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Biologically-Interpretable Disease Classification Based
on Gene Expression Data

Gregory Grothaus

(ABSTRACT)

Classification of tissues and diseases based on gene expression data is a powerful ap-
plication of DNA microarrays. Many popular classifiers like support vector machines,
nearest-neighbour methods, and boosting have been applied successfully to this problem.
However, it is difficult to determine from these classifiers which genes are responsible for
the distinctions between the diseases. We propose a novel framework for classification of
gene expression data based on notion of condition-specific clusters of co-expressed genes
called xMotifs. Our xMotif-based classifier is biologically interpretable: we show how we
can detect relationships between xMotifs and gene functional annotations. Our classifier
achieves high-accuracy on leave-one-out cross-validation on both two-class and multi-class
data. Our technique has the potential to be the method of choice for researchers interested
in disease and tissue classification.
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Chapter 1

Introduction

Disease classification in the 20th century was based primarily on phenotypical symptoms of
patients. Before the advent of the genomic era and the human genome project many of the
more difficult diseases to treat, such as cancer, could only be differentiated on the basis of
simple phenotypical symptoms, whereas the critical differences were at a subcellular level
requiring different treatments. New approaches are now being considered which make use
of the very same technologies that helped reveal the true nature of cancer in the first place:
the full sequence of the human genome and proliferation of associated genetic measuring
technologies such as DNA Microarrays, protein gels, and high-throughput gene knockout
techniques like RNA interference. These new technologies lead to new understanding of
disease that holds the promise of individualized medicine, customized to a patient’s specific

malady.

1.1 DNA Microarrays

The central dogma of molecular biology states that DNA contains the complete informa-
tion used by an organism to define the organization and function of that organism. The
genetic information contained by DNA is copied into molecules of mRNA through a pro-
cess called transcription. mRNA molecules are translated into proteins within individual
cells. Proteins in turn are directly responsible for cell organization and function.

DNA sequences are identical in any two cells within the same individual' and there are

only minute differences between the DNA sequences of different individuals of the same

1This is true assumming no cell mutations have occurred as is the case with cancer.
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organism. Despite this, the behavior of the two cells or individuals can be significantly
different. The genes expressed in a cell, the levels at which they are expressed, the proteins
formed, and the activation of the proteins can change several times a second within a
single cell in response to changing conditions outside the cell. Changes in gene expression
level are believed to account for a large portion of this difference in behavior between
genetically similar or identical cells. Gene expression level is the degree to which a gene
is being transcribed into mRNA and subsequently translated into protein.

Measuring the expression level of various genes within a cell is an important step in
understanding the function of a cell. DNA microarrays, hereafter simply referred to as
microarrays, are a relatively recent technology that can be used to measure gene expression
level by measuring the amount of mRNA from different genes in a cell [SSDB95,1L.DBT96].
This technology offers the capability to measure the gene expression of the entire genome
on a single chip. The ability to measure gene expression in such a high-throughput manner
allows a researcher to get a view of “whole picture” genome interaction at a relatively low
cost.

A microarray is a small surface, generally glass but sometimes nylon, which is spotted
in an organized order with a large number of probe DNA sequences. Microarrays test for
the amount of transcribed copies of DNA sequences (mRNA) in a solution. It is believed
that the relative abundance of mRNA corresponds approximately to the level of protein
produced in the cell and can thus be used as a rough surrogate for measuring protein
activity. The relative abundance of each mRNA molecule is assessed against a control by
first reverse transcribing the two mRNA samples into cDNA while labelling each sample
using a different fluorescent dye. Next, the cDNA samples are both applied to the microar-
ray and allowed to hybridize with the arrayed probe DNA sequences. Probabilistically,
hybridization should occur in roughly the same proportion as the proportion of mRNA
between the two mRNA samples. Finally, the microarray is photographed with a scanner
that can measure the combined fluorescence from each of the two dyes. The resulting
photograph is processed by software which makes calls about the relative amount of each
dye for every probe DNA sequence. Thousands of probe DNA sequences can be put onto
a single microarray, allowing for high throughput estimation of gene expression.

There are many sources for error and assumptions made in the DNA microarray
pipeline as described. First, it is assumed that mRNA abundance correlates directly with

levels of protein abundance. Next, since existing technology cannot measure the expression
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levels of the genes in a single cell, the mRNA levels measured are actually sampled from
a large group of cells and the assumption is made that the variance of expression levels
in the individual cells is small. Next, the hybridization step is not without experimental
error since hybridization is inherently a probabilistic process. If a gene is expressed at
a low level, small variations in the expression level can lead to significant changes in the
measured levels. The scanning technology is not error-free either. For example, certain
regions of the scanner may have slight differences in light sensitivity. Finally, the image
processing is also an imperfect approximation to the real fluorescence ratios. As a result
of all of these errors, any analysis of microarray measurements needs to account for the

presence of significant amounts of noise in the data.

1.2 Disease Classification

In 2000, Druker and Lydon [DL00] discovered that the chemical compound imatiniv mesy-
late inhibited the protein kinase Ber-Abl. This kinase is the protein product of a gene cre-
ated in Chronic Myeloid Leukemia. Clinical trials of imatiniv mesylate, renamed Gleevec
after FDA Approval in 2001, revealed that the compound was relatively non-toxic to nor-
mal cells, while simultaneously causing apoptosis in Myeloid Leukemia cells. While rel-
atively high success rates were reported for Myeloid Leukemia, Lymphoblastic Leukemia
was not affected by imatiniv mesylate, emphasizing the need to differentiate between these
clinically similar diseases. The success of imatiniv mesylate also indicated the need to un-
derstand not only the phenotypical distinctions between disease, but also the underlying
molecular processes that could be used to identify potential drug targets.

One of the primary applications of microarrays is using measured gene expression pro-
files to distinguish between different types of diseases at a subcellular level. After training
on a corpus of tissue samples with known disease classifications, we desire to predict the
disease classification of new samples. Many machine learning algorithms such as k-nearest
neighbors (k-NN) [PTGT02], weighted voting [GST199], decision trees [ZYS03,ZYSXO01],
boosting [BDBF*00], and support vector machines (SVMs) [BDBF*00,PTG*02,FCD*00]
have been applied to this problem with success.

Traditional machine learning algorithms have two drawbacks when applied to microar-
ray data. First, these algorithms operate best when there are more objects than features.

In microarray experiments, there are generally on the order of 10,000 genes measured on
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one microarray for each sample. A microarray experiment is very expensive, thus most
studies involving microarrays only use at most a few hundred microarray samples. The
second problem is that it is difficult to interpret the results of traditional machine learning
classifiers, especially in terms of determining the genes that cause the primary distinctions
between the classes in the data. The k-NN classifier simply computes distances between
samples in the space spanned by all the genes in the data. SVMs, boosting, and weighted
voting compute a separating function between the between the samples belonging to the
two classes. As Ramaswamy et al. report [RTRT01], the SVM that has the best cross-
validation performance on their multi-cancer data set assigns small non-zero coefficients to
all the genes in the data set. As a result, it is difficult to ascertain from these coefficients
which genes are most responsible for causing the distinctions between the samples in the

data.

1.3 Formal Classification Problem

We are given a set of samples S; each sample s € S is associated with a class label C;. We
use C to denote the set {Cs, s € S} of class labels of all the samples in S. Each sample
s € S is a point in R%; the coordinate of these points are the expression values of the d
genes. A classifier is a function h:R?¢ — C that when given the training set S, the class
labels {Cy, s € S}, and a new sample query vector ¢ in R? computes a predicted class for
q, h(q). A good classifier h is one where the predicted class h(q) is frequently the same as
the correct class for g.

In order to validate a classifier, a method called leave-one-out cross-validation
(LOOCV) is used. LOOCYV is frequently used when the number of available data points
is small. LOOCV works by removing a single sample s from the dataset S of all samples
and training the classifier on the remaining dataset. The trained classifier is then used to
predict the class of s. This process is repeated for all values of s € S and the accuracy
is simply the percentage of samples whose class was correctly identified. This allows for
both training and testing using the largest dataset available. This is especially important

when the number of samples is initially small as is the case in microarray datasets.
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1.4 Contributions

This thesis proposes a novel technique to construct biologically-interpretable classifiers
using the genes in microarrays as features. The building block of our classifiers are gene
expression motifs or xMotifs [MKO03], small subsets of the genes which indicate the dif-
ference between distinct sample classifications. This helps to overcome the problem of
irrelevant attributes in feature rich datasets such as microarrays. Unlike a traditional
“black box” classifier, this also allows for groups of genes to be directly associated with a
specific disease classification. We show how these groups of genes can be analyzed for com-
mon biological features, such as participation in a common cellular pathway or a mutation
in a specific chromosomal region. The result is a description of specific diseases in terms
of their underlying biological mechanisms. We hope that by interpreting the underlying
biological distinctions between cancers, our contribution may lead to specific drug targets

for additional investigation.



Chapter 2

Survey of Related Research

The chapter summarizes previously published classification techniques for biological prob-
lems which rely on microarrays as their dataset. Some of these classifiers are designed
around a specific two-class classification problem, thus limiting their usefulness in a broader
multi-class experiment. Others attempt to build a classifier that can recognize any number

of classifications, but fail in interpretability.

2.1 Neighborhood Analysis

Golub et al. [GSTT99] was the first published research to address the microarray classifi-
cation problem by attempting to classify acute leukemias. Motivated by the success of the
compound imatiniv mesylate on treating specific types of leukemias [DL00], the dataset
in this work included microarrays collected from patients with either acute lymphoblastic
leukemia (ALL) or acute myeloid leukemia (AML).

To construct a classifier, a list of differential genes was constructed based on how
well each gene individually differentiated between the two classes using a method called
“neighborhood analysis”. An ideal gene vector would have all high expression in one cancer
and low expression in another cancer or vice versa. Each gene’s expression vector was
compared with this ideal vector and the genes whose vectors were closest to the ideal vector
were said to be neighbors of that ideal vector. Only the 50 closest genes were used in the
classifier. To classify a new sample, genes were compared against the genes in the classifier
and each gene submitted a weighted vote with the magnitude of each vote dependent on

the expression level of the new sample and the degree of that gene’s correlation with the
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ideal gene vector during training. The resulting sum of votes gave a prediction and a
prediction strength. By allowing for 7 “no-calls” with low prediction strength, leave-one-
out cross-validation (LOOCYV) tests showed this to work on the ALL/AML dataset with
100% accuracy.

This first technique for solving the microarray based disease classification problem
mainly served to illustrate the potential of this idea. Further studies using the same
data were able to achieve the same accuracy without “no calls”. This technique owes
it’s success to the fact that there are individual genes which have a very good ability to
independently distinguish between these classes. One advantage of this approach is that it
produces a reduced set of discriminating genes that can be considered biologically. Golub
et al. [GSTT99] validate this analysis by looking at some of the individual genes in this

set, finding genes with a known role in cancer.

2.2 Unsupervised Clustering

Another technique used for evaluating the potential for disease classification revolves
around using one of many different techniques that organize the known samples into groups
or clusters of high similarity based on the expression levels of their genes. These algorithms
do not use the disease classification of the samples as part of the algorithm’s input, and are
thus prone to detecting distinctions in the samples studied that are unrelated to the disease
in question. These techniques do improve upon the “neighborhood analysis” approach by
simultaneously considering multiple genes.

Alon et al. [ABN199] uses a hierarchical type of unsupervised clustering. Each sample
s is represented as a vector V, whose components are the expression levels of the genes
measured for that sample. Two clusters are formed using a deterministic-annealing algo-
rithm that separates the samples into two similar groups based on their euclidean distance.
Each of these resulting clusters is then repeatedly separated into two further subgroups
until each subgroup contains only one sample, forming a binary tree. For classification,
only the centroids of the first two clusters are used.

The dataset represents a collection of 62 colon biopsy samples of colon epithelial cells
collected from colon cancer patients. The classes represent whether the sample was taken

from healthy tissue or directly from tumor tissue, but all samples were taken from patients



Chapter 2: Survey of Related Research 8

with colon cancer. The number of genes in this dataset is over 6,500. While LOOCV was
not performed, the tumor samples do indeed self-organize into two major clusters that
show high specificity to a tumor/normal distinction. Only 7 of 62 or 11% of the samples
were misclassified in this manner.

It is reported that many of the genes with the most statistically significant difference
between tumor and normal are muscle genes. This observation indicates that perhaps the
distinction observed was related to tissue composition instead of cancerous state. Most
of the tumor cells are sampled from epithelial tissue, whereas normal cells are include a
mixture of tissue types. In order to further validate their approach, Alon et al. [ABNT99]
remove the 1,500 genes with the most significant differences between tumor and normal
tissues, in order to avoid the tissue-specific bias. They find that the clustering technique
continues to perform well even using only genes that do not individually separate the
two tissue types well. This indicates that there are patterns of expression which can be
used for classification that are not related to individual genes, the basis for “neighborhood
analysis”.

Alizadeh et al. [AEDT00] attempts to classify B-cell malignancies and normal tissue, of
which there are nine distinct classes. The dataset used in this study includes 96 specialized
microarrays of these nine classes across 17,856 genes. The classification problem is then a
multi-class classification. The clustering method used is hierarchical clustering [ESBB9S|
which repeatedly finds the pairs of genes with the smallest euclidean distance and merges
them. After each pair is found, an average vector representing that pair is generated
and used for further pairing. This approach, like that of Alon et al. [ABNT99], generates
a binary tree of the samples, consisting of clusters of samples that are selected without
respect to the class labels.

The entire set of genes was used for the hierarchical clustering. Examining large trees
in the resulting clustering dendogram shows automatic groupings of the samples into
their respective classes, although the grouping is not perfect with 7 of the 96 samples
(7%) clearly out of place. The results do however show that a hierarchical approach to
classification is successful in multi-class data.

Tomida et al. [TKY104] extend the hierarchical clustering method to use only a subset
of the genes available on the microarray. In this analysis they are attempting to gener-
ate a classifier that will predict patient survival for non-small-cell lung cancer (NSCLC)

patients. They select the top 100 genes whose signal-to-noise ratio most clearly distin-
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guished favorable from fatal cases of NSCLC. A hierarchical clustering is performed using
only these 100 genes. Two major clusters were formed representing favorable and fatal
outcome. Out of the 50 patients, 34 were predicted correctly using this method (68%
accuracy).

Hierarchical clustering fails to take advantage of the fact that not all genes are equal in
their ability to distinguish between classes, but it does allow for a computationally simple
analysis of any number of class distinctions. Tomida et al. [TKY T04] shows how unsu-
pervised clustering can be modified to only examine genes which individually distinguish
cancer types well, but the results from Alon et al [ABN199] indicate that there are subtle
but predictive patterns in combinations of multiple genes that individually do not predict

well.

2.3 Supervised Machine Learning

Before the advent of the classification problem for diseases, a number of supervised ma-
chine learning techniques had been developed for other problems. Supervised machine
learning techniques are characterized by the fact that the input to the classifier learning
phase includes both the sample class labels and the samples. This is in contrast to the
unsupervised clustering methods in Section 2.2 which do not take advantage of the class
labels during clustering. Many researchers naturally applied supervised machine learning
techniques to disease classification.

One of the simplest machine learning classifiers is the nearest neighbor classifier [DH73].
The nearest neighbor classifier works as follows: For each test sample s, find the most
similar example in the training set S and predict that s has the same label as that example.
The definition of similarity is specific to the problem at hand, for microarray data, either
the pearson correlation or euclidean distance is usually used. Often in microarray analysis
a nearest neighbor classifier is trained only on the subset of genes whose signal-to-noise
ratio most clearly distinguishes the classes of interest.

Other more direct methods denoted as large margin classifiers attempt to learn a
decision surface that separates two different classes of samples. These decision surfaces
are surfaces in higher dimensional R¢ space corresponding to the number of attributes of
the samples being classified, as well as additional dimensions for non-linear transformations

of these attributes. Large margin classifiers suffer from a problem inherent in microarray
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datasets. Namely, the number of attributes (genes) is orders of magnitude larger than the
number of training samples. This means that there are many decision surfaces that can be
used to separate the sample classes, not all of which are relevant. Generally, large margin
classifiers work better when the number of samples is large in comparison to the number
of attributes.

The most well studied large margin classifiers are support vector machines (SVM),
developed by Cortes & Vapnik [CV95]. Support vector machines attempt to find a hy-
perplane in R? space such that the hyperplane splits the input space into two spaces
corresponding to two different sample classifications. Ambiguities are resolved by maxi-
mizing the distance from the closest example samples to the hyperplane. The hyperplane
is derived by solving a quadratic programming optimization problem that can by solved
efficiently by several existing algorithms. Support vector machines can be extended to non-
linear classification by applying kernel transformation functions which can be thought of
as adding extra dimensions of attributes to the samples that represent non-linear trans-
formed space. A number of different kernel transformations exist. Commonly used ones
are polynomial transformations of different degree and radial-basis transformations.

Boosting is a method for constructing a good classifier by repeated calls to multiple
“weak learners”. A weak learner is any classification algorithm that has an accuracy better
than random chance. Boosting occurs in stages where a weak learner is repeatedly added
to a learning function with some weight proportional to the accuracy of the weak learner.
The data is reweighted based on the accuracy of the learning function for classifying
specific sample points. The sample points that are incorrectly classified by the learning
algorithm get boosted in importance repeatedly until they are correctly classified.

In Ben-Dor et al. [BDBF100], multiple classifiers are compared using three differ-
ent data sets and across varying sizes of gene inputs. The first two data sets are the
leukemia [GSTT99] and colon cancer [ABN199]| datasets described in Section 2.2. The
third is a data set of 32 Ovarian cancer samples, 15 of which are cancerous and the other
17 are normal tissue. The microarray contains approximately 100,000 clones from ovarian
clone libraries. These three datasets are each classified by six different classifiers with
varying numbers of genes.

The first classifier is based on a binary hierarchical approach such as those in Sec-
tion 2.2. The other classifiers are all traditional supervised classifiers: nearest neighbor

using a pearson correlation, support vector machines, and boosting. There are two dif-
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ferent kernels for the support vector machines (a linear and quadratic kernel) and two
different iteration counts for Boosting yielding a total of six classifiers. The boosting weak
learners are simple gene expression thresholds for individual genes. That is, a weak learner
would classify a sample as one class if the expression level for a specific gene is below some
value, and another class if the expression level is above the same value.

Finally, a gene selection score is used to select genes which individually distinguish
between the classes. Differing numbers of genes are then used for each of the classifier
types. The results of this research show that in all three datasets, using only a subset of all
the genes improves classification performance, but the size of the ideal subset depends on
which classifier used and which dataset. In the colon dataset, the SVM with a quadratic
kernel performs the best, with 84% accuracy. In the ovarian dataset, boosting and both
SVM’s achieve 100% accuracy. In the leukemia dataset, nearest neighbor, boosting, and
both SVM’s achieve 99% accuracy.

This work highlights the major problem with traditional classification for microarrays,
namely that not all genes are useful for performing classification, and in fact some genes
are detrimental to the results. By reducing the gene space, improved accuracy is shown to
increase. The other issue with using SVMs or Boosting, is the natural two-class limitation
imposed by these proceedures.

Yeang et al. [YRTT01] avoids the two-class limitation imposed by SVMs by testing
various combination strategies. They first prepare a dataset of 109 samples from 14 tumor
classes on a microarray with 16,063 known genes and expressed sequence tags. They
compare a weighted voting algoritm [GST199], a nearest-neighbors algorithm, and an SVM
algorithm on this dataset using two different binary classifier combination strategies. The
first strategy, one-vs-all (OVA), builds k (the number of classes) binary classifiers which
distinguish one class from all the other classes grouped together. The classifier that has the
highest confidence score on a new sample is used to make the classification. The second
strategy, all-pairs (AP), builds @ classifiers which distinguish each pair of classes.
For each class, there are k — 1 classifiers that distinguish it from other classes. For a new
sample, the confidence of those k—1 classifiers are summed, and the class with the greatest
overall confidence is the winning class. The OVA SVM classifier outperformed all other
methods achieving 81% accuracy.

Ramaswamy et al. [RTR101] extend the dataset in Yeang et al. [YRTT01] to include

308 samples from the same 14 tumor classes. They uses a support vector machine with
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a one-vs-all heuristic which was found to be optimal in the prior study. This follow up
study examines the effect of using a smaller number of genes in the classifier. The least
predictive genes are iteratively removed by selecting those genes whose weight in a trained
support vector machine is the smallest.

The results of LOOCYV validates the use of all the genes in a support vector machine
classifier (78% accuracy). The support vector machine only performs worse as the number
of genes is decreased. It can also be noted from the results that the support vector
machine’s accuracy does not increase much beyond 100 genes (less than 1% of the total
genes). Classifiers other than SVMs are shown to perform better on a gene set reduced
by the SVM classifier. These results are predictable, as genes which have little weight in
a support vector machine are already not contributing much to the result of the support
vector machine. Removing them should not significantly change the results for an SVM,

but for other classifiers, this pruning can improve the results.

2.4 Biclustering

While unsupervised hierarchical clustering can be applied to both genes and samples
within the same dataset, the clusters are nevertheless calculated using the assumption that
related genes behave similarly across all conditions and related conditions have similar
gene expressions across all genes. Biclustering simultaneously clusters both genes and
conditions avoiding this assumption. A bicluster is a subset of genes and a subset of
samples with a high similarity defined according to the specific technique used. The
literature contains various definitions of a bicluster that vary according to what definition
of similarity is used [CC00,MKO03, KSG04]. Different problems can be solved by selecting
different definitions of similarity.

Gene expression biclustering offers a number of advantages over other classification
techniques mentioned previously. Tomida et al. [TKY T04] and Ben-Dor et al. [BDBF*00]
show that classification of disease samples can be improved by selecting a smaller subset
of genes before performing the classification. Biclustering allows for multiple subsets of
genes to be selected that may play independent roles in the classification of disease. The
results of Alon et al. [ABNT99] indicate that genes which individually do not have much
classification power can still contain patterns which differentiate disease. Biclusters can

also lead to very simple biological interpretation as they identify the relationship of small
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subsets of genes to small subsets of samples.

Cheng and Church [CCO00] were the first to study biclustering of gene expression values.
The measure of a bicluster in this work is “mean squared residue”. The mean squared
residue is calculated as the variance of the set of all expression values in the bicluster,
plus the mean row and column variance. The goal is to find large biclusters that have low
mean squared residue, which is shown to be an NP-Hard problem.

Cheng and Church [CCO00] use a greedy algorithm to find large biclusters with a variance
below a specific threshold. The algorithm begins with the initial state of the entire matrix
of expression values. Rows and columns are removed iteratively such that the resulting
matrix has lower mean squared residue. This approach is guaranteed to converge on a
single bicluster, and this bicluster will have low mean squared residue. When a bicluster is
found, it is reported, and all of the values in the original expression matrix corresponding
to this bicluster are set to new random values. This process is repeated until some number
of user defined biclusters have been extracted.

This research highlights one of the major difficulties with bicluster discovery in gene
expression data. In the general case, bicluster discovery is an NP-Hard problem solvable
only in time O(2"2™) for an expression data matrix with n rows and m columns. The
randomization of elements in the original matrix creates two new problems. First, overlap-
ping biclusters will be difficult to find as the first bicluster found will randomize elements
in the other bicluster. The second bicluster may no longer meet the mean squared residue
requirements. Second, new biclusters may possibly be formed when changing the matrix
that are not valid in the original data. We expect that after many iterations of the algo-
rithm, the matrix would tend to have more random values than real data, and the quality
of the biclusters discovered would decline.

In the research by Califano et al. [CST00], a biclustering algorithm called SPLASH
is used. Initially, the SPLASH algorithm normalizes each gene vector using a non-linear
transformation that fits the expression values onto a uniform distribution over the interval
[0,1]. A Dbicluster is defined as a set of genes and samples such that the range of expression
values for every gene is less than some parameter d.

To build a classifier from these biclusters, first only biclusters corresponding to a partic-
ular class are built. For each gene, SPLASH builds probability densities for the expression
values of samples in the bicluster and those in the alternative class. SPLASH assigns

a score to each bicluster based on the difference between the two probability densities.
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SPLASH selects the subset of the biclusters with the best score such that every sample in
each class is found within at least one bicluster. Finally a winner-takes-all method chooses
the bicluster best matching a new sample using the probability densities of the bicluster.

Analysis is done on a dataset of 60 human cancer cell lines with a three different clas-
sifications. The first is a melanoma vs. healthy subset of 21 samples. Second, analysis is
performed on a subset of 17 cells with/without a mutation in p53. The last classification
is between 3 groups of cell lines, differentiated by the effect of the anti-growth drug Chlo-
rambucil GI59. The results show that the biclustering classifier performed on par with
that of a support vector machine.

In Murali & Kasif [MKO03], the idea of a conserved gene expression motif or zMotif is
presented. This is a bicluster whereby the expression values for the genes in the bicluster
are simultaneously conserved in the samples in the bicluster. A gene’s expression level
is conserved if the gene is expressed at approximately the same level in all the samples.
A few other requirements are added to the algorithm, namely that the bicluster must
contain at least some number of samples and that the genes not in the bicluster must not
be conserved in more than some fraction of the samples in the bicluster. The state of a
gene is a discrete value given to an expression value in a preprocessing step, which divides
a gene’s expression range into a number of smaller subranges.

Instead of a deterministic search for xMotifs, this work takes random sets of samples
called a discriminant and attempts to add both genes and samples to that discriminant
to form an xMotif of maximal size. This process is repeated until a satisfactory set of
xMotifs have been discovered. This approach is proven to find the largest xMotif early
with high probability.

This algorithm is applied to the leukemia dataset [GSTT99] in an unsupervised fashion.
The algorithm finds four xMotifs that are almost exclusively ALL patients and one xMotif
that is almost exclusively AML patients. This illustrates that there are indeed some strong
xMotif patterns that can be used for classification within this dataset.

Tanay, Sharan, & Shamir [TSS02] use biclustering to discover groups of biologically
interesting genes instead of solving a classification problem. They first simplify the gene-
sample array by changing each expression value from a real-valued expression value to
either up, down, or normally regulated. They consider only the up and down regulated
expression values. This simplification is represented as a bipartite graph where the nodes

in the graph are genes and samples, and the edges are the up and down expression values.
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In this representation, biclusters are large bicliques in the bipartite graph, and the problem
of finding biclusters is reduced to finding bicliques, an NP-Complete problem. To reduce
the complexity of this problem, only genes with a bounded number of edges are used.
This approach was analyzed for it’s ability to functionally annotate genes with an
unknown function. By selecting biclusters which had a large proportion of genes annotated
with a particular Gene Ontology annotation [Con01], the other genes in the same bicluster
could be annotated with the same Gene Ontology Annotation. Using cross-validation, this

approach successfully labeled 81.5% genes.



Chapter 3

Methods

We propose a novel framework for classification of gene expression microarray data that
allows for natural multiclass classification and simple biological interpretability. Our clas-
sifier is based on the notion of condition-specific clusters of co-expressed genes within
microarray data called xMotifs. As in earlier work [MKO03], an xMotif is a subset D of
genes and a subset C' of samples with the property that each gene in D is expressed to a
similar extent in each sample in C; we provide a precise definition of “similar extent” in
Section 3.3. Our classifier consists of a set of xMotifs for each class in the data. Given
a new sample, we match how well the sample matches the set of xMotifs for each class
and predict the class of the new sample based on how well the xMotifs match each class.
Section 3.7 describes the details of how an xMotif is scored against a sample.

Our approach has several desirable features and potential biological advantages:

1. By representing each class as a set of xMotifs, we build a single classifier for multi-
class data, as opposed to other classification techniques that resort to constructing

multiple one-versus-all or pairwise classifiers.

2. Since an xMotif represents condition-specific co-expression, finding multiple xMotifs
within a class could indicate and potentially lead to the discovery of new sub-classes

of conditions and diseases.

3. Since our classifier represents each class by a set of xMotifs, comparing and contrast-
ing the xMotifs for different classes can identify genes that are present in xMotifs
for multiple classes but are expressed differently in different classes. Such genes may

highlight similarities and differences in the gene expression programmes of distinct

16
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diseases.

4. The statistical test that we use to include a gene in a bicluster only depends on the
ranks of the expression values of the gene. Thus, our method is less likely to be
confounded by noise in the data than other techniques that explicitly use the gene

expression values themselves.

5. We can compute the functional annotations enriched in the set of genes of a biclus-
ter. Such functional enrichments provide additional biological interpretations of an

xMotif.

3.1 Definitions and Notation

The problems we are referring to in this chapter all involve calculations on a single dataset.
For the sake of brevity, all references to genes and samples can be assumed to be genes
and samples in the same dataset D. We define a dataset D as a set S of samples, a set G
of genes, and a expression value E , for every pair (s, g) such that s € S and g € G. The
symbols s and g, where used, denote a specific sample and gene respectively. In addition,
we denote the set of gene expression values corresponding to sample s as E . and the set
of gene expression values for gene g as E, 4.

For a specific sample s € S, we denote the class label of s as Cs;. We let C' be the set
of all distinct classes of samples in dataset D. We denote the number of distinct classes as
|C|. A specific class is denoted by ¢, and the number of samples labelled with ¢ is denoted
by |c|.

We denote an xMotif X as a set Xg C S of samples, a set X C G of genes, and the
corresponding expression values E , for every pair (s, g) such that s € Xg and g € X¢.
Additional properties of an xMotif are described later using this terminology. The score
of an xMotif X, defined later, is denoted by SCORE(X).

We use the standard statistical notation of o to denote a significance level which is

distinct from the notation a used as a sample count in Section 3.3.

3.2 Data Normalization

For any individual gene g, we can consider the gene expression values that this gene can

take on as a continuous random variable whose distribution depends on many different
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factors, both biological and experimental. Some genes have a larger or smaller variance
in expression than other genes, and thus what would be a large expression change for one
gene would be a small expression change for another gene. Different DNA microarray
platforms, different experimental protocols, and different sample populations also all have
an effect on the distribution of gene expression measurements.

In order to take into account different distributions between genes, we normalize each
gene expression measurement I , for a specific sample s and gene g to a value that is
uniformly distributed in the range [0,1] corresponding to that expression value’s rank in the
complete set E, , of expression values for that gene. For an expression value I 4 ranked
i out of the |S| expression values in E, 4 sorted in non-decreasing order, the transformed

expression value of E g is:

i—1

t(Es,g) = |S|——1

This formula gives transformed expression values in the range [0,1] and will assure that
there are values at both extremes of the range. As the number of expression values |S|
approaches infinity, t(E; ) better approximates the cumulative probability of finding an
expression value less than or equal to F, 4 in the observed distribution of gene g. This
normalization has the additional property that a subset of expression values for gene g

which follow a different distribution from the that of I, 4 will not be uniformly distributed

in the transformed space.

3.3 Conservation of Expression

In order to define an xMotif, we must first define what it means for a gene to be expressed
to a “similar extent” in a set of samples. Let n = |S|. Given a set S’ C S of k = |9’
samples and a gene g, let I, g» be the interval spanned by the expression values of gene
g in the samples in S’. Note that the expression values of gene gene in other samples in
S\ C may also lie inside the interval I, g:. Let a be the number of samples in S whose
expression values lie inside I, ¢/; a > k since the expression values for g in all of the
samples in S’ lie inside I, g.

Let Py(n,k,a) be the probability that when we select k£ samples uniformly at random
from n samples, the number of samples with expression values in Iy g/ is at most a. We
say that a gene g is conserved with significance « in the samples in C if Py(n,k,a) < a.

We derive P,(n, k,a) as follows: First observe that the number of ways of selecting k
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samples from n samples is (Z) Next, restrict the problem to finding the number of ways

of choosing k samples from n samples that span exactly b total samples in n. There are

n—b+1 ways of fixing the smallest sample in k which also forces the choice for the largest

sample in k if there are exactly b elements between the smallest and largest sample in k.
2

Finally, there are (2:2) ways of selecting the other k — 2 samples. Extending this for all

valid values of b where k < b < a, we get the following calculation of Py(n, k, a):

Sk —b+ () (2 —k+1)(5)

) - )

Figure 3.1: Plot of Py(n, k,a) for n = 20

Figure 3.1 is a plot of Py(n, k,a) for n = 20. The curves on the k — a plane represent

projections of the different P,(n, k, a) surface for constant values of Py(n, k,a).

3.4 Expression Motif

We now formally define an xMotif using the notion of conservation. Given a set of genes G
whose expression levels are measured across a set S of samples and a threshold «, a gene
expression motif or zMotif X is a pair (Xg, Xg) where Xg C S and X¢g C G, such that
a gene g belongs to X¢ if and only if g is conserved with significance « in the samples in

Xs. Our definition of conservation ensures that we do not include a gene g’ in an xMotif
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if the interval spanned by the expression values of ¢’ in the samples in Xg contains many
samples not in Xg. Given Xg, we can calculate the set of genes X in the corresponding
xMotif by calculating P,(n, k, a) for each gene g € G and including g iff Py(n,k,a) < o

We define the score of an xmotif X, SCORE(X) to be I, cx, Py(n,k, a), the product
of the conservation scores of the genes in X. In this case, an xMotif with a lower score
is preferred. This scoring function has the benefit that xMotifs with large numbers of
genes or samples are scored lower, and also xMotifs with smaller expression ranges for
their genes are scored lower.

We can now formally state the problem that we want to solve: Given a set S of samples,
a set G of genes, a set of expression values for each gene-sample pair, and a parameter «,
0 < a <1, find the xMotif X whose score is the smallest over all xMotifs in the dataset.

Even in the simpler case when « is just a width, SCORE is the number of genes, and xMotifs

must have at least some fraction of the samples, the problem is NP-Complete.

3.5 Algorithm for finding Low-Scoring xMotifs

Our algorithm to find an xMotif X relies on the notion of a discriminating set of samples
0 for X with the property that the set of genes conserved with significance a in X g are
exactly Xg. Algorithm 1 describes the steps of our probabilistic method to compute a
set of xMotifs in D. Algorithm 1 proceeds by selecting n, discriminating sets of samples
uniformly at random from the set of all samples in a random class ¢ € C. For each
discriminating set §, the algorithm finds the set of genes dg such that for each gene
g € g, g is conserved in § with signficance a. If dg # @, the algorthim tries to improve
the score of the xMotif (J,d¢s) using a gradient descent. The algorithm then adds or
removes a sample s such that Cs = ¢ according to how well this change will improve the
xMotif. Out of all possible changes to the samples in the xMotif, the algorithm adds or
deletes the sample that best improves the score of the the xMotif (4,0¢5), SCORE(J, ).
This process repeated until no simgle sample changes can be made that improve the score
of the xMotif further.

We say that an xMotif X is homogeneous if for every sample s € S such that C # ¢,
if there exists a gene g € X such that the expression level E, 4 for gene g in sample s
is not within the interval spanned by the expression levels of g in Xg, then we consider

the xMotif X homogeneous; we accept X. If no such sample exists, we reject and discard
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xMotif X.

Algorithm 1 CoMPUTEXMOTIFS(S, G, C, ng, «): the algorithm for discovering xMotifs
for all classes in L.

1: for each class ¢ in C' do

2: X, = 1]

3: for n =1 to ng do

4:  choose a class ¢ € C uniformly at random.

5

6

choose a discriminating subset § of the samples in ¢ uniformly at random.
Compute D’ C G such that for all g € D’, the samples in 0 are conserved with
significance « in g

7. Set BESTSCORE < SCORE(4, D')

8 while § has not changed after one iteration do

: Set &' «— &
10: for each sample s € S such that A(s) = L,, do
11: if s € § then
12: Set dCANDIDATE < 0 — {s}
13: else
14: Set dcANDIDATE < 0 U {s}
15: Compute D¢ s npipate C G such that for all g € Dy nprpaT, the samples in
dCANDIDATE are conserved with significance « in g
16: if SCORE(0CANDIDATE, D/CANDIDATE) < BESTSCORE then
17: Set 8’ < SCANDIDATE
18: Set BESTSCORE « SCORE(J, D aANDIDATE)
19: Set § « ¢

20:  Recompute D’ C G such that for all g € D’, the samples in ¢ are conserved with
significance « in g
21:  if (6, D’) is a homogeneous xMotif then

22: Add the xMotif (8, D’) to Xy,
23: else

24: discard xMotif (§, D’)

25: Return X

3.6 Running time of the xMotif Algorithm

The running time of this algorithm is analyzed for a single discriminating set J, as the
number of discriminating sets denoted ns can be selected by the user. We begin by precom-
puting Py(n, k,a) for all £ < a < n where n = |S|. The time to calculate each Py(n,k,a)
value is constant if we can precompute the factorials used in the combination function.
These factorials can be precomputed once in O(n = |S|) time. The precomputation of
Py(n,k,a) for all k < a < nis O(n?).

For each gene in G, we can then determine the minimum and maximum expression
value of the samples in ¢ in O(n) time. By using the precomputed values for Py(n, k, a),
the time to find the set of genes D’ that are conserved with significance « in 6 is O(nd)

where d = |G|. Furthermore, we then build all xMotifs that are different from (9, D’) by
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one sample of the same class as the samples in ¢ in order to perform a gradient descent.
We can do this in time O(dn?). The test for homogeneity can be performed in O(dn) time.
Therefore, the total time in the worst case for a single discriminating set is O(dn?). We
repeat this calculation using gradient descent steps until the score of the xMotif cannot
be improved. The number of iterations of this gradient descent is difficult to bound.

If we output an xMotif as soon as we compute it, we do not need to maintain more
than a constant number of xMotifs in memory at any given time during this process. Each
xMotif takes O(d + n) space, and the entire dataset takes O(dn) space. The precomputed
tables of Py(n, k,a) require only O(n?) space. The total space requirement for the xMotif

discovery algorithm in the worst case is thus O(dn + n?).

3.7 Constructing an xMotif-Based Classifier

The algorithm in Section 3.5 outputs a set X of xMotifs for each class ¢ € C. Our goal
now is to build a concise description of each class ¢ € C' using the set X'. Our classifier
h is based on a subset X’ of X'. For each sample s in S, we include into X’ the xMotif
X € X with the lowest SCORE value such that s € Xg. The number of xMotifs in X’ is at
most the number of samples in the training data.

We will classify a new point by comparing its distance to each xMotif in X’. To
perform this comparison, we represent an xMotif X by a vector Mx defined as follows:
each element of Mx corresponds to a gene in X. The value of the element is the average
normalized expression value of that gene in all the samples in X g. Thus the ideal vector
Mx represents an average sample in xMotif X. This step is illustrated in Figure 3.2 where
a 5xb xMotif, which has expression values represented by color, is shown averaged into a

single ideal vector.

Figure 3.2: Converting a Bicluster into an Ideal Vector

In order to classify a new sample s’, we first normalize its gene expression values
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with respect to the samples in S. For each value E 4, corresponding to the expression
value in our new sample for gene g € G, we must find the sample with the s™ € S
smallest expression value and the sample s~ € S with the largest expression value such
that B+ , < Eg 4 < Es-,. The normalized expression value for s’ is the mean of the
normalized expression values for Eg+ , and E,- ;. If there exists an expression value
E,, = Ey 4, we use the normalized expression value of E; , for s’ instead. Given an
xMotif X, we denote by s’y the vector of normalized expression values that correspond to
the genes in X¢.

We can now describe how to measure the similarity of a new sample s’ to the ideal
vector Mx for an xMotif X using the sample vector s’y. Both Mx and s’y are vectors of
dimension |Xg|. We define the similarity o(X,s’) between the sample s’ and the xMotif
X as the Euclidean distance between Mx and s’y. Note that both Mx and s’ are points
in the | X¢|-dimensional unit hypercube.

In order to meaningfully compare the distance of a sample s’ to multiple xMotifs
with different numbers of genes, we must take into account the fact that the distribution
of the distance between a pair of random points in the unit hypercube varies with the
dimension of the hypercube. For example, the mean distance between two random points
increases with the dimension. We account for this phenomenon as follows: given o(X,s’)
for a sample s and an xMotif X, we measure the significance of obtaining a distance of
o(X,s’) or less when we pick two points uniformly at random in a unit hypercube of
dimension equal to |X¢|. Unfortunately, we are not aware of a closed-form solution to
this distribution. Therefore we estimate this distribution empirically by sampling 10,000
pairs of points from a | X|-dimensional unit hypercube.

In practice we observe that when 2 < d < 100 for dimension d = |Xg|, the
distribution of distances closely resembles the normal distribution. The maximum differ-
ence between the observed distribution’s cumulative density function and the cumulative
probability function of a normal distribution (the Kolmogorov-Smirnov statistic [Lil67]),
with mean and standard deviation equal to the sample mean and standard deviation from
the observed distribution of distances, is at most 0.018 for any dimension d such that
2 < d < 100. Although the observed distributions of distances distributions are not

normall®, approximating them as a normal distribution appears reasonable.

IThis can be shown by considering the range of possible values in a normal distribution(infinite) and
in the euclidean distance metric(finite)



Chapter 3: Methods 24

Given an xMotif X, we compute sample means and variances of Euclidean distances in
a d-dimensional hypercube using 10,000 random pairs of test points in the hypercube and
the computed distance between each pair. A normal distribution based on these values is
used as an estimate for the significance of a similarity score of (X, s’) in d dimensional
space. The significance can be calculated from the z-score of the observed distance. This
significance is dimension independent and can thus be used for direct comparison of the
similarity of s to multiple xMotifs. We then classify a sample s’ using a winner-takes-all

metric by finding the class of xMotif X in X’ with the highest significance score for o (X, s’).

3.8 Functional Enrichment

In order to evaluate our classifier biologically, we perform a postprocessing analysis on a
set of xMotifs that is commonly called functional enrichment. Functional enrichment tries
to discover any biological significance implied by finding that a set X of genes participate
in a single xMotif. For example, those genes may all encode for proteins that localize to a
certain compartment of a cell or participate in a specific biological pathway. Given the set
of genes in an xMotif, let GT be the set of genes in G that are annotated by function f. We
ask the following questions: If we select |X¢| genes from G uniformly at random without
replacement, what is the probability that we would select |GT| or more genes annotated
with the function f. We calculate this probability using the hypergeometric distribution.
An experimenter-selected threshold then determines whether or not this probability is low
enough to constitute a functional enrichment for the set of genes X¢.

The following definitions only consider the genes that have at least one functional
annotation. |G| denotes the total number of genes in a dataset. Let |G| be the total
number of genes in the dataset with functional annotation f. Within an xMotif X, let
|X¢| be the total number of genes in X and let |X}| be the total number of genes in
xMotif X with functional annotation f. The probability of finding | X 2;' | or more genes in

X annotated by function f is given by the following summation:
mxelixgh (CEN(Hre)
PG, 1G¥], 1 Xal, 1XG]) = ST el e
Xg

Given a sufficient number of different functions to search for, most any xMotif will be
enriched with some function due to random chance. This problem is known as the multiple
hypothesis problem. After the hyper-geometric probability is calculated, we correct for the

multiple hypothesis problem by applying the False Discovery Rate(FDR) test [BH95] for
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multiple hypotheses. This test simply rejects hypotheses that could occur by chance given
the number of total hypothesis. We use a standard 0.05 « significance value for the FDR

test.
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Results

4.1 Description of Experimental Procedure

The xMotif algorithm has two tunable parameters: the number of iterations ns and the
significance threshold « for determining if a gene is conserved in a set of samples. Larger
values of ng serve to find additional xMotifs, while simultaneously slowing down the train-
ing process. We arbitrarily select ns = 100 iterations for all datasets in our study. The
significance threshold « needs to be tuned on a per-dataset basis. Some datasets have
many patterns of expression with very low significance scores; if we use a high value of
« for such datasets an xMotif may contain many genes whose expression values are not
correlated to the class distinctions. Other datasets have subtler patterns of expression
and a small value of o will not find significant patterns at all. In order to select an ap-
propriate value for a;, we perform a self-validation procedure where we train the classifier
using all the samples in S and classify each sample in S using the classifier. We adjust
the value of a to achieve optimal accuracy on self-validation and then use this value of «
for leave-one-out cross-validation (LOOCYV) and for constructing the classifier.

We compare our classifier results to those of a support vector machine (SVM) [CV95].
SVMs attempt to find a hyperplane in R? space such that the hyperplane splits the input
space into two spaces corresponding to two different sample classifications. Ambiguities
are resolved by maximizing the the distance from the closest example samples to the
hyperplane. We use the software package libSVM [FCL05] with a radial basis function to
train and test SVMs. libSVM comes with a number of tools used to estimate the best

training parameters for a particular dataset. We use these tools and also report the time
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required to run them.

After performing LOOCYV, we retrain the classifier using all of the data points for
further analysis. We report the training time on a 2.4GHz computer running Mandrake
Linux 10.0. Finally, we analyze the xMotifs found by running enrichment analysis on
the xMotifs as described in Section 3.8. Only a summary of the enrichment analyis is
presented in this thesis, detailed information can be found online at the following URL:

http://bioinformatics.cs.vt.edu/~ggrothau/xMotif/

4.2 Overall Results

The comparison of accuracy and runtime for both an xMotif based classifier and an SVM
classifier are reported in Table 4.1. The comparison looks at 5 different datasets which all

involve distinctions between types of cancer.

Table 4.1: Overall results for 5 datasets

Dataset xMotif SVM xMotif SVM
Accuracy | Accuracy | Train Time | Train Time
Leukemia 93% 98.6% 7 minutes 2 seconds
Alizadeh Lymphoma 100% 97% 4 minutes 1 second
Global Cancer 47.4% 67.4% 11 minutes | 82 seconds
Central Nervous System 5% 78% 21 seconds 1 second
Shipp Lymphoma 83% 97% 5 minutes 3 seconds

Table 4.2 shows some of the overall intermediate statistics during the xMotif algorithm.
The number of xMotifs and Genes are for only those xMotifs that are used in the

classifier.

Table 4.2: Statistics for 5 datasets

Dataset Sample | xMotif | Mean # Genes
Count | Count per xMotif
Leukemia 72 11 118
Alizadeh Lymphoma 66 7 442
Global Cancer 190 39 2736
Central Nervous System 36 9 188
Shipp Lymphoma 7 16 810
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4.3 Leukemia

Golub et al. [GSTT99] classify a dataset of 72 acute leukemia patients. These patients are
divided into two groups: 25 patients suffering from Acute Myeloid Leukemia (AML) and
47 patients suffering from Acute Lymphoblastic Leukemia (ALL). Their dataset includes
6,817 genes measured by an Affymetrix Microarray. They were able to perfectly classify

¢

the samples if allowed to leave 7 of the samples labelled as “uncertain”. For comparitive

purposes, the overall accuracy was thus 65 out of 72 samples (90.3%).

4.3.1 Classification Results

Our xMotif-based classifier correctly classifies 66 of 72 samples, achieving an accuracy of
93%. Training parameters were p = 5 x 107° with 100 training iterations. Training using
the entire data set took 7 minutes. In comparison, LOOCYV for libSVM correctly classifies
71 of 72, achieving 98.6% classification accuracy, and training using the entire dataset

takes 2 seconds.

4.3.2 Final Enrichment

Reported below are selected corrected enrichment scores for interesting small functions as
well as citations that indicate the value of these functions for diagnosis of the cancers. The
functions listed as “Non-Classfier Functions” are functions found in xMotifs that were not

used in the classifier.

Table 4.3: Enrichment scores of selected leukemia xMotifs

Function 1D Enrichment Score
Lysozyme Activity GO:0003796 9.4x 107
19p13 Cytogenetic Band 9.8 x 107*
Non-Classifier Functions

Positive Chemotaxis G0O:0050918 4.1 x 1076
Ferritin Complex G0:0008043 5.4 x 107°

e “All children with acute lymphatic leukemia (ALL) had significantly reduced levels
of lysozyme at diagnosis, and none of the children fell within the normal range.
... Determination of serum lysozyme activity in children with acute leukemia is of

value both for diagnosis and for evaluating the effect of therapy.” [BM78]
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e “Significant inhibition of chemotaxis was seen in patients with ALL (p less than
0.001) and CLL (p less than 0.01), whereas function in CML and AML patients was

not significantly depressed.” [NWT*80]

e “Extremely high serum ferritin levels were seen in acute myeloblastic leukemia
before treatment ... We conclude that serum ferritin concentration must be valued

as a clinically useful tumor marker in these types of leukemia” [AS85]

e “Cytogenetic translocations involving chromosome band 19p13, the site of the E2A
gene, have previously been reported in pediatric acute lymphoblastic leukemias
(ALL) in association with a precursor-B cell immunophenotype and poor progno-

sis.” [KOSA99]
Additional enrichment results can be found online at

http://bioinformatics.cs.vt.edu/~ggrothau/xMotif/ALL-AML/

4.4 Multi-Class Lymphoid Malignancies

Alizadeh et al. [AEDT00] present and analyze a dataset consisting of the three most

prevalent lymphoid malignancies:
1. Diffuse Large B-Cell Lymphoma (DLBCL), 46 samples
2. Follicular Lymphoma (FL), 9 samples
3. Chronic Lymphocytic Leukemia (CLL), 11 samples

This dataset contains 66 samples measured on a specialized DNA Microarray containing
4,026 genes which are known or suspected to be related to lymphoid cells or cancer.
Alizadeh et al. [AEDT00] does not attempt to assess classification performance with this

dataset; instead they attempt to discover novel distinctions amongst classes.

4.4.1 Classification Results

We performed LOOCYV for this dataset achieving 100% classification accuracy. Training
parameters were p = 1 x 10~* with 100 training iterations. Training using the entire data
set took 4 minutes. In comparison, SVM leave-one-out cross-validation correctly classifies

64 of 66 achieving 97% classification accuracy and trains in about 1 second.
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4.4.2 Functional Enrichment

Reported below are corrected enrichment scores for selected functions as well as citations

that indicate the value of these functions for diagnosis:

Table 4.4: Enrichment scores of selected lymphoma xMotifs

Cancer Class | Function 1D Enrichment Score
DLBCL nuclear division G0:0000280 2.9 x 1078
DLBCL cell cycle G0:0007049 4.3 x 1076
FL ferritin complex G0O:0008043 2.0 x 107*
DLBCL nucleocytoplasmic transport | GO:0006913 3.9x107%

e “ .. follicular lymphoma (FL) ...and B-Cell chronic lymphocytic lymphoma (B-
CLL), are distinguished by a relatively low proliferative index, small cell size, for-
mation of large tumoral masses in lymph nodes, bone marrow or external locations,
and a paradoxical combination of advanced clinical stages associated with low clini-
cal aggresivity. This clinicopathic presentation seems to be the final consequence of
singificant advantages to cell accumulation as a result of alterations in apoptosis
regulators rather than in cell cycle control genes. ... [Large B-Cell Lymphoma
is] associated with more frequently localized clinical stages but a higher clinical ag-

gresivity, as a consequence of alterations in cell cycle regulators ...” [SBSAP03]
e “The serum ferritin levels correlated with the [Lymphoma] tumor mass.” [AS90]

e “Nuclear pore complexes are large, elaborate macromolecular structures that medi-
ate the bidirectional nucleocytoplasmic traffic. ... Diffuse large cell lymphomas
and a lymphoblastic lymphoma stained strongly and extensively [to the nucleoporin

complex Nup88].” [GMO100]
Additional enrichment results can be found online at

http://bioinformatics.cs.vt.edu/~ggrothau/xMotif/Alizadeh/

4.5 Global Cancer Map

In 2001, Ramaswamy, et al. [RTRT01] published a dataset of 218 tumor samples from 14

different common cancer classes. Unfortunately, we were only able to obtain a subset of
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this dataset containing 190 tumor samples. This publication used a one-vs-all support vec-
tor machine to evaluate cancer classification assessed using leave-one-out cross-validation.

Overall prediction accuracy was 78%.

1. Breast Cancer (BR), 11 Samples 8. Uterine Cancer (UT), 10 Samples
2. Prostate Cancer (PR), 10 Samples 9. Leukemia (LE), 30 Samples
3. Lung Cancer (LU), 11 Samples 10. Renal Cancer (RE), 11 Samples

4. Colorectal Cancer (CO), 11 Samples  11. Pancreatic Cancer (PA), 11 Samples

5. Lymphoma (LY), 22 Samples 12. Ovarian Cancer (OV), 11 Samples
6. Bladder Cancer (BL), 11 Samples 13. Mesothelioma (MS), 11 Samples
7. Melanoma (ME), 10 Samples 14. Brain Cancer (BN), 20 Samples

4.5.1 Classification Results

We performed LOOCYV for this dataset correctly classifying 90 of 190 achieving 47.4%
accuracy with an xMotif-based classifier. Training parameters were p = 5 x 103 with 100
training iterations. Training using the entire data set took only 11 minutes. In comparison,
LOOCYV for libSVM correctly classifies 128 of 190 achieving 67.39% classification accuracy
and trains in about 22 seconds. Determining the optimal training parameters for libSVM
training takes 82 minutes, however.

Table 4.5 displays the errors made in LOOCV with the xMotif based classifier. Each
row corresponds to a correct sample class and each column to a predicted sample class.
The value in a row labelled u and column labelled v indicate the number of samples

belonging to class u that were predicted as belonging to class v.

4.5.2 Functional Enrichment

Reported below are corrected enrichment scores for selected functions as well as citations

that indicate the value of these functions for diagnosis:

e “Heterogeneous nuclear ribonucleoprotein Al interferes with the binding of

the human T-cell leukemia virus ...” [LZD97]

e “Structural changes of the long arm of chromosome 4 or 15 and a break in 6p21

were also associated with T-lymphoma.” [MKS*87]
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Table 4.5: xMotif Classification Detailed Results

BR|PR|LU|CO|LY |BL|ME |UT |LE | RE | PA| OV |MS| BN
BR | 9 1 1
PR 1 4 3 1 1
LU 5 2 1 1 2
CcO 6 2 1 1 1
LY 20 1 1
BL 1
ME | 3 4 1 2
uT | 3 1 1 3 2
LE 1 29
RE 2 1 2 2 3
PA 6 1 2 2
ov | 2 4 1 3 1
MS 1 2 1 1 4 2
BN 1 1 2 18
Table 4.6: Selected Global Cancer Map Enrichment Scores
| Cancer Class | Function | 1D | Enrichment Score |
Leukemia heterogeneous nuclear | GO:0030530 1.7 x 1078
ribonucleoprotein

Lymphoma 6p21 Cytogenetic Band 2.1x107°

Breast hexose metabolism G0:0019318 6.1 x107°

Blastoma Actin Cytoskeleton G0:0030036 3.5x107°
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e “GLUT12 may have a role in hexose supply to breast cancer cells.” [RDST03]

e “Galectin modulates human Glioblastoma cell migration into the brain through

modifications to the actin cytoskeleton ...” [CBL02]
Additional enrichment results can be found online at

http://bioinformatics.cs.vt.edu/~ggrothau/xMotif/GlobalCancer/

4.6 Embyronal Tumors Central Nervous System

Pomeroy et al. [PTGT02] present and analyze a dataset consisting of the distinct embry-

onal tumors of the central nervous system:
1. Medulloblastomas - 10 Samples
2. Primitive Neuroectodermal Tumors (PNET) - 6 Samples
3. Rhabdoid Tumors - 10 Samples
4. Malignant Gliomas - 10 Samples

There are 36 samples of these four cancers measured on oligonucleotide microarrays con-
taining 6,817 genes. Pomeroy, et al. [PTGT02] use a k-nearest neighbor algorithm with a

weighted voting algorithm for multi-class classification achieving 83% accuracy.

4.6.1 Classification Results

We performed leave-one-out cross-validation for this dataset achieving 75% classification
accuracy with 29 of 36 correct classifications(P = 5.4 x 107%). Training parameters were
p =5 x 10~* with 100 training iterations. Training using the entire data set took only 21
seconds. Interestingly, the xMotif algorithm finds only xMotifs with less than 10 genes dur-
ing cross-validation for PNET tumors and all 6 PNET tumors are misclassified. Removing
the PNET tumors improves the classification accuracy to 29 of 30 correct classifications
achieving 97% accuracy.

In comparison, SVM leave-one-out cross-validation correctly classifies 28 of 36 achiev-
ing 78% classification accuracy and trains in about 1 second. Selecting only the non-PNET
tumors for classification, SVM correctly classifies 29 of 30 tumors achieving 97% classifi-

cation accuracy.



Chapter 4: Results 34

4.6.2 Functional Enrichment

Functional enrichment calculations of xMotifs discovered in this dataset reveal corrected
enrichment scores as low as 1.3 x 107 for functions with large numbers of genes such as
GO: intracellular. Scores this low indicate that these xMotifs are biologically significant,
but given 3,049 genes in GO: intracellular, such a function is too generic to be of use
to a researcher. Other enrichments were found, but a literature search turned up no

corroborating evidence for these functions.
Additional enrichment results can be found online at

http://bioinformatics.cs.vt.edu/~ggrothau/xMotif/Pomeroy/

4.7 Shipp Lymphomas

Shipp, et al. [SRTT02] present and analyze a dataset of two distinct types of lymphoma

tumors:
1. Diffuse Large B-Cell Lymphoma (DLBCL) - 58 Samples
2. Follicular Lymphoma (FL) - 19 Samples

There are 77 samples of these two cancers measured on oligonucleotide microarrays con-

taining 6,817 genes.

4.7.1 Classification Results

We performed leave-one-out cross-validation for this dataset achieving 83% classification
accuracy with 64 of 77 correct classifications. Training parameters were p = 5 x 1073
with 100 training iterations. Training using the entire data set took only 5 minutes. In
comparison, SVM leave-one-out cross-validation correctly classifies 75 of 77 achieving 97%

classification accuracy and trains in about 3 seconds.

4.7.2 Functional Enrichment

Reported below are corrected enrichment scores for selected functions as well as citations

that indicate the value of these functions for diagnosis:
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4.7 Shipp Lymphomas

Table 4.7: Selected Lymphoma Enrichment Scores

Class GO Function GO ID Enrichment Score
FL Cell Cycle G0:0007049 22 x 1077
DLBCL | Nucleocytoplasmic Transport | GO:0006913 3.5 x 1074
DLBCL | Nuclear Pore G0O:0005643 1.4x10~*

“ . .follicular lymphoma (FL) ...and B-Cell chronic lymphocytic lymphoma (B-
CLL), are distinguished by a relatively low proliferative index, small cell size, for-
mation of large tumoral masses in lymph nodes, bone marrow or external locations,
and a paradoxical combination of advanced clinical stages associated with low clini-
cal aggresivity. This clinicopathic presentation seems to be the final consequence of
singificant advantages to cell accumulation as a result of alterations in apoptosis
regulators rather than in cell cycle control genes. ... |[Large B-Cell Lymphoma
is] associated with more frequently localized clinical stages but a higher clinical ag-

gresivity, as a consequence of alterations in cell cycle regulators ...” [SBSAP03]

“Nuclear pore complexes are large, elaborate macromolecular structures that medi-
ate the bidirectional nucleocytoplasmic traffic. ... Diffuse large cell lymphomas
and a lymphoblastic lymphoma stained strongly and extensively [to the nucleoporin

complex Nup88].” [GMO100]

Additional enrichment results can be found online at

http://bioinformatics.cs.vt.edu/~ggrothau/xMotif/Shipp/
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Conclusions

5.1 Discussion of Results

We have developed a novel technique for classifying gene expression data sets based on
the concept of a gene expression motif or xMotif. Our classifier allows for a degree of
biological interpretability that is unavailable in previous work. In addition to examining
genes individually, we can assess whether the set of genes in an xMotif are functionally
enriched in a disease-specific context. By representing each class independently as a set of
xMotifs, our technique allows for simple multi-class classification, avoiding the problem of
building a multi-class classifier using multiple binary classifiers. The use of gene expression
ranks avoids to some degree the problems of dataset differences that are present in other
approaches such as a non-normalized support vector machine.

We demonstrated high accuracy for an xMotif-based classfier with LOOCYV for a variety
of data sets including multiclass datasets. Our accuracy is not as high as SVMs, but is
statistically significant on multiple datasets. Our choice of methodology is limited by
the need for biological interpretability through functional enrichment, a limitation not
imposed on SVMs.

In addition to classification ability, our xMotif-based classfier using functional enrich-
ment analysis is shown to provide an insight into the biological distinctions between dif-
ferent diseases. We present numerous examples of functions enriched in the xMotifs that

are both statistically significant and confirmed by prior research.

36
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5.2 Future Work

This thesis suggests many directions for future research. One idea we are considering is
to use a standard-deviation based statistic instead of a range-based statistic in the gene
selection step of the xMotif selection algorithm. Changing the statistic should improve
the algorithm’s robustness against noise. Range-based statistics are sensitive to outliers.
However, constructing xMotifs based on standard deviation based statistics introduces
new challenges. There is the issue of free-riding samples. If we have an xMotif with a
small set of samples and deviation scores well below a specified threshold across the genes
it is possible to add samples that are unrelated to the pattern represented by the xMotif
simply because adding the sample does not deselect any gene. It would be interesting to
modify the current xMotif algorithm to allow gene selection based on a standard-deviation
based statistic while simultaneously ensuring that a sample in the xMotif is an outlier only
for a small subset of the genes.

It became apparent that some disease classes have more subtle patterns of expression
than others, even within a single dataset. Relaxing the a threshold enough to find signif-
icant xMotifs within one class may require including many erroneous genes in an xMotif
for a different class. Therefore, using different class-specific a thresholds during the gene
selection step of the xMotif algorithm has the potential to find more interesting patterns
and to improve classification accuracy. It may even be possible for the xMotif algorithm
itself to select optimal « values for a class.

A number of available improvements could be made to discover more meaningful bio-
logical interpretations of xMotifs. The functional annotation datasets used in this thesis
are by no means exhaustive: simply by incorporating new annotations into the analysis,
we may be able to find more biologically-significant enriched functions. We also observed
that some xMotifs had both up and down regulated genes. In some cases, functions en-
riched in these xMotifs annotated only either up or down regulated genes. By separating
the genes in an xMotif into up or down regulated gene sets we may be able to detect new
enriched functions that were previously not enriched. By using regulation specific gene
sets, we could directly link diseases to function. For example, we might hypothetically
find that lung cancer related genes on chromosome 14 are up-regulated. In addition to
analyzing gene sets that are specific to a single xMotif, potentially interesting results could

occur by finding genes that are common to multiple diseases or unique to only one in a
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dataset with many classes.

There are many additional uses for the xMotif system. For example we could find
groups of coexpressed genes in normal tissue. We can take a dataset and find xMotifs in
that dataset without consideration of any class labels. Enriched xMotifs in this gene set
could be used for novel gene functional predictions. Extending this idea, by transposing
the dataset , we can find samples that are conserved across sets of genes. All of the genes
in such a transposed xMotif would be up and down regulated in unison across all of the
samples in that xMotif. Since our technique does not require all samples to be contained in
the transposed xMotif, we can find genes that may only participate in a common function
under certain cell conditions, a subtle observation that may be experimentally difficult to

discover, but simple to validate.



Appendix A

The BiVoC System

The xMotif algorithm produces a set of biclusters which are then analyzed in terms of
their classification ability and functional enrichment. It is also useful to visualize these
biclusters graphically. BiVoC, an acronym standing for Bidimensional Visualization of
Clusters, was developed as a software tool designed to visualize a set of xMotifs in a
dataset. In general, the BiVoC algorithm can lay out a set of biclusters.

The BiVoC algorithm constructs a single two-dimensional layout of the dataset and
the biclusters within, potentially with repeated dataset rows and columns. The algorithm
attempts to minimize the number of rows and columns in the layout while ensuring that
the rows (columns) of each bicluster are contiguous in the layout. This property ensures
that each bicluster is visually represented as a contiguous sub-matrix in the layout. This
definition is general enough to visualize data other than biclusters in gene expression
biclustering such as itemsets in binary retail data indicating relations between customers
and items purchased. The algorithm’s performance is evaluated on synthetically generated
datasets and used for examining biclusters.

Jiang and Karp have shown that finding the layout of minimum size with the bicluster
contiguity constraint is NP-Hard [Jia98] and restrict the problem by imposing a known
ordering or interleaving of the biclusters. As far as we know, no approximation algorithm
with a bounded performance guarantee exists for this general problem. Botzoglou and
Istrail present a 2-approximation for this problem under the assumption that each bicluster
has a column and row unique only to that bicluster [BI00]. We develop a polynomial
time heuristic that attempts to construct a layout of minimal size and is guaranteed to

compute the layout of minimal size exactly when there is a solution with no repeated
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rows or columns. Our algorithm runs in O(nm + n?logn) time where n is the number of

biclusters and m is the number of rows and columns in all of the biclusters.

A.1 Related Research

A binary matrix has the Consecutive Ones Property (COP) for rows if its columns can
be arranged without repeats such that all of the ones in each row are consecutive [BL76].
See Figure A.1 for an example of a matrix with the COP. Determining whether a ma-
trix has the COP has applications in a number of areas including testing for graph pla-
narity [BL76], recognizing interval graphs [Hsu02, BL76], and DNA mapping using unique
sequence tagged site Probes [AKNW93,LH03]. Booth and Leuker describe a data struc-
ture called the PQ-Tree which they use to represent all legal permutations of column

orderings in a COP Matrix in linear time in the number of ones in the matrix.

1 0 1 1 0 01 1 1 0
0 0 1 1 1 0 0 1 1 1
1 01 0 O 01 1 00
1 1 1 11 1 1 1 11
0 0 0 1 1 0 0 0 1 1
(a) A COP matrix (b) Equivalent
before column re- COP matrix after
ordering reordering the first 2
columns

Figure A.1: An illustration of the COP

In practice, most matrices do not have the COP. Researchers have studied general-
izations of the COP problem; however, most generalizations of the COP problem are
NP-complete or NP-hard. For example, seeking the column ordering for a non-COP ma-
trix that minimizes the number of gaps between the ones in each row can be reduced to
the traveling salesman problem [AKWZ94]. In Section A .4, we will demonstrate that the
visualization problem we are studying is equivalent to a generalization of the COP prob-
lem; in this generalization we are allowed to repeat as well as rearrange columns in order
to ensure that the consecutive ones of every original row occur in at least one contiguous
set of columns in that row. This problem is known to be NP-Hard [Jia98].

The most common application of this generalization of the COP is hybridization map-
ping with non-unique probes [Kar93]. A DNA probe is a short sequence of amino acids

that can hybridize to a complementary segment of a chromosome. Biologists experimen-
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tally can construct libraries of short overlapping sections (clones) of a chromosome. For
each clone, they can determine which DNA probes hybridize with it. Thus, each clone
can be thought of as the set of probes which hybridize to it. We can represent this data
as a binary matrix where the rows represent clones, the columns represent probes, and
the binary values represent the incidence of clones to probes. The goal is to determine
an ordering of the probe DNA sequences that explains the clone data, while reducing the
number of overall probes required in the explanation.

Most of the literature describing algorithms for the non-unique DNA probe layout
problem takes advantage of the Lander-Waterman model [LW88] of clone/probe distribu-
tions along a chromosome [Kar93]. This Lander-Waterman model assumes that clones are
distributed evenly across the chromosome and follow a Poisson distribution [LW88]. The
additional assumption that the many algorithms exploiting the Lander-Waterman model
require is that for the set S of probes found in any particular clone, there is no other
clone whose probes are a strict subset of S [AKWZ94,BI00]. The only algorithm with a
bounded approximation guarantee to this problem that we are aware of [BI0O] requires a
stronger version of this assumption that states that each clone must contain a probe not
found in any other clone. Other proposed algorithms exploit additional properties that are
domain specific such as knowing the ordering or interleaving of the clones [Jia98], allowing
for probes to be added and removed in the presence of noise in the data [LHO03], or using
statistical fingerprints that can be commonly found along chromosome data [MS99]. None
of these algorithms are applicable to our problem since the data we are dealing with may

not have the required properties.

b d d
b ¢ d a c a cb
(a) Initial PQ-Tree (b) (c)
T formed from set REDUCE(T,a, c¢) REDUCE(T,b, c)

U =a,b,c,d

Figure A.2: The reduce operation on a PQ-Tree. P nodes are represented as circles, and
Q nodes as rectangles.
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A.2 PQ Trees

The problem of determining a column ordering for a matrix M that proves that M has
the COP can be solved with a data structure called the PQ-Tree [BL76]. To define the
PQ-Tree data structure, it is convenient to reformulate the problem as follows: Let U be
the set of columns of M. We seek an ordering of the elements of U that satisfy an input
of r restrictions. Each restriction is a subset .S; of U; we would like the elements of S; to
be consecutive in the derived ordering. The subset S; corresponds to row ¢ in M. The
elements of S; are exactly those columns that have a one in row ¢ of M.

A PQ-Tree T is a data structure capable of representing all r legal permutations of
U given the restrictions S;,7 < ¢ < n. The PQ-Tree T represents these permutations
using two types of internal nodes: P-nodes and Q-node. A P-node has the property that
the children of the P node can be legally permuted in any way while still satisfying the
restrictions. The children of a Q-node are linearly ordered in T. A valid permutation of
a Q-node can contain the children either in this order or its reverse. A valid permutation
of the leaves U in a PQ-Tree T is produced by traversing in-order the leaves of T' for any
valid permutation of the internal P and Q nodes. Figure A.2a illustrates a PQ-Tree where
all possible permutations of it’s leaves are valid. Figure A.2c illustrates a PQ-Tree where
the only valid permutations of the leaves are the sequences bcad, acbd, dbca, and dach.

A PQ-Tree T supports only one operation, the REDUCE operation. The REDUCE
operation takes a reduction set S and a T as input and constructs a new PQ-Tree T’
such that all reduction sets on T” that were applied to T are contiguous within all valid
permutations of 7”7, and S is also contiguous within all valid permutations of 7’. The RE-
DUCE operation fails if there are no remaining legal permutations [BL76]. The REDUCE
operation takes time linear in |S|. An example of a REDUCE operation is illustrated in
Figure A.2. After the REDUCE operation in Figure A.2 the valid permutations from this
tree are the sequences bcad, acbd, dbca, and dacb.

The PQ-Tree data structure solves only the specific problem of finding the column
permutations when there is a valid permutation with no repeats. If there is no such per-

mutation, the PQ-Tree algorithm simply returns a failed state with no further information.
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A.3 Definitions

Before describing the algorithm, it will be convenient to define some terms we will use in
the rest of the paper. We denote the input matrix by D and use R and C' to denote the
set of rows and columns of D, respectively. Given subsets R’ C R and C’ C C, we define a
bicluster B(R',C") to be the sub-matrix of D spanned by the rows in R’ and the columuns

in C". A layout L(R,C) of the matrix D is a two-dimensional matrix specified as follows:

1. R is an ordered multi-set of rows of £ with the property that each element of R is

an element of R,

2. C is an ordered multi-set of columns of £ with the property that each element of C

is an element of C, and

3. L;;, the element in the ¢th row of £ and the jth column of R is equal to D;/;, where
i’ is the row of D corresponding to the the ith row of £ and j’ is the column of D

corresponding to the jth column of R.

It is appropriate to consider £ to be a layout of D since L specifies the order of its rows
and columns. Allowing R and C to be multi-sets allows rows and columns of D to be

repeated in the layout £. The size of £ is |R||C|.

A bicluster B(R',C") is contiguous in a layout L£(R,C) if and only if the elements
of R’ (respectively, C') appear consecutively at least once in the ordered multi-set R
(respectively, C). We say that the layout L(R,C) is valid with respect to a set of biclusters
S if every bicluster B € S is contiguous in L(R,C).

We can now formally define the problem we want to solve: Given a matrix D and a set
S of biclusters in D, find a layout £ of D such that £ is valid with respect to S and £ has
the smallest size among all valid layouts of D. Note that we can construct a valid layout
trivially by concatenating the rows of all the biclusters in S to form R and constructing

C analogously.

A.4 The Layout Algorithm

Note that we can construct the layout £ by determining R and C independently. In the
rest of this section, we describe the algorithm to construct C, the ordered multi-set of the

columns in the layout £. We can compute the ordered multi-set R analogously.
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We describe the algorithm in two stages. We first transform the problem of construct-
ing C to a generalization of the COP problem. We then present an algorithm to solve
this transformed problem. This transformation is convenient since we can express our
algorithm in terms of operations on PQ-trees.

We start by constructing a new binary matrix M that represents the columns of the
biclusters in S. Each column on M corresponds to a column of the input matrix D. Let
d be the number of biclusters in S. M contains d rows, one for each bicluster in S. The
entry M;; is 1 if bicluster B; € S contains the column j; otherwise, M;; is 0. We can
now reformulate the problem of constructing C as follows: find a linear ordering C of the
columns of M with the property that C can contain repeated columns of M and that the
ones in each row of M appear contiguously.

Before describing the algorithm, we define some notation. Let ¢ be the number of
columns in M. Each PQ-Tree has as leaves some subset of the ¢ columns in M. Let
set(T) denote the set of columns (leaves) in a PQ-tree T. Given two PQ-trees T and T,

set(T)Nset(T") ot ween the columns in T and T”. Our

let o(T,T") denote the set similarity e TV Uset (T

algorithm executes the following steps:

1. For each row i of M, construct a PQ-tree T; consisting of a single P-node, whose
children are exactly the columns in M that contain ones in row ¢ of M. Let 7 be

the set of all these PQ-trees.
2. For every pair 1 <i < j < ¢, compute the set similarity o (T}, T}).

3. Sort the set similarity values in {o(T;,Ty),1 <i < j < ¢} in descending order. Let

3 denote this sorted order.
4. Repeat the following steps until ¥ is empty:
(a) Remove the smallest element from ¥. Let T and 7”7 be the PQ-trees in 7 with

this similarity value.

(b) Let R be the set of REDUCE operations that have invoked to construct the
tree T”. For each restriction r € R, invoke the operation REDUCE(T, r). If
any reduce operation fails, go to step (a). If all the reduce operations succeed,

let T be the resulting PQ-tree.
(c) Delete T and T’ from 7.

(d) For each T' € T, insert o (7T, T") into X.
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(e) Insert T” into 7.

In its essence, the algorithm is a series of REDUCE operations. The failure of a
REDUCE(T,r) operation means that the restrictions on the valid permutations of the

columns in T" are not compatible with the restrictions imposed by 7.

A.5 Time Analysis

We will analyze the running time first for determining the column permutations only. Let
the number of ones in the matrix M by denoted by m and the number of biclusters be
denoted by n. Constructing the initial PQ-Trees in step 1 takes O(m) time. To compare
any particular pair of xMotifs takes O(c) time. There are n? pairs to compare, and then
the resulting n? similarity scores are sorted. To sort all of these values, corresponding to
steps 2-3, takes O(cn? + n?logn) time. Step 4 is repeated at most n? times, and each
iteration constructs a new PQ-Tree in O(m) time [BL76] for a total cost of O(mn?) time.
As m is strictly larger than ¢, the total time to determine the column permutations is
O(mn? + n?logn). This time is independent of the column or row count given m, so

repeating this operation for the row permutations does not change the time complexity.

A.6 Implementation

We implemented and tested these algorithms on a 2.8GHz Pentium computer running
Fedora Core 2 Linux. The algorithms were implemented in C++ The software package is
available under the GNU General Public License at http://bioinformatics.cs.vt.edu/~ggrothau/BiVoC/ .
There are two executable programs distributed in this package. The first, layout imple-
ments the BiVoC algorithm as described in this paper to determine a layout £ as a text
file list of rows and columns. The second executable, drawlayout, uses this text file as

input and allows the user a number of options for visualizing their data including:

e control over the itemset colors.

whether rows/columns are shown if they are not present in any bicluster.

class data for the columns as seen in Figure 4(b).

different output image formats: postscript, png, and gif

both binary and real-valued input formats, and options for comment fields
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A.7 Testing

The Bivoc system was tested against synthetic datasets for an analysis of the performance.
We then evaluated the BiVoC system using different types of real datasets to illustrate

it’s effectiveness.

A.7.1 Synthetic Data Sets

We created synthetic datasets by generating artificial matrices with r rows and r columns
and u unique row and column identifiers. We then generated biclusters by sampling I sets
of rows and columns from the matrix. For each dataset, we recorded the time required
to run the BiVoC algorithm and the number of rows and columns in the output layout.
The efficiency of the resulting layout is estimated by dividing the number of rows and
columns in the layout the number of rows and columns in the dataset. Lower values of
efficiency are better. We repeated this process using five random synthetic datasets for a
number of different values of v and 4, fixing R = 100 and averaged the results. Some of the
efficiency values are less than one, which indicated that our algorithm was able to reduce
the required size of the database to smaller than the original database while preserving

the contiguity of the biclusters in the layout.

Table A.1: BiVoC Timing Values on Random Data in seconds.

Unique Items
itemsets 10 ‘ 30 ‘ 50 ‘ 70 | 90
20 0.168 0.328 0.462 0.52 0.532
40 1.23 2.514 | 3.046 3.574 | 4.008
60 4.074 7.992 | 11.238 | 11.71 12.81
80 9.484 | 19.586 | 25.546 | 29.652 | 29.446
100 17.982 | 37.966 | 48.418 | 50.916 | 56.112

Table A.2: BiVoC Efficiency Values on Random Data.
Unique Items
itemsets 10 | 30 | 50 | 70 | 90

20 0.184 | 0.842 | 1.316 | 1.254 | 1.428
40 0.304 | 1.16 | 1.632 | 2.04 | 2.074
60 0.398 | 1.496 | 2.262 | 2.26 | 2.508
80 0.512 | 1.65 | 2.358 | 2.726 | 2.698
100 0.48 | 1.808 | 2.582 | 2.686 | 2.996
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A.7.2 Transcriptional Regulation in Yeast

To demonstrate the ability of our visualization algorithm to analyze data other than real-
valued biclusters, we analyzed datasets of transcriptional regulation in two experimental
conditions in yeast. Each dataset is a binary matrix whose columns represent transcription
factors and whose rows represent genes in budding yeast. The matrix entry contains a 1 if
a biological experiment, ChIP-on-chip in this case, indicates that the transcription factor
binds to the promoter of gene, thus potentially regulating the expression of the gene. An
important problem that arises in the analysis of this data is determining if a set of genes
are collectively regulated by a set of transcription factors and whether this combinatorial
regulation changes when the cell is exposed to stress.

The two matrices correspond to normal growth conditions [LRRT02] and to growth
conditions under exposure to a compound called rapamycin, which mimics nutrient star-
vation [BJGLT03]. We ran the Apriori [AIS93] algorithm on both of these datasets. The
Apriori algorithm finds biclusters such that all of the elements in the bicluster are one
in the original data matrix. We applied our visualization algorithm on biclusters with
more than three genes and three transcription factors. Figure 4(a) displays the result-
ing layout. Biclusters obtained from the data under normal growth conditions are shown
as blue boxes and rapamycin-induced biclusters are shown as red boxes. The underly-
ing grey squares here indicate the number of databases in which that relationship was
present, darker indicating more databases. The image strikingly demonstrates that under
exposure to rapamycin, the transcriptional network activated in the cell is very different
from the normal activation network. Very few genes are co-regulated by the same set of
transcription factors in both conditions. A biologist can easily interpret these images and

construct multiple hypotheses to validate in the laboratory.

A.7.3 ALL/AML Cancer Classification

The Acute Lymphoblastic Leukemia (ALL) and Acute Myeloid Leukemia (AML)
dataset [GSTT99] contains 72 microarray data sets of ALL and AML cancer patients.
For each patient, there are 7129 real-valued measurements of individual gene expression.
These are the output results from microarray experiments which measure mRNA levels in
the cancer cells.

We ran the xMotif algorithm to compute biclusters in this dataset and selected some
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Rapamycin Response (b) ALL/AML Cancer Classification

Figure A.3: BiVoC Experimental Visualizations
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representative biclusters from the results to visualize. Figure 4(b) displays the layout. The
individual array values are translated into a red/green spectrum spanning the range of
expression values for each gene. The view of the biclusters within the context of the larger
gene expression array highlights clearly the distinct gene expression patterns between these
two similar cancer types. The two purple bars near the top of the image indicate the cancer

type of each column.



Appendix B

libGO

libGO is a library developed in C++ that encapsulates the Gene Ontology(GO) [Con01],
a directed acyclic graph whose nodes correspond to a well-defined set vocabulary of gene
functions. In the Gene Ontology, a tag describes a particular function in some way. 1ibGO
currently parses and recognizes all tags currently available in the Gene Ontology and

provides accessors to the following tags through library methods:

e ID e Name

e Alternative IDs e Namespace
e Subsets e Definition

e Synonyms e Comments
e Xref Analogs e Obsolete

The Gene Ontology specifies functions as parent-child relationships is-a and part-of. If
a function F annotates a gene g, and F is part-of (or is-a) function F’, then g automatically
has the function F”’, by definition. 1ibGO calculates these functional relations, returning
all the functions in GO that annotate g. Parents can be selected as is-a, part-of, or both
relations in order to perform transitive closure. libGO’s parent transitive closure is used
by xMotif to compute all functional annotations for a gene given the functions that that
gene is initially annotated with. The libGO software package is available under the GNU

General Public License at http://bioinformatics.cs.vt.edu/~ggrothau/libGO/.
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Appendix C

libEnrichment

libEnrichment is a library developed in C++ that presents a interface for computing
functional enrichment using hyper-geometric statistics. In xMotif, libEnrichment is used
to find functions that are enriched in a particular xMotif as decribed in Section 3.8.
libEnrichment is implemented as a C+4 templated set of classes. Its meth-
ods support direct computation of the hyper-geometric statistics as described in Sec-
tion 3.8. Its methods also support enriched annotation searches including bonfer-
roni correction, holms correction, or false discovery rate correction [Dra03]. The re-
sults of these searches provide access to the enrichment score, the relation of type
T with that score, and the values explaining the enrichment calculation. The libEn-
richment software package is available under the GNU General Public License at

http://bioinformatics.cs.vt.edu/~ggrothau/libEnrichment/ .
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