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Abstract

This thesis develops statistical methods for investigating small angle x-ray scattering (SAXS)
images of breast tissue of three different pathologies: normal, benign and malignant. The objec-
tive was to thoroughly examine the images and detect those features indicative of malignancy.
The tissue sample which is the source of the SAXS image is approximately ten millimetres long
and one millimetre wide. In comparison, the structures of interest are on the nanometre scale
and therefore we would expect that in practice each sample is a mixture of the different tissue
pathologies. This mixture of different pathologies will have a bearing on the overall classifica-
tion of the sample. Conventional classification models will tend to use data that has been reduced
to those components that show the most variation. However in this case, even trivial amounts of
feature suggestive of malignancy must be retained as they might be influential in the classifica-
tion of tissue type.

The mathematical strategy adopted in this thesis relied on a series of transforms along with
the resulting interpretation of their coefficients. An adaptive transform that used a range of filter
functions was applied to the SAXS images. The coefficients from this transform that had an
acceptable probability of misclassification were retained and the others rejected.

Probability density functions were estimated for each group, filter, scale and location index
of the retained adaptive image transform coefficients. Where possible a bivariate Gaussian prob-
ability density function was used to obtain a parametric estimate, where this was not possible
non-parametric estimates were obtained by smoothing bivariate histograms of coefficient magni-
tude using the Mexican hat contourlet transform. Smoothing was achieved by first modifying the
Mexican hat contourlet transform coefficient magnitude according to a generalised extreme value
distribution weighting function and then applying the inverse Mexican hat contourlet transform.

The probability density function estimates were then used in Bayes’ rule to estimate the prob-
ability that the sample belonged to each group for each filter, scale and location indices of the
adaptive image transform coefficients. This allowed the identification of those adaptive image

transform coefficients most indicative of malignancy.

v



Three estimates were also found that encoded the overall probability that the sample belonged
to the normal, benign or malignant tissue groups. This estimate was found by first averaging
over the array of filter, scale and location probability estimates for each group and then estimat-
ing univariate probability density functions (of these averages) using the Walsh wavelet packet
transform. These probability density functions were then calibrated using an independent adjust-
ment data set in order to produce more accurate probability estimates. The overall probability
estimates could then be found for future observations by first calculating the naive average prob-
abilities (across filters, scales and locations) for each group and then adjusting these probabilities
using the univariate probability density functions. The statistical methodology developed in this
thesis was then applied to an independent SAXS image data set with good classification results

achieved.
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