Chapter 8

A Statistical Classification Model
for SAXS Images

This chapter develops a statistical model to estimate the probability that a sample is normal, be-
nign or malignant breast tissue from the coefficients of the adaptive transformation of a SAXS
image. The coefficients are produced when the filters described in Chapter 7 are used in the
adaptive image transform and applied to the SAXS image data set.

These coefficients can be considered measures of features that can be input into the statistical
model to provide a classification of the most probable tissue type for each SAXS image. The
samples that are imaged may be deemed to be ‘macro’ in size yet the features being sought are
measured on the nano-scale. Each sample is likely to be a mixture of normal, benign and malig-
nant nano-structures. The critical malignant structures may not be dominant in the sample and
for those cases, the adaptive image transform coefficients will be predominately those associated
with normal or benign features. Yet it is vital that the features indicative of malignant tissue,
however slight, are not ignored when determining the tissue type. This classification model is
designed to utilise features in the coefficient data set that are indicative of malignancy, even when

those features may not be dominant.
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Some samples may produce greater evidence of belonging to a certain group than others and
as a result will have a greater probability of belonging to particular tissue type. This probability
will from hence forth be termed the ‘posterior probability’ of the group; it is the probability that
data from a sample belongs to a particular tissue group as determined by the classification model.

The initial process of model development is quite lengthy as it involves the estimation of this
posterior probability for each of the many coefficients across each scale and location for all of the
filters in the library that was described in Chapter 7. The reason for proceeding in this exhaustive
fashion is so that any coefficient that suggests malignancy is noted.

This chapter is organised into four sections. Section 8.1 specifies the objective of the model
to be designed and the modeling challenges that must be met. The statistical methods of Sec-
tion 8.2 use each transform coefficient (from the very large set of such coefficients) to predict
the probability that the tissue sample is labeled either ‘normal’, ‘benign’ or ‘malignant’. In other
words, the posterior probability of a sample belonging to each group for each coefficient of the
transform is estimated. This is the first step in a model that will assess the joint effects of the
coefficients. Section 8.3 details the statistical model that assesses these joint effects by combin-
ing these individual probability estimates to yield an overall probability that the SAXS image
belongs to each group. A summary of these methods in Section 8.4 concludes the chapter.

The vast amount of coefficients produced by the adaptive image transformation needs to be
reduced to a manageable set whilst retaining most of the useful information. This distillation is
done by dividing the total data set into four subsets: (i) training, (ii) validation (iii) adjustment,
(iv) test and by using a series of statistical models.

Starting with the data in the training set, the adaptive image transform based upon the library
of filter functions produced a multitude of coefficients for each filter, scale and location. The
filter function selection algorithm (Section 7.4) reduces these to the optimal set of adaptive im-
age transform coefficients for each scale-location. Nonetheless, we are still left with a very large
number of coefficients.

The remaining coefficients are summarised by a probability density function (at each scale-
location) which may be parametric or non-parametric. In general, the coefficients that are asso-
ciated with scatter from amorphous substances within the tissue are represented by parametric
probability density functions whilst those capturing SAXS image features are represented by
non-parametric probability density functions. Since scatter from amorphous substances may
explain some of the differences amongst tissue types, that information may be useful in classi-

fication. The bivariate Gaussian probability density function is trialled first but if this is found



183

unsuitable, a non-parametric probability density function is used. The non-parametric density
estimates are derived using the Mexican hat contourlet which reduces storage requirements. The
Mexican hat contourlet transform is applied to a two-dimensional histogram of the real and imag-
inary components of each adaptive image transform coefficient. The magnitude of the resultant
Mexican hat contourlet transform coefficients is then modified before back transforming to give
the smooth bivariate non-parametric probability density function estimate of the adaptive image
transform coefficients for each group. A very detailed explanation of the Mexican hat con-
tourlet smoother is provided in Sections 8.2.4-8.2.8 in order to make the steps to obtain the
non-parametric density estimates very explicit.

These results are now used in the validation set. Images in the validation set are still grouped
as normal, benign or malignant and the coefficients in this set have the same indices (i.e. filter
number, scale, location) as those in the training set. Across images for each coefficient at a time,
the coefficients, zl{&w are transformed into density estimates ﬁgNa i (zl{a%y), using the proba-
bility density functions derived from the training set. These density estimates are now used in
Bayes” rule (equation 8.2) to estimate the posterior probability of group membership for each
group at each scale-location of the adaptive image transform coefficients of each image. For a
single coefficient at a particular scale-location, these probabilities of each of the 5 images is en-
coded by the triple (Prbbn(zl{a’x,y), Prz)bb(zl{a%y), Prbbm(zl{a@ﬂ)). These probability estimates
are obtained for each coefficient (at each filter, scale and location) for each of the j images in the
validation set. The adaptive image transform coefficients which are potentially the most useful
in discriminating amongst groups can be identified as those which have large probability of be-
longing to the true group.

For each image in the validation set, a naive estimate of posterior probabilities of group mem-
bership is obtained by averaging the probabilities across filters, scales and locations. For the jth

image, these naive probability estimates are written as

(Prob; norm, Prob; pen, Prob, a1). (8.1)

The last operation with the validation set is to make a histogram (across images within each
group) to summarise the naive posterior probability estimates (equation 8.1) for each group. The
histograms are smoothed using the Walsh wavelet packet transform because the functions used

in this transform are appropriate for data which take values on the interval [0, 1].
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The adjustment set serves the purpose of calibrating the smoothed univariate histograms. The
purpose of this is to adjust the histograms derived by the naive posterior probability estimates
for each group. The adjustment is performed by using the observed data in the adjustment set to
correct predictions made from the univariate histograms in the validation set.

Finally the adaptive image transform coefficients of the test data set are used to predict group
membership via the functions derived above. These predictions can then be compared with the
known classifications to assess the accuracy of the methodology.

The specific statistical contributions of this chapter include:

1) A probability density function estimation method for large amounts of image data that is
termed conditional-or estimation. The term ‘exclusive-or’ is abbreviated by the acroynm
XOR 1in this thesis (Section 8.2.2).

11) The Mexican contourlet transform: a multi-scale, multi-dimensional transformation of bi-

variate data (Section 8.2.4).

iii) Developing methods of smoothing two-dimensional histograms using the Mexican hat con-

tourlet transform (Sections 8.2.5 and 8.2.8).

iv) Creating a multi-scale smoother using the Walsh wavelet packet transform for data defined

on the interval (Sections 8.3.3 and 8.3.5).
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8.1 Modeling Objectives and Challenges

The classification model is a key component of the SAXS diagnostic system and provides a

means to infer tissue state. A wide range of classifiers already exist in the literature including:

a) discriminant analysis (Fischer 1936; Rao 1948; Lachenbruch & Goldstein 1979; Hand
1982; Friedman 1989; Hastie, Buja & Tibshirani 1995; Biernacki et al 2005; Li & Yuan
2005; Zhu & Martinez 2006 )

b) nearest-neighbour classifiers (Fix & Hodges 1951; Cover & Hart 1967; Dasarathy 1991;
Hastie & Tibshirani 1996 )

c¢) support-vector machines/machine learning (Agrawala 1977; Vapnik 1995; Cristianini &
Shawe-Taylor 1999; Abe 2005; Rossi & Villa 2006)

d) neural networks (Rumelhart & McClelland 1986; Hertz, Krogh & Palmer 1991; Cheng &
Titterington 1994; Bishop 1995; Haykin 1999)

e) tree classifiers (Morgan & Sonquist 1963; Morgan & Messenger 1973; Breiman et al 1984;
Buntine 1992; Breiman 2001)

Many of these classifiers could be applied as ‘off-the-shelf” technology and used to clas-
sify the SAXS images. This has already been done by Butler ef al (2003), Erickson (2005) and
Round (2006), such an approach misses an opportunity to design a classification model suited to
the structure of the data at hand. Given the important and central role of the classifier it is prudent
to focus upon the development of a model that is not only accurate but also interpretable.

The objective of the statistical model to be developed is to accurately identify the pathology of
the tissue sample based upon the observed SAXS image. A model that simply assigns a label (for
instance: normal, benign or malignant) given image feature data is not sufficient. Estimates of
the probability that the sample belongs to each of these three groups is required, medical experts
will then be able to use this information in the wider context to determine if there is a need to do
further assessment. The assessment of the model is not then as simple as determining the number
of samples correctly identified on a future test or validation set (as done in Butler ef al (2003),
Erickson (2005), Round (2006)), but includes a detailed consideration of how well the model
is estimating the probabilities of group membership. The problem is at heart one of regression,
using the adaptive transform coefficients to predict the probability that the tissue belongs to a par-

ticular group. This approach allows incorporation of the concept that some samples may present
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greater evidence of belonging to a certain group than others. For instance, two breast tissue
samples might be malignant but belong to different histological stages. The more advanced his-
tological stage tissue sample might have more evidence of collagen structure alteration than the
less advanced sample. Using a statistical model to estimate the probability of group membership
allows for this possibility and others. A ‘hard’ classification that assigns a label (say ‘normal’,
‘benign’ or ‘malignant’) to a tissue sample under investigation might completely fail to detect
a situation in which only a small proportion of the tissue sample is malignant, the rest being
either benign or normal healthy tissue. In such a situation the majority of the scatter recorded
on the SAXS image will be from either normal or benign tissue and the contribution from the
malignant tissue might be obscured. Estimation of the probability of group membership allows
this evidence (however slight to be recorded) and the experts alerted to the risk associated with
the sample. Statistical scientists are very familiar with the concept of estimating probabilities
in classification problems (as evidenced by Ripley, 1996), but the concept seems to have been
missed in the SAXS image analysis fraternity. The model developed in this thesis advocates the
use of the probability of group membership, rather than the ‘hard’ classification to infer the state
of the tissue.

The modeling of the probability of membership tissue group given the adaptive image trans-
form coefficients of breast tissue SAXS images presents several challenges. The most demanding

of which are:

i) High dimensionality: a large number of transform coefficients might provide important

diagnostic information that needs to be incorporated in the classification model.

i1) Limited training sample size: a relatively small number of SAXS images from unique
tissue samples combined with a large number of input features (coefficients) can lead to
inaccurate model estimates. This problem might have manifested itself in the models pre-
sented by Butler ef al (2003) and Erickson (2005).

iii) A need and desire to capture the main complexities and dependencies between transform
coefficients. This desire drives investigations using non- or semi-parametric techniques in
which a more general modeling strategy is sought that is applicable for wider SAXS image
analysis applications. We seek a strategy that allows not only the statistical properties of
the transform coefficients of SAXS images of normal, benign and malignant breast tissue
to be modeled, but also the statistical properties of transform coefficients of SAXS images

of different breast tissue grades and brain cancer samples to be modeled. In other words,
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we seek a unified cohesive framework to model the transform coefficients of SAXS images

in general.

iv) The opportunity to model the SAXS image across scales using the adaptive image trans-

form.

v) A scientific need to understand how the transform coefficients and hence both the image
and physical structure influence the classification. The ability to understand and interpret

the classification model is viewed as a very positive attribute in this context.

This thesis will advocate a modeling strategy in which each adaptive image transform coef-
ficient is first considered individually, allowing group conditional probabilities to be assigned to
each relevant filter,scale and location of the transform. Such a strategy is adopted so that vital
evidence is not lost, even when that evidence is muted. The classification algorithm that is devel-
oped combs deep and wide through all filters, scales and locations of the coefficients to provide
the best chance of discovering every useful grain of diagnostic information. This approach will
also allow users to identify those coefficients most indicative of group membership (tissue state)
and to associate those coefficients with particular image and hence collagen structural features.

The group conditional probabilities from each of the adaptive image transform coefficients
will then be collated into a naive overall group conditional probability estimate, which will be
further adjusted to account for the fact that the group conditional probabilities at nearby scale-
locations may not be mutually exclusive. This adjustment is performed by first estimating proba-
bility density functions of the naive overall group conditional probabilities for each group. These
probability density function estimates are then modified to ensure the maximum number of cor-
rect classifications (by assignment of an observation to the group with the highest posterior prob-
ability) on an independent adjustment data set. It is these adjusted probability density functions
that are used to estimate the overall group posterior probabilities which are used to diagnose the

tissue state of SAXS image observations from an independent test data set.
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8.2 Statistical Modeling of the Transform Coefficients

This section is divided into ten components.

(1) Section 8.2.1 describes how the posterior probabilities of each group at each filter, scale
and location of the coefficients of the adaptive image transform of each SAXS image can

be estimated.

(i1) Section 8.2.2 presents the XOR estimation model, that allows either parametric or non-
parametric probability density functions to be fit for the adaptive image transform coeffi-

cients at different filters, scales and locations.

(111) Section 8.2.3 justifies the use of the bivariate Gaussian distribution to model the parametric

component of the XOR estimation model.

(iv) Section 8.2.4 introduces a modified version of the contourlet transform called the Mexican

hat contourlet transform.

(v) Section 8.2.5 describes generally how the Mexican hat contourlet transform can be used

for non-parametric probability density function estimation.
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(vi) Section 8.2.6 models the raw two-dimensional histograms that are used to obtain the non-
parametric probability density functions as a combination of deterministic (smooth) and

stochastic (rough) components.

(vil) Section 8.2.7 details the practical method for estimating probability density functions non-

parametrically using the Mexican hat contourlet transform.

(viil) Section 8.2.8 specifies how to modify the coefficients of the Mexican hat contourlet trans-
form of a two-dimensional histogram in order to obtain a smooth non-parametric proba-

bility density function estimate.

(ix) Section 8.2.9 explains how the individual probability estimates at each filter, scale and lo-
cation index of the adaptive image transform of a SAXS image are collated into probability

arrays.
(x) Section 8.2.10 provides an overall summary to this section.

The overall achievement of Section 8.2 is a method that allows estimation of the posterior prob-
ability for each group at each coefficient filter, scale and location index from the adaptive image

transform of a SAXS image.
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8.2.1 Probability Estimates Using Coefficient Information Independently

The objective of this section is to discuss how to reliably estimate the posterior probability of
each group for each coefficient of the adaptive image transform. The data set of interest consists

of a set of training image, T;. This set can be indexed according to group as follows,

Image Group Filter Scale Location Coefficient

1 g1 1 a ($1, yl) 21,a1,31,y1

Nr In L am (TN),YN))  ZLoamzniung
For the filter functions studied in this thesis each coefficient, 2, ,, of the super-array of
coefficients D* (refer to page 175, Section 7.4) contains a real, #(2,,.,) and an imaginary,
3(21,0,0,y) component. Recall that equation (7.54) which gives the posterior probability for each
group given the relevant coefficients (from the set R = [z, 4,,(7, 1), ..., 2142, (7, Ny)] of the

adaptive image transform coefficients form the group g, with indices (I, a, z, y)) is,

Ty adiP7 aqj (%)
D 11 Mg Pyoe (2)

(adapted from equation 2.4, page 19, Ripley 1996). Accurate determination of this probabil-

PriG = g, adj|Z1a0y(r) = 2, 7 € R] (8.2)

ity requires accurate estimates of the probability density functions, p, ,(z), these estimates are
denoted as p, , (z). Similar probability density function estimates were required in Section 7.4
to estimate the probability of misclassification. In this case there are potentially an immense
number of probability density functions that need to be estimated, one for each filter, scale and
location. The methodology requires that all probability density functions be estimated for calcu-
lation of the probability of misclassification in the filter function selection algorithm but the XOR
estimation model reduces the number of probability density functions that need to be stored in

the final model.
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Many methods exist for density estimation including:

(1) histogram estimators (Sturges 1926; Tarter & Kronmal 1976; Scott 1979; Freedman &
Diaconis 1981; Chambers et al 1983; Fox 1990; Wand 1997)

(i) kernel smoothing (Rosenblatt 1956; Whittle 1958; Parzen 1962; Devroye & Gyorfil 1985;
Silverman 1986; Hiardle 1991; Sheather & Jones 1991; Terrell & Scott 1992; Wand &
Jones 1995)

(i11) orthogonal series (Schwartz 1967; Watson 1969; Tarter & Kromal 1970; Brunk 1978;
Wahba 1981)

(iv) wavelet nonparametric smoothing (Masry 1994; Hall & Patil 1995a; Donoho et al 1996;
Penev & Dechevsky 1997; Mueller & Vidakovic 1998).

All of these techniques could be applied to the data set of adaptive image transform coefficients.
One challenge that must be addressed is that the posterior probabilities for each group must be
estimated and stored for each coefficient in the transform. Because each coefficient consists of
both a real and an imaginary component, bivariate probability density functions are required.
This can be a computationally demanding problem. For instance, the SAXS images used in this
thesis contain 262,144 (512 x 512) pixels. Assuming that all of the coefficients of the adaptive
image transform are retained, then at least g,, X a,, X L x 262144 (or g, X a,, X L x Ny x N, for
gn groups, a,, scales, L filters and image dimensions of size /NV; by N in general) bivariate prob-
ability density must be estimated and stored prior to the calculation of the posterior probabilities

for each group.
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8.2.2 The XOR Probability Density Function Estimation Model

This section proposes a practical solution to the estimation and storage of a large number of
probability density functions. The solution is called the XOR estimation model and it is used
to represent a probability density function either parametrically or non-parametrically. At each
scale-location, the transform coefficients from the training data set 77 are summarised by prob-
ability density functions. The coefficients are those from the filters chosen by the filter function
selection algorithm. Thus at each scale-location, the information from the SAXS image is con-
densed into one, two or possibly three probability density functions of coefficients from the
transform which is designed to extract specific features at that scale-location.

Where the probability density functions can be represented parametrically, there is compres-
sion and reduced data storage. However, not all probability density functions are suitable for
parametric modeling and non-parametric estimates of the probability density functions are used
in these cases. The cost of using the non-parametric probability density function estimates is
increased computation time and storage.

The reasons for having a mix of parametric and non-parametric densities are that:

(1) Most of the adaptive image transform coefficients are associated with amorphous scatter
and these are reliably represented by bivariate Gaussian probability density functions. This

is a succinct way of summarising those coefficients.

(i1) Those coefficients that are associated with distinguishing SAXS image features are not
usually well represented by bivariate Gaussian probability densitiy functions. Were the
desire for minimum storage of the probability density function estimates to take prece-
dence, the utility of that feature in calculating the group membership (of the SAXS image)

would be compromised.

The first move is to estimate the parametric probability density functions for each set (over im-
ages) of adaptive image transform coefficients. If this probability density function estimate is
satisfactory, the parameter estimates of the probability density function are saved and the XOR
estimation algorithm jumps to the next coefficient. If the estimated bivariate Gaussian density
is unsuitable (as determined by a statistical measure), then a non-parametric probability density

function estimate is calculated in a way that avoids excessive storage.
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The XOR estimation model represents each probability density function p, , (2) from each

group g,~ and for each coefficient z; , , , as,

ﬁgn*(zl,a,Ly) = ﬁParametric[%(Zl,a,w,y>v%(Zl,a,x,y)lgn*]

Yop Non-parametric R(210,2)s S(210,0.)|gne] (8.3)

where the Y symbol denotes the logical operation of exclusive disjunction, which means that the
probability density function estimate p; (2,4 .., ) can be either p parametric (R(2ia.2.4), S(21a.2.y)|Gnr)
or p Non-parametric(R(Z10,2,9) 3(21,0,2,4)[gn+) but not both.

Parametric estimates of the probability density function are preferred when the number of
samples in the training data set is limited. The disadvantage of parametric models (and hence the
need for non-parametric models) is that it is possible that they may miss important aspects of the
probability density functions and hence obscure key diagnostic aspects of the data.

In this thesis a bivariate Gaussian distribution was used as a model of the parametric version
of the probability density function. Selection between the parametric or non-parametric version
of the probability density function estimate for a particular group and coefficient is guided by sta-
tistical tests to determine how well the data fits a certain parametric model. For instance, the data
could be assessed to determine how good a description the bivariate Gaussian distribution fits.
Ascertaining the suitability of either parametric or non-parametric probability density function
estimates requires a large number of Shapiro-Wilk tests. This can lead to an unacceptable num-
ber of false positives for either type of density estimate. To optimise storage and sustain accuracy
of prediction, Benjamini & Hochberg’s (1995) false discovery rate method was used to control
the expected proportion of errors among the rejected hypotheses (parametric or non-parametric)
thereby improving the reliability of selecting the appropriate type (parametric or non-parametric)

probability density functions.
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8.2.3 Parametric Probability Density Functions of the XOR model for
SAXS Images.

This section explains that the bivariate Gaussian probability density function is suitable for the
parametric component of the XOR estimation model. Figures 8.1(a)-(f) displays the univariate
kernel density estimates for real and imaginary components of the coefficients of the inner prod-
uct of SAXS images using the Chebysheyv filter function. The plotted probability density function
estimates were obtained using unbiased cross-validation to select the bandwidth of the Gaussian
kernel smoother for select coefficients of the transform for SAXS images (n = 50) produced by
malignant breast tissue. Coefficient locations for this figure were selected to correspond to par-
ticular image features; these features were the amorphous scatter, the axial scattering ring and the
equatorial scattering ring. The probability density function estimates of the real and imaginary
components of the coefficient [scale a = 1, location (z,y) = (2,2)] that is associated with the
amorphous scatter are displayed in Figures 8.1(a) and (b).

Visual inspection suggests that both components of the coefficients can be modeled using a
Gaussian distribution. The Shapiro-Wilk test applied to the real and imaginary components of
the coefficients separately can be used to assess the fit of the Gaussian model (Shapiro & Wilk
1965; Royston 1982; Royston 1982; 1992). It compares the null hypothesis H, that the Gaussian
distribution fits the data to the alternative hypothesis H, that the Gaussian distribution does not
fit the data well. If the null hypothesis is accepted for both components then the bivariate Gaus-
sian distribution and hence a parametric estimator is used, otherwise a non-parametric estimator

is used to calculate the probability density function estimate.
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Figure 8.1: Kernel density estimates of select coefficients of the inner product of the Chebyshev
filter with the SAXS images of malignant tissue. Figures (a) and (b) correspond to the real
and imaginary components of an amorphous scatter feature, figures (c) and (d) to the real and
imaginary components of an axial scattering ring feature and similarly (e)-(f) to an equatorial
scattering ring feature.
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The statistical assessments using Shapiro-Wilk tests across all data support the hypothesis
that the bivariate Gaussian distribution models well the distribution of those coefficients asso-
ciated with amorphous scatter. For instance, the coefficient formed by the Chebysheyv filter for
parameters [scale @ = 1, location (z,y) = (2,2)] produced Shapiro-Wilk tests with p-values
of 0.44 and 0.59 respectively. In contrast, the density estimates of coefficient magnitude in Fig-
ures 8.1(c) and (d) appear to be multi-modal. The coefficients extracted for use in this figure
correspond to scale-location [a = 1, (z,y) = (256,382)] and are associated with an axial
scattering ring feature. In this particular case, Shapiro-Wilk tests report p-values of 0.05 and
0.01 respectively - providing some evidence that a Gaussian distribution is a poor model of this
data. The density estimates displayed in Figures 8.1(e) and (f) are of coefficients extracted from
scale-location [a = 1, (z,y) = (185, 256)] which corresponds to the location of an equatorial
scattering peak. A Gaussian distribution might also be a poor fit in this case, as the Shapiro-Wilk
test produces p-values of 0.01 and 0.04 respectively.

In all cases examined those coefficients that correspond to image locations that describe
amorphous scatter have magnitudes that are well modeled by a Gaussian distribution. For
those image locations corresponding to scattering (meridional or equatorial) rings, the Gaus-
sian distribution does not appear to fit well. Space does not permit a full presentation of the
density estimates of each coefficient (across scales and positions), for each tissue group and
each filter function of the transform. Furthermore, in some instances it was difficult to reli-
ably associate coefficient location with image feature. The three locations [a =1, (z,y) :
(2,2), (256, 382), (185,256) | required expert knowledge of the problem to reliably associate
them with a particular image feature and the coefficients extracted are still subject to (however
unlikely) mislabeling errors. The Shapiro-Wilk tests used to assess the fits of Gaussian distri-
butions to this data must only be considered as a guide to model development. The results of
the Shapiro-Wilk tests are only presented to provide a numerical assessment of the plots in Fig-
ures 8.1(a)-(f) and should not be interpreted as an all encompassing test that determines whether
a Gaussian distribution should be fit to the data.

With these limitations in mind, the following general trend has been observed (when coeffi-
cient location and image feature can be associated), the Gaussian distribution does not describe
the magnitude of the coefficients well when these coefficients describe scattering ring image
features. It appears that non-gaussianity in the density of coefficient magnitude is indicative

of particular features of interest. This property can be exploited in the XOR estimation model
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of coefficient densities. Parametric components are described by bivariate Gaussian distribu-
tions and are used to describe amorphous (or non-visual, background) image structure and the
non-parametric components are used to describe the scattering ring (or visual, non-stationary,
image edge) structures. Both the amorphous and the scattering ring structures are of interest for

diagnosis. We are interested in both of these features because:

(1) Both Lewis et al (2000) and Fernandez et al (2002) reported changes in the axial ring
scattering feature for malignant breast tissue that are believed to be associated with the

axial D-repeat of collagen.

(ii) Both Fernéndez et al (2004) and Round (2006) reported increases in the intensity of the

amorphous scatter feature in SAXS images of malignant breast tissue.

Therefore both the parametric and the non-parametric probability density functions of the coef-
ficients in the data set are important to consider when creating a diagnostic model.

The XOR estimation model approach to probability density function estimation provides a
conceptual framework that might assist the modeler with interpretation of the results, the para-
metric probability density functions in the model correspond to the amorphous scatter features
and the non-parametric probability density functions in the model correspond to the scattering
ring features in the SAXS images. The model might also allow highly compressed representa-
tions of the probability density functions. Visual inspection of the SAXS images, such as those
in Figures 2.3(a)-(c), suggest that a large proportion of the pixels from the SAXS images do not
correspond to scattering ring features. Coarse estimates obtained by setting those image intensi-
ties less than a threshold (in this case a magnitude of seventy five) and counting the number of
non-zero pixels suggests that no more than twenty five percent of the image pixels are associated
with scattering ring features.

It is therefore reasonable to expect (in this case) that a large number of the coefficients of the
adaptive transform of the SAXS image will be well modeled by bivariate Gaussian distributions.
This property allows many coefficients to be accurately described by a four parameter vector
Nzl«avl»ﬂgNadj = [MRC1000) HS(mn) O etans)? aé(%a,z’y)} , that is a succinct description of the
bivariate Gaussian distribution. It is difficult to estimate the number of coefficients that will be

described by the Gaussian parameter vector N, . in general, because this depends on the

la,z,y |g adJ
. N
properties of the SAXS images in the N adjgh group as well as the number and type of coefficients

retained during the filter function selection process of the transform as described in Section 7.4.
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8.2.4 The Mexican Hat Contourlet Transform - A Generic Description

This section develops and discusses the Mexican hat contourlet transform for use in the generic
smoothing of bivariate data. This transform will later be used for non-parametric estimation of
probability density functions in the XOR estimation model of equation (8.3).

The classification of tissue types using the coefficients from transforms of the image data
is done using probability density functions of the coefficients in Bayes” rule. Non-parametric
probability density functions are not described as succinctly as parametric probability density
functions. With such a large number of coefficients coming from the images, it is essential to
find a sparse representation of the non-parametric probability density functions and we achieve
this with the Mexican hat contourlet transform. This can substantially reduce the storage require-
ments of the SAXS image classification model.

The contourlet transform was discussed in Section (5.3.3) where it was stated that it offered
a sparse representation of images. Other bivariate digital data can also be represented with rela-
tively few (compared to the number of data entries) contourlet transform coefficients. Therefore
the contourlet transform can be used to provide highly compressed representations of bivariate
data. Because it provides a spare representation of bivariate data, it can be inferred that a large
proportion of the energy (sums of squares of the coefficients) is contained within a few large
magnitude coefficients. This implies that many of the contourlet transform coefficients can be
discarded without substantial information about the bivariate data being lost. Furthermore, the
large magnitude contourlet coefficients can be understood to be capturing the general trends in
the data and the small magnitude ones capturing spurious oscillations or ‘noise’. As such the
contourlet transform is useful for the smoothing of digital bivariate data.

Despite the sparse representation that the contourlet transform offers it still produces a re-
dundant representation of the data. This is due to the multi-scale step of the transform which is
based upon the Laplacian pyramid. This multi-scale step results in there being up to as many as
4/3 times more coefficients than data entries. This increased redundancy translates into increased
computation time and is unnecessary. On first consideration the contourlet transform does not
appear to be the best method to use for non-parametric estimation of probability density func-
tions. A modification of the contourlet transform is proposed that overcomes this redundancy

problem.
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The inherent redundancy of the contourlet transform is easily removed using a two-dimensional
wavelet function (denoted ; 4, , (z,y)) instead of the Laplacian pyramid in the multi-scale step
of the contourlet transform. This two-dimensional wavelet function is a special case of the inte-
gral wavelet transform functions v, 1, ¢(z, y) (with parameters a denoting scale, b location and
6 rotation/orientation) of Section 5.2.1. The key difference between the two functions is that the
parameters of v, x,(z,y) are set so that they obey critical sampling (refer to equation 5.15).
The scale parameter a ¢ R of the integral wavelet transform functions is restricted to a subset
a, C asuchthata, = 27 where j eN. Similarly the location parameters b = (b1, by) € Z?
of the integral wavelet transform functions are equivalent to the parameters k = (ki, ko) € Z>
when b, = k27, by = ky2’/. The rotation parameter § of the integral wavelet transform
functions does not exist for the wavelet function ), s, x,(z,y) because this function is held at a
fixed orientation throughout the analysis. This is equivalent to setting ¢ = C where C € [0, 27)
for the integral wavelet ¢, b o(z,v).

One possible choice for the wavelet function 1} 4, 1, (x, y) is the Mexican hat wavelet which
was first specified in equation (7.3). The mother wavelet function (from which all other re-scaled
and translated versions of the Mexican wavelet are derived) can be described in terms of spatial

coordinates as,
1
V(e y) = 2= (@ +y)] exp[—5 (2" + 7)) (84)

The wavelet function v; , 1, (%, y) can then be determined from ¢ (x, y) using,

1 .1'—]{1 y—k’g
@ZJ‘, Jeo \ T, Y :_’@Z) ; s - .
ks3] 7] ( j j )

(8.5)

(equation 3.1, page 44, Vidakovic 1999). The term ﬁ is a common variant of the normalisation

constant C’J : that is used to ensure the energy (sums of squares of coefficients) is preserved
across scales (page 55, Addison 2002). The Mexican hat wavelet function allows very precise
determination of the location of features in bivariate data at the cost of precision in the estimate
of its scale. In other words, coefficients (produced by the inner product of the function and the
wavelet) have a very localised response to a feature in space but a less local response in scale.
As a result, the large magnitude wavelet coefficients that are associated with a feature will then

tend to persist across scales.
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The search for a suitable smoother resulted in the choice of the Mexican hat contourlet trans-
form. This result came from comparing the Mexican hat contourlet transform coefficients of data
simulated from bivariate distributions with known mean and variance to those coefficients from
the Mexican hat contourlet transform of random noise. Random noise seldom transforms into
large magnitude coefficients and so the Mexican hat contourlet transform coefficients that are of
large magnitude most likely arise from signal.

It is preferable to have a few large magnitude coefficients (that are associated with a partic-
ular feature in the data) distributed across several different scale bands rather than many smaller
magnitude coefficients within the same scale band. The Mexican hat wavelet function provides
this capability and this is the reason why it was selected to modify the multi-scale step of the
contourlet transform. A wide range of other wavelet functions could also be substituted for
Y,k ko (2, y) in the multi-scale step of the transform and doing so would produce a transform
with different feature detection properties.

Decomposing data using the Mexican hat contourlet transform across scales is achieved in a
manner similar to the separable two-dimensional discrete wavelet transform (Section 5.2.2).

The method is described as follows:

i) Starting with the parameter j = J, convolve the digital representation of the multi-scale
filter, ¥y, &, (T,y) = w1[2k1]w2[2k,] with the digital data f(x,y). The rows of f(z,vy)
are first convolved by w;[2k;] and then down-sampled by removing every second entry
along the rows. Denote this result C J.k1,ko» 1O the columns of this matrix we apply the filter

ws[2k] and down-sample this result by two along the columns.

ii) This process produces the approximation coefficient matrix C, x,. Continued iterations

of the multi-scale are applied for parameters j = (1,...,J — 1).

ii1) The ‘pkva’ directional filters that are often used in the ordinary contourlet transform (Phoong
et al 1995; Do & Vertelli 2001; Po & Do 2006) are then applied to all of the multi-scale co-
efficient matrices {C s, xys Cu—1k; ks - - - » C1ky ko | t0 yield the detail coefficient matrices
{Dyi, k1 kes Dr1, 1 ki kos- - - s Doty ky ko b and the remaining multi-scale coefficient ma-
trix Cy j, k, 1s retained. Use of the ‘pkva’ filter in the directional step of the Mexican hat
contourlet transform ensures that the chance of artificially inducing correlations amongst

coefficient magnitudes is minimised (Phoong et al 1995).
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iv) The full set of coefficients of the Mexican hat contourlet transform is then:
{C1 sy kos Dty eras - - - » D2y ey ko + Where parameter J denotes the depth of scale selected
such that the dimensions of the bivariate data are expressed as 27 x 27, parameter [; denotes
the number of directions at scale .J, so that [; € (1,...,l;) and k; € Z and k; € Z indicate

location parameters.

Because of the construction of the Mexican hat contourlet transform, the original data f(x, y)
can be recovered from the coefficient matrices Dy, x, %, in a simple way. First we the apply the
inverse directional filter bank (as per Do & Vertelli (2003) or any other equivalent method) to the
D, ki .k, matrices to produce a single detail coefficient matrix D j, ,. This coefficient matrix
is up-sampled by inserting a zero between every coefficient along both the rows and columns to
give matrix Dy, 1,. The inverse filter ¥, 1,)(z,y) = wi[—(2k;)]ws[—(2k,)] is then applied
to give the original data f(x,y) = Cy, 4,- Note that reconstruction of f(z,y) could also have
been achieved using the C, j, 1, coefficient matrix in conjunction with repeated iterations of the

inverse filters and up-sampling.
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8.2.5 Non-parametric Probability Density Function Estimation Using the

Mexican Hat Contourlet Transform

8.2.5.1 Overview of Probability Density Function Estimation Using the Mexican Hat

Contourlet Transform.

The objective of this section is to smooth the two-dimensional histogram of the real and imagi-
nary parts of the adaptive image transform coefficients, for those coefficients where the bivariate
probability density function representation is rejected. The Mexican hat contourlet transform
is used to produce estimates f R(210.0), S(21,0,2,)] of bivariate probability density functions
FR(ZLa,0.y), S(21,0.2,)] based upon the two-dimensional histograms fraw [R(21,0.24), S(210,2.9)]
that are produced by observations on the magnitude of the adaptive image transform coefficients
[(R(210,24), S(21,0.2)] in the sample for each group.

The two-dimensional histogram fraw[R(21,0.24), S(21,0,2,4)] s produced by assigning the ‘fre-
quencies’ that the coefficient magnitudes [R(2; 4, 4.5), S(21,0,2,4)] Occur in the data sample to the
locations [u = |R(21424)],v = |S(21,0.0,) |] On a data grid which is denoted Fray. On its own
the two-dimensional histogram, fraw[R(210.2.y), S(214.2.4)] 18 DOt very useful as in future cases
we will need to obtain estimates of the probability density function at previously unobserved
values of [R(21,4.04), S(21,a,2,4)]- In order to do this, we smooth the two-dimensional histogram
frawR(21,0.2.9)s S(21,0,2,4)] and retain this smoothed version as our estimate f R(20m.0) S(Zrazy)]

of the probability density function f [R(214.4.4); $(21,4,2,)]- That s,

fraw [é]:e('zl,a,x,y)a %<Zl,a,z,y)] = f [é}%(zl,a,z,y)a %(Zl,a,x,y)} + E[%(Zl,a,x,y)7 %(Zl,a,x,yﬂ (86)

so that the observed two-dimensional histogram fraw[R(21,4,2,4); S(21,0,0,y)] can be expressed as
the sum of a ‘smooth’ estimate R(21,0.04), S(21,0,2,4)] and a stochastic component €[R(21.4. 2.4 ), S(21,a,2,4)]-
The smooth component f (R(z10,2), S(21,a.2,y)]] 1s retained and the stochastic component

€M (21a,0.y)s S(21,01,y)] is discarded.
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To facilitate the development of a statistical model (Section 8.2.6) and a method to remove
the stochastic component €[ (2,424 ), S(21.0,2,5)] (Section 8.2.8) the two-dimensional histogram
frawR(210.2.9)s S(21,0.2,4)] 18 re-scaled so that it has a range in the interval [0, 1]. This is achieved
by first normalising the two-dimensional histogram fraw [R(210.04), S(21,4,2,4)] by dividing all
entries in the histogram by the magnitude of the entry with the maximum value in the histogram,
which is denoted max{ fraw [R(21.0,2.4), S(21,0.04)] }-

The normalised two-dimensional histogram fR, [R(21.0.04); S(21.0.2.)] is then found by,
fiw RGrazy): S(aey)] = fraw R(2a00)s S(Zaey))/ maxX{ fraw [R(z1000)s S(210,0)]}-
The magnitudes of entries in fRy [R(21.0.04); S(210.2,)] are then in the range [0, 1]. As a conse-

quence of this normalisation, the model in equation (8.6) becomes

flgw [%(Zl,aw,y)v %<Zl,a,a:,y)] =f N [3%(21,1171’4;)7 S(Zl,a,arf,y)] + EN[%@l,a,x,y)a %(zl,a,ﬂc,y)] 8.7

where fN [R(Z1020), S(21a0y)] and €N[R(2a0y), S(2102y)] are modified versions of the
smooth f [R(214.04), $(210.0)] and the absolute value of the stochastic components
€R(21a,2,)s S(21,0,2,4)] (in equation 8.6) that have been re-scaled so that they have a range of
[0,1]. To reduce notational complexity, from here on in it is understood that the notations
Jraw [R(ZLazy)s S(Zawy)]s f R(z1amy), S(zrazy)]s €R(Zlazy), S(21,0.2,)] assume normali-
sation so that these functions in fact correspond to £y [R(21.0.0.4)s S (21029 )]s

FN R(Z1awy) S(Zawy)] and eN[R(z1000), S(21.0.04)] respectively.
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Several methods can be used to produce the estimate f R(z10,0y), S(21,a,2,)] including ker-
nel density methods (Wand & Jones 1995), but most of these methods will ultimately lead to
results that require large amounts of computer memory to store. The Mexican hat contourlet
transform offers an alternative solution to this problem, analysing fraw[R(2i0,0.y), S(21,0.2.4)]
over scales, directions and locations. It achieves this using scaling functions ¢y x, () that are
of fixed size (scale) but that are translated over a variety of positions in the grid as specified by pa-
rameters (K1, k2). The Mexican hat contourlet transform also uses detail functions p;;; x, &, (7, y)
of varying size (as specified by the scale parameter, 7 = 2,...,.J), at different orientations
(as specified by the direction parameter [; = 1,...,27) and at different locations on the grid
(as specified by location parameters (k, k2)). The analysis of the two-dimensional histogram
fraw [R(Z1a0y), S(210,2,)] With the scaling function ¢y 4, 1, (z,y) gives coefficients (denoted
C1.k, k) Which are stored as entries in the C; coefficient matrix. These coefficients are formed by
taking the inner product of the two-dimensional histogram, fraw[R(214,2.), S(21.0,0,4)] With the
scaling function ¢y k, k,(z,y). Thatis ¢1 4, 6, =< fraw [R(Ziazy)s S(Zawy)]s O1k ks (T, Y) >.
Each entry of the C; matrix corresponds to the c; x, , coefficient for a particular grid location
that is specified by (k1, ko) = (u, v). Analysis of the two-dimensional histogram
Jraw[R(21,0.0)> S(21,a,2,9)] With each of the detail functions pj; x, k, (2, y) also produces coeffi-
cients d;g; x, ky =< fraw[R(21a,0)s S(Z1a2y)]s P50 k1.ke (T, y) > that are stored as entries in the
coefficient matrix D;,.. Therefore, the two-dimensional histogram can be represented in terms

of the Mexican hat contourlet transform scaling and detail functions as,

K1 K

fraw[%(zl,a,x,y)a %<Zl,a,:c,y)] = Z Z Cl,kl,k2¢1,k1,k2 (fﬂ, y)
k1=1ko=1
27 277ky 27T ky

J
+ ZZ Z Z djvljvklvk2pj,lj7k17k2(xay)'

§=2 lj=1 k1=1 kp=1

(8.8)

Given the coefficients {Cl, Dy, ... ,DJJJ} the two-dimensional histogram fraw [R(21.0.0.4), S(21a,2)]
can be recovered by applying the inverse Mexican hat contourlet transform.

Information in the two-dimensional histogram are captured by the scaling and detail func-
tions, @1, k,(2,y) and pjy. &, k., (7, y) in a different manner. Both are designed to average the
frequencies in the two-dimensional histogram over a particular region but differ according to the
geometry of the region that is used. The scaling function ¢y y, ,(z,y) that is used in the first
scale of the Mexican hat contourlet transform is actually a Mexican hat wavelet function at scale

a = 1. Figure 8.2 displays how the ¢ , &, (z, y) function extracts data from the two-dimensional
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histogram in order to produce a smooth estimate of the probability density function. The scaling
function ¢y 4, x,(, y) centered on location (k1, k) extracts all those entries within a fixed radius
r1 from this centre. The values of the scaling function ¢ k, x,(, y) outside this circle are essen-
tially zero. The coefficient ¢, j, 5, magnitude (which is found by taking the inner product of the
Mexican hat wavelet function and the two-dimensional histogram) will therefore be influenced
by only those entries in the two-dimensional histogram that fall within this circle. All entries in
the two-dimensional histogram that fall outside this circle will eventually be captured by other
scaling functions @1 g ks, ..., @1+ ks centered at different locations [(k, k3), ..., (k7 k5*)]

within the grid of the two-dimensional histogram.

%(Zf‘/.a-r-y)

Figure 8.2: The scaling function ¢ 4, ,(x,y) extracts those entries from the two-dimensional
histogram fraw[R(21.0,2.4); $(21.0,2,)] that are within a circle of fixed radius, r; centered at lo-
cation (kq, k2). These entries are denoted "o’ and its is this information that is used to produce
the magnitude of the coefficient ¢, , 1,. The function qﬁl,kf,kg (x,y) that is of radius r; and cen-
tered on (k7, k3) also extracts different entries which are used to form the coefficient cy g s .
Other entries in the grid which are denoted ‘o’ are not captured by either of these functions (nei-
ther ¢y , &, (%, y) nOr ¢y &+ ks (2, y)) but will be captured by other scaling functions and stored as
coefficients in the coefficient matrix C;.
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Figure 8.3: Changes in the parameters in the detail functions p; . x, x,(,y) may result in dif-
ferent entries in the two-dimensional histogram being captured, as denoted by the symbol e.
The first figure, Figure (a), demonstrates that changes in the location parameter (k1, ko) alter the
position of the detail function, Figure (b) demonstrates that changes in the direction parameter
l; el,... ,27 influence the orientation of the detail function and Figure (c) demonstrates that
changes in the scale parameter, j €2, . . ., J influence the width and length of the detail functions.
All of these changes in parameters alter those entries in the two-dimensional histogram that are
included in the determination of the coefficient d; . r, r,-
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In contrast, the detail functions p; ;. r, x,(z, y) extract the information in the two-dimensional
histogram fraw[R(21.0,2.4); S(21.0.2,)] using a very different geometry. The non-zero regions of
the detail functions p;y; , k, (7, y) resemble arcs rather than circles. Figures 8.3(a)-(c) displays
the analysis of the two-dimensional histogram using different detail functions. Thus the coef-
ficient matrices {Cl, Dyy,,...,Dyy J} are considered to encode the results of smoothing the
two-dimensional histogram fraw [R(21.0.0.4), S(21,0.2,4)] using a different type of smoothing func-
tion in each case.

The Mexican hat contourlet transform is designed to provide a succinct representation of bi-
variate data. It inherits this property from the contourlet transform which has close to optimal
representation for bivariate data (page 221, Candés & Donoho 2003; Do & Vertelli 2003). Select
Mexican hat contourlet transforms are stored in computer memory as a smooth representation of
the two-dimensional histogram. Reconstructing the two-dimensional histogram using only the
n-largest absolute magnitude coefficients of the Mexican hat contourlet transform produces an
n-term smooth of the two-dimensional histogram which is denoted fraw.n [R(21.0.24)s S(ZL0.2.4)]-
Candés & Donoho (2003) demonstrated that the squared error of || fraw[R(21.0,2.4): S(Z1a24)] —
Jrawn [R(210,0, S(21,0.24)]|| of the curvelet transform (and hence its discrete counterpart the
contourlet transform) will converge as O(n~2) as n — oo. This rate of convergence is an
order of magnitude quicker than that which is possible with the wavelet transform (Candés &
Donoho 2003). Therefore in terms of the squared error of an n-term coefficient reconstruction,
the contourlet family of transforms (which includes the Mexican hat contourlet transform) is an
optimal representation of bivariate data. In other words, the majority of information in the two-
dimensional histogram fraw([R(21.0.0y), S(21,a,2,)] is compressed into only a few relatively large
magnitude coefficients. Furthermore, it will be demonstrated in Section 8.2.8.3 that the Mexi-
can hat contourlet transform for a range of probability density functions tends to produce larger
absolute magnitude coefficients in the lower scale bands. This means that we can remove many
of the lower absolute magnitude coefficients but still retain a good representation of the original
two-dimensional histogram of the real and imaginary components of the coefficient 2, , , ex-
tracted from the SAXS image using the adaptive image transform. If we order the coefficients
by their absolute magnitude and then remove (by setting to zero) the n smallest coefficients,
then we will tend to retain those coefficients in the lower scale bands. These lower scale bands
correspond to lower spatial frequency information and upon applying the inverse Mexican hat
contourlet transform, the probability density function estimate f,, R(210,0y), S(21,0,2,)] based
upon n non-zero Mexican hat contourlet transform coefficients will be a smoother version of the

original two-dimensional histogram fraw[R(21a.2.4), S(Z10.2.4)]-
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If instead N > 5 coefficients in the transform were set to zero, then upon back trans-
formation the estimate }VNadj [%(Zz{a,x,y)7 S3(21.0.24)] based upon N34 non-zero coefficients will
be even smoother than the previous estimate f,, [R(2;424), S(210.0.4)]. Setting to zero greater
and greater numbers of coefficients in the coefficient matrices of the Mexican hat contourlet
transform also has the advantage of reducing the number of non-zero coefficients that need to be
stored in computer memory. This representation of f, R(z100y), S(21,a,2,y)] 18 different from
that of fraw [R(21,0.2.4), S(21,0.2)] (in equation 8.8) because the coefficients have been modified.
That is,

K1 Ka

}V‘TL [%(Zl,a,x,y)y laa:y Z Z C1 k‘1,l€2¢1 k1,ka (ZE y)

k1=1ko=1
27 270ky 27T ks

+ ZZ Z Z dJ L k1,k2 P, l]’k17k2(x y)

§=2 l;=1 k1=1 ko=1

(8.9)

where |dvjyl].’k17k2| < |dji, k1 k|- The method for modifying the coefficients d;;, x, &, to produce
the smoothed coefficients Jj,l%kh@ will be the subject of Section 8.2.8.

A problem when using the Mexican hat contourlet transform for probability density function
estimation is the presence of negative values in the scaling function ¢ k, x,(, y). This can result
in negative values in the probability density function estimate f,, R(z10.2y), S(21,a,2,y)], Which
is undesirable as it can result in the assignment of negative probabilities to future observations.
The scaling function takes on negative values over certain ranges which are called the negative

‘lobes’ of the function. Two possible approaches to the solution of this problem include:

(1) Using a filter function that does not take on negative values.

(ii) Adjusting the probability density function estimate f, R(21000), S(21,0,2,y)] to compen-

sate for the negative values in the multi-scale filter of the transform.

The first solution in point (i) cannot be achieved using any wavelet function v, x, &, (z,y), as by
definition the wavelet function must integrate to zero. That is ffooo ffooo Ya ko ko (wy) AT dy = 0
(adapted from page 44, Vidakovic (1999)). This implies that the wavelet function ¢, k, , (2, y)
must contain an equal amount of positive and negative parts and therefore the first approach
above is not a valid solution to the problem. Using wavelet functions ¢ , x,(z,y) in the multi-
scale step of any modified version of the Mexican hat contourlet transform will not ensure that
the probability density function estimate f,, R(21,0,0), S(21,0,2,4)] does not contain negative val-

ues. Therefore, we adopt the second approach to solve the problem and adjust the probability
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density function estimate f, R(z10,0y), S(21,a,2,)]- Practical implementation of the probability
density function estimation method using the Mexican hat contourlet transform and the method
to adjust the estimate to exclude negative values is described in Section 8.2.7. Prior to the specifi-

cation of this algorithm a model needs to be developed to fully specify the stochastic component,

R(2029) 3(210.2)]-
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8.2.6 A Model for Smoothing the Raw Two-dimensional Histogram
fraw [%(Zl,a,x,y)a %(zl,a,x,y)]

The Mexican hat contourlet transform can be used for the estimation of bivariate probability
density functions. The basic principle behind this density function estimation technique is that
the analysis functions of the Mexican hat contourlet transform can describe the density functions
using only a relatively few coefficients. These coefficients are substantially larger than the other
coefficients which do not contain significant information about the probability density function.
), S

)] and stochastic e[%%(zl{a’w), %(zl{am’y)] components.

zlj;aw,y)] in terms

Equation (8.6) models the two-dimensional histogram data fraw [%(zl{am

of smooth f [R( ), S(

We wish to retain the smooth component f [R(2, . ) (2, . ,)| as our estimate of the

Yy Yy
probability density function f [i)%(zl{m’y), %(zl{amy)] and remove the stochastic component
e[%(zlfayw), %(zljaxy)] This is achieved by taking the Mexican hat contourlet transform of the
normalised two-dimensional histogram fraw [%(ziw’y), S(zl{w,y)] and modifying the resulting
coefficients d;;; x, k, to produce the smoothed coefficients £j7lj,k17k2.

The coefficients are modified in a process called thresholding. In this process, coefficients
below a fixed value, A € C, are attenuated or set to zero according to a pre-specified thresholding
policy. This policy is set by the modeler and is often determined by the statistical properties of
the data to be analysed.

The method that is proposed in this thesis models the stochastic component,

([R(z7, 1) S

ples from many different Gaussian distributions. The specific model considers a discrete digital

ziam zlj;a’x,y)] of the two-dimensional histogram fraw [?R(zl{w’y), %(zl{a7$7y)} as sam-

representation of the model that was presented in equation (8.6).
Frw = F+E (8.10)

where the grid Frayw corresponds to a large number of samples from the two-dimensional his-
togram fraw [R(21.a,2.4), S(21.0,0,4)], the grid F corresponds to samples from the probability den-
sity function estimate, f[%(zl7w7y), 3(21,0,2,y)] and the grid E corresponds to the stochastic com-
ponent €[N (21.4.4.4); F(21,02,)] of the model specified in equation (8.6). The data in the grid E
are modeled such that the samples at each location E(u, v) are independently sampled from a
N (0, 02) distribution. The variance parameter o2 is random on the interval [0, 1] and is drawn
from a continuous uniform U(0, 1) distribution. The continuous uniform distribution U(0, 1)
was selected such that the variance of the stochastic component E(u, v) at each location(u, v) is

of the same order of magnitude as the two-dimensional histogram grid Fray (u, v) data.
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To ensure that we obtain values of e[%(zl{amy), %(zl{a,x,y)] that are consistent with the range
of the normalised version of fraw [?R(zl{a’w), %(zl{a,w)], we must re-scale the E grid values.
After samples have been taken from the A/(0, 02) distribution for every location (u, v) in the E
grid, the absolute value of the magnitudes of the entries in this grid are found and the maximum
value max[E(u*, v*)] at location (u*, v*) is recorded. The magnitude of each entry in the E(u, v)
grid is then divided by this maximum value max[E(u*, v*)] in order to re-scale the entries in the
E grid to the range [0, 1].

The model that has been proposed in equation (8.10) in combination with sampling the mag-
nitude of each entry from a N(0,0?) distribution states that each pair of entries E(u1,v;) =
E(ug,v2) uy # vy, ug # vy might well be sourced from different Gaussian distributions. We
call such a statistical process a heteroskedastic noise model. The model states that for each sam-
ple Fraw(u, v) in the two-dimensional histogram there is a certain amount of uncertainty but the
extent of that uncertainty is unknown. All we can say is that the magnitude of each entry E(u, v)
is drawn from a random distribution N'(0, 0%). The magnitude (hence the extent) of the variance
parameter o2 for each pair (u, v) in the E grid is completely random.

The process that generates each of the o parameters involves sampling a continuous uniform
U(0, 1) distribution. Use of the continuous uniform U(0, 1) distribution communicates that we
are in total ignorance of the uncertainty that should be assigned to each location (u, v) on the grid
E. If we better understood how the uncertainty varied with the parameters (u,v) then a more
precise model could be developed to describe the stochastic component more accurately. This is
not the case at the present and we need to implement a general model for the values of the entries
E(u,v), such as the heteroskedastic noise model that was introduced in this section. Nonetheless,
the heteroskedastic noise model captures key characteristics of the type of stochastic processes

that are of interest.
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These include:

@

(ii)

(iii)

A process E in which samples at different locations (u,v;) and (ug, vy) are very likely
drawn from different distributions N(0,¢7,) and N (0,07,). This can be interpreted as

meaning that the uncertainty varies across each location in the E grid.

Generating multiple E grids - say E; and E, by sampling from N(0,02),02 ~ U(0,1)
will in most cases generate two grids that have different magnitudes at each location (u, v).
In other words, the heteroskedastic model can generate different realisations of the stochas-

tic process/component.

It accounts for the randomness in the sampling process in which tissue samples where ob-
tained in order to produce SAXS images. To understand this problem, consider two data
sets T = [I11(z,y), ..., In,1(x,y)] and Ty = [[12(z,y),. .., In,2(x,y)] of SAXS im-
ages produced by the tissue samples all of which were (supposedly) drawn independently
of each other. Upon taking the adaptive image transform of the images and implement-
ing the methodology that is described in this chapter, we arrive at the probability density
function estimates fr, [%(zl{a7x7y) (2] 'uzy)] and fr, [R (zl{mw) (2] 'v.0yy)] formed by the
data from training sets 77 and T, respectively. In general, fr, [R (zm’x’y), \s(zm’x’y)] #
I, [%(zlfw’y), %(zlf'm’y)], because the probability density function estimate depends on

the data in the training sets 7} and 75.

Point (iii) above is of great practical importance as the probability density function estimates are

used to estimate the probability that an observation belongs to each tissue group. The key issue is

that the probability density function estimate f [%(Zl{a,x,y) (2] '..z,y)] @nd hence the probability

estimate of the sample belonging each tissue group is dependent on the data sample. This data

sample is obtained by sampling the population of subjects within a particular tissue group. For

instance, the samples of malignant tissue used in the this thesis were obtained by sampling the

population of all patients with malignant breast tissue.
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Now this sampling process is itself influenced by a whole range of factors such as:
(1) the hospital(s) from which the samples were obtained.
(i1) the age of the subjects.
(ii1) the stage (maturity of the cancer) at which the samples were collected.
These factors might in turn be influenced by other epidemiological variables that:
(i) might bias the distribution of ages from which samples are collected.
(i1) influence the types of tissue pathologies that occur.
(ii1) determine the hospital(s) participating in the sample collection process.
(iv) might favour particular stages of cancer being detected.

Such processes are not very well understood and it is very difficult to identify let alone explicitly
model the influence of such factors on the sampling process. The solution proposed is to incorpo-
rate a certain amount of uncertainty (as specified by the A/(0, 02) distributions) when producing

the estimate f [R(21.4.0.y), S(21.a.0.4)] Of the bivariate probability density function.
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8.2.6.1 Coefficient Thresholding Methodology

A statistical model was required to describe the stochastic component e[%zl{avxyy, %Zl{a,z,y] of the
model in equation (8.6). This component was assumed to have been generated by repeated sam-
pling of random N(0, o) distributions. Now that the model for the stochastic component has
been specified, the Mexican hat contourlet transform can be used to remove its influence and
produce the estimate f [%(zl{ag,y)? %(zl{aﬁy)]. This is achieved by applying the Mexican hat
contourlet transform to Faw, applying a thresholding policy and then applying the inverse Mex-
ican at contourlet transform to obtain F. This thresholding policy needs to be developed before
F can be estimated.

Probability density function estimation methods that combine multi-scale transforms with
thresholding policies are not without precedent. Wavelet transform methods have been used by
Donoho (1993), Donoho et al (1996), Hall & Patil (1995a; 1995b; 1996) and Walter (1994)
among others to produce probability density function estimates. These models take advantage of
the energy compaction property of the wavelet transform in order to produce succinct represen-
tations of the probability density function estimates. The term ‘energy compaction’ refers to the
property of both wavelets and contourlets in which the transform of the data contains relatively
few large magnitude coefficients. By keeping only the largest magnitude coefficients, wavelet
methods have been able to produce succinct (in scale-location space) and accurate probability
density function estimates. The Mexican hat contourlet transform offers potentially superior per-
formance over the wavelet methods of bivariate probability density function estimation because
it combines the advantages of the wavelet transform with the advantages of the contourlet trans-
form. Incorporating sub-sampling and the Mexican hat wavelet function removes the inherent
redundancy in the multi-scale step of the contourlet transform (refer to Section 5.3.3). Whilst
retaining the directional component of the contourlet transform (in the Mexican hat contourlet
transform) ensures rapid (O(n~2) for n coefficients) convergence of the probability density func-
tion estimate formed by retaining the n largest coefficients f,, [é)%(zl]"a7$7y), %(zl{a,x,yﬂ to the ideal
representation of the probability density function estimate f [R(z/, , ), (2], ,)]- Thisis an or-
der of magnitude faster than the rates possible with the wavelet transform (refer to Sections 5.3.2
and 5.3.3, as well as page 221, Candés & Donoho 2003). Therefore it is likely that methods
based upon the Mexican hat contourlet transform can provide probability density function esti-

mates that are more succinct than those methods that are based upon the wavelet transform.
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Eslami & Radha (2003) and Varshney (2004) developed thresholding methodology for con-
tourlet transform coefficients. Their methods assumed that the stochastic component of the data
(the ‘noise’) could be modeled by a A/(0, 0%) distribution. In the context of probability density
function estimation, such models assume that every entry in the E grid of equation (8.10) is sam-
pled from the same N (0, o%) distribution. This is very different model from the heteroskedastic
noise model that was proposed in Section 8.2.6. The heteroskedastic noise model uses (in gen-
eral) a different A/(0, 02) distribution to determine the magnitude of each entry in the E grid.
Therefore, the methods of Eslami & Radha (2003) as well as Varshney (2004) are not readily
extended in order to develop a thresholding policy of Mexican hat contourlet transform coeffi-
cients. Nonetheless, a thresholding policy can be developed based upon the results of simulation
studies. These studies generated random matrices of data by sampling N'(0,02), 02 ~ U(0,1)
distributions and assigning the sampled value to the relevant entry for each matrix. The Mexi-
can hat contourlet transform was applied to these random matrices and parametric (generalised
extreme value) distributions were fit to the maximum absolute values of coefficient magnitude.
The specific motivations for such a model and the methodology of the thresholding policy will be
the subject of Section 8.2.8 of this chapter. Before examining the thresholding policy in detail,
we will examine the specific algorithm that can be used to perform non-parametric probability

density function estimation using the Mexican hat contourlet transform in Section 8.2.7.
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8.2.7 Practical Implementation of the Mexican Hat Contourlet Transform
Method for Non-parametric Probability Density Function Estima-
tion

In order to perform non-parametric probability density function estimation using the Mexican
hat contourlet transform a practical algorithm is required. The data which are now ingredients to
the non-parametric probability density function estimates are those complex coefficients which
are stored in the reduced, but still large array D* (refer to Section 7.4 on page 178 ). To develop
the classifying model for groups, D* is divided into g blocks corresponding to the tissue types
from which the images were made (it is three groups in the data that are analysed in this thesis).
The diagram of D* is reproduced in Figure 8.4, it is annotated to show the division into g blocks

in order to aid explanation.

Image Coefficients - .

1

2

3

J1 o211 ,41,a1,1,Y1 e<l3,j1,a2,T2,Y2
1

J2 <l ,j2,a1,T1,Y1 Zl2,j2,a2,T2,y2

>*k

g1

22

Figure 8.4: Schematic diagram to represent the array D*. The coefficients along a column are
extracted and sub-divided according to the group to which they belong, these coefficients then
serve as the basic data that is input into the non-parametric bivariate probability density function
algorithm that is described in this section.
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For each tissue type/group, we require adequate sample sizes say N, > 50 images from
which we will use the corresponding coefficients in D*. The strategy is now to calculate a
bivariate probability density function estimate over the samples in a group for each filter, scale
and location. That is, one at a time, calculate the density of each column of D* in Figure 8.4.
This estimate will be denoted f R(z1000), S(2Lamy)]-

(i) When we extract the target coefficients from Dy, they are collated into a matrix Z, adi
N

which has N, adj rows (i.e. the number of samples in the group) and two columns for
N

the real and imaginary parts. For instance the jth SAXS image belonging to the group

9 yadj corresponds to the pair of coefficient components [?R(zlfa’x’y), S(zﬂwy)] The com-

ponent entry R(z/, y) is assigned to the position Z, di (7,1) in the data matrix, whilst
e N

the component %(zl{a’x’y) is assigned to the position ZgNzl g (7,2) in the data matrix.

D* F(g1)
Image
i 1
2 2
3
J1 .
g1 zlﬁmwum
J2 Zl]lz,al,myl Wi, 7V

22 \

Ujy Ujy

Figure 8.5: Mapping the Z,, matrix to the raw F; matrix. Coefficients zl{ i zlf ?al’xhyl
belonging to the images in the group g; from the array D* are extracted and placed in the
matrix Z,,. The rows of this matrix correspond to the jyth (kK = 1,...,g7) image and the
columns correspond to the real %(Z,, ) and the imaginary 3(Z,, ) parts respectively. The entries
wj, = Rz 01,01,4:°"] and the imaginary S[z, 4, 2,.4,7%] Of the Z,, matrix are then mapped to the
raw F(g;) matrix with an increment of one being placed at the grid location that is relevant to
(4, , vj, ). Coefficients may have the same coordinates (u;, ,v;, ) and the the F;, matrix will then
register as a two at this particular location.
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In order to get the columns of ZgNa di into an amenable format for the Mexican hat con-
tourlet transform its is necessary to map the real and imaginary components of the coef-
ficients onto a two-way grid (magnitude real X magnitude imaginary coefficient) where
presence of the sample on the grid is marked by a ‘1’ at the location corresponding to real
and imaginary components of the coefficients and a ‘0’ otherwise. This mapping is repre-
sented schematically in Figure 8.5 and the grid is referred to as the raw FgNa di matrix. The

entries in the raw F matrix are all initially zero and are systematically modified with

~adj

ones for each sample in the Z,, matrix at the locations indicated by the %(zlja 2y) and

' ~adj

3(2{4.s,,) components of the coefficients.

The dimensions of the raw F, matrix are of size 2M1 rows and 22 columns. The pa-

rameters, M; and M, are posiltvii/({cJ integers that are selected to ensure sufficient resolution
of the probability density function estimate, f R(z10.0y), S(21,0,2,)]- In this thesis, these
parameters and hence the number of data entries in the grid was selected to ensure that
the range of possible coefficients values is covered. Denote R; as the range of the real
components of the coefficients and R, as the range of the imaginary components of the
coefficients irrespective of group. That is, Ry = | max [R(2,4,4,,)] — min [R(214,4,)] | and
Ry = |max [3(21,4,2,4)] — min [$(214,0)] |- Similarly calculate the sample standard devi-
ation (denoted s) of each of the components of the coefficients irrespective of group. That
is calculate, s1 = s[R(2;4,24)] and sy = s[F(2;,4,24)], for all of the coefficients (related to
the ¢th filter at the ath scale for the (z, y)-th location) from all of the SAXS images in the
data set. Then the parameters are given by M; = | Ry + s1] and My = | Ry + s2], where
the notation ‘| Ry + s; |’ represents the floor function that gives the largest integer less
than or equal to (R; + s1). Denote this grid as the ‘empty’ FgNa di matrix. When informa-
tion related to the magnitude of the real and imaginary components for the coefficients in
the data set is added, this matrix will serve as a ‘raw’ template from which a digital rep-
resentation of [ R(21.0.2y), S(2102,y)] can be obtained using the Mexican hat contourlet

transform.

Along each row of the data matrix Z, extract the entry belonging to the jth image.

yadj

Calculate the row index as I, = |Z, dj (7,1)] = [R(#ji,a2y)] and the column index as
N

I, = LZQNade = [S(%j4a,2y)]- Then in the FgNadj

column assign the magnitude one to indicate the location of the data entry. Repeat this

matrix at the I, th row and the I, th

process for all N, . entries in the data matrix Z, ..
~vadj ~vadj
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(v) The probability density function estimate f R(210.0y), S(21a,2,)] is calculated by the
weighted grid positions (where the weights are the incidences of coefficients in these posi-
tions) according to the Mexican hat contourlet transform. This probability density function
estimate [ [R(21.0.0.); $(21.0.0)] is provided by the F, i matrix which is also called the

N
F, adj grid.

N

(vi) The probability density function estimate f R(21,0.00), S(21,0,2,,)] might take on negative
values in those regions of the FgNa di grid that have few observations. These negative values
in the estimate are an artifact produced by the negative values in the ‘lobes’ surrounding
the central peak in the Mexican hat wavelet function that is used in the multi-scale step of
the Mexican hat contourlet transform. This is undesirable for diagnostic applications be-
cause it may produce negative probabilities of a sample belonging to a particular group if
it is used in unusually extreme observations. For instance, a sample may produce a SAXS
image that when analysed with the adaptive image transform has particular coefficients
that would strongly suggest the sample is from malignant tissue. It might be that the data
set that is used to estimate the probability density function (for a coefficient at fixed filter,
scale and location) of the malignant tissue group has very few observations at these ex-
treme values. To an outside observer it would appear that the sample would be associated
with a high probability of being malignant, yet because of the negative values of the prob-
ability density function at these extreme magnitudes could produce absurd results, such as
a probability estimate of negative value. To overcome this problem, we take the square

root of frequencies of the F adi grid to get the modified histogram +, /F, adj” We then
N N

estimate the transformed density function \/ 13 R(21,0.0), S(21,0,2,4)] using this modified
. . 2. . .
histogram. The inverse transform, [ /Fg adj ] is then performed to obtain a probability
N

density function estimate | (R(21,0,0), S(21,0,2,)] that has only zero or positive values.
Other more advanced methods could also be incorporated into this step by modification
of the multi-scale filter in the Mexican hat contourlet transform using similar methods to
those reported in Hall & Murison (1993), Penev & Dechevsky (1997) or Wand, Marron &
Ruppert (1991).

It must also be ensured that the probability density function estimate R(zawy), S(2azy)]

integrates to one. That is,

+oo +oo
| ] TR 3ot R0 8310 = 1
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Since the Mexican hat contourlet transform does not necessarily obey Parseval’s iden-
tity (the sum of the squares of the initial data is not the sum of the squares of the co-
efficient magnitudes), estimating the square root of the probability density function does
not guarantee that the probability density function estimate integrates to one as it would
with orthogonal wavelet methods (pages 229-230, Vidakovic 1999). A practical solution
to this problem was to use the Mexican hat contourlet transform to obtain the estimate

7 [(R(210,2y), S(21,0.2,y)] and then to use the relation

2]\11 2]%2

00 +oo .
[ ] TR S eans R 1) 83n) 30D Fy ()
—00 J—oo u=1 v=1
to set f[?%(zl,a,x,y), S(2,0,00)]dR(21,0.09) dS(21,0.04) ~ 1. This was achieved by calcu-
lating scaling the f‘g adj grid by using the entry in this grid with the largest magnitude
N

(denoted C' = max[f‘g . (u,v)], wel,....2M v e 1,...,2M2) to produce the re-
N

dj
scaled probability density function estimate F’; u,v) =F u,v)/C.

NadJ ( gNadj (

Apply the Mexican hat contourlet transform to the F'; . matrix using a total of J scales.
N

adj
The lowest scale, j = 1 corresponds to the ‘smooth’ band of coefficients C j, ,, Whilst
the detail bands at scales (2,...,.J) are directional filtered versions of the coefficients

produced by the analysis of the F, adj matrix with the Mexican hat wavelet.
N

For each coefficient d j«  ,, i, r, from the detail coefficient matrix D j«; , &, x, for

J* € 2,...,J, calculate the relevant scale-dependent threshold A;« ¢ C and apply the
relevant thresholding policy (which will be discussed in Section 8.2.8) to produce the at-
tenuated coefficient d J*.1x k1,ke - Repeating this process for all detail bands J* € (2,...,J)

produces a set of ‘smoothed’ coefficients S = {Cjk, ko, Dty kr ks - - - » D2,io ko ko |-

From the set of smoothed coefficients S, the inverse Mexican hat contourlet transform is
applied by reversing the order of filter operations (as compared to the order in the original
decomposition of the Mexican hat contourlet transform) and up-sampling by two at every

increase in scale to produce the smoothed digital probability density function estimate

+4/ f‘g adj’ This result is then squared to produce the estimate f‘g adj of the probability
N N

density function for the group ¢ vadi relevant for the ith filter, on the ath scale at location

(z,9).

The results are stored and the probability density function estimation process is repeated
for all of the g,, groups, the a,, scales, across all locations (z, y) and associated filters from
the library L.
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8.2.8 A Thresholding Policy for Mexican Hat Contourlet Transform

Coefficients

8.2.8.1 Overview

This section develops the methodology to both estimate a threshold and implement a thresholding
policy for coefficients of the Mexican hat contourlet transform. Recall the SAXS image analysis

methodology developed to date:
Chapter 6

(i) A data set of SAXS images of normal, benign and malignant breast tissue samples was

obtained.
Chapter 7

(i1) The adaptive image transform (equation 7.1) of each SAXS image was performed using the
filter functions in the library £ (Section 7.3) using the filter function selection algorithm
(Section 7.4).

Section 8.2.1

(ii1) Use each adaptive image transform coefficient zl{a@’y (that was retained in the super-array
of coefficients D* after application of the filter function selection algorithm) independently,
the posterior probability of the jth sample in the data set belonging to each group (normal,
benign or malignant) was required. This probability was specified in equation (8.2), which

required the estimation of p, , ( = z) the value of the probability density function of

J
Flary
the coefficients zlfavay that belong to the group with index g¢,,- at magnitude z € C.
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(iv)

)

(Vi)

(vii)

(viii)
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Section 8.2.2

A probability density function was required to describe the distribution of each coefficient
21 a2,y 1N the super-array D* for each group in the data set. This requirement imposed that a
large number of probability density functions be estimated and stored in computer memory
as a component of the breast cancer diagnosis model. The XOR probability density func-
tion estimation model was specified in equation (8.3) to reduce the storage requirements

for all of the probability density functions.
Section 8.2.3

The bivariate Gaussian probability density function was advocated where possible, to de-
scribe the probability density function of each coefficient 2;, ., given group. Where this

was not possible, non-parametric probability density functions were required.
Section 8.2.4

In order to produce succinct non-parametric estimates of the probability density functions

for the coefficients zlja +y given group, the Mexican hat contourlet transform was devised.
Section 8.2.5

To arrange the data provided by the adaptive image transform coefficients z;, ., into a
format amenable to the Mexican hat contourlet transform, two-dimensional histograms
fraw [R(zi02.4) S(21a2y)] Were created. These two-dimensional histograms were on a
grid indexed by the real R(z; 44, ) and imaginary (2, ,) components of the coefficients
Z1a.0,y Tespectively. The heights of the two-dimensional histogram corresponded to the
frequencies of the the real and imaginary components of the adaptive image transform

coefficient magnitudes.

The two-dimensional histograms of frequencies of real and imaginary components of adap-
tive image transform coefficients were modeled in equation (8.6) as being the sum of a
smooth f R(z1a.2.y), S(21,a2,y)] and stochastic €[R(210.2y), S(21,a,2y)] component. The
smooth component f [R(214.,); 3(21.0.04)] Was to be retained as the estimate of the prob-
ability density function f R(z1a0y), S(21a2y)] = Pg,«(21,0.0,) and the stochastic com-

ponent €[R(2;.4,2.4), S(21,0,0,)] discarded.
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(ix) Equations (8.8) and (8.9) explained how the two-dimensional histogram
fraw [R(210.2), S(21.0,2,)] could be represented and then modified by taking the Mexican

hat contourlet transform and altering the magnitude of the transform coefficients.
Section 8.2.6

(x) A discrete digital representation of the two-dimensional histogram was presented in equa-
tion (8.6). This representation modelled each entry in the E matrix (the discrete digi-
tal representation of €[R(2;4.24), S(21,0.0,4)]) as samples drawn from a stochastic process
N(0,02), 02 ~ U(0,1) in which the variance parameter o2 changes randomly with each

draw.
Section 8.2.7

(xi) Described how to implement the Mexican hat contourlet transform smoother in practice.
This smoother requires a thresholding (or weighting) policy as well as a threshold (or

weight) in order to modify the Mexican hat contourlet transform coefficient magnitude.

The objective of this section is to develop the methodology to both estimate a threshold and
to implement a thresholding policy on the coefficients of the Mexican hat transform of the dis-

crete two-dimensional histogram grid F'; .. Once these objectives have been achieved, it will

be possible to perform probability densitg afcgnction estimation using the Mexican hat contourlet
transform.

The next two subsections, Section 8.2.8.2-8.2.8.3, demonstrate through simulation how the
Mexican hat contourlet can be used to derive a probability density function with a succinct set of
coefficients.

Section 8.2.8.2 simulates noise to measure the magnitudes of Mexican hat contourlet trans-
form coefficients for pure noise whereas Section 8.2.8.3 calculates the magnitudes of Mexi-
can hat contourlet transform coefficients from simulated bivariate probability density functions.
Knowledge of the coefficient magnitudes of coefficients from: (a) bivariate probability density
functions and (b) noise provides a thresholding scheme that will select informative coefficients

to make the probability density function estimate.
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These experiments compare the coefficients of simulated random matrices (where the magni-
tude of each entry in the random matrix was drawn from a A'(0, 02), 02 ~ U(0, 1) distribution)
to the coefficients of the Mexican hat contourlet transform of bivariate probability density func-
tions. In other words, artificial bivariate data is produced to compare the magnitude of the Mex-
ican hat contourlet transform coefficients of smooth components F to stochastic components E
(refer to equation 8.10). The simulated random matrices are artificial data that represent specific
examples of the stochastic component grid E and the bivariate probability density functions are
specific examples of the smooth component grid F. The results of these simulation studies in-
dicate that distinct differences exist in the maximum absolute magnitude |d;, x, x,| for Mexican
hat contourlet transform coefficients that are associated with both types of data.

Section 8.2.8.4 exploits the observed differences between Mexican hat contourlet transform
coefficients produced by random data and those produced by bivariate probability density func-
tions to develop a coefficient thresholding policy.

The thresholding policy uses a generalised extreme value distribution to model the abso-
lute magnitude of the Mexican hat contourlet transform coefficients (Von Mises 1954). The
parameters of the generalised extreme value distribution p(z, i, 0, ) are estimated using the
absolute values |d;;, k, x,| of the Mexican hat contourlet transform coefficients of the simu-
lated random matrices. This parametric probability density function can be used to calculate

the probability (Prob(max | j‘l‘fflek2| < |dj}l‘]i_7s,§17k2|)) that the absolute value of a coefficient

|djll‘]i,5,§1 »,| from the Mexican hat contourlet transform of a two-dimensional histogram is less

than or equal to the absolute value of the largest magnitude coefficient max |d ]‘}]Ollff x,| from the
Mexican hat contourlet transform of a random matrix produced by heteroskedastic noise as spec-
ified by the stochastic model in Section 8.2.6. This probability is incorporated into a ‘weight’
W1k ky = Prob(max ]djfl‘ﬁiksfb] < \dj};j,?,gm |) that is calculated for every scale, direction and
location index of the Mexican hat contourlet transform. Each coefficient d;; r, r, has its own
unique weight. Furthermore, these weights can then be used for smoothing the two-dimensional
histogram grid F' (the discrete analog of f raw [%(zl{a’w), %(zl{a’m)]) by multiplying the coeffi-
cients dj ;. , x, produced by the Mexican hat contourlet transform of the grid F with the weights
Wj 1,k ko- This smoothing method is in fact a special type of thresholding policy that modifies
the coefficient magnitude d;; 1, r, according to a function (that is based on p(z, i1, 0, §) rather
than a thresholding policy such as that used by Do & Vertelli (2003)) that sets coefficients below

a certain fixed magnitude to zero.
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8.2.8.2 Observations on the Maximum Absolute Magnitude of Coefficients of the

Mexican Hat Contourlet Transform of Random Matrices

In order to identify signal from noise using the coefficients of the Mexican hat contourlet trans-
form, we need to understand how the coefficients respond to signals (or features) in the two-
dimensional histograms. The Mexican hat contourlet transform is designed to capture clusters
of data in the two-dimensional histograms. It achieves this by the use of scaling ¢ x, x,(z,y)
and detail p;;, x, k, (7, y) functions that examine the two-dimensional histograms over a range of
scales, directions and orientations. Large magnitude coefficients are produced when the scaling
or detail functions capture many non-zero entries in the two-dimensional histogram or when the
inner product between the scaling or detail functions and the two-dimensional histogram is large.

The two-dimensional histogram may exhibit non-zero entries that cluster close together (in
location and magnitude of the frequencies) or that are aligned in a particular direction. These re-
lationships between entries in the two-dimensional histogram will produce correlations between
the coefficients of its Mexican hat contourlet transform. As such the Mexican hat contourlet
transform coefficients of the two-dimensional histogram will have larger magnitude and stronger
correlations when the scaling ¢y x, x,(,y) and detail p;;; x, »,(2,y) functions closely match the
scale, orientation and location of the underlying structure in the two-dimensional histogram.

In contrast, random data such as that specified by the E grid and the heteroskedastic noise
model of Section 8.2.6 can not in general be expected to produce clusters of observations and
hence large magnitude coefficients or correlations. Numerical experiments on simulated ran-
dom data matrices (which are meant to emulate the E grid) are used to demonstrate that the

corresponding Mexican hat contourlet transform coefficients are of relatively low-magnitude.
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Matrices of random data (denoted N ;, ¢ = 1,...10000) were generated in order to perform
simulation studies. The dimensions of each of the Ny, matrices was 256 by 256 entries. The
magnitude each entry Ng,;(u,v) (v = 1,...,256,v = 1,...,256) was obtained by indepen-
dently sampling a N'(0,02), 0> ~ U(0,1) distribution and assigning the sampled value as the
magnitude of random data matrix Ny ;(u,v) at the location (u,v). The variance parameter o2
is re-sampled from a U(0, 1) distribution using the Mersenne Twister algorithm (Matsumoto &
Nishimura 1998) for each shift in the location index (u,v). As indicated by the index i, a total
of 10,000 such random matrices were generated and stored as the ‘simulated noise’ data set. An
example from this data set is displayed in Figure 8.6(a), note the lack of any readily identifiable

visual features in the matrix.

2.0 A

% T T T T
1 2 3 4 5
a) b) Level

Figure 8.6: Simulation studies using the heteroskedastic noise model and the Mexican hat con-
tourlet transform: (a) an example of simulated heteroskedastic noise (samples drawn from a
N (0, 0?) distibution where o; ; ~ U(0, 1), drawn randomly for each of the u = 1,...,256 and
v = 1,...,256 locations. The matrix is presented using a grey scale color map where darker
shades correspond to lower coefficient magnitudes and (b) boxplots of maxima of the absolute
values (Max(|d,|)) of Mexican contourlet transform coefficients of heteroskestic noise across all
direction bands for scales 7 = 1,...,5.
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The Mexican hat contourlet transform (Section 8.2.4) was applied to each of the ten thou-
sand Ng; matrices of random data. A total of J = 5 scales was used in the transform with
27,4 = 1,2,3,4,5 direction bands per scale. That is scale j = 1 has [; = 2! = 2 directions
bands whilst scale j = 5 has [5 = 2° = 32 direction bands. Therefore, this particular version
of the Mexican hat contourlet transform is designed to double the number of direction bands for
every increase in scale. At the finest scale, many (thirty two) different directions are analysed for
‘features’ in the matrices of random data.

The result of applying the Mexican hat contourlet transform (with the parameters J = 5, [; =
27 to each matrix N ; of random data is the set of coefficients {C;;, D11, D12,,...,Ds32:}
where the index 7 indicates which out of the ten thousand matrices that the transform was per-
formed on. After applying the Mexican hat contourlet transform (with parameters J = 5, [; = 5)
to all ten thousand random data matrices super-arrays of coefficients are produced.

These super-arrays are denoted {Cy, Dy 1, D1, ..., D532} and are formed by stacking each

of the ten thousand matrices {C1;, D11, D12,,...,Ds32,} on top of each other along a depth

dimension. Each of the super-arrays {C;,D;1,D,..., D532} has three dimensions, the first
corresponding to the row position (according to index k& = 1,..., K3), the second correspond-
ing to column position (according to index k; = 1, ..., K5) and the third corresponding to
image number (according to index ¢ = 1,...,10000). These super-arrays encode the analysis

of the Mexican hat contourlet transform for each matrix of random data, across each scale, di-
rection and location.

In order to enable further comparisons, the magnitudes of the entries in the super-arrays are
modified by taking the absolute value. Across the depth index 7 (corresponding to matrix num-
ber) for each of the modified super-arrays {C}, D7, D7,,..., D5 3,} the maximum value is
found and recorded at index (a, b) in a new matrix M. The row index a of matrix M has sixty
three values that refer to a particular scale-direction super-array. For instance, the index a = 1
corresponds to the C; super-array, whilst index @ = 63 corresponds to the D5 3o super-array.
The column index b of the matrix M has ten-thousand values and corresponds to the matrix of

random data from which the coefficients were originally sourced.
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Thus, the matrix M is of the form,

maX(Cil) max( 12) cee max(cf,mooo)
M — maX(Dh,l) maX<DT,1,2) . maX(Dimoooo) 8.11)
i maX(Dg,SQ,l) maX(Dg,sz,Q) e maX(Dg,:;z,mooo) ]

The data are further reduced for graphical and numerical summary using another matrix M*.
This matrix has five rows (which refer to scale 7) and ten thousand columns (that refer to the zth
matrix of random data). The entry in the jth row and ith column of the M* matrix is formed
by taking the maximum of all of the entries from the M matrix that are relevant to the detail
coefficients at jth scale of the Mexican hat contourlet transform for the ith matrix of random
data. For instance, M*(1,7) = max[M(2,4), M(3,4)] = max[max (D7, ;), max(Dj,;)]. Five
boxplots are plotted in Figure 8.6(b), each was found by extracting the values for a specific
row of the M* matrix for all ten thousand columns. These boxplots report on the distribution
of the maximum absolute value of the coefficients at the jth scale (across all directions) for
the Mexican hat contourlet transform of matrices of random data. Observe that the boxplots are
ordered according to increasing scale parameter j = 1, 2, 3,4, 5 and that in general the maximum
absolute value of coefficient magnitude tends to increase with scale. Furthermore, the boxplots
suggest that the absolute value of any coefficient in the Mexican hat contourlet transform of
matrices of random data whose entries were formed by sampling AV (0,02), 02 ~ U(0,1)
distributions is very unlikely to be above a magnitude of three. The ranges of these maximum
absolute coefficient magnitudes are reported in first column of Table 8.1 on page 228, they will
be compared to the ranges of the maximum absolute coefficient magnitudes from the Mexican
hat contourlet transforms of sampled bivariate probability density functions in Section 8.2.8.3.

The sampled bivariate probability density functions will be generated by creating a discrete
grid S of locations (s,¢) ¢ RY, s = 1,...,5,¢t = 1,...,T, calculating the values of a pre-
assigned probability density function (denoted f(x,y)) for each of the grid locations (z = s,y =
t). The result f(x = s,y = t) is assigned to entry S(s, ) in the discrete grid. This is repeated
foralls=1,...,5,t=1,...,T locations in the grid.



8.2. STATISTICAL MODELING 229

Comparison of the coefficients from the Mexican hat contourlet transform of random matri-
ces to the coefficients from the Mexican hat contourlet transform of matrices of sampled bivariate
probability density functions will be very informative and indicate substantial differences in the
magnitude of the coefficients corresponding to these two different types of data. These differ-
ences will motivate a method in Section 8.2.8.4 that smooths the two-dimensional histograms
of Section 8.2.5 using the Mexican hat contourlet transform by modifying the magnitude of the

Mexican hat contourlet transform coefficients.

max(|d;])

Scale | Random Density

[0.60, 1.68] | [0.50, 20.92]
[0.73,1.67] | [2.72,54.37]
[0.77,1.69] | [7.11,81.16]
[0.92,1.67] | [12.62,115.66]
[1.23,2.37] | [20.71,165.14]

DN AW =

Table 8.1: Maximum absolute magnitude |d;| of the Mexican hat contourlet transform coeffi-
cients (for J = 5 scales) across direction and location for both simulated random and sampled
bivariate probability density function data. Values reported to two decimal places.
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8.2.8.3 Observations on the Maximum Absolute Magnitude of the Coefficients from the

Mexican Contourlet Transform of Bivariate Density Functions

This section compares the range of the absolute values of the coefficients (across scales) of the
Mexican hat contourlet transform of simulated random data (Section 8.2.8.2) to the range of the
absolute values of the coefficients (across scales) of the Mexican hat contourlet transform of
matrices that were sampled from bivariate probability density functions. The results will demon-
strate that range of the Mexican hat contourlet transform coefficients of the simulated random
data and the range of the Mexican hat contourlet transform coefficients produced by the ma-
trices of bivariate probability density functions does not overlap at the higher (j = 2,...,5)
scales. From these results it will be hypothesised that the Mexican hat contourlet transform
coefficients of the simulated random data at scales (; = 2,...,5) is of a substantially lower
magnitude than the Mexican hat contourlet transform coefficients produced by the matrices of a
wide range of bivariate probability density functions. This hypothesis will assist in developing a
probability density function estimation method based upon the Mexican hat contourlet tranform
in Section 8.2.8.4. This probability density function estimation method weights the Mexican
hat contourlet transform coefficients of a two-dimensional histogram according to their proba-
bility of being produced by ‘noise’ (random data) which is in turn estimated using a separate
probability density function model of the absolute value of the Mexican hat contourlet transform
coefficients.

The focus of this section is on those probability density functions that do not resemble bivari-
ate Gaussian probability density functions. Such probability density functions are termed ‘non-
Gaussian’. Probability density functions that are non-Gaussian exhibit features such as multiple
local maxima or a mixture of different frequency components. The XOR estimation model of
Section 8.2.2 would (in most cases) indicate that a non-parametric representation (which is based
upon the Mexican hat contourlet transform) be used to describe those probability density func-
tions (of the adaptive image transform coefficients) which are non-Gaussian.

In order to compare the Mexican hat contourlet transform coefficients produced by random
data to those of Mexican hat contourlet transform coefficients produced from samples of known
probability density functions, we must first prepare a database of probability density function
standards to which the Mexican hat contourlet transform can be applied. The Marron and Wand
(1992) family of probability density functions was selected as the database of probability density

functions standards. The family of probability density functions created by Marron and Wand
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(1992) consists of fourteen different non-Gaussian probability density functions, as well as the
standard Gaussian probability density function. All of the non-Gaussian functions in the Marron
and Wand (1992) family of probability density functions are constructed as a linear combination
of Gaussian probability density functions. Marron and Wand (1992) demonstrated that a wide
range of probability density functions could be represented as a linear combination of such Gaus-
sian probability density functions.

The probability density functions that were specified in table 1, page 720 of Marron and
Wand (1992) were one-dimensional. We extended these probability density functions to two-
dimensions to allow the Mexican hat contourlet transform to applied to them.

The specific probability density functions included in the database of probability density

functions standards were:

(i) Standard Bivariate Gaussian: p;(x,y) = N(0,0,1,1,0).
In other words a bivariate Gaussian probability density function with p, = 0, p, = 0,
o2 =1, JZ =1, pzy = 0 were p, , is the correlation coefficient of the probability density

function.

(i1) Skewed Unimodal:
pa(z,y) = $N(0,0,1,1,0) + N (5,3, (3)% (3)%,0) + 2N (535, 13, (5)% (3)%,0).

(iii) Strongly Skewed:
pa(r,y) = S IN(3((Z) = 1),3((:
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(iv) Kurtotic Unimodal:
pa(z,y) = 2N(0,0,1,1,0) + N (0,0, (15)% (75)%, 0).

(v) Outlier:
ps(,y) = 35N(0,0,1,1,0) + FN (0,0, (1), (55)*, 0)-

(vi) Bimodal:
pﬁ(xv y) = %N<_17 _17 (%)27 (%)27 O) +3
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(vil) Separated Bimodal:
p7($7 y) = %N(_%a _%a (%)27 (%)27 0) + %N(%a %7 (%)27 (%)27 O)

(viii) Skewed Bimodal:
pg(l‘, y) - %N<07 07 17 17 0) + %N(%7 %7 (%)27 (%)27 0)



232 CHAPTER 8. CLASSIFICATION MODEL

(ix) Trimodal:

pQ(x7y> = %N(_g7 _gv (%)27 (%)2’0>+% (gﬁ g7 (%)2 (%)’2 70)+10N(0 0 (AlL) ’(411)2’ 0)
(x) Claw:

plO(xay) = %N(07 07 ]-a ]-7 0) + Z?:O %N(% - 17 % - 17 (%)27 (%)27 O)

(xi) Double Claw:
pu(z,y) = 7N (=1, ~1, (3)%
+ 2o N (5 5 (),
(xi1) Asymmetric Claw:
pia(e,y) = $N(0,0,1,1,0) + S0, (50N (L + 5.1+ 5. (35)% (35)%,0):

(xiii) Asymmetric Double Claw:
pis(e,y) = i N (21=1,21-1, 3)% (31 0+ X0, sV (=5, =4, (385)% (55)%.0)
+ 5N (G b (10) (585)%, 0).

(xiv) Smooth Comb:

5—1 65—96(1)1 [65—96(L1)! 32\2 (3242
p14(.f€,y) Zl 0(2 ) ([ 21(2)]7[ 21(2)]7(6231) 9 62321) 70)

(xv) Discrete Comb:

pis(a,y) = Sp_g ZN(U2R (210) ((2y2 (2y2 ) 4 S0 LAS(R 2 (L2 (L)2 g,

(adapted from table 1, page 720, Marron & Wand 1992).

Discrete representations of each of the above fifteen probability density functions were ob-

tained by creating a discrete grid of x = (1,...,N,) and y = (1,...,N,) values. At each
location (z*, y*) in this grid the value of p,(x*, y*) of the rth out of the r = 1, ..., 15) probabil-
ity density functions in the modified Marron & Wand (1992) database was calculated. The result
was a set of fifteen matrices P, (r = 1,...,15) that provided a discrete matrix representation
of the probability density functions in the modified Marron and Wand (1992) database that were
amenable to input into the Mexican hat contourlet transform. Examples of the separated bimodal
P and the trimodal Py probability density functions are displayed in Figures 8.7(a) and (b) re-
spectively. Note that the bivariate Gaussian probability density function p;(x,y) was included
in the study in order to simulate a situation in which the XOR estimation model erroneously

specifies a non-parametric model be fit to a bivariate Gaussian probability density function.
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Figure 8.7: Examples of functions in the Marron & Wand (1992) database:
(a) the separated bimodal and (b) trimodal probability density functions.

The Mexican hat contourlet transform was applied to each of the fifteen P, matrices that
represent the probability density functions in the modified Marron & Wand (1992) database.
The maximum of the absolute values of the coefficients for each scale j ¢ J across all direc-
tions of each Mexican hat contourlet transform was recorded. The result is a vector m, =
[max(|C|;, r,max |D|, ,...,max|D|; )| for the coefficients corresponding to Mexican hat con-
tourlet transform of the P,.th matrix. These vectors are themselves stored in another matrix M,

which is defined as,

max(|Cy;|) max(|Dyy|) ... max(|Dyj.l)
max(|C max(|D ... max(|D
s, | (G max(Diah o max(Dal) | .
| maX(]Cng)]) maX(]Dng)\) . maX(‘D]Jg)D |

The entries of the M, matrix are reported in Table 8.2 but with specific reference to each prob-
ability density function in the modified Marron & Wand (1992) database. From inspection of
Table 8.2 it is evident that the maximum absolute values of coefficient magnitudes vary greatly
both between scales for the same density and across a scale between densities. Of central impor-
tance is that in general, the maximum absolute magnitude of the Mexican hat contourlet trans-
form of the probability density function data appears to be of larger than the maximum absolute
magnitude of the Mexican hat contourlet transform of random noise. The second column of Ta-
ble 8.1 provides the range of these values for each scale in the Mexican hat contourlet transform.
Observe that in general the maximum absolute magnitude of Mexican hat contourlet transform

coefficients for probability density functions is much greater than the corresponding maximum
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Pdf Scalel Scale2 Scale3 Scaled Scale 5

pi(z,y) 050 285 910  20.64 41.01
po(z,y) 102 574 1742 36.03 60.66
ps(z,y) 094 420 956 1732 29.00
pa(z,y) 2092 5437 8116 11566  165.14
ps(z,y) 2064 5274 7609 10396 14221
ps(z,y) 057 321 997 2150 41.40
pr(z,y) 102 566 17.00 3437 64.08
ps(z,y) 106 591 17.60  35.37 58.75
po(z,y) 088 434 1084 2245 42.49
po(z,y) 643 1887 28.09  50.69 68.34
pu(z,y) 840 1297 2838  59.87  112.92
po(z,y) 807 1411 3316 6320  106.44
pis(z,y)  9.65 1521 2913  59.81  112.64
pu(z,y) 058 285 859 1747 29.13
pis(z,y) 058 272 711 12.62 20.71

Table 8.2: Maximum of the absolute values of coefficient magnitude for the Mexican hat con-
tourlet transform of each probability density function in the modified Marron & Wand (1992)
database.

absolute magnitude of Mexican hat contourlet transform coefficients for random noise. Further-
more the ranges of the maximum absolute magnitude of the coefficients for the noise and density
data does not overlap for scales j = 2 to 5. These results suggest substantial differences be-
tween the magnitudes of coefficients of the Mexican hat contourlet transform of random data
and the magnitudes of coefficients of the Mexican hat contourlet transform of probability density
functions. A Mexican hat coefficient weighting or thresholding strategy will be formulated in

Section 8.2.8.4 based upon these observed differences.
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8.2.8.4 A Thresholding Policy for Mexican Hat Contourlet Transform Coefficients based

on the Generalised Extreme Value Distribution

A thresholding policy for the coefficients of the Mexican hat contourlet transform of the two-

dimensional histogram, denoted by the set {d}lllftkl k, 1+ 18 performed by coefficient weighting.
The weights are derived by comparing the magnitude of |d ]h}ftkl k.| With a distribution of coeffi-

cients obtained from noise, |d'5¢ , |.
]71] 7k1 7k2
Where a coefficient |d hl_St 1s unlikely to have arisen from noise, it is given a large weight
j7l] 7k1 1k2

and vice-versa. The distribution derived from the coefficients [d"}7 . | was taken to be a gener-

alised extreme value distribution P(|d Jh}ftkl kol 11> 0, §) for reasons explained below.

The weight w;; x, &, for each coefficient \d}ll‘]stklkz\ is the probability that a value less than

|djhlljsﬁ,€1 »,| could arise by a noise process. An example of the weighting function that is used to

calculate such weights is displayed in Figure 8.8.

T T T T T

T
0 20 40 60 80 100
st

Figure 8.8: An example of a coefficient weighting function based upon the generalised extreme
value distribution P(]dj,l%kl,@]hm, 20,0.01,3). Note how the lower part of the function (for
|d|Pist < 20 resembles a step function, whilst the upper part |d| St > 20 resembles a smooth
curve. This coefficient weighting function can be considered a combination of a ‘hard’ (set all
coefficients below a certain magnitude to zero) and a ‘soft’ (down-weight smaller coefficient
magnitudes) thresholding functions.
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The weighted coefficients are then,

% _ 3 .
A1k ey = Widykike X s ey ks (8.13)

The weights allocated to the coefficients |d ]hllftkl 4| are derived from a probability distribu-
tion function of the noise which is determined by simulation. Where ]d]hll:tkl »,| are coefficients
arising from informative features, they are larger than those which emanate from noise and so
coefficients will occur in the extreme right tail of the distribution function. If a distribution func-
tion was estimated using all of the coefficients pertaining to noise then the tail of the distribution
function will be sparsely modelled because large coefficients arising from noise will be extremely
rare.

An alternative method for determining the weights w;. 1, x, needs to be found. We con-
sider that a more suitable probability density function from which to calculate the weights is

~

P(max ]d]nl?‘,jf k,|)- This is generated with bootstrap methodology by simulating {‘d]nl?li:?kg‘}
many times and saving the maximum of each simulation (Efron & Tibshirani 1993). These max-
ima are summarised as a generalised extreme value distribution.

Fisher & Tippett (1928), Gnedenko (1943) and Gumbel (1958) provided the key statistical
foundations of extreme value theory. Extreme value theory concerns the asymptotic behaviour of
the distribution of the maximum values of sequences as the number of entries in each sequence
approaches infinity. The theory of extreme values can be applied in two-dimensional histogram
smoothing to find, Probs(| max d;‘?l(;i,z?, kel < |d]hllJStk kD
Von Mises (1954) and Jenkinson (1955) described the generalised extreme value probability

distribution function P(z, u, 0, €). This probability distribution function is defined as,

P(z,1,0,8) = exp { — [1 + (—F) x ¢ 7%} (8.14)

g

for a random variable z ¢ R, a location parameter 1 € R, scale parameter o ¢ R*, shape parameter
¢ € R but with the constraint [z : 1 + £(z — p)/o > 0] (equation 1.4, page 4, Kotz & Nadarajah
2000).
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The simulations that are used to find the maximum of the Mexican hat contourlet transform

of noise proceeds in the following manner:
1) A total of n random matrices (n > 100) are generated using the methods of Section 8.2.8.2.
i1) Each random matrix is analysed using the Mexican hat contourlet transform.

iii) The maximum absolute coefficient magnitude for each scale j and direction /; in the coef-

ficient matrix D, is found.

iv) These maximum values are recorded in a vector m;;, in which the ith out of the n entries
encodes the maximum absolute coefficient magnitude for the matrix D, of the Mexican

hat contourlet transform of the 7th matrix of random data.

v) The maximum absolute values of all the coefficients at each scale 7 = 1,...,.J for each

of the n transforms is then recorded. That is, for scale j we create the vector

1;_), . [max(maxDYfl), . ,maxD(”) ).

m; = [max(max Dﬁ, ...,max Di 1,29
(8.15)

)

The problem for estimating P(max |d Jnl?l,if 1, |) is about the same as that for estimating P(|d ]“lg”,if kol)-

There are insufficient numbers of maximum values of coefficients, max |d 737 ;.
comparable magnitude to many of the coefficients |dj}}§_sfﬁ »,| that will be encountered in the

smoothing of two-dimensional histograms. This problem will still occur even when the number

|, that are of

of coefficients in the sequence from which max |d °%¢

ity ke | 18 found is very large (n — 00), as

very large magnitudes of |d 1015

oS »,| are rare and extreme events.
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The generalised extreme value probability distribution function P(z, i, o, £) however, can be
used to describe the probability that the maximum value in a large sequence of coefficients will
not be greater than a certain fixed value. It can be used to overcome the probability distribution
function estimation problem and be used to find the coefficient weights as,

Prob (| max gnl(;lz?kg‘ < ‘dghll]Stkle‘ ~ ﬁ(z = |djhl1JStk1k2|7 i1, 5,8).

A generalised extreme value distribution function is fit for every scale of the Mexican hat
contourlet transform to produce a family of coefficient weighting functions
[ﬁ(z, fi1, 01, fl), ﬁ(z, [lo, 02, é), . ]3(2', fiy,07, é])] In each instance, the parameters (1, 0, ;)
forj =1,...,J of each generalised extreme value probability distribution function P(z, u;, 0;,&;)
were estimated using algorithm AS 215 (Hosking 1985). This algorithm uses iterative methods
(a modified version of Newton-Raphson iteration) to produce maximum likelihood estimates
(ji;, 65, €;) of the parameters (y;, ;, ;) in conjunction with a data set (in this case the m; vec-
tor) which is assumed to consist of samples all drawn from the same generalised extreme value
distribution function P(z, y1;,0;,&;).

The estimates [Jg(z, fi1, 01, él), ﬁ(z, fi2, 09, &, . . ., ]3(2, fiy,07, fj))] encode the information
needed to obtain the weights w; ., , k, that are used to obtain the modified Mexican hat contourlet
transform coefficients d ljf}jls’tb, which in turn allows estimation of the smooth probability density

function, F .
7 vadj
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Modification of the coefficients of the Mexican hat contourlet transform of the two dimen-

sional histogram F, adj is achieved as follows:
N

i) Obtain the absolute values of the reference coefficients d }lzijSt/cl x, Of the Mexican hat con-

tourlet transform of the two-dimensional histogram, F, odi that is of interest. In other
N

dj
hist | )

words calculate, |d;°} .

ii) For the reference coefficient st of the Mexican hat contourlet transform of the two-

Jilj K1,k

calculate Prob(max |[d0i5¢ | < |d]hl1JStklk2|) using the

dimensional histogram F, ikksl S

yadj’
generalised extreme value probability distribution function estimate P(z, ji;,6;,&;) that

has the same scale parameter index (j), as the reference coefficient d ]h;]_Stkl ko

.ee . . hist xhist noise hist

i) Modify the coefficient d;}7 . tobe d;; '} = Prob(max [d50 | < |dj% r,l) ¥
hist
3,0 ,k1,k2"

iv) Do steps (1)-(ii1) for all coefficients djl.]lijStkl

the two-dimensional histogram F adj’ to obtain the set of modified coefficient matrices
N

k, 10 the Mexican hat contourlet transform of

( il? T,Qa"w 32])-

The smooth probability density function estimate nga i (of the real and imaginary components
of the adaptive image transform coefficients for fixed filter, scale, location and group), is then
obtained by applying the inverse Mexican hat contourlet transform to the set of modified co-
efficient matrices (Cmooth, Di ;. Di,,D3,,....D%,,) where the approximation coefficients
Csmooth gre the same as those of C, Mt in the Mexican hat contourlet transform of the two-
i In this manner, smooth probability density function estimates,
f‘gl, f‘gz7 - ,f‘gn (in this case F

Mexican hat contourlet transform.

dimensional histogram, F, .
N

gnorm> ¥ g ben’ ﬁgmal) are obtained for all groups using the

The smooth probability density function estimation process is repeated many times to obtain
probability density estimates for each group corresponding to each filter, scale and location of the
adaptive image transform coefficients that were retained by the filter function selection algorithm

in Section 7.4.
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8.2.9 Producing Probability Arrays for each SAXS Image

The methodology of Sections 8.2.1 to 8.2.8.4 can be combined into a cohesive framework to esti-
mate the posterior probability of the tissue sample belonging to the normal, benign or malignant
groups using the information provided by each adaptive image transform coefficient (at fixed
filter, scale and location) independently. The probability density functions, pg . m (10,2,
Pypen (Zaay)s Pg o (ZLa,ey) TOr the normal, benign and malignant groups were estimated using
the adaptive image transform coefficients z;, ., at fixed filter (), scale (a) and location (z,y)
indices for the SAXS images of a training data set. These probability density functions were
estimated either parametrically (using a bivariate Gaussian distribution with maximum likeli-
hood estimators) or non-parametrically (using the Mexican hat contourlet transform of the two-
dimensional histogram smoother) based upon the outcome of separate Shapiro-Wilk tests on the
real R(2;,4,,,) and the imaginary 3(2;,.4,) of the adaptive image transform coefficients of sam-
ples within each group. Probability density function estimates were obtained for the three groups
for each filter, scale and location index of the adaptive image transform. The probability density
functions of those filter, scale and location indices that were retained post the filter function se-
lection algorithm (Section 7.4) were stored in computer memory as a component of the SAXS
image diagnostic model.

Probability estimates (Perbn(zlfa’x’y), Pr})bb(zl{m’y), Perbm(zl{a’Iyy)) were then obtained for
fixed coefficient indices (I, a, z,y) for the jth (j = 1,..., Ny,) SAXS image in the validation
data set by using the probability density function estimates, Pgorm (21a,2.) ﬁgben (ZLazy),
ﬁgmal(zl7a,x7y) in Bayes” rule of equation (8.2). This process is repeated, one at a time, for all
coefficient indices (I, a, x,y) of the adaptive image transform (post filter function selection) of
the SAXS image.

The probability estimates (Pr})bn(zl‘fw’y), Perbb(zl];M’y), Prob,,, )) are stored in three

0z,

arrays Pjnorm, P pen and P; ) that has the same dimensions as the adai)tive image transform
coefficient array D* (post application of the filter function selection algorithm). Thus the entry
inthe ([, a,z,y) = (1, 3,4,5) in the Py norm array corresponds to the probability Pr})bn(z11273’4,5)
for the normal group of the second SAXS image in the validation data set given the first filter,
third scale and the location (x,y) = (4, 5). The above process is repeated for all j = 1, ..., Nyy
SAXS images in the validation data set with three probability arrays P; norm, P pen and P na)

being created for each SAXS image.
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8.2.10 Summary of Probability Density Function Estimation Using the

Mexican Hat Contourlet Transform

The objective of this section was to estimate the posterior probability that a particular tissue
sample belongs to a certain group (either normal, benign or malignant) based upon the magni-
tude of only one adaptive image transform coefficient zl{a,m with fixed filter, scale and location
(I,a,x,y) indices. These posterior probabilities are estimated for all coefficients of the adaptive
image transform for all groups in an independent manner. The end result is three (one each for
the normal, benign and malignant groups) arrays of posterior probability estimates that have the
same dimension as the coefficient array of the adaptive image transform of the SAXS image un-
der investigation, post the filter function selection algorithm of Section 7.4.

Recapping, the methodology of this section was centered around the application of Bayes”
rule in equation (8.2). Implementation of Bayes” rule required the estimation of three proba-
bility density functions, pg,orm (Z1a,2.) Pgpen (ZLazy), Py nal (21,4,2,) for the normal, benign and
malignant tissue groups for the magnitude of the coefficients z; , , ,, of the adaptive image trans-
form at fixed indices (I, a, x, y). The result is that a potentially very large number of probability
density functions need to be both estimated and stored. In order to reduce the computational and
storage requirements of the model, bivariate Gaussian probability density functions were used
to model the distribution of coefficient magnitude at those coefficient filter, scale and location
indices for which the amorphous scatter feature of the SAXS image was captured. The proba-
bility density functions that describe the magnitude of the coefficient at the remaining indices of
the adaptive image transform (post filter-function selection) were estimated non-parametrically
using the Mexican hat contourlet transform. A raw two-dimensional histogram was constructed
using a grid based upon the magnitudes of the real and imaginary components of the adaptive
image transform coefficients in the training SAXS image data set at fixed group, filter, scale
and location. The coefficients of the Mexican hat contourlet transform of this two-dimensional
histogram were then modified by multiplying their magnitude with the probability that their ab-
solute magnitude was less than or equal to the absolute magnitude of the coefficients of the
Mexican hat contourlet transform of random heteroskedastic noise matrices. These probabilities
were determined at each of the J scales of the Mexican hat contourlet transforms using a gener-
alised extreme value distribution fit using the absolute magnitude of coefficients of the Mexican
hat contourlet transform of simulated random heteroskedastic noise matrices. Once the coeffi-

cients of the Mexican hat contourlet transform of the two-dimensional histogram were modified,
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they served as non-parametric estimates j)gNa i (Z1,0,2,4) Of the probability density function of the
group g adj (either normal, benign or malignant) at filter, scale and location index (I, a, z,y).
This process was repeated for all groups and for all filter, scales and location indices of the adap-
tive image transform for which a bivariate Gaussian probability density function did not suffice.
The select probability density function estimates (for all groups and all filter, scale and loca-
tion indices that remained post filter function selection) were stored in computer memory. The
posterior probability of each group could then be estimated for each coefficient in the adaptive
image transform (post filter function selection) of each SAXS image in the validation data set
using the relevant stored probability density function estimates in conjunction with Bayes™ rule.
For each SAXS image, these posterior probability estimates are stored in arrays P; norm; P pen
and P; ) that are the same size as the original adaptive image transform (post filter function
selection) coefficient arrays.

Posterior probability estimates can be obtained for each group at each filter, scale and loca-
tion index of the coefficients of the adaptive image transform of a SAXS image. This potentially
large number of probability estimates allows the extraction of the slightest piece of evidence that
the tissue sample under investigation is malignant. Furthermore, it is possible to identify the
scale and location of the intensity magnitude feature in the original SAXS image that indicates
malignancy. The results of such an analysis might assist in furthering the scientific understanding
of how the structure of collagen is altered in malignant breast tissue conditions.

If the SAXS imaging technology is eventually deployed in a histopathology laboratory, then
the posterior probability arrays output by the methodology of this section can be inspected by a
pathologist using a graphical user-interface to assist with the assessment of the tissue. Despite
the wealth of information that can be gleaned by inspecting the posterior probability arrays for
each image, there might be a desire by the pathologist to have a simplified overall probability that
the tissue is normal, benign or malignant. An overall probability summary may also be useful in
semi-automated screening applications of the SAXS imaging device. A tissue sample could be
imaged using the SAXS camera and analysed using software based upon the methodology of this
section. Tissue samples could be prioritised for inspection by a pathologist and the SAXS imag-
ing system could therefore potentially reduce the time until diagnosis of the most urgent cases.
The methodology that is used to estimate this overall probability of the sample being normal,

benign or malignant breast is the subject of the next section.
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8.3 Overall Probability Estimates Using Coefficient Informa-

tion Across Scales

8.3.1 Overview

The objective of this section is to estimate the overall probability of a SAXS image being pro-
duced by either normal, benign or malignant breast tissue using the posterior probability arrays
produced in Section 8.2. This section is divided into six components. This sub-section, Sec-
tion 8.3.1 begins with a broad overview of the methodology that is developed.

Section 8.3.2 reviews the structure of the arrays Pnorm, P;pen and P, (for all j =
1,..., Nya SAXS images in the validation data set) which are separately averaged to produce
the naive triplet of probabilities [Prob; norm, PrAObj,bem bebj,mal]-

Section 8.3.3 describes how all /Vy,; naive probabilities for each of the three groups is used to
construct the raw histograms [hn (Probnorm ), 24 (Probpep ), A (Proby,; )] and Section 8.3.4 details
how to smooth these histograms using a Walsh wavelet packet smoother in order to estimate the
probability density functions [p(Probporm ), H(Probpep ), p(Probumar ).

Section 8.3.5 discusses how these probability density function estimates [j(Proby,), p(Proby,),
ﬁ(Prbbm)] are refined using an adjustment SAXS image data set. Finally, Section 8.3.6 provides
an overall summary of the methodology.

Recall that parametric or non-parametric probability density functions pgom (21.a.0.5)
Pypen (Faay)s P o (PLaey) Were estimated in Section 8.2 using a training data set, which were
), Proby (2.,

Perbm(zlJ,'m’y)] of group membership for each adaptive image transform coefficient z; , , ,, for all

. v . . crel- ~ j

then used in Bayes” rule to estimate the posterior probabilities [Probn(zlya%y
the samples in a validation data set. These probabilities were then stored in probability arrays
Pjnorm, Pjpen and P, 5. It is desirable to reduce these vast arrays of posterior probabilities
P norm; P pen and P p, into a simple overall probability [Prob; norm, Prob; pen, Prob; nq] for

the group (or tissue type) which had been determined a priori.
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Several approaches to produce these overall probability estimates are possible. One could
consider each array as a sampled function and apply the techniques of functional data analysis.
Unfortunately, models of functional data of such high-dimension at present do not exist or at best
in their early stages of development. A hierarchical or similar regression model could also be

developed, but at least two challenges are encountered:

(i) a model to describe the general structure of the ragged arrays P norm, P pen and P a1

must be found.

(i1) a vast number of regression parameters might need to be estimated with limited data. Even
if a model could be specified, it might be very difficult to compute the parameters of the

model and obtain sufficient samples in practice to estimate them with sufficient accuracy.

A third approach which was adopted in this thesis is to obtain naive probability estimates by
averaging of the probability arrays P;norm, P;pen and P; 5 and then to calibrate these naive
probabilities using samples with known group labels from an independent data set. On first in-
spection, the naive probability estimates seemed too simplistic to be useful but it was found in
practice that they could be used to develop more refined probability estimates. The key idea was
to develop a transformation function that maps these naive probability estimates to their “cor-
rect” values which take into account the inherent correlations in the data. This straightforward
approach may well be used as a baseline in the future to compare the accuracy of more sophisti-
cated models.

The technique is to produce probability density function estimates of the naive posterior
probabilities of tissue group (calculated for each SAXS image in the validation data set). These
probability density function estimates are to be optimal in classifying, by Bayes” rule, the groups
of another independent data set called the adjustment data set. When satisfied with these proba-
bility density function estimates, they are then used to classify test data. The probability density
function estimates are calculated using the Walsh wavelet packet which is specifically designed
for data on the [0, 1] domain.

For each SAXS image a naive probability is calculated as the simple average of all the indi-
vidual posterior probabilities from each filter, scale and location. We appreciate that this trans-
gresses fundamental statistical principles (e.g. they are not mutually exclusive) but these simple
averages will be ingredients in the initial probability density function estimates for the posterior

probability of group membership.
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PrAObj7n0rm = % Z Z Z Z P; norm l,a,z,y],

leLaeAzeXyeY

PI'AObjben = l Z Z Z Z Pj,ben[la a, T, y]v
A

leLaeAxzeX yeY
- 1
Prob;ma = — 222 2 Pimalla,z.y
leLacAzrxeX yeY

(8.16)

where L denotes the set of filter function indices, A denotes the set of scale indices, X the set
of x-coordinates, Y the set of y-coordinates and Z = [n(L) x n(A) x n(X) x n(Y)] is the
total number of coefficient entries or equivalently the product of the cardinality (denoted n(-))
of the sets L, A, X, and Y that were retained in the adaptive image transform post application of
the filter function selection algorithm in Section (7.4).

This naive triplet [Perbj,norm, Perbj’ben, Perbjmal] of overall posterior probabilities of each
group foreachofthe j = 1,..., Ny, images is adjusted to improve classification performance by
calculating yet another set of three univariate probability density functions [p(Proby ), p(Proby,),
p(Prbbm)] that encode the distribution of the naive overall posterior probability estimates for each
group. Each of the three univariate probability density functions [p(Proby ), p(Proby,), p(Probyy,)]
is estimated using a Walsh wavelet packet smoother.

The Walsh wavelet packet smoother is discussed in Sections 8.3.4 and 8.3.5. It is specifically
designed to estimate probability density functions from one-dimensional histogram data that is
defined only on the domain [0, 1]. Each of the three univariate probability density functions
[p(Proby ), p(Proby, ), p(Proby )] is estimated by applying the Walsh wavelet packet smoother to

three separate one-dimensional histograms.
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These one-dimensional histograms are created by considering the naive probabilities for each
group separately. For instance, for the j* = 1,..., Ny, images in the validation set we create
the univariate histogram hn(Prbbn) by considering only the naive probabilities Perbj*,n. The
univariate histogram h,, (Proby ) is created by assigning the number of times that Prbbj*7 n occurs
in the validation data set to the position Prob, = Prob;+ . A similar process is used to create the
hy(Proby,) and i, (Proby ) histograms.

The domain of the histograms [h (Proby ), i, (Proby,), Ay, (Proby )] is the interval ([0, 1]) which
is then partitioned into 2™ sub-intervals (for instance when M = 6, 64 sub-intervals are created).
A value of zero is initially assigned to each of these sub-intervals. A value of one is then added
for each observation (either Proby, Prbbb or Probyy,) that falls within a particular sub-interval. The
Walsh wavelet packet transform was then applied to each of these pre-processed raw histograms.

Section 8.3.5 describes how the Walsh wavelet packet transform coefficients are ordered in
terms of decreasing energy (squares of coefficients) and how only a proportion (say 25%) of
the largest energy coefficients and the rest set to zero. The section goes on the explain how
back-transformation yields smooth probability density function estimates and how to select the
proportion of coefficients to retain (in each group) in order to achieve the most accurate classifi-
cation on an independent adjustment SAXS image data set.

Once the probability density functions [p(Proby, ), p(Proby,), p(Proby )] have been estimated,
they can be used in conjunction with Bayes” rule (equation 8.2) to estimate the overall probability

of group membership using the naive probabilities [Perbj’norm, Perbj,ben, Perijmal].
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8.3.2 Creating the Naive Probability Matrix

The validation data set is used to create the probability arrays Pnorm,j, Ppen ; and P gy ; where
each entry Pnorm,j(l,a,2,y), Ppen ;(l,a,7,y) and Py ;(l,a,z,y) corresponds to the proba-
bility estimates Pr})bnorm(zl{a’x’y), Pr})bben(zl{a%y), and Pr})bmal(zl{a’m) of the normal, benign

and malignant tissue groups respectively. Each array Pnorm,j, Ppen j; Pmal ; €ncodes the proba-

7]’
bility estimates for each three groups for all filters, scales and locations that were retained in the
adaptive image transform post filter function selection. Three such arrays are produced for each
SAXS image in the validation data set, the end result is a potentially large data set of arrays of

probability estimates. This probability data set has the form,

Pnorm,l Pben,1 Pmal,l

Pnorm,z Pben,2 Pmal,2
Py = : ) : , (8.17)

Pnorm,N

val Pmal,NV

Pben,NV

al al |

There is a need to reduce the size of the P, array and provide an overall probability estimate
for each of the three groups given the jth SAXS image. Recall that equation (8.16) specified how
to obtain the naive probability estimates [Perbj,norm, PrAObj,benu PYAObjmal] by simple averaging.

The naive probabilities are stored in a Ny, rows by three columns matrix, NP\, of the form,

Pr0b1 ,norm PI‘Obl 7ben Pr0b1 ,mal

Prob Prob Prob
NP, = Q:,HOHH . .2,ben :2,mal ' (8.18)

i PrOvaal ,norm PI‘Ovaal ,ben PI‘Ovaa] ’mal |

The entries (naive probability estimates) inside the NP,; matrix will be used to estimate another
set of probability density functions that are capable of an overall classification of group on future

test data.
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8.3.3 Creating the Raw Histograms

The NP, matrix is used to construct three raw histograms A (Probnorm ), A, (Probpey ) and
hm(Prbbmal). These raw histograms will be smoothed to produce the probability density func-
tions estimates p(Probnorm), H(Probpey) and p(Probyy;). The raw histogram Ap(Probporm) is
constructed using all of the Prob, norm (j = 1,..., Nyy) entries along the first column of the
NP, matrix. Similarly, the raw histograms hy,(Probpey) and A (Proby,,;) are constructed us-
ing the entries along the second and third columns of the NP, matrix respectively.

Each of the raw histograms Ay (Probuorm), fip (Probpey) and i (Proby,,) are constructed by
partitioning the interval [0, 1] into 2/ segments. The power M is selected such that the number
2M is the closest power of two possible to the number of samples N, for the group g, whose
histogram is being estimated.

For instance, if the normal group in the validation data set had 60 samples then the power
M would be selected to be six, as 26 = 64. The interval [0, 1] would then be partitioned into
64 segments and a value of zero assigned to each of these segments. For the raw hn(Prbbnorm)
histogram a value of ‘1 is assigned to the segment that contains the NPy, (1, 1) magnitude.
This process is repeated for all of the remaining 7 = (2,..., Ny,), NPy, (7, 1) entries with
a magnitude of ‘1° added for each segment that the entry falls. The other raw histograms
hiy (Probpep ) and A (Probyy,;) are constructed in a similar manner. The raw histograms /i, (Probnorm ),

A, (Probpep ) and hm (Proby,,;) are now ready for smoothing.
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8.3.4 Transformation Of The Raw Histograms Using Walsh Wavelet
Packets

The probability density function estimates {(Probporm ), p(Probpe,) and p(Proby,,;) are found
by smoothing the raw histograms hn(Probuorm), i (Probpey) and A (Prob,, ). Smoothing
is achieved by modification of the magnitude of coefficients from the wavelet packet trans-
forms of the raw histograms, followed by back transformation. Because the raw histograms
By (Probuorm ), Ay (Probpey) and A (Proby,,) have a domain on the interval [0, 1], there is a need
to use specific smoothing functions.

The Walsh wavelet packet, which is a wavelet packet transform that uses Walsh basis func-
tions, is based upon a family of analysis/smoothing functions that do not extend outside the
interval [0, 1]. The Walsh wavelet packet transform also allows for adaptive smoothing of raw
histograms. The Walsh basis is a family of functions derived from linear combinations of the
Haar scaling function ¢(x) = 1 (0 < x < 1), 0 otherwise and the Haar wavelet function
P(x)=10 <z <1/2),-1(1/2 < x < 1), 0 otherwise (page 133, Vidakovic 1999). The
initial level of the Walsh basis functions Wy (z) = ¢(z) and Wy (z) = ¢(z) are simply the Haar
scaling and wavelet functions respectively. The Walsh basis functions, W, (z) and Wy, 1 (), at

higher levels (n > 1) are defined recursively as,

Wan(x) = W, (2x) + W, (22 — 1)
Wans1(x) =W, (2z) = W,,2x — 1), n >1
(8.19)

(page 133, Vidakovic 1999).

The index, n, in the Walsh basis function W,,(x) indicates the number of zeroes in the func-
tion. The greater the number of zeroes, the finer the detail the function W,,(x) can detect.

The wavelet packet transform was discussed in Section (5.2.4). Recall that it uses a library

of functions of the form,
Wni(z) = 28W, (272 — k) (8.20)

where parameters j e Z, neN and k € Z are used to represent a function f(z) € Ly(R) (equation
5.13, page 135, Vidakovic 1999). The parameter, j € Z is the scale parameter, parameter n € N is
the sequence parameter and parameter € Z is the translation parameter. The functions W; ,, ()

must be an orthogonal basis of the space Ly(R).
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When a subset P of the scale j € Z and sequence parameters n € N are selected such the dyadic
intervals (intervals with observations that can be indexed by parameters (j,n) ¢ P composed
from the sets j ¢ Z and n € N), I;,, = {[2/n,2/(n + 1)],(j,n) € P} form a disjoint and
countable covering of the interval [0, co) (in this case [0, 1]), then the function f(x) € Lo(R) can

be represented as,

F@) =Y )" wink Wins(z) (8.21)
(jn)eP keZ
(adapted from Theorem 5.3.3, page 138, Vidakovic 1999).

Now the Walsh wavelet packet transformation specifically uses the Walsh basis functions,
W, (x) in place of general orthogonal basis functions W, (x) in the wavelet packet transform of
equations (8.20) and (8.21). The raw histograms Ay (Probporm ), iy (Probpen) and A (Proby;)
are in practice represented by the discrete sequence of numbers (h,,), (hy)and (h,,). These se-
quences are within the space of square summable sequences [2(R) as Zi@frm |h,|? < oo,

i/[:blen |hp|? < ooand Zii“{al |hm|? < oo. The space Ly(R) is the discrete counterpart to the
space Lo(RR). Therefore, discrete representations of the Walsh basis functions W, (x) can be used
to obtain discrete representations of the probability density functions p(Probyorm ), p(Probpe,) and
ﬁ(PrAObmal)-

It is convenient to describe the Walsh wavelet packet transforms of the raw histograms in
terms of crystals. Crystals are vectors, denoted W; , = (W0, Wjn,1,---, W0 1) that contain
all coefficients W, x =< f(x), W () > where f(z) is either i (Probnorm), i, (Probyen) and
hn (Probp,g;) whilst W, () is given by equation (8.20) when Walsh basis functions WW,, (27 — k)
are substituted for W, (272 — k). A particular crystal W, contains all the coefficients w; ,, ,, at
a fixed scale j and sequence parameter, n. The individual entries w;,, , are called atoms (page
138, Vidakovic 1999). The crystals from the Walsh wavelet packet transform can be depicted
graphically as in Figure 8.9.
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j=2 Wo (raw histogram)
j=1 W10 W11
7=0 Wo0,0 Wo,1 Wo,2 Wo,3

Figure 8.9: Crystal organisation in a two-level Walsh wavelet packet transform.

Level 2 of the Walsh wavelet packet transform is denoted by the crystal wy o and corresponds
to the raw histogram data (either Ay (Probporm ), 2 (Probpey) and fum (Proby,a ). The Walsh basis
functions wy g 1,..., Wy gom are applied to the crystal wo o to yield the crystal wy o after down-
sampling. Similarly the Walsh basis functions W ; 1, ..., W ; om are applied to the crystal wo ;.
The process continues throughout the tree depicted in Figure 8.9 with the Walsh basis functions
Wina,...,Wj,om are used to obtain the crystal w;,,.

The Walsh wavelet packet transform applies the full wavelet packet decomposition using
Walsh basis functions. In other words, all crystals are retained. In order to achieve adaptive
smoothing on the interval only certain atoms will be retained. All other atoms will be set to zero.
The Walsh wavelet packet transform is then back transformed to yield the smoothed estimate of
the probability density function. Selection of which atoms to retain and which to set to zero is
based upon classification performance of the smooth probability density function estimates on
an adjustment data set. The methodology of this selection process will be the subject of the next

section.
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8.3.5 Smoothing of the Raw Histograms Using the Walsh Wavelet Packet

Transform

The Walsh wavlet packet transform was used to analyse the raw histograms hy (Prbbnorm), hy (Prbbben)
and hm(Pr})bmal) with a range of different basis functions. These basis functions are useful for
extracting different features from the raw histograms, a feature is detected when a relatively large
magnitude coefficient is produced. In order to smooth the raw histograms Ay (Probuorm ), i, (Probpey,)
and hm (Proby,,;) to produce the probability density function estimates (Probuorm ), H(Probpey)
and ﬁ(Prbbmal) the magnitude of the Walsh wavelet packet transform coefficients needs to be
modified. Retaining only the largest magnitude coefficients allows the key features that the
Walsh wavelet packet transform has detected in the raw histogram to be retained and for the re-
maining variation discarded when estimating the probability density functions.

The challenge for successful probability density function estimation is how to select which
coefficients to retain and which to omit. A percentile thresholding scheme is used to select Walsh
wavelet packet coefficients. The actual percentile used is determined in a step wise fashion.

First threshold the coefficients by selecting those whose energies are greater than the ¢ quan-
tile of the sample. At the start, ¢ is set to 0.5, 0.625 and 0.75. The inverse transform of the
retained Walsh coefficients gives three versions of probability density function estimates for each
set of naive probabilities Probporm, Prbbben, Prbbmal.

These probability density function estimates are now used in Bayes” rule to classify tissue
group in the adjustment data set and the three which perform best are kept and the others dis-
carded. An example of this process is depicted in Figure 8.10. The combinations scoring ‘1’
would be kept, indicating the appropriate level of thresholding which is denoted in Figure 8.10

as q*7 q** and q***.
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0.500 0.625 0.750
Pnorm % 1 2 3
Dben  ** 3 | 2
Pmal  *** 1 3 2

Figure 8.10: Determining the most accurate probability density function estimates using an ad-
justment data set. Three probability density function estimates are determined for each of the
three groups by retaining select quantiles of Walsh wavelet packet transform coefficients fol-
lowed by back-transformation. The classification performance is assessed on the adjustment
data set using the different combinations of probability density function estimates and Bayes”
rule. The probability density function estimates in each group that produce the most accurate
classification on the adjustment data set (as indicated by ‘1’) are retained and the other probabil-
ity density function estimates discarded.

We return to the naive estimates of posterior probabilities and repeat the process with three
new quantiles, centered around those retained in the previous step. The set of probability density
function estimates that are selected in this refinement process are retained for classification of
test data.

The explicit algorithm used in this thesis is as follows:

i) Obtain the raw histograms Ay (Probuorm ), Aty (Probpey) and A (Probyyay)-

i1) Apply the Walsh wavelet packet transform to each histogram.

ii1) In each case, order the Walsh wavelet packet transform coefficients from greatest to small-

est energy.

iv) Select the gth quantile of largest energy coefficients, where parameter ¢ is obtained from
the set () = [0.250,0.375, 0.500].

v) Set the remaining Walsh wavelet packet transform coefficients to zero.

vi) Back transform the modified Walsh wavelet packet coefficients for each quantile and each

group.

vii) Compare the classification accuracy using Bayes” rule for of all combinations of the prob-

ability density function estimates between groups.
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viii) Select the probability density function estimates that maximise Prop,. ,,,

Prop,.. , and Prop,

* Kk Kk ,m.

ix) Refine estimates fig« (Probnorm ), fig+ (Probpen) and py«= (Probpa). Repeat as from step i)

but this time use the quantiles,

Gnorm = {¢* — 0.0625, ¢*, ¢* + 0.0625}
Gben = {q** — 0.0625, ¢™, ¢** + 0.0625}
Gmal = {07 — 0.0625, ¢, ¢ + 0.0625}.
(8.22)

Use steps (iv) and (v) again.

A larger number of entries could have been included in the first set () in order to consider at
once a wide range of probability density function estimates. This could not be done in prac-
tice as the Walsh wavelet packet transform method of estimating probability density functions
requires a large number of samples when a large number of probability density function esti-
mates are to be compared simultaneously. If a greater number of probability density function
estimates were compared simultaneously without a substantial increase in sample size then com-
parisons between the probability density function estimates would be meaningless. This problem

is produced by the Prop,. ,,, Prop,.. , and Prop, statistics having a high variability when the

—_—
sample size is insufficient. Therefore, the number of comparisons was constrained to limit the
impact of this problem on the probability density function estimation process. In practice, it was
found that the Walsh wavelet packet transform had such few large magnitude coefficients that
the omission of smaller energies (below the 0.50th quantile) was of little relevance. Furthermore
it was also found in practice that is was not necessary to further refine the probability density

function estimates produced in step (ix) above .
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8.3.6 Summary and Conclusion to Estimating the Overall Posterior

Probability of each Group

This section outlined a method to produce three estimates of the overall probability that a tissue
sample belongs to either the normal, benign or malignant breast tissue groups based upon the
probability arrays produced in Section 8.2 using the coefficients of the adaptive image transform
of its SAXS image. The central theme was to construct univariate histograms hp (Pr})bnorm),

hy (Prbbben) and hm(Prbbmal) and to apply the Walsh wavelet packet transform in each case.
A proportion of the coefficients was retained and the remaining set to zero. Smoothed proba-
bility density function estimates were obtained following back transformation of the modified
Walsh wavelet packet transform coefficients. A number of different probability density function
estimates were trialled for each group and a subset of three (one for each group) was selected
based upon their classification accuracy on an independent adjustment SAXS image data set.

The model was then ready to be applied to actual test data.
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8.4 Summary & Conclusion to Statistical Modeling

A range of new statistical techniques have been introduced in this chapter in order to calculate
the scale-location and overall group probability estimates for the SAXS image data set. Notable
contributions include the XOR model, the Mexican hat contourlet transform, the bivariate prob-
ability density function estimation using the generalised extreme value distribution function and
similarly using the Walsh wavelet packet transform to perform adaptive univariate probability
density function estimation. A few comments are in order for each of these techniques.

The XOR model is designed for large-scale image analysis applications, it was proposed as
a potential solution when a very large number of probability density function estimates must be
calculated and stored in the computer memory. Kernel density estimates or other density esti-
mation procedures could have been applied but there are four reasons why we have used and

advocated the XOR model approach:

a) There 1s good reason to believe that many of the probability density functions (conditional
on group) of the adaptive image transform coefficients can be well-modeled by a bivariate
Gaussian distribution (at least for SAXS images). Storing the parameters of a bivariate
Gaussian distribution rather than that of a bivariate kernel estimate is very likely to require
far less computer memory. This saving in memory might result in a greater computational

efficiency for routine large scale applications of the final diagnostic model.

b) Any parametric probability density function can be used in the parametric component of
the XOR model. All that needs to be done is to replace the Shapiro-Wilk test with another
goodness of fit test that is suitable to assess the adequacy of the probability density function

that is proposed.

c) XOR model also allows non-parametric probability density function estimation using any
method. In particular, bivariate probability density function estimates can be found using
the Mexican hat contourlet transform. Raw histograms of adaptive image transform coeffi-
cient magnitudes are smoothed by modifying the Mexican hat contourlet transform coeffi-
cients using the statistical theory of extreme values. A large proportion of these smoothed

coefficients are zero which allows for sparse probability density function representations.
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d) This thesis is concerned as much about the development of new multi-scale statistical im-
age analysis as it is with the development of classification model of SAXS images. Proba-
bility estimates and function selection could have been achieved using standard statistical
methods (such as with kernel density estimates) but this would have negated the oppor-
tunity to explore both the XOR density estimation model and non-parametric smoothing

using the Mexican hat contourlet transform.

A disadvantage of the XOR model is that it often requires many applications of the Shapiro-Wilk
test combined with a correction to avoid an unnecessarily high false-discovery rate. Statistical
criterion that can decide between a parametric or non-parametric model thereby avoiding the
need for a large number of tests would be of great advantage in this setting.

The Mexican hat contourlet transform was developed to in order to combine a wavelet filter
with a directional filter. This allowed both the edges and their directions to be detected when
analysing bivariate data. The Mexican hat contourlet transform has the advantage over other
multi-scale and multi-directional bivariate data transforms such as the ordinary contourlet and
curvelet transforms in that it requires fewer coefficients to describe the same data. This has
the advantage of reducing the computational and storage requirements when analysing bivariate
data. Such a property is advantageous when large numbers of bivariate data must be transformed
and analysed, as in the case of the SAXS image analysis model presented in this chapter.

The Mexican hat contourlet transform allowed raw histogram data to be analysed using a
range of functions that varied in scale, orientation (direction) and location. The different scale
and direction matrices of the Mexican hat contourlet transform are similar to smoothing the orig-
inal bivariate data with different smoothing functions. Large magnitude coefficients were only
produced when there was a good match between the Mexican hat contourlet smoothing function
and the raw histogram data.

Computer simulation studies on the absolute magnitude of coefficients from the Mexican hat
contourlet transforms of both random data and probability density functions allowed coefficient
smoothing models to be developed based upon the generalised extreme value distribution. Coef-
ficient weights were determined from the generalised extreme value distributions. These weights
were multiplied with the original Mexican hat contourlet transform coefficient magnitude for raw
histograms produced using the adaptive image transform coefficients from the training SAXS im-
age data set. The modified coefficients were then back transformed using the inverse Mexican

hat contourlet transform to yield the smooth probability density function estimate.
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Because computer simulations were used in the estimation of the generalised extreme value
distributions, any type of model could have been proposed to produce the random data. That is,
using the Mexican hat contourlet transform combined with the generalised extreme value dis-
tribution functions allows smoothing to be performed under any type of noise model. Further
research into this technique would be useful to compare the bias and variance of the resulting
probability density function estimates with those produced by other probability density function
estimation techniques.

Finally, estimation of univariate probability density functions on the interval was achieved
using the Walsh wavelet packet transform. The support of the Walsh basis functions was on the
interval. This removed the problem of inaccurate probability density function estimates caused
by using a smoothing function that extends outside the domain of definition. Whilst use of the
wavelet packet transform allowed for an analysis of the raw histogram data with a range of differ-
ent functions. Such an approach allowed different features to be detected in the raw histograms
of naive probabilities. The use of a separate adjustment data set provided the opportunity to esti-
mate probability density functions (by retaining only a subset of Walsh wavelet packet transform

coefficients) that produced the best classification results.



Chapter 9
Application to Breast Cancer Diagnosis

This chapter concerns the application of the image analysis and statistical modeling methodology
that was presented in Chapters 7 and 8 to SAXS image data. The objective of this chapter is to
assess the utility of these techniques in the identification of breast cancer. Qualitative and quan-
titative results will be presented that allow for an appreciation of how the methods developed in
this thesis work in practice.

Section 9.1 presents the results that pertain to the image analysis methodology that was devel-
oped in Chapter 7. The coefficients 2, , ,, of the adaptive image transform of SAXS images are
reviewed and coefficient matrices are compared for SAXS images that are associated with differ-
ent tissue pathologies. The probability of misclassification is calculated for each filter function
used in the adaptive image transform and used as a guide to assess classification model perfor-
mance.

Section 9.2 involves the application of the diagnostic models that were developed in Sec-
tion 8.2. The XOR model of Section 8.2.2 was implemented with bivariate Gaussian probability
density functions being fitted to describe the adaptive image transform coefficient 2, ., coef-
ficient magnitude when appropriate and non-parametric probability density function estimates
used when they were not. The Mexican hat contourlet transform of Section 8.2.4 was used to
smooth the raw histograms fraw [R(21.4.24), S(21,0.205)] by modification of the transform coeffi-
cients using generalised extreme value distribution functions [P(z, ju, 01, &1), P(2, 12, 02, &), . . .,

A

P(z,py,07,&;)] as per the methodology of Section 8.2.8.4.
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Section 9.3 concerns the implementation of the methodology developed in Section 8.3. The
naive probabilities [Perbmorm, Perbj’ben7 Perbj,maﬂ were calculated and the raw histograms
[ (Probuorm ), 26 (Probpey ), Aun (Probya )] constructed using the methods of Sections 8.3.2 and
8.3.3. The coefficients of the Walsh wavelet packet transforms of these histograms was then
modified using the thresholding procedure discussed in Section 8.3.4. The inverse Walsh wavelet
packet transform was then applied to yield the probability density function estimates
[H(Proby,), p(Proby,), p(Proby, ). Several probability density function estimates were calculated
and compared by retaining different numbers of Walsh wavelet packet coefficients in each case.
The three probability density function estimates that produced the best classification performance
on a separate adjustment data set were retained as per Section 8.3.5.

Section 9.4 applied the bivariate and univariate probability density function estimates devel-
oped in the previous two sections as a complete model on an independent test data set. This
allowed for an objective assessment of the diagnostic model in practice. Finally, Section 9.5

ends the chapter with a summary and conclusion.
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9.1 Application of the Adaptive Image Transform to SAXS

Images

9.1.1 SAXS Image Data Set

N B M

Training 50 50 50
Validation 50 49 50
Adjustment 50 50 50
Test 10 10 10

Table 9.1: Number of tissue samples in each of the normal (N), benign (B) and malignant (M)
tissue groups in each of the data sets used in model development and assessment.

As indicated in Chapter 8 model development requires that we partition the SAXS image
data set in four subsets, the training, validation, adjustment and test data sets. The training data
set is used to estimate the parametric or non-parametric bivariate probability density function es-
timates of the real and imaginary components of the adaptive image transform coefficient 2, ; ,
magnitude. The validation data set is used to calculate the posterior probabilities of the tissue
sample belonging to the normal, benign or malignant tissue groups at each filter, scale and loca-
tion of the adaptive image transform. This data set is also used to calculate the naive probabilities
[Prob; norm, Prbbj,ben: Perbjmal], the raw histograms [ (Probnorm ), 2y (Probpen ), Aum (Probypar)]
and the probability density function estimates [p(Proby,), p(Proby,), p(Proby, )] using the Walsh
wavelet packet transform. The adjustment data set is used to select the best performing set of
univariate probability density function estimates. This is achieved by trialling different combi-
nations of probability density function estimates and using them to predict the group label of
observations (within the adjustment data set). The predicted group labels are compared with the
known group labels and the most accurate combination of univariate probability density func-
tions estimates are retained. The test data set is an independent set of SAXS images held apart
from the model development and is used to assess the entire model (consisting of the adaptive
image transform as well as the bivariate and univariate probability density function estimates).
A numerical summary of the number of normal (N) , benign (B) and malignant (M) breast tissue

samples in each data set is provided in Table 9.2.
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9.1.2 Adaptive Image Transformation of SAXS Images within the
Training Data Set

The adaptive transform of Section 7.2 was applied to the SAXS image training data set. The
filters in the library of the transform included the Mexican hat, Pet hat, Gabor, Gamma, Mellin,
Chebyshev, Zeta and Witch’s Hat functions. The adaptive image transform was applied to each
individual SAXS image using each function in the library at a range of scales (a = 1,2,3,...,8).

Visible differences in the real and imaginary components of the coefficients z;, ., were
evident between SAXS images from different tissue groups. In particular, the magnitude of
scattering ring features appeared different between the tissue groups. Figure 9.1 displays the
real $(2;,),a,2,) and imaginary (2 ;4.2,,) components of the coefficients of the adaptive image
transform using the Witch’s Hat filter function at scale a = 2 for select SAXS images of normal,
benign and malignant breast tissue.

The main difference between the coefficient matrices appears to be the magnitude of those
coefficients that are associated with the meridional scattering rings. The set of coefficients as-
sociated with the normal breast tissue sample has a sharply defined set of rings in both the real
(R(z1,4.04))) and imaginary (2;,,.,)) components. In contrast, the scattering ring features in
the adaptive image transform coefficients from the SAXS image belonging to the benign sample
do not appear as sharply defined. Note the apparent differences in the magnitude of the scatter-
ing rings and that the benign sample has a poorly defined 1st order meridional scattering ring
which is located in the centre of the coefficient matrix. These differences appear greatest when
comparing the imaginary coefficient matrices (%, ,)) of the normal and benign samples.

Both components of the real and imaginary coefficients have distinct differences between the
normal and malignant sample. The meridional scattering rings in the real coefficient component
$(21,4,2,4)) of the malignant sample appear to have a smaller magnitude than those in the normal
sample. The Ist order meridional scattering ring is also less well defined in the malignant sample
and there appears to be a greater amount of variation (appears as a rougher surface) in coefficient
magnitude in the regions of the coefficient matrix that are associated with amorphous scatter.
The imaginary component (%) of the malignant sample also supports these observations
with the 1st meridional order scattering ring again being poorly detected in contrast to that of the

normal sample.
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Figure 9.1: Witch’s Hat filter function - adaptive image transform coefficients at scale (¢ = 2)
for select SAXS images of normal, benign and malignant breast tissue.
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The real and imaginary components of the benign and malignant tissue samples also appear to
have distinct differences. The real component R(z;, ,,) of the coefficients contains meridional
scattering ring features that appear to have a greater magnitude than those in the real component
of the coefficients of the malignant sample. A Ist order meridional scattering ring is visible in
the coefficients of the malignant sample but in the coefficients of the benign sample this feature
is very diffuse and barely visible. The real component of the coefficients of the malignant sample
also has greater variation than the real component of the coefficients of the benign sample in the
regions associated with amorphous scatter. The imaginary components (4. ,) of the coeffi-
cients support the above observations but also have more pronounced differences in magnitude.
This apparent difference may act as an important discriminant between benign and malignant
samples.

The limitations of this qualitative inspection of the coefficient matrices must be kept in mind.
Only one example from each of the three tissue groups has been examined, furthermore, they
have been examined for only one scale a = 2 and for one filter function (the Witch’s Hat). The
apparent differences presented could have arose from random chance or have been deliberately
selected to present the case that the coefficients of the adaptive image transform pick out dif-
ferences in breast tissue groups related to the meridional scattering ring and amorphous scatter
features. To counter these difficulties the entire data set - all images, for all filters and scales
were examined using the same pixel palette scale. The differences presented in Figure 9.1 are
indicative of the general trend observed, sometimes the differences in the coefficient components
was clear-cut (and related to the scattering ring features) and in some cases it was not. In all the
inspection suggested that differences in the magnitude of the components of the adaptive image
transform coefficients might be able to distinguish between SAXS images produced by different
breast tissue pathologies. At this stage, there is no definitive evidence that the key differences
are related to the meridional scattering ring and amorphous features, but in some instances visual
inspection did suggest that this was the case.

Visual assessment and comparison of coefficient matrices is clearly too subjective and po-
tentially misleading given the large number of comparisons that need to be made. Furthermore,
subtle feature not readily distinguished by eye may be a key discriminant and complex interac-
tions that are not readily deciphered might need to be accounted for when determining tissue
group. The possibility that the adaptive image transform coefficients of the SAXS images can-
not distinguish between breast tissue groups cannot yet be discounted. It is clear that statistical
methodology (such as that developed in Chapter 8) needs to be implemented to obtain an objec-

tive assessment of this complicated data set.
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Figure 9.2: Bayes’ probability of misclassification across locations for the SAXS image dataset.
Lower Upper

Figure 9.2 displays the upper and lower bounds on the Bayes’ probability of misclassification
across all locations at scale a = 2 of the adaptive image transform for the SAXS image training
data set. In other words, the probability of misclassification displayed in Figure 9.2 is that of the
combination of filter functions retained post the filter function selection algorithm in Section 7.4.
Figure 9.2 displays the qualitative trends in the probability of misclassification (as calculated
from Section 7.4) across locations for scale a = 2. Clear differences exist in the probability of
misclassification varies across different locations in the SAXS images. Therefore selection of
distinct locations of coefficients as features carries the risk of selecting regions that are inher-
ently prone to greater classification error. Note that the equatorial scattering rings and the diffuse
scatter region between the first and third meridional scattering rings has the lowest probability
of error, suggesting that these regions although not easily identifiable by visual inspection of the
coefficient matrices are the regions of the SAXS image most likely to produce accurate classi-
fication. Also observe that the 3rd and 5th meridional scattering ring region have considerably
greater probability of error. This is of practical importance as the majority of SAXS image clas-
sification algorithms including those of Falzon et al (2006) have focused upon the extraction of
coefficient features from the 3rd and Sth meridional scattering peaks. The region of the SAXS

images that is potentially prone to the greatest probability of misclassification.
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To further understand the effect of filter function on classification performance, the bounds
on the probability of misclassification were examined a single filter function at a time rather than
as a combination of filter functions as done in Figure 9.2. Table 9.2 reports on the range of the
bounds of Bayes’ probability of misclassification across all locations for the scales (a = 2, 4 and
6) and all of the filter functions in the adaptive image transform library using the SAXS image
training data set. Reporting the bounds on the probability of misclassification for all filters, scales
and locations would be too confusing and distracting. Therefore, Table 9.2 is understood to be
a guide to the classification accuracy possible using the adaptive image transform coefficients of
different filter functions at different scales.

Classification accuracy appears to be dependent upon both the filter function used for the
analysis as well as the scale used in the transform. The Mexican hat wavelet and Witch’s Hat
filter functions appear to be very good choices for scale a = 2, both have a lower bound of 0.05
and upper bounds of 0.21 and 0.22 respectively. The results at the medium scale a = 4 suggests
using the Gabor, Gamma and Mexican Hat filters, whilst the Gabor functions appear superior for
scale a = 6 with error bounds of [0.05,0.21].

Scale

a=2 a=4 a=6
Gabor [0.06,0.23] [0.06,0.23] [0.05,0.21]
Gamma [0.18, 0.72] [0.06,0.25] [0.18,0.74]
Mellin [0.18,0.72] [0.18,0.73] [0.18,0.73]
Mexican Hat [0.05,0.21] [0.06,0.26] [0.15,0.60]
Pet Hat [0.17,0.67] [0.18,0.72] [0.18,0.73]
Chebyshev  [0.18,0.73] [0.16,0.64] [0.69,0.99]
Witch’s Hat [0.05,0.22] [0.18,0.72] [0.18,0.72]
Zeta [0.04,0.14] [0.14,0.57] [0.18,0.72]

Table 9.2: Bounds on probability of misclassification of the three tissue groups across scales (a
=2, a =4 and a = 8) for the different filter functions in the adaptive image transform library.
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Analysis of Table 9.2 supports the case that an adaptive image transform that uses a variety
of filter functions and analyses the SAXS image over multiple scales is a valuable method. For
instance, the Chebyshev filter function at scale a = 6, suggests poor classification performance
should be expected as the bounds on probability of misclassification are [0.69,0.99]. In contrast,
at the same scale the Gabor filter has a probability of misclassification of [0.05, 0.21]. Selecting
the Chebyshev filter function at this scale exclusively for the analysis of the SAXS images would
have lead to poor classifier. Choice of the appropriate filter function appears to be very important.
Note that filter function performance is also scale dependent. For instance the Zeta filter at scale
a = 2 has bound on the probability of misclassification of [0.04, 0.14], whilst at scale a = 6 this
bound is [0.18, 0.72].

Based upon these results data dependent selection of the filter functions to use in the multi-
scale analysis of SAXS images appears to be a wise strategy. By allowing a range of filter
functions with different characteristics into the library of the adaptive image transform we might
be able to capture a range of different, potentially useful diagnostic features. In the case of SAXS
images of breast tissue, correct filter selection for each scale and location of the adaptive image
transform can substantially alter the accuracy of the final model. Based upon the results presented
in Table 9.2 the most accurate classification model that can be expected from the adaptive image

transform coefficients is 96 %.
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9.2 SAXS Breast Tissue Classification Model

This section concerns the implementation of the statistical methodology developed in Section 8.2.
The XOR model is implemented and probability density functions of the adaptive image trans-
form coefficient magnitudes estimated parametrically and non-parametrically using the Mexican
hat contourlet transform. This is the first step in predicting tissue group from the adaptive image
transform coefficients of a SAXS image. The outcome at the end of this section is the estimation

of the probability of each tissue group for each filter, scale and location of the transform.

9.2.1 Implementation of the XOR model

Figure 9.3: The adaptive image transform coefficients (for the Witch’s Hat filter and the normal
group) across scales that were selected for non-parametric probability density function estimation
using the XOR model (displayed in white).

Scale

The first step in the analysis of the adaptive image transform coefficients of the SAXS image
training data set is to apply the XOR model of Section 8.2.2 in order to determine which bivariate
probability density functions of coefficient magnitude need to be determined non-parametrically.
Shapiro-Wilks tests were applied to all the adaptive image transform coefficients in each tissue
group for each filter, scale and location. Those coefficient filter, scale and locations that were
not well modelled using a bivariate Gaussian probability density function were selected for mod-
elling with a non-parametric probability density function estimator. The Mexican hat contourlet
transform was selected for performing this non-parametric probability density function estima-

tion.
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Figure 9.3 displays examples of the adaptive image transform coefficients selected for the
normal tissue group and the Witch’s Hat filter function across all locations at select scales
(a = 2,4,6). Coefficients that were selected for non-parametric probability density function
estimation are displayed in white, those that were not selected either because they were not re-
tained post filter-function selection (in Section 7.4) or because they were well modelled using a
bivariate Gaussian probability density function are displayed in black. Inspection of Figure 9.3
reveals that those coefficient locations (for at least the Witch’s Hat filter and the scales a = 2,4, 6)
correspond to the same locations as the meridional and equatorial scattering ring features. This
result matches well with the case presented in Section 8.2.3 in which it was stated that coeffi-
cients associated with amorphous features are well modelled with bivariate Gaussian probability
density functions but those associated with scattering ring features are not. Also observe in Fig-
ure 9.3 that as the scale increases a greater ring of the equatorial scattering ring features appear
to be captured. Such a result supports the hypothesis that scattering features exist in the SAXS
images over a variety of scales and advocates the utility of multi-scale methods in the extraction

of useful information in such cases.

Scale Proportion
1 0.04
0.03
0.03
0.07
0.10
0.14
0.14
0.16

0NN LB W

Table 9.3: Proportion of adaptive image transform coefficients (across groups, filters and loca-
tions) selected to be modelled using non-parametric probability density function estimates from
scalesa =1, ..., 8. All proportions are reported to two decimal places.
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Table 9.2.1 reports on the total proportion of all adaptive image transform coefficients across
groups, filter, scales and locations that were selected for non-parametric probability density func-
tion estimation. It is apparent that a large proportion of coefficients can be adequately modelled
using the bivariate Gaussian probability density function. As the scale parameter increases the
greater this proportion becomes which could be a result of a greater presence of equatorial scat-
tering ring features at higher scales, an increase in the support and hence the region that the filter
function analyses as scale increases or a combination of both effects. The total proportion of
adaptive image transform coefficient indices across all groups, filters, scales and locations se-
lected for modelling using non-parametric probability density function estimation was 0.09 (to
two decimal places). Implementation of the XOR model greatly reduced the storage require-
ments of the SAXS image classification model, therefore achieving the objective for which it

was designed.
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9.2.2 Bivariate Probability Density Function Estimation

Normal Benign Malignant
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Figure 9.4: Bivariate Gaussian probability density functions estimated for adaptive image trans-
form coefficients for the Pet hat filter, scale a = 4, location (z,y) = (264, 102) for the normal,
benign and malignant groups. This location is associated with amorphous scatter.

Parametric and non-parametric bivariate probability density functions were estimated for the
coefficients of the adaptive image transform. Bivariate Gaussian probability density functions
were fit to describe a large number of coefficient filter, scale and location indices. For instance,
the Pet hat filter at scale @ = 4 and location (x,y) = (264, 102) corresponds to the amorphous
scattering feature in the SAXS images and whose coefficients are fit using a bivariate Gaussian
probability density function for each group. Figures 9.4 displays the bivariate Gaussian proba-
bility density function estimates for these adaptive image transform coefficients (Pet hat filter,
scale a = 4, location (z,y) = (264, 102)) for the normal, benign and malignant groups. All
probability density function estimates are all approximately centred on (x,y) = (0, 0) but differ
in their scale (variance) and orientation (covariance matrices). Inspection of the probability den-
sity function estimates suggests that in some cases adaptive image transform coefficients that are
associated with amorphous scatter are in some instances reasonable at separating tissue groups
and in some cases they are not. Relying on adaptive image transform coefficients associated with

amorphous scatter alone may not produce a reliable classification of tissue group.
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Figure 9.5: Raw histogram of adaptive image transform coefficients 2, ., in the training data
set for the malignant group, the Witch’s Hat filter, scale a = 2, location (z,y) = (256, 145).

The Mexican hat contourlet transform was also used to estimate select probability density
functions non-parametrically. Recall that Section 8.2.4 introduced the Mexican hat contourlet
transform, whilst Section 8.2.5 through to Section 8.2.8 developed methodology to estimate prob-
ability density functions by the modification of coefficient magnitudes. Non-parametric proba-
bility density function estimation using the Mexican hat contourlet transform was performed on
approximately nine percent of adaptive image transform coefficients. The first step in this pro-
cess was to estimate the raw histograms of adaptive image transform coefficient magnitude. An
example raw histogram of adaptive image transform coefficients (for the malignant tissue group,
the Witch’s Hat filter, scale a = 2, location (z,y) = (256, 145)) is displayed in Figure 9.5. Take
note of the three clusters of observations. This scale-location is of particular interest because it
is associated with the location of the third-order meridional scattering ring in the original SAXS
image, a feature studied extensively in previous works such as Round (2006) and Sidhu et al
(2008).

Figure 9.6 displays select coefficient matrices of the corresponding Mexican hat contourlet
transform (scale j = 2, for [, = 8 directions over all locations) of the raw histogram. Observe the
vast differences in coefficient magnitudes between different directions. For example, compare
the range of coefficient magnitudes in direction matrix I, = 1 (range of approximately [—1, 1])
with those in direction matrix I, = 5 (range of approximately [0, 100]). It would appear that
direction matrix /o, = 5 detects important structures in the raw histogram whilst the direction

matrix [, = 1 appears to detect less structure.
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Figure 9.6: Mexican Hat contourlet transform coefficients (scale j = 2, [, = 8 directions) of the

raw histogram displayed in Figure 9.5.
Direction 1

L]
t“‘\ |

Direction 3

%
AL

Direction 5

Direction 7

_— —

[l
- ik B
- -

-0.5

]
N

900
800
700
600
500
400
300
200
100
0

Direction 2

e

Direction 4

I

Direction 6

\
Sl

Direction 8

40

20

-20

-40



274 CHAPTER 9. APPLICATION TO BREAST CANCER DIAGNOSIS

The Mexican hat contourlet transform coefficients of the raw histogram were modified using
the generalised extreme value distribution functions, [ﬁ(z, fi1, 01, é’l), ﬁ(z, flo, 02, ég, e ﬁ(z, [ig, 0%, ég))]
that were estimated using the methodology of Section 8.2.8.4. Figures 9.7 display the estimates

of the generalised extreme value distribution functions for scales j = (2,4, 6).

Scale 2 Scale 4 Scale 6
104 10 1.0
0.8 0.8 0.8
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Figure 9.7 Generalised ~ extreme  value  distribution  weighting  functions
[P(|dMsY),0.4,0.5,0.7), P(|d"s],0.2,0.3,1.3), P(|dMsY], 0.2,0.3,1.5)]. These functions

are used to modify Mexican hat contourlet transform coefficient magnitude (at scales 7 = 2,4, 6)
prior to back transformation to yield the probability density function estimate.

All of the generalised extreme value distribution smoothing functions in Figure 9.7 modify
the Mexican hat contourlet transform coefficient magnitudes by setting those below a certain
value to zero and modifying those above this value. The threshold that governs the magnitude
of the coefficients to set to zero is given by the p; parameter in each of the smoothing functions
I3(z, wi,0;,€;). Therefore for scale j = 2 all Mexican hat contourlet transform coefficients
below |dMSt| < 0.40 in magnitude are set to zero. Similarly, those below 0.2 for scale j = 4
and 0.2 for scale 7 = 6 are set to zero. The Mexican hat contourlet transform coefficients above
these magnitudes are modified according to a smooth trend. These smooth trends resemble step
functions that has had its corner smoothed. The greatest amount of coefficient modulation occurs
in the range 0.5 < |dMS!| < 20 with approximately 10 to 20 percent reduction in magnitude

being typical.
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Figure 9.8: Probability Density Function Estimates (prior to normalisation) for the adaptive
image transform of SAXS images for the Witch’s Hat filter, scale a = 2, location (z,y) =
(256, 145) in the perspective view. The red dots indicate the location of random samples from
the validation data set.

Normal Benign Malignant

Figure 9.8 displays the non-parametric probability density function estimates of the adaptive
image transform coefficients using Witch’s Hat filter at scale a = 2, location (z,y) = (256, 145)
for the normal, benign and malignant groups. These probability density function estimates were
formed by constructing raw histograms of the adaptive image transform coefficients (using the
training data set), taking the Mexican hat contourlet transform of each raw histogram, modifying
the coefficient magnitude using the generalised extreme value function smoothing functions and
then back-transforming. In fact the probability density function estimate for the malignant group
used the raw histogram displayed in Figure 9.5.

Inspection of Figure 9.8 indicates some difference between these probability density func-
tions between groups. A key difference between the probability density function estimates of the
normal and malignant groups appears to be the greater number of modes (the peaks in the density
function) which might indicate sub-populations within the data from the malignant tissue group.
Note the overall difference in shape between the probability density function estimates between
the three different tissue groups. The probability density function of the benign tissue group ap-
pears to be far more diffuse and non-centralised than either of the probability density functions
associated with the normal or malignant tissue groups. The probability density function of the
normal tissue group is centered on [R(214.4.4) (210245 = (1.4, —0.2) as compared to that of
the malignant group which is centered at [R(24.44), S(21,02,y)] = (0.9,—0.6). The red dots
indicate the position of the coefficient magnitudes (24,24 ), S(21,0,2,4)] for a random sample of
data from the validation data set. The coefficient magnitudes all fall within the non-zero regions
of the probability density function estimate that corresponds to their group. This provides us
with confidence that the probability density function estimates are a reasonable representation of

adaptive image transform coefficient magnitude.
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Despite the adaptive image transform coefficients associated with the third-order meridional
scattering ring having a relatively high probability of misclassification, these coefficients still
might convey useful diagnostic information and allow separation of tissue group to some extent.
It must be kept in mind that Figure 9.8 displays probability density function estimates for one
of the many possible filters, scales and locations of the adaptive image transform. Nonetheless
this figure demonstrates the general trend observed when inspecting all of the probability density
function estimates, which is that a certain degree of separation of the normal, benign and malig-

nant tissue groups is possible using each adaptive image transform coefficient independently.
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Figure 9.9: Probability estimates across locations for SAXS images (viewed at scale a = 2) of
normal (N), benign (B) and malignant (M) breast tissue.
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The adaptive image transform was taken of SAXS images from the validation data set, the
real and imaginary components of each coefficient at each filter, scale and location were plugged
into the bivariate probability density function estimates (from the previous step using the training
data) for each group and Bayes” rule applied. For the jth SAXS image in the validation data set
three arrays of probability were produced corresponding to the P; norm, P pen and P; ) arrays
in Section 8.2.9. Estimates of the posterior probability for each group are displayed for three
SAXS images in Figure 9.9, the scale is fixed at @ = 2 and all locations are displayed. The
probability estimates for only one scale are displayed because the P norm, P pen and P ) are
quite large and space does not permit displaying the full arrays for each SAXS image in the
validation data set.

The rows in Figure 9.9 correspond to the SAXS images, so that the symbol ‘N’ in the first
row indicates the sample known to have a normal pathology, the symbol ‘B’ in the second row
the benign pathology and the symbol ‘M’ in the third row the malignant pathology. The columns
correspond to the probability estimates, the first column corresponds to probability of being
normal tissue, the second column the probability of being benign tissue and the third column to
the probability of being malignant tissue. Therefore scanning across the top row of Figure 9.9
reveals the location dependent probabilities for the SAXS image of the normal tissue sample.

It seems very likely that the sample would overall be classified as being normal healthy
due to the large number of coefficients associated with a high probability of being normal. The
scale-location dependent probability estimates have also provided insight into the most promising
regions in the SAXS image for diagnosis. Observe that the greatest probabilities (of belonging
to normal tissue) are in the regions between the third and fifth meridional scattering rings. This
result supports the suspicions that it is the differences in the regions that are not readily visible
to the eye in that are crucial to accurate diagnosis. The adaptive image transform appears to be a

mathematical filter that is capable of detecting such differences.
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The second row of Figure 9.9 is associated with a SAXS image from a benign sample. The
amorphous scatter region again appears important but the specific regions are different from the
normal sample. Also note that a large proportion of the coefficients also return a high probability
of belonging to the benign group. There are some important exceptions, in particular compare
the probability benign estimate with that of probability malignant. The central disk region in
the SAXS image appears to be of importance, coefficients from this region have a very high
probability of being incorrectly assigned to the malignant group. This highlights the problems
associated with extracting a subset of coefficients for diagnosis. Incorrect selection will result in
unnecessary errors in classification.

The bottom row of Figure 9.9 reveals that a great proportion of the adaptive image transform
coefficients have a high probability of being assigned correctly to the malignant group. The
amorphous scatter regions of the SAXS image have highest probability whilst the central disk,
equatorial and meridional scattering rings regions has the lowest. In particular, the first-order
equatorial scattering rings have (in general) a greater probability of belonging to the benign
than the malignant groups. This result again highlights the importance of including all of the
information in the SAXS image, selecting only a few coefficients may produce a model that

correctly classifies one group at the expense of another.
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9.3 Estimating the Overall Posterior Probability of a SAXS

image belonging to each Group

The objective of this section was to estimate the overall posterior probabilities that SAXS im-
ages in an independent test data set belong to either the normal, benign or malignant groups.
To achieve this objective the methodology of Section 8.3 was be implemented. The arrays
Pjnorm; P pen and P 1) from the validation data set were averaged according to equation (8.16)
to produce the naive triplet of probabilities [Prob; norm, Perbj’ben, Perbjyma]]. The naive proba-
bilities were used to construct the raw histograms [ (Probporm ), i (Probpey ), Aum (Probya )], the
Walsh wavelet packet transform was performed on these raw histograms, the coefficient mag-
nitude modified and the inverse Walsh wavelet packet transform performed to yield the initial
probability density function estimates [(Probporm ), p(Probpep ), H(Probya)]- A separate adjust-
ment SAXS image data set was then used refine these probability density function estimates to
ensure the best classification performance. This refinement process was done according to the
methodology specified in Section 8.3.5. The refined probability density function estimates were

then used to classify the SAXS images in the test data set via Bayes” rule.

9.3.1 Histograms of Naive Probabilities Conditional on True Group

Figures 9.10 displays the histogram estimates of the naive probabilities as well as their corre-
sponding smoothed probability density function estimates. Each of these histograms and proba-
bility density function estimates was estimated using samples that were of known pathology. For
instance, the ‘Prob N’ histogram was constructed using naive probabilities from samples in the
validation set known to be in the normal group. The ‘Prob B’ histogram was constructed from
samples known to be in the benign group and the ‘Prob M’ histogram from samples known to be

in the malignant group.
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These naive estimators of the probability that a sample belongs to each group were inap-
propriate because they were produced by averaging of the probability arrays P; norm, P pen and
P mal forthe j = 1,..., Ny, samples in the validation data set. This averaging assumes that the
probability estimates at each filter, scale and location of the adaptive image transform coefficients
are mutually exclusive. This need not be the case and indeed it seems unlikely as neighbouring
adaptive image transform coefficients would be expected to have a certain amount of correlation.
The Walsh wavelet packet transform was used to produce probability density function estimates
(which are displayed on the bottom row of Figure 9.10) by retaining only select crystals and
then back-transforming. A separate adjustment data set was used to calibrate these probability
density function estimates in a way that maximised the correct number of classifications in each
group. Considering all the naive probability estimates within a group and optimising the number
of correct predictions on a separate data set allows for the refinement of the probability estimate
that a sample belongs to a particular group.

Inspection of the probability density function estimates (along the bottom row of Figure 9.10)
reveals that the Walsh wavelet packet method produces estimates that reasonably (visually) match
well with the histograms. There are several spurious lobes such as the one on the interval
[0.0, 0.2] for the ‘Prob N” probability density function estimate. One possibility is that the initial
naive probability estimates are too crude a starting point in some cases, but even in that scenario
the correction using an adjustment data set ensures that such artifacts are removed and therefore
do not mislead classification. Another possibility is that the lobes are the result of working with
a discrete data set. Walsh wavelet packet analysis functions belonging to a large scale might
have overlapped with only a part of the non-zero count region of the raw histogram of the naive
probability. The Walsh wavelet packet analysis functions would have then over-estimated the
size of the ‘jump’ in the raw histogram counts. The coefficients produced by these analysis func-
tions might have had a larger magnitude than those that would have been produced if there was a
greater amount of data in the sparse regions of the histogram. Subsequent removal of these coef-
ficients (by setting them to zero) using an adjustment data set might have optimised classification

but has also induced oscillations in the resulting probability density function estimate.
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This is because the spurious magnitude coefficients are more ‘significant’ to the analysis than
need be and their removal omits low scale components. These low-frequency components are
needed to cancel out the spurious oscillations of coefficient magnitude in the higher scales and
so their inadvertent removal can result in probability density function estimates with spurious
oscillations. This problem in the Walsh wavelet packet probability density function procedure
can be reduced in many cases by including more data. Despite the presence of ‘lobes’ these
probability density function estimates obtained were found to be sufficient for the application of

breast cancer diagnosis.
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Figure 9.10: Estimation of the wunivariate probability density functions
[p(Proby), p(Proby, ), p(Probp, )]. First row:  histograms of the naive probabilities

[Probporm, Probpen, Proby,i] (denoted Prob N, Prob B and Prob M), second row: uni-
variate probability density function estimates obtained using the Walsh wavelet packet basis and
an adjustment data set.
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9.4 Application of the Model to an Independent Test SAXS
Image Data Set

The methodology described in Chapters 7 and 8 was applied to an independent fest data set. The
data is considered independent as the SAXS images involved were produced using tissue from a
separate set of subjects and hence none of these images were used in prior model development.
The adaptive image transform coefficients of the SAXS images in the test data set were found, the
individual filter, scale and location probabilities estimated, the naive probabilities calculated and
then adjusted using the probability density function estimates [p(Proby ), p(Proby,), p(Proby)].
The probability that a sample (from the test data set) belongs to each group was calculated using
these probability density function estimates at fixed values of ‘Prob N, Prob B, Prob M’. The
sample is assigned to the group with the greatest magnitude of adjusted probability.

Note that the three adjusted probabilities that the sample belongs to each group need not sum
to one. This is perfectly acceptable and the model was designed to produce estimated in this
manner. Tissue samples from test data (those to be analysed in practice) are likely to contain
a mixture of tissue from each group. A tissue sample need not belong to an exclusive tissue
pathology. Each tissue sample is approximately ten milli-metres long and one milli-metre wide, it
is reasonable to expect that different parts of the sample may contain different tissue pathologies.
For instance, a situation that could arise when taking a biopsy that tissue is obtained that contains
normal tissue in the lower five milli-metres and malignant tissue in the upper five milli-metres
of the sample. Imaging with a SAXS camera would average out the signal from these two tissue
components, the adaptive image transform and the related methodology is designed to extract
both components of the signal from the SAXS image but when reporting the overall probability
it would be incorrect to use methodology that assumes that the sample contains exclusively one
pathology or the other. The probability estimation method by design takes this issue into account

and therefore the adjusted probabilities need not sum to one.
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Table 9.4 reports on the result of applying the SAXS image classification model that was
developed in this thesis to an independent test data set. Classification was performed by assigning
the sample to the group with the largest magnitude adjusted probability. The full set of probability
estimates for the samples in this table are reported appendix A. The classification results were
encouraging with only four out of thirty samples (of malignant pathology) being incorrectly
classified as normal. The total accuracy was 86.7 =+ 3.3%, with the accuracy conditional that
the samples were truly malignant being 60.0 +10%. The accuracy of the model in correctly
classifying malignant tissue samples was of concern and was investigated. The four samples
that were incorrectly classified as being of normal pathology had a high proportion of normal
healthy tissue present. This resulted in high levels of overall probability for both normal as
well as malignant tissue. The high proportion of normal tissue in samples labeled as malignant
may explain the reason for these classification errors and if all of the probability estimates are

inspected rather than using hard classification then these borderline cases can be identified.

Table 9.4: Assessment of the SAXS Image Classification Model using an
Independent Test Data Set.

Classification

N B M

N 10 O 0

True B | 0 10 O
M| 4 O 6

It must be stressed that ‘hard’ classification, assignment of a sample to a particular pathology
is erroneous in this application. Table 9.4 is a guide to compare classification results of the
model developed in this thesis to those of other researchers. Making informed decisions by
inspecting the probability arrays such as those produced in Section 9.2 and examining all three
of the overall probabilities such as those produced in this section is a sensible approach to the
problem. If a sample has a high overall probability of being normal as well as a high overall
probability (such as in the case of the samples that were incorrectly classified in the test data
set) than a practitioner can inspect these probabilities and make a judgement out the need for the
sample to undergo further scrutiny using other techniques. This approach appears to be a fair and

sensible application of the SAXS image diagnostic model.
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As a final assessment of the model that was developed in this thesis we compared our re-
sults to those of quadratic discriminant analysis models. The coefficients at location (z,y) =
(245, 145) of the Mexican hat wavelet transform were extracted for the thirty SAXS images in
the test data set. Recall that a coefficient at this location is associated with third-order meridional
scattering ring of the SAXS image. Therefore, the quadratic discriminant analysis models that
were fitted could be considered to be a classical analysis that used coefficients detected by visual
inspection from a fixed, off-the-shelf transform. Such models have been the focus of previous
SAXS image analysis models such as those of Falzon et al (2006).

Tables 9.5 and 9.6 display the confusion matrices (assessed by leave-one out cross-validation)
for the quadratic discriminant analysis models fit using Mexican hat wavelet transform coef-
ficients. Table 9.5 displays the results for the coefficients extracted from scale a = 2, lo-
cation (x,y) = (245,145), whilst Table 9.6 displays the results for scale a = 4, location
(x,y) = (245, 145).

Table 9.5: Classification of SAXS data using the Table 9.6: Classification of SAXS data using the

Mexican Hat Wavelet Transform Coefficients at Mexican Hat Wavelet Transform Coefficients at
Scale a = 2, Location (z,y) = (245, 145). Scale a = 4, Location (z,y) = (245, 145).
Classification Classification
N B M N B M
N|8 O 2 N|8 O 2
True B |2 6 2 True B |3 4 3
M|5 4 1 M| 4 4 2

Inspection of Tables 9.5 and 9.6 reveals that both quadratic discriminant analysis models per-
form poorly. The first classification model (at scale & = 2) has a total accuracy of 50.0 + 3.3 %,
note in particular that only one sample of malignant pathology is correctly classified. The sec-
ond classification model (at scale a = 4) has a total accuracy of 46.6 + 3.3 %, with only two
samples of malignant pathology corrected classified. These models perform poorly compared to
the adaptive image transform model developed in this thesis whose results are displayed in Ta-
ble 9.4. The comparison of the results of these models reinforces the success of the methodology

developed in this thesis.
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9.5 Summary & Conclusions to Application of the Model

This chapter has involved the application of the models and methods developed in Chapters 7
and 8 to four SAXS image data sets. Good separation of the data was achieved in a manner
that allowed insight into the actual differences between SAXS images produced by samples of
different tissue pathology. Final model assessment using an independent test data set produced
good results, but also highlighted the need to use all aspects of the model to make an informed

decision regarding the state of the tissue.



Chapter 10

Summary, Conclusions and Future

Directions

10.1 Summary

The central topic of this thesis has been the development of an improved diagnostic model of
breast cancer using small-angle x-ray scattering images. In order to meet this objective a range of
new image analysis and statistical modeling techniques were developed. Specific image analysis
tools created include the adaptive image transform (Section 7.2), the Gamma, Mellin, Chebysheyv,
Witch’s Hat and Zeta filter functions (Section 7.3) and a filter function selection algorithm based
upon the probability of misclassification (Section 7.4). The statistical tools devised to model
the adaptive transform coefficients of SAXS images included the XOR density estimation model
(Section 8.2.2), the Mexican hat contourlet transform (Section 8.2.4), non-parametric probability
density function estimation using extreme value theory (Section 8.2.8) and developing methods
to smooth data defined on the interval [0, 1] (Sections 8.3.3 and 8.3.5). These methods were
applied to four SAXS image data sets in Chapter 9 to produce an accurate classifier of breast

cancer.
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10.2 Conclusion

Recall that the objectives of this research project were:

a) To unite the capabilities of the adaptive transform in describing digital images and statisti-

cal inference within the framework of a mathematical model.

b) To develop a unified, comprehensive, objective and semi-automated method with which to

analyse SAXS images.

c) To apply both the transform and the associated model to the diagnosis of breast cancer

using SAXS images.

This thesis achieved its objectives:

i) A model was developed that used the coefficients of an adaptive transform of SAXS images

in a statistical model to classify tissue group.

ii) The model is unified, it starts with the original SAXS image and in a series of logical steps

produces three overall probabilities that the sample is one of three pathologies.

iii) The model is comprehensive in that it considers a large amount of SAXS image informa-
tion using a range of filter functions in order to search for any evidence (however) slight

that the sample belongs to a particular tissue group.

iv) The model is objective in the sense that the classification of group is based upon the prob-
ability estimates for which the methodology is explicitly defined. There is subjectivity in
the interpretation of the results, in particular whether a sample needs further assessment

but this is post implementation of the model.

v) The model is almost fully automated, aside from pre-processing the SAXS images just

need to be supplied to produce the probability estimates.

vi) The adaptive image transform and the associated statistical model was applied to SAXS

images of breast tissue.
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A number of desirable outcomes were the result of achieving these objectives:

a) A range of filter functions were developed to analyse SAXS images.

b) An adaptive image transform was developed that allows a variety of filter functions to be
used to analyse the same SAXS image, unlike the discrete wavelet transform which uses a

fixed wavelet analysis function.

c) The XOR model was developed as a method with which to store a large number of prob-
ability density functions in a manner that still retains the statistical properties of salient

image features.

d) The Mexican hat contourlet transform was developed in conjunction with coefficient thresh-
olding using the generalised extreme value distribution functions to estimate bivariate

probability density functions.

e) Coefficient thresholding methodology using the Mexican hat contourlet transform/generalised
extreme value distribution functions can be developed for any type of stochastic process
that can be simulated. It need not be confined to the heteroskedastic noise N'(0, 02), 02 ~

U(0,1) used in this thesis.

f) The Walsh wavelet packet transform can be used to estimate probability density functions

defined on the interval [0, 1] in such a way that optimises classification performance.

g) A general purpose transform and statistical methodology was developed that can be used
in a range of other SAXS image classification scenarios. The methodology of Chapters 7

and 8 just need to be reapplied to the new data set.
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A number of limitations exist in the model that has been developed:

i) Estimation of the probabilities at each filter, scale and location was heavily reliant on the
accurate estimation of the relevant probability density functions for each tissue group.
Poor estimates of the probability density functions could result in poor estimates of the

filter, scale and location probability.

i1) A large number of Shapiro-Wilk tests need to be performed in the XOR model step, de-
spite corrections ‘false discoveries’ can still result leading to the estimation of the proba-
bility density function non-parametrically. This increases the computational burden of the

model.

iii) Estimation of the univariate probability density functions using the Walsh wavelet packet

transform produced ‘lobe’ artifacts.

Despite these limitations the overall results of the classification model when applied to an
independent test data set were encouraging with twenty six out of thirty samples correctly iden-
tified. The ability to visualise the probability of each tissue group across filters, scales and
locations was of great utility. It provided insight and understanding into those regions of the
SAXS image most useful for identifying a particular tissue pathology. Furthermore it produced
evidence that selecting a small subset of transform coefficients for diagnosis can give mislead-
ing results and incorrect classification. The XOR probability density function estimation model
combined allowed for more compact representations of the probability density function estimates
whose storage could have otherwise been prohibitive. Calculation of the probability of error at
each filter, scale and location of the adaptive image transform revealed that the choice of filter
function was critical to extracting the information in the SAXS image indicative of tissue type.
It also revealed that the regions of the coefficient matrices associated with the third and fifth
meridional scattering rings had a higher probability of error than other regions. This was a very
important discovery as previous research such as that of Falzon et al (2006) focused on discrete

wavelet transform coefficients associated with these scattering features.
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10.3 Future Directions

This thesis is applied in nature with the main task being to produce an accurate classifier of
breast tissue pathology using SAXS images. Image analysis and statistical methodology had
to be developed in order to meet the challenges encountered and the results presented in this
thesis present several avenues of further investigation. These avenues can be divided into several

categories: image analysis, statistical and applied physics.

10.3.1 Image Analysis

Further applications of the adaptive image transform to other image data sets might prove useful.
Applications such as the detection of micro-calcifications (which may indicate of breast cancer)
in digital mammograms and the detection of objects in satellite imagery data are some of the
possibilities. In each instance the filter functions can be custom-designed to detect the objects of
interest.

Developing a general class of filter functions to apply to any image is also another possibil-
ity. This general class of functions would be designed to capture all of the image characteristics
in such a way that it would be known that each filter captures a particular characteristic. For
instance, filter function one in the library would be known to analyse the image for spatial fre-
quency, filter function two would be known to analyse the image for transient events such as
edges and so on. Whether such a general class of filter functions exists is (to the best of our
knowledge) unknown and would need to be proved. Furthermore finding such a general class of
filter functions could be challenging in practice.

The Mexican hat contourlet transform could also be applied to the analysis of images. It
might be useful in the removal of image noise. The majority of image noise removal algorithms
(based on the wavelet and contourlet transforms) assumes additive Gaussian noise. That is the
stochastic component of the image model is sampled from a A/(0, o%) distribution. This assump-
tion is too restrictive in practice with a range of other models for the stochastic component being
plausible. The joint Mexican hat contourlet transform/generalised extreme value distribution
coefficient thresholding methodology can be modified to suit the problem at hand, which is an

advantage over current image noise removal procedures.
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10.3.2 Statistics

Non-parametric bivariate probability density function estimation based upon the Mexican hat
contourlet transform deserves a thorough theoretical investigation to fully understand the sta-
tistical properties of the estimate. Comparisons of the efficiency of the estimator with those of
other methods (such as kernels or mixtures of Gaussians) would be of interest and guide us to the
suitability of the technique for general purpose bivariate probability density function estimation.

Creation of a non parametric density estimator that combines a range of basis functions might
also be useful for complicated probability density functions. Such an estimator might be useful
when the density function to be estimated contains both isolated peaks and broad, smooth trends
at certain orientations (smooth curves). A two-dimensional wavelet transform would likely cap-
ture the peaks efficiently but not the smooth curves, whilst the Mexican hat contourlet transform
would capture the smooth curves well but would average out the isolated peaks. A combined
estimator would allow each transform to capture particular features in the probability density
function and thereby offer a more competitive density estimation method.

Methods that allow functional data analysis of arrays of large dimension need to be devel-
oped. Such methods would have allowed us to estimate the overall probabilities that a sample
belongs to each group direct from the probability arrays of filters, scales and locations. Models
developed using the philosophy of functional data analysis might offer an opportunity to over-
come the problem of having many predictors (individual filter, scale and location probabilities)
with relatively few observations (SAXS images). The functional data analysis approach would
negate the need to estimate the naive probabilities, thereby avoiding a loss of (potentially com-
plex) spatial relationships amongst the filter, scale and location probabilities which might provide
superior classification performance. Further exploration and development of statistical methods
to perform functional data analysis on arrays of large dimension could offer further improvement
in SAXS image diagnostic models.

Multiple statistical testing was used in the XOR model in order to determine between a non-
parametric and parametric fit for each coefficient. The problems associated with multiple sta-
tistical testing were reduced by using corrections based upon the false discovery rate technique.
Nonetheless, developing the theory and methods specifically for image analysis applications
where correlations amongst false discoveries are likely is of interest and may yield superior re-

sults.
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10.3.3 Applied Physics

Finally, there are many practical applications of the model in biophysical settings. The model
could be applied to the analysis of SAXS images produced by other cancers or it could be refined
to provide a more detailed breast cancer diagnosis such as predicting the exact pathology or stage
of the disease. Physical scientists could use the results of the filter, scale and location probabili-
ties to develop a deeper understanding of the differences in the structure of normal, benign and
malignant breast tissue. Imaging cancer samples at synchrotron facilities might be a costly and
impractical solution and there may well be a need to extend the model to allow analysis of SAXS
images produced by cheaper and more compact x-ray sources.

The methodology of cancer diagnosis using SAXS imaging is continually being refined and
further model development must be maintained to keep up with and guide future advances. The
SAXS breast cancer diagnosis project has offered challenges to and motivated several advances
in the field of statistical image analysis. At the same time the results of statistical image anal-
ysis have fed back into the physical sciences, allowing greater understanding of complex and
demanding problems. We hope this thesis has served not only to develop a diagnostic algorithm

but also to demonstrate a harmonious union between the physical and statistical sciences.
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Appendix A: Probability Estimates of the Test Data Set

P, B P,
046 025 0.29
049 0.18 0.33
043 0.17 0.39
043 029 0.29
040 031 0.29
046 0.26 0.27
0.50 0.25 0.26
049 025 0.26
049 025 0.26
0.50 0.25 0.26
022 043 0.26
0.27 0.53 0.25
0.24 048 0.24
0.23 054 0.22
0.32 043 0.26
0.20 043 0.37
0.21 043 0.37
0.21 043 0.37
0.19 042 0.39
0.19 042 0.39
047 022 0.52
026 0.22 0.52
025 029 046
0.21 035 044
0.27 030 043
0.21 035 044
045 0.19 0.34 %
036 032 032«
0.37 027 0.36 %
040 0.29 0.32%

2222222222 WOWBORMBIOEZZZZ2ZZ2Z2Z2ZZ

Posterior probability estimates of the model on independent test data (rounded to two decimal
places). First column: true class, Second column: P, probability estimate of sample being
normal healthy tissue, Third column: P, probability estimate of sample being benign tissue and
fourth column: F,, probability estimate of being sample malignant pathology. The symbol ‘x’

indicates that the sample was incorrectly classified using ‘hard’ group assignment.
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