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16.1 Introduction

The last half of the twentieth century has seen a vigorous growth in the field of digital image processing
(DIP) and its potential applications. DIP deals with the manipulation and analysis of images that are
generated by discretizing the continuous signals. One important area of application that has evolved from
the 1970s is that of medical images. Rapid development in different areas of image processing, computer
vision, pattern recognition, and imaging technology, and the transfer of technology from these areas to
the medical domain has changed the entire way of looking at clinical routine, diagnosis, and therapy. Also,
the need for more effective and less (or non) invasive treatment has led to a large amount of research for
developing what may be called computer aided medicine.

Most modern medical data are expressed as images or other types of digital signals. The explosion in
computer technology in recent years introduced new imaging modalities such as x-rays, magnetic reson-
ance imaging (MRI), computer tomography (CT), positron emission tomography (PET), single photon
emission computed tomography (SPECT), electrical impedance tomography (EIT), ultrasound, and so on.
These images are noninvasive and offer high spatial resolution. Thus the acquisition of a large number of
such sophisticated image data has given rise to the development of quantitative and automatic processing
and analysis of medical images (as opposed to the manual qualitative assessment done earlier). Moreover,
the use of new, enhanced, and efficient computational models and techniques has also become necessary.
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A large amount of research is being devoted to the various domains of medical image processing, and
some surveys are already published [1,2]. However, in view of the vastness of the field, it has become
necessary to specialize any further survey work that is undertaken in this area, so that it can become
manageable and can be of more benefit to researchers/users. Some such attempts have already been made,
for example, specialization in terms of period of publication [3], image segmentation [4], registration [5],
virtual reality, and surgical simulation [6,7].

The area of designing equipments for better imaging and hence improvement in subsequent processing
tasks has also received the attention of researchers. The design problem has been viewed as one of
optimization, and therefore the use of efficient search strategies has been studied. The application of
genetic algorithms, a well-known class of search and optimization strategies, is also one of the important
areas that has been investigated in this regard.

Genetic Algorithms (GAs) [8,9] are randomized search and optimization techniques guided by the
principles of evolution and natural genetics, and have a large amount of implicit parallelism. They provide
near optimal solutions of an objective or fitness function in complex, large, and multimodal landscapes.
In GAs, the parameters of the search space are encoded in the form of strings called chromosomes. A fitness
function is associated with each string that represents the degree of goodness of the solution encoded in
it. Biologically-inspired operators such as selection, crossover, and mutation are used over a number of
evolutions (generations) for generating potentially better strings.

The important fallout of (semi-) automated medical image processing tasks is enhanced diagnosis.
Several tasks in the area of medical diagnosis have also been modeled as an optimization problem, and
researchers have used GAs for solving them. In this chapter, we attempt to provide a state-of-the-art
survey in the application of the principles of GAs, an important component of evolutionary computation,
for improving medical imaging and diagnosis tasks. Section 16.2 describes the basic principles of GAs.
Thereafter, the use of GAs in improving equipment design has been studied. Finally, the application
of GAs for computer aided diagnosis, including schemes driven by both image and data (consisting of
information not derived from images), is provided.

16.2 Preliminaries on Genetic Algorithms

Genetic algorithms [8-10] are efficient, adaptive, and robust search and optimization processes that
are usually applied to very large, complex, and multimodal search spaces. They are modeled on the
principles of natural genetic systems, in which the genetic information of each individual or potential
solution is encoded in structures called chromosomes. They use some domain or problem-dependent
knowledge for directing the search in more promising areas of the solution space; this is known as the
fitness function. Each individual or chromosome has an associated fitness function, which indicates its
degree of goodness with respect to the solution it represents. Various biologically-inspired operators such
as selection, crossover, and mutation are applied on the chromosomes to yield potentially better solutions.

16.2.1 Basic Principles and Features

Genetic algorithms emulate biological principles to solve complex optimization problems. It essentially
comprises a set of individual solutions or chromosomes (called the population), and some biologically-
inspired operators that create a new (and potentially better) population from an old one. According to the
theory of evolution, only those individuals in a population who are better suited to the environment are
likely to survive and generate offspring, thereby transmitting their superior genetic information to new
generations.

The essential components of GAs are the following:

e A representation strategy that determines the way in which potential solutions will be encoded to
form string like structures called chromosomes.
e A population of chromosomes.
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| Initialize the population |

v

— Perform the job with decoded versions of the strings

v

| Compute fitness values |

Termination criterion attained?

| Reproduce/select strings to create new mating pool |

v

| Generate new population by crossover and mutation |

FIGURE 16.1 Basic steps of a genetic algorithm.

e Mechanism for evaluating each string (fitness function).
e Selection/reproduction procedure.

e Genetic operators (crossover and mutation).

e Probabilities to perform genetic operations.

A schematic diagram of the basic structure of a GA is shown in Figure 16.1. The components of GAs
are described in the following sections.

16.2.2 Encoding Strategy and Population

To solve an optimization problem, GAs start with the chromosomal representation of a parameter set,
which is to be encoded as a finite size string over an alphabet of finite length. Usually, the chromosomes
are strings of Os and 1s. For example, the string

1 001 1 010

is a binary chromosome of length 8. It is evident that the number of different chromosomes (or strings)
is 2!, where [ is the string length. Each chromosome actually refers to a coded possible solution. A set of
such chromosomes in a generation is called a population, the size of which may be constant or may vary
from one generation to another. A common practice is to choose the initial population randomly.

16.2.3 Evaluation Technique

The fitness/objective function is chosen depending on the problem to be solved, in such a way that the
strings (possible solutions) representing good points in the search space have high fitness values. This is
the only information (also known as the payoff information) that GAs use while searching for possible
solutions.

16.2.4 Genetic Operators

The frequently used genetic operators are selection, crossover, and mutation operators. These are applied
to a population of chromosomes to yield potentially new offspring. The operators are described in Sections
16.2.4.1 to 16.2.4.3.
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FIGURE 16.2 Roulette wheel selection.

16.2.4.1 Selection

The selection/reproduction process copies individual strings (called parent chromosomes) into a tentative
new population (known as mating pool) for genetic operations. The number of copies that an individual
receives for the next generation is usually taken to be directly proportional to its fitness value; thereby
mimicking the natural selection procedure to some extent. This scheme is commonly called the propor-
tional selection scheme. Roulette wheel parent selection, stochastic universal selection, and binary tournament
selection [8,10] are some of the most frequently used selection procedures. Figure 16.2 demonstrates the
roulette wheel selection. The wheel has as many slots as the population size P, where the size of a slot is
proportional to the relative fitness of the corresponding chromosome in the population. An individual is
selected by spinning the roulette, and noting the position of the marker when the roulette stops. Therefore,
the number of times that an individual will be selected is proportional to its fitness (or, the size of the slot)
in the population. In the commonly used elitist model of GAs, thereby providing what is called an elitist
GA (EGA), the best chromosome seen up to the present generation is retained either in the population,
or in a location outside it.

16.2.4.2 Crossover

The main purpose of crossover is to exchange information between randomly selected parent chromo-
somes by recombining parts of their genetic information. It combines parts of two parent chromosomes
to produce offspring for the next generation. Single-point crossover is one of the most commonly used
schemes. Here, first of all, the members of the selected strings in the mating pool are paired at random.
Then each pair of chromosomes is subjected to crossover with a probability ;1. where an integer position
k (known as the crossover point) is selected uniformly at random between 1 and I — 1 (I > 1 is the string
length). Two new strings are created by swapping all characters from position (k + 1) to I. For example,
let the two parents and the crossover points be as shown below.

10011 010
00101 1 00

Then, after crossover the offspring will be the following:

Other common crossover techniques are two-point crossover, multiple point crossover, shuffle-
exchange crossover, and uniform crossover [9].
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The successful operation of GAs depends, to a great extent, on the coding technique used to represent
the problem variables [11,12]. The building block hypothesis indicates that GAs work by identifying good
building blocks, and by eventually combining them to get larger building blocks [8,13,14]. Unless good
building blocks are coded tightly, the crossover operation cannot combine them [15,16]. Thus coding—
crossover interaction is important for the successful operation of GAs. The problem of tight or loose
coding of problem variables is largely known as the linkage problem [17]. Recent work on linkage learning
GAs that exploits the concept of gene expression can be found in References 18 to 20.

16.2.4.3 Mutation

Mutation is the process by which a random alteration in the genetic structure of a chromosome takes
place. Its main objective is to introduce genetic diversity into the population. It may so happen that
the optimal solution resides in a portion of the search space that is not represented in the population’s
genetic structure. The process will therefore be unable to attain the global optima. In such situations,
only mutation can possibly direct the population to the optimal section of the search space by randomly
altering the information in a chromosome. Mutating a binary gene involves simple negation of the bit,
whereas that for real coded genes are defined in a variety of ways [10,21]. Here, we discuss the binary
bit-by-bit mutation, where every bit in a chromosome is subject to mutation with a probability . The
result of applying the bit-by-bit mutation on positions 3 and 7 of a chromosome is shown here.

101 11 00O

16.2.5 Parameters of GA

There are several parameters in GAs that have to be manually tuned and fixed by the programmer.
Among these are the population size, probabilities of performing crossover and mutation, and the ter-
mination criteria. Several other things must also be determined by the programmer. For example, one
must decide whether to use the generational replacement strategy, in which the entire population is
replaced by a new population, or the steady state replacement policy where only the less fit individuals are
replaced. Most such parameters in GAs are problem dependent, and no guidelines for their choice exist
in the literature. Therefore, several researchers have also kept some of the GA parameters variable and/or
adaptive [22-24].

As shown in Figure 16.1, the cycle of selection, crossover, and mutation is repeated a number of times
till one of the following occurs:

1. The average fitness value of a population becomes more or less constant over a specified number
of generations.

2. A desired objective function value is attained by at least one string in the population.

3. The number of generations (or iterations) is greater than some threshold.

16.3 Genetic Algorithms for Equipment Design for
Medical Image Acquisition

Magnetic resonance imaging (MRI) is one of the most commonly used medical imaging techniques used
for the diagnosis of several ailments including multiple sclerosis, strokes, tumors, and other infections of
the brain, bones, spine, or joints, and for visualizing torn ligaments, soft tissues of the body, etc. Magnetic
resonance imaging is based on the phenomenon of nuclear magnetic resonance (NMR) discovered by
Felix Bloch and Edward Powell, for which they received the Nobel Prize in 1952. In an MRI scan, the
patient is placed inside the bore of a magnet, which is usually cubic in shape. The body part to be scanned
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is placed at the center (or, isocenter) of the magnetic field inside the bore. In this noninvasive procedure,
strong magnetic fields along with radio waves are used to visualize the structure of a particular body part.

The design of appropriate equipments for the purpose of good imaging may be considered as the first
step in medical image processing. For example, large superconducting solenoids with apertures of typically
1 m, highly uniform (20 ppm) central fields of 1-2T, and low fringe fields (5 Gauss at 5 m) are required
in clinical MRI. However, these magnets, which are now available in the clinical market, have deep bores,
typically between 1.8 and 2 m length, and have a number of disadvantages such as patient claustrophobia
and limited access for intervention. In order to overcome the limitations and evolve good designs for the
magnets, researchers have mapped the design problem to one of optimization and have investigated the
use of computational methods [25,26], including GAs [27-29], for this purpose.

Analytical techniques have been the preferred approach to design such magnets and gradient sets for
MRI. Such technique are computationally efficient but are approximate, particularly away from the axis
of symmetry. In Reference 30, an attempt has been made, which uses GA running on massively parallel
computers to design an actively shielder whole-body MRI solenoid magnet with a bore of 1 m. The task
is to optimize a cost function based on the magnetic field generated by a set of upto 20 circular coils, each
having upto 2000 turns. The coils are constrained to be concentric with the magnet, and are arranged in
symmetric pairs. A single coil is described by five parameters:

e Two parameters describing its position in the X—Z plane
e Depth of the coil

e Width of the coil

e The direction of the current

A chromosome encodes these five parameters per coil, for upto 20 coils. Since the coils are arranged in
pairs that are symmetric about the central X—Y plane of the magnet, only 10 of the coils are independent.
Thus a chromosome encodes upto 50 parameters that have to be optimally tuned. The magnetic field is
computed using the Biot—Savart law. The fitness function incorporates terms for uniformity of field in
the region of interest (ROI), and the smallness of the fringe field. The field is calculated by summing over
the contributions from the turns in each coil. Recombination is performed as a two-stage process. In the
first stage, a parent subset, which is of half the size of the population, is created by performing binary
tournament selection in the top eighth of the population. In the second stage, pairs of chromosomes from
the parent subset are picked at random and mated to produce a single offspring. The parents are replaced
in the subset, and this process is continued till the next generation is completed. Three types of mutations
are considered, which takes care of small perturbations, perturbations to add or remove a coil from the
design, and a drastic perturbation for adding extra diversity to the population. The initial result provided
in Reference 30 demonstrates the effectiveness of GAs for producing shorter whole-body magnet designs,
which are original and innovative.

Two-dimensional ultrasonic arrays provide the possibility of three-dimensional electronic focusing and
beam-steering and thus three-dimensional imaging. In simulation studies, it has been demonstrated [31]
that reducing the number of elements of a two-dimensional matrix array down to order eight, keeps
resolution and leads still to sufficient contrast. These random arrays are usually obtained by generating a
random pattern with the desired number of elements. In Reference 32, simulation is presented to show
that the imaging quality of a sparse tree can be improved by optimizing the random choice of elements.
The optimization is done using GA.

16.4 Genetic Algorithms for Medical Diagnosis

For diagnosis of diseases, several tests are performed on the patient, some of which may involve taking
various images such as x-rays, MRI scan, CT scan, etc., and some others that involve pathological and
other tests. Data from these tests may become quite large and conflicting, and manual interpretation by
collecting all such information may become difficult. This has therefore given rise to the development of
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FIGURE 16.3 Block diagram of a CAD system.

computer assisted diagnostic tools, which are intended to help the medical practitioners make sense out
of a large amount of data, and make diagnosis and therapy decisions. Figure 16.3 shows a block diagram
of a computer aided diagnosis system.

16.4.1 Image Driven Diagnosis

Computer aided detection and classification schemes have the potential of increasing diagnostic accuracy
in medical imaging. This may be done, for instance, by alerting radiologists to lesions that they initially
overlooked, or assisting in the classification of detected lesions [33]. As with any complicated pattern
recognition system, these schemes, generally referred to as computer aided diagnosis (CAD) schemes,
typically employ multiple parameters such as threshold values, filter weights, and ROI sizes to arrive at
a detection or classification decision. For the system to have a high performance, the values of these
parameters need to be set optimally. In general, the optimal set of parameters may change when a
component of the imaging chain is modified or changed. When the number of parameters is large, it
becomes very difficult to manually determine the optimal choice of parameter values, as some of the values
may be correlated in some unknown manner. However, conventional optimizing techniques, including
GAs, are designed to optimize a scalar objective function, and the task of optimizing the performance of
a diagnostic decision-making system is clearly multiobjective. Therefore, two objectives, increasing the
sensitivity and reducing the false-positive rate of the system, are described by a single objective function.
This objective function is defined as the weighted sum of the sensitivity and false-positive rate or using
area under the receiver operating characteristic (ROC) curve. The use of a niched pareto genetic algorithm
(NP-GA) [34] in training two popular diagnostic classifiers for optimizing their performance, has been
studied in Reference 35. Unlike conventional classifier techniques that formulate the problem as the
solution to a scalar optimization, the NP-GA explicitly addresses the multiobjective nature of the training
task. Traditional techniques of classifier training attempt to combine several objective functions into one,
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so that conventional scalar optimization technique can be utilized. This involves incorporating a priori
information into the aggregation method so that the resulting performance of the classifier is satisfactory
for the task at hand. It has been shown in Reference 35 that the multiobjective genetic approach removes
the ambiguity associated with defining a scalar measure of classifier performance and that it returns a set
of optimal solutions that are equivalent in the absence of any information regarding the preference of
the objectives, that is, sensitivity and specificity. The a priori knowledge that is used for aggregating the
objective functions in conventional classifier training may instead be applied for post-optimization to select
from one of the series of solutions returned from multiobjective genetic optimization. This technique is
applied in Reference 35 to train a linear classifier and an artificial neural network, using simulated datasets.
The performance of the solutions returned from the multiobjective genetic optimization represents a series
of optimal pairs, sensitivity and specificity, which can be thought of as operating points on an ROC curve.
It is observed that all possible ROC curves for a given dataset and classifier are less than or equal to the ROC
curve generated by the NP-GA optimization. In Reference 36, a multiobjective approach for optimizing the
performance of two rule-based CAD schemes has been proposed. One of these CAD schemes is designed
to detect clustered microcalcifications in digitized mammograms, while the other scheme is developed to
detect the breast masses.

Diagnosis and follow up of pigmented skin lesions is an important step toward early diagnosis of skin
cancer [37]. For this purpose, digitized epiluminescence microscope (ELM) [38] images of pigmented
skin lesions is used. Epiluminescence microscopy is a noninvasive technique that uses an oil immersion to
render the skin translucent and make pigmented structure visible. During clinical diagnosis of pigmented
skin lesions, one of the main features is the lesion symmetry, which should be evaluated according to
its shape, color, and texture. This may be evaluated by drawing two orthogonal axes that maximize the
perceived symmetry [39]. The evaluation is binary, that is, the lesion is either symmetrical or asymmetrical.
In addition to the small number of possible outcomes, the evaluation is highly subjective and depends on
the physicians’ experience. As a result, the development of automatic techniques for the quantification of
symmetry and the detection of symmetry axes is necessary. Other methods based on principal component
technique for computing the axes may be found in References 40 and 41.

Reference 42 has proposed a GA-based technique and an optimization scheme derived from the self-
organizing maps theory for the detection of symmetry axes. The notion of symmetry map has been
introduced, which allows an object to be mapped to a symmetry space where its symmetry properties
can be analyzed. The objective function (/) used in Reference 42 is based on a given symmetry measure,
which is a function of the mean-square error (MSE) between the original and the reflected images. The
MSE is defined as follows:

MSE = E[||['(x,y) — ['(x, y)I1*] (16.1)

where I'(x,y) : [0,c — 1] x [0,7 — 1] — IR" is the vector valued r x ¢ input image, where the pixel
values are in an #n dimensional space, (x, y) and (x', ') represent the pixel coordinates and the symmetry
coordinates respectively. The input image can be decomposed into symmetric (I's(x, y)) and asymmetric
(Ta(x,y)) components. Therefore, I'(x, y) = [s(x,y) + ['a(x, ). The asymmetric component can be
considered as symmetric noise, and the MSE is proportional to its energy. The distortion due to noise can
be measured through the peak signal-to-noise ratio (PSNR), and is given by

B (Nq — 1)
PSNR = 10 log,,, SE ) (16.2)

where Nj is the number of quantization levels in the image. The fitness function v is defined as

1

=1—- — .
4 1 + PSNR

(16.3)
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Real encoding of chromosomes has been used in Reference 42 along with a modified version of simu-
lated binary crossover [43]. The proposed technique is applied for detection and diagnosis of malignant
melanoma.

The development of computer supported systems for melanoma diagnosis is of great importance to
dermatologists due to its clinical accuracy in identifying malignant melanomas [44,45]. Several techniques
for computerized melanoma diagnosis are based on color images making use of image analysis methods
to quantify visual features as described by the “ABCD” rule (Asymmetry, irregular Border, varying Color,
Diameter) [37,46,47]. Laser profilometry opens up new possibilities to improve tumor diagnostics in
dermatology [48].

The recognition task is to classify surface profiles of melanomas and nevi also called moles. Due to the
fact that all profiles contain regions with a structure similar to normal skin, each profile is subdivided
into 16 non-overlapping quadratic subprofiles and image analysis algorithms are applied to each sub-
profile separately. Subsequently, feature selection algorithms are applied to optimize the classification
performance of the recognition system.

An efficient computer supported technique that uses GAs for diagnosis of skin tumors in dermatology is
presented in Reference 49. High resolution skin surface profiles are analyzed to recognize malignant melan-
omas and nevocytic nevi. In the initial phase, several types of features are extracted by two-dimensional
image analysis techniques characterizing the structure of skin surface profiles: texture features based on
co-occurrence matrices [50], Fourier features [51], and fractal features [37,52,53]. Subsequently, several
feature selection algorithms based on heuristic strategies, greedy technique, and GA are applied to determ-
ine suitable feature subsets for the recognition process by describing it as an optimization problem. As
a quality measure for feature subsets, the classification rate of the nearest neighbor classifier computed
with the leaving-one-out method is used. Among the different techniques used, GAs show the best result.
Finally, neural networks with error back-propagation as learning paradigm are trained using the selected
feature sets. Different network topologies, learning parameters, and pruning algorithms are investigated
to optimize the classification performance of the neural classifier. With the optimized recognition system,
a classification performance of 97.7% is achieved.

In the 1980s, microwave imaging was thought to have great potential in developing medical diagnostic
tools. However, because of the problem of inverse scattering, good reconstruction of images was found
to be difficult. Carosi et al. [54] have used the approach of focused imaging, where only a part of
the body is subjected to the investigation, combined with the capabilities of global search techniques
like GAs for accurate reconstruction. For experimental purpose, a human abdomen is considered and
different electromagnetic sources operating at the working frequency of 433 MHz and 2.54 GHz are used.
Numerical investigations are performed to define the optimal dimensions of the reduced investigation
domain. To quantitatively evaluate the effects of the reduction of the original investigation domain on
the inversion data, suitable relative errors are defined. Once the reduced domain is defined, preliminary
reconstructions are performed aiming to evaluate the imaging capability of GAs when a focussed approach
is used for tomographic application.

One of the most important facial paralysis diagnosis techniques is quantitative assessment of patient’s
facial expression motion. Johnson et al. [55] proposed a technique for achieving maximal regional facial
motion while the rest of the face is held at rest based on Maximal Static Response Assay of facial nerve
function. This requires the placement of removable adhesive dots and a small adhesive ruler on the
face at predefined locations. However, many facts, such as misplacement of facial dots, misplacement
of the grid, and reading and entry errors, will cause an error in the assay. Helling et al. [56] used
region-specific, subtracted, digitized image light reflectance as a two-dimensional marker for the complex
three-dimensional surface deformations of the face during expression. The velocity of region-specific
facial motion is estimated from the facial motion image sequences using the optimal flow (OF) technique.
The computation of the OF field requires estimates of both the spatial gradient and spatial time derivative
at each pixel, and this time-consuming process often limits its use, especially in medical application. To
overcome this problem, an OF technique based on GA is proposed in Reference 57 to detect facial motions
from dynamic image sequences. Experimental results demonstrate that the proposed technique is very
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useful to diagnose the site of facial paralysis and assess progression or recovery profiles of patients when
combined with other diagnosis techniques.

16.4.2 Data Driven Diagnosis

The previous section reported some research on development of diagnostic tools in which one of the
inputs considered is an image. In this section, we deal with some other diagnostic tools that use other
types of input data, mostly numeric.

Electromyography (EMG) is the recording and study of the electrical activity of voluntary contract-
ing muscles. Clinical EMG findings provide useful information in the electrodiagnostic examination of
peripheral nerves and skeletal muscle, and in deciding the level of the lesion in patients suffering from
neuromuscular disorders. It is also useful in deciding whether the symptom of muscle weakness in the
assessment of neuromuscular disorders is myopathic or neurogenetic in origin. The advantages of auto-
mated EMG diagnostic systems can be found in Reference 58. Different approaches have been used to
address the problem of automated EMG diagnosis. The utility of artificial neural networks in classifying
EMG data trained with back propagation or Kohonen’s self-organizing feature map algorithm has recently
been demonstrated in References 59 and 60. In Reference 61, a study has been made to investigate how
genetics-based machine learning (GBML) can be applied for diagnosing certain neuro muscular disorder
based on EMG data. The effect of GBML control parameters on diagnostic performance is also examined.
Subsequently, a hybrid diagnostic system is introduced that combines both the neural network and GBML.

In References 62 and 63, a methodology based on GAs for the automatic induction of Bayesian networks
from a file containing cases and variables related to the problem of predicting survival in malignant skin
melanoma is described. The structure is learned by applying three different techniques: the Cooper and
Herskovits metric for a general Bayesian network [64], the Markov blanket approach, and the relaxed
Markov blanket method. The methodologies are applied to the problem of predicting survival of people
after 1, 3, and 5 years of being diagnosed as having malignant skin melanoma. The induced Bayesian
network is used for classifying patients according to their prognosis of survival. These results are compared
to those obtained by the Naive—Bayes paradigm. An empirical comparison of Bayesian networks learned
using GAs, rule induction, and logistic regression is carried out in Reference 65 where the task is to
predict the survival of women suffering from breast cancer. In a more recent attempt, Blanco et al. [66]
have studied the problem of learning Bayesian networks using two stochastic, population-based search
algorithms: the univariate marginal distribution algorithm and population-based incremental learning.
Comparison with the GA-based scheme is also carried out.

The problem of Wisconsin breast cancer diagnosis (WBCD) has been considered in References 67 and
68, by combining fuzzy systems and evolutionary algorithms to design an automatic diagnosis system. The
proposed fuzzy-genetic approach produces systems exhibiting two prime characteristics. They attain high
classification performance with the possibility of attributing a new confidence measure to the output dia-
gnosis. Moreover, the resulting systems involve a few simple rules, and are, therefore, human interpretable.
Another approach for diagnosis of breast cancer by Bayesian networks can be found in Reference 69.

In medicine, prognostic models may be used to assess the likely prognosis of a patient, which, in turn,
may determine the treatment of that patient. In Reference 70, a prognostic model based on diffusion GAs
is sought to determine whether or not patients suffering from an uncommon form of cancer will survive.
The problem considered is a multiobjective one, in which the three objectives are:

e Maximize the correct number of survival predictions
e Maximize the correct number of death predictions
e Minimize the number of factors used

The motivation behind this study is to accurately predict the outcome so that patients who are more
likely to die can be identified at diagnosis, and subjected to high dose aggressive chemotherapy (which
has several negative side effects). On the other hand, those with a high chance of survival can be spared
this treatment and its side effects. Given a set of case histories, a technique is proposed in Reference 70
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TABLE 16.1 Different Criteria and Their Ranges Used in Reference 70

Number Name Ranges
1 Brain metastases Yes, No
2 Liver metastases Yes, No
3 Placental site trophoblastic tumors (PSTT) Yes, No
4 Prior chemotherapy Yes, No
5 Pregnancy to term Yes, No
6 Age <26,26-30,31-41, >41
7 Serum hCG level <800, 801-29570, 29571-181000, > 181000
8 Interval between pregnancy and diagnosis <4,5-9,10-33, >33

that attempts to find the relative weights of the different factors that are used to describe the cases. The
eight factors that are used in the prognostic model of Reference 70 and their possible ranges are provided
in Table 16.1.

A diffusion GA is used for building the prognostic model that will simultaneously optimize the three
objectives given here. A model is represented as a chromosome by encoding the weights associated with
each factor. Boolean criteria (1-5 in Table 16.1) have single associated weights, while criteria having a
range of values (68 in Table 16.1) have one weight per subrange. In addition a combination weight is used
in Reference 70, which can incorporate the possibility that a combination of factors might be important.
Thus a total of 18 weights are used, 5 for the Boolean criteria, 12 for the subranged criteria, and the
combination weight. In the diffusion GA, the individuals in a population are arranged along the vertices
of a square lattice. During crossover, each individual chooses one of its four neighbors randomly as the
mate. Mutation can either increase or decrease a weight by 10%, or set it to zero. Only if the result of
crossover and mutation at a position is better, in the Pareto optimal sense, than the original, the latter will
be replaced. Marvin et al. [70] experimented with a population size of 169 placed on a 13 x 13 grid. The
weights are randomly set in the range [—2000, 2000], and the algorithm is executed for 1000 generations.
It is found to predict 90% of the survivals and 87% of the deaths, while using 6 of the 8 factors, and 13
of the possible 18 weights when the entire data set is used. For training using 90% data and testing using
the remaining 10%, several prognostic models are obtained each coming up with a different compromise
among the three objective values. Significantly, the method in Reference 70 enables a simple model to be
evolved, one that produces well-balanced predictions and one that is relatively easy for clinicians to use.

Ngan et al. [71] employ evolutionary programming (EP) and genetic programming (GP) in the domain
of knowledge discovery in medical systems. Evolutionary Programming is used to learn Bayesian networks,
which is known to be an intractable problem. Minimum description length principle is used to measure the
goodness of solution in EP followed by the use of GP to learn rules. The entire knowledge discovery system
is applied on limb fracture and scoliosis data, where it is able to detect many interesting patterns/rules
that were uncovered earlier. Ngan et al. had earlier used GP for discovering comprehensible rules in the
medical domain; they used grammar to restrict the seach space, and to ensure the syntactical correctness of
the rules [72]. The discovered rules were evaluated within the framework of support confidence proposed
for association rule mining. Here, a major limitation was that the grammar was application dependent,
and had to be written for each application domain.

Genetic programming is also used to discover comprehensible rules for predicting 12 different diseases
using 189 predicting attributes, or measurements [73]. The 12 diseases considered here are stable angina,
unstable angina, acute myocardial infarction, aortic dissection, cardiac tamponade, pulmonary embolism,
pneumothorax, acute pericarditis, peptic ulcer, esophageal pain, musculoskeletal disorders, and psycho-
genic chest pain, the characteristic of all of which was chest pain. All the 189 attributes are binary. Genetic
programming is used to learn rules expressed in a kind of first-order logic of the form <Att; Op Attj>,
where Att; and Att; are the predicting attributes, and Op is some relational operator. Genetic programming
evolves a population of “programs” candidate to the solution of a specific problem. Here, a program is
represented in the form of a tree, in which the internal nodes are functions (operators) and the leaf nodes
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are terminal symbols. In the GP formulation of the problem in Reference 73, the terminal set consists
of the 189 attributes, and the function set consists of {AND, OR, NOT}. The GP is executed once for
each class, with the appropriate rule for the ith class being evolved in the ith GP run. Thus, each run
consists of learning a two-class classification problem, in which the goal is to predict whether a patient
has a particular disease (class 7) or not (NOT class 7). For computing the fitness of a candidate (program
or rule), a (labeled) training set is used on which the the rule is tested. The size of the following sets are
computed:

e True positives (tp): the rule predicts that the patient has a given disease and the patient does
have it.

e False positives (fp): the rule predicts that the patient has a given disease and the patient does not
have it.

e True negative (tn): the rule predicts that the patient does not have a given disease and the patient
actually does not have it.

e False negative (fn): the rule predicts that the patient does not have a given disease but the patient
actually has it.

Thereafter, two measures are computed, the sensitivity (Se) and specificity (Sp):

t
Se= P (16.4)
tp+fn
tn
Sp = . 16.5
p tn + fp (165)
The fitness function is taken to be the product of the two, namely,
fitness = Se x Sp. (16.6)

For the experiments, the data set consisted of 138 samples (patients), which were partitioned into a training
set with 90 samples, and a test set with 48 samples. The GP achieved an accuracy of 77.08% on. the test set.
Other related methods that used GP for classification problem can be found in References 74 to 78. On
similar lines, in Reference 79, GAs were used to discover comprehensible IF-THEN rules for the diagnosis
of dermatological diseases and prediction of the recurrence of breast cancer. Here, a chromosome is
of length n, where n is the number of attributes. The i, the gene corresponding to the ith attribute,
is divided into three fields: weight (W;), operator (O;), and value (V;). Each gene corresponds to one
condition in the IF part of the rule. The GA is executed once for each class, and therefore the THEN part
(indicating the class for which the GA was run) is not required to be encoded in the chromosome. The
weight value indicated whether the ith attribute, A;, is at all present in the rule (if W; > Limit) or not (if
W; < Limit). Limit was set to 0.3. The operator O; could take values from {=, #}, if the corresponding
attribute is categorical, and from {>, <}, if the corresponding attribute is continuous. The value V; could
take values from the domain of the attribute A;. Normal selection and crossover operators are used. Three
mutation operators are defined, namely weight mutation, operator mutation, and value mutation. The
fitness function of a chromosome was defined as fitness = Se * Sp as in Reference 73. The dermatology
data set consists of the differential diagnosis of erythematisquamous. There are six different diagnoses (six
classes): psoriasis, seboreic dermatitis, lichen planus, pityriases rosea, chronic dermatitis, and pityriasis
rubra pilaris. The data set consists of 366 records with 34 attributes. The breast cancer data consists of
286 records with 9 attributes and 2 classes (recurrence and nonrecurrence of cancer). The accuracy rates
achieved in Reference 79 were 95% for the dermatological data and 67% for the cancer data. The resultant
rules were also found to be comprehensible, with one rule obtained per class.
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16.5 Discussion and Conclusions

This chapter provides a comprehensive survey of the application of GAs to the domain of designing of
equipments for medical image acquisition and medical diagnosis. In recent times, with the advent of
a variety of sophisticated imaging techniques, use of medical images in clinical diagnosis and therapy
has increased manifold. Therefore, attempts at increasing the resolution and quality of such images is
an important area of research. This, in turn, leads to research for designing equipments in such a way
that the imaging modality becomes faster and more informative. Computer aided diagnosis has also been
necessitated due to the large amount of data that is routinely collected for the patients. These problems
often turn out to be those of search and optimizations, requiring the use of good optimization tools
such as GAs.

The research works reviewed in this chapter have been reported in diverse journals and proceedings
like IEEE Transactions on Medical Imaging, IEEE Transactions on Pattern Analysis and Machine Intelligence,
IEEE Transactions on Neural Networks, Artificial Intelligence in Medicine, Medical Image Analysis, Magnetic
Resonance Imaging, Evolutionary Computation, International Conference on Evolutionary Computation,
International Conference on Genetic Algorithms, ACM SIGMOD Conference on Management of Data, and
so on. Encouraging results have been reported by researchers in this regard. This chapter presented a
methodical way in which a large number of such research activities have been compiled and reported
within a common platform, namely GA-based techniques.

It may be noted that the main challenges and issues in integrating GAs for solving optimization
problems in medical imaging and diagnosis are manifold. First, the encoding strategy must be suitably
defined so that it conforms to the building block hypothesis. According to this hypothesis, short low
order above average schema, or building blocks, should combine to yield potentially better solutions. Any
adhoc encoding strategy may not follow this hypothesis, and hence encoding strategy may not follow this
hypothesis, implying GAs may often be found to yield poor results in such situations. Second, the fitness
function must be adequately designed. Since fitness computation is often computation intensive, in the
medical domain one may need to go for parallel GAs working on massively parallel systems to get real
time response. This in turn incorporates an added level of difficulty to the problem. Finally, a still open
unsolved issue is the appropriate selection of the operator probabilities and the termination criterion, so
as to ensure good performance of the GA-based systems for medical imaging and diagnosis problems.
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