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Abstract

Making Sense of Microarray Data: Development of an Integrated Bioinformatics Tool

Guoging Lu

Microarray technology promises to monitor interactions among tens of thousands
of genes simultaneously. Two types of microarrays, Oligonucleotide (oligo) and cDNA
arrays, are in common use. Oligo arrays have the advantage of providing a platform that
can be more readily compared between laboratories. With rapid evolution of hardware
and lab protocols, the challenge becomes the analysis of a vast amount of data rather than
the manufacture or the use of microarrays. Most software applications were developed
dealing with cDNA arrays. There remains a lack of tools that can be used for oligo array
analysis. The goal of this research project is to develop a bioinformatics tool dedicated to
analyzing oligo array data. Our tool, AffyMiner, consists of three functional components:
GeneFinding - finding significant genes in the experiment, GOTree - constructing a Gene
Ontology (GO) tree, and interfaces — linking to third-party applications. AffyMiner
effectively deals with multiple replicates in the experiment, provides users flexibility of
choosing different data metrics for finding significant genes, and is capable of
incorporating various gene annotations. In addition, AffyMiner maps genes of interest
onto the GO spaces, providing assistance in the interpretation of findings in the context of
biology. Furthermore, AffyMiner provides a portal to use Cluster and GenMAPP, two
popular programs for microarray analysis. AffyMiner has been used by multiple users
and was found to be an effective tool that has reduced plenty of time and efforts needed

for data analysis.
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Preface

Microarray technology is a powerful approach for genomics research (Leung &
Cavalieri 2003). The widespread use of this high-throughput data collection technique
over years has produced a vast amount of heterogeneous data. The challenge faced by
today’s researchers is to develop effective ways to analyze genomic data that has been
and will continue to be collected (Khatri et al. 2004; Lockhart & Winzeler 2000). My
research project aims to tackle this challenging problem by developing a bioinformatics
tool in order to facilitate microarray data analysis and assist researchers in discovering

biological knowledge embedded within the massive gene expression data.

The thesis is organized in four chapters as detailed below. Chapter 1 is a general
introduction, including a literature review on the microarray technology, its wide
applications, and existing software tools, and a detailed description of the study problem.
Chapter 2 is related to the software design, describing the flow of information in a typical
microarray assay, user requirements, software architecture, and algorithms. Chapter 3
introduces AffyMiner, the bioinformatics tool that I developed for microarray data
analysis and data mining. The functions of its components and the system requirement of
AffyMiner will be detailed therein. Chapter 4 compares AffyMiner with several widely
used counterpart software tools, and discusses the limitations and the future directions of
AffyMiner. This chapter ends with a conclusion on the research work pointing out the

significance of AffyMiner.
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Chapter 1 Introduction

Microarray technology is a powerful tool for genomics research (Leung &
Cavalieri 2003). In this chapter, I will briefly introduce the microarray technology, its
broad applications, and the various methods and software tools used for the microarray
analysis. At the end of this chapter, I will describe the study problem and the rationale for

this master thesis project.
1.1 DNA microarray technology

Two types of microarrays are in common use, cDNA microarrays and
oligonucleotide microarrays (Table 1) (Lockhart et al. 1996; Schena et al. 1995). In
cDNA microarrays, each probe DNA corresponds to a unique gene and is prepared by
high-throughput PCR on cDNA libraries or the genomic DNA. With synthetic
oligonucleotide arrays, sequence information is needed and used for chemical synthesis
of the probes, i.e., oligonucleotides. The difference between the two technologies is
summarized in Table 1. In general, cDNA arrays are relatively flexible since they do not
rely on genomics sequence information and the cost is comparatively low. However, the
cDNA array has some disadvantages, such as the variable amount of DNA spotted in
each spot, and the misidentification of clones. Oligonucleotide arrays provide a platform
that can be more readily compared between laboratories since they are factory designed
and synthesized (The Tumor Analysis Best Practices 2004). However, oligonucleotide
arrays are relatively expensive. Minimizing nonspecific hybridization is another

challenging issue in oligonucleotide array technology. Bioinformatics-based search of



unique gene sequences is also a critical factor in the design of oligonucleotide probes

(Rouillard et al. 2002; Rouillard et al. 2003).

Table 1 A comparison between cDNA and oligonucleotide arrays

Spotted cDNA arrays

Oligonucleotide arrays

Major arraying approach

Probe

Measurement in one array

Quality of data
Cost
Need to know genome sequence

Invented by

Spotting

cDNA, complete
sequence of a gene
Relative expression of
two samples

Varied

Cheaper

No

Stanford University

Photolithography
Oligos, a series of
fragments of a gene
Expression of a single
sample

Higher

Expensive

Yes

- Affymetrix Inc.

Both ¢cDNA and oligonucleotide probes can be arrayed on glass slides using

robotic pin spotting (Cheung et al. 1999) or ink-jet printing (Okamoto et al. 2000). The

widely used Affymetrix GeneChip array uses the photolithographic method and

phosphoramidite chemistry for in situ synthesis of high density (300,000 features on a

1.28 x 1.28 cm?2 chip) (Lipshutz et al. 1999). A different method for in situ synthesis of

oligonucleotide probes (60-mer) using ink-jet technology was described in Hughes et al.



(2001). The use of longer oligos is reported to address issues of lower hybridization
specificity and sensitivity with shorter oligos (Barczak et al. 2003; Erle et al. 2002; Kane

et al. 2000).

The basic principle behind microarray analysis is the hybridization of
complementary DNA strands (Dharmadi & Gonzalez 2004; Southern 2001), one being
immobilized DNA called “probes” and the other being labeled cDNA called “targets”
(Zareparsi et al. 2004). The rationale for DNA microarrays is that the signal intensity of
the hybridized DNA probes serves as an estimate of the abundance of each target species
and hence a measure of the expression level of each specific gene. A typical microarray
experiment comprises four steps below: 1) DNA complementary to genes of interest is
generated and laid out in microscopic quantities on solid surfaces at defined positions; 2)
DNA from samples is labeled and eluted over the surface, and complementary DNA
binds; 3) presence of bound DNA is detected by florescence following laser excitation
(imaging processing); 4) array data are preprocessed (i.e., normalized), analyzed, and

interpreted (Dharmadi & Gonzalez 2004).

1.2 DNA microarray applications

DNA microarrays have many applications varying from gene expression, point
mutation, SNPs, to pharmacogenomics (Heller 2002). Two entire supplemental issues of
Nature Genetics, Chipping Forecast I and Chipping Forecast II, published in 1999 and

2002, respectively, were devoted to reviews not only on microarray technology itself but



also on its various applications. Microarrays as a state of the art technology allow
researchers to elucidate how the genome is organized and how developmental processes
are orchestrated, and offer an important aid in the diagnosis and prognosis of cancer and
in the selection of drug targets (Duyk 2002). Many researchers have extensively done
reviews on microarray applications. For example, Epstein & Butow (2000) provides a
comprehensive review on the uses of microarrays in deletion mapping, measurement of
gene dosage, and transcript profiling that includes transcriptional analysis of cancer,
organ- and disease-specific arrays, budding yeast mitosis and meiosis, stress response,
and of aging. Recent reviews tend to focus on a specific subject, such as cell biology
(Panda et al. 2003), or a specific area, such as bacterial systems (Dharmadi & Gonzalez

2004) and applied breeding (Walsh & Henderson 2004).

Various types of applications of microarray technology are summarized in Table
2. This table indicates several research trends. At first, most studies are related to gene
expression, where investigators expected to identify differentially expressed genes in
unlike physical or environmental conditions, such as diseased and healthy tissues, and/or
to find co-regulated genes, i.e., those activated by a particular transcription factor.
Secondly, DNA microarrays through measuring genome-wide gene expression patterns
are becoming an important tool for pharmacogenomic applications, such as the
identification of molecular targets for drugs, toxicological studies and molecular
diagnostics. Thirdly, some new directions include the reconstruction of metabolic
pathways and genetic networks. A combination of expression data with other
experimental data plus effective computer algorithms seems essential to work in the new

directions.



Table 2 Applications of DNA microarray technology

Application

References

Gene of interest and
functional annotation

Cancer

Neuroscience

Drug response and

Discovery

Disease prognosis and

diagnosis

Developmental
biology
Toxicogenomics
Pathway mapping /

networks

Ecology and evolution

Bunney et al. 2003; Collins et al. 2004; Eisen et al. 1998;
Reinke 2002; Tusher et al. 2001

Chung et al. 2002; DeRisi et al. 1996; Grant et al. 2004,
Lyons-Weiler et al. 2004; Rubin et al. 2004; Watson et
al. 2004

Luo & Geschwind 2001; Nisenbaum 2002; Parrish et al.
2004

Debouck & Goodfellow 1999; Gmuender 2002; Ivanov
et al. 2000; Levy 2003; Ulrich & Friend 2002;
Weeraratna et al. 2004

Dyrskjot 2003; Kononen et al. 1998; Robson & Garnier
2002; van 't Veer et al. 2002; Weeraratna et al. 2004;
Yershov et al. 1996

Chen & Corey 2002; Smith & Greenfield 2003

Bottone et al. 2003; Medlin 2001; Ulrich & Friend 2002
Abbott et al. 2003; Bremnes et al. 2002; Chung et al.
2004; Iglesias et al. 2004; Mircean et al. 2004; Reinke
2002; Scandurro et al. 2001; Shalev et al. 2002; Slonim
2002; Weldon et al. 2002

Cherkasova et al. 2003; Eizirik et al. 2003; Gibson 2002;

Held et al. 2004; Taroncher-Oldenburg et al. 2003




1.3 Methods used for microarray analysis

Microarray data analysis includes data preprocessing, inferential statistics

computation, descriptive statistics estimation, and pathway/network analysis.

Data preprocessing, i.e., normalization, is a necessary step in microarray analysis,
since it allows comparison of datasets generated from different array experiments by
making sure the samples are equivalent in terms of technical and biological biases. For
oligonucleotide arrays, there are at least three methods available for normalizing probe-
level data. The first method is referred to as the scaling method, where intensities should
be scaled so that each array has the same average value. The second method is called the
non-linear method, which used non-linear smooth curves proposed by Li & Wong (2001).
The third method is based on empirical results demonstrating the ability to reduce
variance without increasing bias. A comparison of the above three methods can be found
in Bolstad et al. (2003). In addition, Stoyanova et al. (2004) proposed to use principal
component analysis to normalize the data generated from oligonucleotide arrays.
Normalization methods for cDNA arrays are quite different. Their detailed description
can be found in several good reviews (Fan et al. 2004; Leung & Cavalieri 2003;

Quackenbush 2001; Smyth & Speed 2003).

Inferential statistics are frequently used to test the null hypothesis, for example,
there is no difference in signal intensity for the gene expression measurements in normal
and diseased samples. A test statistic 1s used to decide whether to accept or reject the null
hypothesis. Table 3 listed inferential statistics methods in three different paradigms, i.e.,

comparisons of paired groups, unpaired groups, and three or more groups. Based on data



distribution, either parametric or nor-parametric methods can be used for the hypothesis
test. If a dataset follows normal distribution, parametric methods are used. Otherwise,
non-parametric methods are used. Pan (2002) compared three methods: the t-test, a
regression modeling approach and a mixture model approach. It concluded that the
mixture model approach is superior with respect to plausible assumptions of data
distribution, the resulting significance levels, and the number of genes detected. For
many applications, the significance level was set to be 0.05 or 0.01. However, there is a
multiple testihg problem in the case of microarray data, where thousands of genes are
compared simultaneously. The traditional p-value cutoffs should be made stricter to avoid
an abundance of false positive results. Zhong et al (2004) discussed various strategies on

the p-value adjustment procedures.

Table 3 Inferential statistics methods used for microarray data analysis

Paradigm Parametric test Nonparametric test
borﬁpavr'e‘ two unpaired groups  Unpaired t-test Mann-Whitney test
Compare two paired groups Paired t-test Wilcoxon test
Compare 3 or more groups ANOVA

Microarray data are highly dimensional. There are many thousands of data points
made from a small number of samples. Descriptive (exploratory) statistical analysis is
needed to help find meaningful patterns in the data. A first step is to arrange the data in a

matrix, and the second is to use a distance method to define the relatedness of the



different data points. Various methods are currently employed including classical
methods such as hierarchical clustering and K-means clustering as well as methods
originated from this group such as super-paramagnetic clustering (Blatt et al. 1996) and
coupled two-way clustering (Getz et al. 2000). Many others, such as self-organizing tree
algorithm, principal component analysis, discriminant analysis and clustering tools in
different favors have recently been introduced. Methods of this type are reviewed in

several publications (Quackenbush 2001).

There are at least three interesting approaches in analyzing microarray data in a
pathway perspective (Leung & Cavalieri 2003). The first is an extension of the
exploratory cluster analysis described above. The second is to identify the global
regulatory network architecture from microarray data. The final approach is to study the
expression data in a pathway perspective through mapping expression data onto
metabolic pathways. Various methods have been proposed for constructing a network
from microarray data, such as a Boolean network that simplifies gene expression as a
binary 10gical value to infer the induction of a gene as a deterministic function of the state
of a group of other genes (Akutsu et al. 2000; Liang et al. 1998; Maki et al. 2001) and a
Bayesian network that models interactions among genes, evaluates different models and
assigns them probability scores (Friedman et al. 2000; Hartemink et al. 2001). More
reéent modifications of the Bayesian network methods focus further on finding
probabilistically supported gene interactions or on combining these into subnetworks, on
modeling “latent” or hidden variables representing biological information unavailable to

the model, and on incorporating prior biological knowledge or annotation (Slonim 2002).



1.4 Software tools for microarray analysis

Although at present there is no clear standard solution for microarray data
analysis software, numerous tools of this type are available, both commercially and freely
(Table 4). Most of the software available are still in the early phase of the software
development process (Holloway et al. 2002). An exhaustive listing of microarray
software can be found at Y.E. Leung’s website
(http://ihome.cuhk.edu.hk/~b400559/array.html). Some important open source and
commercial software have been previously reviewed. Dudoit et al. (2003) provides a
review on three open source software, Bioconductor, TM4, and BASE. What these tools
have in common is the availability of their software source code, which allows users to
modify the code as well as to expand the functionality. Dresen et al. (2003) compared
three commercial software packages, arraySCOUT, GeneSpring and Spotfire
DecisionSite, to evaluate their applicability for analysis of gene expression data (Dresen
et al. 2003). GeneSpring seems to be an analysis tool more impressive than the rest. Liu
et al. (2004) compared several software tools, listed a subset of tools most commonly
used, and described the features that would constitute an ideal microarray analysis

software suite.

Table 4 lists some software tools used by microarray investigators. It is
demonstrated that most software packages, such as Affymetrix Data Mining Tools,
BioDiscover software, and GeneData Expressionist ™, focus on the exploratory methods,
including k-means clustering, hierarchical clustering, SOMs, and PCA. There are

applications, e.g., GenMAPP and arraySCOUT ™, with an emphasis on integrative



methods, including the pathway and Gene Ontology approaches. Despite an increasing
number of software tools available for microarray analysis, there are still many aspects
with poor or incomplete coverage (Herrero et al. 2004). For example, only a few of them
were developed to deal with data generated from oligonucleotide arrays. Most existing
software applications are not open source. Moreover, these software focus on
unsupervised cluster methods that, in many cases, are used for inadequate purpose
(Guffanti et al. 2002; Herrero et al. 2003; Simon et al. 2003; Simon & Dobbin 2003).

Thus, there is a high demand for efficient software tools for analyzing oligo array data.

Table 4 Some of microarray data analysis software and methods available therein

Source | Software Methods/applications
Affyrhetrix Data Mining Tool *  Clustering and discriminatory gene
analysis.
BioDiscovery ArrayPack™ ® Integrated expression management system.
GeneSight™ $ K-means and hierarchical clustering, SOMs

and PCA. Discriminatory gene analysis.

GeneData GeneData K-means and hierarchical clustering and
Expressionist™ $ SOMs; Discriminatory gene analysis.
Gladstone GenMAPP Biological pathways, GO trees

Institutes, UCSF

InforMax Xpression NTI 3 Hierarchical and nonhierarchical clustering

10



Lion Biosciences

Lund University

Molmine

Silicon Genetics

Spotfire

Stanford

University

The Institute for

Genomic Research

Whitehead

Institute

ArraySCOUT™ ®

BASE

J-express

GeneSpring™ $
GeNet™ $
Metamine™ *

DecisionSite™ ¥

Cluster/Treeview

SAM

TIGR Microarray 4

(TM4)

GeneCluster

methods.

Connectivity to modules for analysis of
molecular networks and biological
pathways.

Database, normalization, data analysis
Hierarchical and K-means clustering.
SOMs and PCA. Profile similarity search.
Machine learning tools, clustering methods
and PCA. Integrated platform for gene
expression research.

Clustering and prediction tools. Integrated
platform for functional genomics.
Hierarchical clustering, SOMs, k-means
clustering, PCA.

Significant analysis of microarrays
Hierarchical clustering, k-means clustering,
self-organizing maps, principal components
analysis, support vector machines, gene
shaving, and relevance networks

K-nearest neighbors (KNN) Weighted

voting (WV), SOM

MDS: Multidimensional scaling; PCA: Principal component analysis; SOM: Self-
organizing map; $: commercial software

11



1.5 The study problem

We are interested in developing a bioinformatics tool for Affymetrix gene
expression array data analysis and mining. Two reasons drove us to focus on the
Affymetrix microarrays. First, Affymetrix oligo array have the advantage over other
types of arrays since it provides a platform that can be more readily compared between
laboratories. The increasing use of Affymetrix microarrays and the emerging use of this
technology in clinical trials have led to the development of best practices for microarray
data generation and interpretation in both the pharmaceutical and academic research
communities (The Tumor Analysis Best Practices 2004). Affymetrix system provides a
choice of several data metrics for the detection of the gene expression level and the
significance of changes, as detailed in the next paragraph. Secondly, only a few software
tools are currently available for GeneChip® array analysis (Table 4). These tools are
often not integrated in a way that biologists can use them to analyze array data effectively

and easily.

Gene expression analysis of a single Affymetrix array generates a number of data
metrics such as a Detection p-value, a Detection call (i.e., Present, Marginal, or Absent),
and a Signal value for each probe set (Affymetrix GeneChip® Expression Analysis: Data
Analysis Fundamentals). These data metrics are used in the database of gene expression
profiles, and facilitate sample classification and transcript clustering analysis.
Comparison analysis between two arrays of the same type generates a Change p-value, an

associated Change (i.e., Increase or Decrease), and a Signal Log Ratio. One important

12



approach for determining genes that demonstrate robust changes in the experimental
samples compared to the control samples involves the following three metrics: Detection,
Change, and Signal Log Ratio. When looking for robust increases, for example, it is
important to select for transcripts with “Present” in the experimental sample, “Increase”
in the Change call, and a Signal Log Ratio exceeding a certain threshold, e.g., 1.0. Note
that when the above guideline is applied in determining robust changes, conflicting
information may occur for some genes, due to the fact that Detection, Change, and Signal
Log Ratio are calculated separately using different algorithms. The benefit of this

approach, however, is that genes can be assessed using independent data metrics.

Affymetrix GeneChip® Operating Software (GCOS) calculates the above
quantitative and qualitative data independently. Finding genes with significant changes in
the experimental samples currently requires considerable time and effort to manually
process the gene expression data following the above guidelines. This tedious process
becomes even more complicated when biological replicates are involved, since each
experimental sample needs to be compared with each control sample and each of the
Detection, Change, and Signal Log Ratio values in all the experimental samples must be
compared. In addition, when replicates are introduced, statistical analysis such as the
Student’s t-test or the Mann-Whitney Nonparametric test may be applied. This adds a
new variable into the data metrics that need to be considered in defining significant
genes. We have been using Affymetrix software packages and other third-party programs
such as GeneSpring for microarray analysis (http://www.silicongenetics.com/), but none
of the existing software programs can be easily used to analyze Affymetrix gene

expression atray data with multiple replicates in the experiment.

13



Once significantly up-regulated and down-regulated genes are found, the
subsequent challenge is how to interpret the gene expression analysis result. Towards this
goal, several public resources such as GO (http://www.geneontology.org/ (Camon et al.
2004, Harris et al. 2004), KEGG (http://www.genome.jp/kegg/ (Kanehisa et al. 2004),
and DAVID (http://david.niaid.nih.gov/david/), have made significant efforts in defining
molecular functions and metabolic pathways. Some open source software packages such
as GenMAPP and MAPPFinder (Dahlquist et al. 2002; Doniger et al. 2003) and several
commercial software systems such as Ingenuity Pathways Knowledge Base
(http://www.ingenuity.com/) have been made available. The NetAffx Analysis Center,
one of the public resources developed by Affymetrix, is of particular interest to
researchers since it correlates their GeneChip® array results to a catalog of array design
and annotation information. However, NetAffx does not offer a flexible way to readily
perform this operation. For example, when the user does a batch query, the output is
sorted alphabetically based on the probe set IDs, which differs from the input order.
Another disadvantage of NetAffx is that there is no way to incorporate quantitative data,

e.g., signal log ratio, with its annotation information into a single table.

The goal of this research is to develop an integrated bioinformatics tool to address
aforementioned issues. The tool is expected to have three functions: 1) finding the genes
with significant changes in the experimental samples compared to the control samples
using any of the four data metrics and their threshold values; 2) mapping the significant
genes onto the GO spaces, i.e., molecular function, biological process, and cellular
component; 3) providing interfaces of integrating other popular microarray analysis tools,

such as Cluster and GenMAPP, into this application.
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Chapter 2 Software Design

As mentioned in Chapter 1, microarray technology generates a vast amount of
data. Without using appropriate bioinformatics tools, such data could not be transferred
into useful knowledge. This chapter describes aspects related to software design,
including data/information flow in a microarray assay, user requirements, software
architecture, and some important algorithms. The design was based upon my
understanding of the users’ requirements and my analysis of current counterpart tools.
Given the short time of graduate research, I have been focusing on the development of an
integrated tool for high-level data analysis that does not include methods for low-level

data analysis, such as image processing and data normalization.
2.1 Data/information flow in a microarray assay

The flow of information in a microarray assay is shown in Figure 1. The
information flow in a microarray experiment begins with experimental design and
followed by hybridization, data acquisition, data preprocessing, and data analysis. Taking
together inferential analysis, exploratory analysis, and pathway analysis, plus known
biology and validation, researchers expect to understand the biology, such as molecular

functions and metabolic pathways.

Microarray experimental design defines biological questions and hypothesis, and
the microarray experiment scheme, including biological replication in the experiment.
Hybridization is the formation of double-stranded DNA, RNA, or DNA/RNA hybrids by

complementary base pairing. Suitable protocols and procedures are used in the
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hybridization step. Data acquisition is the process where images are scanned at an
appreciate resolution. Microarray data pre-processing, i.e., normalization, adjusts the
average value of an experimental array so that it equals that of the baseline array, thus
allowing datasets generated from different arrays to be compared. Normalized data are
then analyzed at different levels, such as inferential analysis, exploratory analysis, and
integrated analysis. This thesis focuses on inferential analysis and integrated analysis, as
illustrated in the grey boxes in Figure 1. As for the exploratory analysis, we will take

advantage of the open source software instead of reinventing the wheel.

Experimental design

Micoarray hybridization

Data acquisition (image data)

Data preprocessing (normalization)

|
v

Exploratory analysis
(co-regulated genes,
functional annotation)

Validation experiment Biological narrative Known knowledge

Figure 1. Data/information flow in a microarray experiment
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In an Affymetrix GeneChip® microarray assay, there are five steps involved: 1)
preparing the target; 2) setting up an experiment; 3) hybridizing, washing and staining the
probe array; 4) scanning the probe array; 5) analyzing the hybridization data (Figure 2).
The GCOS from Affymetrix generates several output files, *.exp, *.dat, *.cel, and *.chp.
The analyzed array data can be published to the database. The *.exp file contains
experimental information about the experiment performed and the array used. Array
images are scanned with an appropriate scanner, and the image data are stored in the
* data file. A signal intensity value for each cell is saved in the *.cel file. The *.chp file
contains data from signal chip analysis or pairwise comparison analysis, including signal
value, signal detection (Present or Absent), signal change (Increase or Decrease), and
signal log ratio. The data exported from the .chp files in the GCOS will be used by the

tool to be developed.

2.2 User requirements

e Be able to deal with data exported from the GCOS. The data contain probe sets,
signal detection, signal value, signal log ratio, signal change, et al.

e Be capable of sorting/filtering for significant genes. The user has the flexibility to
choose different data metrics and set up different threshold values.

¢ Be able to perform inferential analysis, such as the t-test.

e Be able to do exploratory analysis. The user can use various clustering approaches
and machine learning methods for exploratory analysis.

e Be able to perform data mining. The user is able to incorporate information of

Gene Ontology and metabolism pathways.
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* Have easy-to-use graphical interfaces. The program should be user friendly and
easy-to-use and has attractive interfaces.

e Provide ready-to-publish charts and tables.

Assay Steps Outputs

Prepare Define >
target experiment Experimental information

Process probe array in
fluidics station

l

Scan )y

l

Compute cell intensites

l

Image

Cell

Analyze cell intensities ey Analysis output or chip
Publish data .
=

Figure 2. Assay steps and the outputs in a typical Affymetrix gene expression array assay

(GeneChip® Operating Software Manual, Affymetrix, Inc.)

18




2.3 Software architecture

The tool to be developed is called AffyMiner, indicating mining Affymetrix
microarray data for biological knowledge. AffyMiner comprises three functional
components, GeneFinder, GOTree, and interfaces with Cluster and GenMAPP, as shown
in the dash line box (Figure 3). These components are interconnected and all use as input
the Affymetrix microarray data. Instead of reinventing the wheel, AffyMiner uses two
well-known open source software tools, Cluster and GenMAPP, for exploratory and

integrative analyses

GeneFinder finds differentially expressed genes based on the data metrics and
thresholds values that the user chooses. GeneFinder can also incorporate gene annotation
information. GOTree creates a hierarchical Gene Ontology tree illustrating the
relationship of genes in the context of biological processes, gene functions, and cellular
components. The input to GOTree can be the output generated from GeneFinder or the

data defined by the user.

The interfaces to Cluster and GenMAPP provide a way of integration between
AffyMiner and third party programs. AffyMiner transfers the data exported from GCOS
into a format suitable for Cluster and GenMAPP. Cluster and GenMAPP will be

introduced in 2.4 4.
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Figure 3. Software architecture

2.4 Algorithms

2.4.1 GeneFinder

Affymetrix GCOS (GeneChip Operating Software) provides users with both
qualitative and quantitative measures of transcript performance, including Detection,
Change, and Signal Log Ratio. Detection is the qualitative measure of presence or

absence for a particular transcript. The Detection calls are a fundamental criterion for
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significance of the expression of a transcript between samples. For example, when
looking for robust increases, it is important to select for transcripts that are called
“Present” in the experimental sample, since it is uninformative when we see “Absent” to

“Absent” changes, which need to be eliminated for further analysis.

“Change” is the qualitative measure of increase or decrease for a particular
transcript. When looking for both significant increases and decreases, it is important to
eliminate “No Change” calls. Signal Log Ratio 1s the quantitative measure of the relative
change in transctipt abundance. The Affymetrix Gene Expression Assay has been shown
to identify Fold Changes greater than two 98% of the time by (Wodicka et al. 1997).
Based on these observations, robust changes can be consistently identified by selecting
transcripts with a Signal Log Ratio >1 for increases and < -1 for decreases. When
performing a single comparison analysis, it is important that above three data metrics be
applied. Note that some transcripts may provide conflicting information, for example, a
transcript is called “Increase” but has a Signal Log Ratio of less than 1. Alternatively, a
transcript is called “Absent” in both experimental and baseline files, but is also called
“Increase.” These contradictions arise due to the fact that Detection, Change, and Signal
Log Ratio are calculated separately. The benefit of this approach is that transcripts can be
assessed using three independent metrics. Thus, in order to determine the most robust

changes, it is crucial to use all three metrics in conjunction.

Basic steps for determining robust increases include 1) eliminating probe sets in
the experimental sample called “Absent”; 2) selecting for probe sets called “Increase”; 3)

eliminating probe sets with a Signal Log Ratio below 1.0. Basic steps for determining
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robust decreases include 1) eliminating probe sets in the baseline sample called “Absent”;
2) selecting for probe sets called “Decrease”; 3) eliminating probe sets with a Signal Log

Ratio above -1.0.

When biological replicates are introduced, multiple comparisons are needed.
Figure 4 shows nine comparisons between three experimental sample replicateé (Al, A2,
and A3) and three control sample replicates (B1, B2, and B3). In this case, inferential
statistics are not useful, since the sample size is too small (three replicates and two
conditions). It is strongly suggested to do pairwise comparisons and to apply the rules
described above to find genes with robust changes. When replicates are available in the
experiment, it becomes possible to relax the sorting thresholds, for example, the number
of Increase being 6 out of 9 comparisons and average signal log ratio being 0.8. The
software tool needs to provide full flexibility for the user to decide all the thresholds

based upon their experience.

Figure 4. Multiple comparisons of experiment replicates (A1, A2,

and A3) and control replicates (B1, B2, and B3).
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The algorithm for finding genes with robust increase in expression is as follows:

double num_threshold, fold_threshold;
int num_present = 0;
while (leof(inputFile)) { // read each line
if (column = = “experiment” || detection = = “present”) num_present++;
if (! beginWith(“AFFX”) &&
num_present > num_ threshold &&
p<0.05 &&
signal_change = “I” &&
fold_change > fold_threshold) {
print probe_set;
} /1 end of if
}// end of while

The algorithm for finding genes with robust decrease in expression is as follows:

double num_threshold, fold_threshold;
int num_present = 0;
while (leof(inputFile)) { // read each line
if (column == “control” || detection =="present”’) num_present++;
if (! beginWith(“AFFX”) &&
num_present > num_threshold &&
p<0.05 &&
signal_change = “D” &&
fold_change < fold_threshold) {
print probe_set;
} // end of if
}/ end of while
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2.4.2 GOTree

The Gene Ontology (GO) Consortium (Harris et al. 2004) produces structures of
biological knowledge using a controlled vocabulary consisting of GO terms. GO terms
are organized into three general categories: biological process, molecular function, and
cellular component. The terms within each category are linked in defined parent-child
relationships that reflect current biological knowledge. All genes from different
organisms are systematically associated with GO terms, and these associations continue
to grow in complexity and detail as sequence databases and experimental knowledge
grow (Zhong et al. 2004). GO provides a useful tool to look for common features that are

shared within a list of genes.

GOTree uses two files generated respectively from ChipInfo and GeneFinder.
ChiplInfo is designed for retrieving annotation information from online databases such as
NetAffx and Gene Ontology and organizing such information into easily interpretable
tabular format outputs (Zhong et al. 2003). ChiplInfo has functions for computing related
summary statistics of probe sets and Gene Ontology terms. A sample output produced
from Chiplnfo is shown in Table 5. The table is abridged. The actually number of GO
terms is very large, for example, 7422 terms for molecular function. Table 5 includes
three columns, GO _ID, Path, and GO_Term. GO IDs and GO terms are defined by the
Gene Ontology Consortium. The path indicates the route passing from root to an internal
node or a leaf node in the GO tree. For example, the path for adult behavior is from

biological process (1), behavior (1.0), to adult behavior (1.0.0).
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Table 5 The structure of GO terms generated by ChipInfo (abridged)

GO_ID Path GO_Term

8150 1 biological_process

7610 1,0 Behavior

30534 1,0,0 Adult behavior

8343 1,0,0,0 Adult feeding behavior

8344 1,0,0,1 Adult locomotory behavior
7628 1,0,9,0,0 Adult walking behavior

7630 1,0,9,0,2 Jump response

7636 1,0,9,0,2,0 chemosensory jump behavior
7636 1,0,4,0 chemosensory jump behavior
48148 1,5,11,2,3,1,2,4,0  behavioral response to cocaine

Another input required by GOTree is either the output generated from GeneFinder

or the data defined by the user. The GeneFinder output will be described in 3.1.1. The

input data should include the following four items: probe sets, Gene Ontology biological

process, Gene Ontology cellular component, and Gene Ontology molecular function.

A high-level description of the algorithm to build the GO tree is as follows:

¢ Read the output file generated by GeneFinder

e Write in an array the GO Ids and their corresponding Affymetix probe set IDs

as shown in Table 6
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e Find GO Path IDs for each GO ID in the array, add the GO Path IDs to each
element in the array

e Sort by the GO Path IDs, compute the sum of probe sets associated with each
node

¢ Build the entire tree based on the GO Path IDs and write in each node GO

term, GO ID, and the number of probe sets.

Table 6 Matches between GO IDs and Affymetrix probe set IDs

GO_ID Gene set

4194 267580_at

4672 267481_at, 267461_at, 267624_at
4871 267477_at, 267516_at

6355 267477 _at

6468 267481_at, 267461_at, 267624_at
7165 B 267477_at

9507 267592_at, 267624_at

9637 263669_at

9882 263669_at

12505 267481_at
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2.4.3 Interfaces to Cluster and GenMAPP

The interfaces in AffyMiner provide functions for formatting data and for linking
to Cluster and GenMAPP. Input data are formatted to satisfy the requirements of Cluster

and GenMAPP. Systems calls will be used to launch the programs.

2.4.4 Introduction to Cluster and GenMAPP

Cluster is a well-known program developed for analyzing microarray data (Eisen
et al. 1998). It performs a variety of types of cluster analysis and other types of
processing such as filtering (Fig. 5). Cluster includes functions for hierarchical clustering,
self-organizing maps (SOMs), k-means clustering, and principal component analysis. The
software manual describes in detail how to use Cluster, which is available at Dr. Eisen’s

website, http://rana.lbl.gov/EisenSoftware.htm.

[Gene Vector = [2

T Obsmis abtez B

f;?b‘_ e

Figure 5. Main interface of the Cluster program.
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GenMAPP (Gene MicroArray Pathway Profiler) is a package designed for
visualizing gene expression data in a biological context with the graphical and more
intuitive format of MAPPs (Dahlquist et al. 2002; Doniger et al. 2003; Eisen et al. 1998).
A MAPP is a GenMAPP-produced file that graphically shows the biological relationship
between genes or gene products. MAPPs can be used to group genes and view data by
any organizing principle, such as metabolic pathways, signal transduction cascades,
subcellular locations, gene families, or lists of genes associated with Gene Ontology
categories. MAPPs for a standard set of biological pathways, as well as lists of
functionally related genes from public sources such as the Gene Ontology Project, may
be downloaded at www.GenMAPP.org. In addition, custom MAPPs for hypothesis
testing may be drawn with the graphics tools provided by the GenMAPP program. It is a

powerful tool for interpreting gene expression microarray data.

A sample MAPP of the biotin metabolism pathway is illustrated in Figure 6.
MAPP information is shown at the top of the Drafting Board, including title, author,
maintained by, email, last modified, remarks, copyright, and notes. The MAPP itself
consists of objects (e.g., 2.3.1.47 and 6.2.1.14), links between objects (e.g., C01063), and
labels (e.g., Lys degradation). The gene object represents a biological gene or gene
product and is the link between the gene object on the MAPP and information in the

Gene Database. The label is the text that the user wishes to appear on the MAPP.
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Author: Adapted from KEGG by LM, Ferrants
laintained by: GanMAPP ory

C02656 6.2.1.14 C61083 2.3147 C01092

C01909 —{6.3.3.3 |- £01637

81884 — 6. BTD —coss52

Biotin metabolism -

Figure 6. The Human biotin metabolism MAPP generated by the GenMAPP program
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Chapter 3 AffyMiner — an Integrated Tool for

Microarray Analysis

This chapter will introduce AffyMiner, the program that I developed for
Affymetrix microarray analysis. The functionality for each component and the

system requirements will be described.

AffyMiner was developed in the Microsoft .Net platform and programmed
in Visual Basic .Net. VB .Net is the latest version of the Microsoft Visual Basic
language. It has many attractive features, such as easy of use, fully object-

oriented, and true visual development.

3.1 An introduction to AffyMiner

AffyMiner is an integrated bioinformatics tool developed for Affymetrix
microarray data analysis. It includes two newly developed programs, GeneFinder
and GOTree, and interfaces with two widely used packages, Cluster and
GenMAPP. Figure 7 shows the AffyMiner main window. A brief description of
AffyMiner and its components is available on this window. The user can run any

of the above four programs by simply clicking an appropriate button.
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Figure 7. AffyMiner main window

3.1.1 GeneFinder

The input file to GeneFinder is a text file exported from Affymetrix GCOS
software where single array analysis and pairwise comparison analysis are
completed or from Affymetrix Data Mining Tools where statistics tests are
performed. Data from different comparisons need to be combined into a single
input file in a text format. The input file may contain qualitative data such as
Detection, Change and quantitative data, e.g., Signal Log Ratio. Another input file
needed is a NetAffx annotation file, which can be downloaded from the NetAffx

Analysis Center (http://www.netaffx.com).
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GeneFinder has three windows used to set up filtering parameters, upload
input files, and define the output, respectively (Fig. 8, 9, 10). There are three
frames in the parameter-setting window for setting the number of replicates, the
direction of a robust change, and the data metrics to determine significant genes
(Fig. 8). The data metrics consist of Signal Detection, Signal Change, Signal Log
Ratio and Statistical Test. Note that the user has the flexibility of choosing which
data matrices to use and setting threshold values. Once the parameters are set up
in the first window, clicking the “Go” button will open another window for data

input. To close the window, click the Cancel button.

Figure 8§ demonstrates that two experiment replicates and two control
replicates were used in the assay. The radio button Increase was checked for
finding genes with robust increase. The data metrics used for finding significant
genes included Signal Detection, Signal Change, and Signal Log Ratio. The signal
detection was set to two, indicating two experiment replicates with signal
detection as Present. The signal change was set to four, meaning four pairwise
comparisons with signal change as Increase. The four comparisons are experiment
1 vs. control 1, experiment 1 vs. control 1, experiment 2 vs. control 1, experiment
2 vs. control 2. The average signal log ratio of one represents a two-fold change
of signals in the experiment samples compared with the control samples. Note
that the setting shown in Figure 8 is the most conservative one. Relaxing the
conditions, for example, setting one for signal detection and three for signal

change, would allow finding more genes.
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Figure 8. GeneFinder parameter setting window

In the data input window as shown in Figure 9, the user can choose the
input file and select columns corresponding to specific samples and Idata metrics.
The input data are exported from the Affymetrix GCOS software and saved in a
text file. To change parameter settings, just click the “Back’ button to the first
window. If the program has been run once, clicking the “Resume Selections”
button resumes the latest selections of the data file and columns. Clicking “Find”

button starts the analysis process. As shown in Figure 9, column 1 of the input
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table contains the probe set, columns 3 and 5 have the signal detection values for
two experiment replicates whereas columns 11, 13, 15, 17 comprise signal change
values, and columns 10, 12, 14, 16 consist of the signal log ratios for the four

pairwise comparisons.

Enptﬁ Settings

Ciboouments and Settinesieuocing'Cesktoo' ATy Minine Proeramiinout.xls ‘ﬁ:b{xse ] =

¢

Skl Replicate?
15-I& ATH1 ATX102 will Change

R4
A1 1724 ATH1 ATX102 wi02 Chanee >

j Ll Beplicatel - Ctrl, Replicate?
10-TA ATHI ATX101 wt01 Sienal Loe Ratio 14-ZA ATH1 ATX102 wtD1 Siznal Loe Ratic i
12-24 ATH1 ATX101 wi02 Sienal Loe Ratio ¥l 16-7a ATH1 ATX102 WEDZ Sienal Log Ratic ]

Figure 9. GeneFinder input setting window

34



When the analysis is done, a window will be popupped, asking whether
the user needs annotation for each probe set (Fig. 10). If “no” is clicked, a report
on significant genes will be generated. If “yes” is clicked, the output-setting

window will be displayed.

Figure 10. Gene annotation popup window

The output-setting window allows the user uploading the annotation file
and choosing columns to be included in the output table. The gene annotation file
needs to be in the CSV (Comma Separated Value) format and can be downloaded
from the NetAffx website (http://www.affymetrix.com/analysis/index.affx). In
Figure 11, the user chose column names, Probe_set, Average Signal Log Ratio,
Transcript ID, Target Description, Gene Ontology Biological Process, Gene

Ontology Cellular Component, and Gene Ontology Molecular Function.

The output from GeneFinder is shown in Table 7. It comprises the probe
set IDs, the average signal log ratio, and other columns selected by the user in the

output-setting step. We did not show the whole table here and presented only six
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probe sets. The Gene Ontology Biological Process, Gene Ontology Cellular
Component, and Gene Ontology Molecular Function were selected for GOTree to

create a Gene Ontology tree for significant genes (see also 3.2.1).
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Figure 11. GeneFinder output setting window
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3.1.2 GOTree

GOTree takes as input two files. One file is called GOPath with information about
hierarchical structure of GO terms whereas the other file has information regarding genes
of interest and their GO term associations. Both files are described in 2.4.2. The GOPath
file was generated from ChiplInfo. The user can download it from the following website:
http://www .biostat.harvard.edu/complab/chipinfo/. To run GeneChip, the user needs to

provide the gene information file, which can be downloaded from the Affymetrix

website.

The output GO tree can be presented at various levels. The user can click the
small square box to expand or collapse the branches. Each node is labeled with the
- corresponding GO term, GO ID, and the number of genes associated. For example, line 3
of the Gene Ontology tree as shown in Figure 12 indicates the node represents cellular
process with GO ID 9987 and 1 GO term associated. In addition, the GO tree can be

saved in a GIF file, and be copied or pasted in a word document for publication.

3.1.3 Interfaces to Cluster and GenMAPP

The third component links AffyMiner with Cluster and GenMAPP. The user
needs to download Cluster and GenMAPP Cluster respectively from the following
websites: http://rana.lbl.gov/EisenSoftware.htm and
http://www.genmapp.org/download.asp. Both Cluster and GenMAPP need to be installed

on the local computer. The user can run them by merely clicking the buttons in the main
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window (Fig. 7). The data transformation function available in AffyMiner format

Affymetrix microarray data or GeneFinder result data automatically for Cluster or

GenMAPP. To learn more functions available in both programs, the user needs to refer to

the user manuals or software tutorials available on the website.
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Figure 12. A Gene Ontology tree generated from the GOTree program in AffyMiner.
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3.1.4 The use of AffyMiner

Researchers at the University of Nebraska-Lincoln (UNL) have been using
AffyMiner for microarray analysis. They found AffyMiner was an easy-to-use and
effective tool and saved plenty of time and efforts needed for analyzing microarray data.
In fact, AffyMiner has been cited in several manuscripts, which have been or will be
submitted for publication (e.g., Z. Avramova, personal commun. 2004; M. Fromm,
personal commun. 2005). In this section, I want to show a practical example in which I

used AffyMiner to analyze Affymetrix microarray data.

Dr. Z. Avramova’s group at the University of Nebraska-Lincoln was interested in
knowing whether phosphoinositid 5-Phosphate and the yrithorax homolog, ATX1, define
a novel signaling pathway in Arabidopsis. By doing so, two independent experiments
were carried out. PISP-treated, mock-treated wild type, and atx1 mutant plants were
grown and handled under the same conditions. Whole plants, grown for 20 hours in the
presence of exogenously added PISP, were harvested and quickly transferred into liquid
nitrogen. Total RNA was extracted from the frozen plants using TRIzol reagent following
the manufacturer’s instructions and further purified using Qiagen RNeasy column
(Qiagen). Fifteen micrograms of total RNA was used to synthesize cDNA using
Affymetrix One-Cycle cDNA Synthesis Kit according to the manufacturer’s instructions
(Affymetrix). All sample preparations followed prescribed protocols (Affymetrix
Genechip Expression Analysis Technical manual). Hybridization was done on an

Affymetrix Arabidopsis Genome ATHI1 Array, stained with streptavidin-phycoerythrin
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conjugate on an Affymetrix Fluidics Station 450, followed by scanning with the
GeneChip Scanner 3000 (Affymetrix). Affymetrix GCOS was used for washing,

scanning, and basic data analysis.

For microarray data analysis, six Affymetrix GeneChip Arabidopsis ATH1
Genome Arrays were used for the analysis of gene expression in PISP treated and ATX1
mutant Arabidopsis, by measuring florescence frpm gene-specific oligos. The Affymetrix
microarray contains more than 22,500 probe sets, representing approximately 24,000
genes. Each probe set consists of 11 probe pairs with a perfect mach (PM) sequence
corresponding to a specific region of a gene. For each PM sequence, there is also a
corresponding mismatch (MM) oligo that differs by one base. In total, six microarray
hybridizations were carried out and each experimental sample was analyzed versus each
of the two wild type control sets. The numbers of total Arabidopsis genes detected by
each individual hybridization were 60.4% and 57.4% for the wild type, 62.2% and 59.9%
for the atxl, 57.7% and 58.5% for the PI5P-treated plants. Thereby, 60%, ~14,800 of all
Arabidopsis genes have been detected by the analysis. For mining significant génes, the
AffyMiner program was used and the criteria for defining genes with robust increase or

decrease in expression.

The data were first analyzed with GCOS. For each array, overall intensity
normalization for the entire probe sets was preformed using the scaling approach, which
adjusts the average intensity or signal value of every array to a common value in order to
make the arrays comparable. The target signal intensity 500 was set up for scaling. Single

array analysis generated a detection p-value to determine the detection call, Present (P) or
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Absent (A). Additionally, a signal value, a relative measure of abundance to the
transcript, was calculated. For comparison analysis, the array for wild type (wt) is used as
a baseline and the arrays for PI5SP treated or ATX1 mutant were used as treatment.
Instead of simply comparing signal values of each probe set, GCOS examines changes in
the intensities of both PM and MM probes between the treatment and the baseline using a
non-parametric Wilcoxon rank test. However, this method is available only for pairwise
array comparison as discussed in 1.5. To compare two replicates for the treatment (e.g.,
PI5P1 and PI5P2) and two replicates for the control (i.e., wtO1 and wt02), the data were
expotted from the GCOS and used by AffyMiner. The GeneFinder program in AffyMiner
was used to identify genes significantly expressed in PISP treated samples compared with
the wild-type samples. The following criteria were used in calculation: 1) detection call
should be “present” in the 2 experiment replicates; i1) change calls from the pairwise
comparisons should be all “I”, i.e., increase, or “,”D”, decrease; iii) average fold change
between the treatments and the controls should be no less that 1.5. The output table is

shown in Appendix A.

To derive a GO tree, I used the GOPath file generated from the ChipInfo program
and the output file from GeneFinder as input to the GOTree program. The tree is
illustrated partially in Figure 12 and summarized in Figure 13. Of the genes with robust
changes, 55.2% are related to metabolisms, 16.3% to cellular pﬁysical process, and 10%

to response to stimulus.
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Homeostasis ( G0:0042592): 0.8%

Morphogenesis (GO.0009653): 0.8%
Organismal physiological process {GO:0050874): 1 3%

Regulation of cellular process (G0:0050794): 1.3%
Death (GO:0016265): 2.5% \
Cell communication (G0:0007154). 9.2%

5,

Response to stimulus (G0:0050896): 10.0%—

Rhythmic behavior (G0:0007622): 0.4%

Aging ( G0:0007568): 0.4%

Embryonic development (GO:0009790): 0.4%
Pigmentation ( GO:0048066): 0.4%

Post-embryonic development (GO:0009791):0.4%

Regulation of gene expression, epigenetic
:0040029): 0.4%

—— Metabolism (GO:0008152): 55.2%

Celtular physiglogical process
(G0:0050875): 16.3%

Figure 13. Distribution of genes with significantly altered expression levels after

PISP treatment according to the Gene Ontology tree generated in GOTree

The above results generated from AffyMiner were summarized in a manuscript,
which has been submitted to the European Molecular Biology Organization (EMBO)

journal for the consideration of publication.

The above exercise demonstrated that AffyMiner is not only an easy-to-use but
also an effective tool. Without using GeneFinder, the user can sort for significant genes
manually following the rules as described in 2.4.1. This manual approach is not only time
consuming but could not easily deal with conflicts among different data metrics (for
example, the conflict between signal log ratio and Signal Chang). AffyMiner provides the
user with flexibility of setting up different threshold values for the data metrics, i.e.,
Signal Detection, Signal Change, Signal Log Ration, and Statistic Test. The user can play
as many combinations as one likes and decide the final gene list. Finding significant

genes with AffyMiner takes less than two minutes, however the manual process may take
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several hours or even longer to get the job done. Therefore, AffyMiner significantly

reduces time and efforts needed for microarray data analysis.

3.2 System requirements

¢ Pentium IH-class 600 MHz
e Microsoft Windows 2000 or above
¢ 256 MB RAM
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Chapter 4 Discussion

In this chapter, I will compare AffyMiner with its counterparts in order to
demonstrate its unique features. Software limitations and future improvement of
AffyMiner will be discussed as well. This chapter will end with a conclusion on the
research work, i.e., the development of an integrated bioinformatics tool for microarray

analysis.

4.1 Software comparison between AffyMiner and its counterparts

The challenge for microarray experiments is to analyze data and interpret the
result in terms of biology rather than the generation of array data. In this project, I
developed an integrated bioinformatics tool called AffyMiner to assist researchers in
analyzing microarray data. AffyMiner has three interconnected components, GeneFinder,

GOTree, and interfaces linking AffyMiner to other third-party programs.

Affymetrix, Inc. has developed the GeneChip® Operating Software (GCOS) and
the Data Mining Tool (DMT) software (http://www.affymetrix.com/index.affx), with
which AffyMiner has certain functions overlapped. For example, the GCOS software can
perform single comparison analysis (a baseline versus a treatment) and sorting, and the
DMT has functions used for array data filtering. However, both the GCOS and the DMT
cannot be used for multi-comparison analysis of replicate samples (Fig. 4). AffyMiner

provides users flexibility for choosing different data metrics (Signal Detection, Signal
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Change, Signal Log Ratio, and Statistic Test) and setting threshold values in order to find
significant genes. Moreover, both the GCOS and the DMT software do not have such a
function that allows incorporating NetAffx gene annotation information into the final
result. In this aspect, AffyMiner can include gene annotations in the analysis and result in
a ready-to-publish user defined table (Table 7 and Appendix A). The NetAffx Gene
Ontology Mining Too, made available by Affymetrix, Inc., provides a graphical view of
probe set representation within the biological processes, molecular function, or cellular
component hierarchies (Fig. 14). However, the graph is very difficult to read, which is the
main reason driving us to develop GOTree. GOTree has flexibility of displaying the GO

tree on different levels.
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Figure 14. Sample graphical view of the biological process hierarchy generated by the

NetAffx Gene Ontology Mining Tool
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GenePicker (Finocchiaro et al. 2004) is a similar program to GeneFinder. It was
developed for replicate analysis of Affymetrix gene expression microarrays. The analysis
was done through definition of analysis schemes, data normalization, t-test/ ANOVA, and
Change-fold Chang-analysis, and the use of Change Call, Fold Change, and Signal mean
ratios. GenePicker provides a comparison of noise and signal analysis scheme for
determining a signal-to-noise in a given experiment, which is not available in
GeneFinder. However, GeneFinder uses one more data matrix, i.e., Detection.
Additionally, GeneFinder has the function incorporating gene annotation information

with expression data in the result, which is not available in GenePicker.

The GoSurfer software was another tool developed for Affymetrix GeneChip data
analysis (L.i & Wong 2001; Zhong et al. 2003; Zhong et al. 2004). GoSurfer uses Gene
Ontology information to analyze gene sets obtained from genome-wide microarray
analysis. GoSurfer associates user input gene lists with GO terms and visualizes such GO
terms as a hierarchical tree. GoSurfer compares two lists of genes in order to find which
GO terms are enriched in one list of genes but relatively depleted in another. GoSurfer
could not map genes from a single list onto the GO spaces. In this regard, GOTree and

GoSurfer complement each other in the analysis of Gene Ontology.

As a whole, AffyMiner fills an important gap in finding significant genes from
Affymetrix gene expression array data. AffyMiner filtering gene expression data for
Affymetrix microarray users results in a list of genes showing significant changes in the
experiment and generates a table in a format specified by the user that may include

qualitative data (e.g., Detection, Change), quantitative data (e.g., Signal Log Ratio), and
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functional annotations (e.g., Gene Description, GO Molecular Function, and Pathway).
AffyMiner has enhanced the capacity of existing Affymetrix software packages, i.e., the
GCOS and the Data Mining Tool, and the NetAffx resource, and providing full flexibility

for Affymetrix microarray data analysis and result interpretation.

AffyMiner has been tested by multiple users and their feedback was incorporated
into its final implementation. Overall, AffyMiner greatly reduces the time and efforts
needed to compare data from multiple arrays and provides the results in a flexible format

dictated by the user.

4.2 Limitations of AffyMiner

AffyMiner is a Window application. It runs only in the Microsoft Window
environments (MS Windows 2000 or above). Affymetrix has an inherent disadvantage,
ie.,its depen_dgnce on the Affymetrix GCOS for the low-level analysis, including the
single array analysis and pairwise comparison analysis, and on the NetAffx for gene
annotation information. It seems not an easy task to adapt AffyMiner for analyzing array

data generated from other platforms, such as cDNA microarrays.

4.3 Future directions

There is no a single approach suitable for all types of microarray analysis. The

data sets, thus, need to be analyzed using a range of methods with increasing depth of
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inference (Leung & Cavalieri 2003; Lockhart & Winzeler 2000). It requires our future
product be able to perform analysis at different levels. AffyMiner currently focuses on
two important issues, finding differentially expressed genes and mapping genes of
interest onto the GO tree. It is almost certain that there are functions missed in
AffyMiner, for example, regulatory network inference. AffyMiner needs to get involved
in the more ambitious realm of genetic network inference, where very promising results

are reported in several recent papers (Altman & Raychaudhuri 2001; Friedman et al.

2000; Maki et al. 2001; Wu et al. 2004).

A database would be useful for managing gene expression data and storing
analysis results. The database needs to compile with the MIAME standard (Brazma et al.
2001). A database would also allow effective data mining. In addition, the future version
of AffyMiner should have a new function for the user to be able to integrate information
from other resources, such as online databases, into the local database. It seems feasible
since there have been efforts to combine expression data with other sources of
inforfnation, which improves the range and quality of conclusions that can be drawn from

microarray data analysis (Brazma & Vilo 2000).

Finally, in order to draw meaningful inferences from gene expression data, it is
important to use an alternate technique to assay gene expression level. Researchers
usually use the Real-Time PCR or the Western blot techniques to validate microarray
findings. AffyMiner would become more powerful if it had the capability of dealing with
validation data and the ability of integrating findings from microarray data and validation

data.
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4.4 Conclusion

In conclusion, we have developed an integrated bioinformatics tool, AffyMiner,
for Affymetrix microarray data analysis and data mining. AffyMiner consists of two
newly developed programs, GeneFinder and GOTree, and interfaces with third party
programs. GeneFinder provides users flexibility of choosing different data metrics and
effectively deals with multiple replicates to find significant genes in the experiment.
Moreover, GeneFinder is capable of incorporating gene annotation information and
generate a ready-to-publish table in a format specified by the user. GOTree maps genes
of interest onto the GO spaces, which assists in the interpretation of findings in the
context of biology. The interfaces provide a prototype of integrating open source
software tools with AffyMiner, which is of great benefit to the user. AffyMiner has been
tested and proved to be an effective tool that significantly reduced the time and efforts
needed for microarray analysis. It is expected to implement more functions and a

MIAME compliable database in the next version of AffyMiner.

51



References

Abbott, R. T., Tripp, S., Perkins, S. L., Elenitoba-Johnson, K. S. & Lim, M. S. 2003
Analysis of the PI-3-Kinase-PTEN-AKT pathway in human lymphoma and

leukemia using a cell line microarray. Mod Pathol 16, 607-12.

Akutsu, T., Miyano, S. & Kuhara, S. 2000 Algorithms for identifying Boolean networks
and related biological networks based on matrix multiplication and fingerprint

function. J Comput Biol 7, 331-43.

Altman, R. B. & Raychaudhuri, S. 2001 Whole-genome expression analysis: challenges
beyond clustering. Curr Opin Struct Biol 11, 340-7.

Barczak, A., Rodriguez, M. W., Hanspers, K., Koth, L. L., Tai, Y. C., Bolstad, B. M.,
Speed, T. P. & Erle, D. J. 2003 Spotted long oligonucleotide arrays for human

gene expression analysis. Genome Res 13, 1775-85.

Blatt, M., Wiseman, S. & Domany, E. 1996 Superparamagnetic clustering of data.
Physical Review Letters 76, 3251-3254.

Bolstad, B. M., Irizarry, R. A., Astrand, M. & Speed, T. P. 2003 A comparison of
normalization methods for high density oligonucleotide array data based on

variance and bias. Bioinformatics 19, 185-93.

Bottone, F. G., Jr., Martinez, J. M., Collins, J. B., Afshari, C. A. & Eling, T. E. 2003
Gene modulation by the cyclooxygenase inhibitor, sulindac sulfide, in human

colorectal carcinoma cells: possible link to apoptosis. J Biol Chem 278, 25790-
801.

Brazma, A., Hingamp, P., Quackenbush, J., Sherlock, G., Spellman, P., Stoeckert, C.,
Aach, J., Ansorge, W., Ball, C. A., Causton, H. C., Gaasterland, T., Glenisson, P.,
Holstege, F. C., Kim, I. F., Markowitz, V., Matese, J. C., Parkinson, H.,
Robinson, A., Sarkans, U., Schulze-Kremer, S., Stewart, J., Taylor, R., Vilo, J. &

52



Vingron, M. 2001 Minimum information about a microarray experiment

(MIAME)-toward standards for microarray data. Nat Genet 29, 365-71.
Brazma, A. & Vilo, J. 2000 Gene expression data analysis. FEBS Lett 480, 17-24.

Bremnes, R. M., Veve, R., Gabrielson, E., Hirsch, F. R., Baron, A., Bemis, L., Gemmill,
R. M., Drabkin, H. A. & Franklin, W. A. 2002 High-throughput tissue microarray
analysis used to evaluate biology and prognostic significance of the E-cadherin

pathway in non=small-cell lung cancer. J Clin Oncol 20, 