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ABSTRACT
In this thesis, we present a systematic investigation of the wavelet feature space for
automated biological and biomedical image classification. This thesis addresses the lack of
generalizability in past research regarding the parameterization of the wavelet feature space.
Specifically, we aim to identify trends in the four parameters in wavelet feature extraction: the
wavelet basis function, the number of levels of decomposition, the specific detail spaces from
which statistical features are calculated, and the types of statistical features. Identifying these
trends is crucial for the design of complex, automated imagery analysis systems. This research
ultimately impacts many areas, especially biomedical research and medical diagnostics in regards
to high throughput imagery analysis.
We have experimented on a wide variety of publically available 2D microscope imagery
datasets, representative of different modalities of microscope imaging, including phase contrast,
fluorescence, brightfield, and differential interference contrast (DIC) microscopy. These datasets
represent many common classification tasks, such as identification of subcellular organelles, age,
gender, and diet classification, cancer type classification, and genotype-from-phenotype
classification in gene knockout cells. We have also experimented on MR imagery of the human
brain for Alzheimer’s disease to contrast the 2D and 3D imaging modalities. This presents the
currently challenging classification problem of differentiating normal individuals from
individuals with mild cognitive impairment and Alzheimer’s disease. In total, we have selected
10 datasets consisting of more than 5000 images total, allowing us to use 13 independent
multiclass classification experiments to explore the wavelet feature space.
To complete our research goal, we have created a feature extraction pipeline that sweeps
across the four critical wavelet feature parameters. Each dataset is converted into a wavelet
feature representation, and evaluated using a feature ranking, feature subset selection, and
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classification pipeline. The classification performance and feature subset selection rates govern
our evaluation of the wavelet feature parameter space.
This work has identified several key results regarding the parameterization of wavelet
feature extraction. First, many imagery classification problems can favor one (or two) wavelet
basis function(s). The follow-on to this is that the selection of a wavelet basis function is both
dataset specific, and task specific within the same dataset, and there is no “magic bullet” wavelet
basis as has been suggested in previous research. We have identified four univariate statistics
(variance, kurtosis, entropy, and channel energy) that are relevant across many different
classification problems with many combinations of other parameters. We have noted the
“clustering” selection of gray level co-occurrence matrix (GLCM) statistics, a tendency for a
particular classification experiment to favor all orientations of a particular GLCM statistic. We
have noted the significance in terms of selection frequency of the highest and lowest levels of
wavelet decomposition. We have significantly improved performance on image classification
problems involving common model organisms, such as mice (95% for age classification, and
98% for gender classification, as compared to 51% and 69% in literature) and the C. elegans
worm (78.5% for age classification as compared to 60% in literature). We have identified
sequential forward feature selection as an excellent feature space compression method for wavelet
features, achieving feature space compression ratios as high as 10-4. Finally we have identified
future directions for further investigation into the wavelet feature space, most notably search
methods for the wavelet parameter space.
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Chapter 1
Introduction

Premise
Wavelets are a powerful tool in imagery analysis [1]. One need not look far to find
cutting edge applications for wavelets in the realm of image processing and machine learning.
The IEEE press alone has more than 10,000 articles that match keywords “wavelet feature” and
“wavelet classification”. Wavelets are considered highly relevant in the area of biological image
classification [2], among many other applications. However, it is often the case that the wavelet
transform itself is taken for granted, and researchers do not consider many of the free parameters
of the wavelet transform. A cursory survey of current research shows several trends. One trend is
that a specific wavelet basis may be used based on empirical performance or used without
justification, such as [3–7], or simply omitted, such as [8], [9]. Another trend is that the Haar and
Daubechies basis wavelets are used as the “canonical” choice, such as [10–15]. In both cases, the
parameterization of the wavelet transform is considered beyond the scope of the document, and is
ignored. In the cases where wavelet basis selection is discussed, it is difficult to translate the
selection to other applications, such as [16–20], as the results are not discussed in a widely
generalizable way. To the point, repeating the search for optimal wavelet transform parameters is
a symptom of the root cause, a lack of understanding of the affects of the parameters of the
wavelet transform for feature extraction.
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Problem Statement
The goal of this thesis is to gain insight into the parameterization of the wavelet
transform, especially in regards to computer classification of biomedical imagery. We propose a
wavelet feature search across many different imagery collections, with the overarching theme of
microscope imagery classification. By observing selection trends across publicly available
imagery collections, we generalize results from feature selection. We have selected a biological
image repository, IICBU 2008 [21], and a collection of MRI brain scans from ADNI [22].
This experimental procedure begs many questions. Does a single wavelet type or family
perform well on a variety of classification tasks or datasets? Is wavelet selection task or data
specific? When are wavelets not useful in classification? What statistical features are useful in
the wavelet basis? Is any particular detail space more useful than another? Are there desirable
parameterizations of the other free parameters of wavelet transform, e.g. levels of decomposition?
Are other broad trends that can be identified in regards to these parameters, for example in
regards to image modality or preparation? Are wavelet features stable in regards to data
partitioning?
The choice of imagery for the experiments allows us to ask further questions in regards to
those imaging collections. Are wavelets good at “age” problems, which are currently considered
hard? What is the performance of a wavelet-only classifier, and can it perform at par with current
methods in literature? Similarly, we can ask questions about both the feature space and feature
selection methods, which we will discuss further in chapter 3. Is Augmented Variance Ratio
(AVR) score a good predictor of any of the parameters for the wavelet space after feature
selection algorithms? Does Sequential Forward Selection (SFS) perform consistently, and enable
accurate classification? Are certain features more prevalent than others when calculated in the
wavelet basis?
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Areas of Impact
The data we select to conduct our experiments has a direct impact on several areas of
research, aside from the basic questions we wish to answer. A detailed discussion of the data is
found in Chapter 3. The two main sources of data are IICBU2008 [21], a 2D biological and
cellular imaging dataset, and the MRI image data from the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) [22], a large research effort into Alzheimer’s disease.

Alzheimer’s Disease Research
Alzheimer’s disease is the 6th leading cause of death in the United States, with no known
cure [23]. The economic burden of Alzheimer’s disease is significant, with current direct costs
estimated at $200 billion and projections as high as $1.1 trillion by 2050, not including indirect
financial effects [23], [24]. Research into Alzheimer’s disease a high priority in the medical field,
but still many questions about the mechanisms and pathology of the disease exist [25]. One of
the methods of study of Alzheimer’s disease is that of brain imagery, MRI and its variants [22].
Computer understanding of brain imagery can aid in the understanding of disease pathology and
early diagnosis [22], [26], [27].

Model Organisms and Aging Research
In lieu of human subjects, model organisms are used to study medicines, disease
progression, and normal life processes. The process of aging is only moderately understood;
thirty years of research leave many open questions [28]. It is a complex process driven by
developmental pathways with influence from the surrounding environment and affected by
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stochastic components. Model organisms, such as the worm C. elegans [29–34] and the mouse
[28], [35], [36] are often employed in aging research. While there are many avenues for studying
the pathology of aging, one of the most widely available is imagery analysis, both of the whole
animal, e.g. [37], [38], and of tissues and cellular samples, such as those in [21]. The ability to
automatically and consistently quantify these characteristics is a limiting factor in research [39–
41] , and invites a computer algorithm solution.

High Throughput Image Analysis
Many research and medical procedures involve the analysis of imagery. Often, standard
practice is to have a highly-skilled individual analyze imagery, a time consuming task prone to
human error and inconsistency. As such, high throughput, automated analysis of microscope
imagery has been an active area of research [21], [39–45]. Many benefits arise from automated
analysis. There are obvious gains in speed and scope of potential experiments, but also gains
from objective, repeatable, and analyst-independent results. Computer algorithms can capture
details too subtle for human detection [39–41]. Among current algorithmic and software
offerings, two basic dichotomies exist, user assisted [46], [47], versus fully automatic [3], [4],
[48], and specific purpose macro- or workflow-driven [34], [41], [44], [49], versus general
purpose image classification [3], [4], [48].

Structure of the Thesis
Chapter 1 contains an introduction and motivation for the thesis, along with the areas of
impact. Chapter 2 presents previous research relevant to this thesis. We cover previous research
attempts into optimally parameterizing the wavelet transform, both on synthetic, and real world
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data. Then we cover performance of algorithms that have used the data we propose to use, such
that we can answer secondary questions about each classification problem we examine. Chapter
3 covers the data that is used for the experiments. First, the technical aspects of the data are
covered, the structure, continents and modality. Then, the relevance of the data is given. Chapter
4 gives deep detail into the methods of the experiment, including, data pre-processing, feature
extraction, data partitioning and conditioning, feature ranking, feature selection, and final
classification. Chapter 5 presents results for each data classification experiment, beginning with
summary results and broad trends. Then detailed results for each experiment are presented.
Chapter 6 presents the conclusions of the thesis, essentially connecting the results from Chapter 5
to the research questions asked in Chapter 1 and previous research from Chapter 2. Chapter 6
also covers future work, and identifies new questions that have been raised from the results and
conclusions.
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Chapter 2
Previous Research
In this chapter we will review results exploring the wavelet feature space and methods on
the selected data. First, we cover research effort in the wavelet space, searching for features and
parameterization. Then we will note both current methods for high throughput image analysis.
This leads us to discuss current performance on the datasets we have chosen, covering IICBU
2008, standout subsets thereof, and ADNI 1. We will highlight how our research expands on
these base inquiries and answers broader questions.

Wavelets
The wavelet transform is well established in the realm of signal processing. It can be
viewed as a change of basis for a signal, and as a decomposition into spatial-frequency bands.
The wavelet transform has many applications in signal analysis, some of which we will review
below. Other notable applications are in areas such as de-noising [50–53], and compression [54–
58], amongst other applications. For an understanding of the mathematical framework of the
wavelet transform, we refer the reader to foundational materials such as [59], or any number of
texts, such as [1], [60], [61]. We will not cover the mathematical framework of the wavelet
transform, as it is beyond the scope of this thesis, and is well documented in the previously
mentioned sources.

7
The Wavelet Feature Space
There has been some research interest into selecting the best parameterization for the
wavelet transform [6], [7], [16–20], [62–65]. Often, the primary goal for wavelet-related research
is an algorithmic task, and the selection of the “best” parameterization of the wavelet transform is
in support of that task. Sometimes the optimization focuses on the transform itself, and other
times it focuses on the features computed in the wavelet space, and sometimes both. We will
analyze wavelet transform parameterization in two broad groups, studies that focus on texture
collections, such as Brodatz [66] and VisTex [67], and studies focused on real world applications
and problem-specific datasets.

Work with Texture Collections and Synthetic Data
[63] is an early research effort into selecting the best wavelet transform parameters for
texture classification and segmentation tasks. Scaled and rotated Brodatz textures [66] are used
for classification in the first experiment, composed into synthetic images for the second
experiment, and synthetic images were generated for the third experiment. Wavelet bases
examined are Harr, Daubechies (Db2, Db4), and Biorthogonal (Bior x.y: 1.1, 1.3, 2.2, 2.4, 2.8,
2.1), as well as a non-orthogonal Gabor basis. Other modes of variation are number of levels of
decomposition (1, 3, 4, 5, and 8), and feature extraction window size, and window overlap. The
features computed in each detail space include mean, normalized channel energy, the standard
deviation, and the average residual. Feature ranking and selection are not used, but rather subset
groups of features are used, the wavelet basis and the number of levels of decomposition being
the modes of variation. Results pointed to the Daubechies wavelet family as performing the best
overall followed closely by the Haar basis, and then by the biorthogonal family; the Gabor basis
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was not competitive. The second and third levels of decomposition provided the most
information, with no more than four levels of decomposition necessary for 256x256 images. We
would like to note, that the Brodatz textures [66] are extremely regular, and not representative of
the semi-regular texture images we plan to investigate.
[64] is a systematic effort to evaluate many wavelet basis functions in terms of their
practical applicability to texture classification. It attempts connect filter qualities, such as
regularity, shift variance, and number of vanishing moments, to actual performance.
Classification experiments are conducted using the Brodatz textures [66], using 100 128x128
pixel samples from each of the 512x512 pixel images, with and without added noise. We would
like to note the high level of correlation between samples used in this experiment; they are a poor
representation of intra-class variance in texture classification. Wavelet basis functions surveyed
are Haar, Daubechies (sorted by most vanishing moments and most regular), biorthogonal (Bior
x.y : 1.3, 1.5, 2.2, 2.4, 3.1, 3.3, 3.5, 4.4), and reverse biorthogonal (Rbio x.y : 1.3, 1.5, 2.2, 2.4,
3.1, 3.3, 3.5, 4.4). This study uses a slightly different naming convention for wavelet basis
functions, where some of the Daubechies wavelet basis functions we would refer to as
biorthogonal. Similar to [63], no feature ranking or selection is used, and whole groups of
features are tested on the classification problem, with the modes of variation being wavelet basis,
and levels of decomposition (2 and 4). Channel energy is the only statistic used. When using the
entire feature set, performance was nearly 100% for all basis wavelets. We would conjecture this
could be due in part to unnaturally small intra-class variance created by redundantly sampling the
source textures. In a secondary experiment, detail spaces are ranked by total amount of channel
energy, and the top k channels (k=5..8) were used for classification. They conclude that low shift
variance (a property of symmetric filters), a “reasonable number” of vanishing moments, and
linear phase are important properties of successful wavelet basis functions. These characteristics
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are present in even length biorthogonal wavelet basis functions, which generally have the best
performance. A lack of these characteristics is attributed to the Daubechies wavelet basis family.
[7] focuses keenly on statistical features extracted from the wavelet detail spaces,
overlooking the wavelet basis selection problem. This study uses VisTex [67] database as an
alternative to the Brodatz texture set. Using the symlet 20 wavelet basis and three levels of
decomposition, statistical and gray level co-occurrence matrix (GLCM) features are extracted
from whole-image (512x512) and non-overlapping image subsets (4 256x256, 16 128x128, 64
64x64) of textures. 24 statistical features are calculated and 35 GLCM features are extracted
using a total of four different orientations, 0°, 45°, 90°, and 135°. This statistical extraction
procedure is very similar to the one we will use in the methods chapter. Results show that the use
of both statistical and GLCM features yields better results than either set alone. Classifications
made using whole-image wavelet decomposition only were the most computationally efficient,
and performed at 97.68% accuracy. The whole-image method was slightly edged out at the four
non-overlapping subimage method, performing at 97.80% accuracy. The remaining subset
methods performed similarly, but were slightly inferior in terms of performance. This slight
difference of 0.12% is arguably negligible, and considering the massive increase in complexity,
points toward the whole-image method as best.
While not directly related, we can note similar research paths using the wavelet packet
transform. [62] presents a statistical framework for analyzing the wavelet packet transform. It
attempts to make the feature space search more intelligent by noting that different wavelet basis
functions and channels are not independent. It examines the similarity and correlation between
normalized channel energy features from the Haar and Daubechies (Db4) and attempts to extend
this into a feature selection and classification framework. It is benchmarked using Brodatz
textures [66], and several unique Brodatz-like textures. [65] attempts classification of Brodatz
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textures using Daubechies wavelets (Db6, Db20), and channel energy and entropy statistics
calculated for each detail space.

Recent Work with “Real” Data
[16] proposes the use of wavelet energy features for automated classification and
diagnosis of glaucoma in the human eye, via analysis of 2D color imagery. This challenge poses
a binary classification problem. This study uses the wavelet transform on grayscale versions of
the color images, and treats each image as a “whole texture”, extracting features without spatial
localization. The features used are two variants of channel energy, and the wavelet bases used are
Daubechies (Db3), Symlet (Sym3), and Reverse Biorthogonal (Rbio x.y: 3.3, 3.5, 3.7). Features
are normalized then ranked by statistical measures. The feature subset search is accomplished by
a number of algorithms in the WEKA data-mining toolbox [68], including sequential forward
selection. Classification is attempted using several different algorithms, including naïve Bayes,
support vector machine (SVM), sequential minimal optimization (SMO), and random forest. [16]
performed well using the various classification configurations, often performing at 85-95%
accuracy depending on configuration. This paper notes that channel energy features from the
diagonal wavelet space of both the Db3 and Rbio3.3 were most informational. [16] emphasizes
the value of the “whole texture” approach, as this methodology can identify features that are
present throughout the whole image and too subtle for the human eye to detect. The methodology
employed in this paper is similar to the methodology we will employ across a number of datasets.
[6] uses a pipeline approach to analyze hyperspectral imagery from areal cameras in a
multiclass classification problem. One branch of the pipeline uses principle component analysis
to select the most significant bands in the hyperspectral image, and these bands are decomposed
using the wavelet transform. The Daubechies Db2 wavelet is used to complete a one level
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wavelet transform on each 142x142 pixel band image. Gray-level co-occurrence matrix (GLCM)
[69] features are calculated in each wavelet detail space and the approximation space. GLCMs
were calculated one pixel displacements at orientations of 0°, 45°, 90°, and 135°. From the
GLCMs, mean, variance, homogeneity, dissimilarity, contrast, entropy, angular second moment,
and correlation were calculated, as defined in [69]. Classification is attempted with naïve
Bayesian classifiers, SVMs in a one-versus-one ensemble, and decision trees. Tests with and
without wavelet features, and varying statistical features found the inclusion of wavelet features
to contribute positively to classification accuracy and that the mean, variance and homogeneity
were the most discriminative wavelet-GLCM features.
[17] attempts to select the optimal wavelet family and feature extraction window size for
infrared satellite imagery of clouds. Cloud images are segmented, and statistical, geometrical,
and texture features, both wavelet and non-wavelet, are extracted. This paper draws from the
following families of wavelets: Haar, Daubechies (Db4, Db5), Symlet (Sym2), Coiflet (Coif1),
Biorthogonal (Bior1.1), Reverse Biorthogonal (Rbio1.1), and Discrete Meyer. We would like to
note that the Bior1.1 and Rbio1.1 wavelets are identical to the Haar wavelet. This paper
examines extremely small sliding window sizes of 3x3, 5x5, 7x7 and 9x9, and computes a two
level decomposition using the mean and standard of the detail spaces as features. These window
sizes are much smaller ones we have seen in other studies, and contrary to recommendations from
sources such as [11] which recommend a minimum of 32 x 32 for a one level transform for
calculating statistical features in a subspace. Furthermore, some of these wavelets have regions
of support larger than the window. In terms of predictive performance, the Haar and Symlet
wavelets coupled with a 5x5 sliding window perform the best.
[18] attempts not only to select optimal parameters for a wavelet transform, it also varies
the type of wavelet transforms used. The selected task is the analysis of EEG data for braincomputer interfaces. EEG data is a group of time-synched 1-dimensional signals, each signal
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corresponding to a single electrode or electrode cluster placed on the scalp. This study explores
the standard wavelet transform and the wavelet packet transform, and uses a feed-forward neural
net for comparison. The number of wavelet basis functions surveyed is broad and includes Haar,
Daubechies (Dbn, n=2..20), Symlet (Symn, n=1..20), Coiflet (Coifn, n=1..5), biorthogonal and
reverse biorthogonal (specific basis functions not given), and discrete Meyer for a total of 77
wavelet basis functions. Up to eight levels of wavelet decomposition were used. The wavelet
coefficients from each channel, as well as the channel energy are used as features. Classification
was accomplished via SVM using features derived from each wavelet basis and wavelet
decomposition method; no feature ranking or selection is used. The data set posed three different
subset problems, based on type of mental task. Different wavelet types proved most effective for
different tasks. For motor tasks, best performance was recorded using standard wavelet
decomposition, two levels deep, with the Sym17 basis. For cognitive tasks, best performance was
with the wavelet packet transform, three levels deep, with the Db11 basis. For affective tasks, the
wavelet packet transform with three levels of decomposition using the bior3.5 basis provided best
performance. It is interesting to observe that, within the same dataset, best performance by task
may not involve the same wavelet basis.
While not using the wavelet transform, [20] attempts to find the optimal wavelet basis for
a wavelet packet transform for EEG data. Using a sliding window of 256 samples, 10 Daubechies
and 7 Symlet wavelets are used to compute a 3-level decomposition. The wavelet detail spaces
are used to parameterize an autoregressive model, which forms the final feature vector.
Classification is accomplished by quadratic discriminant analysis (QDA), on each group of
features by wavelet basis. The Daubechies Db2 wavelet had the best performance overall.
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High Throughput Imagery Analysis
ImageJ [46] is a mature imagery analysis tool, originally developed with biological
imagery in mind. It holds many similarities to photo editing software: underlying algorithms are
obscured or “black box”, and functionality is created through user interactive workflows.
OMERO [47] is similar in concept and implementation to ImageJ, however it includes database
management for large imagery sets. Neither package is inherently designed for machine learning,
only physical manipulation and user-assisted metrology from imagery.
CellProfiler [41], [43], [44] is a software suite designed for the automated analysis of
imagery of cells, cell colonies, and tissues. It couples machine learning tools with macro-driven
and automatic feature extraction. Many of the feature extraction tools are task-specific, e.g. C.
elegans worm tracking, or cell nucleus analysis, and new problems require new modules for data
analysis.
WND-CHARM [3], [4] is a generic image classification engine, targeted for biological
images, although theoretically generally applicable. WND-CHARM uses the same approach for
all classification tasks. WND-CHARM frames the image classification problem as a supervised
learning problem. Features are extracted from an image using a variety of transform spaces and
statistics, and feature subset selection is used to increase classification accuracy. A number of
research efforts from the Laboratory for Perception Action and Cognition (LPAC,
vision.cse.psu.edu) research group have followed this methodology. Supervised-learning
automatic image classification pipelines have been developed to study brain MRI images for a
number of applications including brain cancer [70], [71] and Alzheimer’s [26], [27], [48], [72]
research among other biomedical applications [73].
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Dataset Performance

IICBU 2008
The IICBU 2008 [21], [74] dataset was released in conjunction with the WND-CHARM
algorithm [3], [4]. The WND-CHARM algorithm [3], [4] and its derivatives [42], [75] report
some of the more competitive numbers in literature for all of the datasets. However, there are
several other approaches that yield similar or better results. A summary of the comparable
performance in literature is given in Table 2-1, with the relatively poor performing datasets in
yellow.
Table 2-1 Best Performance on IICBU 2008 [21], [74]
Data (Subset)
2D HeLa
CHO
Pollen
RNAi
C. elegans Muscle
C. elegans Terminal Bulb
Binucleate
Lymphoma
Mouse Liver Age (AL)
Mouse Liver Gender (AL)
Mouse Liver Gender (CR)

Comparable Classification
Rate
97.1%
95±1%
96±2%
82%
60±2%
55±2%
100%
97±1%
51%
69%
99%

Source

Year

[76]
[42]
[42]
[3], [4]
[42]
[42]
[3], [4]
[42]
[3], [4]
[3], [4]
[3], [4]

2008
2009
2009
2008
2009
2009
2008
2009
2008
2008
2008

WND-CHARM [3], [4] is a generic image classification pipeline that approaches image
classification and regression as a supervised learning problem. Modified versions of the
algorithm [42], [75] operate with the same principles, but include the use of image pyramids and
adjacent sub-band images. First, the input image transformed using a number of common
transform spaces, and compound -transform (transform-of-a-transform) spaces, including Fourier,
Wavelet, and Chebyshev bases and combinations thereof. We would like to note that they only
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use one wavelet basis, symlet-5, and only one level of decomposition, utilizing only the detail
spaces, regardless of image size. No rationalization is given for the choice of wavelet basis.
Using the original image and the transformed images, a large number of statistical features and
texture descriptors are computed. Numerical features are ranked using the Fisher discriminant
score, and the top 15% are kept. Classification is performed using a variant of K-nearest
neighbors, weighted neighbor distance (WND). In the case of regression, numeric targets are
grouped into bins, and classified. The final numerical value is “interpolated” using the Pearson
correlation score between the two closest numeric bin-classes. The authors admit to the immense
computational complexity of the feature extraction process, and do not comment much on
frequency of selection or stability of feature types.

2D HeLa
[76] presents an application specific method for classifying the 2D HeLa imagery. This
method uses a subset of the features computed with the original publication of the dataset,
contained in [77]. The array of features is similar to that of WND-Charm, utilizing several
transform spaces and statistics. The novel approach of [76] involves using the ensemble classifier
method of random forests, and is benchmarked against a support-vector machine approach. The
classification rates reported are highly sensitive to data-partitioning and random-forest
parameterization, suggesting that this classification method must be tuned for each specific
application. Only three different training-testing data partitions were used for each experiment,
begging the question of the consistency of the best performance.
More recently, [78] attempted to set a higher performance mark on 2D HeLa using a
complex classification scheme. [78] uses the original features calculated in [77], and augments
them with features calculated using the curvelet transform. The classification method is a
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multilevel ensemble method, random subspace neural network ensembles using a random linear
oracle. The random linear oracle method involves partitioning a training set into two groups via a
random hyperplane, each half going to a separate model. This effectively creates a miniensemble, each oracle taking the place of a single model in an ensemble method. Multi-layer
perceptron is the base classification method. The best performance is 95.7% on a 100-fold cross
validation.

ADNI 1
There have been more than 350 publications written in conjunction with the ADNI data,
with a review given in [79]. Even more research efforts with different data have focused on the
problem of Alzheimer’s Disease. We wish to specifically focus on methods relating to the two
classification experiments we will conduct, the classification of MRI scans as control (CTL), mild
cognitive impairment (MCI), and Alzheimer’s (AD), and the classification of MRI scans into
male and female gender. We would note that many of the results using ADNI are reported as
groups of binary classification problems, with performance given in terms of sensitivity and
specificity. While sensitivity and specificity are highly valued in the realms of pathology and
medicine [80], there is no standard definition multi-class classification problems, or conversion to
accuracy. Furthermore, it is difficult to compare a set of uncoupled binary classifications to a
multiclass classification.
In regards to Alzheimer’s classification with ADNI [79] notes that SVM
classification was the most popular method, often leveraging a specifically targeted feature
extraction approach. [81] presents a review of ten current methods of MRI image classification
using the ADNI database. In [82], brain images from ADNI are heavily pre-processed and
segmented. Features are extracted using an atlas-based approach, and the large number of
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features is weaned using several different methods. [82] Treats the disease classification
problem, as three discrete binary classification problems, CTL vs. AD, CTL vs. MCI, and MCI
converting to AD vs. stable MCI. The average best performance for CTL vs. AD is given as
84.3%, and for CTL vs. MCI as 67.3%.
[83], [84] examines a number of human attribute and pathological classification problems
using MRI brain scans, including gender and Alzheimer’s disease. This study does not use ADNI
data, but rather a very similar imaging set, the Open Access Structural Imaging Series [85]. A
tree structure is recursively mapped into the brain using graph-based shape analysis. Sub-graph
matching produces a feature vector which is classified by an SVM. [83], [84] achieves a
classification accuracy of approximately 70% or 88% for Alzheimer’s disease or control; the
higher performance mark comes from an age bias (younger individuals) in the control group. We
should note that this was a binary classification problem and did not include a MCL class. For
gender classification, they achieve rates of 81.2% correct when features are allowed to exist in
any region of the MRI, including the skull.
[48] presents a data driven approach to the analysis of MRI scans for Alzheimer’s and
gender classification, amongst a number of other classification problems used to demonstrate a
generally applicable classification pipeline. [48] Does not use ADNI, but rather uses two similar
MRI datasets, the Alzheimer’s Disease Research Center (ADRC) [86] and the Cardiovascular
Health Study (CHS) [87] MRI data. Features from the MRI images are extracted as a part of the
brain registration process. A rigid and then deformable transform is used to map the brain to a
brain atlas, creating a deformation field. A number of local statistical features are calculated from
tiled versions of the tensor field and the registered brain image. These features are processed
using the feature screening and feature selection pipeline that is the focus of [48]. Best
performance (based on pipeline configuration) for gender classification is reported at 87.8±4.5%
correct. Best performance for Alzheimer’s disease classification is much more difficult to
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interpret. Many performance values are given, ranging from 30-60% correct, with standard
deviation error bounds as high as 50%. This indicates instability in the classification process, and
demonstrates the difficulty of Alzheimer’s diagnosis.
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Chapter 3
Data
In this chapter, we will discuss the two primary data sets to be used in the thesis. We will
overview the contents and source of the data to be used in the experiment. We will give some
context for the data that connects it to the topics discussed in the motivation chapter. We will
briefly overview some technical details of the data, including the modality of imaging, the details
of acquisition, any post processing, and the storage format.
The first dataset is IICBU 2008 [21], a collection of 2D biological image sets focusing
on cellular and tissue data typical of microscope analysis. IICBU 2008 incorporates previously
researched data along with new data. The second dataset is ADNI 1 MRI imagery [22], [79], a
subset of the data collected by Alzheimer’s Disease Neuroimaging Initiative (ADNI). It is a
collection of clinical data and 3D volumetric brain scans relating to the study of Alzheimer’s
Disease.

IICBU 2008
IICBU 2008 [21], [74] is a collection of biological imagery sets consisting of microscope
images. It represents current research problems of automated high-throughput microscope image
analysis. Aside from discriminative classification, there are many potential research problems
that this dataset addresses. Such problems include linking genotype to phenotype and visible
morphology, quantitative cellular metrics, the aging process, cellular segmentation, and variation
in sample preparation, to name a few. IICBU 2008 consists of four modalities of microscope
imaging: phase contrast, fluorescence, DIC, and brightfield. This collection largely consists of
cellular data in the form of tissue samples, cells, and subcellular organelles. Published in
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conjunction with the data itself is all the numeric features calculated with the WND-CHARM
algorithm [3], [4].
IICBU2008 is broken into nine different datasets which are summarized in Table 3-1. A
description of each dataset, example images, and notable publications are given below. Example
images taken from [21], [74] are shown after.

Table 3-1 Summary of IICBU2008
Dataset

Number of
Classes

Total # of
Images

Microscopy

Pollen

7

630

Phase Contrast

RNAi

10

200

Fluorescence

DAPI

4

252

Fluorescence

phalloidin

7

970

DIC

Binucleate

2

40

Fluorescence

DAPI

Lymphoma

3

375

Brightfield

H+E

Mouse Liver

2/2/4

850

Brightfield

H+E

2D HeLa

10

860

Fluorescence

various

CHO

5

340

Fluorescence

C. Elegans
Muscle
C. Elegans
Terminal Bulb

Stain or
Contrast

The number of images for each dataset is approximately equally distributed across all classes. For the
Mouse Liver dataset, there are multiple labels creating several orthogonal classification problems. The
number of images refers to the total number that is available in the set.

Pollen
The pollen dataset, shown in Figure 3-1, consists of images of seven different kinds of
pollen. The images are 25 x 25 pixels, stored as 8 bit grayscale TIFF, and consist of a single
pollen grain each. The pollen dataset was originally published in [88] as an automated
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identification benchmark dataset. Compared to the other image sets in IICBU 2008, and can be
processed by intensive algorithms quickly; It is the oldest image set in the benchmark suite.

(a) Plantago lanceolata

(b) Quercus robor

(c) Alnus glutenosa

(d) Polypodium vulgare

(e) Rumex acetosella

(f) Conopodium majus

(g) Dactylis glomerata
Figure 3-1 Pollen Grain Imagery
Exemplar imagery by pollen type, (a) Plantago lanceolata, (b) Quercus robor, (c) Alnus
glutenosa, (d) Polypodium vulgare, (e) Rumex acetosella, (f) Conopodium majus, (g)
Dactylis glomerata. These images have been enlarged for easier viewing, original size is
25 x 25 pixels, from [74].
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RNAi
RNA interference (RNAi) or RNA silencing is a powerful tool in biological research. By
observing the effects of knockout experiments, inhibiting a particular sequence of genetic code,
one can understand the effects of various sequences of RNA [89]. Better understanding of RNA
interference not only affects basic research, but also areas such as therapeutic medicine [90], [91]
and drug discovery [92]. Reviews of current techniques and applications of RNAi are presented
in [89], [93]. High-throughput microscope screening is one typical technique for analyzing the
effects of knockout, and comparing multiple knockout experiments [94–96]. The goal of this
type of imagery is to link phenotype morphology to gene expression, as well as grouping related
genes with similar phenotypic expression [21].
IICBU 2008 presents fluorescence imagery from D. melanogaster (fly) cells subjected to
ten different RNAi knockouts. The imagery is stained with DAPI to enhance the nuclei, shown in
Figure 3-2. The images are 1024 x 1024 16 bit grayscale TIFF. Image classes are labeled
according to the specific sequence that was knocked out.
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(a) CG3733

(b) CG3938

(c) CG8114

(d) CG9484

(e) CG12284

(f) CG17161

Figure 3-2 RNAi Imagery
Exemplar imagery of six different gene knockdowns, (a) CG3733, (b) CG3938, (c)
CG8114, (d) CG9484, (e) CG12284, (f) CG17161. These images are cropped versions of
whole microscope slide images of many cells, 300 x 300 pixel subset for detail visibility,
contrast adjusted for visibility from [21].
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C. elegans
C. elegans is a common model organism used in biological and biomedical research [29].
One current research application is the study of the mechanisms and process of aging, a process
that is still not well understood [28]. Aging is a complex process with developmental, stochastic,
and environmental factors. To study this complex problem, C. elegans is often employed [29–
34], [49], [97], [98]. An overview of physiological and biochemical changes related to the aging
process of C. elegans is presented in [31]. Imagery has often been a target for aging research, as
it can be processed through high-throughput microscopy. Various anatomical structures in C.
elegans have been studied, including neurons [32], intestines [97], cell nuclei [98], [99], sexual
organs [99], and the terminal bulb [34], [49] and muscle tissue [33], the last two represented in
IICBU 2008. The terminal bulb and muscle tissue is presented as a time series.
The C. elegans muscle age images are 1600 x 1200 16 bit grayscale TIFF images, and the
C. elegans terminal bulb images are 300 x 300 16 bit grayscale TIFF images. Figure 3-3 displays
the four time snapshots of muscle tissue, and Figure 3-4 displays seven time snapshots of the
terminal bulb.
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(a) 1 day

(b) 2 days

(c) 4 days

(d) 8 days

Figure 3-3 C. elegans Muscle Imagery
Exemplar Imagery of C. elegans muscle, at (a) 1 day, (b) 2 days, (c) 4 days, (d) 8 days,
contrast adjusted for detail visibility from [74].
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(a) 0 days

(b) 2 days

(c) 4 days

(d) 6 days

(e) 8 days

(f) 10 days

(g) 12 days
Figure 3-4 C. elegans Terminal Bulb Imagery
Exemplar imagery by increasing age, (a) 0 days, (b) 2 days, (c) 4 days, (d) 6 days, (e) 8
days, (f) 10 days, (g) 12 days, contrast adjusted for detail visibility, from [74]. Observe
that the bulb structure deteriorates with age.
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Binucleate
The binucleate screen is another analysis in determining the affect of a chemical or
genetic knockout on cellular tissue. If the chemical or knockout interferes with the cellular
division process, this leads to cells with two or more nuclei [21]. This could be considered
related to the widely used micronucleus assay [100], [101], which identifies failures in cellular
division and the creation of partial or extra nuclei. These types of screens can observe genetic
damage and have applications in both cancer and reproductive research [21], [102–104].
The IICBU 2008 dataset contains images of binucleate and normal cells from D.
melanogaster (fly), shown in Figure 3-5. The images are 1280 x 1024 16 bit TIFF.

(a) binucleate

(b) normal

Figure 3-5 Binucleate Imagery
Exemplar imagery of (a) binucleate cells and (b) normal cells. These images are cropped
versions of whole microscope slide images of many cells, 400 x 400 pixel subset for
detail visibility, from [74].
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Lymphoma
Lymphoma is a cancer that affects the lymph nodes in humans. Diagnosis based on
cellular imagery is labor intensive, requiring manual analysis by a specialist [105]. Furthermore,
there is notable variation in sample preparation between technicians, even when following a
standard protocol [21]. The lymphoma dataset, involves the classification of three different types
of lymphoma, a problem difficult for human experts [21], [106]. Lymphoma types are
differentiated by visible features of the affected cells [105], [106]. Other methods of diagnosis
include gene expression profiling [107], ECR-MRI imaging [108] and PET and CT scans [109].
The features that identify lymphoma and its subtypes may not be present uniformly or in every
cell in a sample [106], a challenge typical of many pathological specimen analysis problems.
The IICBU 2008 dataset includes imagery of the three most common types of lymphoma,
chronic lymphomatic leukemia (CLL), follicular lymphoma (FL), mantle cell lymphoma (MCL).
The images are 1388 x 1040, 32 bit color TIFF images with H+E stain, examples shown in Figure
3-6.
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(a) chronic lymphomatic leukemia (CLL)

(b) follicular lymphoma (FL)

(c) mantle cell lymphoma (MCL)
Figure 3-6 Lymphoma Imagery
Exemplar imagery of three different kinds of lymphoma, (a) chronic lymphomatic
leukemia (CLL), (b) follicular lymphoma (FL), (c) mantle cell lymphoma (MCL). These
images are cropped versions of whole microscope slide images of many cells, 300 x 300
pixel subset for detail visibility, contrast adjusted from [21]. Not the variation in stain in
the sample images.
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Mouse Liver
The mouse liver dataset is a cellular tissue imagery dataset. This dataset has three modes
of variation, the gender of the mouse, the age of the mouse, and the diet of the mouse, calorie
restriction (CR), or ad-libidum (AD). It was originally published as part of AGEMAP [110], a
gene expression database for mice. There are many potential experiments that can be structured
from this dataset depending on how the data is subset. [21] observes that livers on the AL diet
pose a harder challenge for classification than livers on the CR diet. [74] notes that as compared
to the lymphoma dataset that was prepared by many researchers, and displays notable variation in
H+E stain, all of the mouse liver slides were prepared by a single researcher over a short period
of time following a standard protocol to attenuate H+E stain variation. This is the only data set
with a time-series component in IICBU 2008 aside from the C. elegans imagery.
The liver images are 1388 x 2040 32 bit color TIFF images. Sample images from the set
are given in Figure 3-7, and the number and type of each class of images are given in Table 3-2.

Table 3-2 Mouse Liver Dataset Breakdown
Diet
AL
CR

Sex
Male
Female
Male
Female

Age
1 Month
100
100
None
None

6 Months
150
115
150
153

16 Months
100
162
None
101

24 Months
149
152
None
None
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(a) 1 month old female on AL diet

(b) 6 month old male on CR diet

(c) 16 month old female on CR diet

(d) 24 month old male on AL diet

Figure 3-7 Mouse Liver Imagery
Exemplar mouse liver imagery, (a) 1 month old female on AL diet, (b) 6 month old male
on CR diet, (c) 16 month old female on CR diet, (d) 24 month old male on AL diet.
These images are cropped versions of whole microscope slide images of many cells, 300
x 300 pixel subset for detail visibility, contrast adjusted from [21].
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CHO and HeLa
The Chinese Hamster Ovary (CHO) dataset is the second oldest dataset in IICBU 2008
originally published in [111] in 1998. CHO is a dataset that focuses on the identification of
subcellular organelles and cellular structures. 2D HeLa was published afterward in [77] in
2001with the same research thrust as CHO, but provides more structures for identification. [77]
also contains a set of numerical feature vectors that were calculated to characterize the 2D HeLa
data.
One of the original research thrusts of these datasets was the ability to localize proteins
in a cell. The location of a protein relative to other known functional proteins or structures is
often a strong indicator of the purpose of the protein [77], [111]. Even very similar proteins can
be differentiated, as processes are often localized to one portion of the cell [77], [111]. Both
datasets have been researched over the last decade and have been benchmarked by numerous
algorithms.
CHO images are 512 x 382 16 bit grayscale TIFF, with five different classes of imagery
as shown in Figure 3-8. 2D HeLa images are 382 x 382 16-bit grayscale TIFF, and examples of
six of the ten classes are shown in Figure 3-9. The subcellular organelles are tagged with a
variety of targeted dyes specific to that structure. Each image is of a single subcellular structure,
cropped on a black background. It is important to note that these datasets overlook the inherent
complexity of locating subcellular organelles in a single-cell or multi-cell sample.
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(a) anti-giantin

nop4
(d) anti-nop4

(b) Hoechst 33258

(c) anti-lamp2

(e) anti-tubulin
tubulin

Figure 3-8 CHO Imagery
Exemplar imagery from the Chinese Hamster Ovary (CHO) dataset, (a) anti-giantin
giantin, (b) Hoechst
33258, (c) anti-lamp2, (d) anti
anti-nop4, (e) anti-tubulin.. Note: the name is determined by the stain
used, not the structure.
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(a) actin

(b) mitochondria

(c) nucleolus

(d) microtubules

(e) endoplasmic reticulum

(f) DNA

Figure 3-9 2D HeLa Imagery
Exemplar imagery of subcellular organelles from the HeLa dataset, (a) actin, (b)
mitochondria, (c) nucleolus, (d) microtubules, (e) endoplasmic reticulum, (f) DNA

ADNI
The Alzheimer’s Disease Neuroimaging Initiative (ADNI) [22], [79] is an ongoing
research effort intensely focused on the discovery and development of treatments for
Alzheimer’s disease. The study involves many modalities of data collection, including but not
limited to: MRI, FDG-PET, PiB-PET, numerous biosamples, GWAS, lumbar puncture, and
general health information [112]. As documented in [79], there has been great inquiry into the
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data generated from this experiment. Specifically for the purpose of this thesis, we focus on the
MRI imagery collected in the study, specifically ADNI 1. The MRI images of ADNI 1 have been
acquired on a variety of 1.5T MRI scanners, and the scanning protocol is documented in [113].
After acquisition, the images have been compensated for various non-uniformities, including
image geometry distortion due to gradient non-linearity, intensity non-uniformity due to coil nonuniformities, and intensity non-uniformity due to wave and dielectric effects [113].
The images are stored as NIFTI 3D volumetric images, each brain image being
approximately 50 MB in size. They are coupled with metadata that includes basic information
about the patient: the age, gender, diagnosis, and date of the scan. Most patients have multiple
scans taken at different time points. Each image is (256 x 256) x 192 voxels, with the first
dimension (x) increasing from left to right, the second dimension (z) increasing from posterior to
anterior, and the third dimension (y) increasing inferior to superior, relative to the reference frame
of the skull. An example image is given Figure 3-10, as rendered by [114].
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Figure 3-10 Example ADNI 1 MRI Image
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Chapter 4
Methods
First, we shall quickly restate the core research questions to frame the experimental
methods, and then we will present the experimental framework that attempts to answer these
queries.
The same basic experimental procedure has been applied to each dataset. Some
parameters are designed to scale with data size, and some are dependent on the dimensionality of
the data. We present a general overview of each experimental procedure and then elaborate on
each step for each dataset. The experimental framework can be broken into two independent
steps, feature extraction and feature selection and classification. Each image is passed through a
feature extraction pipeline, to convert the images into a wavelet feature space. After an entire
dataset has the wavelet features extracted, the dataset is passed through the feature ranking,
selection, and classification pipeline. Each dataset is run through the pipeline many times with a
random data partitioning strategy to validate results. The main processing environment for both
portions of the experiment is the MATLAB programming environment, along with some thirdparty MATLAB libraries.

Core Research Questions
One research goal of this thesis is to attempt to understand the parameterization of the
wavelet transform and the wavelet feature space. This involves examining the basis wavelet
functions, the levels of decomposition, the detail spaces, and the statistics used. We wish to
observe trends in all of these parameters and see if it is possible to generalize. Are particular
wavelets suited to a task or group of tasks or data with common characteristics? Can we find
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significant configurations to enable the construction of better general and task specific
classification algorithms? Recalling our secondary task, can we improve the accuracy of
currently open algorithmic-task problems with a wavelet-only classification algorithm? Is there
any particular class of problem that benefits more from a wavelet treatment?

Feature Extraction
The datasets used in this experiment, ADNI 1 and IICBU 2008, do not require any
special pre-processing prior to feature extraction. The ADNI 1 MRI images [113] have been
previously corrected for various nonlinearities present in MRI imaging, as described in the data
section.
To begin feature extraction, the image is loaded into the processing environment using
standard image processing libraries. The ADNI 1 images are handled by [114]; after initial
loading, they are treated as a three dimensional array. The IICBU images are treated as 2D
arrays. Color images are cast to grayscale using the standard conversion of averaging the three
color channels to form a single intensity channel.
A given image is subjected to a number of different wavelet decompositions using
different wavelet basis functions, similar to the groupings given in Chapter 2. It has been recently
shown that wavelet information can contain some of the most relevant information in biological
image classification [2]. The wavelet basis functions used for the IICBU 2008 and ADNI 1
datasets are given in Table 4-1. Two dimensional wavelet decomposition is used for the IICBU
2008 images, and three dimensional wavelet decomposition has been used for the ADNI 1
images. The number of basis functions used on ADNI 1 data was reduced from the IICBU 2008
set due to the increased computational complexity of the three dimensional wavelet
decomposition. The bolded basis wavelets are the reduced set used with ANDI 1.
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The wavelets have been have been chosen due to past research interest (see Chapter 2)
and based on their widespread availability in a number of scientific computing packages and
programming languages, including MATLAB [115], [116], python [117], Java [118], and C++
[119], for example. This selection of wavelets is based on a sampling of the currently
implemented wavelet basis functions found standard in these systems readily available for
incorporation into any application.
Table 4-1 Wavelet Basis Functions
Type
Haar
Biorthogonal
Reverse Biorthogonal
Daubechies
Symlet
Coiflet
Discrete Meyer

Specific Implementation
haar
bior1.3, bior1.5, bior2.2, bior2.8, bior3.1, bior3.3, bior3.9, bior4.4,
bior5.5, bior6.8
rbio1.3, rbio1.5, rbio2.2, rbio2.8, rbio3.1, rbio3.3, rbio3.9, rbio4.4,
rbio5.5, rbio6.8
Db5, Db10, Db15, Db20, Db25
Sym5, Sym10, Sym15, Sym20, Sym25
Coif1, Coif2, Coif3, Coif4, Coif5
dmey

Note: All wavelet basis functions were used for 2D image experiments. The bolded wavelet basis functions
were used for 3D image experiments. The reduced set of basis functions was necessary for the added
computational complexity of the 3D data.

The images are decomposed using a standard discrete wavelet transform decomposition
in to detail spaces and an approximation space. The number of levels of wavelet decomposition
for any given image is based on a recommendation from [11], which states that the number of
pixels in the smallest subimage should be greater than 16 x 16 pixels. Based on that
recommendation, we have used the rule based on the smallest dimension of the image, given in
Table 4-2. It is immediately obvious that the pollen dataset cannot meet this criterion as the
original images are too small at 25 x 25 pixels; in this case we used one level of wavelet
decomposition. Since all images in a given dataset are the same size, we generate the same
number of subimages for a given input image. The number of subimages generated from a given
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wavelet decomposition is given by Equation 4.2, where d is the dimensionality of the signal or
image, and l is the number of levels of wavelet decomposition.
Table 4-2 Levels of Wavelet Decomposition based on Image Size
Smallest Image Dimension
4096 or greater pixels or voxels
2048 to 4095 pixels or voxels
1024 to 2047 pixels or voxels
512 to 1023 pixels or voxels
256 to 511 pixels or voxels
128 to 255 pixels or voxels
64 to 127 pixels or voxels

Levels of Wavelet Decomposition
7
6
5
4
3
2
1

(2 − 1) ∗  + 1

4.1

For each set of subimages from a given wavelet-basis decomposition, a number of
statistical features are calculated. We use statistical features rather than wavelet coefficients of
the subimage directly to reduce the potential feature space by orders of magnitude. The features
can be broken down into two categories, basic pixel/voxel statistics, and gray level co-occurrence
matrix (GLCM) statistics [69]. The basic image statistics treat each pixel or voxel as
independent, and make calculations on the whole set of pixels. The list of statistical features is
given in Table 4-3. All statistics are defined in the standard sense, with generic implementations
in [115]. Included with the pixel statistics is normalized channel energy, as described in [11],
given in Equation 4.2. In Equation 4.2, N is the number of pixels in the subimage, and xi is a
pixel in the subimage.
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Table 4-3 Statistical Features for Pixels and Voxels
Mean
Variance
Skewness

Minimum
Maximum
Range

ℎ

Kurtosis
Entropy



1
   = | |


4.2



The calculation of GLCM statistics is a two step process. First, the GLCMs must be
calculated for the given subimage. The second is the calculation of statistics that derive from and
describe a given GLCM. The two free parameters in the creation of a GLCM are number of
intensity bins and the displacement. We have arbitrarily chosen eight intensity bins, the default
for the 2D GLCM optimized code. GLCM entries are based on taking a pixel and comparing it
with a pixel at the given displacement. The choice of displacement can greatly affect the
resultant GLCM, especially the image displays a particular spatial orientation or repeating
pattern. For this reason we use several different displacements to create multiple GLCMs for a
given subimage. For 2D subimages, we have calculated GLCMs for four of the possible eightneighbor connected pixels, consisting of 0°, 45°, 90°, and 135° degree one-pixel offsets relative
to the central pixel. For 3D subimages, we leverage the optimized 2D GLCM libraries to
calculate 3D GLCMs; there is no readily available n-Dimensional GLCM computation library.
We calculate the four one-pixel offset GLCMs for 2D images, relative to three different 2D stacks
of the voxel images. We calculate GLCMs for X-Y slices, X-Z slices, and Y-Z slices. This
creates a total of 12 GLCMs for each 3D subimage.
From each GLCM we calculate four statistical features from [69], contrast (also called
variance or inertia), correlation, energy (also called uniformity or angular second moment), and
homogeneity. These GLCM features are given in Equations 4.3 to 4.6 as implemented in [115].
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In these equations, i and j refer to the intensity bins in the GLCM, p(i,j) refers to the normalized
GLCM, µ i, σi and µ j, σj refer to the mean and variance of the ith and jth rows and columns of the
GLCM. Thus, for each 2D subimage we calculate 16 GLCM features, and for each 3D subimage,
we calculate 48 GLCM features.
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We present a summary of the feature extraction process in Table 4-4. An image
in the dataset is loaded and decomposed with a variety of wavelet basis functions using the
discrete transform. From each transform set of subimages, a number of statistical and GLCMderived features are calculated. These features are concatenated into a feature vector, which
describes the whole image. This process effectively transforms a given imagery set into a set of
numeric vectors that can be processed by the feature selection and machine learning pipeline.
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Table 4-4 Feature Extraction Summary
Dataset
Pollen
RNAi
C. Elegans Muscle
C. Elegans Terminal
Bulb
Binucleate
Lymphoma
Mouse Liver
2D HeLa
CHO
ADNI 1

Levels of
Decomposition
1
5
5
3

Number of Subimages
per Image
3+1=4
(5 * 3) + 1 = 16
(5 * 3) + 1 = 16
(3 * 3) + 1 = 10

Number of Features
per image
3700
14800
14800
9250

5
5
5
3
3
2

(5 * 3) + 1 = 16
(5 * 3) + 1 = 16
(5 * 3) + 1 = 16
(3 * 3) + 1 = 10
(3 * 3) + 1 = 10
(2 * 7) + 1 = 15

14800
14800
14800
9250
9250
21375

Feature Pre-Processing
Before the features are used in any experiments, they are conditioned to with a number of
numerical issues in mind. First, all the features are linearly scaled to the range of [-1, 1]. [120],
[121] note the sensitivity of classifiers to the scaling of features. [48] Demonstrates the best
performance for linear scaling of features as opposed to other static scaling functions on a number
of different datasets used for classification. Equal dynamic range of features helps improve
numerical stability as all features are roughly in the same magnitude range. It is also especially
important in classifiers that use a distance metric, such as K-nearest neighbors. Finally, linear
scaling addresses the above issues without changing underlying distribution of the feature values.
During the calculation of the numerical features, under very specific circumstances, it is
possible to create highly numerically unstable features. These unstable features have values near
positive and negative machine epsilon, and near positive and negative infinity. In some cases, the
programming environment automatically converts these to the special numerical values of Not a
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Number (NaN), zero, and plus and minus infinity. In other cases, this causes a metric, such as
one of the GLCM metrics to saturate at one of its limits, e.g. one. We automatically remove
features with these values from the set. We also remove features that are identical across all
classes with a soft threshold requiring at least three unique values to be present for a given
feature. The identical value case usually the result of a metric saturating as previously described.

Data Partitioning
After initial unusable features are used, we have our set of features to be used in the
experiment. In order to validate results, a data partitioning scheme must be used to verify that we
achieve the same result with different subsets of the data. For each classification experiment, we
determine the class with the smallest number of examples. We use 90% of this number (rounded)
as the number of training examples for each class. This prevents biasing any metrics and the
classifier towards one particular class based on incidence alone. The elements in the training set
are randomly selected in each iteration. The remaining examples are used as testing examples.
Data partitioning occurs before each set of experiments. The AVR-rank only experiments use
100 random data partitions, and the AVR-rank SFS experiments use 200 random data partitions.
This also allows the calculation of variance intervals around the average performance, and allows
us to gauge algorithm robustness to input data.
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Feature Ranking
Prior to the final feature subset selection, the set of features for each dataset is narrowed
using feature ranking. Features are scored using Augmented Variance Ratio (AVR) [48], [72],
[122–126] given in Equation 4.7. AVR scoring attempts to measure the usefulness of a single
feature by observing the intra-class variance, the inter-class variance, and separation of class
means of a feature. [48] demonstrates the effectiveness of AVR as compared to other feature
ranking metrics using a wide variety of imagery sets. AVR does not measure redundancy
between features, and does not screen out highly correlated or similar features.
In Equation 4.7, f is a feature, var(f) is the variance of f across all classes, C is the
number of classes, var(fi) is the variance of a feature for the ith class, and mean(fi) is the mean of
the feature for the ith class.
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The AVR score is calculated from the training data partition, and the ranking is applied to
both the training and testing data partitions. We perform several classification experiments using
only ranked features. This is detailed in the classification section. The purpose of these
experiments is also to determine reasonable bounds for feature selection, as performing a search
on the entire feature space is computationally prohibitive in most cases.
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Feature Subset Selection
Feature subset selection is a common strategy used in computer learning problems. By
eliminating redundant and un-informational features, accuracy improves and computational
savings occur. For an overview of feature subset algorithms and strategies, we refer the reader to
the following reviews: [127–131].
Wrapper methods [132] take a results-driven approach to feature selection. The
classification performance of a specific classifier on a subset of the features determines the
inclusion, exclusion, or relative value of the features. One of the modes of variation of wrapper
methods is the feature space search strategy. While the global optimal solution can only be
guaranteed when all possible feature subsets are analyzed, this is combinatorially and
computationally prohibitive for any realistic search space. Some search strategies include
sequential forward selection (SFS) [133–135], sequential backward selection (SBS)[133], [134],
take L remove R[136], and sequential forward floating selection (SFFS) [137].
Using AVR as a ranking mechanism for the features, the top 600 scoring features are narrowed to
determine an optimal feature subset. To determine an optimal feature subset, we use sequential
forward selection with a soft convergence constraint, shown in
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Algorithm 4-1. The canonical implementation of SFS has the algorithm converge on the
first iteration where the best classification performance on the candidate set is less than that of the
previous iteration. It has been empirically observed that the best performance can dip in a single
iteration, only to improve above the two previous iteration’s performance. It is for this reason we
use the modified convergence criteria.
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Algorithm 4-1
1. Initialize the selected features group as an empty set, and the search space as all
available features.
2. For each feature in the search space:
a. Create the candidate set by the union of the selected set and the next
unselected feature in the search space.
b. Perform a classification with the candidate set of features using the
training and testing data.
c. Record classification performance with the candidate selected group.
3. Find the best classification rate in all the candidate sets. Load best candidate set
into the selected set, and remove it from the search space.
4. Record best classification rate for the iteration
5. Check Convergence Criteria:
a. Completed at least 5 iterations? Yes, continue, No, go to 2.
b. Completed the maximum number of iterations? Yes, go to 6, no,
continue.
c. Is the best classification rate for the current iteration the worst of the last
5 iterations? Yes, go to 6, No go to 2.
6. Return the selected set of features with the best performance over all iterations of
the algorithm (note: the best feature set may not be the last iteration)
SFS can be implemented with any classifier, however computational constraints must be
considered, due to the large number of classifications necessary to complete just one data
partition. For this reason, we use the K-nearest neighbor classification algorithm, specifically
using K=7 and a Euclidean distance metric.

Classification
There are hundreds of algorithms and multi-algorithm strategies for performing the task.
However, simple algorithms, such as K-nearest neighbors (KNN) and naïve Bayesian classifiers
continue to remain relevant. They are compact and computationally efficient as compared to
many of the more complex schema. [3], [4], [48], [138–141] are examples of research where the
KNN family of algorithms has performed well at complex data tasks. Furthermore, there is much

49
current research into variants of the KNN algorithm, such as [140], [142–144]. Much the same
can be said about the naïve Bayesian classifiers, with current research examples such as: [145–
149].
A number of classification experiments are run on the data during feature ranking, feature
subset selection, and final classification. After feature ranking, we perform a number of KNN
classification experiments using various numbers of features. Classification is attempted using a
30-point logarithmically spaced sampling for the number of features used, from 1 feature to the
maximum number of features in the set. The features are added in order of AVR rank, as in, the
highest scoring AVR features are used for classification first, and then supplemented by lower
scoring AVR features until the entire feature set is used. Each classification number of features is
run for 100 different partitions of the data. This allows us to evaluate incremental performance
gains with the inclusion of more features, as well as allows us to observe trends of feature
significance and AVR scores.
For feature subset selection, we record the classification performance as each feature was
added to the selected feature subset. This allows us to observe speed and trends in convergence.
For the final classification, three different classifiers were used. KNN with k=7 and Euclidean
distance metric, and two different naïve Bayesian classifiers. The first naïve Bayesian classifier
assumes multivariate normal distributions with a diagonal covariance matrix, and a shared
covariance for each class. The second naïve Bayesian classifier also assumes multivariate normal
distributions with a diagonal covariance matrix, but it allows each class to have its own
covariance matrix.
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Chapter 5
Results
In this chapter, we will discuss the results of the experiments. First, we will present
several summary statistics, and then dataset-specific performance. Results are grouped by
dataset-experiment, first the datasets in IICBU 2008, followed by the ADNI 1 dataset. We will
draw attention to important patterns and metrics that will be touched on further in the conclusions
section. First we present the overall best classification performance. Then we will discuss the
specifics needed to interpret each experiment’s result. Then we report each dataset’s individual
performance with more granular detail.

Summary Results

Performance
Table 5-1 contains the results of the first half of classification experiments, where
features are added incrementally according to AVR score rank. Table 5-2 contains the final
classification performance using SFS feature selection on the top 600 AVR scored features. We
have highlighted both tables using the following rule: greater than three percentage points better
than best reported literature numbers is colored green, within three percentage points is yellow,
and less than three percentage points less is in red. We have used this definition as not all
literature reported performance bounds. For Table 5-2, Naïve Bayes (1) refers to the naïve
Bayesian classifier with an across-class shared variance estimate, and Naïve Bayes (2) refers to
the naïve Bayesian classifier with a different variance estimate for each class.
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Table 5-3 highlights the difference in performance before and after the use of SFS. We
can observe the number of features at the best performance mark before and after SFS. It is clear
that SFS can provide a great computational savings by reducing the feature set. This means that
only a few features need to be calculated, as opposed to the massive feature space. Many of the
experiments experienced a minor degrade in performance after the application of SFS. By itself,
this could be interpreted too small a search space, a flawed search strategy, or simply uninformational features. We answer this question by delving deeper into the dataset performance.
We would like to note that we do not have a direct comparison for ADNI 1 disease classification,
since only binary classification results are presented in the literature.

Table 5-1 Classification Performance for AVR Ranked Features Only
Experiment
Pollen
RNAi
C. Elegans Muscle
C. Elegans Terminal
Bulb
Binucleate
Lymphoma
Mouse Age AL
Mouse Gen AL
Mouse Gen CR
2D HeLa
CHO
ADNI 1 Disease
ADNI 1 Gender

Literature
Perf.
96±2%
82%
60±2%
55±2%

KNN-AVR Best
Rate
93.76±2.83 %
84.60±8.00 %
78.46±4.38%
51.06±2.18%

Number of
Features
484
1433
14205
4655

Number of
Classes
7
10
4
7

100%
97±1%
51%
69%
99%
97.1%
95±1%
N/A
87.8±4.5%

100.00±0.00%
86.22±3.71%
95.07±1.20%
98.07±1.19%
99.64±0.57%
76.94±2.64%
86.43±2.42%
42.30±6.21%
83.01±3.12%

52
10286
7362
10238
14235
543
1914
10724
15

2
3
4
3
3
10
5
3
2

Greater than three percentage points is green, within three percentage points is yellow, and less than three
percentage points is red.
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Table 5-2 Classification Performance for SFS-Selected Features from AVR Ranking
Experiment
Pollen
RNAi
C. Elegans
Muscle
C. Elegans
Terminal
Bulb
Binucleate
Lymphoma
Mouse Age
AL
Mouse Gen
AL
Mouse Gen
CR
2D HeLa
CHO
ADNI 1
Disease
ADNI 1
Gender

Avg. Sel.
Features
6.17±1.23
5.21±1.69

Lit.
Perf.
96±2%
82%

KNN
Performance
90.5±4.57%
76.03±10.00%

Naïve Bayes
(2) Perf.
81.73±9.49%
69.38±15.15%

#
Class
7
10

76.32±6.59%

Naïve Bayes
(1) Perf.
81.21±8.49%
71.15±11.42
%
69.17±8.43%

6.44±2.23

60±2%

73.50±7.96%

4

9.06±3.32

55±2%

48.33±2.81%

38.69±3.18%

40.32±3.49%

7

2.62±1.12
12.50±4.71
12.50±4.83

100%
97±1%
51%

100.00±0.00%
76.05±8.81%
94.70±1.52%

99.60±4.00%
56.74±5.29%
53.80±5.47%

98.59±5.14%
55.41±5.41%
59.62±4.47%

2
3
4

12.55±3.97

69%

94.25±2.32%

70.41±3.68%

73.31±4.17%

2

8.11±5.85

99%

93.79±4.63%

92.71±3.60%

90.90±3.87%

2

15.89±6.51
12.86±4.54
7.34±3.73

97.1%
95±1%
N/A

75.97±3.96%
90.88±2.62
44.99±6.20%

61.33±5.79%
84.32±3.89%
33.98±5.57%

60.54±5.26%
88.38±3.88%
34.03±4.59%

10
5
3

8.56±3.86

87.8±
4.5%

83.43±3.19%

72.44±8.84%

71.13±9.57%

2

Greater than three percentage points is green, within three percentage points is yellow, and less than three
percentage points is red.
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Table 5-3 Performance and Feature Space Compression Ratio of SFS
Experiment

Best Performance Difference Feature Space Compression
(percentage points)
Ratio
Pollen
-3.26
012.40 E-3
-8.57
003.63 E-3
RNAi
-2.14
453.36 E-6
C. Elegans Muscle
-2.73
001.95 E-3
C. Elegans Terminal Bulb
0.00
050.38 E-3
Binucleate
-10.17
001.22 E-3
Lymphoma
-0.37
001.70
E-3
Mouse Age AL
-3.82
001.23 E-3
Mouse Gen AL
-5.85
569.72 E-6
Mouse Gen CR
-0.97
029.26 E-3
2D HeLa
+4.45
006.72
E-3
CHO
ADNI 1 Disease
+2.69
684.45 E-6
ADNI 1 Gender
+0.42
568.67 E-3
Note: Red is greater than one percentage point negative, yellow is less than 1 percentage point,
absolute, green is greater than one percentage point positive.
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Interpreting Individual Experiment Performance Metrics
A wavelet feature has four degrees of freedom, a basis wavelet, a level of decomposition,
a detail space (or approximation space), and a statistical measure. Ideally, feature ranking and
selection should be data-partition invariant; this allows for consistent classification performance
on new data of the same type. The goal of these methods is to isolate the discriminative features
and discard the non-discriminative features. We are using some of these methods, specifically
AVR and SFS, to answer questions about the wavelet feature space. The closer to ideal that the
feature ranking and selection methods behave, the more solid inferences we can make about the
wavelet feature space. The same can be said about classifiers. We are using these tools in lieu of
an unknown underlying parameter, the “value” of a feature.
For each dataset, we report several summary charts and table. First, we present the top
five features, as ranked by cumulative AVR score across all experiment iterations, and by SFS
frequency across all experiment iterations. From the top SFS selected features we can infer
whether or not there are stable features. By stable features, we mean features that are repeatedly
selected regardless of the partitioning of the dataset.
We present classification performance as a function of number of features used, first by
AVR ranking and then by SFS selection trajectory. For the AVR-ranked classification, 1-sigma
performance bounds are given; these are calculated by the 100 random data portions used at each
point. As the number of selected features increases, more of the lower-ranked features are
included. Tight 1-sigma bounds point toward the consistency of AVR ranking regardless of the
dataset partition. The actual classification performance is just as much a function of the ranked
features used as it is a function of the classifier. Drastic gains followed by leveled out
performance (as features are added) points towards the saliency of AVR as a feature ranking
metric (see figures “Classification by AVR Ranked Features”, such as Figure 5-1).
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The SFS trajectory (see figures “SFS Classification Feature Selection Trajectory”, such
as Figure 5-2) shows the performance along a search path as each feature is added. We have
overlaid all SFS trajectories, and plotted an “average” algorithm path. The tightness of the
combined trajectories goes toward the stability of the algorithm as a function of dataset
partitioning. A broad trajectory implies an unstable feature selection algorithm or simply
unstable features. This is undesirable, even when it produces strong classification results as it
implies sensitivity to dataset partitioning and intra-class variance.
Following the classification performance, we present several pareto charts which attempt
to describe the feature selection process as a function of several grouping categories. The pareto
charts are descending-order histograms that display the top 95% of data points, or the top ten
histogram bins, in the event that the top 95 percent is contained in more than ten bins. We have
created paretos for the AVR-ranked features, as well as for the SFS-selected features. For each
category we have created four separate pareto charts, features binned by statistic (e.g. Figure 5-3,
AVR, and Figure 5-4, SFS), features binned by basis wavelet (e.g. Figure 5-5, AVR, Figure 5-6,
SFS), features binned by wavelet level of decomposition (e.g. Figure 5-15, AVR, Figure 5-16,
SFS), and features binned by wavelet detail space (e.g. Figure 5-7, AVR, Figure 5-8, SFS). The
AVR-ranked bins measure cumulative AVR score of all features in that bin. The SFS-selected
bins represent number of selections of all features in that bin.
In order to read the paretos binned by statistic, we have provided the keys in Table 5-4,
Table 5-5, and Table 5-6. Similarly the detail space paretos require some details to be
understood. For 2D images, there are only four types of detail spaces, Horizontal (H), Vertical
(V), Diagonal (D), and Approximation (A). For 3D images, there are eight possible detail spaces,
labeled by the analogy of highpass and lowpass filters along the X, Y and Z dimensions. We
should note that the wavelets are not the “brick wall” highpass and lowpass filters; this naming
convention comes from a filter bank interpretation of the wavelet transform. For example, the
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feature space ‘HLH’ refers to a “highpass” along X, a “lowpass” along Y, and a “highpass” along
Z for the given basis wavelet. ‘APP’ refers to the approximation space. While there are multiple
detail spaces, there exists only one approximation space for a given wavelet decomposition.
Table 5-4 Pareto Statistic Key for 2D Images
Statistic
Mean
Kurtosis
Maximum
Contrast 0°
Contrast 135°
Correlation 90°
Energy 45°
Homogeneity 0°

Code
1
4
7
10
13
16
19
22

Statistic
Variance
Entropy
Range
Contrast 45°
Correlation 0°
Correlation 135°
Energy 90°
Homogeneity 45°
Homogeneity 135°

Code
2
5
8
11
14
17
20
23
25

Statistic
Skewness
Minimum
Channel Energy
Contrast 90°
Correlation 45°
Energy 0°
Energy 135°
Homogeneity 90°

Code
3
6
9
12
15
18
21
24

Note: Any statistic citing an angular orientation is a Gray Level Co-occurrence Matrix (GLCM) statistic.
The green statistics are those which were much more frequently selected, as discussed below. The blue
GLCM statistics have demonstrated the “clustering” selection which we also discuss below.

Table 5-5 Pareto Statistic Key, Non-GLCM features, for 3D Images
Statistic
Mean
Kurtosis
Maximum

Code
1
4
7

Statistic
Variance
Entropy
Range

Code
2
5
8

Statistic
Skewness
Minimum
Channel Energy

Note: The green statistics are those which were much more frequently selected, as discussed below.

Code
3
6
9
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Table 5-6 Pareto Statistic Key, GLCM features, for 3D Images
GLCM
Statistic
Contrast

Correlation

Energy

Homogeneity

3D-Normal
Plane
X-Y
X-Z
Y-Z
X-Y
X-Z
Y-Z
X-Y
X-Z
Y-Z
X-Y
X-Z
Y-Z

0° In-Plane
Orientation
10
14
18
22
26
30
34
38
42
46
50
54

45° In-Plane
Orientation
11
15
19
23
27
31
35
39
43
47
51
55

90° In-Plane
Orientation
12
16
20
24
28
32
36
40
44
48
52
56

135° In-Plane
Orientation
13
17
21
25
29
33
37
41
45
49
53
57

Note: The two sets of features highlighted in blue demonstrated the “clustering” phenomenon we will
discuss further below. The contrast GLCM cluster was identified in the Alzheimer’s disease classification
problem, and the energy GLCM cluster was identified in the gender classification problem.

Observed Trends
We present a series of our observations in Table 5-7, Table 5-8, and Table 5-9. First we
present the dominant transform parameters in Table 5-7. Dominant transform parameters
encapsulate the most important statistic, wavelet basis, levels of decomposition, and detail space
parameters for each classification task. After the dominant parameter trends, we present a series
of trends relating to feature stability and the relationship of the AVR screened features and the
SFS screened features, as shown in Table 5-8. These trends show how effective the AVR
rankings are at predicting the final selection by SFS. Finally we present a series of trends,
referring to the presence of specific individual parameters or groups of parameters as frequently
selected in the SFS paretos. These are enumerated in Table 5-9.
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Table 5-7 Dominant Transform Parameters by SFS Paretos
Experiment
Phase Contrast
Pollen
DIC
C. elegans
Terminal Bulb
Fluorescence
RNAi
C. elegans
Muscle Tissue
Binucleate

2D HeLa
CHO
Brightfield
Lymphoma
Mouse Age (AL)
Mouse Gen (AL)
Mouse Gen (CR)
MRI
ADNI 1 Disease
ADNI 1 Gender

Statistic

Wavelet Basis

Level

Detail

Variance(2)

Dmey

1 {1}

Approx.

Channel Energy(9)

Bior2.8

3 {3}

Approx.

Entropy(5)
None

Sym20, Sym10
Bior3.9

5 {5}
5, 1 {5}

Approx.
Approx.

Correlation 90°(16),
Homogeneity 90°(24),
Contrast 90°(12)
Variance(2)
Kurtosis(4)

Sym5, Db5

4 {5}

Horiz.

None
(Bior3.1)*

3 {3}
1 {3}

(Approx.)*
Diag.

Variance(2),
Channel Energy(9)
Channel Energy(9)

(Rbio3.1)*

5 {5}

Horiz., Diag.

Rbio5.5,
Rbio3.1
None
Bior3.3

5 {5}

Vert., Approx.

5, 4 {5}
5 {5}

Horiz.
Approx.

Haar
None

1, 2 {2}
2, 1 {2}

LLH, APP
None***

Channel Energy(9)
Kurtosis(4)
None
(GLCM cluster
Energy YZ, (42-45)
Kurtosis(4) )**

The dominant parameters are determined by locating the first drop of ten percentage points between
adjacent parameters in a pareto. In the event of multiple dominant parameters, parameters are given in
order of contribution to the total number of times selected. If there are more than three dominant
parameters for any one category, none are considered dominant. In the Level column, the number in braces,
{}, refers to the maximum level of decomposition. *The following parameters do not meet the ten
percentage point drop requirement, but still were the leading contributor by a notable margin. **The
following five statistics account for approximately 85% of all features selected, which is very significant.
***All detail spaces contributed approximately equally except for the APP space whose features were
largely discarded.
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Table 5-8 Top Five and AVR-to-SFS Trends
Experiment

Top Five Features
# Stable
# Match

AVR-to-SFS Pareto Dominant Comparison
Statistic
Wavelet
Level
Detail

5/5

0/5

1/1

0/1

N/A

0/1

4/5

0/5

1/1

0/1

0/1

0/1

Phase Contrast
Pollen
DIC
C. elegans
Terminal Bulb
Fluorescence
RNAi
C. elegans
Muscle Tissue
Binucleate
2D HeLa
CHO
Type Average

0/5
5/5

0/5
0/5

1/1
0/0

0/2
0/1

0/1
1/2

0/1
0/1

5/5
1/5
0/5
2.2/5

5/5
0/5
1/5
1.2/5

3/3
1/1
1/1
100%

2/2
0/0
(1/1)*
33%

1/1
1/1
0/1
50%

1/1
(0/1)*
1/1
50%

Brightfield
Lymphoma
Mouse Age (AL)
Mouse Gen (AL)
Mouse Gen (CR)
Type Average

0/5
2/5
0/5
3/5
1.25/5

0/5
0/5
0/5
0/5
0/5

2/2
1/1
1/1
1/1
100%

(1/1)*
1/2
0/0
0/1
25%

0/1
1/1
2/2
0/1
50%

2/2
1/2
1/1
0/1
62.5%

MRI
ADNI 1 Disease
ADNI 1 Gender
Type Average

0/5
1/5
0.5/5

0/5
2/5
1/5

0/0
(0/5)*
N/A

1/1
0/0
50%

N/A
N/A
N/A

1/2
0/0
50%

Overall Average

2/5

0.62/5

100%

22.73%

45%

33.33%

The first two columns are in regards to the top five lists by AVR score and SFS selection frequency. The
next four columns are in regards to the AVR and SFS paretos. The top five number stable refers to the
number of features in the SFS top five overall that were selected at least 50% of the time. The number
matches refers to the number of top features common in the SFS top five and the AVR top five lists. The
AVR-to-SFS pareto trends measure how well the AVR score filters the dominant parameters. For statistic
and wavelet, we observe the top five parameters in the AVR pareto and check if they contain the dominant
parameter(s) from Table 5-7. For level and detail, we observe the top one or two parameters from the AVR
paretos and check if they contain the dominant parameters from Table 5-7. Note 0/0 refers to the fact that
no dominant parameters were identified, and thus they could not be screened by AVR. *While parameter
did not meet the criteria as dominant, but we still present the relationship. 0/0 and any asterisk (*)
parameter were not used to calculate averages.
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Table 5-9 Other Feature Trends from SFS Paretos
Experiment
Phase Contrast
Pollen
DIC
C. elegans
Terminal Bulb
Fluorescence
RNAi
C. elegans
Muscle Tissue
Binucleate
2D HeLa
CHO
Brightfield
Lymphoma
Mouse Age (AL)
Mouse Gen (AL)
Mouse Gen (CR)
MRI
ADNI 1 Disease
ADNI 1 Gender

Statistic Trends
Var(2) Kurt(4)

Ent(5)

ChEn(9)

GLCM
Cluster

Level Trends
High
Low

Yes

No

Yes

Yes

Contrast

Yes

No

Yes

Yes

Contrast

Yes

Yes

No
No

No
No

Yes
Yes

No
No

Contrast
Contrast

Yes
Yes

Yes
Yes

No
Yes
No

No
Yes
Yes

No
No
No

No
Yes
No

N/A
No
N/A
Yes
(Correlation)* Yes

No
Yes
Yes

Yes
Yes
Yes
No

No
No
No
Yes

No
No
No
Yes

Yes
Yes
Yes
No

N/A
Correlation
N/A
N/A

No
Yes
No
Yes

No
No

No
(Yes)**

No
No

No
No

Contrast XY
Energy YZ

Yes
Yes
Yes
Yes

The statistics trends are with the four most common significant univariate statistics, variance (2), kurtosis
(4), entropy (5), and channel energy (9). The trend is positive (yes) if the following statistic is in the top
three statistics as selected by SFS. Next is the GLCM Cluster trend. We have noted that a classification
problem can favor a single type of GLCM statistic at all available orientations. For a positive indication of
this trend, all four in-plane orientation members, 0°, 45°, 90°, 135° must be present in the SFS statistics
pareto, and all four statistics must contribute a minimum of 20% toward the total selected features. The
GLCM statistic is given if the signature is positive. For the high level trend, the signature is positive (yes)
if the highest level of decomposition is among the top two levels by SFS selection. For the low level trend,
the signature is positive (yes) if the lowest level of decomposition is among the top two levels by SFS
selection. *This GLCM cluster is missing one orientation, however the remaining three contribute to
approximately 35% of all features selected, which is significant. **This feature is at the 4th position in
terms of significance, but approximately 85% of all features are equally distributed across the top five, with
this feature, and the GLCM cluster.

61
Pollen
We can note the prominence of the approximation space according to both top five tables
(Table 5-10, Table 5-11), as well as the SFS detail space pareto (Figure 5-8). In terms of most
stable features, GLCM Contrast features, as well as an entropy feature were highly stable; the
four features were selected more than 85% of the time in the SFS top five. These are some of the
highest selection frequencies across all experiments. The statistics paretos by AVR and by SFS
are similar. Both list variance, channel energy, and entropy as top statistics. The SFS statistics
pareto includes all of the GLCM contrast features which are in the SFS top five selected features.
While there was no clear dominating wavelet type by AVR score, SFS led the discrete Meyer
wavelet to dominate the other wavelet types. Slightly less than half of the SFS features were
from the discrete Meyer wavelet.
Table 5-10 Top Five Features for Pollen by cumulative AVR Score
Statistic
Variance
Variance
Variance
Variance
Variance

Wavelet
Bior6.8
Coif3
Sym10
Rbio6.8
Rbio1.3

Level
1
1
1
1
1

Detail Space
Approximation
Approximation
Approximation
Approximation
Approximation

Table 5-11 Top Five Features for Pollen by SFS Selection Frequency
Statistic
Entropy
Contrast 0°
Contrast 45°
Contrast 90°
Contrast 135°

Wavelet
dmey
dmey
dmey
dmey
dmey

Level
1
1
1
1
1

Detail Space
Approximation
Approximation
Approximation
Approximation
Approximation

Selection Freq.
91.5%
91.0%
89.5%
87.0%
64.5%
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Figure 5-1 Pollen Classification by AVR-Ranked Features

Figure 5-2 Pollen SFS Classification Feature Selection Trajectory
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Figure 5-3 Pareto of statistics by cumulative AVR Score, Pollen
Top statistics: variance (2), channel energy (9), entropy (5)

Figure 5-4 Pareto of statistics by SFS selection frequency, Pollen
Top statistics: variance (2), channel energy (9), entropy (5)
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Figure 5-5 Pareto of wavelet types by cumulative AVR score, Pollen

Figure 5-6 Pareto of wavelet types by SFS selection frequency, Pollen
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Figure 5-7 Pareto of wavelet spaces by cumulative AVR score, Pollen

Figure 5-8 Pareto of wavelet spaces by SFS selection frequency, Pollen
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RNAi
There is a disconnect between the top five features by AVR and the top five features by
SFS. They can only seem to agree on Entropy as a statistic. The top five features by SFS are
similar to the top five features by SFS for the Pollen dataset, GLCM contrast and entropy, with a
different wavelet basis, Symlet 20.
Table 5-12 Top Five Features for RNAi by Cumulative AVR Score
Statistic
Entropy
Entropy
Energy 45°
Entropy
Energy 135°

Wavelet
Bior3.9
Bior3.3
Bior3.9
Bior3.1
Bior3.9

Level
1
1
1
1
1

Detail Space
Diagonal
Diagonal
Diagonal
Diagonal
Diagonal

Table 5-13 Top Five Features for RNAi by SFS Selection Frequency
Statistic
Entropy
Contrast 0°
Contrast 45°
Contrast 0°
Contrast 90°

Wavelet
Sym20
Sym20
Sym20
Sym10
Sym20

Level
5
5
5
5
5

Detail Space
Approximation
Approximation
Approximation
Approximation
Approximation

Selection Freq.
46.0%
36.5%
32.0%
29.0%
28.5%

The classification performance by AVR-ranked features does not show steady
improvement in classification accuracy and had a wide variance, suggesting data-partitioning
sensitivities. Similarly, the SFS trajectory was one of the most widespread of all the
classification experiments pointing toward partitioning sensitivity and erratic ranking by AVR.
The paretos by AVR score for statistics, wavelet type, levels of wavelet decomposition, and
wavelet detail space are fairly flat. The paretos by SFS are more informational. The pareto of
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statistics by SFS is led by entropy, and followed by three different orientations of contrast, much
in line with the top five SFS selected features. The pareto of wavelet types by SFS shows the
symlet family of wavelets dominating selection process, followed by biorthogonal wavelets. The
grouping of symlet wavelets may indicate there may be a more optimal symlet for the
classification task. By observing the SFS paretos for wavelet level and detail space, it would
appear that the approximation space and the first (level 1) detail space dominated, leaving out the
middle spaces.
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Figure 5-9 RNAi Classification by AVR-Ranked Features

Figure 5-10 RNAi SFS Classification Feature Selection Trajectory
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Figure 5-11 Pareto of statistics by cumulative AVR Score, RNAi
Top statistics: entropy (5), Variance (2), channel energy (9)

Figure 5-12 Pareto of statistics by SFS selection frequency, RNAi
Top statistics: entropy (5), contrast 0° (10), contrast 45° (11)
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Figure 5-13 Pareto of wavelet types by cumulative AVR score, RNAi

Figure 5-14 Pareto of wavelet types by SFS selection frequency, RNAi
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Figure 5-15 Pareto of wavelet levels by cumulative AVR score, RNAi

Figure 5-16 Pareto of wavelet levels by SFS selection frequency, RNAi
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Figure 5-17 Pareto of wavelet spaces by cumulative AVR score, RNAi

Figure 5-18 Pareto of wavelet spaces by SFS selection frequency, RNAi
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C. elegans Muscle Tissue
Again, we observe the disconnect between the AVR top five and the SFS top five. C.
elegans muscle tissue follows the same trend as Pollen and RNAI, with entropy, and four contrast
statistics at the approximation space as highly stable features. The SFS top five are dominated by
a single wavelet type, Biorthogonal 3.9; this is further supported by the SFS wavelets pareto. The
SFS top five contains the most stable features across all classification experiments. Aside from
being in the top five, entropy and the four contrast features made up approximately 50% of the
features selected via SFS. The approximation space is the largest component of SFS feature
selection, with equal favor between horizontal, vertical and diagonal detail spaces.
Table 5-14 Top Five Features for C. elegans by Cumulative AVR Score
Statistic
Energy 0°
Skewness
Energy 0°
Energy 90°
Skewness

Wavelet
Bior2.2
Bior2.2
Bior2.8
Bior2.8
Rbio5.5

Level
1
2
1
1
2

Detail Space
Vertical
Horizontal
Vertical
Horizontal
Horizontal

Table 5-15 Top Five Features for C. elegans by SFS Selection Frequency
Statistic
Entropy
Contrast 0°
Contrast 45°
Contrast 90°
Contrast 135°

Wavelet
Bior3.9
Bior3.9
Bior3.9
Bior3.9
Bior3.9

Level
5
5
5
5
5

Detail Space
Approximation
Approximation
Approximation
Approximation
Approximation

Selection Freq.
99.5%
99.0%
96.0%
88.0%
65.0%
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Figure 5-19 C. elegans Classification by AVR-Ranked Features

Figure 5-20 C. elegans SFS Classification Feature Selection Trajectory
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Figure 5-21 Pareto of statistics by cumulative AVR Score, C. elegans
Top statistics: channel energy (9), entropy (5), energy 0° (18)

Figure 5-22 Pareto of statistics by SFS selection frequency, C. elegans
Top statistics: entropy (5), contrast 0° (10), contrast 45° (11)
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Figure 5-23 Pareto of wavelet types by cumulative AVR score, C. elegans

Figure 5-24 Pareto of wavelet types by SFS selection frequency, C. elegans
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Figure 5-25 Pareto of wavelet levels by cumulative AVR score, C. elegans

Figure 5-26 Pareto of wavelet levels by SFS selection frequency, C. elegans
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Figure 5-27 Pareto of wavelet spaces by cumulative AVR score, C. elegans

Figure 5-28 Pareto of wavelet spaces by SFS selection frequency, C. elegans
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C. elegans Terminal Bulb
Similar to the prior three experiments, entropy and four GLCM contrast features at the
approximation space compose the top five features by SFS selection. Also according to both the
SFS top five and the SFS wavelets pareto, a single wavelet dominates, biorthogonal 2.8. The
approximation space is the greatest source of features for this classification experiment. We can
note the fairly dense SFS trajectory as compared to other datasets, implying that SFS was not as
sensitive to data partitioning. In this case, cumulative AVR scores seemed to be a reasonable
predictor of the final SFS selected features by statistic. Three of the most significant from the
pareto of statistics by cumulative AVR, variance, entropy, and channel energy are dominant
factors in the pareto of statistics by SFS selection frequency.

Table 5-16 Top Five Features for Terminal Bulb by Cumulative AVR Score
Statistic
Variance
Variance
Variance
Variance
Variance

Wavelet
Rbio2.2
Rbio1.3
Coif1
Rbio1.3
Bior1.3

Level
2
2
2
3
2

Detail Space
Horizontal
Horizontal
Horizontal
Horizontal
Horizontal

Table 5-17 Top Five Features for Terminal Bulb by SFS Selection Frequency
Statistic
Entropy
Contrast 0°
Contrast 45°
Contrast 90°
Contrast 135°

Wavelet
Bior2.8
Bior2.8
Bior2.8
Bior2.8
Bior2.8

Level
3
3
3
3
3

Detail Space
Approximation
Approximation
Approximation
Approximation
Approximation

Selection Freq.
83.5%
80.0%
70.0%
55.0%
37.5%
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Figure 5-29 Terminal Bulb Classification by AVR-Ranked Features

Figure 5-30 Terminal Bulb SFS Classification Feature Selection Trajectory
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Figure 5-31 Pareto of statistics by cumulative AVR Score, Terminal Bulb
Top statistics: channel energy (9), variance (2), range (8)

Figure 5-32 Pareto of statistics by SFS selection frequency, Terminal Bulb
Top statistics: channel energy (9), variance (2), entropy (5)
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Figure 5-33 Pareto of wavelet types by cumulative AVR score, Terminal Bulb

Figure 5-34 Pareto of wavelet types by SFS selection frequency, Terminal Bulb
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Figure 5-35 Pareto of wavelet levels by cumulative AVR score, Terminal Bulb

Figure 5-36 Pareto of wavelet levels by SFS selection frequency, Terminal Bulb
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Figure 5-37 Pareto of wavelet spaces by cumulative AVR score, Terminal Bulb

Figure 5-38 Pareto of wavelet spaces by SFS selection frequency, Terminal Bulb
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Binucleate
We first would like to note the perfect performance of our classifier on a large number of
data partitions, in line with current methods. It is interesting to note the near perfect match
between top five features by cumulative AVR score, and the top five features by SFS selection.
We can see that the top five features by SFS selection were incredibly stable, with one of the
features being selected on every partition. Similarly, the SFS trajectory only followed one of
several few paths before converging at perfect performance. It is interesting to note that the
pareto of statistics by AVR rank does not indicate variance or channel energy as significant
features, and is a largely flat distribution. Contrasting with the statistics pareto by SFS selection,
which shows three features dominating 90% of those selected in total, Correlation 90°,
Homogeneity 90°, and Contrast 90°. The dominance of the level four horizontal feature space, as
well as the 90° orientation indicates a strong orientation-dependent and level-dependent signature
in this data. This type of signature was not observed in other cellular datasets.

Table 5-18 Top Five Features for Binucleate by Cumulative AVR Score
Statistic
Homogeneity 90°
Correlation 90°
Correlation 90°
Homogeneity 90°
Contrast 90°

Wavelet
Sym5
Sym5
Db5
Db5
Sym5

Level
4
4
4
4
4

Detail Space
Horizontal
Horizontal
Horizontal
Horizontal
Horizontal

Table 5-19 Top Five Features for Binucleate by SFS Selection Frequency
Statistic
Homogeneity 90°
Correlation 90°
Correlation 90°
Contrast 90°
Homogeneity 90°

Wavelet
Sym5
Db5
Sym5
Sym5
Db5

Level
4
4
4
4
4

Detail Space
Horizontal
Horizontal
Horizontal
Horizontal
Horizontal

Selection Freq.
100.0%
98.5%
98.5%
95.5%
88.5%
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Figure 5-39 Binucleate Classification by AVR-Ranked Features

Figure 5-40 Binucleate SFS Classification Feature Selection Trajectory
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Figure 5-41 Pareto of statistics by cumulative AVR Score, Binucleate
Top statistics: homogeneity 90° (24), homogeneity 0° (22), contrast 90° (12)

Figure 5-42 Pareto of statistics by SFS selection frequency, Binucleate
Top statistics: correlation 90° (16), homogeneity 90° (24), contrast 90° (12)
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Figure 5-43 Pareto of wavelet types by cumulative AVR score, Binucleate

Figure 5-44 Pareto of wavelet types by SFS selection frequency, Binucleate
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Figure 5-45 Pareto of wavelet levels by cumulative AVR score, Binucleate

Figure 5-46 Pareto of wavelet levels by SFS selection frequency, Binucleate
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Figure 5-47 Pareto of wavelet spaces by cumulative AVR score, Binucleate

Figure 5-48 Pareto of wavelet spaces by SFS selection frequency, Binucleate
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Lymphoma
We observe a semi-disconnect between the top five features by cumulative AVR score
and by SFS selection frequency. They agree on variance at decomposition level five, but cannot
agree on the wavelet used for extraction or the specific detail space used, making this alignment
fairly useless. Observe the sigmoid performance curve for the classification results as number of
AVR-ranked features are increased (Figure 5-49). This implies either a high level of redundancy
exists across a large number of features, or AVR failed to rank features properly, or both. We can
see that the SFS trajectory moderately spread, but fairly consistent.
In terms of top features the SFS top five overall, as well as the SFS statistic pareto agree
on variance and channel energy as dominating features. The AVR statistic pareto only slightly
favors variance and channel energy. We can note that the most favored wavelet type is the
reverse biorthogonal 3.1, which is selected twice as often as the next most prominent wavelet
types. We can note that the higher level decompositions, levels 4 and 5 were more prominent in
SFS feature selection. We can also note that the horizontal and diagonal detail spaces made up a
large portion, as opposed to the approximation space, which only represents about 10% of total
features after SFS. We can note that there was no particularly stable feature. The most stable
feature by SFS selection in the top five was only selected 30% of the time. This indicates a
sensitivity of the features to the data partitioning.
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Table 5-20 Top Five Features for Lymphoma by Cumulative AVR Score
Statistic
Variance
Variance
Variance
Variance
Variance

Wavelet
Bior5.5
Rbio5.5
Rbio4.4
Coif1
Coif2

Level
5
5
5
5
5

Detail Space
Diagonal
Diagonal
Diagonal
Diagonal
Diagonal

Table 5-21 Top Five Features for Lymphoma by SFS Selection Frequency
Statistic
Energy 90°
Variance
Channel Energy
Variance
Variance

Wavelet
Bior3.1
Rbio3.1
Rbio3.1
Rbio3.3
Haar

Level
5
5
5
5
5

Detail Space
Approximation
Horizontal
Horizontal
Horizontal
Horizontal

Selection Freq.
30.5%
20.0%
16.5%
16.5%
16.0%
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Figure 5-49 Lymphoma Classification by AVR-Ranked Features

Figure 5-50 Lymphoma SFS Classification Feature Selection Trajectory
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Figure 5-51 Pareto of statistics by cumulative AVR Score, Lymphoma
Top statistics: channel energy (9), variance (2), contrast 0° (10)

Figure 5-52 Pareto of statistics by SFS selection frequency, Lymphoma
Top statistics: variance (2), channel energy (9), homogeneity 0° (22)
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Figure 5-53 Pareto of wavelet types by cumulative AVR score, Lymphoma

Figure 5-54 Pareto of wavelet types by SFS selection frequency, Lymphoma

96

Figure 5-55 Pareto of wavelet levels by cumulative AVR score, Lymphoma

Figure 5-56 Pareto of wavelet levels by SFS selection frequency, Lymphoma
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Figure 5-57 Pareto of wavelet spaces by cumulative AVR score, Lymphoma

Figure 5-58 Pareto of wavelet spaces by SFS selection frequency, Lymphoma
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Mouse AL (Age)
Observing the top five features by cumulative AVR score and by SFS selection frequency
we see a weak link between the two in the form of the selection of the level 4 horizontal feature
space, and the reverse biorthogonal 3.1 wavelet. We would note that this classifier significantly
outperformed the best number for literature. Furthermore it performed very consistently both in
terms of AVR-ranked only classification, with small variance bounds, and in terms of SFS
selection trajectory, with similarly tight bounds. The top features by SFS were not
overwhelmingly stable, with the maximum selection frequency being 50.5%. Channel energy
dominates the SFS statistic pareto, followed by variance as the number two statistic. The SFS
wavelet pareto seems to favor two wavelets almost equally, reverse biorthogonal 5.5 and reverse
biorthogonal 3.1. While not completely flat, the feature paretos for wavelet level and detail space
showed that this classifier drew from a variety of feature level-detail combinations.

Table 5-22 Top Five Features for Mouse AL (Age) by Cumulative AVR Score
Statistic
Correlation 0°
Contrast 0°
Homogeneity 0°
Correlation 0°
Energy 90°

Wavelet
Rbio3.1
Rbio3.1
Rbio3.1
Rbio3.1
Rbio3.3

Level
3
3
3
4
4

Detail Space
Vertical
Vertical
Vertical
Vertical
Horizontal

Table 5-23 Top Five Features for Mouse AL (Age) by SFS Selection Frequency
Statistic
Channel Energy
Correlation 45°
Correlation 90°
Correlation 135°
Entropy

Wavelet
Rbio3.1
Rbio5.5
Rbio5.5
Rbio5.5
Rbio5.5

Level
4
5
5
5
5

Detail Space
Horizontal
Approximation
Approximation
Approximation
Approximation

Selection Freq.
50.5%
50.0%
44.5%
39.5%
34.5%
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Figure 5-59 Mouse AL (Age) Classification by AVR-Ranked Features

Figure 5-60 Mouse AL (Age) SFS Classification Feature Selection Trajectory
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Figure 5-61 Pareto of statistics by cumulative AVR Score, Mouse AL (Age)
Top statistics: channel energy (9), variance (2), kurtosis (4)

Figure 5-62 Pareto of statistics by SFS selection frequency, Mouse AL (Age)
Top statistics: channel energy (9), variance (2), mean (1)

101

Figure 5-63 Pareto of wavelet types by cumulative AVR score, Mouse AL (Age)

Figure 5-64 Pareto of wavelet types by SFS selection frequency, Mouse AL (Age)
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Figure 5-65 Pareto of wavelet levels by cumulative AVR score, Mouse AL (Age)

Figure 5-66 Pareto of wavelet levels by SFS selection frequency, Mouse AL (Age)
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Figure 5-67 Pareto of wavelet spaces by cumulative AVR score, Mouse AL (Age)

Figure 5-68 Pareto of wavelet spaces by SFS selection frequency, Mouse AL (Age)
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Mouse AL (Gender)
Observing the two sets of top five features leads us to notice some similarities. They
both agree on GLCM energy 90° as a meaningful feature, as well as the importance of the level 2
and level 4 horizontal detail space. While variance and channel energy were significant features
after SFS selection, there was no single significant wavelet basis after SFS feature selection.
Also interesting to note is the fact that the approximation space had almost no impact after SFS
feature selection. There is only one feature in the top five by SFS that is moderately stable; the
remaining features were selected 1/3 of the time or less. While there was no overwhelming single
wavelet that dominated SFS feature selection, reverse biorthogonal 2.2 and 3.1 were slightly more
significant than other wavelet types. It is important to note that the classification results on this
dataset far surpassed the best results in literature. It is also interesting to note that, as compared to
the Mouse AL (Age) experiment, the significant features and wavelets are drastically different.
Table 5-24 Top Five Features for Mouse AL (Gender) by Cumulative AVR Score
Statistic
Energy 90°
Energy 90°
Kurtosis
Kurtosis
Energy 90°

Wavelet
Rbio3.9
Rbio3.3
Rbio2.2
Coif1
Rbio2.8

Level
3
2
4
4
3

Detail Space
Horizontal
Horizontal
Diagonal
Horizontal
Horizontal

Table 5-25 Top Five Features for Mouse AL (Gender) by SFS Selection Frequency
Statistic
Energy 90°
Correlation 90°
Channel Energy
Correlation 90°
Channel Energy

Wavelet
Rbio2.2
Rbio2.2
Rbio3.3
Rbio3.1
Coif2

Level
2
2
4
2
5

Detail Space
Horizontal
Horizontal
Horizontal
Horizontal
Diagonal

Selection Freq.
45.4%
29.5%
25.0%
24.5%
22.5%
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Figure 5-69 Mouse AL (Gender) Classification by AVR-Ranked Features

Figure 5-70 Mouse AL (Gender) SFS Classification Feature Selection Trajectory
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Figure 5-71 Pareto of statistics by cumulative AVR Score, Mouse AL (Gender)
Top statistics: channel energy (9), variance (2), kurtosis (4)

Figure 5-72 Pareto of statistics by SFS selection frequency, Mouse AL (Gender)
Top statistics: channel energy (9), variance (2), correlation 90° (16)
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Figure 5-73 Pareto of wavelet types by cumulative AVR score, Mouse AL (Gender)

Figure 5-74 Pareto of wavelet types by SFS selection frequency, Mouse AL (Gender)
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Figure 5-75 Pareto of wavelet levels by cumulative AVR score, Mouse AL (Gender)

Figure 5-76 Pareto of wavelet levels by SFS selection frequency, Mouse AL (Gender)
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Figure 5-77 Pareto of wavelet spaces by cumulative AVR score, Mouse AL (Gender)

Figure 5-78 Pareto of wavelet spaces by SFS selection frequency, Mouse AL
(Gender)
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Mouse CR (Gender)
The best performance of the classifier was on par with results from literature. It is
interesting to note that the SFS trajectory appears to be bimodal, having a main trajectory, and an
alternate trajectory for a subset of the data partitions. It is the only dataset to exhibit this behavior
with SFS feature selection.
Viewing the top five cumulative AVR and SFS selected features, as well as the SFS
paretos shows the significance of the approximation space for classification. The biorthogonal 3.3
wavelet dominates feature selection in the top five as well as in the SFS wavelet pareto. The top
five features are relatively stable, all having selection frequencies in the ballpark of 50%.
However, the most selected feature by the SFS pareto is not present in either the AVR or SFS top
five; it is kurtosis, and it makes up approximately 20% of all selected features. Noticeably absent
from the SFS statistic pareto are the variance and channel energy features, which have been
significant in many other dataset experiments.
Table 5-26 Top Five Features for Mouse CR (Gender) by Cumulative AVR Score
Statistic
Minimum
Minimum
Minimum
Energy 0°
Minimum

Wavelet
Sym25
Bior6.8
Sym10
Bior1.3
Coif3

Level
5
5
5
2
5

Detail Space
Approximation
Approximation
Approximation
Vertical
Approximation

Table 5-27 Top Five Features for Mouse CR (Gender) by SFS Selection Frequency
Statistic
Entropy
Contrast 135°
Energy 135°
Contrast 90°
Energy 45°

Wavelet
Bior3.3
Bior3.3
Bior3.3
Bior3.3
Bior3.3

Level
5
5
5
5
5

Detail Space
Approximation
Approximation
Approximation
Approximation
Approximation

Selection Freq.
56.0%
52.0%
50.5%
47.5%
46.0%
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Figure 5-79 Mouse CR (Gender) Classification by AVR-Ranked Features

Figure 5-80 Mouse CR (Gender) SFS Classification Feature Selection Trajectory
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Figure 5-81 Pareto of statistics by cumulative AVR Score, Mouse CR (Gender)
Top statistics: channel energy (9), kurtosis (4), energy 0° (18)

Figure 5-82 Pareto of statistics by SFS selection frequency, Mouse CR (Gender)
Top statistics: kurtosis (4), entropy (5), homogeneity 135° (25)
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Figure 5-83 Pareto of wavelet types by cumulative AVR score, Mouse CR (Gender)

Figure 5-84 Pareto of wavelet types by SFS selection frequency, Mouse CR (Gender)
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Figure 5-85 Pareto of wavelet levels by cumulative AVR score, Mouse CR (Gender)

Figure 5-86 Pareto of wavelet levels by SFS selection frequency, Mouse Gender
(CR)
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Figure 5-87 Pareto of wavelet spaces by cumulative AVR score, Mouse CR (Gender)

Figure 5-88 Pareto of wavelet spaces by SFS selection frequency, Mouse CR
(Gender)
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2D HeLa
Observing the top five features by cumulative AVR score and by SFS selection frequency
there is some agreement on the significance of the approximation space. While it is the most
significant space after SFS, the detail space pareto shows equal significance across all detail
spaces and the SFS level pareto shows a strong emphasis on the highest level of decomposition,
level 3. No single wavelet stands out as a significant contributor. GLCM features are noticeably
absent after SFS, as compared to prominent roles in other dataset experiments. Almost 85% of
statistical features are covered by the following 3 statistics (in order), variance, kurtosis, channel
energy. There is only one strongly stable statistic in the top five by SFS selection, having a
selection frequency of 72% of the time. The remaining features have a selection frequency of 1/3
or less.
Table 5-28 Top Five Features for 2D HeLa by Cumulative AVR Score
Statistic
Kurtosis
Kurtosis
Kurtosis
Kurtosis
Kurtosis

Wavelet
Coif2
Rbio1.5
Bior1.5
Bior6.8
Sym10

Level
3
3
3
3
3

Detail Space
Approximation
Approximation
Approximation
Approximation
Approximation

Table 5-29 Top Five Features for 2D HeLa by SFS Selection Frequency
Statistic
Minimum
Variance
Variance
Kurtosis
Variance

Wavelet
Bior5.5
Rbio3.1
Dmey
Db25
Dmey

Level
3
3
3
1
3

Detail Space
Approximation
Approximation
Approximation
Diagonal
Approximation

Selection Freq.
72.0%
33.5%
31.0%
21.5%
17.0%
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Figure 5-89 2D HeLa Classification by AVR-Ranked Features

Figure 5-90 2D HeLa SFS Classification Feature Selection Trajectory
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Figure 5-91 Pareto of statistics by cumulative AVR Score, 2D HeLa
Top statistics: variance (2), channel energy (9), kurtosis (4)

Figure 5-92 Pareto of statistics by SFS selection frequency, 2D HeLa
Top statistics: variance (2), kurtosis (4), channel energy (9)

119

Figure 5-93 Pareto of wavelet types by cumulative AVR score, 2D HeLa

Figure 5-94 Pareto of wavelet types by SFS selection frequency, 2D HeLa
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Figure 5-95 Pareto of wavelet levels by cumulative AVR score, 2D HeLa

Figure 5-96 Pareto of wavelet levels by SFS selection frequency, 2D HeLa
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Figure 5-97 Pareto of wavelet spaces by cumulative AVR score, 2D HeLa

Figure 5-98 Pareto of wavelet spaces by SFS selection frequency, 2D HeLa
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CHO
The top five features by cumulative AVR score are fairly homogenous, varying only in
wavelet type; this may imply redundant information across wavelet types when AVR ranking
occurs. However, some of the AVR top five is carried over to the SFS top five, namely GLCM
correlation 90° using the biorthogonal 3.9 wavelet at the level 1 diagonal detail space.
Performance on this classification task became more consistent as more features were added; see
the shrinking 1-sigma bounds in Figure 5-99 as features are added. SFS trajectory was also
somewhat compact, pointing toward consistent performance.
The statistics pareto via SFS feature selection is dominated by kurtosis features, followed
by GLCM correlation 90° features; these two features make up approximately 2/3 of all statistical
features selected. There was no clear significant wavelet after SFS feature selection. The
dominant level-detail space combination after SFS feature selection was the level 1 diagonal
space.
Table 5-30 Top Five Features for CHO by Cumulative AVR Score
Statistic
Correlation 90°
Correlation 90°
Correlation 90°
Correlation 90°
Correlation 90°

Wavelet
Bior3.9
Bior3.3
Bior2.8
Bior3.1
Bior2.2

Level
1
1
1
1
1

Detail Space
Diagonal
Diagonal
Diagonal
Diagonal
Diagonal

Table 5-31 Top Five Features for CHO by SFS Selection Frequency
Statistic
Kurtosis
Correlation 90°
Kurtosis
Correlation 90°
Correlation 0°

Wavelet
Rbio3.1
Bior3.1
Db25
Bior3.9
Bior3.1

Level
1
3
2
1
3

Detail Space
Diagonal
Approximation
Horizontal
Diagonal
Approximation

Selection Freq.
49.0%
43.0%
39.0%
32.0%
31.0%
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Figure 5-99 CHO Classification by AVR-Ranked Features

Figure 5-100 CHO SFS Classification Feature Selection Trajectory
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Figure 5-101 Pareto of statistics by cumulative AVR Score, CHO
Top statistics: range (8), minimum (6), maximum (7)

Figure 5-102 Pareto of statistics by SFS selection frequency, CHO
Top statistics: kurtosis (4), correlation 90° (16), correlation 0° (14)
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Figure 5-103 Pareto of wavelet types by cumulative AVR score, CHO

Figure 5-104 Pareto of wavelet types by SFS selection frequency, CHO

126

Figure 5-105 Pareto of wavelet levels by cumulative AVR score, CHO

Figure 5-106 Pareto of wavelet levels by cumulative AVR score, CHO
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Figure 5-107 Pareto of wavelet spaces by cumulative AVR score, CHO

Figure 5-108 Pareto of wavelet spaces by SFS selection frequency, CHO
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ADNI 1 Disease
It is difficult to draw conclusions about the wavelet space in regards to the ADNI 1
Disease classification experiment, as the actual performance was only marginally better than
baseline random. The SFS selection trajectory is markedly chaotic. The Haar wavelet was the
most significant after SFS. The paretos for statistics and decomposition level were somewhat
flat, even after SFS selection. However, GLCM contrast features in the XY plane made
approximately 40% of all the statistical features selected. This corresponds to the plane in the
bottom left of Figure 3-10. The LLH detail space was the most significant, followed by the
approximation space after SFS.
Table 5-32 Top Five Features for Terminal Bulb by Cumulative AVR Score
Statistic
Correlation XZ 90°
Correlation XZ 90°
Correlation XZ 135°
Correlation XZ 135°
Correlation XZ 90°

Wavelet
Haar
Haar
Rbio1.5
Rbio 2.2
Coif1

Level
2
2
1
2
1

Detail Space
LLH
LHH
HLH
HHH
LHL

Table 5-33 Top Five Features for CHO by SFS Selection Frequency
Statistic
Minimum
Minimum
Minimum
Minimum
Contrast XY 0°

Wavelet
Rbio2.8
Rbio2.2
Rbio3.3
Rbio3.9
Haar

Level
2
2
2
2
1

Detail Space
APP
APP
APP
APP
LLH

Selection Freq.
18.0%
17.5%
16.5%
14.0%
13.5%
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Figure 5-109 ADNI1 Disease Classification by AVR-Ranked Features

Figure 5-110 ADNI1 Disease SFS Classification Feature Selection Trajectory
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Figure 5-111 Pareto of statistics by cumulative AVR Score, ADNI1 Disease
Top statistic: Contrast X-Y at 45° (11), 135° (13), 0° (10)

Figure 5-112 Pareto of statistics by SFS selection frequency, ADNI1 Disease
Top statistic: Contrast X-Y at 135° (13), 45° (11), 90° (12)
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Figure 5-113 Pareto of wavelet types by cumulative AVR score, ADNI1 Disease

Figure 5-114 Pareto of wavelet types by SFS selection frequency, ADNI1 Disease
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Figure 5-115 Pareto of wavelet levels by cumulative AVR score, ADNI1 Disease

Figure 5-116 Pareto of wavelet levels by SFS selection frequency, ADNI1 Disease
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Figure 5-117 Pareto of wavelet spaces by cumulative AVR score, ADNI1 Disease

Figure 5-118 Pareto of wavelet spaces by SFS selection frequency, ADNI1 Disease
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ADNI 1 Gender
Compared to the ADNI1 Disease classification experiment, the ADNI1 gender
experiment performed fairly well, with peak performance close to literature. The SFS trajectory
was fairly dense for the first few selected features and spreads out on the later feature selections.
In regards to the AVR-rank only classification, the inclusion of extra features severely degraded
performance, much more so than in any other dataset-experiment.
In terms of the top five features, there is much alignment between the AVR ranked and
SFS selected groups. There is only one moderately stable feature after SFS selection in the top
five. In regards to over-all significant statistics GLCM energy in the YZ plane made up
approximately two thirds of all statistical features via SFS. This plane corresponds to the top
right image in Figure 3-10. There was no particularly strong trend in terms of wavelet type after
SFS. The features from the approximation space were largely discarded, as nearly 100% of
features were taken from the detail spaces after SFS.
Table 5-34 Top Five Features for ADNI1 Gender by Cumulative AVR Score
Statistic
Skewness
Skewness
Skewness
Skewness
Skewness

Wavelet
Rbio2.2
Rbio2.2
Bior2.8
Rbio3.3
Coif1

Level
2
2
1
1
2

Detail Space
HHL
HLL
HLL
HLL
HLL

Table 5-35 Top Five Features for ADNI1 Gender by SFS Selection Frequency
Statistic
Kurtosis
Kurtosis
Skewness
Kurtosis
Skewness

Wavelet
Rbio3.3
Rbio3.3
Rbio2.2
Rbio2.2
Coif1

Level
1
2
2
2
2

Detail Space
HLL
HHL
HLL
HHL
HLL

Selection Freq.
56.5%
38.5%
23.0%
13.0%
11.5%

135

Figure 5-119 ADNI1 Gender Classification by AVR-Ranked Features

Figure 5-120 ADNI1 Gender SFS Classification Feature Selection Trajectory
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Figure 5-121 Pareto of statistics by cumulative AVR Score, ADNI1 Gender
Top statistic: Energy X-Z at 45° (39), 135° (41), 90° (40)

Figure 5-122 Pareto of statistics by SFS selection frequency, ADNI1 Gender
Top statistic: Energy Y-Z at 90° (44), 135° (45), 0° (42)
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Figure 5-123 Pareto of wavelet types by cumulative AVR score, ADNI1 Gender

Figure 5-124 Pareto of wavelet types by SFS selection frequency, ADNI1 Gender
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Figure 5-125 Pareto of wavelet levels by cumulative AVR score, ADNI1 Gender

Figure 5-126 Pareto of wavelet levels by SFS selection frequency, ADNI1 Gender
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Figure 5-127 Pareto of wavelet spaces by cumulative AVR score, ADNI1 Gender

Figure 5-128 Pareto of wavelet spaces by SFS selection frequency, ADNI1 Gender
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Chapter 6
Conclusions and Future Work
In this chapter, we conclude this line of research with an overview of what has been done,
how research questions raised in Chapter 1 are connected to results from Chapter 5. We observe
how our findings fit with existing results from Chapter 2, and identify new research questions that
arise from and are inspired by the interpretation of these results.

Summary
We have investigated the wavelet feature space using real biomedical image data, and
gauged the performance of parameters for wavelet feature extraction. We have reviewed past
research into exploring the wavelet feature space, and used several trends from this survey to
create a framework to answer our questions. We have selected a group of datasets to help address
our broad questions, and presented current algorithmic handling of the data. We have created a
feature extraction and classification pipeline and have used classification accuracy and selection
frequency as performance metrics for the wavelet parameters. Using this pipeline, we have
identified trends across multiple datasets, and produced superior results to those in literature for
several poorly-performing classification tasks.

Answering Research Questions
As stated in the introduction, the goal of this thesis is to investigate the wavelet feature
space when applied to real, diverse biomedical image data. We have indeed gained some insights
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from the analysis of the biomedical imagery datasets. Interested readers can look to the broad
trends as recorded in Table 5-7, Table 5-8, and Table 5-9 as a starting point.

Parameterizing the Wavelet Feature Extraction
Analyzing the dominant transform parameters (Table 5-7) leads to several important
conclusions. First, there is no dominant wavelet basis function for the wavelet transform, as some
sources have attempted to generalize. Each dataset favors a different wavelet basis function
(Table 5-7), and even different tasks within the same dataset can favor different wavelet basis
functions (Table 5-7). In fact, no wavelet basis function is chosen as the dominant one more than
once. These results disagree with earlier research [19], [63], [64] that suggests the existence of
more optimal wavelet basis functions for a majority of tasks. This implies the need for a feature
selection scheme for best basis function for each imagery classification problem. We note that
the AVR score is a poor screen of the dominant wavelet basis (Table 5-8), as it failed to bring the
“dominant” basis to the forefront. This is further supported by flat AVR paretos for wavelet basis
(e.g. Figure 5-13 and Figure 5-23).
These results align with some of the previous research using EEG data showing that
wavelet selection is task-specific [18]. The statistical claim that symmetric even-length
biorthogonal filters should perform well [64] is neither supported nor invalidated. In the three
cases where a biorthogonal wavelet basis dominated feature selection, two of those cases are with
symmetric wavelet basis functions.
We note that several statistical features proved to be more informational than others.
Variance, kurtosis, entropy, and channel energy are the most commonly selected statistical
features, with channel energy being the most commonly dominant feature. We also note what we
call the “clustering” effect with GLCM features. This is the tendency for all of the different
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orientations of a single GLCM feature type to be significant. We observe this trend in half of the
datasets tested, the GLCM contrast feature set being the most common cluster. While we do not
identify a consistently dominant set of statistical features, we have certainly narrowed the list
from the original premise to a smaller starting set. While the AVR score is a poor screen for
wavelet basis functions, it was much more successful at identifying dominant statistics. By our
criteria (Table 5-8), AVR identified the most dominant statistics in every experiment, where
dominant statistics are found to exist.
In regards to levels of decomposition, we observe that the highest and lowest levels of
decomposition were most frequently selected as sources of features, with the middle levels being
less significant but not completely discarded. The dominant detail space behaves much in the
same way as the dominant wavelet basis function. Different detail spaces are dominant for
different classification tasks. AVR score performs as a mediocre screen in identifying dominant
levels of decomposition and detail spaces, only scoring the dominant parameters correctly 45% of
the time for level, and 33.3% of the time for detail space.

Wavelet-Feature Based Classifiers
From a robust design perspective, it is strange to consider only one type of feature
extraction process for a complex imagery classification problem. However, we have
demonstrated that wavelet-feature based classification schemes are both viable and broadly
applicable to a number of imagery classification problems. All classification experiments
performed significantly above random. Many classifiers performed within a reasonable
performance mark of current literature, while several greatly exceed the best performance marks
in literature. We emphasize that it was not our goal to optimize performance on a given task, and
there is much room for improvement in the classification pipeline. A simple pipeline and
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classification scheme was used to help the wavelet trends stand out more significantly and to
reduce the amount of interactions between elements in the pipeline.
In regards to two of the model organism imagery datasets, the wavelet-based classifier
improved the state of the art. The mouse liver dataset posed both a gender classification and
aging classification problem. Good performance had previously only been achieved on mice fed
a restrictive diet. By leveraging wavelet features, we have far exceeded the best performance
recorded for mice on an unrestricted diet, both in terms of age and gender classification. On the
mouse liver data, we improved classification rates for age from 51% in literature to 95%, and
gender from 69% in literature to 98% accuracy. Similarly, we improved the age classification of
the C. elegans muscle tissue from 60% in literature to 78.5% accuracy. However, we failed to
improve on the more complex terminal bulb classification problem. Current research offers some
insight into this. It is believed that C. elegans tissue develops through a three-stage aging
process, with developmental processes driving change as opposed to stochastic damage [34],
[49]. Furthermore, there are different speeds of morphological development in a given
population that do not directly align with chronological aging [34]. Considering that the C.
elegans muscle tissue is a four-class classification problem, and the terminal bulb imagery is a
seven-class classification problem, we can observe potential causes for the performance
differences.

Future Work
The lack of recurring patterns in the parameterization of the wavelet transform leads to a
new problem. This problem is tuning the wavelet feature space for each classification problem.
What is the best way to search the wavelet feature space and select optimal parameters?
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First, we may want to ask, are there any metrics that can identify good potential
parameters? AVR score has demonstrated its ability with the statistic parameter, but was much
less successful in the other three parameters. This is not necessarily a failing of AVR as a filter
method, as it is not meant to differentiate features with high amounts of correlation. Leveraging a
filter method that tracks redundant information, or deriving one that leverages the relationships
between wavelet parameters has the potential to improve performance. It is also interesting to
approach this as a data characterization problem and calculate a metric on the data itself that
points toward likely dominant parameters in the parameter search. When searching this
parameter space, it is useful to determine if the parameter search can be factored, i.e. can we
search for each parameter independently rather than dredge through the multi-dimensional search
space. AVR as a successful screen for statistic parameters alone would seem to indicate that this
is possible, but it is far from conclusive evidence.
In terms of selecting optimal parameters we have taken a fairly naïve, data-driven
approach, coupling a basic classification algorithm with a simple feature subset selection method.
From a search optimization perspective, there are a number of possibilities left to be explored
from the naïve, data-driven approach. Looking to some of the statistical approaches to
identifying parameters from literature, it would be interesting to see how knowledge of the
wavelet domain affects the parameter search.
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ADNI Acknowledgments
The following is the suggested data gathering attribution for the ADNI dataset, copied
verbatim from the ADNI website [112]:
Data used in the preparation of this article were obtained from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) database (adni.loni.ucla.edu). The ADNI was launched in 2003
by the National Institute on Aging (NIA), the National Institute of Biomedical Imaging and
Bioengineering (NIBIB), the Food and Drug Administration (FDA), private pharmaceutical
companies and non-profit organizations, as a $60 million, 5-year publicprivate partnership. The
primary goal of ADNI has been to test whether serial magnetic resonance imaging (MRI),
positron emission tomography (PET), other biological markers, and clinical and
neuropsychological assessment can be combined to measure the progression of mild cognitive
impairment (MCI) and early Alzheimer’s disease (AD). Determination of sensitive and specific
markers of very early AD progression is intended to aid researchers and clinicians to develop
new treatments and monitor their effectiveness, as well as lessen the time and cost of clinical
trials.
The Principal Investigator of this initiative is Michael W. Weiner, MD, VA Medical
Center and University of California – San Francisco. ADNI is the result of efforts of many
coinvestigators from a broad range of academic institutions and private corporations, and
subjects have been recruited from over 50 sites across the U.S. and Canada. The initial goal of
ADNI was to recruit 800 subjects but ADNI has been followed by ADNI-GO and ADNI-2. To date
these three protocols have recruited over 1500 adults, ages 55 to 90, to participate in the
research, consisting of cognitively normal older individuals, people with early or late MCI, and
people with early AD. The follow up duration of each group is specified in the protocols for
ADNI-1, ADNI-2 and ADNI-GO. Subjects originally recruited for ADNI-1 and ADNI-GO had the
option to be followed in ADNI-2. For up-to-date information, see www.adni-info.org.
The following is the suggested funding acknowledgment for the use of the ADNI dataset,
copied verbatim from the ADNI website [112]:
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Inc.; Elan Pharmaceuticals Inc.; Eli Lilly and Company; F. Hoffmann-La Roche Ltd and its
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Pharmaceutical Company. The Canadian Institutes of Health Research is providing funds to
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