x-ray tube, patient dose, and radiographic technique all remain topics of research 

currently. These projection images are then reconstructed using various reconstruction 

algorithms, such as the filtered back projection algorithm or some type of statistical 

reconstruction algorithm. The best possible reconstruction methodology that will reduce 

artifacts due to the limited angular sampling is also another active area of research. 

These reconstructed slices are presented to the radiologist like a movie that leafs 
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through the various slices of the breasts parallel to the detector plane. Because of the 

limited extent of the acquisition angles, the resultant reconstructed volume has excellent 

in-plane resolution, but poor out-of-plane resolution.  

2.2 Introduction to Computer Aided Detection 

2.2.1 Overview of a Classical Computer Aided Detection System 

Most Computer Aided Detection (CADe) schemes utilize a two-step 

methodology. The first stage often consists of initial candidate generation followed by a 

second stage comprising of False Positive (FP) reduction. A flowchart of such a classic 

CADe scheme is shown in Figure 1. 
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Figure 1: Overview of a classic CADe algorithm 

Initial candidate generation in stage 1 of such a classic CADe algorithm is usually 

comprised of the three steps, (1) Filtration of the images to enhance mass-like objects 

(2) Suspicious region localization (3) Segmentation and Region of Interest (ROI) 

extraction. Stage 1 typically operates at high sensitivity but only moderate specificity, 

resulting in detection of nearly all the target signals but also a large number of False 

Positive (FP) signals. FP reduction in stage 2 of the algorithm often employs three steps 
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as well, (1) Feature extraction from the ROIs by examining shape, size, texture etc. of 

the objects (2) Feature selection to reduce dimensionality and to determine which 

features best masses from non-masses (3) Classification and FP reduction to make the 

final decision for each identified region from stage 1 while keeping FPs as low as 

possible.  

 

2.2.2 Computer Aided Detection for Mammography 

For women in the United States, breast cancer is the second-most deadly type of 

cancer. The American Cancer Society (ACS) estimates that in 2007, breast cancer will 

be diagnosed in 240,510 women, and will kill an estimated 40,460 women2. Survival 

rates are significantly higher when the cancer is detected at an early stage3-5. The 5-year 

survival rate for patients with localized breast cancer is 97%, compared to only 23% for 

patients with distant metastases. Therefore, detecting breast cancer at an early stage is 

critical to patient care2. At present, the most common, and effective early-detection tool 

currently available to clinicians is screening mammography. Despite its success, 

mammography has limitations: approximately 10-30% of breast cancers retrospectively 

visible on the mammograms were missed during initial interpretation6. About 9% of 

palpable cancers will not present themselves in a mammographic examination7. To aid 

mammographers in this difficult task, research has been directed towards developing 

computer-aided detection (CADe) tools for mammograms8-24. These CADe algorithms 

have been shown to operate differently than mammographers, and thus have the ability 

to add a unique viewpoint. Additionally, mammograms are read more accurately when 
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read by more than one mammographer. Unfortunately, having multiple readers is not 

considered in the US to be cost efficient. CADe systems have been demonstrated to 

serve as a reliable, accurate, and efficient second-reader to aid mammographers. One 

study indicated that a commercial CADe system can successfully identify 77% of 

overlooked breast malignancies25, while another demonstrated that routine use of a 

CADe system may increase the number of cancers detected at screening 

mammography up to 20%26. 

 

2.2.3 Computer Aided Detection for Breast Tomosynthesis 

The motivation for tomosynthesis breast imaging is to improve the detection and 

characterization of lesions in breasts by removing the overlapping dense fibroglandular 

tissue. The goal is to provide 3D information at high resolution, comparable dose to 

mammography, and with lower cost and hardware requirements compared to 

alternatives such as breast Computed Tomography or breast Magnetic Resonance. 

Secondarily, since it is likely that the exam can be performed with less compression, it 

will improve patient comfort and thus screening compliance.  

Niklason et al27 evaluated a breast tomosynthesis method using a partial 

isocentric motion through a total tomographic angle of 30-40°. The study showed that 

masses, calcifications, and fibrils of the American College of Radiology phantom were as 

well seen in the tomosynthesis slice image as in a conventional digital projection image, 

except in one case where the tomosynthesis view of a calcification cluster was slightly 

blurrier than in the conventional image (due to the composition of the image from the 
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addition of multiple single projection images). A recent study by Poplack et al28 has 

demonstrated decreased recall rate and superior image quality with use of 

tomosynthesis versus conventional mammography.  

However, with tomosynthesis, instead of the traditional 4 mammography views 

per case, the radiologist must interpret a large volume of data per breast volume. Given 

this constraint, the role of CADe is especially important in breast tomosynthesis. If this 

modality is ever intended to replace mammography as a screening tool, then a CADe 

algorithm that presents the radiologist with initial cues could potentially become 

indispensable to maintain current clinical workflow. In fact, investigators in CT 

colonography have already begun to show that CADe can potentially ease radiologist 

workflow with large 3D datasets29. 

 

2.2.4 Other Modalities for Breast Imaging 

Other modalities such as magnetic resonance imaging (MRI)30-33, ultrasound 

(US)34,35, and computed tomography36-44 among others are also used for breast imaging 

or are undergoing active research with the goal of improving detection of breast lesions 

while reducing unnecessary biopsies, and increasing patient comfort.  

During a MRI procedure, the patient lies prone and both breasts are hanging 

pendant. Because protons are most abundant in water molecules, MRI images show 

differences in water content between various body tissues. Tumors are identified through 

differences in water content and blood flow between tissues. Since malignant tissues 

grow their own blood supply network, they are surrounded by more blood vessels than 
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normal tissues and appear to be brighter on the image. As a result, MRI is especially 

suited to detecting disorders that increase fluid in diseased areas of the body, for 

example, areas affected by tumors, infection and inflammation. MRI has been shown to 

successfully image dense breasts and breast implants. Intravenously injecting 

gadolinium for added contrast increases the sensitivity making small abnormalities more 

visible. However, MRI is a long procedure, has high cost, and often cannot distinguish 

between cancerous and non-cancerous tumor, resulting in decreased specificity, or 

detect calcifications.  

Ultrasound has also shown promise in the diagnosis of breast cancer. Ultrasound 

can often quickly determine if a suspicious area is in fact a benign, fluid-filled cyst or an 

increased density of solid tissue which may require a biopsy to determine if it is 

malignant. However ultrasound does not have good spatial resolution like 

mammography and is limited in its ability to image microcalcifications which are often the 

first indication of breast cancer. Mammography, on the other hand, is excellent at 

imaging calcifications. Additionally, sensitivity of detection decreases in fatty breasts and 

so the success of the imaging procedure is highly operator dependant. Hence ultrasound 

is usually used as a diagnostic adjunct with mammography. 

Dedicated breast CT is an active area of research currently, but it is not yet FDA 

approved for clinical use. The patient lies prone but with just one breast at a time 

hanging pendant. Although breast CT is based upon x-ray radiography like 

mammography, in order to penetrate the uncompressed breast at reasonable dose, the 

beam energy is raised considerably, resulting in much decreased subject contrast. The 

spatial resolution of breast CT is not as high – even state-of-the-art flat-panel x-ray 
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detectors with a high frame rate can only achieve a pixel size of approximately 200 µm. 

Because of the full angular sampling, CT will have isotropic voxels and thus thinner 

reconstructed slices than tomosynthesis, and hence is likely to have less structured 

noise. CT will also have fewer in-plane and out-of-plane artifacts. However, 

tomosynthesis will likely provide better spatial resolution but worse contrast resolution 

than CT and likely provide lower spatial resolution but better contrast resolution than 

mammography of the dense breast. The optimum tradeoff between these parameters for 

clinical cancer detection remains to be studied45. 

 

2.3 Computer Aided Detection vs. Diagnosis 

Computer-aided detection (CADe) refers to automated screening tools which 

localize suspicious regions in an image for a radiologist to consider. As such CADe 

systems are often referred to as the ‘second reader.’ In its current incarnation, a typical 

CADe algorithm marks the location of a suspicious mass or clustered calcifications using 

crosses on the screen. In addition to finding and localizing suspicious regions, statistical 

modeling and machine learning algorithms have also been developed to characterize the 

status or make some recommendation for a lesion already detected by a radiologist or 

CADe system. Thus these computer-aided diagnosis (CADx) tools aim to predict 

whether a lesion is benign or malignant. This work includes several projects relating to 

CADx as well. In practice, CADe and CADx often share similar methodologies and 

complementary goals. 
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2.4 Performance Metrics 

2.4.1 Decision Analysis 

A classification model is a mapping of instances that occur in a given dataset into 

‘diseased’ or ‘non-diseased’ classes. The classifier or diagnosis result is usually a ‘yes’ 

or ‘no’ decision value in which the classifier boundary between classes must be 

determined by a threshold value. For instance we may employ a threshold on a 

classifier’s output to obtain a binary output that determines whether or not a woman has 

a breast mass based on a mammogram or a tomosynthesis scan. Alternatively, for the 

task of diagnosis it can be in a discrete class label indicating one of the classes such as 

malignant or benign. For the task of detection, we structure it as a two-class prediction 

problem or binary classification, in which the outcomes are labeled either as positive (p) 

or negative (n) classes. There are four possible outcomes from a binary classifier. If the 

outcome from a prediction is p and the actual value is also p, then it is called a true 

positive (TP). But if the predicted value is p while the actual value is n then it is said to 

be a false positive (FP). Conversely, a true negative (TN) has occurred when both the 

prediction outcome and the actual value are n. We say that a false negative (FN) has 

occurred when the prediction outcome is n while the actual value is p.  

2.4.2 Receiver Operating Characteristic Analysis 

In signal detection theory, a receiver operating characteristic (ROC) curve is a 

graphical plot of the sensitivity vs. (1 - specificity) for a binary classifier system as its 

discrimination threshold is varied. The ROC can also be represented equivalently by 
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plotting the true positive fraction (TPF) versus the false positive fraction (FPF) where 

TPF describes the actual number of correctly identified truths among all the truths in a 

dataset, while FPF describes the number of incorrect positive results among all the 

negatives in a database. Since the best operating point is where sensitivity equals 1 and 

specificity equals 1, the ideal operating point on the ROC curve is at (0,1) in the upper 

left corner of the ROC curve. This point is also called a perfect classification. A 

completely random guess would give a point along a diagonal line or the so-called line of 

no-discrimination from the left bottom to the top right corners. ROC analysis provides 

tools to select possibly optimal models and to discard suboptimal ones independently 

from the class distribution. 

 

Figure 2: A typical ROC curve 

The x-axis is the FPF and the y-axis is the FPF, while the dashed line is the ‘line 
of no discrimination’ or chance. 
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2.4.3 Free-Response Receiver Operating Characteristic Analysis 

Free-Response Receiver Operating Characteristic or FROC curves46 are plots 

that visually describe the tradeoff between sensitivity and specificity as a single 

parameter is varied, typically a threshold level. Unlike ROC analysis which requires a 

single decision per case or image, FROC analysis allows for the more clinically realistic 

scenario where there may be one or more suspicious lesions per case or image. It has 

its y-axis depicting the sensitivity of the system under study and the x-axis displays the 

false positives per image (FPI). Figure 3 is an example of a typical FROC curve. As with 

ROC analysis, a shift in the FROC curve to the left implies and an improvement in the 

algorithm due to increased specificity at the same sensitivity. If it moves up then it 

implies increased sensitivity at the same specificity, or some combination of the two. 

After a system is optimized completely, a static version of the current implementation of 

a CADe algorithm can be obtained by selecting an ‘operating point’ along the curve that 

gives the desired tradeoff between sensitivity and specificity. One of the drawbacks of an 

FROC curve is that there is no universally accepted procedure for quantitative analysis 

of FROC curves due to the unbounded x-axis. The x-axis is unbounded because an 

unlimited number of regions may be identified as being suspicious on an image under 

investigation. Despite its flaws, it can capture all possible performance levels that a 

system can attain in actual clinical use. Hence, FROC analysis will be employed to 

measure final system performances in this study. 
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Figure 3: Sample FROC curve 

The x-axis is unbounded and represents the false positives per image, while the 
y-axis shows the true positive fraction. 

 

 

2.5 Commercially Available CADe Systems for Mammography 

 Two of the biggest computer-assisted detection (CADe) companies are iCAD 

(Nashua, NH) and Hologic|R2 (Santa Clara, CA). Each company has several thousand 

systems installed worldwide.  

iCAD claims that its mammography CAD systems are able to detect up to 72% of 

actionable missed breast cancers an average of 15 months earlier than screening 

mammography alone. Also it claims47 to have the following performance: 
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(a) Working with community hospital data it reported performances of either 94% with 2 

FPs/ case or 96% with 2.9 FPs/ case while giving the end user the freedom to choose 

the ‘operating point.’  

(b) Working with academic hospital datasets, iCAD offered two performance levels – 

90% sensitivity with 2 FPs/ case or 92% with 2.9 FPs/ case. 

R2 claims48 its product has been shown to increase cancer detection in 

mammograms by anywhere from 7.4% to 19.5%. It reports48 that its products achieve 

98.5% sensitivity for calcifications with 0.74 false-positive marks per case and 85.7% 

sensitivity for masses with 1.32 false-positive marks per case. 

 

2.6 Current State of CADe Algorithms for Tomosynthesis Data 

There have been several published tomosynthesis CADe algorithms in literature 

in the last couple of years. Reiser et al49,50 have modified their 2D algorithms to work 

with the 3D data generated by tomosynthesis. Their training and testing set was the 

same (which likely resulted in optimistic bias in performance), and was comprised of 21 

mass and 15 normal cases. They reported a maximum sensitivity of 90% with 1.5 false 

positives (FP) per breast volume. Chan et al51-53 have combined information from 2D 

projection images with 3D volumes in 100 cases wherein 69 were malignant masses and 

31 were benign. Their algorithm using 2D and 3D information in conjunction attained 

sensitivities of 80% and 90% at an average FP rate of 1.23 and 2.04 per breast 

respectively while using a leave one out cross validation scheme. Palma et al54 have 

presented an algorithm using fuzzy active contours and fuzzy decision trees with a 
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dataset of 23 real lesions. Using a leave-one-out sampling they achieved an error rate of 

9%. Comparable CADe performances for masses has been reported by Peters et al on a 

database of 11 cases and for calcifications by Wheeler et al55-57. Work by Chan et al58 

has also attempted to evaluate CADe performance as a function of number of 

projections and dose. Reiser et al59 have done another important study wherein the 

effect of scan angle and reconstruction algorithm was studied on the performance of a 

model observer. Preliminary studies have been reported by our group individually and 

with collaborations with Siemens as well and were published in the 2006 Proceedings of 

the SPIE60,61. The first preliminary study60 was done using only projection images. This 

reconstruction algorithm independent technique used a false positive reduction scheme 

that used information theory principles. The second study61 was done in collaboration 

with our collaborators in Siemens Inc (Malvern, PA) where we extended their existing 2D 

CADe algorithm to work with tomosynthesis projection images. Our group has also 

presented innovative false positive reduction techniques in Medical Physics resulting in a 

best case performance of 85% with 2.4 FPs / breast volume. 

In this introductory section, we have now summarized the general background 

and significance of the clinical problem, introduced the new imaging modality of breast 

tomosynthesis, compared it to other breast imaging modalities, reviewed the status quo 

of computer-aided detection of breast masses in mammography and tomosynthesis, and 

described the ROC methodology for assessing performance. In the following sections, 

we will present our study that evaluates the clinical impact of CADx in the clinics. 
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3. Computer Aided Diagnosis for Breast Imaging Based Upon 
Radiologist Findings  

 

Although this dissertation focuses on computer-aided detection for breast 

tomosynthesis, we also explored the related areas of computer-aided diagnosis (CADx) 

for mammography and ultrasound, which are the two main modalities for breast cancer 

screening currently. This section presents a study to evaluate the interobserver 

variability of a descriptor-based CADx model in the clinic. This work was a collaboration 

between the author and former Duke University Medical School students Jeff Maxwell 

and Jennifer Nicholas, who were co-supervised by committee members Jay Baker and 

Joseph Lo. A manuscript describing the work in this chapter has been accepted for 

publication in Radiology. 

3.1 CADx in Mammography 

X-ray mammography is the modality of choice for breast cancer screening 

despite its limitations, including decreased sensitivity in dense breasts, high false 

positive rates, and patient discomfort62. According to the DMIST trial, women who are 

recommended for further workup based on mammographic BI-RADS classification only 

have cancer 5% of the time63. Benign biopsies are potentially avoidable and create a 

physical, emotional, and financial burden on patients and the health care system64-70. 

Ultrasound has traditionally been used to differentiate cysts from solid masses, and to 

direct biopsies. Research has been directed at differentiating malignant from benign 
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breast lesions using ultrasound71-75 including CADx studies of ultrasound76-80 for the 

same task.  

CADx is being explored as a way to improve the specificity of breast lesion 

classification without sacrificing sensitivity81-89. A subset of the CADx systems being 

studied uses radiologists’ descriptions of breast lesions to predict biopsy outcomes83-85. 

These computer models place weight on individual descriptors of lesion features using 

the American College of Radiology (ACR) Breast Imaging Reporting and Data System 

(BI-RADS)90 as a standardized lexicon.   

Automated CADx systems have previously shown the potential to assist both 

expert breast imagers and community radiologists with mammographic interpretation91. 

Various groups92-94 have assessed use of expert versus community radiologists, 

however, a BI RADS descriptor-based CADx system like that described here has not 

been tested on community radiologists who often read a smaller volume of 

mammography cases or have fewer years of experience in breast imaging.  Both of 

these characteristics have been associated with increased variability and false-positive 

rates.  A descriptor-based CADx system could be adversely affected by high 

interobserver variability in lesion description.  This type of system would need to be 

robust enough to accurately process inputs from radiologists who are not dedicated 

breast imagers. 

Thus, a study was done to evaluate the interobserver variability in radiologists’ 

descriptions of breast masses for dedicated breast imagers and less experienced 

radiology residents and to determine how any differences in lesion description affect the 

performance of a CADx computer classification system.  
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3.2 Dataset 

IRB Approval / HIPAA 

Institutional review board approval was obtained, and the informed consent 

requirement was waived for the case selection process.  Verbal informed consent was 

required and obtained for all participating radiologist observers. This study was 

compliant with the Health Insurance Portability and Accountability Act. 

 

Case Selection 

Fifty mass lesions were randomly selected as test cases from all breast biopsies 

performed at the participating institution between August and December 2002.  Patient 

age ranged from 18 to 79 with a median age of 45.   Ten of the lesions were malignant 

(20%). 

Craniocaudal and mediolateral mammographic views were provided for each 

case.  Additional diagnostic mammographic views (e.g., spot compression magnification 

view) and prior mammography were provided when available. The finding of interest was 

clearly indicated on each film so that all observers described the same lesion for each 

case.  After the mammographic views were interpreted, sonographic images were 

provided for each lesion, including Doppler imaging when available. 

 

Participating Radiologists and Lesion Description 

Seventeen observers each interpreted all fifty cases individually.  Seven of these 

observers were board-certified radiologists working in a university-based breast imaging 
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center.  At the time of the study all seven of these observers had completed fellowship 

training in breast imaging and had between 3 and 17 years of post-fellowship clinical 

experience (average = 8.6 years).  These radiologists represent breast imagers whose 

time is primarily devoted to the interpretation of mammography and breast ultrasound.  

Ten radiology residents were used as a proxy for community radiologists, 

creating essentially a ‘worst case scenario’ both in total number of breast cases read 

and in total years of radiology experience.  Only 3rd and 4th year residents who had at 

least 4 weeks of prior experience in breast imaging were selected. 

The readers interpreted each case by selecting one descriptor for eleven 

different morphological categories based on the standardized BI-RADS lexicon for 

mammography and ultrasound. This and patient age gave a total of twelve individual 

descriptors for each lesion Table 1. These consisted of four mammography BI-RADS 

features, seven BI-RADS features, and patient age.  The feature selection process will 

be described in the following sections.  
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Table 1: Selected features and associated lesion descriptors 

Using stepwise feature selection, 12 feature categories were selected for 
inclusion in the LDA model, including 5 mammographic features, 5 sonographic features, 

and 2 categories from patient history.  One lesion descriptor was selected by the 
radiologists from each feature category to describe the lesions. 

 
 Feature Category Lesion Descriptors 

Mammographic Features Mass Size  
 Mass Margin No mass 

Circumscribed 
Obscured 
Microlobulated 
Ill-defined / Indistinct 
Spiculated 

 Associated Findings None 
Skin lesion 
Trabecular thickening 
Skin thickening 
Skin Retraction 
Nipple Retraction 
Calcifications 
Architectural Distortion 
Axillary Adenopathy 

 Prior Mammography No priors 
No change 
Qualitative change 
Increase in Ca number 
Increase in mass size 
New lesion 

Sonographic Features Anterior-Posterior Diameter  
 Mass Margin Circumscribed 

Microlobulated 
Indistinct 
Angular 
Spiculated 

 Mass Shape Oval 
Round 
Irregular 

 Mass Orientation Parallel 
Not Parallel 

 Lesion Boundary Abrupt interface 
Echogenic halo 

 Special Features None 
Foreign body 
Mass in or on skin 
Clustered microcysts 
Intramammary lymph 
node 
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Axillary lymph nodes 
Patient History Patient Age  

 Indication for Ultrasound Incidental finding 
Mammographic 
abnormality 
Palpable lesion 
Palpable and 
Mammographic 

 

3.3 CADx Model and Statistical Evaluation 

3.3.1 Predictive Modeling  

The CADx model was based on a linear discriminant analysis (LDA) model 

developed previously in our lab84. For the present study a similar CADx model was 

created using a database of 1005 training cases assembled from all biopsies performed 

between 1999 and 2004 at the participating breast imaging center, for which both 

mammogram and ultrasound images were available. These cases did not overlap with 

the 50 testing cases described above.   Included in this database were 635 (63.2%) 

benign and 370 (36.8%) malignant breast masses.  Patient age ranged from 17 to 92 

with a median age of 50. Each case was viewed and interpreted by one of several 

dedicated breast imagers in the same manner as was described for the 50 test cases. 

These 1005 cases were each described by 35 features. Twelve of these inputs 

described mammographic findings, including parenchyma density, mass shape and 

margin, calcifications, associated findings, and comparison with priors. The twenty 

features used to describe ultrasound findings came from BI-RADS for ultrasound and 

included mass size, other mass descriptors, acoustic features, and the presence or 

absence of calcifications, vascularity, and surrounding tissue effects.  The three 



 

24 

remaining features came from the patients’ medical history.  These were patient age, 

family history of breast cancer, and indication for ultrasound, including whether the mass 

was palpable on physical exam. 

The previous study of this LDA model found that stepwise feature selection did 

not significantly affect lesion classification compared to an LDA based on the entire set 

of features84, hence the present study selected features by stepwise linear discriminant 

analysis using all 1005 training cases, resulting in a final model using only 12 of the 

original 35 features Table 1.   This LDA model was then tested using the 17 observers’ 

descriptions of the 50 testing cases to determine the performance of the model on 

previously unseen cases using lesion descriptions from a wide range of radiologists.   

3.3.2 Statistical Evaluation 

In order to assess interobserver variability among dedicated breast radiologists 

compared to non-dedicated breast imagers, we used the Cohen Kappa (κ) statistic95.  

Cohen’s κ is an estimate of agreement between two or more observers that takes into 

account the possibility of agreement due to chance. Although no absolute scale exists, 

prior reports have suggested that kappa values of .2 or less indicate slight agreement, 

.21-.40 fair, .41-.60 moderate, .61-.80 substantial, and .81-1.00 indicates almost perfect 

agreement between observers96. 

The average Cohen’s κ was calculated based on the descriptions of 11 of the 12 

selected BI-RADS features (all but patient age) for each set of observers.  The 

mammographic features were parenchyma density, mass density, mass shape, and 

mass margin. The sonographic features were echotexture, mass echogenicity, mass 
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shape, mass orientation, mass margin, lesion boundary, and posterior acoustic features.  

The statistical jackknife was used to estimate standard errors and to compute the 

statistical tests of differences for these values. 

To evaluate LDA performance, a receiver operating characteristic or ROC curve 

was constructed by varying the threshold value for a positive test and plotting the 

resulting true positive versus false positive rates. The area under the ROC curve (AUC) 

represents the average specificity over all sensitivities. This study used non-parametric 

methods to estimate AUC. Since high sensitivity is essential for a classification task in 

breast imaging, a more relevant performance measure is the 0.90AUC, which represents 

the average specificity of the model at sensitivities from 90% to 100%.  The performance 

of the CADx system for dedicated breast imagers and residents was characterized by 

comparing the mean AUC and 0.90AUC for each observer group using a 2-tailed 

Student’s t-test.  A p-value of < 0.05 was considered to indicate a significant difference. 

Using the ROC analysis, a threshold CADx output value was determined over the 

training cases which corresponded to a sensitivity of 98%. The training AUC was 0.93. 

By applying this threshold to the 50 test cases it was possible to compare the CADx 

system’s recommendations to biopsy against those of the individual observers.  

Sensitivity, specificity, and Cohen’s Kappa were calculated for these recommendations.  

The statistical jackknife was used to estimate standard errors and to compute the 

statistical test of differences for these values. We thank David Delong, Ph.D., who 

performed many of the statistical analyses described in this subsection. 



 

26 

3.4 Evaluation of Clinical Impact 

Inter Observer Variability 

The Cohen’s kappa comparing dedicated and non-dedicated breast imagers for 

each of the selected BI-RADS categories can be found in Table 2.   In terms of 

mammographic description of the lesions, radiology residents showed greater 

interobserver variability, with corresponding lower kappas, for all four mammographic 

features; parenchyma density, mass density, mass margin, and mass shape.  For each 

of the four features, the difference in kappa reached the level of statistical significance 

(p-values of <0.001 to 0.008). 
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Table 2: Comparison of the inter-observer variability among radiology 
residents and dedicated breast imagers using Cohen's Kappa 

Comparison of average Cohen’s Kappa across both observer groups for 11 selected 
breast lesion descriptors.  Breast imagers had greater agreement in the description of 5 
features, there was no significant difference between groups in description of 5 features, 

and radiology residents had greater interobserver agreement than breast imagers for 
only 1 feature. This supports our assumption that there would be greater interobserver 

variability in lesion description among radiology residents. 
 

 Resident κ 
Breast 
Imager κ 

p-value 

Mammo Mass Margin 0.370 0.569 <0.001 

Mammo Mass Density 0.479 0.654 0.003 

Mammo Mass Shape 0.391 0.522 0.003 

Parenchyma Density 0.505 0.639 0.008 

US Mass Orientation 0.518 0.687 0.013 

US Mass Shape 0.467 0.565 0.061 

US Mass Echo Pattern 0.307 0.212 0.474 

US Posterior  Acoustic Features 0.485 0.453 0.496 

US Echo Texture 0.479 0.439 0.676 

US Lesion Boundary 0.302 0.328 0.795 

US Mass Margin 0.369 0.278 0.026 
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The difference between radiology residents and dedicated breast imagers was 

not as clear-cut for sonographic lesion description.  Residents had greater interobserver 

variability that reached the level of statistical significance in only one sonographic 

category, mass orientation (p = 0.01), although residents’ variability in describing mass 

shape approached statistical significance compared with dedicated breast imagers 

(p=0.06).  For sonographic description of mass margin, residents actually showed less 

interobserver variability (p = 0.03) than the dedicated breast imagers.  For the remaining 

four sonographic categories (mass echo pattern, posterior acoustic features, echo 

texture, and lesion boundary) the difference between residents and breast imagers did 

not reach the level of statistical significance (p-values of 0.06 to 0.80). 

In total, radiology residents had greater interobserver variability than dedicated 

breast imagers in 5 of 11 categories, less interobserver variability in 1 of 11 categories, 

and no statistically significant difference in variability in 5 of 11 categories.  

 

Standalone Performance of the Computer Model 

To select the most predictive features, stepwise linear discriminant analysis was 

used on the 1005 training cases, yielding the twelve features found in Table 1.  The AUC 

for LDA training with these twelve features was 0.93 (Figure 4). Figure 5 depicts the 

frequency of output values for this LDA training models.  



 

29 

 

Figure 4: ROC curve for LDA training model 

Receiver operating characteristic curve for LDA model training using 12 stepwise 
selected features for the 1005 training cases.  The LDA model accurately classified the 
lesions, yielding an AUC of 0.93. 
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Figure 5: Histogram demonstrating frequency of output values of the LDA 
training model 

Histogram demonstrating frequency of output values for LDA training model. Blue bars 
represent lesions that were benign by biopsy, and red bars represent lesions that were 
malignant by biopsy.  In general the LDA model produced lower output values for benign 
lesions and higher output values for malignant lesions resulting in good classification 
performance with an AUC of 0.93. 

 

The CADx model was then tested on 50 test cases using the selected features of 

the 17 observers as inputs. Comparison of the mean AUC and 0.90AUC of the ROC 

curves for each observer group can be found in Table 3.   For radiology residents the 

mean AUC was 0.942 with an 0.90AUC of 0.750.   The mean AUC for dedicated breast 

imagers was 0.961 with an 0.90AUC of 0.839.  Although there was better performance 
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of the CADx system when using inputs from dedicated breast imagers compared with 

inputs from residents (p = 0.11 for AUC and p=0.27 for 0.90AUC ), this difference did not 

reach the level of statistical significance. 

 
Table 3: Comparison of CADx performance between observer groups using 

areas under ROC curve 

Comparison of mean area under the ROC curve and partial area under the ROC 
curve across both observers groups.  There was no statistically significant difference in 

CADx performance between groups. 
 

 CADx with 
Residents’ Inputs 

CADx with Breast 
Imagers Inputs 

p-value 

AUC 0.942 0.961 0.11 

0.90AUC 0.750 0.839 0.27 

 
 

Hypothetical Computer-Aided Diagnosis Performance 

A threshold value was determined for CADx outputs which corresponded to a 

sensitivity of 98% on the training dataset.  This threshold was then applied to the CADx 

outputs for the 50 test cases, where an output value greater than the threshold would, in 

theory, be ‘recommended’ for biopsy.   Sensitivity, specificity, and Cohen’s kappa were 

calculated for radiology residents and dedicated breast imagers with and without the use 

of this hypothetical CADx system Table 4. 
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Table 4: Average performance measures for radiology residents' 

recommendations vs. CADx recommendations 

Average sensitivity, specificity, and Cohen’s kappa for residents alone compared to the 
CADx model using residents’ inputs.  Increases in specificity and interobserver 

agreement were statistically significant. 
 

 Residents' 
Recommendations 

CADx Model with 
Residents’ Inputs 

P-value 

Sensitivity 100% (100/100) 100% (100/100) -- 

Specificity 20% (81/400) 41% (162/400) < 0.01 

Kappa 0.09 0.53 < 0.001 

 
 

Because all fifty of the test cases were lesions that had been previously detected 

and biopsied in the clinical setting, the sensitivity of these lesions is by definition 100%.   

All calculated performance measures must be considered relative to the inherent 

sensitivity of the lesions. 

Without the use of CADx, residents’ recommendations to biopsy yielded 100% 

sensitivity, 20% specificity, and a kappa of 0.09.  Using the resident’s feature selections 

as inputs, the CADx system maintained 100% sensitivity and yielded a specificity of 41% 

and a kappa of 0.53.  The improvement in specificity and kappa reached the level of 

statistical significance (p < 0.01 for both). (Table 4) 

The dedicated breast imagers’ recommendations to biopsy yielded 100% 

sensitivity, a specificity of 34%, and a kappa of 0.20.  CADx recommendations to biopsy 
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based on their descriptions yielded 100% sensitivity, a specificity of 43%, and a kappa of 

0.61.  The improvement in specificity did not reach statistical significance (p=0.16).  

Improvement in kappa was statistically significant (p < 0.001). (Table 5)  

 
Table 5: Average performance measures for dedicated breast imagers' 

recommendations vs. CADx recommendations 

Average sensitivity, specificity, and Cohen’s kappa for breast imagers compared 
to the CADx model using their inputs.  The improvement in specificity was not 

statistically significant.  The increase in interobserver agreement for biopsy 
recommendation was statistically significant. 

 
 

Breast Imagers’ 
Recommendations 

CADx Model with 
Breast Imagers’ 

Inputs 
P-value 

Sensitivity 100%  (70/70) 100%    (70/70) 0.34 

Specificity 34% (95/280) 43% (120/280) 0.16 

Kappa 0.21 0.61 < 0.001 

 

3.5 Discussion 

As a screening tool, X-ray mammography is limited by high false-positive rates, 

leading to a large number of diagnostic work-ups for benign lesions62,63 thus increasing 

the overall cost of breast cancer screening. Because the initial evaluation of breast 

cancer screening commonly falls on radiologists in the community who are not primarily 

breast imagers, CADx systems using the BI-RADS lexicon could be of most benefit to 

these radiologists.  However, these systems are often constructed with inputs from small 

number of dedicated breast imagers at an academic facility.  A robust CADx system 
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could potentially eliminate some of the benign breast biopsies that create a physical, 

emotional, and financial burden on patients and the health care system. 

3.5.1 Inter-Observer Variability 

For the eleven mammographic and sonongraphic features tested, radiology 

residents had greater interobserver variability than dedicated breast imagers for five 

features, while the opposite was true for only one of the eleven features.   These results 

support the conjecture that there would be greater interobserver variability in CADx 

inputs for this group of radiology residents compared to this group of dedicated breast 

imagers. 

In a recent article by Lazarus et al, kappa values were reported for 10 of the 11 

morphologic features tested here97.  That previous study consisted of 5 experienced 

breast imagers describing 94 lesions using the BI-RADS lexicon.  Of the ten radiologic 

features described in both studies, kappa values for dedicated breast imagers in the 

previous study fell within ±0.1 of the kappa values reported here for all but three 

features.  The three features that fell outside of this range were mammographic mass 

density (κ = 0.65 versus 0.18 for the current and previous studies, respectively), US 

lesion boundary (κ = 0.33 versus 0.69), and US mass margin (κ = 0.28 versus 0.40). 

It must be noted that both residents and breast imagers showed very little 

agreement as to which lesions should be biopsied (κ = 0.09 for residents, κ = 0.21 for 

breast imagers).  A study by Elmore et al98 reported a κ of 0.47 for 10 radiologists’ 

management recommendations over 150 different lesions, considerably higher than the 

value reported here but still only moderate agreement.  The lack of agreement among 
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the observers for these 50 cases is likely related to which cases were selected for the 

study.  Of the 50 cases, all of which were originally biopsied, 13 cases were 

recommended for biopsy by all 17 observers.  There were no cases for which all 

observers recommended ‘no biopsy’.  The study by Elmore et al included lesions that 

had been biopsied as well as lesions that had been followed without biopsy, creating the 

possibility for agreement among observers who recommend a lesion not be biopsied. 

3.5.2 Impact of CADx System 

In this study, we constructed a computer classification system from 1005 training 

cases.  When tested on 50 test cases using lesion descriptions from residents and 

dedicated breast imagers, the CADx model did not perform significantly differently for 

radiology residents than for dedicated breast imagers.  

Comparison of calculated performance measures demonstrated the potential for 

improvements in specificity and reduction in variability of the recommendation to biopsy 

with CADx, while maintaining the high sensitivity necessary for a screening modality 

(Table 4).  In particular, over this testing data set, the less experienced radiologists could 

have maintained their perfect sensitivity while improving their specificity from 20% to 

41%, comparable to the 43% specificity achieved by the CADx model with inputs from 

experienced breast imagers. This improvement could reduce the number of biopsies 

performed on benign breast lesions and result in greater consistency regarding which 

lesions should be biopsied regardless of which radiologist reviews the images.  

These performance measures illustrate the theoretical outcome of a radiologist 

setting a strict threshold for CADx output above which a biopsy would always be 
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recommended.  This strict adherence to CADx evaluation is not a realistic representation 

of how a radiologist would apply CADx in clinical practice, because the final decision 

whether or not to recommend biopsy lies with the radiologist who may wish to overrule 

the CADx system in certain cases.  It is not clear whether a relatively inexperienced 

breast imager might be more or less likely to use CADx recommendations than a more 

experienced, and perhaps more confident, breast imager.   

The 98% threshold for sensitivity used in the training portion of this study 

represents a compromise between maintaining near perfect cancer detection while 

substantially reducing the number of ‘unnecessary’ benign biopsies.  However, if the 

results of the CADx system were followed consistently, this threshold would result in a 

delay in diagnosis of 2% of breast cancers which, presumably, would undergo short 

interval follow-up rather than immediate biopsy.  The study presented here did not 

evaluate which cancers would be most typically misclassified by this CADx system.  

Depending on the size, stage, and aggressiveness of the misclassified malignancies, 

this delay in diagnosis may have little or substantial affect on a patient’s clinical course.   

There are several limitations to this study that hinder generalization of these 

statistical analyses.  Malignant lesions comprised only 20% of the randomly selected 50 

test cases, compared to 37% malignant lesions found in the 1005 training/validation 

cases.  In addition, some observers’ descriptions produced CADx output values that 

were tightly clustered, so slight variations in the threshold value could produce 

disproportionate changes in sensitivity and specificity. 
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3.5.3 Conclusion 

This study extends previous work on computer-aided diagnosis of breast masses 

by illustrating the potential for a CADx computer model to provide accurate classification 

of breast masses for radiologists with a wide range of training and experience rather 

than just for experienced breast imagers.  CADx based on radiologists’ descriptions of 

breast lesions has shown efficacy in improving the accuracy of breast biopsy 

recommendations in multiple studies83-85,99-101.  The study presented here has 

demonstrated the potential for descriptor-based CADx to improve the specificity of 

biopsy recommendations and improve interobserver consistency regarding which lesions 

should be biopsied, despite greater interobserver variability in lesion description among 

the most inexperienced of radiologists.  

This section evaluated a CADx system based upon radiologist-interpreted 

findings and its hypothetical impact on radiologist performance. The next section will 

present our work designing a different CADx system in mammography using texture 

features such as Gabor and Haralick features.  
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4. Computer Aided Detection for Mammography Based Upon 
Automatically Extracted Features 

 

The previous chapter presented a study to evaluate the clinical impact of a CADx 

system for radiologists with varying years of training and practice. That system was 

based upon findings interpreted subjectively by radiologists. In this chapter, we will 

describe a different CADe system which draws upon computer-extracted  texture 

features for mass detection in mammography. This work been reported in the SPIE 

medical imaging conference in 2006 and the Era of Hope conference in 2005102. 

4.1 Gabor Features 

4.1.1 Introduction to Gabor Features 

A promising filter for texture analysis is the Gabor filter103.  This type of multi-

channel filtering is considered an excellent preprocessing choice for image registration104 

due to its perceptual relevance105 in image recognition106-108.  Specifically, it has been 

shown that Gabor filters model the spatial frequency and orientation responses of simple 

cells in the primary visual cortex109,110. The Gabor representation has been shown to be 

optimal in the sense of minimizing the joint two-dimensional uncertainty in space and 

frequency111 and these functions form a complete but non-orthogonal basis set. Since 

the Gabor filter bank is derived from a wavelet basis with dilations and orientations, they 

are essentially bandpass filters. A 2D symmetric Gabor filter is given by Equation 1112. 
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where µ0 is the frequency of a sinusoidal plane, θ is the orientation, and σx and σy 

are standard deviations (or spatial spread) of the 2-D Gaussian envelope. A sample 

Gabor kernel is shown in Figure 6.   

 An octave bandwidth of 1 was used in our study as psychophysical 

studies in the past have confirmed that an octave bandwidth of 1 is a reasonably good 

estimate of the human eye when tuned to a frequency113. Central frequencies of 0.5, 1, 

2, 4, 8, 16 and 32-cycles/ degree with orientations at 0°, 45°, 90° and 135° are generally 

used to cover the human vision spectrum. 

 

Figure 6: Sample Gabor kernel in 3D 

 Although some analytical work has been done to demonstrate the efficacy of 

certain similar types of filters as used in the Watson model, the relationships between 
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texture differences and the filter configurations required to discriminate them remain 

largely unknown. Watson’s model is based on Gabor functions as first described by 

Gabor in 1946103. As shown by Watson, this human vision based model is a good 

approximation to the simple cortical cell receptive fields of humans. The effect of the 

variation the frequency parameter in the spatial and frequency domain has been shown 

in Figure 7. The radial sampling was varied from 11.25° to 45° and its effect in the two 

domains is shown in Figure 8. Increasing frequency leads to reduction in wavelength as 

they are inversely proportional. This is clearly visible in the spatial domain images – the 

spatial domain representation of the higher frequency shows smaller filter than spatial 

domain representation of the smaller frequency. Squeezing in the spatial domain is 

equivalent to stretching in the frequency domain as can be seen in the 2-D frequency 

domain images. 
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Figure 7: (a) Sensor in spatial domain with f=0.05 (b) Frequency domain 
representation of ‘a’ (c) Sensor in spatial domain with f=0.01 (d) Frequency domain 

representation of ‘c’ 

As the frequency parameter is increased from 0.05 to 0.01 cycles/ degree, the spatial 
extent of the filter increases, with the expected opposite in the frequency domain. The 
angle of both the sensors depicted in this figure is 22.5°.  
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Figure 8: (a) Sensor of f=0.1 at 22.50 sampling (b) Frequency domain 
representation of ‘a’ (c) Sensor of f=0.1 at 450 sampling (d) Frequency domain 
representation of ‘c’ 
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In Figure 8 the frequency parameter has been kept constant at 0.1cycles/ degree 

in the two sensors shown above. The radial distance from the center has also been kept 

constant at 100 pixels. As expected, decreasing the sampling angle results in more 

samples being collected in the spatial domain. In the frequency domain the decrease in 

sampling angle results in blurring of the individual sensor frequency response, resulting 

in sampling of more frequencies.  

 

4.1.2 Implementing Gabor Filters for Mammography  

 We presented these results in SPIE 2006 while working with mammographic 

ROIs and using a bank of Gabor kernels as described in the Watson model for the task 

of mass detection24. Since the Watson model has not traditionally been employed for 

such a task, we compared the performance of this model against those obtained while 

working with a well-established human vision model, the Laguerre Gauss Channelized 

Hotelling Observer (LG-CHO).  

ROIs were extracted from the publicly available Digital Database for Screening 

Mammography collected by the University of South Florida114. Only images from the 

Lumisys scanner digitized at 50-micron resolution were used. These 512x512 pixel ROIs 

were obtained with no sub-sampling. A total of 800 such ROIs were collected – 200 of 

which were malignant, 200 were benign, and 400 were normal ROIs. Of these, 100 

malignant, 100 benign, and 200 normal ROIs were randomly assigned to the training 

group, while the other half of the ROIs were put in testing group for the task of mass 
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detection. The Watson filter model that uses Gabor kernels was employed for the task of 

mass detection.  

For our study we chose to keep a fixed radial distance of each of the Gabor 

kernels at 25, 100, and 150 pixels from the center of the ROI. This corresponds to a 

distance of 1, 5, and 7 mm respectively. These radii were chosen based on the average 

mass size, which is typically about 5 mm in diameter. Thus, these radii allow us to place 

a set of Gabor kernels inside the average mass, a second set of kernels right at the 

margin of an average mass, and lastly a set of kernels just outside the mass margins of 

an average mass. We chose a radial sampling angle of 45° to keep the complexity of the 

filter bank within a manageable range. Therefore, each filter bank had 24 Gabor kernels 

arranged in three concentric circles of pairs of eight kernels. The frequency parameter 

was varied over a range of values and the individual performance on the training set was 

evaluated. The frequency was varied over a range of 0.0105 to 0.3142 cycles/ degree in 

increments of 0.0052 cycles/ degree. This variation of the frequency parameter resulted 

in a total of 59 filter banks each consisting of 24 kernels. The performances and the 

response of the ROIs to each of these were evaluated and compared. Performance was 

measured in terms of receiver operating characteristic (ROC) area index Az, which was 

calculated and compared using LABROC4 and CLABROC software (Charles Metz, 

University of Chicago). The best performing template was chosen and used along with 

the training weights on the testing cases to determine testing performance. 

 The above results were benchmarked against a well-established human vision 

model, the Laguerre Gauss Channelized Hotelling Observer (LG-CHO). As described by 

Barrett et al115 the Laguerre polynomials are defined by Equation 2. 



 

45 

 

! 

L
n
x( ) = "1( )

m n

m

# 

$ 
% 
& 

' 
( 
x
m

m!
m= 0

n

)  

Equation 2 

 

Where the first few polynomials are given by Equation 3. 

! 

L
0
x( ) =1, 

! 

L
1
x( ) = "x +1, 

! 

L
2
x( ) =

1

2!
x
2
" 4x + 2( )  

Equation 3 

   

The Laguerre polynomials are orthonormal on (0, ∞) with respect to an exponential 

weight factor and the change of variables 

! 
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a
2

  yields a new orthonormal family. 

Barrett et al give a possible expansion in continuous polar coordinates with origin at the 

signal location for the template as shown in Equation 4. 
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A sample 25 channel LG-CHO template is shown in Figure 9 below. 
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(a)           (b) 

Figure 9: Sample LG-CHO template 

(a) 3-D representation of a 25 channel LG-CHO (b) 2-D representation of the 25 channel 
LG-CHO by taking a profile through the mid-plane of (a) 
 

4.1.3 Results 

Training and testing ROC curves for the LG-CHO and the best performing 

Watson filter bank were computed. The training Az for the LG-CHO and the Watson filter 

was 0.896 +/- 0.016 and 0.924 +/- 0.014 respectively. The testing Az for the LG-CHO 

and Watson filter was 0.849 +/- 0.019 and 0.888 +/- 0.017. There was no significant 

difference in the training Az performance between the two models (p=0.13). The two-

tailed p-value for testing was 0.029. This was a significant difference, thus implying that 

the Watson filter bank holds promise for better detection of masses.  
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(a)      (b) 

Figure 10: Training and testing ROCs 

(a) The training ROC curves of the two models being compared. The Watson filter bank 
shows a slightly better training performance compared to the LG-CHO (p=0.13). (b) The 
testing ROC curves of the two models being compared. The Watson filter bank performs 
significantly better than the LG-CHO and the difference is significant (p=0.029). 

 

4.2 Haralick Features in Mammography  

The Haralick texture features are used for image classification116. These features 

capture information about the patterns that emerge in patterns of texture. The features 

are calculated by gray-level co-occurrence matrices which quantify the number of 

occurrences at various distances and angles of pixel intensity values with respect to 

each other. The idea behind trying to discern texture features is that gray levels vary 

differently in images with fine structures compared to those with coarse structures. For 

images with very fine details, the gray levels would be expected to vary quickly as the 
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image is traversed. Conversely, images with coarse structures should have a more 

uniform gray level variation. One may also expect different structures within the breast to 

exhibit different gray level variations. To capture this property, the gray level co-

occurrence matrix 

! 

P
d ,"  is defined.  The element 

! 

i, j( )  in 

! 

P
d ,"  represents the probability 

(frequency) that a pixel with gray level i occurs at distance d, angle θ, from a pixel with 

gray level j. 

Texture is one of the most important defining characteristics of an image, and 

these so-called Haralick texture features are used to extract 13 low and high frequency 

texture properties. Once the co-occurrence matrix has been constructed, calculations of 

the 13 features begin. These 13 features include – energy, entropy, inertia, correlation, 

inverse difference moment, sum average, sum variance, sum entropy, difference 

average, difference variance, difference entropy and two information measures of 

correlation. These features are part of our 2D mammographic CADx algorithm and the 

results were presented in the US Army’s Era of Hope Conference in 2005102. In this 

study 1,413 mammograms from the Digital Database of Digital Mammography were 

evaluated. The initial suspicious locations were identified using a Difference of 

Gaussians (DoG) filter. Based on a large study with varying DOG parameters, it was 

determined that the searching for potential masses will be accomplished using a DOG 

filter constructed of Gaussians with standard deviations of 9 and 4.4 mm (45 and 22 

pixels). The size of the DOG filter template was set as a square of side 54 mm (270 by 

270 pixels). A segmentation technique using an iterative, gray level, linear segmentation 

procedure was employed to identify potential masses. In total, we extracted 34 features 

for each of the approximately 9000 potentially suspicious regions extracted from 1,413 
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mammograms. Feature selection was performed via stepwise feature selection and a 

linear discriminant was used to combine features into a single CADx score. Performance 

was evaluated using FROC curves. For the training and independent testing, we 

examined two kinds of sampling schemes – one by splitting all cases such that 90% of 

the available cases were used in training and validation, and the testing was then 

conducted on the remaining 10% of the cases (90-10 split). The second sampling 

scheme involved splitting all available cases into two equal groups to serve as 

train/validate and independent testing groups (50-50 split). We investigated the 

performance for the three tasks of – 1) detection of malignant masses only 2) detection 

of benign masses only, and lastly, 3) detection of malignant as well as benign masses.  

 

Figure 11: Results for the 90-10 and 50-50 split for the CADx system 
validation. 

 

As can be seen from the malignant FROC curves for these two sampling 

schemes in Figure 11, the two training curves are pretty much the same in the high 
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sensitivity region (>80%). However, the 50-50 training takes a hit in the lower 

sensitivities. For the 90-10 testing, the FROC curves starts below 90-10 training (about 

as bad as 50-50 training) then exceeds it, both of which are undesirable but possibly due 

to noise. The 50-50 testing FROC curve is predictably worse. This is clearly the effect of 

inadequate training cases with insufficient raw info and/or over-fitting. These curves 

show that using as many training cases as possible will yield more generalized results 

that are not over-fitted. The benign and total (benign plus malignant masses) FROC 

curves showed similar trends.  

This chapter concludes our work with mammographic data using various CADe 

and CADx models. It is anticipated that these techniques will have broad applicability to 

other imaging modalities or problems. The following chapter will detail the current status 

of the dataset used to develop and test the proposed CADe system for the primary 

modality of this project, breast tomosynthesis.  
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5. Breast Tomosynthesis Prototype and Clinical Trial 

In this section, we will describe the human subject data being collected as part of 

our on-going clinical trials. This data provides the basis for the development of our mass 

detection algorithms for digital tomosynthesis imaging. 

5.1 Device 

 

Figure 12: Siemens Mammomat Novation prototype system 

Our dataset was collected using a prototype breast tomosynthesis system 

Mammomat Novation TOMO by Siemens Medical Solutions (Erlangen, Germany). This 

is an investigational device that is limited by US Federal law to investigational use.  The 

information about this product is preliminary and it under development and is not 

Tube motion: 
up to ± 25° and 
49 projection 
views 

Extended 
face shield 

Compression 
paddle 

Selenium 
based detector 
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commercially available in the US; and its future availability cannot be ensured. The 

system acquires 25 projection images over a 50-degree angular range in approximately 

13 seconds. The projection images are acquired using an amorphous selenium direct-

conversion digital flat-panel detector with a large surface area (24x30 cm) and with an 

85-micron pixel pitch and is suitable for digital tomosynthesis117. Projection images of 

2816x3584 pixels with 2x1 pixel binning in the tube motion direction are acquired by this 

system at the rate of 2 images/second.  

5.2 Data Acquisition and Initial Assessment of Efficacy and 

Patient Comfort 

For every consented patient who chose to participate in our study, the 

technologists were asked to use the same compression as mammography. Radiologists 

estimated the breast density of these patients using their mammograms as reference. 

Based on this breast density estimate and the compression used during mammography, 

Table 6 was used to estimate the mAs and kVp for the tomosynthesis scan of the 

patient. 

Table 6: Technique table for tomosynthesis 

Compressed  
Breast 
Thickness 

kVp mAs scale factor 
 

 

  Breast Density 

  0% 25% 50% 75% 100% 
<30mm 28 2.38 2.24 2.1 1.89 1.68 
30-50mm 28 1.47 1.4 1.26 1.12 0.98 
50-70mm 30 1.47 1.26 1.12 1.12 1.05 
>70mm 32 1.12 1.26 1.47 1.96 2.38 
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So far over 280 human subject data has been collected at Duke University. For 

the first 100 subjects, we performed some initial studies to evaluate efficacy of 

tomosynthesis when compared against mammography. Patient comfort with the new 

device was also recorded. These results were presented in RSNA 2006118. For the first 

100 subjects, 192 breasts were imaged with 264 total views as some breasts and views 

were not acquired due to mastectomies and technical difficulties. These 100 subjects 

consisted of 65 routine screening, 25 diagnostic mammography, and 10 cases 

undergoing biopsy. In the first 100 subjects, there were 23 total lesions. Mammography 

detected 15/23 (65% sensitivity), while tomosynthesis detected 21/23 (91% sensitivity). 

Of these 23 lesions, 14 lesions were detected by both, including all 4 cancers, while 1 

benign mass was missed by both. Of these 192 breasts, mammography prompted 27 

callbacks (14%) while tomosynthesis prompted 21 callbacks (11%). Thus for the first 100 

cases, the prototype breast tomosynthesis system improved sensitivity of detection by 

40% (21 versus 15 of 23 lesions) and reduced callback rate by 22% (from 14% to 11%).  

For both mammography and tomosynthesis, technologists applied full 

compression per standard procedures, and the thickness for each breast was recorded. 

Subjects were also polled in terms of a 10-point pain/discomfort scale for each modality 

and a 5-point final preference. For all views from 100 subjects, tomosynthesis increased 

compression thickness by a mean of 1.8mm. For 114 breast views using the same type 

of compression paddle (non-flexible versus flexible), tomosynthesis increased thickness 

by 5.3mm (12%). In spite of the longer compression time, patients preferred 
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tomosynthesis slightly by 0.4 out of 10. For overall preference, 75% of subjects indicated 

they preferred tomosynthesis “a little more” (23%) or “a lot more” (52%).  

Thus, there was a reduction in compression (12%), which did not appear to affect 

radiologist performance in interpreting the scans. Subjects reported less pain/discomfort 

in spite of the longer scan time, and about three-fourths of subjects expressed overall 

preference for tomosynthesis.  

 

5.3 Tomosynthesis Reconstructed Volumes 

 The 25 projection images obtained by our system are reconstructed using a 

proprietary software by our industrial partner Siemens Medical Solutions119. These 

volumes are reconstructed to be of 1mm thickness. Thus the resultant reconstructed 

volume of woman with a breast that is 50mm under compression consists of 50 such 

reconstructed slices. These reconstructed volumes have many unique characteristic 

features. Figure 13 shows the mammogram of subject 48 in RMLO view. This study was 

interpreted as normal. Figure 15, Figure 16 and Figure 17 are screenshots of the 

reconstructed volume’s slices. We can see the skin, surface blood vessels and 

subcutaneous fat pockets in Figure 14. Figure 15 shows the intramammary lymph nodes 

while Figure 16 shows the lymph nodes close to the chest. Figure 17 clearly shows the 

subject’s pectoralis muscle. High frequency objects within the breast such as 

calcifications, scars etc are known to have significant out of plane ringing effects as 

shown in Figure 18, Figure 19, Figure 20 and Figure 21. Figure 18 and Figure 19 show 

reconstructed slices number 11 and 39 respectively with significant out of plane blurring 
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of the calcification in slice 44. Figure 20 depicts the actual calcification causing all the 

ringing in adjacent slices while the shadows of the same calcification are visible all the 

way up to reconstructed slice number 59 shown in Figure 21.  

 

 

Figure 13: Mammogram of subject 48, RMLO view. This study was 
interpreted as normal. 
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Figure 14: Subject 48 - screenshots of first few slices of tomosynthesis 
reconstructed volume showing skin, surface blood vessels, and subcutaneous fat 
pockets. 
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Figure 15: Subject 48 - screenshots of tomosynthesis reconstructed volume 
showing intramammary lymph nodes shown by red arrows. 
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Figure 16: Subject 48 - screenshots of tomosynthesis reconstructed volume 
showing lymphy nodes. 

 



 

59 

 

Figure 17: Subject 48 - screenshots of tomosynthesis reconstructed volume 
showing the pectoralis muscle. 
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Figure 18: (a) Tomo recon sl ice # 11 of subject 278 in LCC view with ROI 
containing out-of-focus calcification shown in white (b) Zoomed ROI around the 

calc 
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Figure 19: (a) Tomo recon sl ice # 39 of subject 278 in LCC view with ROI 
containing out-of-focus calcification shown in white (b) Zoomed ROI around the 

calc 
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Figure 20: (a) Tomo recon sl ice # 4 of subject 278 in LCC view with ROI 
containing in-focus calcification shown in white (b) Zoomed ROI around the calc 
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Figure 21: (a) Tomo recon sl ice # 59 of subject 278 in LCC view with ROI 
containing barely visible, out-of-focus calcification shown in white (b) Zoomed ROI 

around the calc
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6. Identification of Initial Suspicious Masses in Breast 
Tomosynthesis Images 

 

In the previous section we described the breast tomosynthesis human subject 

data that has been collected for this study. In this work, we proposed to build a 

Computer Aided Detection (CADe) system for tomosynthesis, incorporating unique 

preprocessing techniques and false positive reduction methods. The proposed CADe 

system has two key stages: 1) a highly sensitive mass detector, and 2) statistical models 

designed to reduce false-positives.  In this chapter, we will present the first stage, the 

initial image processing techniques which highlight potentially suspicious locations within 

the tomosynthesis projection images. The second stage is described later in Chapters 7 

and 8. 

 

6.1 Introduction 

The goal of this chapter is to identify and localize the suspicious locations which 

may be breast masses. This first, ‘high-sensitivity, low specificity’ stage of the proposed 

algorithm is based upon a Difference of Gaussians filter and the known 3D acquisition 

geometry. We developed this system using the following steps and Figure 22 shows the 

same schematically: 

a. For each of the 25 projection images, the breast edge was detected by 

estimating an optimal threshold to distinguish the class distributions of the 
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foreground and background pixels. Only information inside the breast boundary 

was preserved and was subsequently filtered. 

b. Threshold segmented, filtered projection images from step (a) to yield CADe 

suspicious locations in 2D. 

c. Reconstruct only the CADe suspicious locations generated by step (b) via shift 

and add reconstruction method to yield 3D volumes of CADe suspicious 

locations. 

d. Locate the center of the CADe reconstructed suspicious locations in 3D and map 

to the filtered backprojection (FBP) 3D reconstructed volume used during 

radiologist interpretation. 

e. Extract ROIs from FBP reconstructed slices at the locations specified in step (d). 
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Figure 22: Stage 1 of the proposed CADe algorithm. 

The filtration and ROI extraction or the ‘high-sensitivity, low specificity’ stage of the 
CADe algorithm is schematically presented in this flowchart. 
 

The Difference of Gaussian or the DoG is a wavelet function wherein a Gaussian 

with the wider variance is subtracted from a narrower variance Gaussian. In one 

dimension it is mathematically defined as shown in Equation 5. 
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where µ1 and µ2 are the means of the two Gaussians and σ1 and σ2 are their 

respective standard deviations. The DoG filter in two dimensions is achieved by 

subtracting a rotationally symmetric, two-dimensional Gaussian with width parameter σ1 

from another rotationally symmetric, two-dimensional Gaussian with width parameter σ2. 

Mathematically, the filter template w is defined as shown in Equation 6 and Equation 7. 
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Equation 7 

where r is the distance to the origin and σI is the constituent width parameter of 

the filter template. Of note here is the relationship between the two standard deviations 

where σ1 < σ2. A sample 2D Gaussian kernel is shown in Figure 23.  

Gaussian filters are often used as averaging, or blurring filters. Because of the 

DoG filter template’s shape wherein it accentuates a roughly round object while 

suppressing the background, the DoG filter template makes for an effective template. 

Previous research has demonstrated the usefulness of DoG filters for similar tasks120-122.   
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Figure 23: Sample DoG filter template 

 

6.2 Application of DoG Filter to Tomosynthesis Projection 

Images 

 The DoG filter was used to search for masses in tomosynthesis projection 

images by our algorithm by using the normalized cross correlation pattern-matching 

scheme. This is done to make this task amplitude independent and hence invariant to 

amplitude changes in our images with a non-uniform background. For a window of size 

N x N centered at pixel (s, t), the normalized cross correlation window operator can be 

defined as illustrated in Equation 8. 
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where, (s,t) are the coordinates of the center of the window, g(s,t) is the NCC 

output, i and j index the interior pixels of the N by N window, 

! 

O s+ i,t + j( )   is the original 

image pixel value at (s+i,t+j), 

! 

O 
N

s,t( )  is the average pixel value of the original image in 

the N by N window centered at (s,t), w is the N by N filter template, and 

! 

w  is the 

average value of the filter template.  

 An example of a filtered projection image is shown in Figure 24. The 

central slice of the breast along with its filtered image is shown. Structures whose width 

is approximately equivalent to that of the DoG kernel are emphasized and those whose 

widths are not similar to the DoG kernel are suppressed.  

 

 

Figure 24: Filtration of projection images 

(a) Central projection image of Subject 33, LCC view (b) Filtered image of central 
projection image of ‘a’. 
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 The optimization of the first high-sensitivity, low-specificity stage of the algorithm 

was done using 100 human subject cases containing 25 mass cases. The figure of merit 

was the maximum sensitivities as a function of the 2 DoG parameters, σ1 and σ2. For 

the lesions in our database, the average size is approximately 100x100 pixels (8.5 x 8.5 

mm). A search was therefore performed wherein the filter parameters were varied from 

32 to 152 pixels (2.7 to 12.92 mm) to bracket that size. 

Optimization of the first high-sensitivity, low-specificity stage of the algorithm 

involved a grid search over the 2 DoG parameters, σ1 and σ2. Maximum sensitivity for 

each combination is shown in Figure 25. The parameter sets that were not explored are 

represented with a zero percent sensitivity. While the FP rate for each parameter set 

was recorded, no specific optimization for the FP rate was performed. There were 2 

distinct areas with high reported sensitivities, centered at σ1 and σ2 pairs of 40/ 72 (3.4/ 

6.12 mm) and 56/ 96 pixels (4.76/ 8.16 mm) with 9.3 and 7.7 FPs/ breast volume 

respectively. The parameters 56/ 96 yielded fewer false positives and were therefore 

picked for further analysis of stage 2. Thus, the first stage of the algorithm yielded a 

maximum sensitivity of 93% and 1472 FPs resulting in a FP rate of 7.7 FPs per breast 

volume. All available cases were used for the optimization of this stage due to the small 

size of the dataset resulting in the possibility of a positive bias in the reported 

performance of the proposed algorithm. 
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Figure 25: Sensitivity as a function of the 2 filter parameters for stage 1 of 
the algorithm. 

The combination marked by the ‘+’ was chosen, yielding 93% sensitivity with 7.7 FPs/ 
breast volume. 
 

6.3 Thresholding of Filtered Images and Extraction of ROIs 

 The best performing DoG from the previous section obtained via a grid search 

optimization gave us a series of filtered projection images as shown in Figure 25. For 

each breast view, all the 25 projection images were filtered. The goal of this section is to 

translate the 2D information from these projection images into their corresponding in 

order to identify and extract the candidate suspicious regions which may contain a 

breast mass. 
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Each of the filtered projection images was then subjected to adaptive 

thresholding to yield CADe suspicious locations in each of the projections. In that 

process, the thresholds for each of the projection images were dynamically selected by 

starting with the top 10% of the pixel values of the filtered projection image resulting in 

an initial set of CADe suspicious locations. Further drops in the threshold resulted in 

either an increase in the area of the initial suspicious locations or in the formation of new 

ones. The threshold was thus dropped as low as possible without merging together any 

two suspicious locations. The resultant images were a series of 25 filtered and 

thresholded images for each of the projection images as shown in Figure 26. For dense 

breasts, this threshold often included approximately 15% of the top pixel values, while 

for fatty breasts the thresholds were generally selected at about 25% of the top pixel 

values. Only the segmented 2D projection images thus obtained were shifted and added 

using the acquisition angle and known geometry to yield 3D locations of the volume of 

interest (VOI) of just the CADe locations. As shown previously123, this shift amount for 

the kth projection image to reconstruct a plane z millimeters above the detector is given 

by Equation 9. 

 

! 

shiftk z( ) = L • sin" •
z

L •cos" + R # z( )
 

Equation 9 

 

where L is the length of the rotation arm of the x-ray tube, R is the height of the 

rotation axis from the detector and θ is the acquisition angle of this kth projection image.  
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Figure 26: 1-25 represent the fi ltered and thresholded projection images of 
subject 33, LCC view. 

These projection images are acquired over an angular range of -22° to 22°. The 
thresholds of each of the images are selected dynamically. Note that from one projection 
image to the next, the number, size, shape, and locations of the suspicious locations can 
change, but certain stronger hits tend to persist from one image to the next. 
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A 3x3x3 connectivity rule was used to yield CADe suspicious locations in 3D 

space making it possible to determine location and shape of the object of interest. 

Specifically, every pixel in each of the slices of the reconstructed slices of the CADe 

suspicious locations was assigned to a VOI using its proximity to a cluster of pixels. This 

resulted in a set of VOIs for every scanned breast view. Since the shift and add 

reconstruction algorithm did not have any measures in its implementation to prevent out 

of plane blur, the resulting reconstructed CADe suspicious volumes from the first stage 

had significant blur in planes other than where the centroid of the volume of interest lies, 

resulting in a starburst shape wherein the true object lies in the plane where the 

contributions from all the projection images come into focus. Thus, it is assumed that a 

mass came into focus in the plane with the least cross-sectional area of the volume 

obtained after reconstruction. False positives due to overlapping tissue in just a few 

projection images should result in weaker 3D reinforcement of signals. An example of 

such a reconstruction is shown in Figure 27. This 3D location of the volume of interest 

was then compared to the radiologist-determined ground truth to determine if a given 

CADe location is a true positive or a false positive. To determine whether a CADe 

suspicious location is indeed a TP, the following rule was used: 

! 

If 
A CADe( )" A Truth( )
A CADe( )# A Truth( )

$ 

% 
& 

' 

( 
)  >  0.3, then TP  

where A(CADe) is the area of the CADe location, and A(Truth) is the area of the 

truth location. 
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Figure 27: ROI extraction from 3D reconstructed tomosynthesis volumes 

(a) 25 CADe suspicious locations in 2D for subject 33 (b) Reconstructed CADe 
suspicious locations using the images in ‘a.’ Significant out of plane blur is observed in Z 
direction. (c) A 256x256 ROI centered at the X, Y location at the depth with the sharpest 
focus is extracted from the FBP reconstructed volumes and shown in ‘b.’ 
 

6.4 Conclusion 

As the conclusion of this chapter, we have identified suspicious regions in the 2D 

tomosynthesis projection images and mapped those regions into their corresponding 

locations in the 3D reconstructed volumes. In other words, we now have a list of 

candidate lesions and must now turn our attention toward the task of reducing the 

number of false positive detections, which is the subject of the next two chapters. 
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7. False Positive Reduction Using Single Tomosynthesis Slices 

7.1 Introduction  

We developed a CADe scheme for tomosynthesis, incorporating unique 

preprocessing techniques and information theory methods. The previous chapter 

identified a list of suspicious locations in the projection images and localized them in the 

reconstructed volume using the known 3D acquisition geometry.  This chapter describes 

the second, ‘high-sensitivity, high-specificity’ stage of the algorithm which is comprised 

of false positive (FP) reduction using information theory principles. Previous 2D 

algorithms for mammograms that use information theory and similarity metrics to reduce 

false positives have shown that the ability of the system to optimally perform such a task 

is dependent on the nature of the ‘known’ examples in the database available to it as the 

learning cases124. Therefore, further analysis is performed to identify the optimal 

knowledge base for our system. Three FP reduction schemes were evaluated that differ 

in the kind of information available for the task of false positive reduction. Finally, to 

explore if there are performance increases to be realized if more signal information was 

given to the system, two variants of the FP reduction system were compared – using 

only the central reconstructed slice of the CADe suspicious location versus using a 

summed slab of slices, which is equivalent to a single slice of increased thickness. 
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7.2 Dataset 

For our dataset institutional review board approval was obtained, and informed 

consent was required and obtained for all subjects. This study was compliant with the 

Health Insurance Portability and Accountability Act. The protocol called for bilateral MLO 

views to be acquired in screening cases, while bilateral MLO and CC views were 

acquired for diagnostic and biopsy cases. An MQSA dedicated breast radiologist with 

over fifteen years of experience interpreted these cases in blinded readings. The gold 

standard was established from information available from all modalities for a subject 

including mammography and, when available, ultrasound and MRI for non-biopsied 

lesions, while biopsied lesions resulted in definitive histopathologic truth. One hundred 

human subject cases were used wherein there were twenty-five mass cases and 

seventy-five normal cases. All of these subjects were recruited at Duke University 

Medical Center in Durham, NC and had an average age of 57 years. Approximately 24% 

of the subjects had breast density of 25%, 20% were 50% dense, 46% were 75% dense 

and 10% were considered to have 100% dense breast.  83% of these subjects were 

Caucasian, 13% African-American and 4% identified themselves as either Hispanic or 

Asian. Due to some unilateral cases, a total of 192 scans were evaluated. The twenty-

five mass cases contained twenty-eight lesions of which ten were biopsy-proven 

malignant lesions and the rest were benign. Focal asymmetries and calcifications were 

excluded from this study. Average lesion size is approximately (100x100) ± 41 pixels or 

(8.5 x 8.5) ± 3.5 mms. 
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7.3 Stage – 1 Initial Candidate Generation and ROI Extraction  

For each breast view, the 25 projection images were filtered using a Difference of 

Gaussians (DoG) filter120-122. The DoG filter in two dimensions is achieved by subtracting 

a rotationally symmetric, two-dimensional Gaussian with width parameter σ1 from 

another rotationally symmetric, two-dimensional Gaussian with width parameter σ2. 

Chapter 6 described how centroids were located in 3D reconstructed volumes using 

projection images.  

 Once the algorithm had identified initial candidates for mass detection by giving 

the X, Y and Z location of the centroid of the volume of interest, regions of interests 

(ROIs) were extracted from the reconstructed breast slice images obtained by filtered 

backprojection (FBP) which yielded 1 mm thick slices with 85x85 micron pixel pitch117,119. 

Also shown in the Figure 27 is the corresponding lesion ROI that was extracted from the 

FBP reconstructed volume. The FP reduction scheme therefore was based upon the 

same reconstructed image data as used by radiologists. Two sets of ROIs were 

extracted to assess the effect of information from one versus many slices. In the first set, 

256x256 pixel ROIs (22 x 22 mm) centered at the central slice containing the suspicious 

CADe location were extracted. For the second set, 256x256 ROIs representing the 

summed slab of 5 slices (5 mm) were extracted. Since lesions typically span multiple 

reconstructed slices, these two sets investigated whether giving more ‘signal’ to the false 

positive reduction scheme resulted in an improvement in performance. Use of a slab 

would also reduce the impact of slight errors of localization in the Z direction.  

 



 

79 

7.4 Information Theory and Knowledge Base Composition 

The fundamental quantities of information theory are entropy and relative 

entropy. For any probability distribution, entropy is defined as a quantity that follows an 

intuitive notion of a measure of information. In other words, entropy, among other 

measures such as variance etc, is a way to quantify the uncertainty involved in a random 

variable. This notion is extended to define ‘mutual information’ which is a measure of the 

amount of information one random variable contains about another. Hence, mutual 

information is a reduction in the uncertainty of one random variable due to the 

knowledge gleaned from observing the other random variable. Mathematically, it is given 

by the relation125 in Equation 10. 

 

! 

MI(X;Y ) = p(x,y)log
p x,y( )
p x( )p y( )

" 

# 
$ 

% 

& 
' 

y(Y

)
x(X

)  

Equation 10 

 

where X and Y are two random variables, 

! 

p x,y( )  is their joint probability mass 

function because this is a discrete rather than continuous random variable and 

! 

p x( )  and 

! 

p y( )  are the marginal probability mass functions of X and Y.  

Traditionally CADe schemes measure, among others, morphological and texture 

features of a suspicious location for subsequent false positive reduction using trainable 

classifiers. Research has been done by Suzuki et al126-129 towards alternative 

approaches to FP reduction by using massive training artificial neural networks. This 
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study used mutual information as a similarity metric for false positive reduction that relies 

completely on the statistical properties of the image histograms and the relationship 

between pixels of an image. Furthermore, information theoretic similarity measures 

make no assumptions about the underlying image distributions, which may be 

advantageous given the relatively small number of lesions in our dataset. The theoretical 

approach adopted in this study has been presented previously130-132 for 2D 

mammograms. This study extended the concept for 3D reconstructed slices and slabs. 

An information theory based system compares an unknown query ROI to every 

ROI in its ‘knowledge base’ (KB) using a similarity metric such as mutual information. 

Similarity metrics are then combined using a decision index132 given in Equation 11. 

 

! 

D Q( ) =
1

m
MI Q,M j( ) "

1

n
MI Q,N j( )

j=1

n

#
j=1

m

#  

Equation 11 

where Q is the query ROI, 

! 

MI •,•( )  is the mutual information between the query 

Q and the ROI in the KB. Mj and Nj are the jth mass and normal ROI respectively in a KB 

that contains a total of m mass and n normal ROIs. Here, the KB contains m mass and n 

normal ROIs. By applying various thresholds on these indices for all cases in the 

database the performance can be studied as a receiver operating characteristic (ROC) 

curve. Both area under curve (AUC) and partial area under curve (pAUC) above 90% 

sensitivity were measured nonparametrically101,133. To estimate the two-sided p-value for 

the central slice versus sum of adjacent slices datasets for each scheme, a set of cases 
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was bootstrapped to estimate the difference in performance. This was repeated to obtain 

an estimate of the difference distribution.  

 

 

Figure 28: Composition of Knowledge Base of false positive reduction stage 
of the CADe algorithm (a) scheme ‘A’ KB composition (b) schemes ‘A’ and ‘B’ 

composition 

  

The performance of an information theory based system is dependent on the 

composition of the knowledge base.  The first stage of the algorithm generates ROIs that 

are either mass lesions or FPs. Of note here is the imbalance in the number of lesion 

ROIs when compared to the total number of FPs generated by the first stage. Given this 

imbalance, it is imperative to explore the effect of knowledge about normal breast 

parenchyma represented by those FPs. This was studied in two ways. First, an 
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increasing number of FPs was sampled from all FPs available while holding the number 

of true positives constant, thus decreasing the ratio of mass ROIs in the KB and 

progressively giving the system more indirect ‘knowledge’ of normal breast parenchyma. 

The second approach is to provide the system with direct information about normal 

breast parenchyma via randomly selected normal ROIs instead of suspicious FP regions 

generated by a CADe algorithm. Since these ROIs were extracted from random 

locations from within the breast volume there is a potential for some overlap with FPs 

generated by the first stage of the algorithm. Varying the number of mass ROIs in the 

knowledge base can also change composition of the knowledge base. However, given 

that our database consists of a limited number of mass ROIs, its effect was not studied 

in this experiment.  

Three schemes were therefore developed to investigate the optimal ratio of 

normal and false positive ROIs in the knowledge base, as shown in Figure 28. In 

scheme A, FP reduction was done using a KB containing ROIs from the CADe 

algorithm’s first stage. These ROIs were either mass ROIs or FPs. In scheme B, the KB 

contained only mass ROIs and randomly selected normal ROIs from well-separated 

depths in all the normal cases’ reconstructed volumes. A total of 1390 such normal ROIs 

were extracted for this study. To access performance of the scheme A classifier, a 

leave-one-case-out validation scheme was used. Thus, for every ROI that was 

presented to the system as a query ROI of unknown pathology, all other ROIs generated 

from that specific subject’s reconstructed volumes were excluded from the KB. For 

scheme B, all the FPs of the first stage of the algorithm served as queries to the system 

to assess its specificity. Sensitivity for scheme B was evaluated using a leave-one-case-
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out sampling scheme on all available ROIs that contained a mass. Thus the system has 

no knowledge of FP ROIs in its KB and hence the performance is not dependent on the 

nature of FP lesions generated by the first stage of the algorithm. Finally, scheme C 

included information from all three sources, (1) masses (2) CADe generated FPs (3) 

normal breast tissue, combined into a single KB. Analysis was done in a leave-one-

case-out manner for this KB as well. In the end, the scores for all ROIs thus obtained 

from various schemes were then combined using the decision index given by Equation 

11.  

 

7.5 Optimization of the False Positive Reduction Stage 

7.5.1 Scheme A – Effect of FP ROIs in the Knowledge Base 

Scheme A seeks to differentiate between a mass and a FP query. A plot of the 

ROC AUC as a function of increasing number of FPs is presented in Figure 29, where 

the x-axis shows number of FPs as multiples of the total number of mass ROIs while 

using the scheme A classifier. The error bars are obtained by simple random 

sampling134,135 from all the available FPs of the first stage. 20 subsets of the FP ROIs 

were generated for each data point on the graph. Each subset was selected without 

replacement after randomization between subsets. When the sum of adjacent slices 

were used, as the number of FPs was increased the performance increased. When 

there were twenty times as many FPs as mass ROIs, the system reached a sensitivity of 

89%. Adding more FP ROIs no longer improved the performance. A similar trend was 
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observed while using only the central slice of the VOI with a maximum sensitivity of 88%. 

Addition of more FP ROIs after a ratio of 25 times that of the masses again does not 

improve performance. It should be noted that as the number of multiples of FP in the KB 

increases, the error bars in Figure 29 will also decrease because of increasing overlap in 

selected FP ROIs for each draw. 

  

 

 

Figure 29: The figure of merit, ROC AUC is plotted as a function of 
increasing number of FP ROIs in the system. 

 

7.5.2 Scheme B – Effect of Normal ROIs in the Knowledge Base 

Scheme B assessed the behavior of the system with the presence of normal 

ROIs in the KB. Figure 30 depicts this trend as a function of increasing number of normal 
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ROIs in the system. As previously described in section 7.5.1, the error bars are obtained 

when the same data point of the graph is evaluated using 20 different subsets of the 

normal ROIs available. AUC increased as more normal ROIs were added to the KB and 

levels off at a ratio of 25 times as many normals as masses for sum of adjacent slices. 

The same leveling off in performance for central slice was seen with 30 times as many 

normals as mass ROIs. Performance was comparable to that of scheme A. Scheme B 

attained a maximum classifier AUC of 86% for central slice ROIs and 89% for sum of 

slices ROIs. As with scheme A, use of the slab ROIs did not affect performance 

substantially, although here in scheme B it had a more noticeable increase in 

performance than for scheme A.  

  

 

Figure 30: The figure of merit, ROC AUC is plotted as a function of 
increasing number of normal ROIs in the system. 
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7.5.3 Classifier Performances  

 Table 7 presents overall classifier performance for all schemes. As implemented, 

summing adjacent slices did not improve the classifier performance in a statistically 

significant way compared to using only the single, central slice ROI for any of the 

schemes evaluated, either for AUC or partial AUC. Shown in Figure 31 are the ROCs 

and partial ROCs of just the central slice classifiers of all schemes.  

 

 

 

 

Table 7: Classifier performance for the 3 Knowledge Bases 

Classifier performance for a KB containing mass and FP ROIs (scheme A), mass and 
normal ROIs (scheme B) and when the KB contains ROIs from all 3 sources – mass, FP 
and normal ROIs (scheme C). The AUC and pAUC for both the central slice and the sum 
of adjacent slices and their corresponding p-values for all schemes is shown. 
 
 

Central Slice only Sum of Adjacent slices p-value 
Scheme 

AUC pAUC AUC pAUC AUC pAUC 

A 0.88 +/- 0.02 0.49 +/- 0.09 0.89 +/- 0.03 0.46 +/- 0.10 0.3 0.2 

B 0.86 +/- 0.03 0.41 +/- 0.09 0.89 +/- 0.03 0.36 +/- 0.10 0.5 0.2 

C 0.87 +/- 0.02 0.45 +/- 0.09 0.88 +/- 0.03 0.41 +/- 0.10 0.43 0.19 
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Figure 31: (a) Non-parametric ROC curves of the central slice classifier for 
schemes A, B, and C (b) Partial ROC curves for sensitivity greater than 0.9 for the 
three schemes 

 

  

Sensitivity when plotted as a function of the average FP rate while the decision 

threshold is varied results in the Free-Response Receiver Operating Characteristic 

(FROC) curve. Figure 32 shows the system FROCs prior to FP reduction as well as after 

FP reduction for schemes A, B and C. These were obtained by varying the decision 

threshold over classifier outputs of the central slice classifiers of the three schemes 

starting with a threshold set at 91.5% sensitivity. For each scheme, the threshold was 

then progressively dropped to obtain the entire curve. Scheme A outperformed others in 

terms of FPs per breast volume at equivalent sensitivity. At an operating point of 91.5%, 
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scheme A was successfully able to discard 69% of the FPs per breast volume, scheme 

B correctly eliminated 53% of the FPs per breast volume, and lastly, scheme C was able 

to correctly discard 62% of the FPs per breast volume. The final performances were a 

sensitivity of 85% at 2.4 FPs per breast volume, 3.6 FPs per breast volume, and 3 FPs 

per breast volume for schemes A, B and C respectively. The Jackknife Free-Response 

Receiver Operating Characteristic (JAFROC)46 (Chakraborty DP, University of 

Pittsburgh, PA) was used to evaluate these FROC curves. None of the differences 

between the FROC curves of the three schemes studied were statistically significant, 

which was in fact a very desirable result as discussed below.   
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Figure 32: System FROCs. Prior to FP reduction, the system performance 
was at 93% sensitivity with 7.7 FPs per breast volume. Final system performances 

for the three schemes are depicted for the central slice classifiers. 

 

7.6 Discussion 

 Several CADe algorithms exist for breast tomosynthesis data in current literature. 

All published tomosynthesis CADe algorithms used some form of feature extraction 

scheme for the FP reduction stage. This study was unique in that it utilized information 

theory principles for this task. Given this relatively small dataset, the model still provided 

generalizable results when using scheme B. The generalizability here refers only to the 
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fact that scheme B performance is independent of the nature of FPs generated by the 

first stage of our specific algorithm. The performance of schemes A and C can be 

influenced by the nature of FPs generated by other filters or another first stage of a 

CADe algorithm, whereas that of scheme B is independent of the kind of FPs. Additional 

information about mass cases would merely enhance system performance over datasets 

that include subjects from other geographical locations, patient populations etc. This is 

because inclusion of more mass cases will help the system obtain more accurate 

‘knowledge’ of the various kinds of mass cases. A larger, more varied KB will have at 

least representative examples from all the major lesion types and will better capture the 

variations of various lesions. 

As the amount of data available increases, an understanding of what constitutes 

an optimal KB in terms of the optimal number of FP and/or normals will become pivotal 

for all practical applications. This is because similarity metrics need to be calculated for 

each query presented to the system with every ROI in the database. If there is nothing to 

be gained in terms of performance, then having more ROIs in the database simply adds 

to time needed for the system to generate CADe marks on a new case. To better 

understand the composition of such an optimal KB for tomosynthesis data, three FP 

reduction schemes were compared, each based on ROIs from only a single central slice 

versus a summed slab of slices from the first stage of the algorithm. While doing so, 

several trends were observed. There was no statistically significant difference in 

classifier performance when comparing the use of a single, central slice only versus the 

sum of adjacent slices, regardless of whether the AUC or partial AUC was the figure of 

merit. Scheme B’s performance was almost the same as that of A and C, even though B 
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doesn’t use FPs in its KB. The performance of scheme B was independent of the nature 

of FPs generated by the first stage of the algorithm. JAFROC analyses of the system 

performances for the three schemes also indicate that there is no statistically significant 

difference between scheme B when compared against scheme A and C. Thus the 

results obtained for scheme B may be more robust when given either different cases or 

another set of unknown ROIs from these same cases that contain false positives 

generated by a different filter or algorithm. The performance of scheme C was between 

that of A and B as it added the use of FPs in its KB. 

The study of the optimal balance between positive and negative cases in the KB 

also yielded several interesting trends. For scheme A, the system reached its maximum 

performance with a FP ratio of twenty times that of mass ROIs in its KB. A similar trend 

was observed in scheme B when the KB contained information about only masses and 

normal breast tissue where nearly thirty times as many normal ROIs were needed in the 

KB as mass ROIs. Thus it appeared that scheme B required more examples of randomly 

extracted normal ROIs compared to scheme A which used more suspicious normal 

anatomy presented in FP ROIs. Regardless of the nature of the negative, non-mass 

cases, both systems showed that when given increasingly larger number of non-mass 

ROIs in its KB, their performance increased toward an asymptote. Furthermore, we 

found that more non-mass ROIs than mass ROIs were needed in order for the algorithm 

to learn the naturally greater variability of normal breast anatomy. Both schemes 

displayed larger standard deviations in performance levels initially with tighter 

confidence levels attained as the schemes were given increasing information about the 

diversity of normal breast tissue.  
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Estimates of the least number of FPs or normal ROIs needed to obtain maximal 

performance can potentially change when more mass ROIs are added to the KB. 

However, a study of what that optimal number is with the current size of the dataset has 

lead us to the understanding that fewer FPs and normal ROIs in the KB result in greater 

variability in performance, and that there indeed exists a minimal ratio of these ROIs to 

the number of mass ROIs in the KB to attain maximal performance. Therefore, while 

such a ratio is likely to change with additional mass cases, there are 2 important 

conclusions to be drawn from these results. 

These results of experiments to study optimal knowledge base composition show 

that for the current CADe system it is possible to attain maximal performance with little 

over half the number of ROIs in virtually all the three schemes. This is significant as it 

implies an appreciable improvement in the computational efficiency of the algorithm. The 

total processing time for the second stage of this algorithm that uses a LOO CV scheme 

is N2/2. A reduction in the number of ROIs in the knowledge base by half would imply an 

improvement of a factor of 4 in overall computational efficiency.  However, in a clinical 

setting the computational efficiency needs to be looked at from the point of view of a 

single breast volume being examined. The first stage of the algorithm generates 

approximately 8 CADe marks per breast view. When using a Linux Intel 2.6 GHz dual-

core dual-processor system, it takes about 1 second for the system to come up with an 

average MI score for a single query ROI when compared against our entire knowledge 

base. This implies a processing time of about 2 seconds to come up with each of the two 

terms for Equation 11 for every CADe mark from the 1st stage, and hence about 16 

seconds to process the entire breast volume with 8 such potential locations generated 
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by the 1st stage of the algorithm. Reduction in the knowledge base of half would imply a 

computational reduction of half, i.e. 8 seconds, in a clinical setting. 

 There were limitations to this study. More cases with lesions should be added to 

capture the diversity of breast masses. Because of the relatively small size of available 

dataset, the optimization of the initial filtering stage was done using all available cases 

with some resulting possibility of bias; addition of new cases could potentially imply a 

different optimal filter parameter set. The decision to sum five adjacent slices was based 

on the observation that most lesions spanned a space of at least 5 mm. Improvements in 

performance due to variation of this parameter in the algorithm has not been 

investigated in this study. Lastly, studies remain to be done in improving system 

performance by studying other similarity metrics and ROI sizes.  

 

7.7 Effect of ROI size and Various Similarity Metrics on 

Performance 

7.7.1 Background and Evaluation Methodology 

Work presented thus far was done using only one similarity metric, mutual 

information, and using only one ROI size of 256x256 pixels. The selection of these 

parameters was based on our prior understanding of the optimal parameters based on 

mammographic ROIs. However, there remains the potential of improving on these 

performances by optimization of these parameters. To this end, reconstructed breast 

volumes of one hundred subjects were used in this study consisting of 25 mass and 75 
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normal volumes. The average size of the lesions in this dataset was approximately 100 x 

100 pixels (8.5 x 8.5 mm). Four distinct Region of Interest (ROI) datasets were extracted 

from these volumes consisting of 128 x 128, 256 x 256, 512 x 512, and 1024 x 1024 

pixels (where pixel pitch was 85 microns). Each of these datasets consisted of 1479 

computer generated tomosynthesis ROIs from reconstructed volumes that were 

extracted using an existing CADe algorithm.  

 For each of these datasets, False Positive (FP) reduction was done using 

principles of Information Theory wherein similarity metrics are computed between each 

ROI of unknown pathology to those in a database of pre-existing ROIs of known 

pathology. Such a database of ROIs consisting of known pathologies is often referred to 

as the Knowledge Base (KB). Many similarity metrics have been studied for the task of 

false positive reduction in mammographic ROIs. In this study we have investigated the 

following five metrics: 

 

1. Mutual Information: 

 

 

 

2. Joint entropy: 
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3. Average conditional entropy:  

 

 

 

 

4. Jensen divergence:  

 

 

 

5. Average Kullback-Leibler divergence: 

 

 

 

Where, 

 

 

Where X and Y are the two images, 

! 

p x,y( )  is their joint probability mass function, 

! 

p x( )   

and 

! 

p y( )  are the marginal probability mass functions of X and Y, and H(x|y) and H(y|x) 

are the conditional entropies of the two images. All such metrics were then combined 

using a decision index to obtain a CADe score. These scores were then thresholded to 

yield ROC curves and the consequent AUCs and partial area under curve (pAUCs).  
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7.7.2 Results and Conclusions 

 Results for all four datasets when each of the 5 metrics were individually 

evaluated are graphically represented in Figure 33. For the best performing metrics, 

mutual information and average conditional entropy, the metrics along with their partial 

AUCs of > 0.90 sensitivity are listed in Table 8.  

 

Table 8: Various AUCs and pAUCs (AUC > 0.9) for the best performing 
metrics – mutual information and average conditional entropy 

ROI size Mutual Information Average conditional 
Entropy 

 AUC pAUC AUC pAUC 
128 x 128 0.61 +/- 0.02 0.08 +/- 0.03 0.62 +/- 0.02 0.08 +/- 0.03 
256 x 256 0.88 +/- 0.02 0.49 +/- 0.09 0.88 +/- 0.02 0.48 +/- 0.09 
512 x 512 0.70 +/-  0.04 0.27 +/- 0.04 0.66 +/- 0.04 0.10 +/- 0.03 
1024 x 1024 0.58 +/- 0.03 0.01 +/- 0.04 0.57 +/- 0.03 0.01 +/- 0.04 
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Figure 33: Variation in ROC AUC for the four datasets being investigated 
consisting of varying ROI sizes for all 5 metrics being explored in this study. 

  

 Encouraging performance was obtained using the novel featureless CADe FP 

reduction scheme on tomosynthesis ROIs. The best performance across all measures 

was obtained using 256 x 256 pixel ROIs. Since the average lesion size in the dataset 

was 100 x 100 pixels, this reinforces the need to fully encompass the mass for optimal 

performance. Also, cross-bin measures that utilize joint probability distributions 

consistently outperformed measures that rely on only the marginal distributions for 

knowledge-based discrimination of masses from normal regions. Among cross-bin 

measures that incorporate information from non-corresponding bins, mutual information 
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and conditional entropy outperformed joint entropy. It is possible that cross-bin 

measures are more capable at capturing some aspects of visual content more effectively 

than bin-by-bin measures. When the ROI size reaches 1024 x 1024 pixels, the 

performance of all similarity metrics approaches chance.  

 However, a drawback of information theory based techniques is that the localized 

spatial relationships among the image pixels are lost when working with image 

histograms. This limitation has been addressed before in the context of image 

registration. It has been proposed that taking into account the neighborhood of regions 

of corresponding image pixels may be a more effective strategy. In on-going work, these 

results will be applied to full image volumes to assess free-response ROC results. 

 

7.8 Human Subject Example 

A human subject example from subject 122 is shown in Figure 34. While this 

subject had 5 FPs in total only 2 reconstructed slices containing 1 TP and 2 FPs are 

shown for illustration purposes. These results were obtained when the CADe algorithm 

with a scheme A central slice classifier is used while operating at 91.5% sensitivity. After 

FP reduction, the FP in slice 40 was eliminated, however one FP along with the TP 

survived in slice 36. This subject had biopsy confirmed cancer. 

While this subject had 5 FPs in total, only 2 reconstructed slices containing 1 TP 

and 2 FPs are shown for illustration purposes. These results were obtained when the 

CADe algorithm with a scheme A central slice classifier is used while operating at 91.5% 
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sensitivity. After FP reduction, the FP in slice 40 was eliminated, however one FP along 

with the TP survived in slice 36. This subject had biopsy-confirmed cancer. 

 

7.9 Conclusion 

 In this chapter a CADe system for breast tomosynthesis was developed which 

attained promising results over a dataset of one hundred human subjects including 

twenty-five mass cases. The best overall system performance was achieved while using 

a knowledge base consisting of mass and false positive ROIs. Adding normal ROIs in 

addition to or in place of the false positives resulted in the same sensitivity but slightly 

worse specificity, but may represent more generalizable results as doing so decreased 

the dependence on specifics of this detection algorithm. In conclusion, this CADe system 

was based on a human subject data set and used an innovative false positive reduction 

scheme of feature-less information theory based similarity metrics, and demonstrated 

promising results for mass lesion detection.  

Work presented in this chapter was published in Medical Physics in August of 

2008136 and in the International Workshop of Digital Mammography in 2008137. In the 

next chapter we will present results when the current false positive technique was 

extended to be fully 3D. 
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Figure 34: (a) Sl ice 41 prior to FP reduction (b) Slice 41 after FP reduction 
(c) Slice 21 prior to FP reduction (d) Sl ice 21 after FP reduction 
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8. False Positive Reduction Using 3D Tomosynthesis Volumes  

Chapter 6 described how the initial CADe suspicious locations were identified by 

using information from projection images and then reconstructing them to yield 3D CADe 

volumes of interest. Chapter 7 presented a method to reduce false positives by 

extracting the central slice of these VOIs and using an information-theoretic FP reduction 

scheme that relied upon finding similarities between each slice image to existing slice 

images within a knowledge base library. This chapter will present techniques that are an 

extension of those presented in chapter 7 by fully utilizing the 3D nature of the VOIs for 

false positive reduction. 

8.1 Introduction  

 For this study, 250 human subjects were used, including 42 mass cases 

containing a total of 48 lesions in total and 208 cases not containing any masses. These 

208 non-mass cases could however contain scars, clips, and calcifications. The average 

age of these subjects was 58-1/2 years. The demographic breakdown of our data is as 

follows – 84% Caucasian, 14% African-American and remaining 2% identified 

themselves as either Hispanic or Asian or chose not to answer. Approximately 7.4% had 

totally fatty breast with breast density close to 0%, 29.8% of the subjects had breast 

density of 25%, 22.4% were 50% dense, 31.7% were 75% dense and 8.7% were 

considered to have 100% dense breast.  Due to some unilateral cases, a total of 812 

scans were evaluated. The 42 mass cases contained 48 lesions of which 16 were 

biopsy-proven malignant lesions and the rest were benign. Focal asymmetries and 
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calcifications were excluded from this study. Average lesion size is approximately 165 ± 

63 pixels or 14.0 ± 5.4 mm in the x-y direction with an average extent of 6mm in the 

depth direction. 

Previous work showed that summing slices in the VOI did not yield statistically 

significant difference in performance when compared to use of simply the single central 

slice in the VOI. Hence in this study all proposed new techniques will be benchmarked 

against the performance for a single slice information theoretic classifier. However, our 

current dataset comprising of 250 subjects is more than twice the size of the previous 

dataset of 100. As such, we revalidated the older algorithm on the new cases using a 

leave-one-case-out sampling scheme and used the new results as a basis for 

comparison for all work proposed in this paper.   

The main advantage of tomosynthesis over mammography is purported to be its 

ability to see 3D information. The current study therefore seeks to take advantage of the 

3D nature of the reconstructed data for the task of false positive reduction. The proposed 

algorithm utilizes the same methodology to identify VOIs from the initial filtration stage as 

presented in chapter 6. For our current dataset of 250 subjects, the initial performance 

before false positive reduction is a sensitivity of 92% with 7.2 FPs per breast volume. 

However, instead of only using single slices or summed slices of these VOIs, three 

distinct false positive reduction schemes are proposed. While the first scheme 

implements false positive reduction using the entire VOI at once, the remaining two 

schemes consider each slice of the VOI independently.  

Scheme 1 performs a “fully 3D” false positive reduction via the use of mutual 

information as a similarity metric by incorporating all the voxels of a VOI for marginal and 



 

103 

joint probability mass function estimations. Scheme 2 initially classifies each of the slices 

of a given VOI into mass and non-mass categories independently. The decision 

variables from each of the slices were then combined using a Linear Discriminant 

Analysis (LDA) classifier. This scheme will hereafter be referred to as ‘slice-by-slice false 

positive reduction using a LDA.’ The third and last scheme implemented false positive 

reduction by thresholding the decision variable for each slice to yield binary ‘yes’ or ‘no’ 

votes, which are merged into a single unified classification using a likelihood ratio. This 

scheme will be hereafter referred to as ‘slice-by-slice false positive reduction using 

decision fusion.’ Each of the three schemes has been further detailed in the following 

sections and their performances are benchmarked against those of the single slice 

classifier from the previous study when using mass and false positive ROIs as its 

knowledge base. 

 

8.2 Scheme 1 – Fully 3D False Positive Reduction  

 The first approach utilizes the 3D nature of the data by including voxels from the 

entire volume for FP reduction. Thus, the entire 3D volume ends up with a single 

decision variable. Figure 35 depicts the basics of the implementation of this scheme. 

When comparing one VOI of unknown pathology to another of known pathology, two 1-D 

vectors of equal dimensions are obtained. This is done by assuring that each of the VOIs 

are of the same thickness and are constituted of the same number of reconstructed 

slices regardless of the extent of the mass being encompassed. Adopting a universal 

axis for orientation uniquely identifies each voxel of the VOIs. Thus, the (xn, yn, zn)
th voxel 
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of VOI number 1 has the same geographical location within it as the (xn, yn, zn)
th voxel of 

VOI number 2. The individual vectors yield 1D marginal distributions of the VOIs in 

consideration. The paired values of VOIs 1 and 2 yield a 2D joint histogram. Estimations 

of these two sets of histograms are then utilized to evaluate the mutual information 

similarity metric between the two VOIs. 

 



 

105 

 

Figure 35: Implementation of the fully 3D false positive reduction scheme. 

 

For this study, we utilized a fixed VOI size of 256x256 pixels in the x-y direction, 

based on previous study optimizing the slice area137. However, the effect of z-depth 

resolution when constructing a VOI about the centroids obtained from the first stage has 
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not been studied. To this end, we also studied the effect of this parameter for the fully 3D 

false positive reduction scheme as well. 

 

8.3 Scheme 2 – Slice-by-slice False Positive Reduction Using a 

LDA  

 In the second scheme, FP reduction is achieved by obtaining a decision variable 

for individual slices followed by the use of Linear Discriminant Analysis (LDA) classifier 

to combine the various scores from each of the slices to obtain a final VOI decision 

variable. The rationale behind this approach is that not all slices contain the same 

amount of information. Perhaps the information provided by the central slice with 

presumably the largest cross-sectional area of the mass is more useful for the task of 

mass detection? Or perhaps, the slices further away from the center of the mass 

containing the uniquely identifiable features of masses such as their margins or 

spiculations? Unlike the fully 3D scheme, wherein joint and marginal probability 

distribution functions are obtained by collectively aggregating the information in all of the 

voxels, this slice-by-slice scheme provides the opportunity to take advantage of the most 

useful features in different slices. The mutual information between corresponding pairs 

of slices between VOIs is calculated and then combined using the final classifier. It is 

expected that such a scheme might be influenced by the choice of number of slices 

considered, as well as the spatial extent of the volume given a fixed number of slices by 

skipping slices.  
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8.4 Scheme 3 – Slice-by-slice False Positive Reduction Using 

Decision Fusion  

 This approach seeks to improve the performance of the previous scheme by use 

of non-linear classifiers. Linear classifiers such as LDA use only sample statistics and do 

not take into account any knowledge of the probability distributions or prior probabilities. 

We have information about the distribution of positive and negative cases available for 

every slice. Hence, we can turn to Bayesian based classifiers that utilize likelihood 

ratios. 
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Figure 36: The first stage of the 2-stage FP reduction scheme presented in 
this section. 

 

Figure 36 schematically depicts our methodology for this scheme. Assume we 

have N VOIs in the training dataset and also that all VOIs are comprised of the same 

number of slices; in the schematic this number is 4. We separate out the constituent 

slices of all VOIs and form 4 sets of data. Each of these sets consists of N slices of 
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known pathology. We perform a leave-one-case out cross-validation on this training 

datatset to obtain the information-theoretic algorithm’s decision variables for each slice 

in each of these 4 datasets. This is done by taking one case out and calculating its 

decision variable based on its similarity with the remaining slices in that set. We can now 

make local binary decisions on a per slice basis and then combine those decisions to 

come up with a final classifier output85.  

We now define our fusion methodology mathematically. In hypothesis testing, the 

null hypothesis (H0) is that the signal is not present and the alternative hypothesis (H1) 

is that the signal is present. In the context of our study, the signal is defined as the 

presence of a mass, while noise is simply anatomy as depicted in Equation 12. 

 

! 

H
0
: X = N

H
1
: X = S + N

 

Equation 12 

 The likelihood ratio is defined as the probability of an observed value under the 

signal present case divided by the probability of the observed value under the signal 

absent case as shown in Equation 13. As is well defined in decision theory, the 

likelihood ratio is the optimal detector to determine the presence or absence of a signal 

‘S’ when present in noise ‘N.’ Lower values of the likelihood ratio implies that it is less 

likely that an observed event will occur under the alternative hypothesis.  
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! 

"(X) =
P X |H1( )
P X |H0( )

 

Equation 13 

 

For our data we look at the algorithm’s decision variables of each set of slices 

one at a time. Within each of these sets, we know the true pathology of every slice and 

use that to form likelihood ratios for each of the 4 sets. The likelihood ratio is optimal 

under the assumption that the PDFs accurately reflect true densities. Thus, decision 

variables were used to estimate the one-dimensional PDF of each set. For classification, 

a threshold β is applied to the likelihood ratio to get a binary decision output u and is 

shown in Equation 14. 
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Equation 14 

  

 We thus obtain binary ‘0’ or ‘1’ votes for the slices within each set. For the signal 

present hypothesis, the probability of detecting an existing mass is defined as 

P(w=1|H1)= Pd. If the mass is missed, then the probability of missing a mass is 

P(w=0|H1)=1–Pd. However, for the H0 hypothesis, the probability of false detection is 

P(w=1|H0)= Pf and of correctly rejecting the lack of a mass is P(w=0|H0)=1–Pf. 

Therefore the likelihood ratio of this binary decision can be given as shown in Equation 

15.  
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Equation 15 

 

 In the example of Figure 36, 4 such local decisions have been made about every 

VOI for a range of thresholds. Assuming independence of these decisions, the fused 

likelihood ratio is given in Equation 16. While in reality these local per-slice decisions are 

not independent of each other, similar assumptions of independence of local decisions in 

classical decision fusion theory have been shown to have no substantial degradation in 

performance138,139. This assumption is particularly needed because it is difficult to 

estimate the correlation structure of decisions140 given the small number of these 

observations due to limited dataset size. 
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Thus, the PDFs of the fused likelihood ratio can be written as displayed in Equation 17. 

 

 

! 

P " fused |H1( ) = Pdi( )
wi
1# Pdi( )

1#wi

i=1

k

$

P " fused |H0( ) = Pfi( )
wi
1# Pfi( )

1#wi

i=1

k

$
 

Equation 17 

 

By applying various thresholds to this fused likelihood ratio, the probabilities of 

detection and false alarm needed to construct an ROC curve is given as shown in 

Equation 18.  
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Pdfused = P " = " fused |H1( )
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Equation 18 

 

8.5 Nested leave-one-case-out cross-validation  

 The fully 3D scheme has only a single classifier which has been evaluated using 

a traditional leave-one-case-out cross validation approach. However, a nested 2-loop 

leave-one-case-out cross validation approach has been adopted for the dual-classifier 

slice-by-slice schemes in this paper.  
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 For scheme 2, as part of the outer loop of this cross-validation scheme, VOIs of a 

single case was initially set aside as a testing case, while the rest were deemed training 

cases. The VOIs from the training cases were then evaluated on a per-slice basis. The 

number of these sets of slices depended on the spatial extent in the depth direction 

currently being evaluated. As part of the inner loop of the cross validation scheme, each 

set of slices underwent a standard leave-one-case-out FP reduction resulting in a 

decision variable for each slice. All the training cases were then used to determine the 

coefficients of a LDA that would combine scores of each slice of a VOI such that the 

performance metric is maximized. Per-slice decision variables were then obtained for the 

single testing case previously set aside and then combined using the weights 

determined from the training cases to yield a final decision variable for the entire VOI. 

This process was repeated such that each case in the dataset was evaluated as a 

testing case in the outer loop. Final performances were then reported as area under the 

ROC curve (AUC).  

Similarly for the other slice-by-slice scheme, the inner cross-validation loop was 

utilized to obtain decision variables for each set of slices while the outer loop set aside 

VOIs from a single case for testing. In the inner loop, this step was followed by 

evaluation of the likelihood ratio and subsequent decision fusion as described in section 

8.4. To avoid another optimization over a multi-dimensional space to obtain optimum 

thresholds for each of the local likelihood ratios for every set of slices, we chose a fixed 

threshold corresponding to 90% sensitivity for all local classifiers. Once these thresholds 

were established, they were then used to evaluate the algorithm on the single testing 
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case that was set aside as part of the outer loop. This was repeated for every case in the 

dataset. 

 

8.6 Results  

8.6.1 Scheme 1 – Fully 3D FP reduction as a function of  number of 

slices 

 

 

Figure 37: Performance of the ful ly 3D FP reduction classifier when plotted 
against the previously reported performance of the central sl ice algorithm. 
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Figure 37 shows the performance of the fully 3D FP reduction as the slice 

thickness is varied in the depth direction. The red line representing performance of the 

previously reported algorithm using only the central 1mm slice is drawn across the entire 

figure for ease of comparison. The blue line represents the performance of the fully 3D 

classifier along with its error bars. There were minor improvements in performance of 

this classifier as slice thickness in initially increased up to 5mm, then the performance 

decreases and even drops lower than that of the central slice classifier. With p-values 

ranging from 0.5 – 0.7, for none of the thicknesses investigated were the variations in 

performance statistically significant. 
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8.6.2 Scheme 2 – Slice-by-slice FP reduction using a LDA as a 

function of number of slices 

 

 

Figure 38: Performance of the sl ice-by-slice using LDA classifier when 
plotted against the previously reported performance of the central slice algorithm. 

 

Figure 38 shows the performance of the slice-by-slice LDA classifier as the slice 

thickness is varied in the depth direction. As in section 8.6.1, the red line represents 

performance of the previously reported algorithm using only the central slice. Also the 

blue line shows the performance for the slice-by-slice LDA classifier along with its error 

bars. Pairs of slices were incrementally added to yield a volume thickness of 3, 5, 7, and 
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9 mm symmetric to the original central slice. Performance for this classifier also peaks at 

5mm thickness of the VOI and is better than the original central slice classifier, except 

the thickest volume of 9mm when the LDA performance drops to 0.864 which is lower 

than the performance of the central slice classifier. Only the p-value for the 5mm 

thickness slice-by-slice LDA classifier was found to be marginally statistically significant 

at 0.045. Since this classifier performed best when given 5 slices (corresponding to the 

5mm thickness), the effect of variation of spatial extent of the slices in the depth direction 

while keeping the number of slices constant was also studied. However, the 

performance of all such combinations was found to be lower than that of the original 

combination and the corresponding p-values when compared against the central slice 

classifier were not significant as expected. 

 

8.6.3 Scheme 3 – Slice-by-slice FP reduction using Decision Fusion 

as a function of number of slices 
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Figure 39: Performance of the sl ice-by-slice using Decision Fusion classifier 
when plotted against the previously reported performance of the central sl ice 

algorithm. 

 

 Figure 39 shows the performance of the slice-by-slice decision fusion based 

classifier as the slice thickness is progressively increased in the depth direction. As 

before, the red line represents performance of the previously reported algorithm using 

only the central slice and the solid lines represent mean performances while the blue line 

represents the performance of the classifier based on the slice-by-slice decision fusion 

approach. At about a 3mm thickness the algorithm performs the same as the central 

slice algorithm. However, as thickness is further increased, the performance goes up. In 
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fact, the AUC of 0.93 when a 7mm VOI is used when compared against AUC of 0.87 for 

a classifier using only the central slice is statistically significant (p=0.02). 

 

8.6.4 System performances using the three schemes 

 

 

Figure 40: System FROCs. Prior to FP reduction, the system performance 
was at 93% sensitivity with 7.7 FPs per breast volume. Final system performances 
for the three schemes are depicted showing improvements versus the central sl ice 

classifiers. 
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When the decision threshold is varied, the resulting curve is defined as a free 

response receiver operating characteristic (FROC) curve that describes the detection 

sensitivity as a function of the number of false positives per breast volume. FROC 

curves have traditionally been used to evaluate CADe performances. Figure 6 shows the 

FROC curves for the three schemes presented in this paper. For each of the 3 classifiers 

proposed in this study, we picked the thickness at which the FP reduction scheme 

yielded the best performance and used the ROC curve of that thickness to yield these 

FROC curves presented in figure 6. Compared to the initial performance of 93% 

sensitivity at 7.7 FPs per breast volume prior to FP reduction, the final performances 

were a sensitivity of 92% at 4.4, 3.9, and 2.5 FPs per breast volume for the fully 3D, 

slice-by-slice LDA, slice-by-slice decision fusion classifiers respectively. The previously 

reported algorithm attains a maximum sensitivity of 92% with 4.7 Fps per breast volume. 

In order to study the differences in these curves, Jackknife Free-Response Receiver 

Operating Characteristic (JAFROC) techniques were employed46. There was no 

statistically significant difference between the curves obtained via the previously 

reported central slice FP reduction algorithm and the fully 3D MI approach studied in this 

paper. However, the difference in the FROC curves for central slice and slice-by-slice 

using an LDA was marginally significant (p=0.048). Lastly, the difference between FROC 

curves for central slice versus the slice-by-slice decision fusion was highly significant 

(p=0.01). 
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8.7 Discussion  

 To the best of our knowledge, of the many CADe algorithms for mass detection 

in tomosynthesis data, none use techniques like information theory or decision fusion. 

Tomosynthesis inadequately samples the frequency space, as it is a limited angle 

acquisition technique. Reconstruction algorithms that use this limited dataset are often 

reported to have out of plane blur119,123. In fact, various groups have developed and 

presented various reconstruction algorithms all aimed to address the same issue. As 

such, often ‘ringing’ of breast anatomical structures is observed in the planes about the 

plane of focus. This leads to reconstructed slices that do not just contain the information 

contained within that plane but also shadows of information from neighboring 

reconstructed slices. When a previous algorithm was extended to be fully 3D, the results 

shown in Figure 37 indicated that increasing the number of slices had no significant 

effect in the performance of the classifier. This suggests that when reconstructed slices 

about the central slice are included as part of an aggregate volume, they may not add a 

significant amount of ‘new’ information for the task of false positive reduction. Also, as 

the volume thickness is increased there is the possibility of losing the nuances of the 

marginal and joint histograms as many times more data is used leading to a potential 

smoothing out of these histograms.  

Figure 38 and Figure 39 show us that improvements in performance are indeed 

possible but more likely when individual slices are considered independently. The LDA, 

a linear classifier, is inherently limited in its ability to combine information form various 

sources and even more so when some of that information is correlated. The slice-by-
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slice LDA never reaches statistical significance when compared against the central slice 

classifier, however gains in performance are evident for slice thicknesses of 5 and 7mm. 

The slice-by-slice decision fusion classifier is statistically significant when compared 

against the central slice classifier for multiple thicknesses as well. Both the slice-by-slice 

classifiers follow a similar trend wherein there is initial increase in classifier performance 

as the thickness is increased in the depth direction. However, both the slice-by-slice 

classifiers begin to eventually lose performance as too many slices are added. The 

average lesion depth of our dataset is 6mm. This matches intuitively with our results for 

the slice-by-slice classifiers where performance always begins to degrade when 

thickness goes beyond 7mm. The addition of more slices with increasing thickness 

beyond 7mm adds slices which are likely to contain normal anatomy thus degrading 

classifier performance.  

Tomosynthesis slices are inherently marred by artifacts due to limited sampling. 

The use of information-theory principles has been shown to be robust given such a 

dataset. Use of likelihood ratios and the decision fusion methodology in conjunction with 

such a robust technique as information-theory based similarity metrics is especially 

attractive because the likelihood ratios and decision fusion based methodology is shown 

to perform well even when there is presence of noisy and weak decisions to be fused. 

The statistically significant difference in the FROC curves of the central slice classifier 

versus the slice-by-slice decision fusion based classifier is noteworthy as the newly 

proposed classifier can further reduce false positives by over 46% than the previous 

algorithm.  
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There were limitations to this study. Despite using a much bigger dataset than 

the one used in previous studies, more cases with lesions are needed to capture the 

diversity of breast masses in the general population and to allow robust sampling during 

algorithm development. Until an equivalent of a Digital Database for Screening 

Mammography (DDSM) database is publicly available for tomosynthesis data, this will 

continue to be a limitation for all tomosynthesis CADe studies. It is possible that 

improvements in performance can be attained if a principal component analysis or an 

equivalent technique is performed before employing a LDA. An improvement in 

performance due to such a variation in the algorithm’s methods has not been 

investigated in this study. Lastly, there is potential for further improvement of the 

classifier using likelihood ratios if instead of a fixed threshold, a separate optimization 

were attempted to pick the best thresholds for the local decisions.  This was not done, as 

the authors did not wish to incur the risk of overtraining when working with a relatively 

limited dataset. However, inclusion of more mass cases may make this feasible in the 

future potentially resulting in improved overall classifier performance. 

 

8.8 Human Subject Examples  

8.8.1 Subject 60 – Mammography miss, tomosynthesis CADe hit 

 Subject 60 was a 58-year-old woman with simple cyst in anterior right breast. 

Figure 41 shows the conventional film-screen mammographic mediolateral oblique view 

as well as a mag view of the same. The film screen was interpreted as heterogeneously 
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dense fibroglandular tissue by the radiologists in which it is difficult to see the mass 

behind the nipple even in the mag view. The mammographic study of this patient was 

interpreted as normal.  

 

 

 

Figure 41: Subject 60. (a) Mammogram with RMLO view (b) Mag view of (a) 

 

Figure 42 shows a single slice from digital breast tomosynthesis exam in 

mediolateral oblique orientation. The 2 cm oval predominantly circumscribed mass in 
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subareolar breast was identified by the CADe algorithm using the slice-by-slice LDA 

classifier presented in scheme 2 of this chapter. Besides preserving the mass hit, the 

classifier also erroneously preserved the FP in the same slice and it is encircled in red in 

the Figure 42.  

 

Figure 42: Subject 60 - reconstructed slice shows 1 TP, and 1 FP 
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8.8.2 Subject 3 – Invasive cancer, tomosynthesis CADe hit 

Subject 3 was a 70-year-old woman with invasive ductal carcinoma of superior 

left breast. Figure 43 shows this subject’s conventional film-screen mediolateral oblique 

mammogram from 1999 and 2005 where radiologists tracked a subtle architectural 

distortion at the site of prior benign surgical excisional biopsy. Visible at the site is an 

increased density that is present and was interpreted as a post surgical change stable 

since surgery. Figure 44 shows a single slice from the tomosynthesis reconstructed 

volume in mediolateral oblique orientation. The CADe algorithm working with a slice-by-

slice decision fusion based classifier was correctly able to identify and preserve this hit 

during the false positive reduction stage of the algorithm. This patient was later 

confirmed to have invasive ductal carcinoma. 
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Figure 43: Subject 3 (a) LMLO mammographic view from 1999 (b) Same 
subject's LMLO mammogram from 2005 (c) Mag view of this subject in 2005 
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Figure 44: Subject 3, tomosynthesis reconstructed slice with cancer circled 
in green 
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8.8.3 Subject 4 – tomosynthesis CADe miss 

Subject 4 was a 57-year old woman with invasive adenocarcinoma of the left 

breast. Figure 45 shows this subject’s conventional film-screen mediolateral oblique 

mammogram of the left breast with the carcinoma shown via white pointers. A mag view 

of the site with cancer is also shown. The first stage of the algorithm never isolated this 

cancer, and subsequently for every algorithm presented in this dissertation this subject 

was considered a tomosynthesis CADe miss. 

 

Figure 45: Subject 4 (a) Mammographic LMLO view (b) Mag view of (a) 
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 Figure 46 shows the tomosynthesis reconstructed slice running through this 

cancer. The mass is encircled in white and was missed in the stage 1, initial candidate 

generation, stage of the algorithm. 

 

Figure 46: Tomo reconstructed slice of subject 4 with the missed cancer 
circled in white 
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8.8 Conclusion  

 In this chapter, a CADe system for breast tomosynthesis was presented which 

expanded on the previously developed algorithm utilizing only the central slice of the 

VOIs. The new algorithm more than doubled the size of the previously reported dataset 

as well and consisted of 250 subjects with 48 masses. The best overall system 

performance was achieved when attempting false positive reduction using a classifier 

that performed decision fusion of local ‘yes’ and ‘no’ decisions for each slice to attain the 

final answer for the VOI in consideration. The final system performance of 92% 

sensitivity with 2.5 FPs per breast volume represented a 3-fold reduction in the number 

of FPs while maintaining the same sensitivity. In conclusion, this CADe system 

represented an innovative false positive reduction scheme consisting of feature-less, 

information theory based similarity metrics in conjunction with a likelihood ratio based 

decision fusion classifier to attain significantly improved results for mass detection in 

breast tomosynthesis. 
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9. Summary and Future Work 

 The purpose of this work was to  (1) Develop novel CADx models for 

mammography based on texture features (2) Develop innovative algorithms for the task 

of mass detection in breast tomosynthesis imaging data collected by the Duke-Siemens 

clinical trial protocol. The tomosynthesis mass detection algorithm relied on false positive 

reduction techniques that are unlike the majority of algorithms by other groups that rely 

on lesion segmentation, and feature extraction, selection, and merging. Instead we used 

techniques that rely on information-theoretic similarity metrics for the task of false 

positive reduction.  

Mammography and its limitations due to overlying anatomy will certainly be 

addressed in the coming years in the field of breast cancer research. Tomosynthesis 

holds much potential to provide a solution to that very problem. However, with the 

advent of new technology the potential for variations in expertise when it comes to 

reading tomosynthesis reconstructed volumes will be ever more apparent. We have 

already shown that potential of CADx in clinics today when the goal is to improve patient 

care by aiding non-expert breast imaging radiologists in this task. We can extend the 

same logic when it comes to reading tomosynthesis reconstructed volumes. This work 

seeks to address this potential need. However, room for improvement exists. Evaluation 

of proposed algorithm with expanded datasets is the next step. Also, since the 

performance of the proposed algorithm is dependent on the nature of the reconstructed 

volumes, the effect of reconstructing the same data using several other reconstruction 

algorithms and then evaluating its performance will also make for a logical next step. 
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Lastly, we need to explore the possibility of fusing texture based algorithms with our 

information theory based algorithm via powerful classifiers such as decision fusion to 

improve on performance.  

Work by other groups49-51,53,55 using feature-based false positive reduction 

techniques have reported maximum performances of 90% sensitivity using a dataset of 

100 cases with 2.04 FPs / breast. Our innovative technique has delivered a comparable 

performance of 92% sensitivity with 2.5 FPs / breast volume using a dataset of 250 

human subjects. Thus there are strong reasons for us to push forward with this line of 

research in breast imaging to further maximize performance. 
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