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ABSTRACT 

Diagnoses using images made with non-ionizing ultrasound are 

based on qualitive criteria and are not more accurate than those made 

with mammography. Information about tissue state is lost in the 

processing required to produce ultrasound images, and textural 

information may not be perceptible to a human observer. This study 

uses statistical pattern recognition to classify ultrasound A-scans, 

before any processing other than amplification occurs. A U. I. Octoson 

was used to collect data from normal, benign, and malignant, in vivo 

breast tissues. Features based on textural or frequency content of 

received sound were computed from digitized A-scans. Most textural 

features have been used previously in image processing, while 

frequency features assumed differences in frequency-dependent 

attenuation. Data were collected at the University of Arizona from 17 

malignant masses, 8 benign masses, and 7 normal tissues. Univariate 

and multivariate statistical tests were used to find combinations of 

features which discriminated best between the classes of tissue. 

Equal a priori probabilities were used in a Bayesian classifier to 

classify malignant vs. nonmalignant. Specificity of 76 (13 of 17 

malignant masses correct) was found with a sensitivity of 80 (12 of 15 

masses correct). A linear combination of one frequency feature and 

xii 



xiii 

three textural features was used. For malignant vs.benign, 

sensitivity of 88 (15 of 17 masses) and specificity of 75 (6 of 8 

masses) were found. Features used were the same as for classification 

of malignant vs. nonmalignant, except for modification of one textural 

feature. The inability to visually detect and gather data from some 

palpable masses means that further study is needed to determine the 

effectiveness of applying the method to all breast masses. A set of 

A-scans from Thomas Jefferson Hospital in Philadelphia was gathered 

using similar procedures, and analysed with the following results: 18 

of 21 (86) malignant masses, and 45 of 66 (68) nonmalignant masses 

were classified correctly, using a linear combination of one textural 

feature and five frequency features. Confidence limits on the results 

show that the majority of masses can be classified correctly with this 

procedure, but success rates are not high enough for breast cancer 

screening. 



CHAPTER 1 

INTRODUCTION 

The subject of this dissertation is a study of a technique for 

classifying breast tissues, using ultrasound echoes and pattern 

recognition methods. The ability of these methods to classify benign 

tumors, malignant tumors, and normal breast tissues was examined, 

because this ability is necessary (but not sufficient) for any 

automated breast cancer screening method. This chapter discusses why 

early diagnosis of breast cancer is desirable,how ultrasound has been 

used effectively in diagnosing other diseases, and how pattern 

recognition has been used successfully in a number of areas. Finally, 

the possible advantages of combining ultrasound and pattern 

recognition to classify breast tissues will be presented. 

1.1 Breast Cancer and Methods of Detection 

The death rate for women with cancer of the breast is higher 

than the death rate for women with cancer at any other site. One 

woman in eleven in the United States will contract breast cancer 

during her lifetime. About 114,900 new cases develop in the United 

States per year, with 37,000 of these cases causing death. Although 

the five-year survival rate for localized breast cancer has risen from 

78 % in the 1940's to 87 % today, the rate of incidence has also been 

1 



rising, resulting in a nearly constant death rate of about 27 per 

100,000 population per year over the last 50 years (American Cancer 

Society, 1982). 

2 

The cancer death rate can be reduced either by decreasing the 

rate of incidence, or by increasing the rate of survival. Higher 

survival rates may be gained through better treatment, but it would be 

better to eliminate the need for treatment, if possible. With breast 

cancer, women wish to avoid the emotionally and physically traumatic 

treatment of removal of the breast, which is often done to prevent 

the further spread of the disease. As a first step in reducing the 

incidence of cancer, epidemiologic studies are now being conducted to 

help identify environmental factors in cancer development. Most 

cancers are believed to be environmentally related (Demopoulos, 1980), 

and it is hoped that these studies will result in advice on proper 

diet, personal habits and lifestyle, and regulations on occupational 

and other public environments. There are problems with this approach, 

however. The results of epidemiologic studies come in after long 

periods of time, and it is hard for individuals to change their habits. 

Also, public health measures that might eliminate people's livelihoods 

and/or profits without providing alternative means for making an 

income have met furious opposition. The strong lobby to maintain 

government subsidies of the tobacco industry continues in spite of 

conclusive evidence that smoking causes lung cancer. It would be 



prudent, therefore, to pursue another approach to decreasing the toll 

from cancer in addition to more prevention and better treatment. 

3 

An alternative way to increase survival, and thus decrease 

death rates, is earlier detection of cancer. The five-year survival 

rate for breast cancer that has spread is only 47 %; if all breast 

cancers could be detected early, the rate for all cases would rise 

from 65 % to at least 87 %, which is the present rate for early, 

localized cases (American Cancer Society, 1982). The simplest method 

for early detection is palpation in a monthly breast self-examination; 

but by the time a mass has become large enough to feel and it has 

been reported to a physician, it may have already started to spread. 

What is needed is a procedure that will detect masses safely and 

accurately, and application of that procedure on a wide scale to 

discover all cases as they develop. Such procedures are known as 

screening, for they screen out possible abnormalities for further 

study. The ideal screening procedure would be safe, rapid, readily 

available, inexpensive, and acceptable to the women being screened. It 

would also not fail to flag any malignancies that are large enough to 

do harm, but it could also flag some normal tissues and benign 

conditions if the diagnosis that follows screening is accurate. 

Often the same methods used for screening may be used to aid 

the diagnosis, but a definitive diagnosis can only be made by a 

pathologist who has studied a sample of the mass (Strax, 1979). 

Screening and diagnosis have in common the collection of data about a 
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patient, and classification of the data into two or mo·re categories or 

classes. In diagnosis, the classification is always made by a 

physician and is considered to be the best decision that can be made 

from the available data. In screening, however, classifications may be 

made by a physician, another suitably trained person, or even a 

machine, since they are preliminary decisions and are always followed 

by more study. Screening may even be impossible without machines 

because it involves so many patients who must be studied rapidly and 

economically. When characteristics of the data are not readily 

perceptible to a human being, the physician may also want to take into 

consideration a classification made by a machine. 

In addition to physical examination, the methods that have 

been studied for use in breast cancer screening and/or diagnosis 

include computed tomography (Chang, et a1., 1978; Gisvo1d, et a1., 1979; 

Chang, et a1., 1982), infrared thermography (Lapayowker and Revesz, 

1980; Goin, 1982; Goin and Haberman, 1983), microwave thermography 

(Barrett, et a1., 1980), diaph.anography (Brenner, 1982; Watmough, 1982), 

ultrasonic imaging and tissue characterization (Kobayashi, et a1., 1974; 

Kobayashi, 1979; Harper and Kelly-Fry, 1980; Co1e-Beug1et, et a1., 1981; 

Harper, et a1., 1981,1983), nuclear medicine (Cancroft and Goldfarb, 

1981), mammography (Wolfe, 1974), and xeroradiography (Wolfe, 1972). 

All of them record and analyze the interaction of various forms of 

radiation with tissues, and all of them, except thermography, involve 

the introduction of radiation that is not naturally present in the 

body. 
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Mammography and xeroradiography are the most widely used 

methods at this time. They have been shown to reduce cancer 

mortality through early detection for women over 50 years of age 

(Shapiro, 1979), but they expose women to ionizing radiation. Because 

exposure to X-rays illcreases the chance that a woman will develop 

breast cancer (Upton, et al., 1977), the National Cancer Institute has 

recommended that mammography not be used with asymptomatic women 

under 35 (Breslow, 1977). The dose delivered in a typical 

mammographic examination was about one rad when these guidelines were 

issued. Since then, refinements of the mammographic equipment have 

made examinations with as little as 0.25rad possible, but many clinics 

do not have the new equipment and may deliver several rads (Haagensen, 

BOdian, and Haagensen, 1981). 

If examination with ultrasound were as accurate as 

mammography, the risk of breast examination might be reduced and 

screening be more widely applied. Many authors have reported results 

of ultrasonic imaging of the breast, and visual interpretation of the 

images. The sensitivities (correct classifications of malignant tissue) 

that have been reported for breast cancer diagnosis with ultrasound 

range from 76% to 90%, with an overall rate (through 1976) of about 

85 % for 1180 patients (Kobayashi, 1978). The corresponding 

specificities (accuracy in classifying benign masses) varied from 70 % 

to 90 %, with an overall rate of 83 % for 938 patients. Since these 

results were reported, Cole-Beuglet, et ale (1981) compared ultrasound 
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mammography, (USM, classification of an ultrasound image by a 

radiologist) with radiographic mammography (XRM) in a study of 1029 

symptomatic patients. The sensitiv:f.ties for breast cancer of the two 

modalities were 69 % for USM and 74 % for XRM; the difference was not 

statistically significant. Specificities were 79 %. for USM and 89 % for 

XRM; these results were not significantly different, either. They were 

unable to show that ultrasound should be used for screening, however, 

because they did not image many tumors 2 cm in diameter or smaller. 

Kobayashi (1978) also found nearly identical breast cancer detection 

rates of 85 % and 83 % for ultrasound mammography and x-ray 

mammography, respectively, for tumors of all sizes. Specificities were 

not reported. The study of Sickles, Filly, and Callen (1983) differed 

from those already mentioned in that they imaged many cancers which 

were smaller than 1 cm and/or nonpalpable. They compared use of 

whole-breast ultrasound scanners and state-of-the-art mammography. 

Ultrasound correctly detected and classified only 37 (58 %) of 64 

breast cancers, and mammography detected and classified 62 (97%) of 

them. (There were not yet enough patients with benign masses in their 

study to report results.) They concluded that upgrading mammography 

equipment to state-of-the-art may be more effective for finding 

breast cancer than investing in an ultrasonic breast scanner. 

In addition to the ideal characteristics mentioned above for a 

screening procedure, screening for breast cancer with ultrasound would 

require that tumors smaller than 2 cm in diameter be found and 
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identified as potentially malignant; i.e., they must be detected and 

classified. This is difficult because small tumors may not be 

palpable, may not be resolved by curren~ly available ultrasound 

imagers, and are hard to locate in the volume of breast tissue, 

especially if they have not been located approximately by palpation. 

Another requirement is that error rates for the combination of 

detection and classification must be very low. In screening~ the 

specificity is not the proportion of patients who are correctly 

classified as having benign conditions, but the proportion of patients 

who are correctly classified as not having malignant conditions. Since 

the number of women with breast cancer is much smaller than the 

number without it, the specificity must be higher than the sensitivity. 

The screening test will result in a small number of patients 

classified as having cancer, even if the sensitivity is not high. It 

would be fairly easy to handle that number in the more definitive 

diagnosis which follows. However, if specificity is not very high, a 

large number of the women who are classified as not having cancer 

will actually have it. It will be necessary to conduct long term .. 
followup on all the women who had negative results. Long term 

followup is also necessary when the screening test is being developed. 

A mass which is initially classified as negative may actually be 

malignant, but may not yet be large enough for the test to identify it 

as such. 
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The study which is reported on in this dissertation was an 

attempt to show whether use of a computer to analyze backscattered 

ultrasound from a breast mass can identify the mass as malignant or 

benign, with sufficient reliability to justify further research in 

automating the initial search for masses that may be breast cancer. 

If the reliability of this method is found to be high, it could be used 

to find small malignant masses that mayor may not be visible in 

sonograms or mammograms, and make ultrasound as accurate as 

mammography. 

1.2 Use of Ultrasound in Diagnosis ,of Disease 

Some background and terminology should be introduced before 

the detailed discussion of ultrasound in breast cancer detection in 

section 1.4 and chapter 4. Ultrasound has been used widely for at 

least ten years in cardiology, obs'tretics, and gynecology, and it is 

also used routinely in abdomina~ organ scanning, brain midline 

detection, thyroid evaluation, eye scanning, and blood flow 

determination (Erickson, et al., 1974; Haber, 1980). Two modes of echo 

collection and display are commonly used in medical applications, and 

are illustrated schematically in figure 1.1. A-scans are plots of 

voltage vs. time on an oscilloscope, and indicate the relative 

positions and strengths of reflectors in the tissue being examined. A 

piezoelectric crystal is used as transmitter and receiver of 

ultrasound, and the volume of tissue examined is the same as that 

through which the sound beam propagates. Only organs and interfaces 
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which are in this volume are shown in the A-scan, as indicated in 

figure 1.1, which shows strong echoes from two interfaces and weaker 

echoes from tissue within a mass. 

B-scans are tomographic images produced by angular scanning 

of the transducer through a sector of the region, or linear scanning 

across the region to be examined. The transducer is pulsed to 

transmit and receive data along one line of sight, and then moved to 

collect the next line. Transducer position can be measured by the 

potential across a sinusoidally wound potentiometer connected to the 

transducer, or can be followed digitally by using a microprocessor to 

drive a stepping motor that causes the scanning. The data along each 

line of sight is stored in a scan converter, which may be analog or 

digital, and displayed on a cathode ray tube (CRT). Figure 1.1 shows a 

B-scan being created with a single transducer. Note that only 

interfaces which produce specular reflections produce strong echoes 

which appear in the image. The theory of image formation with 

ultrasound, using a linearly scanned, unfocused transducer, has been 

worked out by Fatemi and Kak (1980). The point spread function they 

derived is position-variant. 

Originally, B-scans were limited to a display of highly 

reflective organ interfaces only, because the available analog scan 

converters stored only bistable data. Since the early 1970's, it has 

been possible to display the low level echoes within organs as well, 

and this development has been commonly referred to as grey scale 
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echography (Kossoff, et al., 1976a). Several grey scale B-scans made 

from different directions may be overlapped or compounded in the scan 

converter to fill in areas that would be shaded by highly attenuating 

features if they were viewed from one direction. Compounding also 

causes full display of specular organ boundaries, which may be only 

partially imaged from a single viewing angle. A more recent 

development is real-time B-scanning, in which fast mechanical scanning 

of a single transducer, or electronic scanning of an array of 

transducers, is used to create images at video frame rates (Wells, 

1980). This technique is widely used by cardiologists to examine heart 

motion noninvasively. It is also used to examine the abdomen, 

gallbladder, biliary tract, bowel, neonatal brain, early pregnancy, and 

fetal abnormalities (Wins berg and Cooperberg, 1982). 

The last commonly used technique in ultrasound which will be 

introduced here is Doppler ultrasound (Strandness, 1978). Reflection 

of ultrasound from red blood cells within vessels, or from moving 

interfaces such as arterial walls, produces Doppler shifts in the 

frequency of the backscattered sound. The frequency shifts fall in 

the audible range for humans, and can be analyzed by listening, by 

plotting signal amplitude versus time, or by computation and display 

of the time-varying spectral content of the Doppler signal. Doppler 

capabilities are often combined with real-time B-scanning in one 

machine for evaluating vascular disease. 
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The data used in this study were collected by using a 

compound sector B-scan to find the area of interes t, moving a 

transducer manually until its line of sight went through the area, and 

digitizing an A-scan through the area. The full procedure will be 

described in more detail in chapter 5. 

1.3 Application of Computers to Classification of Disease Patterns 

Some examples of the successful use of computers to aid 

classification of biological materials or diseases are now presented". 

In a recent survey of progress in this area, Kendall Preston (1982) 

points out that commercial hardware already exists for fully 

automated pattern recognition in one area of biomedicine -- analysis 

of cells of the human periphal bloodstream. Four commercial machines, 

namely the Abbott ADC 500, Coulter diff3, Geometric Data Hematrak, and 

Corning LARC, perform white blood cell differential counts as much as 

ten times faster than even the most skillful hematological 

technologist can do them. At the research level, pattern recognition 

has also been applied to the analysis of images of chromosomes, 

cervical cells, and certain types of tissues. Some of the work 

reported here has been done using the same system of computer 

software, TICAS (Taxonomic IntraCellular Analytic System) (Wied, et ale, 

1968), that was used in the research for this dissertation. This 

collection of programs can be used for applications other than 

cytology because its analytical portion is independent of those 

portions which acquire and process the input data. The system is 
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described in more detail in chapter 6. It has been used to 

discriminate between normal cells and bladder cancer cells found in 

urinary sediment, with rates of misclassification of approximately five 

to ten percent for both classes (Koss, et al~ 1977a, 1977b). It has 

also been used to discriminate between human T and B lymphocytes with 

better than 80 % correct assignments (Durie, et al., 1978; Bartels, et 

al., 1978). In another field, it has been used to classify 

electroencephalographic and evoked potential data from normal and 

dyslexic boys. After classification citeria were developed with some 

of the boys, eighty percent of the remaining boys were classified 

correctly (Duffy, et al., 1980). 

Kruger, et al. (1974) applied pattern recognition to classify 

chest radiographs for presence and profusion of coal worker's 

pneumoconiosis (black lung). They used digital measurements of image 

texture, and hybrid optical-digital measurements of optical Fourier 

components, and found that both methods yielded classification results 

comparable to those from experienced radiologists. 

James Goin (1982) has applied receiver operator characteristic 

(ROC) curve analysis to breast cancer detection with thermography. 

Data were collected by physician assessment of the degree to which 

certain characteristics were present in the thermograms, and 

classified by a multivariate logistic function (MLF) (Goin and 

Haberman, 1983). The phYSician rating of level of suspicion of cancer 

resulted in an approximate 35 % false positive rate to obtain a 90 % 
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true positive rate. The MLF classification required a 50 % false 

positive rate to obtain the same true positive rate. Neither the 

observer classification nor the MLF classification gave results good 

enough to assert that thermography can be used for screening, because 

so many false positives would overburden the radiologists charged with 

reviewing the screening results. However, the machine classification 

did approach the observer's performance using only four measurements 

from each thermogram. 

Joo, et al~ (1983) analyzed phonocardiograms, recordings of 

heart sounds, from porcine prosthetic heart valves. A classifier was 

designed from two frequency measurements on 20 subjects, and was 

tested on 20 other subjects. The 7 abnormal subjects were all 

classified correctly, and 10 of the 13 normal subjects (77 %) were 

classified correctly. 

Pattern recognition methods have been used with diagnostic 

ultrasound in a number of applications. Four recent uses will be 

discussed here. Franklin, et ale (1980) have used discriminant analysis 

to classify ultrasound A-scans from normal and ischemic canine 

myocardium in vivo. Using 5-7 features of the rectified A-scan, 94.5 % 

of 2199 waveforms were identified correctly. 

Lerski, et ale (1981) computed textural features of A-scans 

through 59 normal, 18 fatty, and 27 cirrhotic, human livers in vivo. 

Classification accuracies were 94 % for normal/fatty liver 

discimination, 83 % for normal/cirrhotic, and 84 % for cirrhotic/fatty 

liver. 
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Greene, et al. (1982) used a collection of pattern recogni.tion 

programs called ARTHUR to classify carotid arterial disease in humans 

using features of Doppler ultrasound signals. A series of three 

decisions were made on data from 93 patients, of whom 44 were normal, 

14 had more than 50 % stenosis of the carotid, and 35 had less than 

50 % stenosis. The classifier first separated normal from diseased 

patients, then those with more than 50 % stenosis from those with less 

than 50 %, and then those with less than 50 % but more than 20 % 

stenosis from those with less than 20% stenosis. These were referred 

to as decisions I, ll, and Ill. Two or three features of the time

dependent spectrum of the Doppler signals were used to make each 

decision, and the performances of five different classification 

algorithms were compared. The best classifier, an iterative 

discriminant function developed by Pietrantanio and Jurs (1972), gave 

correct classification rates of 97.5 %, 98.2 %, and 85.9 % for decisions 

I, ll, and Ill, respectively. 

Benson, et al. (1983) examined benign and malignant thyroid 

tissues with ultrasonic A-scans and pattern recognition techniques. 

Their technique was essentially the same as that used by the same 

group for a breast cancer study which will be described in chapter 4. 

The data set consisted of 304 A-scans from 20 benign tissue areas, and 

64 A-scans from 3 malignant areas. The features used were based on 

the spectral content of the echoes posterior to, within, and anterior 

to the mass. Six of these features were selected and used to classify 
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the data. The classification resulted in ties for 30 % of the data, 

which were considered to be in the "retake" category; i. e., data would 

have to be collected from the patient again, until a classification 

could be made. Of the data which were not assigned to "retake", 100 % 

of the malignant data were classified correctly, and 95 % of the 

benign data were classified correctly. 

These examples show that computerized pattern recognition has 

been applied successfully to many problems in medicine, including the 

analysis of ultrasound data. These problems have in common the need 

to examine and classify large volumes of complex data in the shortest 

possible time. In some cases, pattern recognition is already as 

accurate as human classifiers, and faster. In others, the pattern 

recognition results compare favorably with those obtained by human 

observation, but have not been refined to the point of being faster. 

For automated classification to be more widely accepted and used in a 

particular application, it must be shown to be at least as reliable as 

the best manual method of classification, as it has for white blood 

cell counting. 

1.4 Rationale for Computerized Classification of Breast Cancer 
with Ultrasound 

A radiologist using ultrasound to examine a breast lesion 

makes a decision about the nature of the mass from visual information 

in the grey-s cale B-s can. Liquid-filled masses (cysts) have 

distinctive appearances which make ultrasound the most reliable 
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imaging technique for differentiating solid lesions from fluid filled 

lesions and enlarged ducts as small as 2 mm in diameter (Jellins, 

Kossoff, and Reeve, 1977). Xeroradiography and X-ray mammography are 

not as effective for this purpose because the difference in electron 

densi .. ty of fluid and solid lesions is small. Ultrasound is attenuated 

and backscatterred much less by fluid than by solid tissue (see 

chapter 2), so the interior of a cyst appears free of echoes, and the 

echoes from posterior tissue are strong compared to those from the 

surrounding tissue. The appearance of B-scans from different types of 

solid lesions, such as benign and malignant lesions, is much less 

distinctive. Kobayashi (1977) relied upon the strength and shape of 

boundary echoes, nature of internal echoes, and retromammary and 

retrotumorous shadowing in attempting to diagnosis breast tumors. 

Cole-Beuglet and Goldberg (1981) have published a list of typical 

ultrasonic appearances of breast masses, and their table is reproduced 

in table 1.1. Jellins, et al. (1982) have classified malignant lesions 

using the following criteria, in order of importance: 

1. Distortion of breast architecture. 

2. Internal echo content. 

30 Skin involvement. 

40 Boundary echoes. 

50 Posterior detail. 



Table 1.1. Typical Ultrasonic Appearances of Breast Masses (Co1e-Beuglet and Goldberg, 1981) 

Criterion 

Contour 

Shape 

Internal Echoes 

Boundary 
Anterior 

Posterior 

Distal echoes 

Attenuation effect 

Fluid Filled 

Smooth 

Round or oval 

None 

Strong 

Strong 

Enhanced, lateral 
wall shadows 

Minimal 

Benign 

Smooth 

Round or oval 

Weak, uniform 

Strong to 
intermediate 

Strong to 
intermediate 

Intermediate 

Minimal to 
intermediate 

Solid 

Malignant 

Irregular 

Round lobulated, 
tubular 

Weak, non-uniform 

Intermediate 

Weak to absent 

Shadowing (either 
central or partial) 

Intermediate to 
great 

I-' 
(Xl 
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6. Shape and position of mass. 

7. Surrounding tissues. 

They report a sensitivity of 83% in detecting 147 cancers greater than 

5 mm in diameter using these criteria. (Specificity was not reported.) 

The descriptions of the important criterion of internal echo 

content in these studies are limited to such terms as uniform or 

variable, very low, low, or medium. More detailed decriptions are not 

possible for two reasons: first, the standard process of measurement 

and display of ultrasound echoes decreases their information content; 

secondly, the human visual system has a limited capacity to perceive 

the appearance of the displayed echoes. 

The television display used for B-scanning has limited spatial 

resolution, and has a dynamic range of about 20 decibels (dB). 

Ultrasound echoes from tissues, after reception by the transducer and 

amplification, are bipolar, at high frequency (typically 1 to 10 MHz), 

and may have a dynamic range of 80 dB. The weakest echoes come from 

interfaces within the brain, and the strongest echoes come from 

interfaces between soft tissue and bone (Kossoff, et al., 1976a). To 

display these echoes, the signal is rectified to make it unipolar, 

envelope detected to reduce its spatial frequency bandwidth, and 

compressed by logarithmic or nonlinear transformation to reduce its 

dynamic range (Wells, 1974). In addition, suppression may be used to 

subtract background levels, and differentiation may be used to 

emphasize boundaries before display. The advantage in digitizing the 
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radio frequency signal before all these processes is that it maximizes 

the available bandwidth and preserves about 48dB of dynamic range (if 

digitization is to 8 bits accuracy). Thus the digitized signal 

represents the interactions of sound and tissue as closely as 

possible, and quantitative calculations on the A-scans can be made 

with computer software. Such calculations include measurements of 

the spectral properties of the waveform, and attempts to deconvolve 

the transmitted sound pulse shape from the signal. 

The internal echoes from a mass are perceived as a field of a 

particular texture by the observer. The texture is determined by the 

interaction of the sound with the tissue, and thus represents the 

structure and acoustic properties of the tissue in some way. The 

levels of grey in the image may be described by statistics of all 

.levels in the field taken one resolution element (pixel) at a time, 

such as mean, variance, and higher moments. These characteristics of 

single pixels are known as first order statistics. The grey levels 

may also be described by statistics of spatial interrelationships, such 

as combinations of two or more levels. Statistics of combinations of 

n levels, separated in space by all possible separations, are known as 

nth order statistics. Julesz, et ale (1962, 1973, 1975) have 

discovered that in most cases, humans cannot discriminate between 

textures that have the same first and second order statistics but 

different higher order statistics. The computer can be used to 

measure these statistics and use them to classify different textures. 
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(Only in the highly artificial case of repeated texture elements with 

different numbers of disconnected or closed lines can fields with the 

same first and second order statistics be discriminated (Julesz, 

1981).) 

A simple example is given in the texture field of figure 1.2. 

This field is actually made up of two adjacent, distinctly different 

fields. They have the same overall mean, variance, and higher moments 

of single grey levels. In other words, their first order statistics 

are identical. The combinations of grey levels taken two at a time 

occur with the same frequency in both fields, which means that the 

second order statistics are also identical. The two fields differ in 

the frequency of occurence of combinations of grey levels of three 

pixels. This is a difference in third order statistics. It is 

difficult to distinguish the two fields visually (but careful study 

may reveal that one has more long runs of the same grey level in it). 

A simple computer classification, based on the third order statistics, 

is shown in figure 1.3. The computer was used to count the occurences 

of all the possible combinations of three grey levels of pixels, and 

it was found that there were two distinct sets of combinations. 

Pixels were changed to white or black at positions where one set or 

the other was present. In this way the third-order difference was 

converted to a perceptible first order difference. 

The power of statistical calculations is often applied to 

biological problems because the great variability of biological 
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systems (i.e., their stochastic nature) makes the recognition of small 

differences in sets of limited data samples very difficult. The 

analysis of ultrasonic echoes from breast tissue is such a problem 

the complexity of the interaction of ultrasound with breast tissue is 

discussed further in chapter 2. The need to achieve accurate 

classifications of breast tissue, and the success of computerized 

statistical pattern recognition in other biomedical problems, suggest 

that it will be beneficial to investigate its use in this problem. 



CHAPTER 2 

INTERACTION OF ULTRASOUND WITH BIOLOGICAL TISSUES 

In this chapter, the tissue parameters which might be 

measurable with ultrasound are defined and discussed, and the reasons 

for choosing the particular parameters used for this study are 

presented. The fundamentals of ultrasound propagation are derived in 

many publications, and these discussions will not be reproduced here. 

Two of the most useful treatments, written with medical and 

biological uses of ultrasound in mind, are the book by Wells (1977) and 

a book chapter by Bowen (1980). The field which has come to be known 

as ultrasonic tissue characterization is reviewed in papers by Chivers 

(1981) and Linzer and Norton (1982). 

2.1 Propagation of Ultrasound in Liquids 

In a lossless, homogeneous medium of infinite extent, the 

pressure on a small element of volume, and the velocity of that small 

element, both obey wave equations with the same wave velocity, c. The 

wave equation for an infinitesimal change in pressure, p, is 

a 2)) 
V2 p = (Po/B) atr (2.1) 

and the corresponding expression for infinitesimal changes in velocity, 

v, is 

25 
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(2.2) 

The common wave velocity is 

(2.3) 

where Po is the density of the medium, and B is its bulk modulus. 

Typical velocities in tissues are close to that of water, about 1500 

m/sec. For easier mental calculation this figure is remembered as 1.5 

mm/psec. The' travelling waves which are solutions of the wave 

equations may be either transverse (shear) waves, or they may be 

longitudinal waves. However, in gases, liquids, and soft tissues, shear 

waves do not propagate for appreciable distances, and the Laplacians 

in equations 2.1 and 2.2 can be replaced by a second partial derivative 

in the direction of propagation. The pressure and velocity at any 

point are related by the acoustic impedance, Z, of the medium: 

Z = .E 
v = ( )

1/2 
PoB (2.4) 

The speeds of sound in particular biological tissues have 

characteristic values. Equivalently, tissues have distinctive acoustic 

impedances, since the densities of all tissues except bone are nearly 

the same as that of water. 

Reflection, refraction, and transmission occur at the interface 

between two media, and all the familiar optical phenomena have their 

acoustical counterparts: the angles of incidence and reflection are 

equal, total internal reflection may occur, and Snell's law holds. The 
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conditions that pressure and particle velocity must be continuous 

across the boundary lead to the acoustical analogues of the Fresnel 

equations for the reflection and transmission coefficients. For waves 

travelling along the normal to the boundary, the reflection 

coefficient for velocity or pressure amplitude is 

(2.5) 

where the wave travels from medium 1 to the interface with medium 2. 

Since the energy density of acoustic waves is proportional to the 

square of the velocity or pressure amplitude, the coefficient for 

reflected power is the square of r. A 5 % impedance change, which is 

large for the interfaces encountered in soft biological materials, 

results in reflection of 0.25 % of the incident energy, and 

transmission of 99.75%. These weak reflections allow the wave to 

travel a large distance through tissue and provide information about 

tissues deep within the body (if absorption and scattering, which are 

discussed in the next section, are ignored). 

Non-ideal liquids have some viscosity, which causes absorption 

of the energy of the wave as it propagates. This is due to frictional 

forces acting against the motion of the particles in the medium. If a 

plane wave propagating in the z-direction has irradiance (power/unit 

area) 10 at z = 0, its irradiance at position z is 

(2.6) 
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where Pa is the classical attenuation coefficient due to viscosity. It 

has the form 

Pa = ~ f4
3 

n + 
Poco L (2.7) 

where n is the shear viscosity of the medium; 1.1) is the angular 

frequency of the sound; y is the ratio of specific heats, cp/Cv; and K 

is the thermal conductivity. Note the dependence on the second power 

of the frequency. 

2.2 Absorption and Scattering in Tissue 

Attenuation of ultrasound in tissues is due to absorption and 

to scattering from inhomogeneities. Thus for tissues, the irradiance 

of a plane wave at position z should be written as 

I(z) = Io exp [-( Pa + Ps ) z] (2.8) 

where Ps is the scattering coefficient. The outstanding characteristic 

of attenuation in tissue is that the attenuation coefficient has been 

found experimentally to depend on a power of the frequency that is 

closer to 1 than to 2 (Wells, 1977). Some mechanisms that have been 

proposed to account for a near-linear frequency dependence of 

absorption are combinations of classical viscous absorption and 

relaxation processes at multiple frequencies. These latter processes 

involve transfer of energy to the medium from the sound wave, and 

back to the wave after characteristic time delays. The time delays 

cause the energy returned to the wave to be shifted in phase with 

respect to the incident wave, causing interference with the wave and 
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producing absorption. Some of the possible relaxation mechanisms in 

tissue are thermal energy transfer between molecules, changes from 

one isomeric molecular form to another and back, or changes in short

range molecular order. 

The echoes seen in the interior of organs in B-scans are 

primarily due to reflection from microscopic interfaces between 

parenchymal tissue (the tissue which carries out the function of the 

organ) and connective tissue, which is made up of the protein collagen 

(Fields and Dunn, 1973). Collagen has a high acoustic impedance, and a 

correlation between the velocity of sound of an organ and its collagen 

content has been found (O'Brien, 1977). Total attenuation and collagen 

content are similarly correlated. 

2.3 Possible Quantifiable Parameters of Tissue 

To summarize the discussion of the last two sections, tissues 

may be characterized by measuring their interactions with ultrasound. 

These interactions include reflection, refraction, absorption, 

scattering, and changes in velocity. The temperature dependence and 

frequency dependence of these interactions may also be measured. 

From these measurements, properties such as density, bulk modulus, 

structure, and composition might be inferred. Unfortunately, it is 

difficult to measure any of these interactions independently. For 

example, to get computerized tomographic images of velocity or 

attenuation, one must somehow compensate for the deviation of the 

sound beam from a straight line,· which is caused by refraction. 
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Absolute measurements of attenuation vs. depth by simple A-scans are 

complicated by the same phenomenon, plus the variation of attenuation 

along the beam. The received power is affected by the attenuation of 

all the tissue along the beam, in addition to that of the tissue of 

interest. This is particularly true of breast tissue, because it has a 

complicated structure which changes with age. 

2.4 Interaction of Ultrasound with Breast Tissue 

Given the lack of understanding of the fundamental mechanisms 

of the interaction of ultrasound with biological tissue in general, it 

is not surprising that interactions with breast tissue are also not 

well understood. This is due to the complexity of the breast, which 

contains ductal tissue which secretes and collects milk, connective 

tissue and muscle, and varying amounts of fat, blood vessels, nerves, 

and lymph (Haagensen, 1971). From the hipple, 20 or more ducts lead 

to separate lobes, each made up of a number of lobules, or gland 

fields. Each lobule is enclosed by a collagen envelope, and contains 

10 to 100 acini, which secrete milk, and are themselves surrounded by 

collagen membranes. The number and size of the lobules vary during 

the woman's lifetime. Clearly, estimating the ultrasonic parameters 

of a particular volume element of this tis·sue, while ignoring the 

effects of the surrounding tissue, will not provide an absolute 

measurement. However, in clinical practice, B-scan images of the 

breast have been used to provide information about tissue state. Also, 

the problem of breast cancer is of such great importance that 



analysis of whatever data can be obtained from present day clinical 

machines is justifi~d. 

2.5 Implications for Computer Processing of Ultrasound Echoes 
from the Breast 
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The choice of the parameters used in analysis of backscattered 

u~trasound in the breast must be made on practical grounds. Since the 

interactions of sound with tissues are not well understood, and the 

breast is a most inhomogeneous organ, the most practical strategy is 

empirical and heuristic. This implies a greater emphasis on simple 

measurements of texture or frequency content, for example, than on 

complicated schemes to get quantititave measurements that may not be 

physically justifiable. The ultrasonic parameters of breast that can 

be measured most accurately at this time are velocity, attenuation, 

and angular scattering. Glover (1977) and Greenleaf and Bahn (1981, 

1983) have attempted to make velocity and attenuation measurements by 

ultrasonic computed tomography. This requires specialized machinery, 

and the method does not reach the posterior portions of the breast. 

Making angular scattering measurements also requires machinery which 

is not normally found in the ultrasound clinic. The most common 

machines for ultrasonic diagnosis which are already installed in 

clinics are B-scanners and real-time scanners. They are easily 

interfaced to a computer for analysis of A-scans. This is an active 

area of research for classification of tissues of the breast and other 

organs because improvements in existing machinery are more 
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advantageous than expensive replacements. An example of this approach 

is the work of Lerski, et ale (1981). They have shown that the texture 

of signals from liver can provide discrimina.tory information when used 

with statistical pattern recognition techniques. 

On the basis of these considerations the approach in this 

study was to make simple measurements on A-scans from a B-scanner, 

and to rely on the power of the statistical techniques to get reliable 

classifications. 



CHAPTER 3 

BASIC CONCEPTS OF STATISTICAL PATTERN RECOGNITION 

This chapter presents some characteristics of statistical 

pattern recognition systems that are generally true for all such 

systems. Chapter 6 will describe TICAS, a particular pattern 

recognition system which has worked well for some biological 

problems, and has been used in this study. Syntactic pattern 

recognition, an alternative style of pattern recognition which involves 

combinations of pattern primitives in a grammar or syntax, will not be 

discussed here. It is discussed in detail by Fu (1974, 1977). General 

references on statistical pattern recognition are Fukunaga (1972) and 

Meisel (1972). 

3.1 Overview 

A general, schematic diagram of a pattern recognition system 

is shown in figure 3.1. A pattern is considered to be any set of 

characteristics which are possessed by an individual, which together 

are typical of a class to which that individual belongs. For example, 

a pattern which would denote a member of the class of turtles is 

possession of a shell, protusion of a head and four legs from the 

shell, and a defensive behavior involving withdrawal of the legs and 

head into the shell. Subclasses of turtles may be defined by hardness 
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Fig. 3.1. Schematic Diagram of a Pattern Recognition System 
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of the shell; habitat in salt water, fresh water, or on land; mean size 

of adults; or any other distinguishing trait. Each of these traits is 

referred to as a feature in pattern recognition. The process of 

measuring and quantifying these traits is called feature generation. 

The number of features is reduced by the process called feature 

selection, which gets rid of useless or redundant features and retains 

the most useful ones. (The combination of feature generation and 

feature selection is often referred to as feature extraction, and 

feature generation alone is also sometimes called feature extraction.) 

The feature values for an individual may be considered to be 

the components of a feature vector in a space of as many dimensions 

as there are features. In figure 3.1, the feature values are 

represented as components of the feature vector X. The selected 

features are assigned to one class or another by a classifier. In 

effect, boundaries are created in the feature space between regions 

which are considered to contain only feature vectors from single 

classes. Figure 3.2 represents a planar boundary between two classes 

in a three-dimensional feature space. Note that if these two 

distributions of feature vectors were limited to the two dimensions of 

features 1 and 2, the two distributions would overlap considerably. A 

line drawn in the two dimensional space would be a terrible 

classifier, but by using another feature, it is possible to derive a 

perfect classifier. This illustrates how features that by themselves 

do not discriminate well may be combined to create a good classifier 

in a space of higher dimensionality. 
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Fig. 3.2. Planar Decision Boundary in Three-Dimensional Feature Space 
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The most widely used procedure for designing a classifier is a 

two step process. First, a classifier is derived using features from 

individuals whose class membership is known. These are known 

variously as labelled samples, the training set, or the learning set. 

Second, the classifier is tested on data which were not used to derive 

the classifier. These are known as unlabelled samples, or the test 

set. The success of the classifier in classifying the test set is 

tabulated, and if the error rates are too high, the classifier must be 

redesigned. This may be done by including different features, 

expanding the data base in the learning set, or trying a different 

classification algorithm. 

3.2 Feature Generation 

Feature generation may be performed by assess ment of the 

individual by a human observer, or it may be done by automatic 

computations using numerical data about the individuals. An example 

of the former process would be rating the degree to which a patient's 

breasts are asymmetric on a scale from 1 to 10, if one could assume 

that a malignant mass might cause more distortion of the shape of the 

breast than would a benign mass. An example of the latter process 

would be calculating a histogram of amplitudes of A-scans from tissue 

anterior to a mass. One class of mass may produce stronger echoes 

than the other, making the value of the amplitude histogram at high 

amplitudes a powerful feature. 

Features may be based on characteristics that a human 

observer would use to classify a B-scan, or on a physical model that 
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predicts different behavior for members of the classes being studied. 

While it is always desirable to generate features which have such a 

rational or theoretical basis, there is no reason why features without 

such a basis cannot also be generated. The feature selection process 

will eliminate any features that do not discriminate, but it may also 

find that some features discriminate for reasons that are not directly 

percept able or predictable. Thus both physically motivated features 

and ad hoc features can be and are generated. 

3.3 Feature Selection 

The goal of feature selection is to reduce the number of 

features from the large number which were generated, to a smaller 

number which are sufficient to classify individuals accurately. Since 

this is equivalent to reducing the dimensionality of the 

multidimensional feature space, feature selection is often called 

dimensionality reduction. 

There are two reasons why dimensionality reduction is 

desirable. First, practical considerations of computation time and 

amount of computer memory available limit the amount of data that can 

be used to make a classification. For example, the ultrasound data 

used in this study were about 4000 A-scans of 2048 points at 8 bits 

per point, for a total of 6.6 X 10 7 bits. Editing each scan down to 

512 points (about 2 em of tissue) reduced this to 1.6 X 10 7 bits. 

Generating about 300 features from each A-scan, at 122 bits per 

feature, then increases the total to 1.5 X 10 8 bits. In the case of 

one set of data, features from 8 A-scans through the same mass were 
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averaged, reducing the total to 1.8 X 10 7 bits. A typical 

classification program can handle 24 features from 800 scans (400 

scans for each of two classes). Thus the dimensionality reduction 

must be at least from 300 down to 24, and the classification program 

works on 1.5 X 10 6 bits for the 500 A-scans. The final amount of data 

is at most about 2.2 % of the original amount. 

The second reason for dimensionality reduction is less 

intuitive than the first. Past experience and computer modeling of 

pattern recognition systems have shown that the dimensionality, D, 

must be smaller than the number of samples from class Wj, NWj' to get 

a classification rule that will apply to all members of that class. 

Foley (1972) showed that if NWj/D is small, the classifier can be made 

to classify the data used to derive the classifier very well; but if it 

is used to classify data which were not used to derive the classifier, 

the error rate will be high. With a large number of features, the 

classifier becomes overspecialized in a sense, so that samples outside 

the range of the original samples do not fall into the regions 

assigned to each class. Meisel (1972) interpreted this effect through 

the analogy of data points filling a volume in feature space. As the 

dimensionality is increased, the fraction of the total volume of 

feature space occupied by a fixed number of sample data points 

decreases. For example, if four samples are evenly distributed along 

the line of a one-dimensional feature space that ranges from -2 to 2, 

increasing the dimensionality to two has the following effect: the 

points occupy four 1 by 1 squares, which are 1/4 of the total number 
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of 16 squares. Increasing D to 3 reduces the fraction occupied to 

1/16 of the 64 1 by 1 by 1 cubes in the space. The low occupancy of 

the space by sample points makes it possible to generate complicated 

surfaces that separate the classes of input points perfectly, but it 

also means that the input points do not represent very well how the 

total populations in each class would fill the space. Thus the 

classifier will not be generally applicable. 

Foley showed that Nw./D must be at least 3 to 5 to get a 
J 

classifier which will yield low error rates on new input data. In 

practice, a value of 10 to 20 is often used. This implies that for 100 

input A-scans in each class, the number of features used to derive the 

classifier should be not more than 5 to 10. 

A typical procedure for dimensionality reduction is shown in 

figure 3.3. At each step, the decision to reject some features and 

retain others is based on the results of statistical tests on the 

distributions of feature values in each class. Since the form of the 

distributions is not known, it is important not to use tests that are 

based on assumptions that the distributions have some known form. 

Such tests are called parametric tests, since the distributions can be 

described in terms of a small number of parameters. For example, 

normal distributions are described completely by the values of two 

parameters, the mean and variance. Non-parametric tests do not assume 

any form for the distributions. 

As shown in figure 3.3, a feature which contains much 

information about the differences between classes must have 
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Fig. 3.3. Procedure for Dimensionality Reduction 
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distributions which have the following characteristics: the means of 

the distributions for the classes are significantly different; the 

distributions overlap less than the distributions of less useful 

features do; the distributions are not highly correlated with the 

distributions of any other feature. Tests for these characteristics 

can be performed with univariate statistics on one feature at a time 

to screen out features which are least useful. Then multivariate 

tests can be used to find useful combinations of features. Not all 

possible combinations of features can be tested, due to time 

constraints and finite computing resources, so stepwise multivariate 

tests are used. 

Stepwise tests typically compute a univariate statistic for 

every feature being considered, and take the feature with the best 

value of that statistic and combine it with another feature. A 

multivariate test is then done to determine whether this combination 

discriminates better than the single feature. The first feature is 

combined with every other feature in this way to find the best 

combination of two features, and then the whole process is repeated to 

find the best combination of three, etc. The process stops when 

adding more features does not improve the discrimination. In addition 

to the forward stepwise selection procedure just described, backward 

steps may also be included. They involve calculating the effect of 

removing each feature from the combination currently being tested, and 

removing it if the removal will improve the discrimination. 



43 

Another technique for combining features is to use a linear 

combination of several features as a single, new feature. This is 

equivalent to transforming the feature space by linear transformation. 

Various criteria may be used to derive the transformation. For 

example, in principal components analysis, the space is transformed 

to make the first axis the direction of maximum variability in the 

data, the second axis the direction of second-largest variance, and so 

forth. The resulting features defined by the new basis set may be 

used immediately to classify the data, or may be reevaluated by the 

feature selection process before classification. 

3.4 Classification 

After feature selection has been completed, the data are 

classified. The selected features are used by a classification 

algorithm to define the boundaries between regions in feature space 

that are most likely to contain feature vectors from a single class. 

In general, the exact position of the calculated decision boundaries 

depends on the a priori probabilities of each class which are assumed 

to be true in advance of calculating the boundaries. 

As in feature selection, the algorithms may be parametric or 

non-parametric. The algorithms may be simultaneous, meaning that all 

classes are classified at the same time; or hierarchical, meaning that 

the classifier is a tree of decisions involving subsets of the classes. 

In the case of only two classes, such as malignant and benign breast 

masses, any classifier is simultaneous, since only one decision can be 

made." 
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Another way to categorize classification algorithms is by the 

type of decision surface they create in the feature space. The 

surface may be either linear or nonlinear. Nonlinear surfaces are 

computationally expensive, unless the classifier is parametric. For 

example, a Bayes or maximum-likelihood classifier is a parametric 

classifier which uses the assumption that the feature distributions 

are multivariate normal to create a quadratic boundary between the 

classes. Linear classifiers include heuristic, iterative procedures 

that move planes around in the feature space until the best 

classification is obtained. Analytic classifiers, such as linear 

discriminant functions, may also create linear boundaries. 

The results of a classification are often presented in a 

classification table, which is sometimes called (confusingly) a 

confusion matrix. Table 3.1 shows such a table, with the many names 

given to each possible outcome of applying the classifier to data. It 

is important to report results in this way instead of as a single 

figure of accuracy, because screening tests must be highly specific as 

well as sensitive. If they are not specific, a large proportion of 

patients who are classified as having a disease will actually not have 

it. This proportion, the false positive rate, varies with the case rate 

or prevelance, which is the overall proportion of cases of the disease 

in the population being tested. The smaller the case rate, the higher 

the false positive rate (Fleiss, 1981). 



Table 3.1. Table of Classification Results 

TEST RESULT 

DISEASE STATUS + (A) - (.A) 

PRESENT (B) P(AIB) p(AIB) 
(SENSITIVITY) 

ABSENT (j) 

FALSE POSITIVE RATE 

FALSE NEGATIVE RATE 

= p (jf A) 

= P (B I it) 

p(Afj) p(Alj) 
(SPECIFICITY) 

"ACCURACY" = [ SENSITIVITY + SPECIFICITY ] / 2 
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After a classifier is designed with a learning set of data, it 

must always be evaluated under actual operating conditions. This is 

done ideally by using the classifier on new, unlabelled data. However, 

in the case of medical data, collecting more data requires finding 

patients with a specific disease; one cannot simply do an experiment 

to collect more data. In such cases, whatever data can be collected 

are usually used to design the classifier, and subsets of the data are 

used to evaluate it. A procedure called jackknifing is often followed. 

One type of jackknifing, the leave-one-out method, takes one sample 

out of the data set, creates the classifier with the remaining data, 

and classifies the sample which was left out. This is repeated until 

all samples have been left out and classified once. The error rates 

obtained in this manner are approximations to those which would have 

been obtained with new data. 

Statisticians have derived other methods which are similar to, 

but less computationally exhaustive than the leave-one-out method. 

This breast cancer study has used the rotation method of Toussaint and 

Sharpe (1975). It will be described in detail in chapter 6, section 8. 

After an estimate of the accuracy of the classifier has been 

has been obtained, confidence limits on the sensitivity and specificity 

may be derived, since the rates obey the binomial probability 

distribution (Highleyman, 1962). 



CHAPTER 4 

.PREVIOUS WORK IN ULTRASONIC CLASSIFICATION OF BREAST CANCER 

In this chapter, the work of several research groups is 

summarized, because they worked on classification of breast masses 

with ultrasound, and because their work is more closely related to the 

work reported here than it is to the work discussed in chapter 1. The 

first groups whose work will be discussed did not apply formal 

pattern recognition procedures to their data, while the last group 

used procedures which were very similar to ours. 

4.1 Doppler Studies of the Breast 

Wells, et al. (1977) in Bristol, England, were the first to find 

differences in the Doppler signals obtained from malignant breast 

masses and benign breast tissue. A strong, abnormal Doppler signal, 

modulated by the cardiac cycle, was found in malignant masses only. 

Based on this finding, White and Cledgett (1978) used Doppler 

ultrasound to examine the breasts of nine women. Strong, abnormal 

signals were obtained from all seven of the masses which were 

palpable, although only five of these were malignant. One nonpalpable 

malignant mass did not exhibit an abnormal signal. The ninth woman 

was dying of metastatic cancer, which had probably not originated in 

47 
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the breast, but a strong abnormal signal was found when her breast 

was examined. Thus, listening to the signals by ear did not allow 

good classification of benign and malignan,t masses~ In addition to the 

aural observations, the amplitudes and frequency shifts of one 

malignant mass and the benign mass were examined 'Io1ith a spectrum 

analyzer. The spectrum of the signal from the malignant mass showed 

little change as the direction of the transducer was changed, while 

that from the benign mass showed blood flowing primarily toward the 

transducer. These results were consistent with high rates of blood 

flow through a multi-directional network of vessels in the volume of 

the malignant mass. 

The group in Bristol continued their work and reported it in 

the paper by Burns, Halliwell, and Wells (1982). They examined 18 

normal subjects, 54 subjects with malignant disease, and 350 with 

benign conditions. They selected recordings from 23 of the patients 

with malignant disease for further study. They found that signals 

from malignant tumors differed qualitatively from those from benign 

lesions. They defined and tested several descriptors of the Doppler 

signals, and found that the best separation between benign and 

malignant was provided by the difference between the maximum systolic 

frequencies from suspect and contralateral sites. Interpretation of 

the signals by ear found no detectable asymmetry between breasts in 

signals from 84 % of the patients with benign lesions. Less than 1 % 

of the benign patients had abnormal signals, while 74% of those with 
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malignant lesions did have abnormal signals. They then considered 

three models of malignant tumor vascularization for consistency with 

the observed signals. The models which did not fit the data were a 

cube perfused by numerous small capillaries, and a spherical tumor 

supplied with a single feed artery. The strong, non-directional nature 

of the signals was consistent with a spherical tumor, supplied by 

numerous feed arteries coming in from various directions. An X-ray 

angiogram of a malignant breast tumor supported this finding. The 

Doppler results thus clearly demonstrated the vascularization of 

malignant tumors. This vascularization is present before the tumor 

has reached 1 cm 3 in size and is palpable (Rubin and Casarett, 1966). 

Therefore, the group concluded that Doppler ultrasound may be useful 

for breast cancer screening, and for monitoring the status of 

unexcised tumors undergoing hormone therapy. 

The goal of Minasian and Bamber (1982) was slightly different 

from those of the groups mentioned above. They examined malignant 

and normal breast tissues only, to determine whether hormone therapy 

could cause early detectable changes in tumor blood flow. If so, the 

patients who do not respond to this therapy, about 70 % of all breast 

cancer patients, might be identified earlier than they are now. Six 

features were calculated from 400 recordings from 16 patients, of 

whom 6 were undergoing hormone therapy. Two of these features were 

significantly different for the malignant and normal obervations: the 

maximum systolic frequency (A) and the "mean" frequency, defined as 
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M = A + B/2 , (4.1) 

where B is the maximum frequency during end diastole. A and M were 

roughly proportional to tumor volume, and were always greater for the 

malignant breast mass than for the normal breast of the same patient. 

Whether they also decreased as tumor volume decreased in therapy was 

not ascertained, due to the small number of patients in the study. 

4.2 Pattern Recognition Work of Good, Rose, and Goldberg 

Of special interest to this dissertation is the work of Morris 

Good, Joseph Rose, and Barry Goldberg (1982). They conducted a study 

which was very similar to this one, with some important exceptions. 

They also used a U.1. Octoson to acquire digitized A-scans from 

malignant and benign breast masses. However, the signal was taken 

from a different point in the machine. The data were digitized from 

the output of the logarithmic amplifier, after the gain had been 

modified by the TGC to produce a good image. Eight scans were 

digitized from each of three to six directions through a mass. The 

data were digitized at a rate of 50 X 10 6 points per second, at eight 

bits per point. From these data, nine features were generated. They 

consisted of estimates of the relative energy in each of three 

frequency bands, in three adjacent regions of tissue: immediately 

anterior to the mass, in the center of the mass, and immediately 

posterior to the mass. (These features are described in more detail 

in chapter 6 and appendix B, since they were included in the features 

generated for this study.) Features were evaluated by constructing 
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estimates of the feature distributions with a windowing technique, and 

visually examining the distributions for degree of overlap. 

Classification was performed with a Fisher linear discriminant 

classifier. The a priori probabilities were used as a parameter to 

change the position of the decision function, until a sensitivity of 

96 % and its corresponding specificity were obtained. These results 

were estimated with a jackknifing algorithm. 

These techniques were applied to data from 58 benign masses 

and 23 malignant masses. Five features were selected. In terms of 

the names used in this study, they were: P1HI, the high frequency 

component from the anterior portion; P2LOW, P2MID, and P2HI, the 

frequency components from the center of the mass; and P3LOW, the low 

frequency component from the posterior portion of the mass. The best 

result was 96 % sensitivity and 67 % specificity_ The same result was 

found on a slightly larger data set. 

In the study reported here, A-scans -were acquired from a 

linear amplifier rather than a logarithmic amplifier, and the TGC was 

not under the control of the sonographer. Logarithmic amplification 

of an RF signal changes its spectral content by introducing harmonics 

of the input frequencies. Since the spectral features used 

frequencies from 1.25 MHz to 3.50 MHz, and the second harmonic of 1.25 

MHz is 2.50 MHz, the values of energy in the higher bands may be 

overestimated if logarithmic amplification is used. Use of the TGC of 

the Octoson may have also introduced unwanted variability in the data. 
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The TGC curve consists of three segments having different slopes with 

respect to time, and their slopes and lengths are determined by the 

sonographer. In the study reported here, this source of error was 

minimized by controlling the TGC amplifier with a single voltage ramp, 

which started when the echo from the interface between water and skin 

was received. 

This study also differed from Good, Rose, and Goldberg's in the 

number of types of features that were generated and evaluated. The 

well-established procedure which is contained in the TICAS system for 

evaluating many features made this possible. The criteria for 

selecting features in TICAS is more objective than the visual 

assessment of distributions used by Good, Rose, and Goldberg. Thus 

more questions about which types of features might work well for this 

problem can be asked and answered. An additional capability of TICAS 

is the formation of linear combinations of features by principal 

components analysis and discriminant analysis. The linear combinations 

put less weight on redundant or extraneous information that degrades 

the performance of the classifier when the features are used without 

linear combination. 



CHAPTER 5 

EQUIPMENT AND CLINICAL PROCEDURES FOR COLLECTION OF DATA 

This chapter describes the equipment and procedure which were 

used to collect the data used in this study. The objectives of the 

study put requirements on the procedure, and the capabilities of the 

available clinical scanner allowed the fulfillment of these 

requirements to a high degree. 

5.1 Objectives 

In designing a system for collecting clinical ultrasound data, 

several objectives were kept in mind. Ease of use was one of the most 

important requirements, since the data collection took place during a 

clinical examination. Data collection had to add as little time as 

possible to the exam, primarily for the comfort of the patient, and 

secondarily to keep the ultrasound technician free for other duties. 

Another objective was to collect data which were independent 

of the settings used by the machine operator to get a good image. 

This can be achieved by tapping into the circuit before any processing 

other than linear amplification has been done on the signal. 

The frequency of the ultrasound was predetermined by the 

clinical considerations that went into the design of the particular 
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ultrasound machine used for the study. Given this frequency, the 

digitizing hardware had to satisfy the Nyquist criterion for the 

sampling frequency. This condition requires that the sampling 
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frequency must be at least twice the highest frequency in the signal, 

to avoid aliasing, which is the presence of false frequency components 

in undersamp1ed data. The choice of sample frequency then dictated 

the maximum dynamic range of the ditigized data. This was not because 

of some fundamental limitation, but because commercial analog to 

digital converters that are available at reasonable cost have only so 

many significant bits per point. In general, the faster the converter, 

the fewer the bits of accuracy that can be obtained. 

Another requirement of the system was that the position of 

the mass from which backscattered sound was recorded had to be known 

accurately. This can be done by using microprocessor control over the 

movements of the scanning transducer. Positions are then available in 

digital form for digital recording or for superimposition in the 

recorded B-mode image. 

5.2 The V.I. Octoson 

A commercial B-scanner which meets the requirements listed 

above is the Octoson, which was developed at the Ultrasonics Institute 

in Sydney, Australia, and manufactured by the Ausonics Corporation 

(Kossoff, et a1, 1975, 1976b). Since it was the unique capabilities of 

the Octoson which made this work possible, this section will describe 

its design and operation in detail. Figures 5.1 a . and 5.1 b show the 
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Fig , 5.l p Photographs of the Octoson 

a) Patient couch and water tank; b) Control panel; c) Transducer array 



patient couch of the Octoson and the control panel, respectively, 

while figures 5.1c and 5.2 show the array of ultrasound transducers 

used in the Octoson. 

56 

The Octoson uses water coupling between the ultrasound 

transducer and the patient. The acoustic impedances of water and soft 

tissue are not very different because water is the principal 

ingredient of tissue. Thus the reflection coefficient at an interface 

between water and tissue (equation 2.5) is low, and reflection losses 

are minimized. A second reason for using a water bath is that it 

allows the breast to be examined without any physical contact from 

the transducer. Since the patient lies on top of the tank, with her 

breast suspended in the water, the shape of the breast is undistorted, 

and will be the same for any examination. 

A third reason for immersion in water is to allow use of 

transducers with wide apertures (with respect to the wavelength of 

the sound they emit). In breast tissue, resolution in the direction 

perpendicular to the beam (lateral resolution) is degraded by 

frequency-dependent attenuation and the inhomogeneity of the tissue. 

The attenuation decreases the energy in the beam at high frequencies, 

and the inhomogeneity distorts the beam (Halliwell, 1978). The large 

aperture transducers used in the Octoson minimize this distortion, 

because the beam is spread out over the largest possible area when it 

enters the skin, and distortions caused by small-scale inhomogeneities 

are averaged out (Foster and Hunt, 1980). Large aperture transducers 
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Fig. 5.2. Schematic Diagram of OctoBon Transducer Array 
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also have better resolution than small aperture transducers because 

as aperture size increases, the narrowest part of the sound beam gets 

longer (this is a diffraction effect which also occurs with laser 

beams emitted from optical devices). 

Other reasons for using water coupling are its insensitivity 

to multiple reflection artifacts, and its amenability to complete 

automation of the image acquisition process, making the images more 

reproducible and less dependent on the skill of the operator (Kossoff, 

et al., 1975). 

The Octoson uses an array of eight transducers to increase the 

speed of image acquisition. To avoid multiple reflection artifacts in 

a water coupling imaging system, the transducer must be located as 

far from the skin as the deepest tissue to be examined. If the 

transducer is closer than this distance, sound is reflected from the 

skin, reflected from the transducer, reflected from the skin a second 

time, and reaches the transducer a second time, before the signal 

comes back from the region of interest. A general purpose B-scanner 

must be able to image tissues at most about 20 cm deep, so the 

transducer is located at least 40 cm away from the tissue being 

imaged. Sound traverses this distance in water in about 500 ~sec, so 

an image of 2500 lines can be formed in 1.25 seconds. However, 

linearly translating a transducer so quickly through water causes 

turbulence in the water and vibrations in the scanner. Use of an 

array of eight transducers solves this problem. Instead of 
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translating a single transducer, the eight transducers are rotated to 

form eight images which are then compounded in a scan converter and 

displayed. If necessary, the angle of rotation can be restricted to as 

little as 300 , which causes the images formed by the transducers not 

to overlap, but allows formation of an entire image in one second. 

Since each transducer can only be fired once every 500 ~sec, there is 

time to fire the other seven transducers while it rotates to the next 

firing position. In practice, a wide angle is often used to form 

overlapping images. This is advantageous when an object attenuates 

sound a great deal, but one is interested in the tissue behind it. The 

images formed by other transducers looking from different angles can 

fill in the missing detail. 

The details of the way in which the Octoson forms an image 

are now described with the aid of the timing diagram in figure 5.3. 

Any combination of the eight transducers can be chosen to form the 

image. This example shows that numbers 1 through 4 have been 

selected. A transducer selector module is stepped to find the first 

selected transducer, and the transducer is connected to the 

transmitter and receiver. Deflection voltages for the scan converter 

are derived from a calibrated angle counter. The transmit trigger 

pulse is sent to the transducer, and the echo delay/unblank counter is 

started. When echoes are first received, a skin line trigger pulse is 

generated, and the delay/unblank counter starts to count down. At the 

same time, the unblank signal is turned on, allowing the echo 
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magnitude to be recorded in the scan converter. The TGC ramp is also 

started when the skin line echo arrives. When the de1ay/unb1ank 

counter returns to a preset value, the screen is blanked to prevent 

display of multiple reflection artifacts from sound traveling a second 

time from the transducer to the patient's skin. The TGC is turned off 

and the next transducer is fired at this time. This sequence is 

demonstrated for transducer 1 in figure 5.3. 

The pulse sequence for transducer 2 illustrates that when the 

skin is farther from the transducer, the unb1ank signal stays on 

longer to permit display of tissues deeper inside the body. The 

sequence for transducer 3 illustrates that if there is no echo from 

the skin before the de1ay/unb1ank counter counts up for 460 lIsec, 

nothing is displayed and the"next transducer is fired. 

One additional feature of the Octoson that made it especially 

suitable for collecting A-scan data is M-mode operation. One can 

position a transducer manually or automatically, and then start 

operating in M-mode, with the transducer firing repeatedly in the 

direction that had been shown on the B-mode image. The returning 

echoes can then be recorded with any suitable device, such as a 

digital oscilloscope. 

5.3 Data Acquisition System 

A block diagram of the entire data acquisition system is shown 

in figure 5.4. Part of the equipment was placed within the control 

cabinet of the Octoson, and the rest of it was connected by coaxial 
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cables. Within the Octoson, an electronic interface provided access to 

the timing signals and RF echo voltages produced in the Octoson during 

an M-mode scan (repeated A-scans). The data collection system 

connected to this interface consisted of a time gain compensation 

(TGe) ramp generator, a radio frequency (RF) amplifier, and a digital 

oscilloscope. 

The TGe ramp was triggered by the skin line trigger pulse 

which the Octoson generated when the first echo from the water-skin 

interface was received. The operator of the system adjusted the 

initial value and slope of the TGe ramp to maintain the dynamic range 

of the A-scan at a level suitable for analog-to-digital (A to D) 

conversion. A constant cutoff voltage could be placed at the end of 

the ramp to prevent noise near the end of the A-scan from forcing the 

RF amplifier into saturation. A digital panel meter was used to 

display the value of the ramp voltage just before it began to 

increase, at the skin line. The time variation was recorded by 

simultaneously digitizing the TGe with the A-scan. If for some reason 

the start of the ramp was not included in the digitized portion, it 

would be possible to extrapolate the ramp back to the value obtained 

from the panel meter, giving an estimate of the depth of the area of 

interest within the breast. 

The RF amplifier, which had its gain controlled by the TGe 

ramp, was originally identical to the standard video compression 

amplifier in the Octoson, but was modified to be linear by removing 
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the shunting diodes in each of its two stages. It was placed in the 

electronics rack of the Octoson to minimize input lead lengths and RF 

interference. 

A Nicolet Explorer III digital oscilloscope· was used to 

digitize the RF signal from the amplifier. The analog bandwidth of 

the oscilloscope was 7 MHz, and the A to D converter sampled at a 

maximum rate of 20 million samples/sec, with 8 bit resolution. This 

rate assured that there would be no aliasing due to undersampling, and 

the 8 bit digitization provided 48 dB of dynamic range. The focus 

pulse, which was put out by the Octoson when echoes were returning 

from the focus of the transducer, was used to trigger the midpoint of 

the sweep recorded by the oscilloscope. The oscilloscope memory 

stored 4096 data points per sweep, and was shared between the two 

input channels. One channel was used to digitize and store 2048 

points from the RF waveform, and the other stored 2048 points from 

the TGC ramp. The corresponding length of breast tissue from which 

echoes were recorded was approximately 7.7 cm. A 5 1/4 inch floppy 

disk drive in the oscilloscope mainframe stored up to eight sweeps per 

diskette. An RS232 serial interface in the oscilloscope was used for 

data transfer to and from a minicomputer. The computer provided 

automatic control of data collection with the oscilloscope, and 

controlled transfer of data to storage on a large disk from the 

oscilloscope memory, or from the floppy diskette. 
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The minicomputer, which was also used for analysis of the 

data, was a Digital Equipment Corporation PDP 11/34A with 256K bytes 

of memory and a floating point processor. The system peripherals 

included two 28 Mbyte disk drives, a 9-track, 1/2 inch magnetic tape 

drive, a DEC VT55 graphics terminal, a hard copy terminal, and a CRT 

terminal used for controlling the data collection and transfer. A 

multi-user real-time operating system, RSX-IIM, supported development 

and execution of programs written in FORTRAN' IV-Plus or Macro-ll 

assembly language. 

5.4 Clinical Procedure 

Subjects for the study were recruited from symptomatic 

patients at the Arizona Health Sciences Center's mammography clinic, 

and from those patients who were scheduled for biopsy and possible 

surgical removal of a breast mass. 

Data collection began with the subject filling out a standard 

personal history form and an informed consent form. The ultrasound 

technician palpated the breast to locate the mass approximately. Two 

series of B-scans were taken in medial (longitudinal) and transverse 

planes spaced 0.5 cm apart, and were recorded by a format camera for 

reference. Then the transducer array was maneuvered to produce a B

scan that showed the region of interest. Additional positioning put 

two markers through the center of the region (figure 5.5a). The first 

marker showed the position of the beam waist or focus of the 

transducer. The second was a vertical marker correponding to the axis 
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Fig. S.S. Positioning Transducer for Collection of Da~a 

a) Focus markers and (vertical) rotate marker superimosed on 
lateral-medial view of left breast. Rotate marker passes through an 
infiltrating ductal carcinoma, seen as the irregular dark region in the 
sonogram. b) A single transducer is moved manually until its line of 
sight (highlighted) goes through the intersec tion of its focus marker 
and the rotate marker. c) Same as (a), but after a 10 degree rotation 
about the rotate marker. 
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of rotation of the array. This localization procedure was easily 

reproducible, since the x, y, and z coordinates of the transducer arm 

were determined relative to a coordinate origin at the nipple. The 

transducer which was most nearly normal to the skin when its line of 

sight went through the mass was left connected to the transmitter and 

receiver, and all others were turned off. After the selected 

transducer was oriented to point through the mass, a photograph was 

taken, and an M-mode study was started (figure 5.5b). 

After the operator adjusted the level of the TGC ramp, the 

digital oscilloscope recorded one A-scan from the series of scans that 

constituted the M-mode sequence, and the A-scan and TGC ramp were 

stored on the floppy diskette. A data acquisition computer program 

prompted the operator to record which transducer was used, which of 

two RF amplifier gains was used, and the initial voltage reading from 

the panel meter on the TGC generator. These data, along with 

comments typed in by the operator, were placed in a header file, and 

were retrieved and placed in a block at the beginning of the scan data 

when the data were later transferred to the large disk. The 

coordinates of the transducer array were automatically recorded in 

the photograph of the B-scan. Two A-scans were recorded in this 

manner without moving the transducer, and then the array was rotated 

5 degrees about the rotate marker for another set of two scans. 

Sixteen scans from each mass were recorded in this manner. The exam 

was repeated, whenever possible, using the contralateral site in the 

other breast. 
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The true classifications of the data were considered to be the 

same as the results of biopsy. In some cases there were no biopsy 

results, because the radiologists who examined the X-ray mammograms 

were sufficiently certain that the lesions were benign to make biopsy 

unnecessary. 



CHAPTER 6 

ALGORITHMS FOR ANALYSIS OF ULTRASOUND DATA 

This chapter describes the specific algorithms used to 

implement the pattern recognition functions which were described in 

general in chapter 3. The first two sections discuss the methods used 

to run the programs, and to organize and store the data. The third 

section covers the initial processing performed on the data before the 

pattern recognition processing could begin. The following sections 

describe the actual pattern recognition software, with the exception 

of routines for unsupervised learning and clustering, which were not 

used in this study. Throughout this chapter, a superscript asterisk 

* ( ) will be used to denote programs which were added to the TICAS 

pattern recognition system in the course of this study. 

6.1 The Outer Shell of TICAS 

The TICAS programs have been designed to be usable by a 

variety of persons, who are most likely not computer programmers. A 

central element of this design is the MONITR program, which enables 

anyone to use the entire package without any knowledge of the 

operating system of the computer. MONITR presents a series of lists 

to the user, and she or he selects the operation to be carried out by 
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typing the number of the operation. An additional program to provide 

* helpful information, HELPPR , was added to make operation easier. This 

program displays the contents of short help files which were written 

to explain most of the options listed by MONITR. (Another reason for 

writing the help files was that it aided the process of becoming 

familiar with the way each program works.) Figures 6.1 through 6.5 

show how MONITR and each of the other major parts of the TICAS system 

are related. (Some of the programs shown in the illustrations will 

not be discussed here because they were not needed for this study.) , 

6.2 Data Collection and Organization 

Collection and storage of ultrasound data from patients were 

done as two separate steps. They were separated because the link 

between the digital oscilloscope and the PDP-II computer operated 

reliably at 2400 bits per, second, at most. This was not fast enough 

to permit sending data from the ultrasound clinic to the computer 

while the patient was being examined. One A-scan and its 

corresponding TGC ramp contained 4096 points at eight bits per point, 

so sending a single scan would have taken at least 13 seconds. This 

is not a long wait by itself, but it is unacceptably slow when several 

scans are sent. Therefore, the first step was to record the A-scans 

on 5 1/4 in. floppy diskettes in the diskette drive built into the 

Nicolet oscilloscope, and store header information only on the main 

computer. The computer program which was used to control the 

oscilloscope, guide the operator, and store the headers was called 
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SAVHDR*. After the examination, the digitized A-scans were transferred 

from the floppy diskettes to the hard disks with a program called 

FLOPPY*. 

The TICAS system uses two basic kinds of files. Data files 

store the original waveform, image, or other observed phenomenon in 

digitized form. Feature files store the values of the features 

generated from the data. For ultrasound scans, each scan was stored 

as a record in an unformatted, sequential access file, with one byte 

(eight bits) recorded on the disk for each digitized point. This form 

of storage used the least possible space on the disk and preserved the 

data values with no roundoff error. 

The data from each patient were stored in a disk file with a 

unique name. Typically, sixteen A-scans from each area of interest 

were stored in digital form in this file. Each scan was preceded by 

header data, which included the time of data collection, machine 

settings, transducer number and pOSition, and any comments the 

operator wished to add. This header could be examined with the 

* program PHEADR for any desired scan or range of scans within any 

file. Figure 6.6 shows a typical scan header. Another program, 

* PLTTRC , plotted any scan on the VT55 graphics terminal, for visual 

examination of the scan data in the same type of display shown by the 

digital oscilloscope. 

The naming convention for files in the RSX-llM operating 

system was used to manage file types. This convention consisted of a 



)RUN PHEADR 
ENTER FILE lilt DEV:[UIC]FNAME 11$ :DM1:AUG24A 
Accept (y In)? Y 
ENTER T=TERMINAL OR L=LlNE PRINTER T 

AUG24A.TRC II 1 
Scan taken 8/24/81 at 17:20:17 with transducer II 3 
and amplifier 67 
Scan has 2048 points, memory fraction 2 
Vertical normalizing info 
Norm on (0=off,1=on): 1 Zero point 0, per pt.= 3.20E-03 
Horizontal normalizing info 
Norm on (0=off,1=on): 1 Zero point 967, per pt.= 5.00E-08 
TGC VO = 2.37 Slope = 0.00 
TGC fit coefficients 

2.1616E+00 +/- 1.4889E-02 volts 
7.0453E-04 +/- 1.5374E-05 volts/point. 

TGC residual 4.505E-03 volts**2 

77 

FIRST OF 16 SCANS THROUGH LEFT BREAST CA MASS. WOMAN TO BE OPERATED 
ON TOMORROW. WELL DEFINED MASS. ROTATIONS AFTER EVERY TWO SCANS 

Fig. 6.6. Header from an A-scan data file, printed with PHEADR 
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file name of up to nine characters, followed by a period and a three-

character abbreviation, called an extension. For example, the name 

JUNE10A.TRC might refer to data from patient A on June 10, stored as 

individual scans or TRaCes. Different extensions were used for the 

original scan data, for scan data after any sort of processing, and for 

each type of feature data file. All feature generation programs 

generated files in a standard form, readable by any of the feature 

selection or classification programs. Since these files stored feature 

values as ASCII (American Standard Code for Interchange of 

Information) characters, the feature values could be examined by 

simply sending the files to a terminal or printer. 

6.3 Preprocessing 

Several processing steps needed to be performed before 

generating features from the A-scans. These steps are shown in flow 

chart form in figure 6.7. First, all scans in each class had to be 

gathered into a single file. The TICAS program MERGE was modified to 

read and write A-scan data instead of cell images, and was used to do 

this reorganization of the data. * A new program, BIGMER , was also 

used for the same purpose. It differs from MERGE in that MERGE 

requires that the user enter each input file and range of input scan 

numbers manually, and wait a while for the scans to be read and 

written; whereas with BIGMER, the user creates a file containing the 

input information, runs BIGMER, and does not have to interact with the 

program until it has finished. 
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Editing of A-scans from the original 2048 points (7.7 cm within 

the tissue) to 512 points (1.9 cm) centered about the center of the 

* * region of interest was done with the programs EDITRC and AUTOED. As 

with MERGE and BIGMER, these programs differ in the amount of user 

interaction required. EDITRC is used when the user wants to verify 

visually that the data are not corrupted in any way. The program 

plots a scan on the VT55 terminal, and prompts the user to press keys 

which move a cursor across the screen. The user can select the 

endpoints of the edited region, or enter a scan length in centimeters 

centered about the focal point of the transducer. Because this 

* process was quite slow, AUTOED was written to perform the same 

function without the visual verification. The user enters only input 

file and output file names, and the length of the desired A-scan 

segment. The program then automatically edits all scans in the input 

file, printing warnings if any scan has the focus marker too close to 

either end, or if many consecutive points have the same value. 

Some' feature generation algorithms, such as those based on the 

spectral content of the scans, use the radio frequency (RF) data in 

the scans directly to compute a feature value. Thus, they may be run 

immediately after the editing process. Many other features, such as 

those based on texture, are derived from data which represents the 

total energy in the scan vs. time, rather than the RF. Such algorithms 

require an additional preprocessing step, the generation of the 

envelope of the A-scan. This step was performed with the program 
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* ENVELO , which calculates the square of the magnitude of the A-scan's 

analytic signal and uses that as the envelope. The utility of this 

method for rectification of A-scans was demonstrated by Gammel (1981). 

The analytic signal was defined by Gabor (1946) as a complex 

function formed by adding a pure imaginary function, which is a signal 

in quadrature with the original signal, to a pure real signal. For 

example, if the real signal is a simple harmonic function 

f(t) = a cos wt + b sin wt, (6.1) 

its analytic signal is 

h(t) = f(t) + ig(t) = (a - ib)exp(iwt). (6.2) 

The signal g(t) is f(t) retarded by ~/2 radians, by replacing sin wt by 

-cos wt, and cos wt by sin wt. For any function which is not a simple 

harmonic, the analytic function is the superposition of the analytic 

functions formed from the Fourier components of the function. Heyser 

(1971) showed that the square of the magnitude of the analytic signal 

is proportional to the instantaneous rate of arrival of the total 

energy in the signal. 

The calculation of the analytic signal from the measured real 

signal is performed with digital implementations of integral 

transforms. If the measured real signal is f(t), the imaginary part of 

its analytic signal, g(t), is the Hilbert transform of f(t), which is 

the Cauchy principal value of the integral 



g(t) = = 1 
f(t) * 1ft 

This is also the convolution of f(t) with the function 1/1ft, as 
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(6.3) 

indicated in the last expression of equation 6.3. By the convolution 

theorem, the Fourier transform of g(t), G( ~), is the product of the 

transform of f(t), F( ~), and the Fourier transform of 1/ 1ft. The 

transform of 1/1ft is -i sgn(~), where sgn is the signum function, which 

is -1 fo'r F;(O, and +1 for F;>O. Using a fast Fourier transform (FFT) 

routine, the FFT of the imaginary part of the analytic signal can thus 

be obtained by calculating the FFT of the real part, multiplying by -i 

sgn(F;), and performing an inverse FFT. If a complex FFT routine is 

used, the entire calculation is shorter. Since 

H(~) = F(~) + iG(~) = F(~) + iF(F;) [-i sgn(O], (6.4) 

then when ~(O, 

H(~) = F(F;) + iF(~) [i] = 0. (6.5) 

When F;>O, 

H(~) = F(F;) + iF(F;) [-i] = 2F(~). (6.6) 

Thus, the transform of the entire analytic signal is found by 

calculating the complex FFT of f(t), and setting the negative 

frequency components to zero. An inverse transform yields the 

analytic signal, and the square root of the sum of squares of the real 

and imaginary parts of the analytic signal yields the envelope of f(t). 

This is the algorithm used in ENVELO. Figure 6.8 shows a typical 
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Fig. 6.8. Envelope Computation with the Analytic Signal Method 

a) RF A-scan. b) Rectified A-scan, and A-scan envelope, without 
bandpass filter. c) Rectified A-scan, and A-scan envelope, with 
bandpass filter. 
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A-scan and its envelope calculated with ENVELO. The third trace in 

the figure shows the result of filtering the signal in the frequency 

domain with a bandpass filter with cutoff frequencies at 1.0 MHz and 

4.25 MHz. This filter removes noise outside these frequencies and 

elimates the resulting high-frequency ripples, which might cause 

errors in subsequent feature values. The bandpass filter was 

implemented in the middle of the analytic signal calculation, by 

multiplying the amplitude of the FFT with half-cycles of a cosine at 

both ends of the passband. 

6.4 Feature Generation Algorithms 

This section describes all the types of features which were 

generated in this study. The equation and name of every feature can 

be found in appendix B. All of the feature programs were written to 

interact with the user in the same way. This was done by basing each 

* one on a common framework called SHELL • 

6.4.1 Histograms 

The simplest type of feature is a histogram. The value of 

each bin of the histogram is treated as a separate feature, and the 

moments of the entire distribution represented by the histogram may 

also be used as featureso HIST is a program which creates histograms 

of grey levels in an image, or in the case of an A-scan, histograms of 

signal magnitudes. HIST was also modified to create a histogram of 

the magnitudes of the power spectrum of the A-scan. The power 
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spectrum is approximated by the squared magnitude of the Fourier 

transform of the scan. 

A more complex method is used to produce a histogram in the 

SLPINT* algorithm. It measures the intervals between adjacent peaks 

of the input waveform, and also calculates the slopes of straight 

lines from one peak to the adjacent peak. Histograms of the interval 

values and the absolute values of the slopes are formed. The bins of 

the histograms and the first four moments of each histogram are used 

as features. 

6A.2 Texture Features 

Since an A-scan may be considered to be a single line through 

a B-scan, it defines a part of the texture of the two-dimensional B-

scan. This texture may be visualized by repeatedly displaying the 

magnitude of the A-scan. This is in fact exactly what is seen in an 

M-mode display when there is no motion in the object. Some of the 

texture seen in an ultrasound image is speckle caused by interference 

in the coherent sound beam; some of it may be electronic noise; at 

least some of it is due to the structure of the tissue. On the 

assumption that malignant and benign tissues may have different 

textures, a number of features related to the texture in the A-scan 
. 

were implemented. Most of them were adapted from the voluminous 

literature on texture in two-dimensional images. Thus the term "grey 

level" will be used often in this section, and should be taken to mean 

"signal magnitude". 
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One type of texture feature is generated by the max-min 

algorithm of Mitchell, Myers, and Boyne, (1977). The method is based 

on the assumption that the human visual system uses the frequency of 

local extremes of intensity to help discriminate between different 

textures. The scan is smoothed, and the ratio of the number of peaks 

in the smoothed scan, to the number of peaks in the unsmoothed scan, 

is used as a feature. The type of smoothing used is hysteresis 

smoothing (Ehrich, 1978). This method sets a threshold interval, which 

the difference of successive peaks must exceed in order for the second 

peak to be retained. Thus no change is made to the most prominent 

peaks, while the smallest peaks are eliminated. Several feature 

values are obtained by calculating the ratio for several threshold 

intervals of smoothing. * MMIN is the program which generates these 

features. 

Grey level run lengths are another characteristic of textures. 

Galloway (1975) quantified this characteristic with a matrix of 

probabilities of runs having length j, with grey levels within a range 

i. The elements of the matrix, Pij' can be used as features. Fine 

textures, which vary a great deal over small distances, would have few 

long runs, while coarse textures would have more long runs. Sums 

over i and j of Pij/(j 2), or other suitable forms, can be used to 

emphasize short or long runs. These features are generated by the 

program RUNLTH*. 
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Faugeras and Pratt (1980) devised a stochastic field model of 

texture, based on psychophysical experiments in texture discrimination. 

A two-dimensional stochastic texture field is represented by F(x,y), a 

spatial distribution of grey levels. This observed texture is the 

result of the action of a spatial operator 1jI on W(x,y), a field of 

independent, uncorrelated random variables. These random variables 

all have the same probability density distribution of grey levels, 

p(W). Mathematically, this operation is 

F(x,y) = 1jIW(x,y). (6.4) 

The operator 1jI may be linear or nonlinear. For example, it may be a 

convolution operator, or it may be a Markov operator. One of the 

effects of 1jI is to introduce spatial correlations in the output field 

F(x,y); another is to modify the grey level distribution from the 

original p(W). This implies that the autocorrelation of F(x,y) and an 

estimate of p(W) may be good features for texture discrimination. The 

autocorrelation of F may be computed directly, and p(W) may be 

estimated by decorrelating the texture field and forming a histogram 

'" p(W) of the grey levels of the decorrelated field. Decorrelation can 

be performed exactly by a whitening operator, or approximately with a 

'" Laplacian operator. The moments of the autocorrelation and of p(W) 

are used as features. This algorithm has been implemented in the 

program STOCAS*. 

Another type of feature based on correlations is a generalized 

correlation function, which was devised by Steven Finette for this 
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project. It is a generalization of correlation in that the spacing 0 

of the samples of the waveform and the length N of the scan segment 

which is shifted against the rest of the scan are varied. The 

correlation of the segments for various values of Nand 0 is used as a 

feature. Fine textures would be highly correlated only on a small 

scale (N and 0 small), while coarser textures would show correlation 

on a larger scale. * The correlations are done by the program HOCORR • 

Grey level transition matrix statistics (Haralick, Shanmugam, 

and Dinstein, 1973) are another type of feature that may charactize 

textures. Since the grey levels in a texture are correlated, the 

transitions from one grey level to the next depend on the surrounding 

grey levels. The transitions may be observed and quantified in a 

matrix with elements hOij • Here hOij is the the probability that grey 

level i is followed by grey level j when the two points are separated 

by a distance o. As for the run length statistics, sums over hOij may 

be done to emphasize high or low dependence on nearby grey levels. 

Before calculating the matrix, other operators such as gradients may 

be applied to the data, with a new set of features resulting. GREY* 

does the calculations without application of gradients, and GREYDIFF* 

does them with the gradients. 

Statistics of first order differences (Weszka, Dyer, and 

Rosenfeld, 1976) may be used as another type of feature. This 

algorithm performs a running average of n points over the entire input 

scan, which is denoted as f(x). Then a histogram linearization is 
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performed on the grey levels. This is a common method in image 

processing to enhance contrast and remove the effects of unequal 

overall brightness and contrast in the original data. This is done by 

making the distribution of grey levels even over a wide range of grey 

levels (Haralick, Shanmugam, and Dinstein, 1973). For varying values of 

the displacement parameter ~, the difference function 

fo(x) = I f(x) - f(x + ~)I (6.5) 

is computed. The probability density of f~(x), p~, is computed by 

counting the number of times each value of f~(x) occurs. The spread 

in p~ is determined by the texture. For coarse textures, p~ will be 

concentrated about small values of ~, because grey levels separated by 

small distances have small differences, and only a relatively small 

number of large differences occur at large values of~. Similarly, 

fine textures will have a more broad distribution of differences over 

the range of~. Features based on the spread of p~ may thus indicate 

the texture of the datao The program that generated these features 

was called GLDFST*. 

6.4.3 Frequency-Domain Measurements 

A set of features based on measurement of the spectral 

content of· the data (Good, Rose, and Goldberg, 1982) was also used. 

These features are based on observations of the frequency dependence 

of the attenuation of ultrasound by formalin-fixed, excised, malignant 

breast masses (Fry, et aI, 1979). Malignant masses were found to have 
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more attenuation at high frequencies than other tissues. If one 

assumes that benign masses have less attenuation at high frequencies 

than malignant masses, ~he high frequency content of signals that have 

gone through a mass twice will differ for the two classes of tissue. 

The center of the input scan is assumed to contain data from 

the center of the mass. The scan is split into three segments with 

lengths corresponding to 0.6 cm in the tissue, with the second segment 

at the center and the others adjacent to it. Thus the first segment 

represents data anterior to and at the boundary of the mass, the 

second segment is from the middle of the mass, and the third segment 

is from the posterior tissue. For each segment, the fast Fourier 

transform is computed, and the magnitude of the transform is 

integrated over three frequency bands. The values of these integrals, 

and the ratios of the integrals from different segments and spectral 

bands, are used as features. These measurements are similar to the 

band ratioing techniques used on multispectral images in remote 

sensing. There images. made in different spectral bands are divided 

into one another to discriminate between objects with different 

spectral dependence of reflectance (Slater, 1980). This algorithm was 

* implemented in the program PWR • 

6.4.4 Linear Combinations of Features 

A set of features may contain extraneous or redundant 

information which decreases the effectiveness of a classification 

based on those features. This is due to the impossibility of 
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determining in advance what the most discriminatory characteristics of 

the data are, and then composing a feature which encompasses only 

these characteristics. 

The minimum number of dimensions needed to classify the data 

is called the intrinsic dimensionality. Two methods are commonly used 

to create combinations of features which more closely approach the 

intrinsic dimensionality. They are linear discriminant analysis and 

principal components analysis. Both of them create linear 

combinations of features based on some criterion. As was discussed in 

chapter 3, the principal components of a multivariate feature 

distribution are new features which maximize the total variance of the 

data. The principal components analysis transforms the feature space 

linearly, to make the first axis the direction of maximum variability 

in the data, the second axis the direction of second-largest variance, 

and so forth. 

In discriminant analysis, a vector 1 is found, such that the 

projection of all the data along 1 maximizes the difference in the 

means of the distributions. The decision surf ace is a plane, 

perpendicular to 1. The equation of this surface is a linear 

combination of the input features, so this combination may be 

considered to be a single feature. The programs in TICAS which do the 

principal components analysis and the discriminant analysis are PRINCO 

and DSC. 
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PRINCO and DSC form feature files of linear combinations of 

the features which were used as input for these programs. It is often 

necessary to use the coefficients derived in these programs to form 

linear combinations of features from other data. For example, the 

coefficients may be derived using a set of training data, and the same 

coefficients must be applied to form linear combinations for a 

different set of test data. Applying the discriminant analysis or 

principal components analysis programs to the new data will not yield 

exactly the same coefficients found for the training data, so the 

program LINCOM is used to form linear combinations using coefficients 

specified by the user. LINCOM takes several features as input, 

multiplies each of them by the specified coefficient, and adds them. 

It is also capable of subtracting, multiplying, and dividing feature 

values to form new features, if that should be desired. 

6.4.5 Feature Generation Utilities 

Several programs were written to perform various tasks that 

were needed to generate features. In one case, the number of A-scans 

available for analysis greatly exceeded the number that could be 

analyzed by the feature selection and classification programs. These 

data were sets of eight scans which had been digitized without moving 

the transducer. Features were computed from them in the normal way, 

* and AVFEAT was used to create a single feature from the eight by 

averaging them. 



In other cases it may be desired to average all the features 

from a single breast mass. This can be done using the program 

AVGALL*. 
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COMFEA* was used to combine features from several types of 

feature files, with different file name extensions, into a single file. 

This greatly speeded up the use of classification programs, and also 

enabled the transfer of data to other computer systems and software 

systems (specifically, the BMDP software system on a DEC 10). 

6.S Feature Display Programs 

- Visual verification of the distribution of features is useful 

for checking the results of computer programs, and for identifying 

good features quickly. TICAS contains several programs that display 

feature distributions. 

FEDSPL displays a histogram of feature values on any terminal. 

The user chooses the total interval of feature values to be plotted, 

and the width of the bins of the histogram. A user can also create 

new feature files from subsets of the displayed histogram, to separate 

two distinct distributions, or to eliminate outliers. 

As an aid in using FEDSPL, a separate preprocessing program 

called SCALEF* was written. It acts on an input feature file and 

produces an output feature file in which the features have unit 

variance and mean equal to zero. The new file can be displayed with 

FEDSPL, and the user can choose an appropiate display interval and bin 

width with less trial and error than is needed with FEDSPL alone. 
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Two features are plotted simultaneously by PLTBIV. It plots 

one feature against the other on a Cartesian coordinate system. It is 

useful for examining two-dimensional feature distributions for 

possible clear separation of the distributions. 

BAYPLT also plots two features as in PLTBIV, but it also 

calculates and displays a Bayesian classification boundary between the 

dis tribu tions. 

6.6 Feature Selection Algorithms 

The feature selection algorithms of TICAS are shown in the 

order in which they are used in figure 6.9. They begin with non-

parametric, univariate tests, and progress to multivariate, stepwise 

tests which are not entirely non-parametric. 

6.6.1 Univariate Significance Tests 

The Kruskal-Wallis test (Walpole and Myers, 1978), a 

nonparametric test for the equivalence of the means of two feature 

distributions, is implemented in the KWTEST program. This is normally 

the first test applied to a set of features. The Kruskal-Wallis test 

is based on the ranks of features, and it generates a test statistic H 

which has a chi-square distribution. For the case of two classes, H is 

generated as follows: the number of feature values for each class Wj 

is nw., where j = 1, 2. 
J 

All the feature values XiWj are ranked, and 

replaced by their mean rank, RWj' which is obtained from 
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(6.6) 

If the ranks were randomly distributed, both classes would have mean 

rank 

(6.7) 

Then a measure of the deviation of the mean ranks from this mean of 

random data is 

H = 12 
(6.8) 

If the probability that the means of the distributions of a feature 

for two classes are the same is 0.005 or less, this feature is kept. 

In practice, the large majority of features do not pass this test. 

As for some of the preprocessing algorithms, operation of this 

test was more fully automated. A program called KWAUTO* runs the 

Kruskal-Wallis test repeatedly on feature files which are listed in a 

disk file. 

As mentioned in chapter 3, additional tests are used on 

features which have distributions with different means, to assess the 

degree to which they overlap. The receiver operator charactistic or 

ROC (Metz, 1978) is calculated by the program ROCMAN to test the 

power of a feature for making decisions about the class from which 

the data came. The ROC takes into account the type I errors (a) and 

type II errors (6) which would result from using a single feature to 
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classify the data. As shown in figure 6.10, an ROC curve is generated 

by moving a threshold feature value through the feature distributions 

for the two classes, and plotting the areas (1 - a) vs. a. The larger 

the area between this curve and the diagonal line a = 1 - a, the less 

ovelap there is between the distributions (the reader may clarify this 

by working out the cases of total separation and total overlap of the 

distributions). This area is known as d', and it varies from 0, for no 

discrimination, to 0.5, for total separation (an alternative definition 

of d' is the maximum distance from the diagonal to the ROC curve). 

A second statistic, the ambiguity A, is calculated by the 

program AMBIG (Genchi and Mori, 1976). It is based on information 

theory, and is given by 

A = - ~ ~ P(&i) P(Wj I &i) logJP(wj I &i). 
&i Wj 

(6.9) 

Here p( &i) is the probability that a feature has a value in the 

interval &i and P(Wj I wi) is the probability that a feature value in 

interval &i belongs to class Wj. The base of the logarithm, J, is the 

number of classes. A ranges from 0 for no ambiguity, to 1 for total 

ambiguity. Thus, the smaller A, the better the feature. Values of 0.6 

or smaller generally are good features. 

Since features which are highly correlated with other features 

should not be used together, the correlations between features are 

combined with the ROC d' and the ambiguity to form a figure of merit 
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in the program FMERIT. First, for every feature, an intermediate merit 

function, which varies from 0 to 1, is formed: 

[(1 - A) + 2d '] 
IMF = ---"""2=-----· (6.10) 

Then the feature with the largest value of the IMF is selected, and 

its. correlation with each of the other features is computed. For each 

of the remaining features, a figure of merit is calculated: 

[ (1 - A) + 2d' + (1 - f)] 
FMERIT = 3 (6.11) 

where r is the average correlation of the feature with all the 

features that have already been selected. (The relative weights given 

to each of the three terms in this figure are arbitrary, and were 

chosen to make FMERIT range from 0 to 1. They may not give the 

correct emphasis to each of the statistics. This point will be 

discussed further in chapters 7 and 8.) 

After the second feature has been chosen by this procedure, r 

and FMERIT are calculated for each of the remaining features, another 

feature is selected, and so forth. The result is a set of features in 

a rank order which takes ROC, ambiguity, and correlations into account. 

It is not necessarily the best ranking because an exhaustive 

computation of FMERIT for every possible combination of features has 

not been done, but in general the highest ranked features can be 

expected to discriminate better than lower-ranked features. 
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6.6.2 Multivariate Significance Tests 

Section 3 of chapter 3 described the use of forward/backward 

stepwise selection to choose near-optimal combinations of features. 

In TICAS, the program DSC performs this procedure, using Wilks's lambda 

statistic, A (Wilks, 1932). This test is an analogue of the univariate 

F test, which is based on the ratios of variances. Wilks's lambda uses 

ratios of determinants of variance-covariance matrices, since these 

determinants express the dispersion of the distributions. Wilks's 

lambda is computed from 

A = 
IB + wi' 

(6.12) 

where Iwi is the determinant of the within-groups dispersion, and IBI 

is that of the between-groups dispersion; I B + wi is the determinant of 

the total dispersion (see Bartels, 1981, for a detailed explanation of 

the computation of the statistic). A value of Wilks's lambda near 1 

means that the dispersion between groups is small, and the classes are 

not distinct. A low value of Wilks's lambda means that dispersion 

between groups is large, and the combination of features being 

considered is a good one for classification. For the stepwise 

selection, Wilks's lambda is commonly converted to a F statistic by 

Rao's transformation, since statistical tables are available for F, but 

not for A. The larger F, the better the combination. The stepwise 

procedure yields a set of features which may be used for 

classification, or reduced further in dimensionality by principal 

components analysis. 
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Use of Wilks's lambda requires the pooling of the J within

groups variance-covariance matrices, where J ,is the number of classes, 

to form W. If the matrices are significantly different, this procedure 

is not justified. In this study, the robustness of the Wilks's lambda 

statistic was relied upon; in other words, the test will usually work 

even if the matrices are not the same. However, if a real screening 

system were being built on the basis of features chosen in this way, 

the matrices should be tested for significant differences with an 

appropriate statistic, such as Box's M (Bartels, 1981). 

6.7 Classification Algorithms 

Several types of classifiers are available in TICAS to 

classify the data, using the features chosen with the feature 

selection programs. The two classifiers used in this study were the 

discriminant analysis program, DSC, and a Bayesian classifier, CLASIF. 

Fu (1982) discusses these and other classifiers in more detail than is 

reproduced here. 

Discriminant analysis was discussed in section 6.4.4 in the 

context of dimensionality reduction. It can also classify feature 

vectors on the basis of which side of the planar decision surface they 

are on. The equation of the plane is a linear equation known as the 

discriminant function. If the discriminant function is negative when 

it is evaluated by plugging in the feature values of one individual, 

that individual is assigned to class 001; if the discriminant function is 

positive, the indivual is classified in class 002; if the discriminant 
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function is zero, the feature vector lies on the discriminant plane, 

and no decision can be made. 

The derivation of the method for calculating the discriminant 

function does not assume that the data have any particular form for 

their distribution, but does assume that both classes have equal 

variance-covariance matrices. This may not always be true in all 

cases, but as for the calculation of Wilks's lambda, the robustness of 

the method is often relied upon. 

CLASIF is a Bayesian classifier. A form must be assumed for 

the feature distributions in order to calculate the decision boundaries 
\ 

between classes. If class Wi has prior probability of occurence P(wi ), 

and features in this class have probability density distribution 

p(x I Wi), the equation of the decision surface between class Wi and 

class Wj is 

(6.13) 

The usual assumption made about p(X I Wi) is that it is a multivariate 

normal distribution with mean vector Hi and variance-covariance matrix 

Kt. The resulting decision surface is a hyper-quadratic; if Ki is the 

same for all classes, the surface is a plane, as in discriminant 

analysis. The classification is done by calculating Hi and Kt for the 

training sets, and using these values with the a priori probabilities 

to calculate the decision rule. Then the rule is applied to the test 

set. 
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6.8 Methods for Error Estimation 

In section 3.5 the necessity of evaluating classification rules 

and the difficulty of obtaining more data for this evaluation were 

discussed. The method used in this study to evaluate classifiers was 

the rotation method of Toussaint and Sharpe (1975). The objective is 

to obtain an estimate of the true probability of error, Pe. The first 

step is to use the program RANPER* to create N/r sets of learning and 

test data, where N is the total number of individual A-scans available, 

and r is the number of A-scans represented in each of the new test 

sets. The scans in each test set are chosen at random from the entire 

set, until each scan has been used in one of the new test sets. Each 

time a test set is generated, the remaining scans are placed in a 

corresponding learning set. 

The next step is to derive a classification rule on learning 

set i, using a classification program such as CLASIF. The rule is then 

tested on test set i, yielding a number of misc1assified feature 

" vectors ki" The proportion of errors kt is called Pe[v]. After this 

procedure has been performed on all of the learning and test sets, the 

estimate of Pe is given by 

N/r 
r = N L (6.14) 

i=1 

" E{P e} approaches Peas the number of feature samples approaches 

infinity. 
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Confidence limits can be placed on the error rates obtained 

by the rotation method. The rates are treated as proportions which 

obey the binomial probability distribution (F1eiss, 1981). When the 
,.. 

number of samples is sufficiently large (i.e., when NE{Pe } ~ 5 and N[1 
,.. 

- E{P e}] ~ 5), a normal distribution is used to approximate the 

binomial distribution, and 90 % or 95 % confidence intervals can be 

calculated with the program CONPRO*. 

6.9 BMDP Software for Feature Selection 

Two programs from the Biomedical Data Processing (BMDP) 

system (Dixon and Brown, 1983) were used to perform two functions 

which were not available in TICAS. The first program performs a 

components of variance analysis (Armitage, 1971, pp. 198 - 202) on data 

in a single class. The within-patient variance, the between-patients 

variance, and the total variance are calculated. This procedure 

indicates whether the spread in feature data is due primarily to 

variation in the properties measured for a single patient, or to 

differences between patients. 

The second program is a logistic regression (Cox, 1970; 

Armitage, 1971, pp. 375 - 384). This is an alternative to discriminant 

analysis. It does not require that the feature distributions have 

equal variance-covariance matrices. It is based on the assumption 

that a certain transformation of the proportion of individuals that 

should be assigned to one of the two classes is a linear combination 

of the feature values. The particular transformation is the logistic 
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transformation, which is defined as follows: 

y = logit(p) = loge 1 ~ p , (6.15) 

where p is the proportion.. The linear regression yields a maximum 

likelihood estimate of the coefficents of the linear combination which 

would yield the logit of the observed proportions. If the feature 

" values are denoted as Xi and the estimates of the coefficients are ai' 

the estimate of the logit of the probability that the feature values 

are from one of the classes is given by 

N 
" Y = a + L (6.16) 

i = 1 

" where a is an estimate of the constant term in the linear combination, 

and N is the number of features. This program was used to check the 

results of the linear discriminant analysis used for feature selection. 



CHAPTER 7 

ANALYSIS OF DATA AND RESULTS 

This chapter describes the data sets used for classification, 

the methods used to do the classifications, and the results. Three 

classifications were made on two sets of data. The first two were 

done on data collected at the Arizona Health Sciences Center. In both 

of these classifications, one of the classes consisted of A-scans from 

women with malignant breast tumors. The other class in the first 

classification was made up of A-scans from women who had benign 

breast masses, and from women whose breasts had no masseso In the 

second classification, the second class was made up of A-scans from 

benign masses, only. The procedure and results for these 

classifications have been published in papers by Finette, Bleier, and 

Swindell (1983) and Finette, et a1. (1983). 

A third classification was done on data provided by Good, Rose, 

and Goldberg at the Thomas Jefferson Hospital in Philadelphia. These 

data were used in their classification, which was described in chapter 

4 (Good, Rose, and Goldberg, 1982). 

106 
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7.1 Analysis of Data from Tucson 

At the University, of Arizona, data were collected from 

malignant breast masses, from benign breast masses, and from breast 

tissues which had no known masses or other abnormalities. Table 7.1 

summarizes the number of patients aud the number of A-scans in each 

category. The diagnoses of all conditions listed there wer.e obtained 

by the methods discussed in chapter 5. These diagnoses were assumed 

to be true for the purposes of this study. In the cases of several 

patients with palpable masses in their breasts, a radiologist who 

frequently reads ultrasound B-scans could find no masses in the B

scan images. No data were taken from these patients. The 

significance of this problem will be discussed in chapter 8. 

7.1.1 Feature Generation and Selection, and Derivation of Classifier 

For each of the two classifications of the data from Tucson, 

the BIG MER program was used to put equal numbers of A-scans into 

files for each class. This was done instead of taking equal numbers 

of scans from each mass because the calculation of the ambiguity 

function in the figure of merit program, FMERIT, is valid only for 

equal numbers of samples in each class. Each scan was edited with 

AUTOED to contain 512 points, centered about the focus marker which 

had been placed at the center of the mass. This scan length 

corresponds to 1.92 em inside the tissue. 
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Table 7.1. Data Collected at the University of Arizona 

TISSUE TYPES NUMBER OF PATIENTS 

MALIGNANT TISSUE 
INFILTRATING DUCTAL CARCINOMA ] 7 

TOTAL 17 

NONMALIGNANT TISSUE 
BENIGN NEOPLASMS 

MAMMARY DISPLASIA 6 

FIBRO-ADENOMA 2 

NORMAL BREAST TISSUE 7 

TOTAL 15 
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Features based on the original radio frequency data were then 

generated. Next, the envelopes of the scans were calculated with 

E~WELO, and the rest of the features were generated. 

Feature distributions were tested for significantly different 

means between the two classes with the Kruskal-Wallis test. If a 

feature had a probability less than 0.005 that the means of the 

distributions were the same, that feature was retained for further 

analysis. 

The figure of merit program was used next to calculate the 

ROC d' and the ambiguity for each feature, and use the average 

correlation with other features to select the best features. It was 

found that when a large number of features (up to 180, the limit of 

the program) were operated on by FMERIT, the best features were often 

all of the same type, from a single feature file. When the top five 

features were later used to classify the data, classifications with 

results essentially the same as chance resulted. However, when one 

feature from each of the top five types of features was used for 

classification, the results were greatly improved. The reason for this 

may be that the weight given to correlation between features in 

FMERIT is arbitrary and may not be high enough (see equation 6.11). 

The stepwise, multivariate analysis program, DSC, was used 

next to select a final set of features. The feature set was selected 

by minimizing Wilks's lambda in the stepwise process, and it was 

evaluated roughly by the results of the classification performed by 
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the discriminant analysis portion of the DSC program. Thus, no 

assumptions were made about the forms of the feature distributions 

until the use of discriminant analysis, which assumed that the two 

multivariate distributions have equal variance-covariance matrices. 

DSC was also used to form a new feature, the linear discriminant 

function, by linearly combining the selected features. 

The principal components program, PRINCO, was then used with 

the set of features to form another set of linear combination 

features, the principal components. ROC and ambiguity values for 

these features were calculated with FMERIT. 

For the rest of the analysis, the linear combination features 

were used instead of the entire set of features, for two reasons. 

First, the Bayesian classifier used for the rest of the analysis 

assumes that the input data are normally distributed. This is not 

necessarily true of the features used to form the linear combinations, 

but it is true of linear combinations of features. This property of 

linear combinations is a consequence of the central limit theorem, 

which states that the probability density distribution of a linear 

combination of random variables is the convolution of the weighted 

individual probability density distributions of the random variables. 

It approaches a Gaussian distribution as the number of variables 

approaches infinity. The distribution is close to a Gaussian for 

linear combinations of about four or more variables (Frieden, 1983). 

The second reason for using linear combinations was that it reduced 
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the amount of work and disk space required to perform the estimation 

of the probability of error by the rotation method, which was not 

fully automated. 

Since there was no independent set of test data available, the 

probability of error of the Bayesian classifier formed by the program 

CLASIF was estimated by the rotation method. The program RANPER was 

used to form sets of learning and test data for this purpose. 

7.1.2 Results for Data from Tucson 

The 191 A-scans from nonmalignant breast masses were used 

with the 104 scans from the malignant masses in the first 

classification. Since there were fewer scans available in the 

malignant data than in the nonmalignant data, some of the scans from 

malignant data were put into the learning set twice. The masses from 

which these additional scans were taken were chosen at random to 

minimize errors. There is little theoretical justification for this 

procedure, but it was done to allow use of all of the nonmalignant 

data and still conform to the restriction that the number of scans in 

each set be equal. 

The four features which were used for this classification are 

listed in table 7.2, along with their ambiguity and ROC d' values, and 

those of the linear combination from the discriminant program, SDMF1. 

The coefficients used to form the linear combination are also listed. 

The distributions of the features are shown in figure 7.1. On the 

basis of poor results with the Bayesian classifier, the principal 
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Table 7.2. Features Used for Malignant vs. Nonmalignant Classification 

FEATURE FEATURE ROC 0' AMBIGUITY MEANS 
NAME EXTENSION 1 II 

MMN5% .MMN 0.17 0.90 0.069 0.061 

P3HI .PWR O. 14 0 .. 88 0.466 0.529 

RPS40 .HC1 0.20 0.89 0.013 0.011 

SUMEN8 .GR8 0.21 0.92 1. 770 1 .785 
---------------------------------------------------------
SOMF1 .SDM 0.30 0.78 

SDMF1 = -.2364(MMN5%) + .3801 (P3HI) 
-.3743(RPS4D) - .4753(SUMEN8) 



MMN5~ P3HI RPS4D 

SUMEN8 SDMF1 

~ MALIGNANT 

o NONMAL I GNANT 

Fig. 7.1. Feature Distributions for 
Malignant vs. Nonmalignant Classification of Data from Arizona 
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components features were not selected. 

The MMN5% feature is the max-min texture feature found with 

a hysteresis smoothing threshold of 5 % of the total range of the 

input scan. P3HI is the frequency content of the high frequency band 

in the anterior portion of the mass. RPS4D is a higher order 

correlation texture feature consisting of the sum of the correlations 

of 4-point segments of the scan, with spacings of 31 to 40 points (1.2 

to 1.5 mm in tissue) between each point in the segments. SUMEN8 is 

the "sum entropy" feature from the grey level dependence matrix 

algorithm. (Features are defined explicitly in appendix B.) 

Figure 7~2 shows the ROC curves of the four features as dashed 

lines, and the curve for the linear combination is shown as a solid 

line. Note that the linear combination does indeed have a more 

desirable ROC curve than any of the other features taken singly. 

Table 7.3 shows the results of estimating the error rates with 

the rotation method. Equal a priori probabilities were used to set 

the decision threshold in the Bayesian classification program, CLASIF. 

The top half of the table shows results based on classification of the 

191 scans, while the bottom half lists results of classifying each 

mass. To obtain the latter results, a mass was assigned to one class 

if the majority of scans from that mass were correctly classified. In 

case of ties, the classification was considered to be incorrect. Below 

each of the proportions shown in the table, the 95% confidence limits 

for these proportions are shown. In the case of the classification by 
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Table 7.3. Classification Results for Malignant vs. 
Nonmalignant Classification 

a) Classification of A-scans; b) Classification of masses. 

a 

CLASSIFICATION 
RESULT 

116 

TISSUE CLASS MALIGNANT NON-MALIGNANT 

MALIGNANT 

NON-MALIGNANT 

TISSUE CLASS 

MALIGNANT 

NON-MALIGNANT 

134/191 = 70% 
(63% TO 76%) 

53/191 = 28% 
(22% TO 35%) 

b 

57/191 = 30% 
(24% TO 37%) 

138/191 = 72% 
(65% TO 78%) 

CLASSIFICATION 
RESULT 

MALIGNANT NON-MALIGNANT 

13/17 = 76% 4/17 = 24% 

3/15 = 20% 12/15 = 80% 
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masses, no confidence limits are shown because the numbers of samples 

in each class are not large enough to allow the approximation of the 

binomial distribution with the Gaussian distribution in the CONPRO 

program. 

To classify the malignant and benign data, the 104 scans from 

malignant masses were used with all the scans from benign masses, 

along with enough benign data chosen at random to put 104 scans in 

the benign class. The features which were selected and used for this 

classification are listed in table 7.4. Feature LMN5 % is identical to 

the MMN5 % feature, except that before the hysteresis smoothing and 

peak counting steps, the levels of the input sample points are 

converted to a logarithmic scale. The other three features are 

identical to those used for the last classification. Figure 7.3 shows 

the distributions of these features, and figure 7.4 shows the ROC 

curves. The results of the classification are listed in table 7.5. 

7.2 Analysis of Data from Philadelphia 

7.2.1 Preprocessing 

Data from Thomas Jefferson Hospital were analyzed in the same 

manner as the data from Arizona, except for several preprocessing 

steps. These procedures were necessary for two reasons. First, the 

data were stored in slightly different form than the Arizona data 

were, without header information that is skipped over by the feature 

generation programs. Space had to be added to the data files to 
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Table 7.4. Features Used for Malignant vs. Benign Classification 

FEATURE FEATURE ROC 0 1 AMBIGUITY MEANS 
NAME EXTENSION I II 

LMN5% .LMN 0.20 0.B3 0.069 0.061 

P3HI .PWR 0.20 0.B7 0.466 0.529 

RPS4D .HC1 0.1B 0.B9 0.013 o . 011 

SUMENB .GRB 0.2.6 0.84 1 .770 1. 7B5 
------------------------------------------~----------- ----SDMF1 .SDM 0.34 0.73 

SDMF1 = -.3715(LMN5%) + .4109(P3HI) 
-.149B(RPS4D) - .5143(SUMENB) 



LMNS% P3HI 

SUMEN8 SOMF2 

~ MALIGNANT 
o BENIGN 

RPS4D 

Fig. 7.3G Feature Distributions for Malignant 
vSG Benign Classification of Data from Arizona 
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Table 7.5 •. Classification Results for Malignant vs. Benign 
Classification. 

a) Classification of A-scans; b) Classification of Masses. 

TISSUE CLASS 

MALIGNANT 

BENIGN 

TISSUE CLASS 

MALIGNANT 

BENIGN 

a 

CLASSIFICATION 
RESULT 

MALIGNANT BENIGN 

86/104 = 83% 
(74% TO 89%) 

18/104 = 17% 
(11% TO 26%) 

36/104 = 35% 
(26% TO 45%) 

68/104 = '65% 
(55% TO 74%) 

b 

CLASSIFICATION 
RESULT 

MALIGNANT BENIGN 

15/17 = 88% 2/17 = 12% 

2/8 = 25% 6/8 = 75% 
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occupy the space normally occupied by header information. Second, the 

logarithmic amplifier used to collect the data in Philadelphia caused 

the data to be clipped at the top and bottom of their range. An 

attempt was made to remove this clipping by fitting a curve to 

portions of the data which had values close to the mean of the scan, 

and were thus relatively unaffected by the logarithmic circuit. The 

peaks were then filled in by extrapolating the curves found by fitting 

the low-amplitude data. 

explained in appendix A. 

The details of this preprocessing are 

7.2.2 Feature Generation, Selection, and Classification 

The A-scans and the types of tissue from which they were 

obtained are listed in table 7.6. Feature generation and selection 

were done in the same way as they were for the data from Arizona, 

with one exception. When the ultrasound data were collected from a 

mass at Thomas Jefferson, eight A-scans were digitized for each of 

about five transducer orientations. The TICAS programs are not 

capable of analyzing so much data. Therefore, to reduce the number of 

samples used in the programs, and still use all the data, features 

from the eight scans taken from a single transducer orientation were 

averaged with the AVFEAT program after feature generation. This was 

thought to have little effect on the overall feature distributions. 

Even after averaging, there were more data from benign masses than 

from malignant masses. All the data from 21 malignant masses were 

used to get a total of 104 samples. For the 66 benign masses, one 



Table 7.6. Data Collected at the Thomas Jefferson Hospital 

TISSUE TYPES NUMBER OF PATIENTS 

MALIGNANT TISSUE 
INFILTRATING DUCTAL CARCINOMA 16 
INFILTRATING COMEDO CARCINOMA 1 
IN-SITU PAPILLARY CARCINOMA 1 
INFILTRATING LOBULAR CARCINOMA 1 
IN-SITU DUCTAL CARCINOMA 1 
MEDULLARY CARCINOMA 1 

NONMALIGNANT TISSUE 
BENIGN NEOPLASMS 

TOTAL 21 

FIBROADENOMA 23 
FIBROCYSTIC DISEASE 

(MICROSYSTS ONLY) 10 
PAPILLOMA 3 
FAT NECROSIS 3 
FIBROUS MASTOPATHY 3 
PERI DUCTAL MASTITUS 1 
LIPOMA 

NORMAL TISSUE AND IMAGE PHENOMENA 
FAT 11 

COOPER'S LIGAMENTS 5 

CALCIUM 3 

NIPPLE SHADOW 2 

NORMAL BREAST 1 

TOTAL 66 
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sample was taken from each of the masses, and a second sample was 

taken from the first 38 masses to bring the total to 104 samples. 

The rest of the analysis was nearly identical to that for the data 

from Arizona. 

The features based on frequency content were found to have 

relatively high ROC and low ambiguity values. To examine which other 

features might work well, all features other than the frequency 

features were analyzed separately with the figure of merit program, 

FMERIT. Then the best features of each type from that run, and the 

best frequency features, were used as input to the stepwise 

minimization of Wilks's lambda in DSe. In other words, one or two 

features from each feature extension were used. Another run of DSe 

was done with the best non-frequency features, and all of the 

frequency features. 

The BMDP program which performs a stepwise, multivariate 

logistic analysis was used to check the results of the discriminant 

analysis. This was done to investigate whether the assumption of 

equal covariance matrices for the two classes was a good one, and to 

see whether the logistic distribution was a good fit to the data. The 

result was that the same features were selected by the logistic 

analysis as by the discriminant analysis. 

The set of features which gave the best result in the 

discriminant analysis performed by DSe is listed in table 7.7. Only 

one spatial domain feature was chosen, along with four frequency 
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Table 7.7. Features Used for Malignant vs. Nonmalignant Classification 
of Data from Philadelphia 

FEATURE FEATURE ROC 0' AMBIGUITY MEANS 
NAME EXTENSION I I I 

INVER8 .GR8 0.13 0.94 0.311 0.296 

P1HI .PWR 0.25 0.85 0.460 0.579 

P2MID .PWR O. 16 0.94 0.548 0.484 

3M/1H .PWR 0.23 0.89 1 .407 1 .025 

3M/1L . P\~R 0.21 0.87 9.221 15.510 
-----~------------------------------------------------ ----
SDMFl .SDM 0.31 0.71 

PRNCMl .PCM 0.31 0.76 

SDMFl = -.2966(INVER8) + .5699(P1HI) 
-.3506(P2MID) + .0316(3M/1H) 
+.3677(3M/1L) 

PRNCMl = .1l26( INVER8) .6097(P1HI) 
+ .3188(P2MID) + .5866(3M/1H) 
- .4121(3M/1L) 
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features. The INVERB feature is the inverse difference texture 

feature from the grey level dependence matrix, for data points 

separated by eight sampling intervals. PlHI is the content of the high 

frequency band for the B psec scan segment from the anterior portion 

of the mass; P2MID is the content of the middle frequency band for the 

scan segment in the center of the mass; 3M/lH is the ratio of mid

frequency content in the posterior segment, to high frequency content 

in the anterior segment; 3M/lL is the ratio of mid-frequency content 

in the posterior segment, to low frequency content in the anterior 

segment. 

Table 7.7 also lists ROC d', ambiguity values, and coefficients 

for the linear discriminant function feature SDMFl, and for the first 

principal component, PRMNCI. Although this principal component 

accounted for only 45 % of the variance in the data, using it with 

other principle components in the Bayesian classifier gave worse 

results than using PRNCMl alone. Thus, only the first principle 

component is listed in the table. 

The distributions of the features are shown in figure 7.5, and 

their ROC curves are shown in figure 7.60 The results of the 

estimation of error rates by the rotation method are listed in tables 

7.B and 7.9. 

Table 7.10 lists the results of varying the a priori 

probabilities for each class in the discriminant analysis program, DSC. 

The reason for doing this was to obtain results comparable to those 
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Table 7.8. Classification Results for Malignant vs. Nonmalignant 
Classification of Data from Philadelphia, using 
SDMF1 Feasture 

a) Classification of A-scans; b) Classification of Masses. 

TISSUE CLASS 

MALIGNANT 

NONMALIGNANT 

TISSUE CLASS 

MALIGNANT 

NONMALIGNANT 

a 

CLASSIFICATION 
RESULT 

MALIGNANT 

83/104 = 80% 
(71% TO 87%) 

26/104 = 25% 
(17% TO 35%) 

b 

NONMALIGNANT 

21/104 = 20% 
(13% TO 29%) 

78/104 = 75% 
(66% TO 87%) 

CLASSIFICATION 
RESULT 

MALIGNANT 

18/21 = 86% 

21/66 = 32% 
(21% TO 45%) 

NONMALIGNANT 

3/21 = 14% 

45/66 = 68% 
(55% TO 79%) 
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Table 7.9. Classification Results for Malignant vs. Nonmalignant 
Classification of Data from Philadelphia, using 
PRNCMl Feature. 

a) Classification of A-Scans; b) Classification of Masses. 

TISSUE CLASS 

MALIGNANT 

NONMALIGNANT 

TISSUE CLASS 

MALIGNANT 

NONMALIGNANT 

a 

CLASSIFICATION 
RESULT 

MALIGNANT 

79/104 = 76% 
(66% TO 84%) 

22/104 = 21% 
(14% TO 30%) 

b 

NONMALIGNANT 

25/104 = 24% 
(16% TO 34%) 

82/104 = 21% 
(70% TO 86%) 

CLASSIFICATION 
RESULT 

MALIGNANT 

16/21 = 76% 
(52% TO 91%) 

17/66 = 26% 
(16% TO 39%) 

NONMALIGNANT 

5/21 = 24% 
(9.2% TO 48%) 

49/66 = 74% 
(62% TO 84%) 
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Table 7.10. Results of Varying a priori Probability on Classifi
cation of A-Scans with Discriminant Analysis 

A PRIORI PROBABILITY SENSITIVITY SPECIFICITY 
FOR MALIGNANT CLASS (WITH 95% CONFIDENCE LIMITS) 

0.3 49% (39% TO 59%) 86% (78% TO 92%) 

0.4 66% (56% TO 75%) 81% (72% TO 88%) 

0.5 79% (70% TO 86%) 75% (65% TO 83%) 

0.6 89% (81% TO 94%) 62% (52% TO 71%) 

0.7 95% (88% TO 98%) 50% (40% TO 60%) 
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obtained by Good, Rose, 'and Goldberg, who varied the threshold in their 

linear discriminant to get 96 % specificity and a corresponding 

sensitivity. The discriminant analysis program was used here instead 

of the full rotation method for the sake of practicality. The results 

obtained with it are indicative of those which the more accurate 

method would produce, but they are biased toward lower error rates 

because the learning and training sets are the same. 

A final investigation of the source of variation in the data 

was done with the BMDP components of variance program. This was run 

on the same data used for the feature selection and classification, 

but because the program could handle more data, all available data 

~~ere used instead of 104 scans in each class. The results 'of the 

analysis were that for several features, the within-patient variance 

was greater than the between-patient variance. In other words, more 

of the variability in an entire class came from variability in feature 

values from single patients, than from the variability of feature 

values between different patients. Some of the specific results for 

the malignant class were: feature P1HI had 63 % of the total variance 

coming from within-patient variation; 3M/IH had 60 % from within 

patients; and 3M/IL had 71 % from within patients. The meaning of 

these results is discussed in chapter 8. 



CHAPTER 8 

DISCUSSION AND CONCLUSIONS 

The methods used in this study are not adequate for complete 

automation of detection or classification of breast cancer. However, 

the results do have a number of interesting implications for the type 

of work which should be pursued in the future, if ultrasound is to be 

used for breast cancer screening. The bases of these implications are 

the subjects of this chapter. 

8.1 Interpretation of Results 

The results of classifying the data from Arizona (tables 7.3 

and 7.5) show a definite ability to classify the majority of A-scans 

correctly. However, the small number of patients seen over the period 

of the study caused the confidence intervals to be too large to make 

general statements about the usefulness of the pattern recognition 

technique. The results of classifying data from Philadelphia (tables 

7.8 and 7.9) were more reliable, because more masses were examined; 

but the success rates were not much higher than those found with the 

smaller numbers of patients. 

In several cases, it was not possible to detect a palpable 

mass in the B-scans. This implies that breast cancer screening could 
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not be done by first detecting a mass visually, and then classifying 

the mass by pattern recognition. If that were possible, the results 

of this study would be fairly promising. Using equal a priori 

probabilities, error rates as low as 11% for classifying A-scans from 

malignant tissue, and 26% for classifying A-scans from benign tissue 

were obtained (table 7.5). These are the limits of 95 % confidence 

intervals, and more studies with more patients could be done to see if 

these rates would hold up. However, since detection by a trained 

person may not be possible, pattern recognition would have to be used 

for detection of masses, and for classification of masses. A 

classification of tissue as abnormal (either malignant or benign) or 

normal was not done here, because it was not expected that there 

would be difficulty in finding palpable masses in a B-scan. Thus, this 

study did not test whether detection can be automated; but 

simultaneous detection and classification of malignant masses was 

tested. This test was the classification of breast tissue as 

malignant or nonmalignant. The lowest error rates for this 

classification were 13 % for malignant tissue, and 17 % for 

nonmalignant tissue. These are not encouraging results, because the 

population of women in the nonmalignant class is so much larger than 

those in the benign class. Unless error rates are very low, a large 

proportion of the women who are classified as having malignant breast 

tumors would actually have no masses at all. 
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The lack of success in doing simultaneous detection and 

classification of masses does not necessarily mean that ultrasound 

will never be useful in performing these two tasks. If they are split 

up, each task may be performed adequately by pattern recognition. The 

inability to see some malignant masses in the B-scans may mean that 

there is a class of malignant masses which can only be detected by 

pattern recognition. Furthermore, some features which did not 

distinguish between malignant and benign masses may do so if the 

heretofore undetectable masses are added to the malignant data set. 

On the other hand, including these masses may make it even more 

difficult to classify masses as malignant or benign. A new study, 

which includes the masses which are not visible in the B-scan, would 

determine which of these two outcomes holds true. 

The figure of merit program for feature selection, FMERIT, did 

not perform well for the classification of the data from Arizona. As 

suggested in chapter 7, this may be because the weight of 1 given to 

correlation between features in equation 6.11 is not correct. 

The reasons for choosing specific features are clear for some 

of them, and less apparent for others. Those used to classify the 

Arizona data are listed in tables 7.2 and 7.4. The max-min texture 

features, MMN5 % and LMNS %, apparently measure a difference in the 

density of peaks in sound energy reflected by benign and malignant 

masses. This difference is most apparent for only minimal smoothing 

of the envelope of the A-scan. The means of the distributions 
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indicate that the malignant masses produce slightly more peaks than 

are produced by the benign or nonmalignant masses. Feature P3HI 

measures differences in the energy in the highest frequency band, for 

reflected sound originating in tissue in the posterior of the mass. 

The significance of this feature is consistent with the simple model 

for the frequency dependence of the attenuation of sound by malignant 

masses. If the attenuation increases with frequency, and if the 

amount of the attenuation is greater for malignant masses, one would 

expect that the relative energy in the high frequency band would be 

lower for the benign masses. The means of the feature distributions 

bear out this expectation. Feature RPS4D measures a correlation of 

scan segments with lengths of four points, for segments separated by 

distances from 31 to 40 points. This is difficult to relate to any 

physical characteristic of the tissues. The last feature used for the 

Arizona data was SUMEN8. This is the "sum entropy" feature from the 

grey level dependence matrix, for pOints separated by nine sample 

intervals. The algorithm used to generate this feature is described in 

Appendix B. The entropy designation comes from the use of terms 

containing the product of a sum of transition probabilities, and the 

logarithm of the same sum. This is similar to the mathematical form 

of entropy (a number of possible configurations, multiplied by the 

logarithm of the number). Differences in values of this feature might 

indicate differences in the structure of tissues on a scale of nine 

data points, or 0.34 mm. This is about two thirds of the ultrasound 

wavelength, 0.5 mm. 
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A completely different set of features, listed in table 7.7, 

was found to classify the data from Philadelphia. Since data from 

many more patients were included in this study, more credence should 

be placed with this set of features than with the other set. The most 

striking difference between this set and the other is that only one 

textural feature was used, and all the others are based on frequency 

content. The one textural feature, INVER8, measures structure on a 

scale of 0.34 mm, just as the SUMEN8 feature did with the Arizona 

data. It measures an inverse difference moment, which weights the 

joint probabilities of smaller differences in grey levels more than 

the joint probabilities of large differences. It took on greater 

values for the malignant tissues, which means that those tissues 

produced less variation in reflected energy, for points separated by 

0.34 mm, than did the nonmalignant tissues. 

Feature PIHl measured the relative amounts of energy in the 

high frequency band, in the scan segment anterior to the mass. Since 

the three segments used were only 0.6 cm long, much of this segment 

may be within the mass. Thus, the attenuation model would predict 

that this feature would have a lower mean value for the malignant 

class, and this is the case. Feature P2MID, however, shows the 

opposite behavior. This feature is the content of the middle 

frequency band, in the scan segment in the center of the mass. The 

same result was found by Good, Rose, and Goldberg (1982) in their 

analysis of the same data. The result does not necessarily mean that 
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the model is in error, because the feature is not an absolute 

measurement. It is the amount of energy in this band, relative to the 

energy in the other bands. Thus, it is entirely possible that the 

relative amount of energy in the middle frequency band, in the central 

portion of the scan from a nonmalignant mass, is higher than it is for 

malignant masses. Similar arguments may be made regarding the ratio 

features, 3M/1H and 3M/1L. The former has a higher mean value for 

the malignant masses, and the latter has a higher mean for 

nonmalignant masses. This problem of interpretation may be resolved 

by a method suggested in section 8.3. 

8.2 Agreement with Previously Published Work 

The sensitivity and specificity obtained for the classification 

of A-scans from benign and malignant tissues agreed approximately 

with the results obtained by Cole-Beuglet, et ale (1981) for ultrasound 

mammography and for X-ray mammography. However, the small number of 

patients used for our study precludes a definitive statement that all 

the results are not statistically different. Only a study of data 

from the same patients, using all three ·methods, would allow such a 

conclusion. 

The results obtained for the classification of the data from 

Philadelphia were as good as those obtained by the group in 

Philadelphia (Good, Rose, and Goldberg, 1982); but in their analysis and 

in ours the specificity is unacceptably low (50 % for us, 68 % for 

them). In both analyses, the· frequency domain features were among the 
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best, but the specific features used were not the same. This may be 

due to a number of factors. Among them are the selection of only one 

mass from each patient in our study, instead of using all masses 

observed in each patient; error introduced by the interpolation and 

decimation procedure used to convert the sampling rate of the 

Philadelphia data to that of the Arizona data; additional distortion of 

the waveforms caused by the polynomial interpolation algorithm used 

to reduce the clipping caused by the compression amplifier; 

differences in the feature selection procedures; inclusion of new 

features, such as the ratio features in the frequency domain, which 

were not examined by the Philadelphia group. Each of these effects 

could be studied separately in the future. 

8.3 Implications for Further Work 

The components of variance analysis indicated that for some 

features, the variance in values for an entire class is due primarily 

to variance in the data from single breast masses. This has two 

possible interpretations. 

First, it may mean that data collection procedures have to be 

refined to decrease the spread in the data. This would cause the 

overall variance of each class to decrease, and reduce the error rates 

by decreasing the amount of overlap of the feature distributions. 

Some ways to achieve less within-patient variance are more careful 

calibration of amplifier gain; more rapid collection of A-scans, to 

decrease patient motion between scans; asking the patient to hold her 
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breath during data collection; or even synchronizing the firing of the 

transducer to a particular point of the cardiac cycle, to make the 

Doppler shifts due to blood flow the same for all scans. The within

class variance may also be reduced by daily measurement of the 

impulse response of the entire system, and removing its effect by one 

of any number of deconvolution techniques. 

The other interpretation is that A-scans collected under 

ordinary circumstances from a single patient may be considered to be 

statistically independent of each other, and representative of the 

class of tissue from which they came. Thus, to decrease the 

significance intervals of the error rates, it would only be necessary 

to collect more data, as is done in cytology. However, the 

distributions for the two classes in the study overlap to a high 

degree. Before one can conclude that simply collecting more A-scans 

will improve the significance of the classification, efforts must first 

be made to reduce the within-patient variance by the means mentioned 

above. 

To improve the classification rates, a more systematic 

investigation of the variability of features from within a single mass, 

versus variability within and between classes, needs to be done in any 

future study of breast cancer with ultrasound. The assumption that 

there are only two or three relevant classes needs to be challenged, 

as well. Malignant and benign breast masses are already given several 

classifications by pathologists, and future studies should take these 
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different classes into account. A hierarchic classifier might have 

more success in separating these individual pathologies in several 

steps, than would a simultaneous classifier acting on two classes. 

The techniques of unsupervised learning and clustering could also be 

used to find hitherto unknown subclasses of tissue, if enough data and 

appropriate features are available. 

A problem of primary importance is the dearth of features 

based on physical models of the interaction of sound with tissue. In 

this study, features based on Good, Rose, and Goldberg's simple 

attenuation model were among the most useful for classifying A-scans. 

This indicates the value of such features, and suggests that effort in 

future studies should be put into creating physically motivated 

features, rather than spending time writing algorithms of relatively 

unknown physical significance, such as those for textural features. 

A specific change should be made iri the algorithm for 

generating the frequency domain features. As they are now 

implemented, relative amounts of power in three frequency bands are 

calculated, in one segment of the scan at a time. In order to improve 

the interpretation of differences in these features, the normalization 

should not be done by scaling the total power in each segment to one. 

Instead, the square of the spectrum of each segment should be divided 

by the total power in all three segments. Then each of the nine 

numbers generated by the algorithm can be related to a single scale, 

instead of to three different scales. This would also reduce the 

within-patient and within-class variances of the feature values. 
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The figure of merit program, FMERIT, should be changed to 

enable the user to select the weight on the average correlation 

between features. Alternatively, the program may compute ranks for 

the features using several different weights, to present the user 

with several potentially useful sets of features. Since most of the 

computation time in the program is devoted to calculation of the ROC 

d' and ambiguity, it would not take much longer to do the additional 

rankings. This may make the selection more truely automatic. 

The failure to detect palpable masses visually in B-scans 

implies that any future study of this type should not use a 

simultaneous classifier. Instead, there should be at least two steps: 

separation of masses from the rest of the breast tissue, and then 

separation of the various types of masses. The data sets must include 

all masses which can be detected by any means, especially any which 

are not visible in the ultrasound B-scan. For palpable masses, a 

mechanical method of locating the masses can be used. Burns, et ale 

(1982) used a clear, plastic overlay to mark the positions of breast 

masses in their Doppler ultrasound study. 

repeatably by this method. 

Masses were located 

8.4 Summary of Conclusions 

The first conclusion which can be made is that pattern 

recognition techniques applied to ultrasound A-scans can classify 

correctly the majority of A-scans from malignant and benign breast 

tissue. 
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The sensitivity and specificity obtained by using this method 

were not as good as published results for ultrasonic mammography and 

X-ray mammography; but the confid.ence intervals did encompass those 

results. The ultrasound pattern recognition method may be useful in 

the future, but this study did not show whether or not it is as 

accurate as mammography in classifying breast tumors. A study 

involving more patients and all three of the methods would show which 

is most accurate. 

Features based on a simple physical model of the interactions 

of sound with tissue were generally more effective than a number of 

ad hoc features based on the texture found in the A-scans. Thus, it is 

important to base the features on known physical properties whenever 

possible. 

Detection of breast cancer in a procedure for breast cancer 

screening is not possible with the automated methods used for this 

study. Early detection must continue to rely on self examination and 

the ability of trained people to find abnormalities in images. 

8.5 Significance of this Work 

This work is significant because it analyzed ultrasound A

scans from breast tissue with a collection of pattern recognition 

techniques which are more powerful than any which had been used 

previously for this problem. A large number of features was 

evaluated, and the results were as good as any which had previously 

been obtained by automated methods. Observations of the features that 
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worked best, along with their distributions, suggested a number of 

ways to obtain better results in the future with ultrasound and 

pattern recognition. 



APPENDIX A 

PREPROCESSING FOR DATA FROM THOMAS JEFFERSON HOSPITAL 

This appendix contains some details of the processing which 

was performed on the data from Philadelphia, to put them into a form 

as nearly identical to that of the data from Tucson as possible. The 

first steps are straightforward changes in file format and sampling 

rate. The last step is an attempt to undo the distortion caused by 

the logarithmic amplifier which was used in the data collection, to 

minimize any effects of this distortion on the classification results. 

Ael Format Conversion and Sampling Rate Conversion 

As noted in chapter 7, the data from Philadelphia were stored 

in a format which was incompatible with the feature generation 

programs at Arizona. In addition to the difference of inclusion of 

header information, there were differences in the internal format of 

the data files due to the use of different operating systems at the 

two sites. RT-ll was the system used in Philadelphia, and RSX-IIM was 

used at Arizona. * A program called DRXCON was written to perform the 

conversion. 

An additional difference between the two sets of data was 

that the data from Philadelphia had been collected with a sample rate 
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of 50 X 10 6 samples/sec, while those at Arizona had been collected at 

20 X 10 6 samples/sec. The method chosen to convert from the faster 

rate to the slower one was to convert to 100 X 10 6 samples/sec by 

interpolation, and then converting to 20 X 10 6 samples/sec by taking 

every fifth point from the waveform. The interpolation method used 

was simply to insert the average of the values of two adjacent points 

between the two points. This algorithm was implemented in the 

* program DECIM • 

A.2 Removal of Logarithmic Compression 

Because there were no calibration data available for the 

logarithmic amplifier, it was not possible to undo the effect of the 

amplifier by running the data through an inverse transfer function. 

Thus an ad hoc method had to be used to obtain a reasonable 

approximation to data that had not gone through a compression. 

Several methods were investigated. All of them are based on the 

assumption that data values at low amplitudes are relatively 

unaffected by the compression, and can be retained as they are. The 

nature of the compression circuit, which consisted of back-to-back 

diodes, supports this assumption. Low input currents cause nearly 

linear changes in output voltage, while high input currents cause 

output voltages which are clipped. Figure A.l is a sketch of such a 

transfer curve, which is made up of the i-v curves of two diodes. 

Each of the following restoration methods subtracted the mean value 

from the input scan, to give the scan a mean of zero, and then used 

low amplitude data to derive high amplitude data. 
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The first method fitted a half cycle of a sine wave to low-

amplitude points, and used values of the sine as the values for the 

higher points. The sine function was derived as follows: consecutive 

zero crossings of the RF waveform were found. At each zero crossing, 

the two points before the crossing and the two points after the 

crossing were used to derive a straight line through them by least 

squares. This resulted in two slopes, S1 and S2, having opposite signs, 

and two zero crossing points, Z1 and Zh for the two straight lines. 

The absolute values of the slopes were averaged to get a mean slope, 

s. This slope was used with the zero crossings to calculate the 

amplitude and period of a sine wave passing through the zero crossings 

and having a first derivative equal to s or -s at each zero crossing. 

The equation of this function is 

( s ~z . [~ z] f z) = - S1n --
~ ~z ' 

where ~z = Z2 - Z1. The original data were then replaced by the 

values of this function, evaluated at each of the sample points 

between the zero crossings. This much of the algorithm was 

* implemented in the SLOPES program. 

* A second program, MSTAT , was used to plot output values 

against input values to obtain the transfer curve for the process. It 

was hoped that this would result in a curve that could be used for 

subsequent processing of the data after SLOPES had been run on a 

number of scans. However, so much scatter was present in the graphs 
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Fig. A.l. Transfer Curve for Two Diodes, Back-to-Back 
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of output vs. input that this approach could not be pursued. The 

method was also susceptible to producing artifacts in cases where an 

abrupt phase change occured in the A-scan between zero crossings. 

This would result in a large az, causing the amplitude of the fitting 

function to be too large. For these reasons, this algorithm was not 

used for the restoration. 

Each of the following algorithms set a threshold amplitude, 

below which the data were assumed to be nearly unaffected by the 

compression. The values of data points with values above the 

threshold were then calculated, based on the values of data below 

threshold. 

The first algorithm of this type used a second-order 

polynomial which was derived by least squares fitting to the data 

below threshold. Values of this polynomial were used to replace not 

only the values of points above threshold, but those of all points 

between the zero crossings. If points below threshold were not 

replaced, abrupt discontinuities in the waveform would have resulted. 

This algorithm was implemented in the program FIXPHIL*. 

* The SPLPHIL program used a spline function (Forsythe, 

Malcolm, and Moler, 1977) instead of the second order polynomial. 

This function preserves the values of the points used to derive the 

spline function, and changes only the values of the points above 

threshold. 
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* The last algorithm, implemented in the GERCH program, used an 

iterative method proposed independently by Gerchberg (1974) and 

Papoulis (1975). As originally formulated, the technique used spatial 

band limitation as a constraint in an iterative domain-swapping 

algorithm to extrapolate the spatial frequency bandwidth of an input 

image. An additional constraint was that the spectrum of the estimate 

of the object had to agree with the spectrum of the original object. 

The algorithm can also be used to extend the spatial boundaries of an 

image, using the constraints that the estimate has the same frequency 

bandwidth as the input image, and that the estimate must agree with 

the input image within the original boundaries of the input image. The 

boundaries may be around the perimeter of the image, or they may be 

around a hole in the image that one wishes to fill in. Yamakoshi and 

Sato (1983) showed that in the absence of noise, the algorithm 

converges to the original object when the input image has some data 

missing from some sections, if the frequency bandwidth is kept fixed. 

In the GERCH program, the cutoff frequency was assumed to be the same 

as that used in the filter in the ENVELO program, 4.25 MHz. New 

estimates of the values of points above threshold were then obtained 

by the iterative process. 

The three restoration methods were evaluated by testing them 

on ultrasound scans which were artificially compressed with a program 

* called CLIPPER. The accuracy of the restoration was measured by 

calculating the total RMS difference between the original scans and 
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* the restorations, with the RMSTRC program. All three of the methods 

clearly eliminated the clipped appearance of the input scans. 

However, it was difficult to find whether one algorithm was clearly 

best because only a limited number of scans could be tried out, and 

because the threshold level was arbitrary. Some of the algorithms 

worked best at certain threshold levels, while others worked best at 

other levels. 

The iterative method yielded some excellent restorations, but 

it was impossible to determine what the optimum number of iterations 

should be. The algorithm also takes a long time to run, since it 

computes FFT's repeatedly. For these reasons, this method was not 

used to process the data. 

The polynomial method was finally chosen over the spline 

method because it does not preserve the values below the threshold. 

This is physically more correct than preserving the values because the 

threshold may not always be set correctly. Also, there is actually 

some compression of all the data, not just those above threshold. In 

the final version of the program, the threshold for the A-scans in a 

single input data file was determined by finding the minimum and 

maximum values of all the A-scans in the file, and setting the 

threshold at a fixed fraction of the total range. 



APPENDIX B 

FEATURES FOR A-SCAN PATTERN RECOGNITION 

This appendix contains definitions of all features that were generated 

and evaluated for recognition of patterns in ultrasound A-scans. 

B.I Statistics of Histograms 

B.I.I Grey Level Histogram -- HIST -- JIST Extension 

HIST creates an amplitude histogram of eighteen bins from the 

signal amplitudes f(x) in th~ input scan. The minimum and maximum 

amplitudes fmin and f max are the same as those of the input scan. If 

bj is the number of points in the input scan which are in bin j of the 

histogram, the features are defined as follows: 

3 

BINI = L bj 
j = I 

6 
BIN2 = L bj 

j = 4 

9 

~ ~ 
j = 7 
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12 
BIN4 = L bj 

j = 10 

15 
BINS = L bj 

j = 13 

18 
BIN6 = L bj 

j = 16 

HAVE = l '" b 18 L j (mean of grey level distribution) 
j 

HVAR = 1 L (bj - HAVE) 2 18 (variance) 
j 

HSKEW 1 L (bj - HAVE) 3 = 18 (skew) 
j 

HKURT 1 L (bj - HAVE) It 18 (kurtosis) 
j 

B.l.2 Power Spectrum -- HIST -- .PHS Extension 
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HIST also creates a histogram of the frequency spectrum of 

the input scan. The modulus of the complex Fourier transform of the 

input scan is fed into the same histogramming routine used for the 

amplitude histogram. The definitions of the following features are the 

same as the corresponding features in the last section, with the 
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addition of pIS in the names: 

3 

PBIN1 = L bj 
j = 1 

6 

PBIN2 = L bj 
j = 4 

9 

PBIN3 = >- bj 
j = 7 

12 

PBIN4 = L bj 
j = 10 

15 

PBINS = L bj 
j = 13 

18 
PBIN6 = >- bj 

j = 16 

PAVE 
1 L bj (mean of spectrum distribution) = 18 

j 

PVAR 
1 L (b. - PAVE) 2 (variance) = 18 J 

j 

PSKEW = 118 >- (bj - PAVE) 3 (skew) 

j 



PKURT = /8 L (bj - PAVE) It 
j 
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(kurtosis) 

B.l.3 Intervals between Peaks and Slopes of Peaks -- SLPINT -- .INS 

Extension 

SLPINT creates a histogram of the intervals, in units of the 

sample spacing, between peaks. It also creates a histogram of the 

absolute value of the slopes between adjacent peaks. If bj is the 

value of bin j of the histogram, the features are defined as follows: 

IAVE 1 L bj (mean of interval distribution) = 4" 
j 

IVAR 1 ~ (b. - IAVE) 2 (variance) = "4 J 
j 

I SKEW 
1 
~ (bj - IAVE) 3 (skew) = "4 
j 

IKURT 1 L (b. - IAVE)" (kurtosis) = 4" oJ 
j 

SAVE 
1 ~ bj (mean of slope distribution) = "4 

j 

ASVAR 
1 ~ (bj - SAVE) 2 (variance) = "4 

j 
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SSKEW 1 1- (bj - SAVE)' (skew) = 4' 
j 

SKURT 1 L (bj - SAVE)" (kurtosis) = 4' 
j 

INTI = b 1 (bins of interval histogram) 

INT2 = b 2 

INT3 = b s 

INT4 = b .. 

SLPI = b l (bins of slope histograms) 

SLP2 = b 2 

SLP3 = b, 

SLP4 = b .. 

B.2 Texture Features 

B.2.1 Max-Min Statistics - MMIN -- Extensions .MMN, .LMN 

The input scan is scaled to vary from 0 to 1. Hysteresis 

smoothing is performed on the scan as follows: beginning at one end of 

the scan, the value at the next point is unchanged if it differs from 

the preceeding point by more than a threshold level, t. If it differs 

by less than t, it takes on the value of the last point. This process 

is performed along the whole length of the scan. Next, the number of 

local extremes (either minima or maxima) which remain after hysteresis 

smoothing, is counted. Let Nj be the number of extremes remaining 
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after hysteresis smoothing with threshold t = j/IOO, and N be the 

number of extremes present in the scan before any smoothing. Then 

the definitions of the features for the .MMN feature file are: 

MMN5% = N5/N 

MMNIO % = NiO/N 

MMNl5 % = N15/N 

MMN20% = N2.o/N 

MMN2S% = Nu/N 

MMN30% = N, o/N 

MMN3S% = N, 5/N 

MMN40% = Nlto/N 

MMN4S% = N .. 5/N 

MMNSO% = N50/N 

RAI/2 = N5/N 10 

RA2/3 = NlO/NU 

RA3/4 = N15/N2.0 

RA4/S = N2.0/ Nu 

RAS/6 = N2.5/N, 0 

RA6/7 = N, o/Nu 

RA7/8 = N,,/N .. o 

RA8/9 = N .. o/N .. 5 

RA9/10 = N 5 o/Ns 5 

RAI/1O = Ns/N 55 



RA3/10 = N15/NSII 

RAS/10 = N25/NSS 

RA7/10 = N ,,/Nss 

Another set of similar features was produced after first 

converting the input amplitudes to a logarithmic scale. The new 

amplitudes were 

f'(x) = In[ f(x) + 1 ]. 
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In the defi.nitions for the .LMN features below, Nand Nj then have the 

same meanings they had for the .MMN features: 

LMN5% = Ns/N 

LMN10 % = Nl0/N 

LMN15% = N1S/N 

LMN20% = Nzo/N 

LMN25 % = N2s/ N 

LMN30 % = N,o/N 

LMN35 % = N,,/N 

LMN40 % = Nlto/N 

LMN45 % = Nlts/N 

LMN50% = Nso/N 

L1/2 = Ns/N 10 

L2/3 = NlO/N15 

L3/4 = N1S/Nzo 

L4/5 = Nzo/N25 

L5/6 = N2S /N30 
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L6/7 = Nso/N,s 

L7/8 = N,s/Nlto 

L8/9 = Nita/Nits 

L9/10 = Ns o/Nu 

1.1/10 = Ns/N ss 

L3/10 = N 15/NS s 

L5/10 = Nu/Nu 

L7/10 = Nss/Nss 

B.2.2 Grey Level Run Length Statistics -- RUNLTH -- Extensions .RLO and 

.RL1 

For features in the .RLO feature file, the input scan is scaled 

to vary from 0 to 1. Then the range is split up into eight intervals, 

and a run length matrix. with elements Pij is formed. These elements 

are the frequencies with which runs of grey levels in the ith 

interval, with length j, are present. In the feature definitions below, 

the quantity NORM stands for 

NORM = 

a normalization constant. 

SREI = 
1 

NORM 

8 8 
Pi" 
Y 

i=lj=l 
L L 

8 8 

L L Pij 
i=lj=l 

(Short Runs Emphasis) 



LREI 1 = 
NORM 

GLNI 1 = NORM 

RLNI 1. 
= 

NORM 

RPI = NORM/P 

ENTRI = 1 
NORM 
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8 8 

~ ~ ·2 
J Pij (Long Runs Emphasis) 

i = 1 j = 1 

8 [ . { (PijJ L (Grey Le"el Nonuniformity) 
i = 1 J = 1 

8 [ 8 (PijJ L ~ (Run Length Nonuniformity) 
j = 1 i = 1 

(Run Percentage). P is the number of points in 

the scan. 

8 8 

~ ~ [Pij + 1] log[ Pij + 1] (ENTRopy) 
i=lj=1 

Features in the .RLI feature file are created from data which 

has had histogram linearization, rather than scaling from 0 to 1, 

performed on the input scan. Otherwise, the definitions are the same 

as those for the .RLO file: 

ESREI (Short Runs E mp hasis) 

ELREI (Long Runs Emphasis) 

EGLNI (Grey Level Nonuniformity) 

ERLNI (Run Length Nonuniformity) 

ERPI (Run Percentage) 

EENTRI (ENTRopy) 
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B.2.3 Stochastic Field Model Measures -- STOCAS -- .WHI Extension 

Eight features are generated for each of three levels of 

hysteresis smoothing (see section B.2.1), which is performed after 

scaling from 0 to 1. Four autocorrelation features and four features 

based on the estimate of the decorre1ated grey level distribution, 

p(Q), are generated. For the autocorrelation features, the parameter n 

is defined as 

n = L m L fen) fen - m) , 
m n 

where fen) is the value of the scaled and smoothed input scan at 

position n. For the grey level distribution features, the 

decorre1ation is performed approximately by passing the Laplacian 

kernel ( 1, -2, 1 ) through the data. A grey level histogram with J 

bins is formed and used as peW) for the generation of the features. 

Smoothing threshold = 0.001 : 

T 
1AUTO 

1 L (m - n)l L fen) fen - m) = 
n 

m = 0 n 

T 
2AUTO = 1 L (m - n)2 L fen) fen - m) 2rI 

m = 0 n 
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T 

3AUTO 
1 L (m - 11)' L f(n) f(n - m) 3ri 

m = 0 n 

T 

4AUTO 
1 L (m - 11)1t L f(n) f(n - m) = 411 

m = 0 n 

J 

5AVEO = L p(j) 

j = 1 

6VARO [j ~ I lIZ 
(j -' SAVEO) 2 p(j) 

J 

7SKWO 
1 L (j - 5AVEO) 3 p(j) = 6VARO 3 

j = 1 

J 

8KURO 
1 L (j - 5AVEO)lt p(j) 

6VARO' 
j = 1 

Smoothing threshold = 0.1. Features defined as for other smoothing 

levels. 

1AUT10 

2AUT10 

3AUTlO 

4AUT10 

5AVE10 

6VAR10 
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7SKW10 

8KUR10· 

Smoothing threshold = 0.1. Features defined as for other smoothing 

levels. 

1AUT20 

2AUT20 

3AUT20 

4AUT20 

5AVE20 

6VAR20 

7SKW20 

8KUR20 

B.2.4 Generalized Correlation Functions - HOCORR -- Extensions .HC1 

and .HC2 

In these correlations, the two segments of data which are 

correlated are separated by the distance ~, and sample points within 

each segment are separated by o. The nth order correlation is a sum 

of scalar products of vectors of length n, ptno and Pt+~no, where 

and 

P no 
t+~ 

P no 
t = ( f(t), f(t + 0), ••• , f(t + (n-1)o) ) , 

= ( f(t + ~), f(t + 0 + ~), ••• , f(t + (rt-1)0 + ~) ) 

The term of the nth order correlation for separation ~ is then 
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= p n6 • p n6 
t t + l' 

where N is the total number of points in the input scan. The first 

four features are made up of sums of one fourth of terms of the nth 

order correlation. Since l' was allowed to vary from 1 to 40, each 

summation is over 10 terms. 

10 
RPS3A = L C,( 1',6) 

l' = 1 

20 
RPS3B = L C ,( 1',6) 

l' = 11 

30 
RPS3C = L C,(1',6) 

l' = 21 

40 
RPS3D = L C,(1',6) 

l' = 31 

10 
RPS4A = >- C .. (1',6) 

l' = 1 

20 
RPS4B = ~ C .. ( 1',6) 

l' =- 11 

30 
RPS4C = L C .. (1',6) 

l' = 21 
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40 
RPS4D = >- C .. ( T,~) 

T = 31 

10 
RPS5A = ~ Cs( T,O) 

T = 1 

20 
RPS5B = L Cs ( T,O) 

T = 11 

30 
RPS5C = >- Cs( T,O) 

T = 21 

40 
RPS5D = L C s( T,O) 

T = 31 

For each of the three orders of correlation, four partial sums of mean 

angles between vectors were also calculated (the feature names are 

left over from a previous implementation in which moments of a 

histogram of correlations were calculated.) The mean angles are 

defined as follows for delay T and sample spacing 0: 

p no • p no 
t t+T 

= 

The features derived from these angles are defined as: 

R3MEAN 
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20 
R3VAR = L $,('[,6) 

'[ = 11 

30 
R3SKEW = L $,('[,6) 

'[ = 21 

40 
R3KURT = L $,('[,6) 

'[ = 31 

10 
R4MEAN = L $ .. ( '[,6) 

'[ = 1 

20 
R4VAR = 1- $ .. ('[,0) 

'[ = 11 

30 
R4SKEW = L $ .. ( '[,6) 

'[ = 21 

40 
R4KURT = L $ .. ( or,6) 

'[ = 31 

10 
RSMEAN = L $5('[,6) 

'[ = 1 

20 
RSVAR = L $5('[,6) 

'[ = 11 
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30 
R5SKEW = L Ij/ s(-r, 6) 

T = 21 

40 

R5KURT = L Ij/s(T,6) 

T = 31 

A second set of features, placed in a feature file with 

extension .HC2, is derived in the same way as the .HCl features, except 

that the input scans are rectified and smoothed. Rectification is 

performed by subtracting the mean value of the scan from every point 

in the scan, and then replacing each value with its absolute value. 

Smoothing is done by replacing each point with the average of its own 

value and the values of the surrounding 26 points, which corresponds 

to 2 cycles of sound at 3 MHz, or to 1 mm in tissue. This set of 

features is suited to use on radio frequency data. The names of these 

features are as follows: 

. SPS3A 

SPS3B 

SPS3C 

SPS3D 

SPS4A 

SPS4B 

SPS4C 

SPS4D 

SPS5A 



SPSSB 

Spssc 

SPSSD 

S3MEA 

S3VAR 

S3SKE 

S3KUR 

S4MEA 

S4V.AR 

S4SKE 

S4KUR 

SSMEA 

SSVAR 

SSSKE 

SSKUR 

B.2.S Grey Level Dependence Matrix Statistics -- GREY, GREYDIFF 
Extensions .GRn, .DRn, and .DSn 

Before calculating features of this type, histogram 
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linearization was performed on the input scan to make the results as 

independent of system gain as possible. GREY calculated N by N grey 

level transition matrices. N was set to 8 for the work in this study, 

but could be set to any convenient number. The matrix elements were 

Pc5(i,j), which are the frequencies with which grey level i is followed 

by grey level j, for points separated by distance 6. Features 



169 

generated by GREY had extensions .GRn, where n = 6 - 1. In the 

definitions of the features, the following notational conventions are 

used (with 6's omitted for convenience): 

N 

L = ~ 
i i 

N 

L = ~ 
j j 

N 

px(i) = L p(i,j) 

j = 1 

N 

Py(j) = ~ p(i,j) 

i = 1 

N N 

Px + y<k) = ~ L p(i,j) , 

i = 1 j = 1 

i + j = k, k = 2,3, ••• ,2N; 

N N 
p (k) = L ~ p(i,j) , 

x - Y 
i = 1 j = 1 

Ii - j I = k, k = O,I, ••• ,N-l 

For each value of 6 (and n), the following features were calculated: 

CONTn = r n 2 [L L p(i,j) 

n = ° i j 

(CONTrast) 



ASMn .. ~ ~ [p(i,j)]2 

i j 

(Angular Second Moment) 

ENTRPn .. - l. L p(i,j) log ( p(i,j» 

i j 

(ENTRoPy) 
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CORRn .. 

~ ~[p(i,j) p(i,j) - J1x J1y] 
i j 

a a 
x y 

, where J1 , J1 , a , and a are x y x y 

the means and standard deviations of Px and Py. (CORRelation) 

AUTOCn .. L l. i j p(i,j) 

i j 

ABSVn .. r r l:l - j I p(i,j) 
i j 

(AUTOCorrelation) 

(ABSolute Value) 

INVERn l. l.l 1 
p(i,j) (INVERSe difference moment) .. + (1 _ j)2 

i j 

2N 
SUMAVn = l. 

i .. 2 

2N 

i P + (i) x y 
(SUM AVerage) 

SUMENn .. - L Px + /i) log ( Px + /i) ) 
i .. 2 

2N 
SUMVAn = L (i - SUMAVn)2 Px + /i) 

i = 2 

(SUM ENtropy) 

(SUM VAariance) 



DIFENn = 

N - 1 
~ Px _ y<i) log (px _ y(i» (DIFference ENtropy) 

i = 0 

DIFVAn = variance of p 
x - Y 

(DIFference VAriance) 
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GREYDIFF created the same features as GREY, after processing 

the input scan in two different ways. The first process, which 

creates the features in the .DRn file, transforms the input scan by 

replacing each value with the difference between the value and a 

succeeding value a distance 0 away. In other· words, for a 

displacement 0, fo(x) = If(x) - f(x + 0)1. The grey level dependence 

matrix is then computed in the usual way. In the following 

definitions, n = 0 - 1. 

DRn"l (features computed as for .GRn features) 

DRn"2 

DRn"3 

DRn"4 

DRn"S 

DRn"6 

DRn"7 

DRn"S 

DRn"9 

DRn"lO 

DRn"ll 

DRn"12 
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For features in the .DSn files, the differences are computed 

as for the .DRn features. Then the scan is smoothed by replacing each 

value by the average of itself and the next 6 - 1 values. The grey 

level dependence matrix is then calculated as it was for the .GRn 

features. 

DSn"l 

DSn"2 

DSn"3 

DSn"4 

DSn"5 

DSO"6 

DSn"7 

DSn"8 

DSn"9 

DSn"10 

DSn"l1 

DSn"12 

(features computed as for .GRn features) 

B.2.6 Statistics of Differences -- GLDFST -- Extensions .DFn 

Processing performed on the input data by GLDFST is the same 

as that done by GREYDIFF to produce the .DSn feature files, except 

that the smoothing is done in steps of 6 = 10(n + 1), where n varies 

from 1 to 10. Then instead of forming the grey level dependence 

matrix, the probability density distribution function of f6, P6, is 
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formed by making a histogram of the grey levels. The histogram has 

32 bins. The features are then calculated as follows: 

DFn"1 = l. i 2 po(i) 
i 

DFn"2 ::a L Po(i) 2 

i 

DFn"3 = - ~ po(i) log Po(i) 
i 

DFn"4 = ~ l. i Po(i) 
i 

DFn"S = ~ L (i - mean)2 po(i) 

i 

N1 " DFn"6 = L (i - mean) S p 6(i) 

i 

N1 " DFn"7 = L (i - mean)" P6(i) 
i 

(contrast) 

(angular second moment) 

(entropy) 

(mean) 

(variance) 

(skew) 

(kurtosis) 

B.3 Freguency Domain Measurements -- Extensions .PWR, .PW2 

Each input scan is split up into three adjacent segments of 

length 8 llsec (160 data points, or 0.6 cm in tissue), with the second 

segment centered about the center of the scan. The segments are 
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referred to as 1, 2, and 3. Each of the segments is windowed and its 

Fast Fourier Transform is calculated. In each segment, the square of 

the magnitude of the transform is computed as an approximation of the 

power spectrum of the segment. The total power is normalized to 1, 

and the spectrum is split up into three frequency bands. Band "LOW" is 

from 1.25 to 2.0 MHz, band "MID" from 2.0 to 2.75 MHz, and band "HI" is 

from 2.75 to 3.5 MHz. In the following definitions of features, "PNxxx" 

is used to designate the power in band "xxx" of segment N: 

PILOW 

PIMID 

PHn 

P2LOW 

P2MID 

P2HI 

P3LOW 

P3MID 

P3HI 

3H/lH 

3M/1M 

3L/IL 

3H/2H 

3M/2M 

3L/2L 

2H/IH 

= P3HI/PlHI 

= P3MID/Pl MID 

= P3LOW/PILOW 

= P3HI/P2HI 

= P3MID/P2MID 

= P3LOW/P2LOW 

= P2HI/PlHI 
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2M/1M = P2MID/PlMID 

2L/IL = P2LOW/PILOW 

3H/IL = P3HI/PILOW 

3H/IM = P3HI/PIMID 

3M/IH = P3MID/PlHI 

3M/IL = P3MID/PILOW 

3L/IH = P3LOW/PlHI 

3L/2M = P3LOW/P2MID 

The following set of 24 features was placed in feature files 

with extension .PW2 •. They were calculated by taking the log of the 

corresponding features in the .PWR file. 

LPWRI = log (PILOW) 

LPWR2 = log (PlMID) 

LPWRJ = log (PIHI) 

LPWR4 = log (P2LOW) 

LPWRS = log (P2MID) 

LPWR6 = log (P2HI) 

LPWR7 = log (P3LOW) 

LPWR8 = log (P3MID) 

LPWR9 = log (P3HI) 

LPWRIO = log (P3HI/PIHI) 

LPWRII = log (P3MID/PIMID) 

LPWR12 = log (P3LOW/PILOW) 

LPWR13 = log (P3HI/P2HI) 
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LPWR14 = log (P3MID/P2MID) 

LPWR15 = log (P3LOW/P2LOW) 

LPWR16 = log (P2HI/PIHI) 

LPWR17 = log (P2MID/PIMID) 

LPWR18 = log (P2LOW/PILOW) 

LPWR19 = ,log (P3HI/PILOW) 

LPWR20 = log (P3HI/PlMID) 

LPWR21 = log (P3MID/PIHI) 

LPWR22 = log (P3MID/PILOW) 

LPWR23 = log (P3LOW/PIHI) 

LPWR24 = log (P3LOW/P2MID) 

B.4 Features Generated b:l Multivariate Statistical Anal:lsis 

B.4.1 Discriminant Analysis - DSC -- .SDM Extension 

The discriminant analysis program produces features which are 

linear combinations of the input features. The coefficients of the 

linear combinations are the coefficients in the equation of the planar 

decision boundary which is calculated by the discriminant analysis 

algorithm. If N classes are classified by the algorithm, the user may 

choose to create up to N - 1 discriminant functions. Thus there may 

be N - 1 features created. They are placed in the .SDM feature file, 

with the following names: 

SDMFI = DiscriMinant Function 1 

SDMF2 = DiscriMinant Function 2 
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SDMF3 = DiscriMinant Function 3 

SDMF4 = DiscriMinant Function 4 

SDMFS = DiscriMinant Function 5 

SDMF6 = DiscriMinant Function 6 

SDMF7 = DiscriMinant Function 7 

SDMF8 = DiscriMinant Function 8 

SDMF9 = DiscriMinant Function 9 

B.4.2 Principal Components Analysis -- PRINCO -~ Extension .PCM 

The principle components algorithm creates linear 

combinations which are projections of the input features onto basis 

vectors of a new coordinate system. Linear combination PRNCMn is the 

projection onto the vector which is in the direction of the nth 

largest variance in the data. The features have the following names: 

PRNCMl 

PRNCM2 

PRNCM3 

PRNCM4 

PRNCM5 
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