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Abstract

This study focuses on medical image analysis techniques used in radiological pro-
cesses; specifically, the analysis of mammograms by computer-aided diagnosis systems
that attempt to provide both sensitivity and specificity in the identification of anoma-
lies in mammograms and other types of medical images. An assembly of the strongest
techniques into a coherent CAD system is then proposed is Section 4. A large list of
references are compiled at the end of this paper for further study, with links to printed

materials where applicable.

1 Introduction

Medical image analysis is an extremely broad and well-studied field with a vast panoply
of techniques in existence, both as the focus for research and as the theoretical bases for
an increasing number of increasingly complex medical imaging systems. This study aims to
study a variety of these image analysis techniques as applied to digital mammography in

general and the detection of breast carcinomas and other anomalies in particular.



Breast cancer ranks first in the causes of cancer deaths among women and is second only
to cervical cancer in developing countries[8]. The best way to reduce death rates due to this
disease is to treat it at an early stage. Early diagnosis of breast cancer requires an effective
procedure to allow physicians to differentiate between benign tumors from malignant ones.
Developing computer-aided diagnosis (CAD) systems to help with this task is a non-trivial
problem, and current methods employed in pursuit of this goal illustrate the difficulty in
maximizing both sensitivity to tumoral growths and specificity in identifying their nature.

X-ray mammography is the best current method for early detection of breast cancer, with
an accuracy of between 85% and 95%[3]. Identifying abnormalities such as calcifications and
masses often requires the eye of a trained radiologist. As a result, some anomalies may be
missed due to human error as a result of fatigue, etc. The development of CAD systems
that assist the radiologist has thus become of prime interest, the aim being not to replace
the radiologist but to offer a second opinion. Eventually, the state-of-the-art could advance
to the point where such systems effectively substitute for trained radiologists, an eventuality
that is desirable for small outfits that cannot afford to have an expert radiologist at their
continuous disposal. For example, a CAD system could scan a mammogram and draw red
circles around suspicious areas. Later, a radiologist can examine these areas and determine
whether they are true lesions or whether they are artifacts of the scanning process, such as

shadows.



2 Background

Considerable effort has been expended to develop CAD systems to aid the trained ra-
diologist identify areas with possible pathology on an image. Most of these efforts have
concentrated on X-ray mammography and chest radiography. A number of CAD schemes

have been investigated in literature. These include:

subtraction techniques that identify anomalies by comparison with normal tissue

topographic techniques that perform feature extraction and analysis to identify anoma-

lies

filtering techniques that use digital signal processing filters, often developed especially

to augment anomalies for easy detection

staged expert systems that perform rule-based analysis of image data in an attempt to

provide a correct diagnosis

The majority of CAD systems attempt to identify anomalies by either looking for image
differences based on comparison with known normal tissue (subtraction techniques)[4] or
by image feature identification and extraction of features that correlate with pathological
anomalies, such as in texture analysis (topographic techniques)[11, 4, 6, 36]. Most systems
proceed in stages, first examining the image data and extracting pre-determined features,
then localizing regions of interest or ROIs which can be examined further for potential
anomalies. High degrees of sensitivity have been achieved using several of these techniques,
but many have been hampered by high false-positive rates and hence low specificity. The

problem of false positives is compounded further by the fact that false positive rates are



reported per image, not per case. Since many radiological examinations include more than
one image, the actual number of false positives may be a multiple of those reported.

A number of different approaches have been employed in an effort to reduce false positive
rates, many of them focusing on the use of artificial neural networks (ANNs). A common
metric used for evaluating the performance of CAD systems, the receiver operating curve or
ROC (see Appendix A), is commonly used to evaluate a CAD scheme’s degree of tradeoff
between sensitivity and specificity. The area under this curve, A,, is a measure of overall
performance, with a value of A, closer to 1 indicating better performance. Since sensitivity in
most techniques is quite high, specificity often becomes the limiting factor, with techniques
displaying higher specificity performing at higher A, values.

This study decomposes several techniques and identifies their salient features and char-
acteristics with respect to performance. The extent of the array of techniques examined
herein is by no means all-inclusive; rather, a number of techniques are described and their

performance evaluated.

3 Methods

By careful consideration of the design of various CAD schemes, it is possible to categorize

the techniques employed under three broad headings:

e Data reduction - the image is examined in order to identify the ROIs.

e Image enhancement - the ROIs are subjected to processes that enhance or augment

the visibility of pathological anomalies, such as microcalcifications and lesions.



e Diagnosis - the ROIs are subjected to one or more of the broad categories of procedures
mentioned in Section 2 in order to arrive at a diagnosis, most commonly in the form

of “benign” or “malignant”

These categories are extremely broad, and there may exist CAD systems that subject
images to techniques that do not fall under one of them. However, most of the CAD systems

employ methods that can be classified under one or more of them.

3.1 Data Reduction

Data reduction is the process by which an image is decomposed into a collection of regions
that appear to contain anomalies that differ from the surrounding tissue. These regions are
usually a strict subset of the original image and are subregions of the original image that may
contain ROIs. By doing this, the CAD system need only process those subregions identified
by the data reduction step, rather than the entire input image. Data reduction accomplishes

two objectives simultaneously[34]:

e An increase in throughput via a reduction in input data

e A reduction in false positives by limiting the scope of the detection algorithms in the
rest of the CAD system to the ROIs only. With less of the original image to worry
about, the CAD system gains specificity since less image means less false-positives in

general, assuming that the detection algorithms work as intended.

It is clear that the most obvious way to perform data reduction is to have a trained radiol-

ogist identify the ROIs for the CAD system. This can be accomplished through a graphical



interface to the CAD system that allows the radiologist to specify suspicious regions. It
should be noted that some CAD systems do not require this step at all due to the nature of

their diagnostic process, such as that those that employ subtraction techniques.

3.1.1 Fractal Encoding & ROI Generation

Fractal encoding comprises the first two steps in fractal image compression[34, 23]. It
is based on the partitioned “self-similarity” of images and the notion that anomalies in
mammographs are structures that interfere with this “self-similarity”, hence allowing them
to be detected and highlighted as ROI.

Premise: Fractal encoding, like all iterated functions systems in general, is ideal for char-
acterizing the cloud-like texture that represents normal background tissue in mammograms.
By virtue of this property, it can be used to flag all structures that appear to be different
from the surrounding background tissue. Fractal encoding exploits an image’s property of
“partitioned” self-similarity. This means that instead of being formed of copies of its whole
self, the image, in an approximate sense, is composed of transformed parts of itself. In com-
puting the coefficients of this transformation or map, it is assumed that each subregion of the
image can be described in terms of another. The former subregion belongs to the range pool,
R, while the latter belongs to the domain pool, D, of the map. If a given subregion in D
cannot be mapped to any region in R (i.e., their measure of dissimilarity is above a specified
threshold, T"), then R is further partitioned into smaller subregions. This process continues
recursively until either a similar subregion from D is found or a specified maximum level

of partitioning, L., is reached[34]. In [34], it was found that during the fractal encoding



process, L,,.. was reached for subregions in R that contain mammographic abnormalities.
This makes sense because anomalies are dissimilar to normal tissue and hence cannot be de-
scribed in terms of normal tissue. Subregions for which L,,,. is reached therefore constitute
the ROL. This is illustrated in Figure 1[34].

Method: In their study, Sari Sarraf et al[34] split the digitized image into a number of
(512x512) sub-images that are then processed independently. Each sub-image is the pro-
cessed as follows: the image is first subjected to fractal encoding, then the resulting encoded
image is subjected to the quad-tree partitioning scheme[34] using appropriate values for L,,q,
and T'. Figure 1 illustrates this. Once partitioned, the system then identifies those subre-
gions that never satisfied the similarity condition (i.e. those that reached the maximum level
of recursion L,,,,). These are the ROI. The system simply discards the rest of the image and
passes the ROI to the rest of the CAD system. Figure 1 includes noise filtering before fractal
encoding as well. This is because the presence of noise in some of the sub-images was shown
to significantly interfere with the encoding process, often causing the system to reports ROIs
in sub-images that clearly had none. Sari Sarraf et al[34] used the simplest noise removal
technique available - neighborhood averaging. Doing so alleviated the problem, though most
sophisticated schemes could have been employed.

Results: The project achieved an average data reduction of 83% over the 80 mammogram
set they had used. That means that each sub-image was reduced by a further 83% on average,
leaving only its ROIs for the detection algorithms to work on. The project also achieved an
86% reduction in false detections by the CAD system when using front-end data reduction.

As mentioned before, this improvement is due to the fact that the detection algorithms were



applied to ROIs alone rather than entire images. The project also achieved a coverage rate
of 92% - that is, out of all microcalcifications present in the mammograms, 92% of them
ended up in the ROIs generated by the data reduction process.

From the results, it is clear that fractal encoding holds a great deal of promise as a means
of increasing the performance of CAD systems by increasing their throughput and reducing
the proportion of false-positives. This data reduction process can constitute a front-end data
reduction module that can be used to augment almost any CAD system, as suggested in [34]

and illustrated in Figure 1.
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Figure 1: Overview of front-end data reduction module with images[34]. Images: (a) A digital
mammogram with clustered microcalcifications in the lower portion of the image. (b) Quad-tree
partitioning as a result of the fractal encoding of the image in (a) for Ly, = 6 (i.e., smallest
sub-images are 8 x 8) and T = 3.4. (c) Those subregions and their 8-neighbors in (b) that never
satisfied the similarity condition. (d) Generated FARs (focus of attention regions) or ROI; note
their concentration in the lower portion of the image.



3.2 Image Enhancement

Mammographic image enhancement methods are typically aimed at either improvement
of the overall visibility of features or enhancement of a specific sign of malignancy. Various
schemes for doing this exist, with most of them based in signal processing techniques used
either in their original form (such as simple histogram equalization) or adapted for specific
use in mammography.

A number of generic image enhancement methods exist. Histogram equalization and fuzzy
image enhancement[35] are just two examples. Though a whole slew of image enhancement
techniques exist in the general domain, very few are specifically targeted at the enhancement

of mammographic images. Section 3.2.1 describes one of them.

3.2.1 Wavelet-based enhancement

Koren et al[18] developed a contrast enhancement method based on the adaptation of
specific enhancement schemes for distinct mammographic features, which were then used to
combine the set of processed images into an enhanced image. In their scheme, the mammo-
graphic image is first processed for enhancement of microcalcifications, masses and stellate
lesions. From the resulting enhanced image, the final enhanced image is synthesized by

means of image fusion[20]. Specifically, their algorithm consisted of two major steps:

1. the image is first subjected to a redundant B-spline wavelet transform decomposition[18]

from which a set of wavelet coefficients is obtained

2. the wavelet coefficients are modified distinctly for each type of malignancy (microcal-
cifications, stellate lesions or circumscribed masses).
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3. the multiple sets of coefficients thus obtained are fused into a single set from which the

reconstruction is computed

The algorithm is illustrated in Figure 2, as applied to a digitized mammogram that they
obtained from the University of Florida database. The theoretical treatment for the mathe-
matics involved in this scheme is beyond the scope of this study. However, it is interesting to
note that the enhance image produced by this scheme is “more easily interpreted by a radi-
ologist compared to images produced via global enhancement techniques”[18]. It is yet to be

seen what improvement this enhancement scheme can contribute to existing CAD schemes.
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Figure 2: Overview of the image fusion algorithm based on B-Spline Wavelet Transform|[18]
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3.3 Computer-Aided Diagnosis Techniques

Quite apart from the aforementioned front-end data reduction and image enhancements
techniques is the classification scheme used to diagnose the pathology of the mammogram.
These range from techniques that classify lesions according to types (stellate, circumscribed,
calcifications, thickened skin syndrome,etc)[30] to techniques that produce binary diagnoses
(malignant, benign). The underlying techniques supporting and generating these diagnoses
are quite varied and range from artificial neural networks[1, 8, 13] to statistical, signal pro-
cessing and mathematical modeling techniques[2, 30, 4, 19, 18, 24] techniques, as well as
others that incorporate different techniques[6] into one coherent system. A number of them

with useful features are examined here.

3.3.1 Neural Networks

Artificial neural networks (ANNS) are by far the most commonly used constructs in CAD
systems due to the ability to perform well in problems that are structural in nature[19], and
have excelled in problems of pattern recognition. In mammography, ANNs have been studied
as a way to reduce the rate of detection of false-positive anomalies, which in turn improves
the specificity of the CAD system.

ANNSs are trained in one of two ways: supervised learning, where both input data and
corresponding outputs are provided during training, and unsupervised learning, where input
data is provided and a criteria for judging outputs is determined. Auto-associative learning
is a form of unsupervised learning in which the ANN attempts to learn an identity mapping;

specifically, the ANN seeks to minimize the error in the generation of this identity mapping,
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a feature that can be used to provide efficient and compact encodings of the data[19].

ANNSs are limited in at least four related ways[19]:

e the quantity of data required for each case determines the size of the input layer, which
in turn determines the size of the network. A large number of inputs exponentially
increases the time required to train the network as well as the complexity of the learning

process.

e the size of the data set determines the number of times the inputs are presented to the
network during each training cycle. If the members of the data set are considerably

diverse, they may increase the complexity of the learning process.

e 2 fixed data set size and increased number of connections leads to an excess of connec-

tions in the ANN and more likely to result in poor generalization

e the training data set must be adequate in representation and depth.

As far as is known, no known techniques exist that use ANNs to directly analyze and de-
tect anomalies from entire digitized medical images without first using extraction techniques.
Some studies have applied ANNs to specific ROIs, while others have required that the input
for the ANNs undergo preliminary enhancement of specific features, such as density and
edges|[19].

Chen et al[8] used the output of a two-dimension autocorrelation matrix computation
performed on an ROI as the input for their neural network. This was based on the premise
that a grayscale ultrasonogram shows different tissues with remarkably different textures.

Benign tumors are described as “regular masses with homogenous internal echoes”, but
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carcinomas are described as “masses with fuzzy borders and heterogenous internal echoes.
Based on this, they used the correlation between neighboring pixels on the images as a basis
for classifying the tumors. Specifically, a modified version of the two dimensional normalized
autocorrelation coefficient[31] v between pixel (i, j) and pixel (i + Am, j + An) on an image

of size m x n can be defined as:

B A'(Am, An)
v(Am,An) = 0.0)
where
, 1
A'(Am,An) =

(m — Am)(n — An)

m—1—-Amn—1—An

XHf(ZL’,y) _7]

x[f (@ + Am,y + An) — f],

where f is the mean value of f(x,%). This produces a two-dimension autocorrelation matrix
for the input of the ANN. The dimensions of the matrix are fixed by An and Am for an
image of any size. In their study, Chen et al[8] set both of these to 5, which produces a 5 x
5 autocorrelation matrix. This matrix constitutes the input of the ANN, which in this case
will have 25 input nodes. The ANN is a multilayer feed-forward neural network with one
or more hidden layers (i.e. an MLP) with one output node whose value is either 0 or 1 for
“malignant” or “benign”. This scheme is illustrated in Figure 3.

Using this scheme, a high ROC A, value of 0.956040.0183 was achieved, with the accuracy

15



varying with the threshold value used to distinguish the output of the ANN between 0 and
1. This CAD system’s performance was a significant improvement over that achieved by the
scheme developed by Garra et al[5] from which it was adapted (A, = 0.91)[8]. These results
indicated that it was quite possible to distinguish benign and malignant tumors by using

interpixel correlations on digital images as the input for an ANN.
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Figure 3: Diagram illustrating the Chen et al[8] CAD scheme.
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Bovis et al[4] used a combination of subtraction techniques, feature extraction via texture
analysis and classification using ANNs in their CAD scheme. The subtraction procedure
involved identifying a common reference point for the basis of alignment before subtraction.
The spatial position of the nipple was located using a method developed by Mendez et al[27]
and the observed image translated such that the nipple locations on both breast images are
aligned. Using the aligned left and right breast image pairs, two images are generated by
bilaterally subtracting one image from the other. One is a positive image and shows features
that occur in the left breast image but not the right, while the other is a negative image that
shows features that occur in the right breast image but not the left. This is illustrated in
Figure 4. They then used a quad-tree region model similar to that used in fractal encoding
(described in Section 3.1.1 to remove false positives, then built five co-occurrence matrices
in four different spatial directions for all the remaining suspicious regions or ROIs[4]. From
this, a texture feature vector was extracted for each set of co-occurrence matrices constructed
at different pixel distances. The feature vectors giving the best TPF! were then used for
subsequent classification by an ANN, and the ANN model giving the highest TPF was then
selected. Using this scheme, Bovis et al[4] achieved an overall performance of A, = 0.74,

which is not quite as high as that achieved by Chen et al[8].

'True Positive Fraction. See Appendix A
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Figure 4: (a) left breast (b) aligned and rotated right breast image (c) negative difference image
(d) positive difference image. Bovis et al[4]
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Christoyianni et al[6] have used a combination of neural network-based classifiers to detect
ROI in mammograms. Their study focused on two types of ANNs - radial-basis-function
(RBF) networks and multi-layer perceptron (MLP) networks. Their aim was to compare the
performance of the two classifiers in terms of speed and accuracy. Their method is carried
out in two steps: in the first stage, the mammogram is subjected to feature extraction,
producing a spatial gray level dependency matriz, similar in scope to the two-dimensional
autocorrelation matrix used by Chen et al[8] and described in Section 3.3.1. This SGLD
matrix is then used as the input to the neural network classifier. It was found that similar
recognition scores were achieved for the types of features that the classifiers were trained
to recognize, with the MLP implementation giving 4% better recognition rates than the
RBF networks used. It took longer to train the MLP classifier, though. However, it was
found that the achieved recognition accuracy was far below that required in any practical
cancer detection system, hence the fact that neural networks at present can only be used
to assist radiologists rather than substitute for them. The main contribution of this study
was to show that MLP classifiers, though expensive in terms of the computational resources
required to train them, were preferable to RBF networks, which are designed to be faster to
train.

Ossen et al[28] demonstrated the use of neural network classifiers in the segmentation of
medical images, much in the same way that Bézier splines are used to do so as described
in Section 3.3.2. The neural network classifiers were successfully integrate in an existing
medical imaging system used to diagnose Grave’s opthalmopathy, a disease characterized by

the protrusion of the eye. The classifier is trained interactively by selecting representative
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texture samples for each object class, with no preprocessing of input data necessary. After
the learning phase, the classifier is applied to a sequence of complete images or ROIs. Their
results show that neural network classifiers are able to significantly enhance low-level seg-
mentation, with the particular advantage being the “direct and neat” integration of medical

expertise through the interactive choice of training patterns for the classifier.

3.3.2 Bézier-based Thresholding & Classification

Qi et al[30] apply Bézier splines to both lesion detection and characterization, where
lesion detection is achieved by segmentation using a threshold computed from the Bézier
smoothed histogram and lesion characterization is achieved by means of fitness between
Gaussian and Bézier histograms of data projected on principal components of the segmented
lesions. The most interesting component of their systems in the use of the Bézier splines
as a basis of thresholding of the mammographic image - the overall performance of their
classification scheme is significantly worse than that seen from, for example, the ANN-based
scheme used by Chen et al[8], described in Section 3.3.1.

Bézier splines are a spline approximation method, developed by the French engineer
Pierre Bézier for use in the design of Renault automobile bodies[30, 15]. Since a Bézier
curve lies within the convexr hull of the control points on which it is fitted, applying it to
the histogram of the original image produces a smoothed histogram from which a threshold
can be easily chosen by simply finding the largest minimum or the rightmost inflection
point, which is where the highest brightness level is located. As a rule, a Bézier curve is

a polynomial of degree one less than the number of control points used. Since a typical
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grayscale image consists of 256 brightness levels, the histogram values of these levels can be
used as the control points for a Bézier curve polynomial of degree 255. If the histogram levels
are denoted by pr = (zk, yx), where both k and zj, vary from 0 to 255, then these coordinate
points can be blended to produce a position vector P(u) which describes the path of an

approximating Bézier polynomial between py and poss:

255

P(U) = ZpkBEZk’%g,(u)
k=0

where 0 < u < 1. The Bézier blending functions BEZj, 55(u) are the Bernstein polynomials:

BEZp955(u) = C(255,k)uf(1 —u)"*

and the C'(255, k) are the binomial coefficients:

255!

C(255,k) = k(255 — k)!

After generating the Bézier histogram, a threshold is selected and the image is thresholded
to produce a segmented image with the lesion visible, as illustrated in Figure 5. The image is
then subjected to region-growing - a simple method that is used to neglect single-pixel bright
points and combine segments which are only one pixel apart. This produces a labeled image
by virtue of the fact that this stage is augmented by the recording of distribution information
for each segment in memory for later access when classifying calcifications. Finally, the

labeled image is subjected to principal component analysis[30] which classifies the lesion in
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the mammogram based on its principal component. This method is based on the premise
that different types of lesions produce distinct principle components[30].
Though Bézier spline segment is fairly sophisticated, the overall performance of the CAD

scheme described here is inferior others that use ANNs, such as that developed by Chen et

al[8].
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Figure 5: (a) System overview of the Bézier spline-based thresholding and segmentation algo-
rithm(Qi et al[30])
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3.3.3 Statistical Techniques

Anguh et al[2] propose a multiscale method for segmenting and enhancing lesions of
various sizes in mammograms. The first stage applies a multiscale automatic threshold esti-
mator based on histogram moments to segment the mammogram at multilevels. The second
stage then converts the segmented image using pseudo-color mapping to produce a color
image[2]. The final result is analogous to a breast map which provides an adequate basis for
radiological breast tissue differentiation and analysis in digital mammography. Their paper
provides a treatment on the mathematical theory of moments before present an algorithm for
the multiscale thresholding of the mammogram. The result of this thresholding technique
is a mammographic map or breast map based on various thresholds with varying object
sizes. This map can then be used by a radiologist; however, the CAD scheme proposed in
2] uses pseudo-color mapping[10] to convert the grayscale to a color image. This is done
since human vision can only discern a limited number of grayscale levels. The end results
is a pseudo-color breast map in which the lesions have been highlighted in different colors
and confirmed by visual inspection by a trained radiologist. Anguh et al[2] claim that this
multiscale segmentation and enhancement method detects virtually all lesions identified by

an expert radiologist in the process of visual inspection in initial tests on 25 mammograms.

4 Discussion

Given the veritable panoply of different techniques used in different studies, it is difficult

to pinpoint any one technique as a silver bullet for the problem of computer-aided diagnosis
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as applied to medical imaging in general and mammography in particular. However, it is
possible to suggest the design of a system that combines the best features encountered during
this study.

In the proposed system, the following components from other systems could be integrated

in the following manner:

1. the B-spline wavelet decomposition and enhancement algorithm described in Sec-
tion 3.2.1. This technique provides remarkable enhancement of mammographic images
in a way that highlights anomalies and makes the job of the rest of the CAD system

easier. This produces an enhanced mammographic image.

2. the fractal encoding and ROI generation technique described in Section 3.1.1. This
algorithm performs a remarkable data reduction that is bound to speed up any CAD
system with very high coverage of ROIs. Given the enhanced mammographic image,

this technique identifies almost all the ROIs in the image.

3. the autocorrelation matrix-based neural network classifier scheme described in Sec-
tion 3.3.1 and ascribed to Chen et al[8]. This technique seems to have the highest

reported value for A, in this study.

The proposed system is summarized in Figure 6. This system combines the best techniques
identified in the course of this study. It is important to note that not all techniques are
subject to the neat modularization that is desirable in any computing system as complex
as a CAD system. Nevertheless, a number of them are amenable to analytic decomposition

and reintegration into a new system that takes advantage of the best of each.
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5 Conclusion

It is clear that CAD systems are a desirable technology, especially in light of the fact
that missed diagnoses due to human error often have severe consequences. The problem
of developing CAD systems that are both sensitive and specific is a non-trivial one, and
considerable effort has been expended in both the development of new techniques and the
adaptation of existing ones in other disciplines to this problem. Medical imaging in general
is very widely studied, and the variety of techniques in front-end data reduction, image
enhancement and classification described herein and in the references for this study are only
a scratch on the surface of a much bigger problem. Hopefully, the goal of CAD system design
will eventually be realized - that of providing the accuracy of an expert radiologist in an
indefatigable, highly-available computerized system.

As a basis for further study, a number of the references in this study warrant further,
sustained attention. For example, Shane Dickson[7] has applied neural networks to a medical
image analysis problem in her thesis - that of automatically detecting the acoustic neuromas
in MR images of the head. Dickson reports 100% sensitivity and 99% specificity on a dataset
of 50 cases that the prototype system was applied to.

These kinds of studies and others continue to provide the theoretical basis for increasingly
sophisticated medical imaging systems, with vast potential in radiology and mammography

in particular.
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A The Receiver Operating Curve (ROC)

In signal detection theory, the Receiver Operating Curve is a plot of the conditional
probability of deciding that an observed data set (e.g., an image) was generated by a specified
state (e.g., that a specified disease was present) when that state was in fact present (the true
positive fraction or TPF) versus the conditional probability of deciding that the data were
generated by the specified state when, in fact, it was absent (the false positive fraction or
FPF). This is equivalent to a plot of the "sensitivity” of a diagnostic test versus one minus
the "specificity” of the test. Different points on the ROC curve (i.e., different compromises
between TPF and FPF or between ”sensitivity” and ”specificity”) are achieved by adopting
different settings of the critical value of the decision variable that distinguishes "negative”
decisions from ”positive” ones, i.e., the decision criterion[17].

In the context of this study, the following definitions are applicable[4]:

True Positive (TP): lesions called cancer and prove to be cancer
False Positive (FP): lesions called cancer that prove to be benign
False Negative (FN): lesions that are called negative or benign and prove to be cancer

True Negative (TN): lesions that are called negative and prove to be negative

Given the definitions above, the performance of various computer-aided diagnosis (CAD)
schemes can be evaluated by calculating True Positive Fraction (TPF) and False Positive

Fraction (FPF) as follows:

TP

TPF = ———m—
TP+ FN
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FP

FPF = ——
FP+TN

An example ROC curve is shown in Figure 7. The A, value is the total area under the
ROC curve. The value of A, ranges from 0 to 1, with a higher A, indicating better overall

performance.

1.0

o o o
IN o)) o0

TPF (Sensitivity)

o
N

0 02 04 06 08 10 1.2
FPF (1 - Specificity)

Figure 7: The A, value of this ROC curve is the area under the curve.
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