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Abstract S

Abstract

This thesis describes a computational toolboxedaMuMAT (Munich Microarray Analysis
Tool), that provides several tools for the analysis microarray expression data. As
processing information retrieved from high-throughgechnologies like microarrays is a very
complex and time consuming task, tools that analywe data in an automated way are
indispensable. In the course of this thesis newstoere added to MUMAT enabling the user
to analyze the data in various ways. One of the hewtions, called “BAGEL extractor”,
splits the mass of data into manageable sub-d&asdech can be further manipulated. The
“BAGEL summarizer” provides statistics that givefarmation about the number and
magnitude of expression differences between twmare biological samples, as well as the
overall statistical power of the experiment.

Clustering biological samples of an experiment dasetheir gene expression patterns can be
done using the “expression states” function in MuM#hat generates output files which can
be used to construct trees using programs like PAlJIFelsenstein’'s PHYLIP.

MuUMAT is available internally at the LMU Biozentrughttp://10.153.66.19/MuMat).

A downstream analysis presenting the variationenegexpression of Dutch and Zimbabwean
populations of Drosophila melanogaster is performed as an example. Eight lines per
population were used for the study. It is showr tha experiment has high statistical power
in detecting expression differences between sampiéfierential expression patterns between
different lines as well as between the two popatatiare highlighted and a parsimony tree
was constructed using PAUP* which clusters theirsgr@n the basis of genes expression
similarities.
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Zusammenfassung

Diese Arbeit beschreibt MUMAT, das mehrere Programaur Analyse von Microarray
Expressionsdaten bereitstellt.

Da die Verarbeitung von Informationen die von higheughput Methoden, wie der
Microarray Technologie stammen, sehr komplex untha&vandig ist, sind Programme die
diese Analysen automatisieren unabdingbar. Im Rahdieser Arbeit wurden zu MuMat
weitere Programme hinzugefugt, die es dem Benwmabglichen die erlangten Daten auf
verschiedene Weise zu beleuchten.

Die Methode ,BAGEL extractor®, zerteilt die Menga ®aten in kleinere Datensatze, die
dann weiter bearbeitet werden konnen. ,BAGEL sunmedr stellt mehrere Statistiken
bereit, die Uber Anzahl und Gr6Re von Expressicesschieden zweier oder mehrerer
Samples und Uber die Machtigkeit des ExperimentgréSsionsunterschiede zu erkennen
informieren.

Biologische Samples eines Experiments kénnen ntii€ lder Funktion ,,expression states” in
MuMAT aufgrund ahnlicher Genexpression gruppiertrde®. Diese stellt Dateien fir
Programme wie PAUP* oder PHYLIP von Felsenstein eiterdie daraus dann
phylogenetische Baume erstellen.

MuMAT ist innerhalb des LMU Biozentrums erreichlghattp://10.153.66.19/MuMat).

Zusatzlich wird eine Auswertung der Expressionsaaligrchgefihrt, die die unterschiedliche
Genexpression von hollandischen und simbabwischepulRtionen von Drosophila
Melanogaster aufzeigt. Fur das Experiment wurden acht Stamme jader Population
herangezogen. Es wird gezeigt, dass der Aufbau Egseriments auch sehr feine
Expressionsunterschiede erkennen lasst. UnterdidiiedGenexpression sowohl zwischen
den verschiednen Stammen, als auch zwischen dderb&opulationen werden aufgezeigt
und ein Parsimony-Baum wird mittels PAUP* ersteliter die Stamme basierend auf
Ahnlichkeiten in der Genexpression gruppiert.
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1. Introduction

Microarrays, as high-throughput technologies, infamn the measurement of mRNA levels in
particular cells or tissues for many genes at ofbey allow the detection of differentially
expressed genes in different cell stages of amaga different individuals, strains or whole
populations. The mass of data resulting from sugpeements has underscored the
importance of computational analysis as a key Ib#¢ween data generation and the
formulation of new hypotheses. There are many tawedslable for the analysis of microarray
data. Approaches like clustering or phylogenetistayatics are important steps in the
analysis of microarray data. In this thesis, | vadint out the relevance of such tools and
focus on a computational toolbox, called MUMAT (Mein Microarray Analysis Tool), that
combines several methods for the statistical arslgk microarray expression data in one
interface. | will highlight the steps from the exipeental part to the point of the analysis of
the retrieved data and conclude with some chalkenigat can be added to this toolbox to
expand the opportunities for analysis.

Figure 1.1 shows the workflow of a comparative gsial between two different lines of
Drosophila melanogaster which | focus on in this thesis.

The scheme shows that first the mRNAs out of thepdas are extracted and an expression
profile of each of the sample is generated. Twdediht populations ofDrosophila
melanogaster, the Dutch and Zimbabwean population, were takenttie experiments. An
analysis of expression differences within the papoahs as well as between the populations is
performed. In order to estimate expression diffeesnwithin the populations, eight different
strains of each population are taken.

Second, the profiles are prepared for further aeaythat is they were scanned, and a so-
called Spot Finding is performed by a special safaw In the end this software produces
statistics which give information about the foragrd and background intensities of every
single spot. In a next step a quality check haetperformed and the statistics have to be
normalized because of variances in the sample @gpa, labeling or signal measurement.
After the normalization of all arrays the gene egsion levels are determined together with
some other information by using a stand-alone softvealled BAGEL.

The output of the BAGEL run is then analyzed usvhgVIAT.
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1.1. Motivation

As more DNA sequences became available, methods eveployed to analyze these genes in
various ways. Technologies like microarray analgsisse. This type of genome analysis is
used to study regulation or sequence variatiomafisand of genes or synthesized proteins at
the same time. The major use of microarray teclgylwmas been to monitor expression of
genes simultaneously in a given biological sampietime point in an experiment.
Microarrays facilitate conclusions about which geaee being expressed at a higher or lower
level or at the same level in different samplesgiltes useful biological information, e.g.
which genes are induced or repressed in a phadbeotell cycle or which genes are
differentially expressed in different strains.

Considerable data is collected from these analyéesping track of so much data is beyond
the capability of most laboratories.

Analyzing the mass of data that is produced by rteldgies like microarray experiments
manually, is a time-consuming, error-prone, anduese-wasteful process.

Therefore the development of computational methtidg automate these processes is
needed. Bioinformatic tools support a broad spectof research that includes determining
the biological significance of the data, provides texpertise to organise it, and provide
methods to mine the data for new information (Mazed4).

This thesis describes tools that enable statistinalysis of microarray expression data in an
automated way. These tools provide statistical ogthand programs that help the user to
manipulate the data that come along with microaeggeriments. All these methods are
provided in a user interface called MuMAT, Munichickbarray Analysis Tool that is
accessible within the LMU-Biozentrum (http://10.163.19/MuMAT/).

1.2. Drosophila melanogaster as model organism

Drosophila melanogaster belongs to a closely related group of eight speciellectively
known as thanelanogaster subgroup (Caccone 1996). The phylogenetic relatiqssbf this
group are shown in Figure 1.2. All are native tb-Saharan Africa and islands off the east
coast of Africa. The existence of close relativaslitates comparative work, so the group has
become a paradigm for speciation studies.

Drosophila melanogaster is a fruit fly, a little insect about 3mm long.i# one of the most
valuable organisms in biological research, parsidulin genetics and developmental biology.
Since its initial use in the development of thddfief geneticsProsophila melanogaster has
held a central position in biological research as&tves as a model system for the
investigation of many developmental and cellulascpisses common to higher eukaryotes,
including humans (Adams, Celniker et al. 2000).

The reason why people work on it is that so mudirsady known about it and it is easy to
handle and well-understood. It's a small animathai short life cycle of just two weeks, it is
cheap and it's easy to keep large numbers. The lpopulations make statistical analysis
easy and reliable.
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The size of the genome is approximately 165 milbases and contains about 14,000 genes.
The genome was (almost) completely sequenced i@ 20ch enabled researchers to make
different forms of analyses on the genome.

D. melanogaster
D. simulans
D. mauritiana

D. sechellia

melanogaster
subgroup D. teissieri

D. yakuba
_—D. orena

D. erecta

Figurel.2 Phylogeny of thérosophila melanogaster subgroup
(Powell 1997)
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1.3. Microarrays

Although all of the cells in the human body contdia same genetic material, the same genes
are not active in all of those cells. Studying whgenes are active and which are inactive in
different kinds of cells or phases of the cell eybklps scientists to understand more about
how these cells function and about what happenshvithe genes in a cell don’'t function
properly.

In the past scientists have only been able to nsaké genetic analyses on a few genes at
once, but with the development of DNA microarraght@ology, however, it is now possible
to examine thousands of genes at the same timehvernables to determine the complex
relationships between individual genes.

There are two types of microarrays, the cDNA orttgub arrays and the high-density
oligonucleotide arrays.

On cDNA arrays each spot contains a cDNA clone feokmown gene. Since cDNA clones
are much longer than oligonucleotides, a successfoitidization with a clone is an almost

certain match for the gene. This facilitates quicil profile of expression levels of known

genes. With cDNA arrays it is possible to compdre éxpression levels of two different

samples, one test and one reference, which arerdiffly fluorescently labeled with green

(Cy3) or red (Cy5) dyes, on the same chip. Absoletels of gene expression cannot be
determined with this type of arrays but just relatbnes.

In contrast to the cDNA arrays the oligonucleot@i®ays contain about 20 short oligos
approximately 25 base pairs in length for each gelns the same amount of mismatch
controls with single nucleotide mismatch in theteenThe expression level is measured as
the intensity difference between match and mismatgdr all segments of a gene. In this
method, mRNA from a single biological sample is tigized to the oligonucleotides of the
array, this implies that two separate arrays aexl@eé for the comparison of two biological
samples, whereas only one slide is needed witb@DiA array method. One big advantage is
that these microarrays give estimations of the labs@alue of gene expression.

Here we only focus on the spotted arrays. FiguBeshows the major steps in a microarray
experiment.

*  DNA microarray making

DNA fragments amplified by PCR technique are smbti@ a poly-lysine coated support
typically a glass slide, a quartz wafer, or a nylo@mbrane with a robotic arrayer. The poly-
lysine that is not fixed to DNA is blocked in orderavoid target binding. In a next step the
DNA is denatured to obtain a single strand DNA lo& tnicroarray. This will allow the probe
to bind to the complementary strand from the tarljebur case a genome-wid#osophila
melanogaster microarray from the Drosophila Genomics Resourest€r (DGRC) was used.
The microarray contains 13921 PCR products reptiegehl895 unique genes. Not all genes
are present on the microarray, but of some genes than one replicate is represented.
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Figure 1.3 Major steps in DNA microarray experiments
(http://mww.transcriptome.ens.fr/sgdb/)

* Hybridization

From two different samples to be compared messeR{EX is obtained. The mRNAs are
then transformed in cDNA by reverse transcriptiomd aare labeled with two different
fluorophores , green (Cy3) and red (Cy5) dyes,aeisyely. A mixture of the labeled cDNAs
is then hybridized to the slide. The chip is indeldaone night at 60 degrees. The fluorescent
DNA will then hybridize on the spotted ones, beeaas this temperature complementary
DNA strands that match together create a doukdadtDNA.

* Resultsdelivery

After the hybridization the slide is scanned witm&roscope to measure the amount of label
hybridized to each spot. The ratios of the lab&le gnformation about the ratio of mMRNA
levels in the original samples. The ratio is intkchby a color (Mount 2004). Figure 1.4
shows an example of a cDNA array. The colors regmethe ratios of the Cy3 and Cy5 labels
at each spot. The parts of the array with no capresent the spots where no labeled sample
DNA is bound. The red spots show the spots whetdaieeled DNA is bound whereas the
green spots indicate bound green labeled DNA. ¥elkpots represent genes that are
transcribed in both samples.
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Figurel.4 Spotted cDNA array

1.4. Pre-processing, Background Correction and Normiabza

The arrays were scanned using (enetix Qscan microarray reader@QUIRE. In order to
obtain a single overall intensity value for eaclolw, the corresponding spots need to be
identified. There are many methods available that implemented in special software
packages. We used the softw@mnetix Qscan for the so-called Spot Finding.

For this purpose the scanned image was loadedebgdftware together with a “Gene Array
List” (GAL) file. The GAL-file is a text file withspecific information for the layout of each
block and the location, size, and name of eachwjibin a block on the microarray. Once the
image and the GAL-file are loaded a grid appearshenimage of the array and has to be
moved so that every cycle of the GAL-file matchegdhe spot of the image (see Figure 1.5
d)). This can be done automatically but is veryreagse. As the accuracy of the Spot Finding
has an impact on the correctness of the resuidetter to do it manually. Each cycle in each
block has to be adjusted in that way that no bamkgi pixels fall into the cycle, as this
decreases the intensity of the spot. Figure 1shayvs a perfectly adjusted spot.

After the Spot Finding is finished statistics aengrated by the software. It contains a lot of
information about the foreground and backgroundnsities together with many other data of
each spot. These statistics can be stored in dikexwvhich is used for further steps of the
analyses.

One important step in the analysis of microarragregsion data is the quality check and the
background correction of the array and normalizatibthe retrieved data. The quality check
gives a hint if the array is good enough for furtaralyses or maybe should be repeated. The
background correction is necessary before the riatian step because of fluctuation of the
background within the array. It is generally penfied by simply subtracting the observed
background signal based on measurement made ineighborhood of the DNA spot from
the observed foreground signal in the DNA spot.rélwan be problems with negative values,
just when the background value is greater thafoisground value (Mount 2004). For our
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analyses we used the “minimum” method, which iglalske in MUMAT. This method sets all
intensities that are zero or negative after subitmaof the background to half of the smallest
positive intensity after subtraction of that array.

The aim of normalization is to compensate variatiothe data points because of for example
uneven variation of the two labels on one slidebetween slides. Also variations in the
spotting, sample preparation, labeling, or hybatan account for normalization before any
analyzing step.

There are various normalization methods implememedluMAT. In our analyses for the
within array normalization we used the “printtipds2 method and for the between array
normalization the “quantile” method.
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Figurel5 Genetix Qscan. A Spot Finding using th@Scan Software B QScan data table showing data colour
coded by groups. Each data row is linked to th¢ ispage for that dataC single spotD First 26 blocks of an
array.
[www.genetix.com]
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2. Materials and Methods

Once the expression profiles are generated, the Bpding, the background correction, the
normalization of the data and the BAGEL run is ddleMAT provides several functions for
the analyses of the retrieved data. As input fbtaals the output file of the BAGEL run is
necessary. For some methods an extra randomizedEBASGtput file is needed. The files
that are generated by MuMAT can be downloaded andmed by the user. The way the
tools are used is described in chapter 3.

2.1. Drosophila melanogaster lines

Dutch and Zimbabwean populations @&frosophila melanogaster were taken for the
experiments. Eight lines per population were takenanalyze the expression variation
between different lines.

2.2. Experimental design

To determine the difference of gene expressioniwitie Dutch and Zimbabwean population
as well as between the two populations, the exmarirwas designed as shown in Figure 2.2.
As direct comparisons lead to more accurate resdtiyied to maximize them while keeping
the total number of hybridizations at a practicalgeel and included unbroken chains of
comparisons between all lines. This ensures thative expression levels can be inferred of
genes between samples that are not directly comiparecompetitive hybridizations
(Meiklejohn and Townsend 2005). To reduce technieaiation a dye-swap was performed
for each experiment.

Figure 2.1 shows the hybridizations done in eachhef populations indicated by arrows.
Arrowheads symbolize the Cy3 labeled lines andother side of the arrow the Cy5 labeled
ones.
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Figure2.1 Left: Hybridizations between lines of the Eurap population. Right: Hybridizations between

lines of the African population
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Figure 2.2 demonstrates the hybridization schenteetotal experiment, where grey arrows
indicate the hybridizations within the populatiotéack arrows the hybridizations between
populations. This allows analyses of the differexpression profiles within each population
as well as between the populations. For the inbpufation comparison 20 hybridizations and
for each within-population comparison 30 hybridiaas were performed which results in a

total number of 80 hybridizations.
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Figure2.2 Hybridizations in the total experiment, whereygarrows indicate the hybridizations within the
populations, black arrows the hybridizations betwpepulations.

2.3. BAGEL

Bayesian Analysis of Gene Expression Levels (BAGELa stand-alone software program
that allows Bayesian analysis of gene expressiorldeon MacOs, Linux or Windows
platforms. It accepts tab-delimited text files afio data as input (see Figure 3.2) and outputs
a tab-delimited text file that displays in evenmydiresults for a single gene including columns
id, name, the estimate of expression level for eaqiiession node, where the levels are given
relative to the sample with the lowest level, addg for 95% upper-bounds, and subtractions
for 95% lower-bounds, coefficient of variation, persor probabilities for whether that gene’s
expression level is greater in one sample thanhanostationary acceptance rates for the
Monte Carlo steps for that gene, and an "Accep®btmlumn that gives information on
whether those rates are acceptable, as well asdosify of Likelihood column (see Figure
3.6).
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BAGEL uses a Markov Chain Monte Carlo based apprdac determine the likelihood
function of observed gene expression ratios. Thishod starts with a random number of
parameters and then changes one or more of thenptas randomly. At each step the
likelihood of the data given the model and the paater values is calculated. If the new
parameters give a better fit to the data, themthe values are accepted, otherwise the new
values are accepted with a probability proportidwathe ratio of the likelihood of the data
with the new parameter values to the likelihoodha data with the old values (Meiklejohn
and Townsend 2005). This is repeated as long asnverges from the initial parameter
settings to a stationary distribution. Relative reggion levels and statistical significance are
inferred by sampling parameter values from the Marhain (Townsend and Hartl 2002).

2.4. BAGEL randomizer

The BAGEL randomizer was already implemented in MulV but two more options were
added that enable the user to permute the BAGElLutirdie in three different ways:
randomizing the columns, rows or the whole datarina®ermuting the data is performed by
sampling with replacement, except with the “randaemow” option, where sampling without
replacement is done. In this case just the positadrihe values within each gene are shuffled.
The resulting randomized BAGEL input file has tlaene comparison structure as the original
BAGEL input file.

2.5. BAGEL summarizer

2.5.1. Significant genes

This method of the BAGEL summarizer calculatesrithmber of genes that are significantly
expressed between samples and provides them inlea Eor this calculation a randomized
BAGEL (see section 2.2) output file is needed addélly to the real data BAGEL output
file. Out of these files only the p-value columme aecessary. As the BAGEL output file
contains p-values for whether the expression levgreater in one sample than in the other
and vice versa, only one of the two p-value colurarestaken for the calculation, that is if
there is a column P(S1>S2) and P(S2>S1) only thewco P(S1>S2) is taken. Both p-values
sum up to one, hence one value can be obtainedttsasting the other from one. In the next
step for each pairwise comparison of two samplesniiimbers of genes are counted where
the p-value is below the chosen p-value cutoff lmove 1- p-value cutoff. These genes are
considered as significant for the respective compar The numbers of significant genes for
each comparison are written into a table. Thisisedfor the real data file and the randomized
data file. In the end for each pairwise comparifeem numbers of significant genes of the
randomized data is given above the diagonal ofifta matrix and the numbers of significant
genes of the real data below the diagonal. The sarhthe samples are shown in the header
row of the table as well as in the left hand sifithe table.

In addition to the table a summary is calculatdds Tomprises the average over all numbers
of significant genes of the real data, the aveage all numbers of significant genes of the
randomized data and the False Discovery Rate (FDIR).FDR of a set of predictions is the
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expected percent of false predictions in the sgireflictions that is the randomized average
divided by the real data average. The randomizéa dsed for the calculation should have
the same structure (number of expression nodes@ngarisons between specific nodes) and
proportion of missing data as the true data sethese parameters will influence the FDR
(Meiklejohn and Townsend 2005). The BAGEL randomijzeserves the structure of the real
data and provides several opportunities for pemgutie data.

All the computed data is available in a tab-ddkaitext file as well as in HTML. The name
of the output file which is generated by this fuoetis "SignGenes.txt".

2.5.2. FDR for each pairwise comparison

For the calculation of the FDR for each pairwisenparison of two samples the numbers of
genes which are significantly differentially exped for each pairwise comparison both for
the randomized data and for the real data, as idescm section 2.5.1, is needed. For this
purpose each number of significant genes of théaiized data is divided by the number of
significant genes of the real data. The resultdlaa written into a table where the names of
the samples are again shown in the top row anti@teft-hand side of the table. Each cell of
the table denotes the FDR for a pairwise comparisha table is available in a tab-delimited
text file as well as in HTML. The name of the outfile is "PairwiseFdr.txt".

2.5.3. Number of up or down regulated genes

Also in this case only the p-values for the paievcomparisons, where samplel is greater
sample2, were used. Then for each pairwise congraref two expression nodes, the
respective p-value column is passed, and if a pevad below the preselected threshold, the
second sample of the comparison is considered tpfregulated, but if the p-value is above
1- threshold, then the first sample of the comparis up-regulated, e.g. if P(S1>S2) < p-
value cutoff, then the gene is up-regulated intB2 if P(S1>S2) > 1- p-value cutoff, then the
gene is up-regulated in S1. Then the number ofgenealculated where S1 is up-regulated,
und where S2 is up-regulated. This is done for geitwise comparison of the experimental
nodes. All these numbers are then written into kdetaFor each pairwise comparison the
number of genes with significantly higher expressiio the sample given in the top row is
shown above the diagonal. The number of genes sigthificantly lower expression in the
sample given in the left-hand column is shown betlogvdiagonal. Additionally a summary is
shown that comprises the average number of gente inp-regulated samples, the average
number of genes in the down-regulated samples ttandatio of up average value to down
average value. All this data is available in a dabmited text file as well as in HTML. The
name of the output file is "UpOrDownGenes.txt".
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2.5.4. Up/down ratios for each pairwise comparison

The output of this method is a table, where theppriion of genes with differential
expression that are up-regulated in the samplengivehe top row is shown. Therefore for
each pairwise comparison of two samples the nunolbegenes up-regulated in the first
sample of the comparison is divided by the numlbgenes which are down-regulated in the
second sample. The table is available in a tabwiteld text file as well as in HTML. The
name of the output file is "PairwiseUpDownRatid'ixt

2.5.5. List of significant differences per gene

In this case, a file that contains a table witleéhcolumns is generated. Each row displays the
results for a single gene, including columns with, name and a column for the number of
comparisons, where the p-value is below the p-valueff or above 1- p-value cutoff. The
name of the output file is "SignDiffPerGene.txt"

2.5.6. Fold change

For the calculation of the factor of gene exprassldference, the columns with expression
levels as well as the p-value columns of the BAGtliput file are needed. The p-value
columns are searched for values that are below-adue cutoff or above 1- p-value cutoff.
If there’s a hit, the expression levels of the eztiye samples are taken, and the factor of
gene expression difference is calculated, thathis,bigger value is divided by the smaller
one. All these fold change values are then added list, and the number of significant
differences that fall in which fold change intevalre determined. The fold change intervals
are defined in that way, that the maximum fold genalue is taken out of the list and is
rounded up to the next highest integer, and froop o that maximum integer, values are
generated at intervals of 0.5, e.g. if the maximwid change is 2.78 then the following
interval is generated: [1.0-1.5, 1.5-2.0, 2.0-2%5-3.0] To calculate the numbers of
significant differences that fall into the diffeteimtervals, counters for every interval are
generated. The list of fold changes is passedfareach value is checked into which interval
it would fall. The respective counter is then iraged by one. Furthermore the percentages of
significant differences that fall into the diffeteimtervals are calculated. In the end a tab-
delimited text file is created that contains a @éalWhere the first column shows the fold
change intervals, the second one the number offisgm differences that fall into the
particular intervals and the third column contdimes percentage of significant differences that
fall into the intervals. Below that table a summaryisted that shows the MSPand GElsg

for the p-value cutoff chosen by the user and tiesgdected 0.05 threshold.

The GElsp and MSDR can be used as a measurement of statistical govaetect expression
differences. With this it is possible to compare power of the experiment to earlier works.
The GElsp is the factor of difference in gene expressiort ties a fifty percent chance of
being identified as significant (Townsend 2004).efdiore, each fold change is assigned
either one if the pairwise comparison of differahtjene expression is identified as being
significant or zero when identified as non-sigrafit at the chosen cutoff level. A logistic
regression on the factor of difference is computedn the data. This is done using the
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algorithm LOGISTIC implemented in the software pag& WEKA (Frank 2005). It produces
a maximum-likelihood curve describing the probapibf calling an expression difference as
significant given the best estimate of the foldradea(Townsend 2004). The Gglis referred

to as the fold change value at fifty percent praliigb

For the determination of the median significantedgnce (MSlg), the list of significant fold
changes is sorted and the median fold change blish&s taken.

The name of the output file is "FoldChange_sumntetty.

Another text file is generated that contains adfdibld changes for each pairwise comparison
of two samples. The output filename is "FoldChamgenplete.txt".

2.6. Discrete expression states

This tool converts continuous gene-expression tatdiscrete states. On the one hand as
states the bases A, T,C,G on the other hand alpbabeharacters are possible depending on
the parameters. Two methods are available, the R&ighbor and the Rank Reference
method. With both methods the number of differeqgression states can be limited to four.
In this case the states 'A','T','C','G' are usethim order, otherwise alphabetic characters are
taken. Both provide the opportunity to use onlyegewith a CG number for the calculations.
The Reference ranking but not the Neighbor onebmdone in a descending or ascending
order. The reasons are given below. In the endfilasrare created:

+ One tab-delimited text file that contains in eaotv the name and id of the gene and
the expression state for every sample. The lasinoolgives the number of different
states for the respective gene.

« One text file in fasta format that contains for gveample the discrete expression
states for every gene in a sequence. Dependingeoohbice of number of states, the
sequence is a nucleotide or character sequenpectesly.

+ One text file in nexus format with Windows end-liciearacters that contains for every
sample the discrete expression states for everg oea sequence. Depending on the
choice of number of states, the sequence is a a@iidde or character sequence,
respectively.

+ One text file in nexus format with Mac end-line ch@ers that contains for every
sample the discrete expression states for everg oea sequence. Depending on the
choice of number of states, the sequence is a a@iidde or character sequence,
respectively.

2.6.1. Rank Neighbor

With limited number of states, the following proceel is performed: The expression levels of
each sample are adapted consecutively for everg.démnve consider one gene all relative
expression values of that gene are ordered asagendiime line with the lowest relative

expression value -usually 1.0 - is taken as refereand the state 'A’ is assigned to this line.
The line with the next lowest expression valueaikeh as test line. If the p-value of the
comparison reference vs. test is below thresholdbmve 1- threshold, the comparison is
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considered to be significant, and the next statessgned to the test line (e.g. 'T','C','G). If
there already exist four different states for tpae, all remaining lines are assigned state 'G'.
If the comparison is not significant the same ststeeference is assigned to this line. The test
line is then the new reference. The next lowestesgion value to the new reference is taken
and the procedure is repeated as explained ab&ngisTdone until all expression values of
that gene are replaced by discrete expressiorsstatéhe next steps the expression values of
all genes are adapted in this manner. With unlignitember of states, the same procedure as
above is performed except that as expression stdpdmbetical characters are taken and
every time a new state is selected if the comparisference vs. test is significant, without
attending to the number of states.

With this method the order of comparison doesn’'ttendbecause just consecutive expression
levels are compared as shown in Figure 2.3

Expr.
B
s
A
se?®
sample

Figure2.3 Rank Neighbor

2.6.2. Rank Reference

This method works like the method explained abtw,in this case the reference line is not
changed until a significant difference is foundtire comparison of the p-values of the
reference and the test line. If a significant ddéfece is found, the test is then the new
reference. With ascending order, it is started whii line with the lowest expression value
and step by step the next lowest expression vealmesreplaced by states, whereas with
descending order, the first reference is the lirte the highest expression value and in each
step the states for the next highest expressionesahre determined. Thus the order of
comparison has an impact on the assignment oftéitess This is illustrated in Figure 2.4.

Each plot represents an expression value for thgertive sample. The order of comparison
Is indicated by arrows. In Figure 2.4 a) statas@ssigned to two samples, whereas in Figure
2.4 b) three samples are assigned state 'C'. Hrisbe explained by the fact that with
descending order the example value highlighteeahis compared to the reference with state
'C' but with ascending order it is compared tordference with state “B” and in each case the
according state is assigned.
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Figure2.4 Rank Reference a) ascending order b) desogodier

2.7. PAUP*

We used version 4.0b of the PAUP* (Phylogenetic Ipsia Using Parsimony) software to

group different lines, used for our experimentssdaaon their gene expression similarities.
PAUP* is a widely used tool for the inference ofokiionary trees. It is available for

Macintosh, Windows, UNIX/VMS, or DOS. The data fitermat used by PAUP* is a nexus-

format and is one of the data file formats providgdthe “expression states” function in

MuUMAT (see section 3.4).

2.7.1. Parsimony Tree

PAUP* 4.0 has the possibility to analyze data ussegeral different optimality criteria:
parsimony, likelihood, and distance. We used thgimmam parsimony criterion to search for
optimal trees, which is the default setting. Faarshing for optimal trees PAUP* provides
two basic classes of methods: exact and heuriEttact methods guarantee to find the
optimal tree(s) but may require prohibitive amouotscomputer time for medium to large-
sized data sets. Heuristic methods do not guaragtmnality but generally require far less
computer time. For our analysis we used the héuisstarch method.

Additionally we performed a bootstrap analysis. Thethod involves sampling the original
data set with replacement to construct a seridsofstrap replicates of the same size as the
original data set. Each of these is then analyaatgweither a heuristic search or branch-and-
bound. Finally, a majority-rule consensus treeoisstructed for all of the bootstrap trees. If a
group appears in X percent of the bootstrap tréesconfidence level associated with that
group is taken as X percent. This method givesathility to assign statistical confidence to
hypotheses of relationship.

We defined 200 bootstrap replications (resamplirzgg) a tree search is performed for each
resampling using heuristic search. The output eflibotstrap procedure consists of a table
showing all partitions (or groups) that were foundthe bootstrap replications and their
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frequencies (see Figure 2.5), and a bootstrap majoite consensus tree. The numbers on
the branches of the consensus tree indicate tlteemage of the bootstrap replications that
support the group descending from that branch. ffeguencies indicate the number of
bootstrap replicates in which the particular pantitvas found.

Partitions found in one or more trees and frequency of occurrence:

12345678 Freq

Foove 61,01
Y S T
CkEEREE 7T BB
o kERRE B340
S K
CKE k¥R 25 80
EIIET N 8 80
..... ok 8.79

Lo HE 4.34
L 4.07
ok 3.09

FoH 2.39
JHw 0.78
kh 0. 40
L 0.33
TR 0.30
T 0.30
B ETL 017
B IL 0. 12

Figure2.5 Groups that were found in the bootstrap regiimis and their frequencies
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MuMat

Munich Microarray Analysis Tools

home home

narmalize

short description:

bage! randomizer
1. normalize:

average over genes input: genetix qscan statistic file

output:
= guality checlk
download )
Z gpr forrmat
2 normalized values
bagel extractor @ several plots (pdf format)
@ xls file containing further inforrmation useful for
bagel summarizer creating a bagel input file
expression states Z. bagel randomizer:

input; bagel input file

output: randomized bagel input file
help

3. average over genes:
input: file containing gene names in the first column and
any kind of numeric values in the other columns
output! file containing same gene list but genes are unique
now values are averaged for former multiple occurence of

gqene narme

4, bagel extractor:
input: bagel output file
autput: file that contains selected columns of the bagel

output file

5, bagel summarizer:
input: bagel output file and randomized bagel cutput file
autput:
& table of significant genes
table of FORs
table of number of up and down regulated genes
table of upfdown ratios

list of significant differences per gene

L H o T+ R+ < Y

table of fald changes, a list of all fold changes, a
histogram and a table that shows the GELS0 and
M=D50

&, expression states:
input: bagel ocutput file
autput: file in four different formats that contains discrete

gene-expression states

for details see help

Figure3.1 MuMAT
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3. MuUMAT

Figure 3.1 shows the home page of MUMAT, accessiitkin the LMU Biozentrum. As
already mentioned in the previous sections MuMA® eelection of several functions for the
analyses of microarray expression data. The tootivothe left-hand side shows all tools that
are available. Some of them had already existetherhome page, some were added in the
course of this thesis. In the frame on the rightchaide a short description of all methods
available in MUMAT is given. In this chapter | wilhtroduce the new functions and give a
brief tutorial of how to use them.

3.1. BAGEL randomizer

As already mentioned in the previous chapter,sfreral statistical computations like the
number of false positives, a randomization of tleemmalized data is necessary. There are
three different options for randomly permuting tdata, implemented in the BAGEL
randomizer.

First the input file for BAGEL has to be uploadetiigh should be randomized (see Figure
3.3). BAGEL accepts tab-delimited text files withrée header rows. The second and third
rows must contain unique names for each experirhepression node and reference
expression node, followed by any number of datasrow each gene of interest (see Figure
3.2).

[Your Motes] [Your Motes] [Labell] [Labeld] [Label3]...

[Your Motes] [Channell] Expl Expl Exp3
[Your Motes] [Channel?] Refl Ref? Ref3
ORF1 CommonMamel  Ratiol Ratiod Ratio3

Figure3.2 Input file for BAGEL
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home

normalize

bagel randomizer

average over genes

download

bage| extractor

bagel surnmarizer

expression states

help

randomize

uplaad your bagel input file
| |[ Durchsuchen... ]

notel the output file will have WINDOWS end line characters

MAT ar LINUY user have to convert the end line characters to
Use BAGEL!

Figure3.3 BAGEL randomizer - upload

randomize

Your uploaded files

european.txt

nurnber of randomizations [15562

& randomize colurnns
O randornize rows

O randomize whole matrix

randarnize
|

the randomization may take a few minutes

Figure3.4 BAGEL randomizer - settings
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In the next step the user can define the numbearafomizations. As default, the number of
genes of the data matrix of the input file is Jétis makes sense as the permuted data matrix
should have the same structure as the true datAfsetwards the type of randomization has
to be chosen from three different options, randamgizhe columns, rows or the whole data
matrix (see Figure 3.4). In the end the resultitgdan be downloaded and used as input for
BAGEL (see Figure3.5). Clicking the “get result’ttmn will bring up a standard save file
dialog window.

randomize

randormized bagel input file: Sie michten folgende Datei herunterladen:

y Z| european_Randomized_Column.bxt
european_Randomized_Column . txt =
Yo Typ: Textdatei

[ getresult | Won: http:/{10.153.66.19: 16080

Wie soll Firefox mit dieser Datei verfahren?

EXCEL.EXE A

(") A Diskette/Festplatte speichern

[ ] Firr Dateien digses Typs immer diese Aktion ausfihren

B O, l [ abbrechen

Figure3.5 BAGEL randomizer -A: download the resulB: download dialog

3.2. BAGEL extractor

The BAGEL extrator extracts several columns, whiah be selected by the user, out of the
BAGEL output file and writes them into a tab-delied text file. The name of the output file

is the same as the original filename, but has hlagacters “_extract.txt” appended.

As already mentioned, the first ten lines of the@&. output file contain the parameter

settings. The following lines show the columns iBme, expression levels for each

expression node, additions for 95% upper- boundg,saibtractions for 95% lower-bounds,

coefficient of variation, p-values for whether exgsion level is greater in one sample than
another, Mu and Variance/CV step acceptance réteceptable?” column , as well as Ln

Density of Likelihood column (see Figure 3.6). Tlewels of gene expression are given
relative to the one with the lowest expressionlléesvest value is always 1).
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gene name

Unigue ID Common MNome £s C5f 5im S5imf
PGRP-5C1b GHB7464 1 1.17 2.37 2.8
BcDMA: LD@3336 LDB2936 11.35 1.78 22.18 1
COLZ2206 LDzB246 1.28 7.13 1.453 1

gte 5DBB355 2.39 1 2.65 1.11
(-)97.5%[C5] (-097.5%[C5f] (=297 .5%[51m] (-297.5%[51mf]
B.32146 B.34871 B.38685 B.39713
1.855 @.941%6 1.52357 b.79782
b.20477 0.48235 0.28134 . 18660
6.18859 6.17951 0.18848 0.17595
PCC5=C5F) PCC5=51m) PCC5=5imf)  P{C5F>C5) PCC5F=51m)
0.2343 b.BEe1 b b, 7457 b.bBo4

I b I b b

b 0.1591 b.9642 I I

I 0.3336 I b b

Figure3.6 BAGEL output file

The execution of the BAGEL extractor is pretty eaBiyst the BAGEL output file, from
which the data should be written into another filas to be uploaded. The file which has been
uploaded is displayed and by clicking the “extrdmtitton all columns which can be extracted
are shown. (see Figure 3.9).

There are several groups of columns that can teeteel for extraction. Theames include
the first two columns of the BAGEL output file, tHNIQUE ID” and the “COMMON
NAME” column, theexpression values denote the estimates for each expression nodéhand
rest the four columns at the end of the BAGEL outplé. fOther groups are thenfidence
intervals, coefficient of variation andp-values. There are two possible alternatives for the p-
values, on the one hand all p-values on the otaed p-values only one direction. The latter
indicate only one p-value column for each comparieb two expression nodes. For each
comparison there are two p-values that sum up & thrus one p-value can be calculated by
subtracting the other from one.

Next to each group the number of columns for tlepeetive group is given. The sum of all
selected columns is given at the bottom. This hafess that want to use Excel to open the
created file to decide correctly on the numberadfions, since Excel can only handle at most
256 columns.

If the checkbox “input for clustering” is selecteh input file for the Clustering algorithm by
Eisenet al. (1998) is generated.

In the end the output of the BAGEL extractor cardbe/nloaded. (see Figure 3.10).
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MuMAT

home

normalize

bagel randomizer

average over genes

download

bagel extractor

bagel summarizer

expression states

help

upload

upload your bagel output file

|[ Durchsuchen . |

Figure3.7 BAGEL extractor - upload

extract

Your uploaded file

input.txt_AaC.BAR

Figure3.8 BAGEL extractor — extract
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extract

Marl: all vou want to be written into one file!
Mote that if you want to use Excel to open the file the number of
colurnns should not exceed 2561

narmes Z
exprassion levels z
confidence intervals []a
coefficient of variation e
p-values all [z

p-values one direction only [] 1

rest []a

sum of columns 14

Mark the checkbox if you want to create an input file for
clustering!

en-d_rau:tﬂ

Figure3.9 BAGEL extractor - settings

extract

* file entraction:

input_extract byt

#+ file for clustering:

input_cluster.txt

Figure3.10 BAGEL extractor - download
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3.3. BAGEL summarizer

The methods of the BAGEL summarizer are explaimedetail in chapter 2. Here | will just
focus on the easy handling of this function. Asuinfor the BAGEL summarizer serve the
BAGEL output file of the real data together wittetBAGEL output file of the randomized
data (see Figure 3.11). The format of these fieshiown in Figure 3.6. As shown in Figure
3.12 a threshold in the format x.xxx has to be dypeand if desired the checkbox “only CG
genes” has to be checked. If this checkbox is nthrkaly the genes of the input files that
have a CG-number are taken for calculations. Tlakas sense if DGRC-1 arrays have been
used for experiments, otherwise there would exastjenes with CG numbers in the BAGEL
output file. Hence, if other array types have been, this checkbox should not be marked.
By clicking the “summarize” button the BAGEL sumrzar outputs several information (see
Figure 3.13):

+ table of number of genes with a significant comgaamiin a tab-delimited text file and
as HTML

- table of false discovery rates for each signifiqaaitwise comparison of two samples,
in a tab-delimited text file and as HTML

- table of numbers of genes for each pairwise comparwith significantly higher
expression in one of the two lines, in a tab-dd&uahitext file and as HTML

- table that shows for each pairwise comparison rafionumbers of genes with
significantly higher expression in one of the tweek, in a tab-delimited text file and
as HTML

« list of significant differences per gene

« two files with information about the fold changeshistogram and a table that shows
the GElsp and MSI}, for two p-value cutoffs
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home

normalize

bagel randomizer

average over genes

download

bagel extractor

bagel summarizer

expression states

help

upload

upload your bagel output file

|[ Durchsuchen... ]

upload your randomized bagel output file

|[ Dlurchsuchen... J

Figure3.11

BAGEL summarizer - upload

summarize

Your uploaded files

all_negdistdna_95.txt_AC.BAR

all_negdistdna_95_Ci&_ran.txt_AC .BAR

p-ciutaff value

Ol only ©G genes

| summarize k

note! Please type in a number in the following format: x.xxx

the summarization may take a few minutes

Figure3.12

BAGEL summarizer - settings

37
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summarize

* significant genes

[ et file ][ show table

* FDR for each pairwise comparison

et file ][ show table

* up or down regulated genes

[ get file ][ show table

* upfdown ratio for each pairwise comparison

[ et file ][ show table

* list of significant differences per gene

+ fold change

@ osummary list

[ getfile ][ show histogram |

@ complete list
getfile

@ osummary statistics

iP—uaIue 0.001 | 0.05
|
|
1|

| GEL 50 |2,12973 1 4192
1 1 1

[MSD 50 [1.35064)|1.22468)

Figure3.13 BAGEL summarizer - output

Figure 3.13 shows the output created by the BAGHmmarizer. The way this output is
generated is described in chapter 2. By clickirey“thet file” button the respective files can be
downloaded, and by clicking the “show table” buttbe data of the output file is shown as
HTML. Figure 3.14 shows the table and summary lier ‘number of significant genes”. The
names of the expression nodes are given in theehead of the data table as well as in the
left hand side. Additionally to the data table ansuary is calculated. Such a table and
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summary is generated additionally for the “falsgcdvery of pairwise comparison”, “up- or
down regulated genes” and the “up/down ratio ohgzairwise comparison”.

The “list of significant differences per gene” idila that contains a table with three columns.
Each row displays the results for a single geneluding columns with, 1D, name and a
column for the number of comparisons, where thalpevis below the chosen p-value cutoff
or above 1- p-value cutoff.

MELOD1||MEL1Z MEL14 MEL15 MEL16 MEL17 MEL1S MELZD

MELD1 21 & 11 15 9 15 14
MEL12|172 15 13 37 19 20 14
MEL14|120 309 g 23 10 2z f
MEL15||135 249 £69 29 11 17 13
MEL16||115 185 202 197 13 44 1a
MEL17||146 396 257 3Z6 436 19 24
MEL1& |94 119 115 134 a9 1a7y 1z
MELZ0||15=2 13z 145 134 149 173 165

p-walue cutoff 0.0010

data average 192.96428571428572

random average||17. 17357142857 1427

FO'R. 0.03°902461595409954

Figure3.14 BAGEL summarizer — table of significant genes

As described in the previous chapter, the “foldng& provides information about the factor
of expression difference of two samples whose coispa of the p-values is significant.
Here, as already mentioned, two files one histograthone table is generated.

One of the files, named "FoldChange summary.tdhtains a table, where the first column
shows the fold change intervals, the second onentingber of significant comparisons that
fall into the particular intervals and the thirdlwon contains the percentage of significant
differences that fall into the intervals (see FeggB3r15). Below that table a summary is listed
that shows the MS§3 and GEls, for the p-value cutoff chosen by the user andotieselected
0.05 threshold.

The MSDy, and GElsp are also given in a table on the output page awssin Figure 3.13.

The second file contains the complete list of fotdinges in one column. With this file it is
possible for the user to create his own histograntsto make further analyses. The output
filename is "FoldChange_complete.txt".

All the output files generated by the BAGEL summarican be downloaded. The preselected
file name can be changed by the user.
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fold change number of significant genes | %

1.0-14 86 T227%
1.6-20 24 2017 %
20-24 4 3.36%
25-30 1 0.84%
30-34 a 0.00%
3.5-4.0 1 0.84%
40-45 1 0.84%
45-450 a 0.00%
f.0-54 2 1.68%
5.5-R0 a 0.00%
total 119

F-value cutoff 0.001

hlsd S0: 1.35064

Gel 50 212973

P-value cutoff 0.05

Msd 50: 1.22468

el 50: 1.4192

filename of data: linter_gual.txt AC. BAR

Figure3.15 BAGEL summarizer — fold change summary

To demonstrate the factor of gene expression éifiee graphically, a histogram is
constructed. This can be viewed by clicking theotghistogram” button. The x-axis shows
the fold change intervals and the y-axis the peeggnof significant differences that fall into
the respective intervals. A cutoff for the x-axgsset to limit the complexity of the histogram.
If there are three percentage values in a rowdtatess than one percent, this interval is set
as a cutoff, and all succeeding intervals are sutaedh in that interval, that means, all
succeeding percentage values are summed up andyaidpn the cutoff interval. Figure 3.16
shows such a histogram, where the cutoff for tlaxig-is 5.0, thus all percentage values of
significant genes that fall into intervals that brgger than 5.0 are pooled in that interval.
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% of significant differences

00T
650 T
&0.0 F
55,01
S0.0F
450 7
40,0
33,07
30,07
25,07
20,0 F
15.0 1
10,0 F

507

1.0 1.3 2.0 2.3 3.0 3 4.0 =4.3

fold change

Figure3.16 BAGEL summarizer - histogram

3.4. Discrete expression states

To use the function discrete expression statesB&BEL output file has to be uploaded as
shown in Figure 3.17.

There are two methods, as already mentioned inteh&y theRank Neighbor and Rank
Reference method. For each of them several options can bserh

With both methods it is possible to limit the numloé different gene expression states to
four. In this case the states 'A','T','C','G" aseduin this order. If this option is not selected
alphabetical characters are used as states. Thab&lfic characters are those UNICODE
characters which are defined as letters by the WUNDE standard, e.g., the ASCII characters
‘AAB''C''D''E'"'F'G'H''I''J'K''L'"'MN''O"'P''Q"'R"'S' 'T"'U" 'V' 'W' 'X" 'YZ".

The Rank Reference method also provides the option to decide abaubtlder of comparison.

In either case the p-value cutoff has to be entarete text field and the user has to decide
whether only genes with CG numbers should be irmmatpd or not. In this case the
respective checkbox has to be selected (see Fgliég.



42

MuMAT

home

normalize

bagel randomizer

average over genes

download

bagel extractor

bagel summarizer

expression states

help

upload

upload your bagel output file

|[ Durchsuchen.. |

Figure3.17

discrete expression states - upload
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discrete

Your uploaded file

all_negdistdna_95 txt_aC BAR
p-cutaff value |0.007|

notel Please type in a number in the following format: e

%) Rank Neighbor

| lirmit to four expression states

O Rank Reference
lirnit to four expression states

descending ascending

only ©G genes

=

Figure3.18 discrete expression states - settings

The output filename is the same as the originautinflename but has the characters
“ RankNeighbor.txt” or “_RankReference.txt” appeddéepending on the type of method
selected. Additionally three different formats ¢fetfile are generated: Fasta-format and
Nexus-format in Windows and Mac version. Thesesfiteve additionally the characters
“Fasta.txt”, “NexusWin.txt” or “NexusMac.txt” appded.

Figure 3.19 shows the four files that have beeateteby MUMAT:

+ One tab-delimited text file that contains in eactv the name and id of the gene and
the expression state for every sample. The lasinwolgives the number of different
states for the respective gene.

« On text file in fasta and nexus format with Windoavel Mac end-line characters, that
contains for every sample the discrete expresdatessfor every gene in a sequence.
Depending on the choice of number of states, thaeesece is a nucleotide or character
seqguence, respectively.
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A sequence in fasta format begins with a single-laescription, followed by lines of
sequence data. The description line is distingdigham the sequence data by a greater-than
(">") symbol in the first column. An example seqaernn FASTA format is:

=narme of the pequence
ftetocccagaagotgactctatggngacocooyagagagactyagoagaacctygagocay
cococogocaccoctyoacticoaatcagyygogecoccyggagocactccoogiygogogoogo
cocgoccctocgogoagocaty

The nexus format is characterized by the symbol féflowed by the word “nexus”.
Subsequent to “begin data;” the description of diata sequence is listed, which gives the
number of taxa, the length of each sequence togeiitie the sequence type and the symbols
for gaps and missing data. The data sequence tiaglished from the description by the
word “matrix”. The symbol “;” and “endblock;” indate the end of the file. An example
sequence in nexus format is:

BNEXUS
BEGIN DATA:

DIMENSIONS NTAX=5 NCHAR=2:

FORMAT DATATYPE=STANDARD SYMBOLZ="ABCDEFGH" MISSING=? GAP=-
MATRIX

MELO1 CE
MEL1Z D&
MEL14 E&
MEL15 &ac
MEL1& ED
MEL1Y CB
MEL1S FE
MEL=Z0O CF

-

END:

Saving both formats makes it easy to use the esufirograms like PHYLIP and PAUP*.



MuMAT

discrete

* putput file:

all_negdistdna_95_RankMeighbor.txt

*+ in fasta format:

all_negdistdna_9%5_ RankMeighborFasta txt

# in nexus format {with Windows end-line

characters):

all_negdistdna_95 RankMeighborMexusitin, txt

#* in nexus format {with Mac end-line characters}:

all_negdistdna_95_RankMeighborMexusMac.txt

Figure3.19 discrete expression states - output

45



46 Results

4. Results

4.1. Comparison of individual lines

To generate statistics about the different gengesgmon of all lines, we did two separate
BAGEL runs in order to obtain BAGEL results for Bamairwise comparison for the real data
as well as for the randomly permuted data. Onlydinvegful” red/green ratios based on a
negative distribution for signal above background éach slide were used. As negative
controls those spots were used that contain exod@NA (e.g. DNA from yeast). For each
array the distribution of the signals above backgt for these negative controls was
determined for both channels separately. Expresget$s were defined as signals which had a
signal above background which was higher than thpédcentile of the negative distribution
for both channels.

To get a randomized data set the BAGEL input fdataining the normalized ratios for each
array was randomized using the BAGEL randomizeMuMAT (see chapter 3.1). The
number of genes in the randomized file was the sasnm the original data file, otherwise
this would influence the estimates. Randomizatioas wperformed by sampling with
replacement within each hybridization.

Using the real data and the randomized data wellesdd the FDR, that is the proportion of
genes with statistically significantly differentgnession that are expected to be false positives
(Meiklejohn and Townsend 2005). Table 4.1 showsRB& at four different p-value cutoffs.
As a p-value of 0.05 would lead to a very high nembf false positives we decided to use a
p-value of 0.001 as significance threshold whichttea FDR of about 6.9%.

P< 0.05 0.01 0.001 0.0001

FDR 49,02% | 23,34% 6,87 % 2,65%

Table4.1 FDR at four significance thresholds

In Table 4.2 the number of significantly differeally expressed genes for each pairwise
comparison of two lines are given. Above the diajare the estimates for the randomized
data and the numbers below the diagonal indicateetimates for the real data set. The
average number of genes that are significantlyerbfitially expressed in the real data set is
137.98 and in the randomized data set 9.49. Thatwar in gene expression difference

between the two populations is not very differdite average number of significant pairwise
differences in the European population is 126.46iarthe African population 125.86.
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Table 4.3 shows the FDR for each comparison oflimes. European line E15 compared to
the African line A131 shows a relative high FDR aifout 45%. Additionally for each
pairwise comparison we calculated the number ofegeahat are significantly higher and
lower expressed in one of the lines respectivebbld@ 4.4 shows above the diagonal the
number of genes with significantly higher expressiothe strain given in the top row. Below
the diagonal the number of genes with significalilyer expression in the strain given in the
left-hand column is shown. For each pairwise comsparthe proportion of genes with
differential expression that are up-regulated m lihe in the top row is shown in Table 4.5.
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Table4.2 Numbers of differentially expressed genes &mhepairwise comparison at a significance threshold
of 0.001. Numbers below the diagonal are estimiates the original data, numbers above the diagaral
from the randomized data.



E01
E12
E14
E15
El16
E17
E18
E20
Ag4
A131
A398
Ag2
A186
A95
A3g84
A3TT

E01 E12 E14 E15 E16 E17 E18 E20 Agd A131 | A398 | ABZ Al86 | A9S A3Bd | ASTT
0.05

0.03 0.03

0.08 007 | 008

0.06 005 | 008 0.11

0.14 0o03| 003| 004 002

0.08 oo4| 004 007 | 003| 005

0.04 oos| 002 005| 005) 003) 003

0.05 oog| 00| 003 009) 005 009 012

0.07 0.1 009 | 045 007 | 005| 0.03 00s | 0.3

0.03 oos| 0O03| 003| 005) 005| 004 0o0s| 014 047

0.08 0.1 0.03 0.1 00s | 003) 009 003 022) 015 0.17

0.14 oos| 00s| 013 005] 012) 0.0 oo0qf{ 002 0058| 005 012

0.06 05| 0O0s| 013 00| 005 007 o3| 0.8 0.1 0.06 014 0.2

0.1 oof| 002 005| 005] 005) 003 oo4f{ 03] 0O.11 0.0z 005 | 004 0.0

0.1 00| 0O05| 003| 004 ) 0O0O5] 003 005) 013] 005] 0.05 0.11 007 | 007 | 007

FDR for each pairwise comparison (P < 0.001)

Table4.3
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Table4.4 Number of genes with significantly higher eeggion in one of the two lines (P < 0.001). Abdwe t
diagonal: numbers of genes with significantly higexepression in the strain given in the top rowioBethe
diagonal: number of genes with significantly lovegpression in the strain given in the left-handioot
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Table4.5 For each pairwise comparison the proportion of gewith differential expression that are up-
regulated in the strain in the top row. (P < 0.001)
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We calculated the number of significant pairwisenparisons for each gene at the 0.001
significance level. Figure 4.1 shows that most gem&ve no or just one or two significant
pairwise differences out of the 120 possible omasmerical, 62.49% of all genes have no
significant comparison, whereas 9.02% have one @B80% have at least 16 significant
comparisons. The gene with CG numla®1180 has 73 pairwise differences. That is the
highest number detected.

% of genes

6 7 8 9 10 11 12 13 14 15 16 =16

number of significant comparisons

0O 1 2 3 4 5

Figure4.1 Number of significant pairwise comparisonsdtirgenes

Figure 4.2 shows a histogram that plots the frequeh a significant call against the factor of

gene expression difference. Most significant déferes in expression between two lines that
Is 46.38% have a fold-change between 1.5 and Zh@rems 23.03% have a fold-change
between 1.0 and 1.5 and 15.36% between 2.0 and2essmallest detected fold-change was
1.11 and the biggest one 36.55. This gives an atbeat the power to detect true differences
in gene expression. But to compare the power ofeaperimental design to other works we

calculated the GHs. We measured a GEkdof 1.53 at the 5% significance level which means
that there is a 50% empirical probability obtainangignificant expression difference of 1.53-

fold at a 5% significance level.

Study Organism | GEL50 Experimental design (Hybs/Nodg)
Meiklejohn et al. (2003)| Fruit flies 1.64 23/8

Ranz et al. (2004) Fruit flies 1.15 15/3

Townsend et al. (2003) | Yeast 2.00 10/4

Brem et al. 2002 Yeast 3.82 23/13

Table4.6 GELsy of four different citations (P < 0.05)
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Compared to the other studies listed in Table thé,study by Rangt al. (2004) had the
finest resolution, detecting significant changessiamll as 1.15-fold. This can be explained
with the fact that they had five times as many Idibations as nodes (Clark 2007). Although
this experimental design and the one we used instudlies (hybridizations/nodes = 80/16)
have same experimental design power the resultotor experiment indicate a lower
resolution. The experimental design used by Medkirjet al. (2003) , using approximately
three hybridizations for every node, and the onaised in our study resulted with a G bf
1.64-fold in the Meiklejohret al. (2003) and 1.53-fold in our study.

With a 0.001 significance threshold a Ggbf 2.65 was reached.

In addition to the GEfy we calculated the MSJp that is the median fold-change of
significant expression differences, which resulteca change of 1.74-fold with a p-value
cutoff of 0.001 and a fold-change of 1.45 at tlbGignificance level.
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4.2. Inter-population comparison

To make assumptions about the gene expressiomatitfe between the African and European
population, the normalized ratios of the arraysengsed where an African line was compared
to a European line (20 hybridizations in total)BAGEL input file was created that contains
the normalized ratios for each pairwise compari&ath African line was named “Afro” and
each European line was named “Euro”. This resultedBAGEL estimates for two
experimental nodes, where all African lines respebt all European lines were combined in
a single node. Again only expressed spots wereudiedd and non-expressed spots were
removed. As this approach has ten times as manyidigditions as nodes, even two
expression nodes and 20 hybridizations, it shoelddyy powerful in detecting differences in
gene expression. The different hybridizations dfmreeach node can be seen as biological
replicates and therefore increase measurementsmea@nd the probability that two samples
with a given difference in gene expression level e called significantly differentially
expressed by a statistical analysis (Meiklejohn Bominsend 2005).

Also a randomly permuted data set was created fioraizing within each gene, having the
same structure and proportion of missing data@sdhl data matrix.

Afro||Euro
iAfru 9
[Euro 119

Table4.7 Number of significantly differentially expressgenes for inter-population comparisons
(P <0.001). Below diagonal: number of the reahdAbove diagonal: number of the randomized data

— B '
Afro [Euro |

| Afro |52
EEuru EE-?

Table4.8 Number of genes with significantly higher exg®ien in Europe given above diagonal and
with significantly lower expression in Europe givieelow diagonal.
(P <0.001).

Using a significance threshold of 0.001 we obtaih&€ probes out of the 9395 ones that are
significantly differentially expressed between tBeropean and Zimbabwean population as
opposed to 9 probes in the randomized data setTakke 2.7). This results in a FDR of
7.56%.

As shown in Table 4.8, 67 genes are significantdydr expressed in the European
population, whereas 52 genes have a higher expre#isan in the African population. This
leads to 79% of the genes, with a significant camspa, being higher expressed in the
African than in the European population. Figure dhéws the fold-changes for significant
differences in the inter-population comparison. Memnificant differences have a fold-
change between 1.0 and 2.0.
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72.27% have a fold-change between 1.0 and 1.5isfexilin Table 4.9 and shown in Figure
4.3 most of the genes which are significantly ddfeially expressed between Europe and
Africa (21.85%) have an expression difference giragimately 1.3-fold. The biggest fold-
change is 5.36 and the smallest one 1.08

25
fold-change  Frequency %

20 - 1.1 2 1.68067227
g 1.2 16 13.4453782
B s - 1.3 26 21.8487395
5 M 1.4 24 20.1680672
§ 10 1.5 18 15.1260504
T 1.6 12 10.0840336
2 5 1.7 5 4.20168067
S H H 18 2 1.68067227
ol 1 H 1 HHH AN = 1.9 4 3.36134454
11 12 13 14 15 16 17 18 19 2 >2 2 1 0.84033613
fold-change >2 9 7.56302521

Figure4.3 Histogram — fold change Table4.9 Summary — fold change

As we did for the comparison of individual lines algo calculated the Ggd.and MSI}, for

the inter-population comparison.

We obtained a GEJ; of 1.41 at the significance threshold 0.05 and d 4 Bf 2.12 at the
threshold 0.001. As compared to the previous swdigh included all individual lines, the
GELsoimproved, as expected, because this experimensardés much more sensitive with
having ten times as many hybridizations as nodaspared to the other one where the ratio
hybridizations to nodes is 5 to 1 (see Table 4.10).

The significant median fold-change (M&Ppis 1.22 for the 5% significance threshold and
1.35 with a cutoff of 0.001, and has also improved.

comparison of lines  comparison of populations

GEL 50 (P <0.05) 1.53 1.41
MSDsg (P < 0.05) 1.45 1.22
GEL 50 (P <0.001) 2.65 2.12
MSDsq (P < 0.001) 1.74 1.35

Table4.10 Experimental power of the two experiments
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% of significant differences
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Figure4.4 Factor of gene expression difference for theripopulation comparison (P < 0.001)

4.3. Expression tree

To group lines with similar expression pattern, ¢batinuous expression levels for every line
were converted into discrete states using the ‘&sgon states” function in MUMAT. We
obtained a character sequence for every singlegHiamerepresents the expression levels for all
genes in the respective line. These sequencesuserkto build a tree. THeank Reference
method was used instead of fRank Neighbor method to build a tree, because with Raak
Neighbor method the maximum number of different states feas as opposed to theank
Reference method that results in a maximum number of eigifferént states and thus
provides more diverse data.

Figures 4.5, 4.6 and 4.7 show the proportion ofegeplotted against numbers of different
states per gene at three significance levels ®ramdomized as well as the real data. In all
three cases the real data set shows more variggongene than it would be expected
randomly. A p-value cutoff of 0.001 seems a litbie too conservative, as the maximum
number of different states observed in a geneusds opposed to seven with a p-value cutoff
of 0.05.

Therefore we decided to take a significance threlsbb0.05 for this analysis, as this gives
more diverse data.
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Rank Reference
ascending order
P <0.001
1 -
09 -
0.8 -
0.7 +—
B gg i @ randorrized data
é) 0:4 4| | real data
S 031
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0.1 +—
0 | —
1 2 3 4 5
# states

Figure4.5 Histogram of the number of different statesdibexpressed genes at the P < 0.001 level ubimg
Rank Reference Method with ascending order

Rank Reference
ascending order
P<0.01
0.7
0.6
05 +—
8 04 1— B randorrized data
& 03| | | real data
o
S 02{
X
0.1
0 . [
1 2 3 4 5
# states

Figure4.6 Histogram of the number of different statesdib expressed genes at the P < 0.01 level ubimg t
Rank Reference Method with ascending order
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Rank Reference
ascending order
P<0.05
0.8
0.7 -

0.6
05 O randorrized data

0.4 - | real datal

0.3
0.2

|
0 ‘ ‘ ‘ L

1 2 3 4 5

% of genes

# states

Figure4.7 Histogram of the number of different statesdib expressed genes at the P < 0.05 level ubimg t
Rank Reference Method with ascending order

Using PAUP* a parsimony tree was created using wistec search. Using the ascending
order and the descending order of the Rank Refererethod respectively leads to different

unrooted expression trees (see Figure 4.8 and 4.9).



60 Results

5
]
o =
7 &
m
i = [
(%] ~ o
- a =
= " .
i # s
to
o m
e
I~
H ]
=
fa
o0
oy
o
-1
]
m
=
5
=4 ]
m
=
m
o
(]
=
m
L =)
5 L
=
a9 m
b r
|
b3
— =
=
= =] m
T / =
r f)
m / &
)
e
=
m
fiz=
= = =
m m
- Fa
ra =

L0
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Figure4.9 Unrooted Parsimony tree using Rank Referencladewith descending order, node labels show
the confidences for the respective group estimiayea bootstrap performance
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The node labels indicate the percentage of thesbagt replications that support the group
descending from that branch. Only nodes are labelegfe a confidence level above 50%
could be found.

It can be seen that several groups are groupethtrge both approaches. The confidence for
the European group with the lines MEL12, MEL14, MBLand MEL16 is almost 100% in
both trees. Also the African lines ZBMEL377, ZBMER1L and ZBMEL186, ZBMEL95 are
grouped together at a very high confidence, regpaygt

The group MEL17, MEL18, MEL20 and MELOL1 is also elged in both trees, but with
different support. Whereas this group has a contidebelow 50% in the descending ordered
approach in the ascending ordered approach ipgasted by a very high bootstrap value.
There is only one outlier, the African line ZBMEL84at is associated to completely different
groups in either of the trees. It is surprisingttkias line is closely related to MELO1
according to Figure 4.8, as comparing these lire=y thave the highest number of
differentially expressed genes, as opposed to ZB84Etompared to any other line (see
Table 4.2).
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5. Conclusion

This thesis introduces new functions that were ddtie MUMAT, Munich Microarray
Analysis Tool. Once the microarray experimentsam@pleted, the data is checked, in order
to remove bad quality data, the expression ratiesiarmalized, the background correction is
performed and a BAGEL run is done to obtain re@xpression levels, the data has to be
analyzed. The new tools facilitate the researcbaget insight into expression difference of
biological samples of interest. As in statisticaference minimizing the number of false
positives is a crucial concern MuMAT provides methdo control the FDR. There is often
concern for comparing the statistical power of ¢éxperimental design to other works. The
GELso provides such a measurement of statistical poweddtect differences in gene
expression. It is shown that an experimental degighincludes at least three times as many
hybridizations as expression nodes will lead toh&rgresolution in detecting significant
expression differences. Moreover tools that enabsearchers to make assumptions about
relationships among the samples on the basis & gepression differences are provided.
Using the tools in MuMAT a downstream analysis waerformed to compare gene
expression variation of two natural populationdDobsophila melanogaster. Eight strains of
the European as well as the African populatiorvadid inference of gene expression variation
between the different strains as well as betweenvwo populations.

Due to the high number of hybridizations for eagpression node even small differences in
gene expression could be identified. The minimuld-thange detected was 1.11-fold. When
examining the average number of genes that ardfisamtly differentially expressed in
Europe (126.46) and Africa (125.86) there is obsipualmost no observable difference.
When comparing the different lines it can be sdext the African line A95 compared to the
European line E20 has most significant differenegsn 322.

For most expression levels that are significantffecent between lines, the factor of gene
expression difference was approximately 1.6-foldheéWw comparing the two populations, the
majority of fold-changes was approximately 1.3-fold

Creating an expression tree using both approachdkeo“expression states” function in
MuMAT, it can be pointed out that European and @«ri lines group together at a high
confidence level, respectively. In both trees @éathe individual lines which are grouped
together are similar. Most groups that could benébin the one tree could also be verified in
the second.

At the present time MuMAT provides tools for theabysis of microarray expression data that
allows the researcher to manipulate the data ieraéways and to get information of the
quality of the data and the experimental designyelkas statistical information.

MuMAT outputs files that can be further edited srgadditional knowledge.
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In the future more functions can be added to thadbiox in order to interpret the data in other
ways. Tools for the functional analysis of micregrrdata for example could provide an
insight to biological significance of the expresspmatterns. The significance can be explored
by promotor analysis to search for evidence ofgtaptional regulation and by examining
the biological roles of the genes that show différexpression. It is always useful to store
data in standard formats like databases. It isefbez an important consideration to provide a
tool that manages the keeping of data in a dataldse removing expression ratios from the
data that show no expression based on the negatwmérols of the arrays could be
implemented to avoid a manual extra step in theréut

By combining several types of tools for the anaysi microarray data in one toolbox which
can be used via a user-friendly interface givesargenters the opportunity to interpret the
data in an easy automated way.
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C)Content of CD
EO o The source code together with a documentation of
= 1) code all tools that were implemented is contained on the
B 1D doc CD. Furthermore all the data which was used for
= 1) java-files

[2) AnalyseBagel

__'| Exkrack

|7} InputForClustering
[ MyHistogram

|3 RandomLine

|2} RandomMatrix

) RankMeighbor

) RankReference

analyses are contained in the folder data. Thdtsesu
of the analysis described in section 4.0 are aviaila
in the folder results.

The folder MUMAT contains all files of the MUMAT
toolbox.

The interface was implemented using JAVA,
HTML, Perl and CGlI.

H 1) data
H ) MuMAT
=l ) results
I all
I3 inker
[# 1) rank_reference
100 rank,_reighbor

Content of CD
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