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ABSTRACT

MODELS AND METHODS FOR THE ANALYSIS OF MICROARRAY DATA: 

BEFORE AND AFTER THE FOLD CHANGE CALCULATION

Microarrays allow scientists to monitor expression levels of thousands of genes 

simultaneously. Scientists use microarrays to find relative expression (fold change) 

under various conditions. While the use of microarrays is now widely accepted, 

there are many proposed methods for analyzing microarray data. In this disserta­

tion, we develop a framework for comparing methods for microarray data  analysis 

and determination of sample size. We address issues relating to microarrav data pre­

processing, estimabilitv of quantities of interest and diagnostics for checking model 

assumptions. We also propose a systematic procedure for transcriptional regulation 

analysis.

We compare the performance of the most popular methods for analysis of oligo 

microarray data  (Microarray Suite 5.0, RMA and dChip) using a simulation frame­

work (SimArray). A simulation study is employed because it allows for the manip­

ulation of many aspects of an experiment, including the number of arrays, amount 

and sources of variability, the proportion of genes th a t are affected under a cer­

tain experimental condition and the fold changes. We discuss Sim Array’s use as 

a sample size calculator which allows scientists to choose an appropriate number 

of rnicroarrays for a given experiment based on power and false discovery rate. A 

unique feature of SimArray is th a t it begins with probe level information.

A number of da ta  preprocessing steps are taken before a model is fit to microar­

ray data. One such step is normalization, which attem pts to correct for systematic
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array differences. We closely examine some commonly used normalization methods 

and detail their limitations. We also propose a number of diagnostics th a t check the 

effectiveness of the preprocessing and the consistency between model assumptions 

and observed data.

We propose a unified model which would allow all preprocessing to be incor­

porated into a single model for the analysis of microarray data. We discuss this 

proposed unified model and its relationship to other models.

Finally, we present a case study involving transcriptional regulation analysis, 

which uses estimated fold changes as input.

Ann M. Hess 
Departm ent of Statistics 
Colorado State University 
Fort Collins, Colorado 80523 
Spring 2005
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ABBREVIATIONS

A adenine
C cytosine
cDNA complementary DNA
CW ER comparison wise error rate
D decreased
DNA deoxyribonucleic acid
FC fold change
FDR false discovery rate
FW ER family wise error rate
G guanine
GSB gene specific binding
I increased
IM ideal mismatch
IVSN invariant set normalization
MAS Microarrav Suite
MBEI model based expression index
MIPS Munich Information Center for Protein Sequences
MM mismatch
NC no change
NE not evaluable
mRNA messenger RNA
NSB nonspecific binding
OVR over-representation ratio
PGR polymerase chain reaction
PM perfect match
RMA robust multi-array average
RNA ribonucleic acid
ROC receiver operating characteristic
rRNA ribosomal RNA
RSA regulatory sequence analysis
T thymine
TBP TATA binding protein
tRNA transfer RNA
TSR total signal ratio
U uracil
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C h a p te r  1

IN T R O D U C T IO N

Microarravs allow scientists to monitor expression levels of thousands of genes 

simultaneously. In addition to their established use in research, rnicroarrays are 

quickly becoming standard for diagnostic purposes. Here a brief introduction to 

molecular biology, bioinformatics and rnicroarrays is provided, and some uses of 

rnicroarrays are discussed.

In order to discuss microarrav technology, we need to understand some basic 

molecular biology. The central dogma of molecular biology tells us that three steps 

are involved in storing and expressing genetic information. Genetic information is 

stored as DNA, but is expressed by the production of proteins. Replication is the 

process by which double stranded DNA is reproduced to form two identical copies. 

Transcription is the process by which information stored in DNA is copied to RNA. 

Finally, during translation a sequence of rriRNA is used to generate a protein. A 

schematic of the central dogma is shown in Figure 1.1.

Deoxyribonucleic acid (DNA) Is the basic genetic material. DNA is a double 

helix built with nucleic acids of bases (nucleotides) adenine (A), cytosine (C), gua­

nine (G), and thymine (T). A pairs only with T  and C pairs only with G. During 

replication, a strand of DNA breaks apart and two identical strands are created. 

DNA remains in the nucleus of the cell.

Different types of ribonucleic acid (RNA) produced during transcription in­

clude messenger RNA (inRNA), transfer RNA (tRNA) and ribosomal RNA (rRNA). 

mRNA contains the same information as DNA from which it was created, however
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Figure 1.1: The Central Dogma of Molecular Biology
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Trourâ tatism 

'Pr-oieixs syBdissss
400

450

500 10050 150 200 250 300 350 400 450

Copyright 1999 Access Excellence @ the National Health Museum

the nucleotide thymine (T) is replaced with uracil (U) and non-coding regions (those 

not used to construct a protein) are removed. rnRNA travels from inside the nucleus 

to the cytoplasm where it can be translated into a protein. tRNA and rRNA are 

also involved in the construction of proteins. It is interesting to note that although 

niRNA contains the core genetic information, it makes up only a small percentage 

of to tal RNA. In the coding regions nucleotide triplets (codons) each represent a 

single amino acid, but an amino acid may be represented by more than one codon. 

Proteins are constructed from a sequence of amino acids.

In 1975, Ed Southern devised a m ethod of detecting DNA fragments comple­

mentary to some RNA after the DNA had been separated by gel electrophoresis 

[64], This process (called Southern blotting) provides expression level information 

for a few genes a t a time. A similar procedure for RNA Is termed northern blotting 

and the analogous procedure for proteins is called western blotting.
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In 1995, P at Brown and colleagues published a paper describing the first mi­

croarray [61]. The rnicroarrays were created by spotting cDNA (complementary 

DNA) onto a glass slide. A two-color hybridization scheme was employed such that 

RNA from different sources were printed onto the same slide, but were labelled with 

different colored fluorescent dyes. Their results were verified by a Southern blot.

A number of advancements have allowed for development and improvement of 

rnicroarrays. The use of glass slides (instead of a gel) allows for miniaturization 

and fluorescence based detection [38]. The rapidly growing database of DNA se­

quences allows scientists to explore a variety of genes across species. Another major 

contribution to the field was development of methods to construct many different 

oligonucleotides on a small slide [38]. An oligonucleotide (oligo) is a small piece 

of DNA. Unlike the cDNA arrays (developed by P at Brown’s group), oligo arrays 

employ multiple oligos from the same gene. In 1996, Affymetrix began sales of the 

GeneChip system which uses oligo arrays [1], A picture of an Affymetrix GeneChip 

array is shown in Figure 1.2.

Figure 1.2: Affymetrix GeneChip array in hand.

Image courtesy of Affymetrix.
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The uses of microarray technology are diverse. Often the most fundamental 

question is whether or not a gene is differentially expressed under a certain condi­

tion as compared to some baseline. By clustering or grouping genes based on their 

expression levels across different conditions, scientists may gain information about 

gene function. Microarrays are also used to identify new disease classes (class dis­

covery) and to assign subjects to known classes (class prediction) [25]. Oligo arrays 

are also being used to study DNA variants. The processes and mechanisms involved 

in transcription (transcriptional regulation) can be studied by comparing expression 

profiles of normal and m utated DNA with microarray technology.

It is im portant to remember th a t rnicroarrays attem pt to measure the amount 

of mRNA present. However, this provides only an indirect measure of protein pro­

duction since an increase in the amount of a  certain mRNA does not necessarily 

imply an increase in the corresponding protein. Alberts et al. discuss different 

methods of controlling protein production: “(1) controlling how or when a given 

gene is transcribed (transcriptional control), (2) controlling how the initial RNA 

transcript is processed (processing control), (3) selecting which completed mRNAs 

in the cell nucleus are exported to the cytoplasm (transport control), (4) selecting 

which mRNAs in the cytoplasm are translated by ribosomes (translational control), 

or (5) selectively stabilizing certain mRNA molecules in the cytoplasm (mRNA 

degradation control)” [4].

The analysis of rnicroarrays is only a subset of the growing field of bioinfor­

matics. Bioinformatics has been described as “the science of understanding the 

structure and function of genes and proteins through advanced, computer-aided 

statistical analysis and pattern  discovery” [21]. Some of the original goals of bioin­

formatics were mapping of the genome and algorithms to  compare a sequence of 

DNA (or protein) to a collected database. According to one author, the m ajor­

ity of recent effort has been directed towards protein identification (proteomics),

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



5

structure-function characterization (structural bioinformatics) and bioinformatics 

database mining [63].

Probably the most noted success of bioinformatics to date is the mapping of 

the hum an genome (preliminary sequencing completed in June 2000) [63]. How­

ever, mapping the genome is not the same as understanding it! There is still a 

wide gap between gene identification and gene function. One set of tools th a t is 

used in this pursuit is sequence alignment algorithms. Programs such as Smith- 

W aterman, BLAST and FASTA are used to compare DNA or protein sequences to 

known sequences, and identify recurring patterns (motifs).

Considerable focus is now being placed on the understanding of protein func­

tion. The study of protein function falls into the field of proteomics. Recall that 

although genetic information is stored in DNA it is expressed through the produc­

tion of proteins. So called “rational drug design” is aimed at understanding protein 

design and function, so tha t improved proteins with specific therapeutic effects may 

be developed [63]. Similarly, structural bioinformatics concerns the physical struc­

ture of different proteins. Protein folding is the process by which a protein assumes 

its functional shape. Disruption of the functional shapes of proteins has been linked 

to such diseases as alzheimer’s, cystic fibrosis and mad cow disease [68].

D ata mining is used to harvest information from the large amount of data  pro­

vided by experiments. One goal of da ta  mining is to combine information from 

different microarrav experiments (and other sources of information) to gain broader 

understanding of gene function. Another application of data mining is the iden­

tification of intron (coding regions) and exon (non-coding regions) boundaries in 

genomic DNA [63].

Statistical issues arise at many steps in the microarray process. Clearly statis­

tics should be employed when designing microarray experiments. According to 

Lander, “the challenge is no longer in the expression arrays themselves, but in de­

veloping experimental designs to exploit the full power of a global perspective” [38].
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Statistical image analysis is used to quantify the brightness of each “spot” on a 

microarray as an intensity value (roughly representing the amount of mRNA hy­

bridized). After some further preprocessing of intensity values, a model is fit to the 

preprocessed values. “Fold change” calculations are carried out in an attem pt to 

make comparisons within or between slides. Fold change estimates are used as the 

input for clustering or classification algorithms to gain perspective on the data and 

answer scientific questions.

The details of microarray experiments and sources of variation in these exper­

iments are discussed in Chapter 2. Current methods for summarizing the intensity 

data into a gene expression index are discussed in Chapter 3. A comparison of m eth­

ods (presented in Chapter 3) based on a detailed simulation experiment (SimArray) 

is given in Chapter 4. The use of SimArray as a sample size calculator is discussed 

in Chapter 5. Normalization methods are discussed in Chapter 6. In Chapter 7, we 

propose a unified model for oligonucleotide arrays. In Chapter 8, some probe level 

diagnostics and a test for differential expression are presented.

A discussion of the use of rnicroarrays applied to transcriptional regulation 

analysis is discussed in Chapter 9 and a case study is provided in Chapter 10. 

Finally, conclusions and discussion of future work are given in Chapter 11.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



C h ap te r 2

V A R IA T IO N  IN  M IC R O A R R A Y S

In this chapter we present a detailed discussion of microarray experiments. Our 

view starts even before the experiment, with a discussion of the life cycle of mRNA. 

It is the expression (or relative abundance) of this mRNA th a t is measured in a 

microarrav experiment. The difference between oligonucleotide arrays and spotted 

cDNA arrays will be discussed. Sources of variation during the microarrav process 

will be highlighted.

2.1 Life C ycle o f  E ukaryotic m R N A

Eukaryotic cells have a nucleus, while prokaryotic cells do not. There are major 

differences between the life cycles of prokaryotic and eukaryotic mRNA. Here we 

consider only eukaryotic mRNA.

For eukaryotic mRNA, transcription takes place in the nucleus. The rate of 

transcription is approximately 40 nucleotides per second [40]. A gene of length 

10,000 base pairs takes about 5 minutes to transcribe, but multiple copies of a gene 

can be made at the same time. The RNA is not yet ready to leave the nucleus. 

First splicing occurs (when necessary) to remove non-coding regions (introns) yield­

ing shorter mRNA with an “intact coding sequence” . Lewin et al. [40] note that 

“producing an mRNA from an interrupted gene is the most labor-intensive of all 

RNA processing” . It takes about 20 minutes for mRNA to leave the nucleus. Finally, 

the mRNA exits the nucleus to 'the  cytoplasm.
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Once in the cytoplasm, ribosomes begin to translate the mRNA. Eukaryotic 

mRNA makes up only about 3% (by mass) of total cellular RNA [40]. Half lives 

of mRNAs in animal cells are in the range of 4 to 24 hours. This allows time for 

the same strand of mRNA to be translated many times. Almost any ribosome can 

translate almost any mRNA. The ribosome a t work on a given mRNA will usually 

restart translation on the same mRNA. There will be many ribosomes at work on 

the same mRNA.

However, mRNA is constantly degraded. According to Lewin et al. [40], “every 

mRNA is in statistical jeopardy at all times, with a constant probability th a t its de­

cay will begin. Thus “young” mRNAs are as likely to be attacked as “old” mRNAs. 

Some copies of an mRNA are translated many times, while others function hardly 

at all. This random life expectancy is a feature of both prokaryotes and eukaryotes. 

But the overall translational yield of any messenger sequence is predictable.”

2.2 M icroarray P latform s

Microarrays are used to measure relative gene expression (based on mRNA 

abundance). Genes of interest are represented on the array using probes. mRNA is 

isolated from a given source, then reverse transcribed to cDNA. This cDNA (called 

the target) is dyed (with a fluorescent dye) and then hybridized onto the array.

O ligo A rra y s : An oligonucleotide (oligo) is a short sequence of DNA. The oligos 

that are used for rnicroarrays are usually 25 nucleotides long. Each gene of interest is 

represented by a number of different probe pairs. Such a group probe pairs is called 

a probe set. A probe pair consists of a PM (perfect match) and MM (mismatch) 

oligos. The PM probe is the exact complement to a section of DNA from the gene of 

interest. The MM probe is identical to the PM probe except at the central location 

(the 13th position for a 25 nucleotide probe). After cDNA is hybridized to the array, 

the MM probes are often used to account for nonspecific binding (meaning binding
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to something other than the target transcript). Note th a t a probe set generally 

represents a gene, but not always. Oligo arrays are most often manufactured by 

companies (such as Affymetrix and Agilent) and therefore are more expensive to 

use than  spotted cDNA arrays.

cD N A  A rra y s : For spotted cDNA arrays, longer probe sequences are used. cDNA 

from a target and reference sample are mixed in equal proportions and hybridized to 

the same array. The two samples are dyed using different fluorescent dyes (usually 

cy3 and cy5). After hybridization the array is scanned at two channels and intensities 

are recorded for both samples from a single array. The relative intensities appear 

as red and green spots. Since two samples appear on the same array, each array is 

self-normalizing. cDNA arrays are often prepared by individual labs, making them 

less expensive than oligo arrays.

Regardless of the type of array employed (oligo or cDNA), the goals of the 

analysis are usually the same. One study compares matched measurements from 

the two types of microarrav technologies [37]. They found poor correlation between 

the technologies and differences in the clusters obtained. However, due to the fact 

that experiments in their study were carried out in multiple different labs, it is 

impossible to tell how much variation is from the technology and how much is from 

different lab protocols and individual technicians.

In a more recent study, Irizarry et al. [34] compare three different microarrav 

platforms (Affymetrix GeneChips, two-color spotted cDNA arrays and two-color 

long oligo arrays). They first considered the accuracy of results from technical repli­

cates at each of ten labs. It appears from their results th a t the lab effect was more 

im portant than the platform when assessing the accuracy of results based on techni­

cal replicates. To examine agreement between labs and platforms, they considered 

the proportion of probe sets tha t were jointly captured in the top X most differen­

tially expressed genes (X=25,50 and 100) for two labs. They call this comparison
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proportion of agreement. Using this criterion, they found th a t the Affymetrix plat­

form was the most consistent across labs, with proportion of agreement greater than 

50%. They also found good agreement across platforms for the more accurate labs.

2.3 M ic ro a rray  C o n stru c tio n

For oligo arrays, individual researchers have relatively little control over the con­

struction of the rnicroarrays used in their experiment. Companies such as Affymetrix 

mass produce chips (arrays) for a number of different plants and animals and re­

searchers simply purchase and use these chips. Custom arrays can be requested, 

but the construction is performed by the manufacturer. Affymetrix “uses masks to 

control synthesis of oligonucleotides on the surface of a chip” [36]. The oligo probes 

are constructed using a layered print-like process at specified locations on the chip.

For cDNA arrays, the construction of the microarray is more likely to be in the 

hands of the experimenter. The experimenter controls what probes are placed on 

the array, the isolation of the DNA sequences of interest and the placement of the 

spots onto the array. We now consider some issues involved in the construction of 

cDNA arrays.

The DNA sequences contained in the probes are often gene segments obtained 

by polymerase chain reaction (PCR) amplification. However, in addition to the DNA 

of interest, amplified samples also contain salts, enzymes, small DNA fragments, and 

other components [60, p203j. These contam inants can interfere with microarray 

experiments by clogging the pins and ink je ts used to spot the DNA onto the slide; 

they may attach to the slide and interfere with hybridization (both at a specific spot 

or background hybridization) [60, p203]. PC R  purification kits are available, and 

their use is recommended prior to microarray printing. Dye term inator clean-up kits 

are also recommended to accurately determine what DNA sequence is being spotted 

[60, p204].
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Obtaining uniform spots on rnicroarrays is very important. Wang et al. have 

found th a t variability in intensity ratio measurements is closely correlated with spot 

quality [72], Spot uniformity means th a t an equal amount of DNA is present across 

the spot so tha t the binding rate will be equal across the spot and that there will 

be uniform signal intensities at each pixel [60, p204]. Uniformity of spots will be 

strongly influenced by the printing m ethod used. Since such small amounts of DNA 

(in the nanoliter (10“9 L) or picoliter (ICR12 L) range) are “spotted” at each location, 

printing technology has been developed specifically for rnicroarrays. Rose discusses 

and compares different printing technologies in detail [60, p l9 ]. He also points out 

tha t preprinting may be necessary to remove excess solution from the pin tip. He 

shows th a t after 10 to 20 preprint spots, the spotting becomes more consistent. This 

indicates th a t the order in which the spots are printed may also affect final results.

2.4 Sam ple P reparation

In order to obtain a sample of mRNA from a given source, cells from that 

source are harvested under given conditions. Next a phenol extraction is performed 

such that nucleic acids remain in the solution. A poly(T) column is performed so 

tha t m ature mRNA (which have a poly(A) tail where the A nucleotide is repeated 

50-200 times) are captured. Of course, a small amount of other items may still be 

present. According to Lewin et al. [40], “The poly(A) sequence is not coded in the 

DNA but is added to the RNA in the nucleus after transcription” . This means that 

the presence or length of the poly(A) tail is independent of the gene from which the 

mRNA is produced. In addition a single enzyme (PolyA polymerase) is responsible 

for putting on the tails. A small percentage of mRNAs don’t have a poly(A) tail 

and these are organism specific.

We would like equal amounts of mRNA from two (or more) samples. When 

harvesting cells under different conditions, it is difficult to be sure tha t the same
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amount of mRNA is obtained. Generally, the same volume of cells yields about the 

same am ount of mRNA. However, in order to check the concentrations ultraviolet 

lights can be employed (since nucleic acids absorb these rays). The use of the 

ultraviolet light quantifies the density of a solution and this value is then used to 

calculate the concentration using standards of known concentrations. Note that 

RNA is isolated from a tissue source and then the isolated RNA is converted to 

cDNA.

It is im portant to consider how mRNA abundance might vary at different stages 

of the life cycle of the cell. Information is available at different stages of this life 

cycle. It is generally assumed that to tal mRNA abundance is roughly fixed, while 

relative abundance of mRNA from different genes varies.

Schena and Davis note th a t for a single experiment it is essential for the samples 

to be processed in the same way [60, p5]. They also say tha t different commercial 

RNA isolation kits have yielded two fold or greater differences for as many as 1% 

of the human transcripts analyzed by microarray. In addition to the stated sample 

preparation method, the technician who prepares the sample will also influence the 

final results.

Another im portant step in the sample preparation is labelling of the samples. 

There are many methods available but they fall into two main categories: direct and 

indirect labelling [60, p7j. Direct labelling incorporates fluorescent dye directly into 

the sample th a t is hybridized to the array. W ith indirect labelling the fluorescent 

labelling occurs after hybridization.

Churchill and Kerr report th a t a dye by gene interaction is possible [46]. In 

one cDNA experiment, they found th a t spots for a single sequence (gene) on two 

different arrays had higher intensity on the green channel despite the fact th a t they 

had reversed the labelling of identical cDNA samples.
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2.5 M ic ro a rray  R eaction

Samples are hybridized to an array for 2 to 12 hours [60, p l31]. Some im portant 

requirements for hybridization are: constant tem perature, rapid tem perature equi­

librium, 100 percent humidity, pristine environment, low volumes of hybridization 

buffers and DNA [60, p211].

After hybridization has occurred, any excess (unbound) material Is washed 

away. Even the rinsing process will play an im portant role in the detection step of 

the microarrav experiment.

Clearly even when comparing replicate arrays there will be differences in the 

amount of binding th a t has occurred for a certain probe. Firstly, the available 

transcript abundances for each array may not be the same as the original sample. 

In addition, there may be other differences between arrays including labelling and 

binding efficiency differences.

2.6 D etec tio n

For a cDNA array, the intensity levels for the two dyes (representing the two 

samples) are measured for each spot on the array. For an oligo array, only a single 

reading is obtained for each spot. In either case, these fluorescence values corre­

spond to the level of hybridization to the DNA th a t has been spotted on the slide. 

Fluorescence detection and quantification are extremely im portant steps in a mi­

croarray experiment. All further results will be based on the values obtained at this 

step.

Scanners and charge-coupled devices are the two types of mechanisms used to 

image the slides. For each pixel, the digitization process produces an intensity value 

indicating the amount of fluorescence a t th a t pixel. This intensity value should 

correspond to the density of dyed molecules in th a t region [78]. For cDNA arrays, 

this process is repeated at two channels, producing two images for each slide.
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We would like our image to  reflect the measure of the fluorescent intensities for 

the dye of interest and nothing else. However, the images contain undesired noise 

(photon noise, electronic noise, laser light reflection and background fluorescence) 

as well as the desired signal [78].

Image analysis begins with the digital images as the raw data. From this, 

we want to obtain an intensity measurement for each sample at each spot. First 

the spot locations are identified by gridding. Then segmentation classifies each 

pixel as foreground (belonging to the spot of interest) or background (not a specific 

spot). Intensity extraction includes calculating the foreground intensity measure­

ments, background Intensities and possibly quality measures for each spot on the 

array.

Many different algorithms and software programs are available for image pro­

cessing, especially for cDNA arrays. Yang et al. compare different image analysis 

software programs including Spot, GenePix, ScanAlyze and QuantArray [78]. They 

find th a t the choice of background correction method has a larger impact than the 

segmentation method.

2.7 T he R elation sh ip  b etw een  In ten sity  and T ranscript A bundance

An im portant question is whether the hybridization signal intensity values cor­

relate with the actual expression level of the transcript. Lockhart et al. [43] con­

ducted a set of spike-in experiments (where the true transcript abundance is known) 

using oligo arrays to “determine the range of concentrations over which hybridiza­

tion signals could be used for direct quantitation of RNA levels.” They found that 

the hybridization intensity was linearly related to RNA concentration over a wide 

range of concentrations. The intensity was less than expected for higher concen­

trations because the probe sites were beginning to become saturated. Hence the 

hybridization time affects the linear response range.
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Chudin et al. [15] discuss an experiment to assess the relationship between sig­

nal intensities and transcript concentration for Affymetrix GeneChip arrays. They 

indicate th a t previously, hybridization signal was shown to be proportional to ac­

tual transcript concentration using very specialized arrays with hundreds of distinct 

probe pairs per gene. They assessed these results using standard GeneChip ar­

rays and under real world conditions. In order to do this, they considered spike-in 

hybridizations of four prokaryotic transcripts with and without fixed eukaryotic 

background. They observed a linear relationship between transcript abundance and 

signal intensity between 1 pM and 10 pM transcripts. Note tha t 100 pM indicates a 

transcript frequency of about 1 in 1,500. By comparing both PM and MM intensity 

to transcript abundance, it was demonstrated tha t MM probes are picking up signal 

and not just measuring nonspecific binding.

Later, we will consider the possibility th a t the relationship between signal and 

intensity might vary by array. We define the nature of this relationship using a 

calibration function.

2.8 D ata  A nalysis  and M odelling

For this stage of the microarray experiment it is assumed tha t the user has 

obtained an intensity measurement for each array at each spot. The data is usually 

background corrected (to adjust for optical noise) and normalized (to correct for 

systematic array differences). Most investigators are interested in determining the 

fold change for each probe set. The fold change represents the estimated relative 

gene expression for some condition as compared to a baseline. In addition, we 

would like to identify differentially expressed genes (those genes which are believed 

to exhibit different levels of expression when comparing two samples) and possibly 

do some cluster analysis. These issues will be discussed In later chapters.
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2.9 A n  E x p e rim en t to  E xam ine Sources o f V ariab ility  in M icroarrays

Bakay et al. [5] report on a series of microarray experiments to study sources of 

variability. They considered two samples of muscle biopsy from 28 different patients. 

Of these individuals, 15 were suffering from Duchenne muscular dystrophy and 13 

were healthy controls. Gene expression data was obtained using the MuscleCliip 

from Aff'ymetrix.

To test for array variability, two different hybridization solutions were applied 

to duplicate arrays and the correlations were calculated. Correlation was high (0.96 

or greater) for both of the replicate pairs they considered. To examine the effect 

of the conversion of RNA to cRNA, RNA from six different sources were examined 

with twelve U74Av2 GeneChips. For a given (mixed) sample, RNA was isolated, 

RNA samples split, and duplicate cDNA, cRNA, and hybridizations were separately 

performed. They once again found high correlations (i?2=0.99 for five of six samples, 

with average R2=0.978). Based on these high correlations, the authors concluded 

tha t neither of these sources (array or hybridization effects) were major sources of 

variability.

They also considered within patient variability. For each patient in the study, 

the biopsy was split into two parts, RNA was isolated independently, and separately' 

hybridized to an array. To compare two samples from the same individual the 

Affymetrix difference calls (increased, decreased and no change) were considered. 

The variance was quantified as the percentage of increased or decreased difference 

calls between two samples from the same patient. The results varied dramatically 

from 1.5% to 18% of the 4,601 probe sets studied. Hence, tissue heterogeneity 

(within subject variability) was found to be a considerable source of variation.

Note tha t the data  collected by Bakay et al. is rich in information, but was 

not fully exploited by the researchers. It would have been interesting to model the 

data and estimate the variance due to different sources. However, the authors based
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most of the conclusions on correlations and difference calls. Unfortunately, the data 

collected in this study is not publicly available.
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C h a p te r  3

M O D E L S  F O R  M IC R O A R R A Y  D A TA

The goal of almost all microarray experiments is the estimation of the relative 

abundance of rnRNA transcripts. In order to accomplish this, a model must be fit to 

the intensity data  to account for sources of variation. The purpose of these models 

is to relate observed intensity to transcript abundance. Most authors recognize the 

need to preprocess the intensity data  because of the presence of systematic errors.

To understand the preprocessing steps and the general forms of the models, we 

consider a conceptual microarray experiment. Let us define 9.l]n as the true mRNA 

abundance of gene n for the sample i hybridized to array ij.  Then for kth  PM 

probe in the probe set corresponding to gene n  (referred to as PM probe kn),  the 

amount of target mRNA hybridized can be expressed as In other words,

each PM probe will capture some proportion of the total possible mRNA. Hence 

represents the binding affinity for PM probe kn.  T/cn% « is the amount of 

target signal or gene specific binding (GSB). However, some cross hybridization or 

nonspecific binding (NSB) is likely to take place, so the amount of mRNA actually 

bound at the spot will be equal to #fcn%n +  vikn, where u represents nonspecific 

binding. All analyses actually start with intensity data. A calibration function 

relates the amount of hybridization at a spot to the intensity of tha t spot. This 

will be a monotonic function and may vary by array. In addition, there may be 

some background intensity due to optical noise. If we define /p- as the calibration 

function and as the background value, then the Intensity for PM probe kn  will
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be bijkn +  fij(^kn@ijn +  vikn). So, the true target transcript abundance (0in) is related 

to the intensity (I) as

Oijn —t $kn@ijn t ^  krfi ijnPvikn t f ij {^kn^ijnP^ikn) t hpfcnT f ij kn^ijnP^ikn) lijkn-

We use the calibration function to relate hybridized signal to intensity. Nor­

malization is the preprocessing step which allows for comparison across arrays. So 

normalization corrects for the calibration function. For oligo arrays, the normaliza­

tion is performed between arrays. For cDNA arrays, the intensities of the two dyes 

on a single array must be normalized. Normalization is discussed in further detail 

in Chapter 6.

Most microarray data analysis methods provide an expression index th a t is 

indicative of transcript abundance. From this index an estimate of the relative 

abundance for a treatm ent versus control array is computed. We can also use the 

data  to test whether or not a gene has been differentially expressed.

In this chapter, models for obtaining expression indices are presented for both 

oligo arrays and cDNA arrays. For oligo arrays there are many competing models. 

We will attem pt to discuss the most commonly used of these in detail.

M A S : Microarray Suite (MAS) is the software developed by Affymetrix. Since 

Affymetrix GeneChips are the most commonly used oligo arrays, MAS is a commonly 

used analysis tool. Affymetrix chips employ PM probes to capture target signal and 

MM probes to account for nonspecific binding and background noise. In MAS 4.0 

expression Index was based on PM-MM values. This was a problem because MM 

> PM for roughly 1/3 of probe pairs on an array; this leads to the possibility of 

negative expression values [33]. The expression index in MAS 5.0, the most recent 

version of MAS, is based on ideal mismatch (IM) corrected values. IM is based on 

the measure MM value but defined such tha t I M  < P M  to prevent negative values. 

The model behind the analysis performed by MAS is not explicitly stated and the
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exact algorithm can only be performed using Affymetrix Microarray Suite. In our 

discussion, we have extracted the MAS 5.0 model assumptions as best as we can 

based on available literature for purposes of comparison to other models.

M B E I: Li and Wong [41] were the first to propose model based expression Indices 

(MBEI). Following the example set by MAS, Li and Wong originally modelled the 

PM-MM values. However, they later proposed a model using PM values only (prob­

ably influenced by Irizarry et al  [33]). Expression indices from either of these 

models can be obtained from the publicly available software dChip.

R M A : Irizarry et al. [33] proposed an expression index based on PM values only. 

Unlike the multiplicative model with additive error used by Li and Wong, Irizarry 

et al  suggest a multiplicative error. They call their expression index a robust 

multi-array average (RMA). The original RMA model does not properly account 

for nonspecific binding. However, the recently proposed GC-RMA [76] does account 

for nonspecific binding. Both versions of RMA can be carried out, in Bioconductor. 

Bioconductor is R based and free to the public. In addition to RMA and GC-RMA, 

the approximate algorithms for MAS and MBEI (and many others) are also available 

in Bioconductor.

O th e r  M o d els  fo r O ligo A rra y s : Chu et a l  [14] propose a flexible mixed models 

approach to the analysis of microarray data. This analysis can be carried out in SAS. 

Rocke and Durbin [57] propose a model with both additive and multiplicative error 

terms. Efron et al. [19] employ an empirical Bayes model for detecting differentially 

expressed genes.

A  n o te  on f irs t a n d  seco n d  g e n e ra tio n  m o d e ls  for o ligo a rra y s : Currently 

MAS 5.0, MBEI and RMA are the most commonly used models for oligo arrays. 

After these models, mixed models (in the style of Chu et al)  and the empirical Bayes
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analysis are probably the next most common methods. All of these models take an 

empirical approach to account for nonspecific binding. These can be considered 

a first generation of models. First generation models are discussed here and in 

Chapters 4, 5, and 6.

More recently, there has been a better understanding of the theoretical issues 

involved in nonspecific binding. In 2003, two papers ([48],[79]) were published ex­

plaining why some probes have higher NSB than others. In December 2004, Wu 

et al. published a paper introducing GC-RMA (which builds on the results of the 

two earlier papers) to the statistics community. GC-RMA can be considered part 

of a second generation of models, taking a mechanistic approach to NSB. Second 

generation models are discussed here and in Chapter 7.

M o d els  fo r cD N A  A rray s : In addition to models for oligo arrays, we also discuss 

some models for cDNA arrays. Since cDNA arrays were in use before oligo arrays, 

the models for cDNA arrays have influenced the analysis of oligo arrays. We describe 

the models used by Kerr et al. [46] and Dudoit et al. [17].

In the following discussion (of oligo models), all models will use common sub­

scripts for the /cth probe pair of the n th  probe set for the j th  replicate of the i th 

treatm ent. Assume th a t there are K n probe pairs in probe set n.

3.1 A ffym etrix  M icroarray S u ite  (M A S) ■

Recall th a t Affymetrix GeneChips use PM and MM probes to represent different 

genes. The MM probe is used to account for nonspecific hybridization tha t may 

be affecting the PM probe. This can be done, for instance, by considering PM- 

MM values rather than PM values alone. In some cases, however, the MM value 

may be larger than the corresponding PM value. In these instances it doesn’t 

seem appropriate to  subtract MM from PM, so Affymetrix MAS 5.0 accounts for
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background and nonspecific binding using what they call an “ideal mismatch” (IM) 

value.

The Affymetrix “Statistical Algorithms Description Document” [3] defines a 

signal log value for a probe set as:

SignalLogV alueijn T'm ( l o f j 2 ( A  e r A  j v,, /  A i f f  in ) , . . . ,  log2 (PMijk(rin I  A M  k ,. n ) )

where I M ljkn =  M M ijkn if M M ijkn < P M ljkn or I M ijkn =  , where s > 0 (and

IMijkn <  PMijkn) otherwise. So the signal log value for probe set n  is defined as the 

one-step Tukey biweight of log2( P M  — I M )  values. The Tukey biweight algorithm 

is a method to determine a robust average unaffected by outliers [47, p205].

The Affymetrix analysis implies the following underlying model:

l O02  { . P M i j k n .  -f M i j k i i ) (J-I.yn ) A  c i j k m

where 0 is some expression index proportional to the amount of hybridized signal. 

However, the array data  is then scaled using the factor

Sc Sc
TrirriMean(2SignalLo(jValueon; 0.02, 0.98) -s fij —

where Sc  Is the “target signal” (default value of Sc=500). Hence, the average 

expression value for each array will be equal to some target value (usually Sc=500). 

Considering this scale normalization, the model is better expressed as:

log2{PMijkn 1 Mijkn) log2 @ijn^ A Sijkn■

Also, since the Affymetrix manual states tha t “probe effects refer to the inherent 

differences in the hybridization efficiency from different probes...calculating the ratio 

of signal for the same probe on two different arrays effectively cancels the intrinsic 

affinity factor for th a t sequence” . This suggests the following model:

lo g2{ P M tjkn /  M i j kn) log 2 ^ k n ^ i j n ^ j  A Sijkn:
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where $  accounts for the binding affinity (a probe effect). 

On the original scale we have:

PM ,m  =  I M m „ + (3.1)

3.2 M odel B ased  E xpression  Index  (M B E I)

The model proposed by Li and Wong [41] requires normalized data. They 

describe an invariant set normalization procedure, which iteratively selects a set 

of PM probes (from those probe sets that are thought to be unchanged) [51]. A 

piecewise-linear running median curve is fitted and used as a normalization curve.

Li and Wong [41] then model both PM and MM normalized values:

where ukn is the response of the Arth probe pair due to nonspecific hybridization,

Ojjn is an expression index for probe set n for the j t h  array of the ith sample, o.kn 

is the rate of the MM response on the /cth probe pair, Skn is the additional rate of 

increase in the corresponding PM response, and e is a generic symbol for a random 

error. Note th a t they also allow for a PM-only model of similar form [42].

A' ( M M i j k n )  b n  T ffijVpOrn T '--ijkn

N ( P M i j k n )  Vkn T @ijn&kn T @ijn&kn T £ ijkn

Hence

Substituting (j)kn = a kn and =  a kn + Sk„, we have

M M i j k n  W ~ ( ykn  T Qijn&kn ~b ^ i j k n ) (3.2)

P M i j k n  ~  N  l (l»kn +  Q i j n ^ k n  +  e 'ijkn)' (3.3)
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3.3 R o b u s t M u lti-A rray  A verage (R M A )

Irizarry et al. [33] propose a background correction motivated by a signal plus 

noise model for PM Intensities. They model the PM values as: P M i j k n  —  b i j k n - r s t j k n , 

where represents signal and b tj k n  represents optical noise and nonspecific bind­

ing. (We will see later th a t this background term does not really capture sig­

nal from nonspecific binding.) Background corrected PM values are defined as 

B(PMijkn) =  E(s{jkn | PMijkn)- Imposing a strictly positive distribution on signal 

( s i j k n )  also implies that background ( % / c „ )  is strictly positive. They assume S i j k n  

is exponentially distributed (with mean a ) and bijkn is normally distributed (with 

mean p and variance a 2). To avoid negative values, the normal distribution is trun­

cated at zero. If an observed (PM) intensity is O, then the background adjustment 

is defined as follows:

£ ( * * »  [ o  =  o) =  a +  ^ ■(| ) + t ( ? ) _ 1 ,

where a — s — /i — a 2a  and b =  a  [10]. Note th a t here <j) and #  represent the standard 

normal density and distribution function respectively and not affinity factors!

Based on an examination of a number of normalization techniques, Irizarry et 

al. advocate the use of quantile normalization [11]. The goal of this normalization 

method is to make the distribution of the probe intensities the same for all arrays 

in the experiment.

After background correction and normalization, Irizarry et al. [33] suggest 

modelling the background corrected, normalized, log transformed PM values as:

log2( N ( B ( P M ljkn))) l ^ i j n  T  ® k n  T  A j f c n

where a kn Is the probe affinity effect, Hijn represents the log scale expression level 

for array i j  and tijkn represents an lid error term  with mean 0. /ipn is estimated
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using median polish [47, p!78] and is used as the log scale measure of expression. 

This estim ate is called the robust multi-array average (RMA).

If we define B(PMijkn) as

B  (PMijkn) PMijkn bijkni

then,

N ( P M i j k n  -  h jkn )  =- 2 tlijn2akn2 Etjkn.

Substituting, =  2“fcn and =  2 ^ n we have

PMijkn =  bijkn +  N ~ l ($*„% „ 2e”tn). (3.4)

Using spike-in and dilution data  (where expression values and differentially 

expressed probe sets are known), Irizarry et al. compared RMA to expression indices 

computed by MAS 5.0 and MBEI. When considering bias, variance and ability to 

detect differentially expressed genes, they found th a t RMA compared favorably to 

the other two methods [33].

It should be noted th a t Sasik et al. proposed a model almost identical to the 

RMA model (Equation 3.4). They suggest modelling the background corrected, 

normalized and log transformed values as,

10 0 :2 (N  ( P  M.j kn b)) !'p.kn 4~ 'tijn T  £ijkn•

So, on the original scale, substituting =  2'4>kn and 6ijn — 2 ’yi n̂ we have:

P M ijkn = b + N ^ ^ k J i j n  2£yfc").

Sasik et al. also favor the quantile normalization technique. The main difference 

between the methods is th a t the background correction is constant here, unlike the 

RMA model. Sasik et al. propose using all MM and some PM probes to estimate 

background. A PM probe is considered a background probe if its value is “close” to
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its corresponding MM probe. The value b is estim ated as the mode of the background 

probes. If a background corrected PM value is negative, it is excluded from further 

analysis.

Recently, Wu et al. [76] proposed a modification to the RMA model. After 

noting th a t “RMA does not adjust well for nonspecific binding” , they incorporate 

a nonspecific hybridization adjustm ent into the original RMA model. Information 

about the G-C content of the probes is used to perform this new background ad­

justm ent and the resulting analysis is called GC-RMA. The only difference between 

RMA and GC-RMA is the background correction step.

GC-RMA is built on the belief tha t the amount of nonspecific binding that 

occurs is related to the sequence of the probe. Since G and C nucleotides form 

stronger bonds, it seems reasonable to suspect th a t oligos with higher G-C content 

might be more susceptible to nonspecific hybridization. Following the lead of Naef 

and Magnasco [48], Wu et al. model probe affinity as the sum of position dependent 

base effects which are estimated using da ta  where only nonspecific binding is known 

to occur. The fitted affinity terms (a) are used to describe nonspecific binding noise. 

The authors point out tha t “the advantage of the affinities over the MM is th a t they 

will not detect signal since they are pre-computed numbers” [76].

Wu et al. now assume:

where O represents optical noise, N  represents nonspecific binding noise and S  is a 

quantity proportional to  RNA expression. They assume O follows a log-normal dis­

tribution and th a t lo§2 (N)  and log2 {N') follow a bivariate-normal distribution with 

means Ppm and Hmm and variance a 2 and correlation p constant across probes. Fur­

thermore, they assume p p u  =  h(apM) and Pmm = where h is a smooth

P M i j k n  ~  A ' N i j k n  ~b P i j k n ( 3 . 5 )

A l M i j h n  O f j  +  T ( p k n P i j k n i (3.6)
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function. O and N  are assumed to be independent. The parameters Ppm, P m m ,  P 

and a 2 are estimated from the data. The background adjusted signal is defined 

as the predicted value of S  given th a t P M  and M M  are observed and h, p, a 2 

and <p are known. When analyzing observed microarray data, the authors pro­

pose using 4> — 0. They also assume O is an array dependent constant and use 

Oij = mirtkniPMijkn,  MMijkn)  ~  1- Two methods (maximum likelihood (MLE) and 

empirical Bayes (EB)) for estimation are discussed.

Wu et al. use a simulation, study to  compare RMA, GC-RMA and MAS 5.0. 

They found tha t although RMA is the most precise (based on standard deviation), 

accuracy is improved by using MAS 5.0 or GC-RMA(MLE). When comparing m eth­

ods using spike-in data. GC-RMA (EB) was the most accurate, while all of the RMA 

methods outperformed MAS 5.0 for precision.

3.4 A  M ixed  M odels A pproach

Chu et al  [14] propose modelling microarray data using a mixed model. To 

adjust for overall array effects, they recommend centering the logged values so tha t 

they have mean 0.

They then recommend one of the following models:

Model 1:

lo(j2 { P M i j k n ) —  p i n  T  P k n  T  ( P p ) i . k n  P  (3lop2 ( M  M i j k n ) T  P j ( i ) n  C  -' i jkri

Model II:

log2( P M l3kn) P i n  -f-  p k n  T  ( P p ) i k n  d~ A j ( i ) n  P  &i j kn

Model III:

log2{P M i j k n  M  M i j k n )  —  P i n  P  P k n  T  ( P P ) i k n  T  P  E-ijkn

Here pi is a treatm ent effect, p k n  is a probe effect, (p p ) i k n  is an treatm ent-probe 

interaction and Ajp)n is an probe set-array effect.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



28

Let us work with Model I and incorporate the centering into the model:

l o g 2 { P M i j k n )  Qj Pin A Pkn A ( p p ) i k n  A P loQ ^i^ M  M i j k n )  /?Cjj +  A j ( j j n +  Sijkn-

Converting to the original scale we have:

P M i j k n  =  Cij 2pk« 2 M 'kn M M f jkn2pc‘i 2 ^ n ) «  2e^ kn.

Substituting c*j =  Cij2ficip u ikn — 2(/ip)ikn, $ kn = 2pkn.9 in =  2iHn and Sj^)n =  A j ^ n

gives

Model I:

PMijkn = c* jM  Mfjknvikn$ kn0in26̂ ” 2tijkn. (3.7)

Similarly we find,

Model II:

PM ijkn  =  C ^ k n ^ k J n n ^ r ^ ” (3.8)

Model III:

PM ijkn  =  P I M ijkn + c l j ^ k n ^ k r A 2 ^ fc" . (3.9)

So for these models, 9in is the expression index for treatm ent i and probe set n,

is the probe affinity effect, Vikn and the MM term (if applicable) address nonspe­

cific binding, <5j(pn is an error term  indicating tha t the amount of available mRNA

may not be identical within samples, and c -̂, c*. and cC define scale normalization

factors.

3,5 O th er M odels for Oligo A rrays

Rocke and Durbin [57] propose the following two-component model:

y =  a  +  peT‘ +  £ (3.10)
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where y is the intensity measurement, /i is the expression level in arbitrary units, 

and a  is the mean background (mean intensity of unexpressed probe sets). The 

first error term is e ~  N(0,a*),  which represents the background error and the 

second error term is 77 ~  N ( 0, 0 ^), which represents proportional error. In addition, 

Durbin et al. [18] present a variance stabilizing transformation for microarray data. 

Geller et al. [24] “provide a method for normalization of Affymetrix GeneChips 

simultaneous with the determination of the transformation, producing a da ta  set 

without chip or slide effects but with constant variance and with symmetric errors” . 

In other words, they normalize the arrays and also perform the variance stabilizing 

transformation.

Efron et al. [19] propose a nonparam etric empirical Bayes model for detecting 

differentially expressed genes. Instead of a model for probe set expression, they 

suggest a series of data reductions. Inference is based on an empirical Bayes model 

and allows for simultaneous comparisons.

3.6 M odels for cD N A  Arrays

Kerr et al. [46] discuss the use of analysis of variance for a replicated cDNA 

experiment. They identify four main experimental factors: arrays (A), dyes (D), 

treated and control RNA varieties (V) and genes (G). Since they employed a Latin 

square design (a dye swap experiment with 2 varieties and 2 arrays) for the exper­

iment under discussion, each of the possible 16 factorial effects is confounded with 

one other effect. Non-aliased effects are orthogonal to one another. They employ a 

“shift-Iog” transformation to account for differences in the dyes. This transforma­

tion uses a single param eter (per array) to  account for differences in the dyes. They 

estimate a constant shift s* for each array to minimize the absolute deviation from 

the median of log2(G +  s,) — log2(R — s,), where G indicates green signal intensities 

and R indicates red signal Intensities.
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Let yijkgr be the transformed value (log2(G +  si) or log2(R  — si)) from array i, 

dye j  =  1,2. variety (or treatm ent) k and spot r  of gene g. (Note the change in 

notation from the oligo array models.) They used the following model:

where /i is the overall mean, is the array effect, D g is the dye effect, V* is 

the variety effect, Gg is the gene effect (across other factors). The (AG)igr terms 

accounts for spot effects. The (D G ) j g terms account for the gene specific dye effects 

(observed in their experiment). Finally, the {VG)kg terms represent the variety by 

gene interaction and are the effects of interest. They use a bootstrapping procedure 

to create error-bars for the relative gene expression between the two samples.

Dudoit et al. [17] discuss a within slide normalization approach which accounts 

for spatial and intensity dependent effects. They use a univariate test to identify 

differentially expressed genes, then correct for multiple testing by using adjusted 

p-values. They s ta rt by plotting the log intensity ratio M  — log2R / G  versus the 

mean intensity ratio A = log2\ /R G  yielding a so called MVA plot. From these 

graphs it can be seen th a t the log intensity ratio is dependent on the spot intensity 

A. Because of this, they perform a within print-tip group normalization using loess 

scatter plot smoothing:

where cm(A) is the loess fit to the M Y  A  plot for spots printed using the m th print- 

tip. They normalize on all genes considered, but point out tha t in some cases only 

housekeeping genes might be used.

In order to identify differentially expressed genes, the consider the following 

test statistic for gene g:

Vijkgr — A  +  A j  + D j  +  Vfc + Gg + ( A G ) j gr  +  {V G)kg +  ( D G ) j g  +  tijkgr-

log2R / G  —>■ log2R / G  — cm(A) — log2km(A)R/G.i

%2g -E\g
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where x ig and x-2g denote the average expression level of gene g in the n i and 

n2 control and treatm ent hybridizations. Also, s\g and s^g represent the sample 

variances of gene g's expression in the.control and treatm ent hybridizations. A 

large absolute t-statistic indicates th a t a gene has different expression levels under 

control and treatm ent conditions. Replication is required in order to use this test 

statistic. They do not assume th a t the t-statistics follow' a t-distribution, but instead 

use permutation to estimate their distribution. They recommend using the Westfall 

and Young [73] step-down procedure to adjust for multiple comparisons.
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C h ap te r 4

S IM A R R A Y  F O R  C O M P A R IN G  M E T H O D S

Although microarray technology is widely accepted in the scientific community, 

there is still debate about which analysis methods are recommended for routine 

applications. We compare three commonly used methods for the identification of 

differentially expressed genes for high density oligonucleotide microarrays. We con­

sider Affymetrix Microarray Suite (MAS) 5.0, Li and Wong’s model based expression 

index (MBEI) and Irizarry’s robust multi-array average (RMA). We chose not to 

examine the mixed models proposed by Chu et al. because they are quite compu­

tationally intensive (even for SAS). Although our interest lies in the detection of 

differentially expressed genes, most methods usually advocate some choice of nor­

malization as part of the fold change analysis.

Here we present a simulation study which allows a comparison of methods on 

realistic data, but with known fold changes. The effectiveness of the methods cur­

rently in use have thus far been only rarely tested and then often using only spike-in 

or dilution data where only a few genes are known to be differentially expressed. See 

literature review below for a discussion of some papers comparing analysis methods 

for oligo arrays. One data  set is not enough for validation. A simulation study 

allows us to m anipulate the data  to  study different scenarios while at the same time 

allowing us to “replicate” the microarray experiment enabling only selected sources 

of variability to affect the results- a virtual validation study. Simulation studies are 

an increasingly common tool for discrimination between methods in many areas of 

science. Our simulation attem pts to mimic naturally occurring data  and is based
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on an observed data set. We start from a real data  set to create a template and 

Impose variation due to random error. This mimics a validation study where arrays 

would be physically generated. The simulation is based on a model th a t attem pts to 

encompass all three methods (MAS, MBEI and RMA) and many different sources 

of variation.

A primary goal of the study is to examine the errors in the estimated fold 

changes (for each of the methods) over repeated application of the simulation. An­

other key point is the ability of the methods to detect differentially expressed genes. 

Although these methods are not designed as significance tests, we can examine their 

impact on detection of differentially expressed genes by using the same significance 

test for all methods. In the same sense, we consider the ability of the methods to 

control for error rates. In this case we focus on the false discovery rate (FDR).

4.1 L iterature R ev iew

It is im portant to note tha t different expression measures have already been 

compared in a number of papers. Here we present a summary of the comparisons 

and conclusions.

Irizarry et al. [32] compared MAS 5.0, dChip (MBEI) and RMA according to 

the following criteria “(i) the precision of the measures of expression, as estimated 

by standard deviations across replicate chips; (ii) the consistency of fold change es­

timates based on widely differing concentrations of target mRNA hybridized to the 

chip; (iii) the specificity and sensitivity of the measures’ ability to detect differential 

expression, presented in terms of receiver operating characteristic (ROC) curves.” 

They used a spike-in and dilution study from GeneLogic and a spike-in experiment 

from Affymetrix to perform their comparison. The dChip PM-only model was used. 

As a measure of precision, they computed the probe-set specific log2 expression 

standard deviation across replicates and found tha t RMA had a smaller standard

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



34

deviation across expression levels while the methods had similar accuracy. In order 

to examine the consistency of the fold change estimates at different concentrations, 

they considered the correlation of fold change estimates for two different concentra­

tion groups and found th a t RMA had higher correlation than the other two methods. 

In order to create ROC curves, the number of false positives (non-spiked in genes 

with fold change estimates greater than a specified cut-off) and the number of true 

positive (spiked-in genes with fold change estimates greater than the same cut-off) 

were computed over a range of cut-off values. To construct an ROC curve, true 

positive rate (sensitivity) was plotted against the false positive rate (1-specificity). 

In these plots the RMA curves dominated the dChip and MAS curves, indicating 

“th a t the differential expression calls obtained with RMA have higher sensitivity 

and specificity than those obtained with the other two measures.” Similar results 

were found when using test statistics to generate ROC curves. Note th a t these ROC 

curves leave something to be desired. They do not show the false positive or false 

negative rates as compared to known (or estimated) fold change. Hence it is difficult 

to compare how two methods perform at detecting differentially expressed genes for 

the same fold change.

Cope et al. [16] proposed a number of plots and summary statistics to compare 

summary methods. They provide a web-tool offering all of the proposed assessment 

criteria and offered a friendly competition for comparing proposed methods. All 

methods were applied to the same data, namely the spike-in and dilution data  sets 

from GeneLogic. RMA, dChip and MAS 5.0 were compared in the paper and as 

part of the competition. It is difficult to define a “winner” for this competition 

because of the number of different assessments th a t were performed.

Rajagopalan [53] compared the performance of MAS 5.0, dChip and an error- 

modelling approach implemented in R osetta Resolver based on a human Latin square 

data set from Affymetrix. This da ta  includes 14 experiments over which each of the
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transcript concentrations are varied between 0 and 1024 pM. This is the same spike- 

in data used by Irizarry et al. [32]. They considered the log-log plot of signal versus 

.actual transcript abundance and found th a t th a t all methods had a slope less than 

the ideal slope of one, with Resolver coming closest to one. Another comparison 

was based on the accuracy of the methods in detecting 2-fold changes in the data. 

They computed ROC curves using five p-value cutoffs. The authors found MAS and 

Resolver to be superior to dChip in detecting differentially expressed genes.

Seo et al. [62] proposed using detection p-values from MAS 5.0 as a weighting 

function to improve the performance of expression summary methods. Five methods 

(including RMA and dChip) were studied with and without the proposed weighting 

method. The methods were tested using two large microarray da ta  sets with different 

levels of confounding noise. Performance of the methods was judged by their ability 

to cluster samples into appropriate groups. The comparison indicated th a t the 

dChip (PM-MM) model with detection p-value weighting showed the best overall 

performance.

Barash et al. [7] used MAS 5.0 as a baseline and compared it with the dChip 

(MBEI) and RMA (implemented through RMAExpress) algorithms. Their compar­

ison was based on eight “real life” Affymetrix Hu95 arrays. They considered the 

following methods for detecting differentially expressed genes: threshold number of 

misclassifications, the INFO score, t-test and Wilcoxon’s rank sum test. According 

to the authors threshold number of misclassifications “is a non-parametric method 

th a t scores a gene by its ability to set a discriminative threshold between two groups 

of experiments” and “the INFO score measures the level of homogeneity when par­

titioning a gene’s rank by a single threshold value.” They used the dChip PM-only 

algorithm in their comparison. They found tha t “in 60% of genes, dChip had lower 

variation over replicates” than  MAS while they found a 96% improvement when 

comparing RMA to MAS. They also considered the “overabundance of differentially
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expressed genes” by comparing the number of genes with “low p-value scores, to 

what would be expected under the matching null hypothesis.” They found a “mild 

increase in the set of informative genes when using dChip and a greater increase 

when using RMAExpress” regardless of the statistical criteria.

Rosati et al. [58] compared methods using six RG-U34 arrays with two different 

treatm ents in a realistic setting where differentially expressed genes were not known 

advance. Each of the methods (RMA, MAS 5.0 and dChip) was used to detect 

a group of differentially expressed genes and then genes identified as differentially 

expressed were confirmed or rejected by the use of real-time PCR. For all methods, 

some reduction of the data was performed based on the present/absent calls. For 

MAS two methods of detection were considered. The criteria for detection varied by 

method (depending on the output of the individual programs), but less than 30 genes 

were selected by any given method. The authors found th a t the RMA approach had 

a very low false positive rate but th a t its false negative rate was higher than MAS 

or dChip. The MAS program identified all of the true-positives tested but yielded 

a higher rate of false-positives. The dChip analysis yielded intermediate results.

In what appears to be the most detailed comparison of methods to date, Choe 

et al. [13] compared a number of different analysis methods using a “new'” spike-in 

experiment. The data  set has 1309 spike-in genes on six DrosGenomel Affymetrix 

GeneChips . This is a huge number of spike-ins compared to previous spike in ex­

periments! The authors were primarily concerned with maximizing the detection 

of genes tha t are truly differentially expressed. When comparing methods, they 

considered a number of possibilities at each step in the analysis: background cor­

rection, normalization, correction for nonspecific binding, expression summary and 

testing for differential expression. The analysis was carried out using Bioconduc­

tor. For the testing step, the authors considered the t-test, statistical analysis of 

microarrays (SAM) [69] and CyberT [6]; all were considered on the raw and log2
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scale. Based on ROC curves, the authors found th a t CyberT outperformed the 

other methods. Hence they chose tha t method for comparing all of the other analy­

sis steps. Further comparisons were also based on ROC curves and the authors chose 

a “best” method at each step of the analysis. For background correction, the MAS 

method outperformed the RMA background correction. For normalization there 

was no clear preference between constant, invariant set (dChip), quantile (RMA) 

and loess normalization approaches. When considering how to correct for nonspe­

cific binding, the PM-IM correction used by MAS 5.0 was preferred over PM-MM or 

PM-only methods. They also tried GC-RMA and PerfectMatch [79] and found tha t 

GC-RMA outperformed PerfectMatch but was slightly less effective than using PM- 

IM. For expression summary, RMA was chosen over MAS and MBEI. The authors 

also recommend an overall loess normalization performed at the probe set level “to 

center the log-fold changes around zero” . Note th a t many of these findings are in 

contradiction to previous studies based on other spike-in experiments. The authors 

suggest th a t this may be due to the very small number of differentially expressed 

genes in those previous experiments.

4.2 Sim ulation  A lgorithm : Sim  Array

In order to compare the performance of each of the methods, a statistical simu­

lation study wras conducted in R using Bioconductor. The benefit of using a simula­

tion study to evaluate the methods (instead of spike-in or dilution data) is th a t we 

have realistic data  for which we know the “tru th ” and the process can be replicated 

as many times as desired.

Before discussing the simulation algorithm, we refer back to the conceptual mi­

croarray experiment discussed in Chapter 3. We allow th a t the available transcript 

abundances for replicate arrays may not be the same. For this simulation, we con­

sider this to vary by some multiplicative error (rj). Based on these assumptions, the
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following general models for observed PM and MM are suggested for treatm ent i, 

array j ,  probe k and probe set n:

P  bi j k n  A f i j  { f ^ k n ^ i n  (1 P  l̂ i j k n )  P  ^ i j k n )

M M i j k n  =  bijkn P 1 P  ' V i j k n ) P  Vi j k n )■

Note th a t if the NSB {v) was assumed to be zero, then the PM model would reduce 

to the RMA model (Equation 3.4). If an additive error was used Instead of a 

multiplicative error and the background (b) was assumed to be zero, then these 

models would reduce to the MBEI models (Equations 3.2 and 3.3).

If we assume a scale calibration function, our models can be reexpressed as:

P  M i j k n  b i j k n  P . f i j V ' i j kn  P  f i j  ̂ k r f i i n  ( 1 P  1} i j k n )

M M i j k n  —  b{ j kn  P  f i j v i j k n  P  f i j ^ k i f i i n i ^ -  P V i j k n ) ’

Notice tha t if we assumed th a t the background and NSB were the same for both 

members of a probe pair, this model would represent assumptions made by MAS 

(namely tha t MM can be used to account for optical noise and nonspecific binding). 

If we average the optical background (b) and intensity due to nonspecific signal (fijv) 

over all probes on the array and represent the average with a single background term, 

our models reduce to:

P M i j k n  —  b i j  b  f i j  { ^ k n ^ i n  ( 1  P  V i j k n ) ' )  P  c i j k n  ( 4 - 1 )

M M i j k n  =  b i j  + f i j { 4 > k r f i i n {  1 P  V i j k n ) )  P  £ i j k n  (4 -2 )

So, b  is the average background intensity (resulting from both optical noise and 

nonspecific binding) and /  is a scale calibration function, <3> and tfi are the binding 

affinities for the PM and MM members of a probe pair, 0 is the abundance for a 

given transcript and treatm ent and 7 7 and e are multiplicative and additive errors.
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In order to justify the assumption of a scale calibration function, we examine 

the plots of preprocessed (background corrected and normalized) PM values versus 

raw PM values using both the RMA and dChip methods for preprocessing. Two 

HGU95A GeneChip arrays (from a spike-in data set tha t we will discuss later in 

this chapter) were normalized and background corrected. The scatter plots of the 

preprocessed versus raw PM values for both RMA and dChip are shown in Figure 

4.1. Although the normalization methods associated with RMA and dChip allow 

for nonlinear normalization functions, the fitted normalization function appears to 

be approximately linear in this case.

The simulation must begin with realistic baseline and experimental arrays. 

Each run of the simulation is focused on creating replicates from this tru th . The 

following steps are used to create the baseline and experimental arrays.

1. Choose a microarrav study for which raw data are available. Select one array 

tha t is part of the study. This array will be used as the “tem plate” for the 

simulation study.

2. Carry out the following da ta  processing steps with the goal of decomposing 

the data  nominally into signal and errors.

3. Subtract an estimated background intensity (6 -̂) defined as the minimum in­

tensity of all probes. If we assume f i j(x)  =  1, then we are left with the signal 

values.

4. Scale the ( M M tj kn — ) j ( P  Mi j kn — btj ) ratios by dividing by the 90th percentile 

of the ratios. This forces 90% of the ratios to be less than  or equal to one. 

This is justified by the belief th a t for most probe pairs the PM probe should 

have a higher binding affinity than  the MM probe.
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Figure 4.1: Scatter plots of preprocessed vs raw PM values for (a) RMA and (b) 
dChip.
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5. Add variation to the probe values while maintaining the scaled ratios from step

4. To do this, we randomly choose one member of the probe pair (either PM or 

MM) and multiply by a random factor (1+iV) where N  is normally distributed 

w ith mean 0 standard deviation 0 . 1 .  Then adjust the other member so that 

the scaled ratio is achieved. This will serve as the “true” baseline array.

8. To create the “true” experimental array, multiply all (PM and MM) probes 

for a given probe set by an appropriate fold change (FC) value. So, all probe 

pairs of the same probe set are defined to have the same fold change. We ran­

domly assigned 2% of all probe sets to represent differentially expressed genes. 

For these probe sets, the fold changes were based on a gamma distribution. 

Recall th a t the gamma distribution allows for positive values only. For a given 

realization from the gamma distribution (x), the fold change was defined as 

either x+1 (for an up-regulated gene) or l / ( x + l )  (for a down-regulated gene).

Now th a t we have a true baseline and experimental array, we generate repli­

cate arrays using the simulation model (Equations 4.1 and 4.2). Hence we apply 

a multiplicative error (r/), a calibration function ( / )  and additive error (c). The 

background was generated from a uniform distribution and chosen so that all probe 

values were positive.

For a given run of the simulation the set of arrays is analyzed using MAS, 

RMA and MBEI (PM-only). For a given probe set, the estimated fold change is 

defined as the average expression for the treatm ent arrays divided by the average 

expression for the baseline arrays (where expression is recorded on the original- 

not log- scale). The raw p-value was based on a t-test using Welch-Satterthwaite 

degrees of freedom. These p-values were adjusted for multiple testing using the 

Benjamini-Hochberg method. Genes with an adjusted p-values less than 0.05 are 

declared differentially expressed. The fold changes and p-values -were calculated for 

each probe set for each run of the simulation for each of the methods.
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The program SimArray considers a number of different parameters. The num­

ber of replicates was either r  =  2 or 5, for a total of four or ten arrays. For the 

probe sets representing differentially expressed genes, the fold changes were gener­

ated using a gamma distribution with a shape param eter of either A =  2 or 4 and 

with a scale param eter of one. The distribution of the up-regulated fold changes 

for A =  2 and 4 are shown in Figure 4.2. The multiplicative error (p) was gener­

ated using a normal distribution with mean zero and standard deviation of either 

av = 0.05 or 0.10. The additive error (e) was generated using a normal distribution 

with mean zero and standard deviation of either oz =  10 or 20. Finally, we consider 

three calibration functions - the identity function, a scale calibration function and a 

nonlinear calibration function. We chose to examine the effect of a nonlinear calibra­

tion function because RMA and MBEI normalization methods allow for nonlinear 

normalization while MAS does not.

For this simulation study all runs for all scenarios start with data  from a single 

array. The array data  was taken from a spike-in experiment where 11 different 

cRNA fragments were added to the hybridization mixture of HGU95A GeneChip 

arrays at varying concentrations [28]. This da ta  is available from GeneLogic at 

http://qolotus02.genelogic.com /datasets.nsf/. Array 92456hgu95all was used here. 

There are a total of 12,626 probe sets for this array. We assume th a t each probe set 

represents a gene.

It may seem risky to base all of our results on a single array. Remember that 

this is just a tem plate for many replications of different scenarios of the simulation. 

We have attem pted to account for as many sources of variation as possible. We 

are trying to mimic array to array variability. However, unknown differences across 

different arrays and types of arrays may exist. In order to account for this, we 

present the results of a limited additional study. The array da ta  was taken from 

a set of experiments where normal and diabetic rats were treated with Vanadyl
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Sulfate [74]. An Affymetrix RGU34A rat chip for a normal untreated ra t was used 

as a tem plate. There are a total of 8,739 probe sets for this array.

SimArray was programmed using R  and Bioconductor. This allowed the 

use of the  Bioconductor functions for each of the three methods (MAS, RMA 

and MBEI(PM-only)). Note tha t MBEI and MAS have their own software pro­

grams, bu t th a t they were not used for this simulation. In Bioconductor we used 

the following commands for the MBEI (PM-only) algorithm: expresso(data, nor­

m alize.m ethod= “invariantset” , bg.correct=FALSE, pm correct.m ethod= “pmonly” , 

summary.m ethod= “liwong” ). Note th a t MBEI values returned from Bioconductor 

will differ from the values obtained from dChip. Using five replicates (r =  5) for 

each of the two treatm ents for the HGU95A template, the running time for 100 runs 

of the simulation rvas more than 24 hours.

4.3 R esu lts

All results are based on 100 runs for a given simulation scenario. All methods 

use a stated false discovery rate of 0.05.

4.3.1 Fold C hange E stim ation

Most microarray users are interested estimating fold change between treat­

ments. As a first look at fold change estimation errors, a set of scatter plots showing 

average estimated fold change (by method) versus true fold change for a single sce­

nario (crr/ =  0.05, oe =  10, r  =  5, A =  2 with identity calibration function) are shown 

in Figure 4.3. This set of scatter plots is representative of many of the scenarios. 

The plots show th a t in a qualitative sense, the estimated fold changes appear to be 

reasonable for each method. For those genes which are differentially expressed, we 

consider the standard deviation of the lo§2 {FC)  values versus the absolute value 

of the true lo§2 \F C)  for the same scenario (art =  0.05, a£ =  10, r  =  5, A =  2 with 

identity calibration function) are shown in Figure 4.4. In order to further investigate
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the errors in the estim ated fold change, we calculated the log2 (F C method/ FCtruth) • 

Ideally we would like F G ? 1/>0 — FCJ$TUt$i or Ioq2(FC-raethod/ FFhr’aih) 0. We show

box plots of this “logratio” by method for the HGU95A tem plate in Figure 4.5 (for 

“unchanged” genes) and Figure 4.8 (for differentially expressed genes). This infor­

mation is summarized in tabular form in Tables 4.1 and 4.2. The results for the 

RGU34A tem plate are summarized In Tables 4.3 and 4.4. The results are discussed 

in Section 4.
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Figure 4.3: Scatter plots showing average estimated fold change (by method) versus 
true fold change for the HGU95A tem plate with an = 0.05, ae = 10, r  =  5, A =  2 
with identity calibration function.
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Figure 4.4: Scatter plots showing the standard deviation of the log2(F C ) estimates 
(by method) versus the absolute value of the true log2(FC)  for the HGU95A tem­
plate with an =  0.05, a£ =  10, r  =  5, A =  2 with identity calibration function.
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Figure 4.5: Box plots showing quantiles of Iog^(FCmethod/FCtruth) for the HGU95A 
tem plate by method for “unchanged” genes, (a) Box plots for r — 5, A =  2 with 
low error and identity calibration function, (b) Box plots for r =  5, A =  2 with high 
error and identity calibration function, (c) Box plots for r  =  5, A =  4 with low error 
and identity calibration function, (d) Box plots for r  — 5, A =  4 with high error and 
identity calibration function, (e) Box plots for r  =  5, A =  2 with low error and scale 
calibration function, (f) Box plots for r  =  5, A =  2 with low error and nonlinear 
calibration function, (g) Box plots for r  — 2, A =  2 with low error and identity 
calibration function, (h) Box plots for r  =  2. A =  4 with low error and identity 
calibration function.
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Figure 4.6: Box plots showing quantiles of log2 (F C method/FCtruth) for the HGU95A 
tem plate by method for differentially expressed genes, (a) Box plots for r =  5, A =  2 
with low error and identity calibration function, (b) Box plots for r  =  5, A =  2 with 
high error and identity calibration function, (c) Box plots for r  =  5, A =  4 with 
low error and identity calibration function, (d) Box plots for r = 5, A =  4 with 
high error and identity calibration function, (e) Box plots for r  =  5, A =  2 with low 
error and scale calibration function, (f) Box plots for r  =  5, A =  2 with low error 
and nonlinear calibration function, (g) Box plots for r = 2, A =  2 with low error 
and identity calibration function, (h) Box plots for r =  2, A =  4 with low error and 
identity calibration function.
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Table 4.1: Percentiles of log2 ( F C method/ F C tTUih) for the HGU95A template for un­
changed genes.

£7„ Oe r A
Calibration

Function Method min 25% 50% 75% max
0.05 1 0 5 2 Identity RMA

MBEI
MAS

-0.032
-0 . 0 2 1

-0 . 1 2 1

-0.009
-0 . 0 1 0

-0.025

-0.005
-0.006
-0.018

-0 . 0 0 1

-0.003
-0 . 0 1 1

0.019
0.014
0 . 1 1 0

0 . 1 2 0 c;a 2 Identity RMA
MBEI
MAS

-0.025
-0.034
-0.189

-0 . 0 1 0

-0 . 0 1 1

-0.024

-0.006
-0.007
-0.014

-0 . 0 0 1

-0.003
-0.003

0 . 0 2 0

0.018
0.249

0.05 1 0 5 4 Identity RMA
MBEI
MAS

-0.094
-0.044
-0.191

-0.015
-0.017
-0.035

-0.009
-0 . 0 1 1

-0.028

-0 . 0 0 2

-0.006
- 0 . 0 2 2

0.028
0 . 0 2 2

0 . 1 0 1

0 . 1 2 0 5 4 Identity RMA
MBEI
MAS

-0.105
-0.047
-0.185

-0.015
-0.016
-0.028

-0.009
-0 . 0 1 1

-0.017

-0.003
-0.006
-0.006

0.019
0.018
0.141

0.05 1 0 5 2 Scale RMA
MBEI
MAS

-0.033
-0.023
-0.139

-0.008
-0.009
-0.019

-0.004
-0.006
- 0 . 0 1 2

0 . 0 0 0

- 0 . 0 0 2

-0.006

0.019
0.023
0.078

0.05 1 0 5 2 Nonlinear RMA
MBEI
MAS

-0.016
-0.016
-0.090

-0.008
-0.007
-0 . 0 1 0

-0.005
-0.005
-0 . 0 0 2

-0 . 0 0 2

-0.003
0.008

0.019
0.009
0.140

0.05 1 0 2 2 Identity RMA
MBEI
MAS

-0.088
-0.048
-0.219

-0 . 0 1 1

- 0 . 0 1 1

-0.025

-0.007
-0.008
-0.014

-0 . 0 0 1

-0.004
-0.004

0.032
0.017
0.229

0.05 1 0 2 4 Identity RMA
MBEI
MAS

-0.197
-0.065
-0.235

-0.015
-0.018
-0.043

-0.008
-0 . 0 1 2

-0.033

0 . 0 0 0

-0.005
- 0 . 0 2 2

0.035
0 . 0 2 2

0.228
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Table 4.2: Percentiles of log2( F C method/ F C truth) for the HGU95A template for dif­
ferentially expressed genes.

Orj <?e r A
Calibration

Function Method min 25% 50% 75% max
0.05 1 0 5 2 Identity RMA

MBEI
MAS

-0.667
-1.037
-0.378

-0.127
-0 . 1 0 1

-0.040

0.073
-0.007
-0.016

0.252
0.176
0.029

1.516
1.536
0.439

0 . 1 2 0 5 2 Identity RMA
MBEI
MAS

-0.737
-1.053
-0.540

-0.089
-0.190
-0.079

0 . 1 2 1

-0 . 0 1 2

-0 . 0 1 2

0.321
0.350
0 . 1 2 1

2.235
2 . 2 1 2

0.779
0.05 1 0 5 4 Identity RMA

MBEI
MAS

-0.849
-0.884
-0.478

-0.091
-0.173
-0.066

0.250
-0.033
-0.028

0.546
0.490
0.053

2.032
2.442
0.869

0 . 1 2 0 5 4 Identity RMA
MBEI
MAS

-0.938
-1.295
-0.605

-0 . 0 0 2

-0.321
-0.126

0.292
-0.02.3
-0.007

0.548
0.594
0.260

2.495
2.510
1.245

0.05 1 0 5 2 Scale RMA
MBEI
MAS

-0.789
-0.707
-0.394

-0.127
-0 . 1 1 2

-0.052

0.084
-0.005
-0.015

0.244
0 . 2 2 0

0.036

1.593
1.753
0.331

0.05 1 0 5 2 Nonlinear RMA
MBEI
MAS

-0.851
-0.700
-0.414

-0.071
-0.241
-0.156

0.073
-0.076
-0.051

0.263
0.315
0.119

2.069
1.530
0.561

0.05 1 0 2 2 Identity RMA
MBEI
MAS

-0.754
-0.568
-0.344

-0.083
-0.109
-0.052

0.113
-0.023
-0.019

0.290
0 . 2 0 2

0.005

1.391
1.300
0.373

0.05 1 0 2 4 Identity RMA
MBEI
MAS

-0.966
-0.881
-1.334

-0.188
-0.136
-0.078

0.166
-0 . 0 2 2

-0.038

0.489
0.406
0 . 0 0 1

2.491
2.244
0.625
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Table 4.3: Percentiles of lo g 2 { F C ineihodj F C lruth) for RGU34A template for “un­
changed” genes.

Urj Of r A
Calibration

Function Method rnin 25% 50% 75% max
0.05 1 0 5 2 Identity RMA

MBEI
MAS

-0.043
-0.017
-0.154

-0.006
-0.005
-0.008

-0.004
-0.003
- 0 . 0 0 2

-0 . 0 0 2

-0 . 0 0 2

0.003

0.017
0.007
0.137

0.05 1 0 5 4 Identity RMA
MBEI
MAS

-0.223
-0.072
-0.223

-0.013
-0.014
-0.024

-0.008
- 0 . 0 1 0

-0.018

-0.003
-0.006
-0 . 0 1 2

0 . 0 2 1

0 . 0 2 1

0.098

Table 4.4: Percentiles of logz iFCmethodj F C truth) for RGU34A tem plate for differen­
tially expressed genes.

tjjj T r A
Calibration

Function Method min 25% 50% 75% max
0.05 1 0 5 2 Identity RMA

MBEI
MAS

-0.707
-1.085
-0.419

- 0 . 1 0 1

-0.109
-0.035

0.079
0 . 0 0 0

-0.003

0.276
0.179
0 . 0 2 0

2.393
2.231
0.417

0.05 1 0 5 4 Identity RMA
MBEI
MAS

-0.627
-1.241
-0.850

-0.145
-0.164
-0.043

0.153
-0.036
-0.019

0.432
0.379
0.014

2.435
2.556
0.359
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4.3.2 D e te c tio n  o f D iffe ren tia lly  E x p re s se d  G enes a n d  E r ro r  R a te s

We note again th a t the methods are for estim ating transcript abundance, not 

for the detection of differentially expressed genes. However, we can examine the 

effect of each method on the detection of differentially expressed genes by using the 

same significance test for all methods.

In order to  adjust for multiple comparisons, we have chosen to use the 

Benjamini-Hochberg adjusted p-value. The Benjamini-Hochberg method (step-up 

false discovery rate controlling procedure) is designed to control the false discovery 

rate (FDR) [8 ]. Details of the Benjamini-Hochberg method as well as other methods 

aimed at controlling FDR are given in a paper by Reiner et al. [55]. Genes with ad­

justed p-values less than 0.05 were declared differentially expressed. The procedure 

is designed to control the FDR at 0.05. The actual FDR will not necessarily equal

0.05. To examine this possibility we proceed as follows. For each run of the simu­

lation, the FD R is estimated as the proportion of falsely rejected hypotheses (the 

proportion of genes with adjusted p-value less than 0.05 th a t are not differentially 

expressed). If no discoveries are made, then the FDR is defined to be zero.

We also evaluated the false positive rates, on a gene by gene basis (still after an 

adjustment for multiple comparisons). We call this the comparison wise error rate 

(CWER). An estimate of CW ER is the proportion of times the adjusted p-value for 

an “unchanged” gene was less than 0.05 out of the 100 simulation replications.

A third error rate th a t may be of interest to the users of a Bonferroni adjustment 

is the family wise error rate (FW ER). This is estimated by the proportion of the 100 

simulation replications where at least one gene is falsely identified as differentially 

expressed. When using the Benjamini-Hochberg adjustment, the family wise error 

rate is not controlled, only the FDR is. Consequently one would expect FW ER to 

be much higher than 0.05.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



54

Although FD R is our primary focus, CW ER and FW ER were evaluated and 

reported for the benefit of users of these other criteria. In particular it is im portant 

to note th a t Benjamini-Hochberg adjustm ent is very different from a Bonferroni 

adjustm ent, as they have different objectives. The mean and standard deviation of 

the FDR, the FW ER and maximum CW ER for the HGU95A template are shown 

in Table 4.5. The empirical cdf functions for the comparison wise error rates for the 

HGU95A tem plate are shown in Figure 4.7. The results for the RGU34A template 

are summarized in Table 4.6.

Note tha t a specific multiple testing adjustm ent is not prescribed by any of 

the methods considered in this paper (MAS, RMA, MBEI). However, a multiple 

testing adjustment is certainly an appropriate step in the detection of differentially 

expressed genes in a microarray experiment. Although the results will vary some­

what depending on the multiple testing adjustm ent used, we can still compare the 

relative performance of the methods for a single multiple testing adjustment.
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Table 4.5: Mean and standard deviation of false discovery rate (FDR), family wise 
error rate (FWER) and maximum comparison wise error rate (CWER) for the 
HGU95A tem plate by scenario and method.

(Jv Os- r A
Calibration

Function Method mean(FDR) sd(FDR) FW ER
Maximum

CWER
0.05 lO 5 2 Identity RMA 0.051 0.014 1 0.05

MBEI 0.047 0.013 1 0.03
MAS 0.038 0.013 1 0.03

0.1 20 5 2 Identity RMA 0.029 0.010 0.99 0.02
MBEI 0.033 0.012 1 0.02
MAS 0.033 0.016 1 0.02

0.05 10 5 4 Identity RMA 0.196 0.021 1 1
RMA-IVSN 0.061 0.044 1 0.07

MBEI 0.091 0.019 1 0.08
MAS 0.056 0.015 1 0.04

0.1 20 5 4 Identity RMA 0.045 0.014 1 0.92
RMA-IVSN 0.036 0.044 1 0.03

MBEI 0.042 0.014 1 0.03
MAS 0.031 0.013 0.98 0.03

0.05 10 5 2 Scale RMA 0.052 0.013 1 0.07
MBEI 0.047 0.013 1 0.03
MAS 0.033 0.014 1 0.02

0.05 10 5 2 Nonlinear RMA 0.034 0.012 1 0.03
MBEI 0.037 0.011 1 0.03
MAS 0.029 0.027 0.96 0.02

0.05 10 2 2 Identity RMA 0.019 0.114 0.04 0.01
MBEI 0 0 0 0
MAS 0.010 0.100 0.01 0.01

0.05 10 2 4 Identity RMA 0.033 0.126 0.12 0.01
MBEI 0.005 0.028 0.04 0.01
MAS 0.005 0.050 0.01 0.01

Table 4.6: Mean and standard deviation of false discovery rate (FDR), family wise 
error rate (FW ER) and maximum comparison wise error rate (CWER) for RGU34A 
template by scenario and method.

<Jn <7e r A
Calibration

Function Method mean(FDR) sd(FDR) FW ER
Maximum

CWER
0.05 10 5 2 Identity RMA 0.030 0.013 1 0.07

MBEI 0.035 0.014 1 0.02
MAS 0.029 0.014 0.99 0.03

0.05 10 5 4 Identity RMA 0.248 0.024 1 1
MBEI 0.119 0.023 1 0.46
MAS 0.041 0.017 0.99 0.03
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Figure 4.7: Empirical cdf functions for the comparison wise error rate (CWER) by 
m ethod for the HGU95A template, (a) CW ER empirical cdf functions for an =
0.05, <j£ =  10, r  =  5, A =  2 with identity calibration function, (b) CW ER empirical 
cdf functions for av — 0.10, ae = 20, r =  5, A =  2 with identity calibration function, 
(c) CW ER empirical cdf functions for av =  0.05, a£ =  10, r  =  5, A =  4 with identity 
calibration function, (d) CW ER empirical cdf functions for an — 0.10, ae — 20, r  =  
5 , A =  4 with Identity calibration function, (e) CW ER empirical cdf functions for 

= 0.05, oe — 10, r  =  5, A =  2 with scale calibration function, (f) CW ER empirical 
cdf functions for av — 0.05, cr£ =  10, r =  5, A =  2  with nonlinear calibration function.
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4.3.3 P ow er

Power Is defined as the probability th a t a test will declare a gene to be differ­

entially expressed when in fact this is true. In other words, the power Is equal to 

one minus the probability of a false negative. In order to estimate the power of the 

methods, we calculated, for each gene, the proportion of the 1 0 0  simulation replica­

tions where the adjusted p-value was less than 0.05. We expect this proportion to 

be small when a gene is not differentially expressed and large when the fold changes 

are large in either direction. We first plotted the estimated power as a function of 

\log-2 (FC)\  for the genes in our data  set. A logistic regression curve was fitted in 

order to smooth the plot. The fitted power curves for the HGU95A template are 

shown in Figures 4.8 and 4.9.
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Figure 4.8: Power curves for the HGU95A template, (a) Power curves for av =
0.05, aE =  10, r  =  5, A =  2 with identity calibration function, (b) Power curves for 
ar) = 0.10, oE — 20, r  = 5, A =  2 with identity calibration function, (c) Power curves 
for ov — 0.05, oE — 10, r  =  5, A =  4 with identity calibration function, (d) Power 
curves for av =  0.10, a£ =  20, r  =  5, A =  4 with identity calibration function.

(a) L ow  Error, r=5, lam bda=2, Identity (b) High Error, r=5, 3am bda=2, Identity

RMA
-  M BEI

M AS

o

o

o

-  RMA
- MBEI 

M AS
o

0 2 3 41

|lo g 2 (F C ) | |lo g 2 {F C )|

(c) L ow  Error, r=5, 8am bda=4, Identity (d) High Error, r=5, lam b da=4, Identity

o

o

RMA
R M A -IV S N
M BEI
M AS

o
o

0 1 2 3 4

p

cqd
CD
o

d
RM A
R M A -IV S N
M BEI
M A S

o

o
o

40 1 2 3

!log2{FC}j ilo g 2 (F C j|

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



59

Figure 4.9: Power curves for the HGU95A template, (a) Power curves for on =
0.05, ae =  10, r  =  5, A =  2 with scale calibration function, (b) Power curves for 
orj =  0.05, ae =  1 0 , r  =  5, A =  2 with nonlinear calibration function, (c) Power 
curves for on — 0.05, ae =  10, r  =  2, A  =  2 with identity calibration function, (d) 
Power curves for ov =  0.05, a£ =  10, r =  2, A  =  4 with identity calibration function.
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4,4 D iscussion  of R esu lts

First we examine the errors in the fold change estimates for the HGU95A tem ­

plate. See Figures 4.5 and 4.6. Note th a t a 5% error in estimated fold change In 

either direction corresponds to a log2-fatio of approximately ±0.075. A 1 0 % error 

in estimated fold change in either direction corresponds to a Io</2 -ratio of approxi­

mately ±0.15. A 20% error in estimated fold change in either direction corresponds 

to a log2-iatio of approximately ±0.3.

For those genes which are unchanged, the errors in the estimated fold change 

are usually 5% or less. For all scenarios, MAS has the largest range of errors. Note 

tha t since the true fold change is one for a gene tha t is unchanged, the range of the 

estimated fold change (over all scenarios) is between 0.85 to 1.19. The RMA and 

MBEI methods appear to be performing similarly in most of the scenarios.

For those genes which are differentially expressed, the errors in the estimated 

fold change are considerably larger. For all scenarios, MAS has the smallest range 

of errors. The RMA and MBEI methods still appear to be performing similarly in 

most of the scenarios. Overall, it appears th a t the performance of MAS is more 

accurate for fold change estimation. Note th a t these results are supported by the 

limited results for the RGU34A chip (shown in Tables 4.3 and 4.4).

When we consider FDRs and FW ERs for the HGU95A tem plate shown in 

Table 4.5, we see th a t all methods reach their maximum mean (FDR) and CW ER 

when av — 0.05, oe — 10, r  =  5, A =  4 with identity calibration function. For 

MAS, the maximum mean(FDR) =  0.056 and maximum CWER=0.G4. For MBEI, 

the maximum mean(FDR) =  0.091 and maximum CW ER=0.08. For RMA, the 

maximum mean(FDR) =  0.196 and maximum G W ER = 1 . A closer look at the 

percentiles of the empirical cdf function for RMA when on =  0.05, <j £ =  10, r  =  

5, A =  4 with Identity calibration function show th a t the 99.9th percentile is 0.37.
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This indicates th a t 0.1% of unchanged genes had a false rejection rate of 0.37 or 

higher. Similar results are seen for the RGU34A tem plate (shown in Table 4.6).

Note th a t the RMA method appears to be competitive with MBEI in most sce­

narios. However, violations to the expected FD R and high CW ER occur when A =  4 

and some larger fold changes are imposed. This led us to wonder if the normaliza­

tion procedure might be at fault for these violations. In order to  investigate this 

possibility, we reran the simulation using invariant set normalization (which is used 

by MBEI) with RMA expression index for scenarios with A =  4. This hybrid version 

of RMA is denoted as RMA-IVSN in Table 4.5. Using RMA with IVS normaliza­

tion does serve to reduce the maximum CW ER as well as the rnean(FDR). This 

indicates th a t the RMA normalization (quantile normalization) may be responsible 

for the inflated error rates for some scenarios. We discuss normalization algorithms 

in detail in Chapter 6.

Finally we consider the power curves for the HGU95A tem plate as shown In 

Figures 4.8 and 4.9. For a given scenario, MAS always has the uniformly lowest 

power. This is probably due increased variance for this method (compared to RMA 

or MBEI) which can be seen in Figure 4.4. For all scenarios with r = 5, MBEI 

has power greater than or equal to th a t of RMA. Notice th a t RMA-IVSN has lower 

power than either RMA or MBEI. For all methods the power is quite low when 

there are only two replicates (r =  2). Reducing sample size will reduce the power. 

However, we expect th a t even experiments with small sample size would be able to 

detect genes with very large fold changes.

Notice th a t the multiplicative error terms for a probe pair (rj and rf) were as­

sumed to be uncorrelated in the simulation model (Equations 4.1 and 4.2). We 

considered some limited scenarios where a second error term was used to add corre­

lation between members of a probe set. For these scenarios, the simulated data  was 

generated using the following model:
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PM ^ijkn bij 6 “ f i j  ( Qin (1  - r  T]ijkn){\ ” 6  ^ j ( i ) r a ) )  d ~  ^ ijkn  

M M - i jk n  — bij +  fij{4>kn$in{ 1 +  +  ^j(i)n)) +  îjfcn

where (hgpn was generated using a normal distribution with mean zero and standard 

deviation of as =  0-05 and an =  0.01. We note here tha t even when this correlated 

error structure was employed, it did not appear to alter the conclusions of this study.

In conclusion, the MBEI expression index with corresponding normalization 

method is recommended because it appears to maintain its stated  FDR while oper­

ating with high power.
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C h a p te r  5

SIM A R R A Y  F O R  S A M PL E  SIZE C A LC U LA TIO N S

Cost indicates th a t microarravs must still be used conservatively. Many inves­

tigators are interested in determining the number of arrays per treatm ent required 

to a ttain  a certain power. However, because of the numerous steps involved in a 

microarrav experiment (background correction, normalization, summary method, 

significance testing and multiple testing adjustment) this question is not trivial to 

answer.

Here we present an im portant use for the general SimArray framework - a sim­

ulation based sample size calculator which allows for estimation of power and false 

discovery rate. The required input includes one or two “starter” arrays (possibly 

taken from a previous experiment), a list of proposed fold changes and variance 

components estimates. We discuss how to choose these values. The user must also 

choose a stated model (either RMA or MBEI). From this initial input, SimArray 

simulates microarray data  for a requested number of replicates from which the power 

(to detect differentially expressed genes) and FD R can be estimated. We illustrate 

these methods using barley data.

Our simulation attem pts to mimic naturally occurring data and is based on one 

or two “starter” arrays. From a single “s ta rte r” array we can generate variation due 

to random error according to either the RMA or MBEI models. We choose to focus 

on RMA and MBEI algorithms because their models are explicitly stated in pub­

lished works. In contrast we chose not to  examine the MAS algorithm, because no
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model is clearly stated for this algorithm. In addition, some details of the algorithm 

are not publicly available.

O ther authors have examined sample size calculation for microarray experi­

ments. Our approach is probably most similar to tha t of Zien et al. [81] who also 

take a simulation based approach and consider two sources of variation. However, 

their simulation occurs at the probe set level instead of the probe level and hence 

cannot consider the effects of normalization or even expression summary (i.e. RMA 

or MBEI). In addition, they do not consider the FDR. Yang et al. [77] discuss the 

number of subjects required to minimize the FDR while achieving high power to de­

tect differentially expressed genes. They consider designs to (1) compare two groups 

at a single time point and (2 ) compare two experimental groups across time points. 

For the second design, they employ a simulation based method at the gene level 

without considering the method of expression summary. Black and Doerge [9] use 

the t-test, and bootstrap methods (with a Bonferroni correction) when calculating 

the power for cDNA microarrays. Pan et al. [50] discussed sample size based on a 

mixture model. Hwang et al. [31] consider determining the sample size for finding 

the best discriminant function. Hence they were concerned with gene classifica­

tion instead of detection of differentially expressed genes. Lee and W hitmore [39] 

consider a number of approaches for calculating sample size in cDNA microarray 

studies (although results could be applied to oligo array studies) including classical 

and Bayesian approaches.

5.1 A lgorithm  for Sim  A rray as a Sam ple Size C a lc u la to r

SimArray is a program for calculating sample size by simulation. The user must

begin with one or two “starter arrays” , a list of fold changes and estimates for the 

variance component(s). Discussion about how we obtain reasonable values for the 

fold changes and variance components can be found in Section 5.2. In addition the
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user must specify the method of expression summary (RMA or MBEI), the type of 

significance test (t-tesf or Wilcoxon rank sum), and the multiple testing procedure. 

After this information is provided, SimArray can estimate the power and error rates 

for various sample sizes.

SimArray is programmed in R using Bioconductor. This allows us to utilize 

many of the built in data analysis commands available from both programs. Of 

course, both programs are free and available to the public.

The simulation must begin with a t least one “starter” array. If no observed 

data is available from the current or proposed study, a baseline array can be chosen 

from a previously completed study using the same type of array. Each run of the 

simulation is focused on creating replicates from this truth.

Ideally, one would like to simulate data  according to a unified model represent­

ing tru th . (We present a unified model in Chapter 7.) However, choice of parameters 

and selection of reasonable param eter values for a unified model is a difficult task. 

We chose to use a simplified method for simulation. We generate data by assuming 

the form of the RMA or MBEI models.

Below the SimArray algorithm for sample size calculation is outlined.

1. S tart with a list of fold changes and a baseline array.

2. The baseline array should be preprocessed to correct for optical noise and 

nonspecific binding. If an experimental array is also available, then the data 

should be normalized. Preprocessing should be done according to either the 

RMA or MBEI algorithms. Background adjustm ents should be saved.

3. If we assume th a t the preprocessing has corrected for systematic errors and the 

error terms in either RMA model (Equation 3.4) or MBEI model (Equations

3.2 or 3.3) are zero, then we are left with signal values.
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4. C reate a “true” experimental array by multiplying the “true” baseline array 

by the assumed fold changes. All probe pairs within a probe set are defined 

to  have the same fold change.

•5. Generate replicate arrays according to either the RMA or MBEI algorithms. 

Details for RMA are given in Section 5.1.1. Details for MBEI are given in 

Section 5.1.2.

6 . Estim ate fold change and obtain p-values for differential expression using the 

chosen model (RMA or MBEI) and testing combination of Interest. The raw 

p-value can be based on a t-test or Wilcoxon rank sum test. The p-values 

can be adjusted for multiple testing using the Benjamini-Hochberg method or 

any other multiple testing procedure. The fold changes and p-value should be 

calculated for each probe set for each run of the simulation.

7. Summarize performance by considering false discovery rate, power and ap­

propriate graphs. We illustrate these summary values and graphs in Section 

5.3.

5.1.1 S im ulated  D ata  for R M A  A nalysis

We start with the RMA model (Equation 3.4), however we consider the pos­

sibility tha t there may be an additional error term representing the array within 

treatm ent error hgqri. This term would represent the fact th a t the amount of tran ­

script abundance could vary from array to array for a single treatm ent. This is true 

for either biological or technical replicates.

So, for simulation purposes we use the following model:

P M ljkn = bijkn +  Uj^knQin 2t»kn2sM n). (5.1)

Working from the “true” baseline and experimental array, we generate replicate 

arrays using the following steps.
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1. To generate the replicate arrays (for each run of the simulation), multiply by 

the error terms 2 b'(0 « and 2^'*", where hjp)ra ~  iV(0, of) and Cijkn ~  IV (0,cf). 

The values af and c f are user specified. When starter arrays are available, 

reasonable values to use for erf and cf may be deduced from starter array data. 

In Section 5.2.3, we explain the procedure we used for the barley data.

2. The fij  terms are assumed known. For the barley example, we assumed a scale 

calibration function and generated scaling constants for each array indepen­

dently from a uniform (0.9,l.l) distribution.

3. Background is added back to each array. The background terms for the 

barley example are discussed in Section 5.2.2.

5.1.2 S im ulated  D ata  for M B E I A nalysis

Despite the MBEI model (Equations 3.3 and 3.2), a multiplicative error term 

better represents better represents the observed data. This view is supported by 

the form of the models used by other authors ([14],[33] and [57]). So for simulation 

purposes, we use the following model:

MMijkn ~  bij +  fij(6in4*kn{, 1  T  îjkn)) (o.2 )

P  Mijkn =  bij +  +  eijkn))’ (5-3)

Working from the “true” baseline and experimental array, we generate replicate 

arrays using the following steps.

1. To generate the replicate arrays (for each run of the simulation), multiply by 

the error term  ( 1  +  where €ijkn ~  jV(0, of) and of is user specified.

When starter arrays are available, a reasonable value to use for of may be

deduced from starter array data. In Section 5.2.4, we explain the procedure

we used for the barley data.
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2. The f ij  terms are assumed known. For the barley example, we assumed a scale

dently from a uniform (0.9,l.l) distribution.

3. Background is added back to each array. The background terms for the 

barley example are discussed in Section 5.2.2.

5.2 Illu stration  using B arley D ata

To illustrate our sample size simulation methods, we apply our methods to some 

data from an experiment using Barley 1  GeneChips. Samples of a number of cultivars 

were obtained a t various stages of the malting process. Samples were hybridized to 

Affymetrix Barley 1 arrays. Each Barleyl array contains 22,840 probe sets. Most 

probe sets have 11 probe pairs. We assume each probe set represents a gene. For our 

“starter arrays” we chose a sample of the Merit and Legacy cultivars each obtained 

on day 4 of the malting process. For MBEI, preprocessing was performed in clChip 

and data was later imported into Bioconductor for use in SimArray.

5.2.1 E stim atin g  Fold C hanges

For clarity, let us define the fold change as the ratio of transcript abundance 

between two samples for a given gene. To start, let us assume th a t both a baseline 

and experimental array are available. These arrays should be normalized and back­

ground corrected (by either the RMA or MBEI algorithm). If this is the case, the 

following estimation methods are possible:

1 . As a naive estimate, we could estim ate the fold change for probe set n as

where P M e,kn is the PM value for the kth  probe of the n th  probe set on 

the baseline array and PM^.kn is the corresponding PM value on the baseline

calibration function and generated scaling constants for each array indepen-
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array and n fc is the number of probe pairs in probe set n. So, one could use 

the average of the ratios of the PM values. Similarly we could use the median 

of the probe level ratios.

2. A regression based estimated can be obtained by fitting the model

PP^e.kn — bn X  PMb.hii A €kn-

Hence bn is an estimate of the fold change for the n th  probe set. So, we fit a 

regression line (with zero intercept) for each probe set and use the slope as an 

estimate of fold change.

3. Another possibility is to perform the regression on the log? scale and use the 

exponential of the intercept as an estimate of the slope:

l o f J i i P  M e  .kn') 0“n A  bn X tofj2  (P  M 0 ^ n ) A  -k:n ■

In order for exp(an) to be an estimate of fold change (defined as the ratio of 

abundances), the value bn must be equal to 1. In practice we found the slope 

estimates to vary considerably. If "we constrain bn =  1, then we estimate the 

intercept as

and the estim ate of the fold change is exp(an).

4. Yet another possibility includes using errors in variables regression estimates 

which allows for errors in both  variables. This is reasonable because we expect 

errors in both PMb  and P M e.

All of the estim ates above have standard errors and significance testing can be 

performed to test for differentially expressed genes (from only a pair of arrays). In 

practice, a multiple testing adjustm ent should be used.
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It is not possible to estimate fold change from a single array. If only a single 

array is available, fold changes can be generated by presuming some percentage 

of probe sets to represent differentially expressed genes with a given distribution. 

Alternatively, fold changes could be estimated from previous similar experiments.

For the barley data (for both RMA and MBEI), fold change estimates were 

obtained using the regression estimation method. Differentially expressed genes 

were identified by testing: H 0 : F C n = 1 versus H a : F C n /  1. Initial p-values 

were based on the t-test, but later adjusted for multiple comparisons using the 

Benjamini-Hochberg adjustment. For RMA, approximately 7% of genes (on the 

array) are considered to be differentially expressed. For MBEI, approximately 5% 

of genes (on the array) are considered to be differentially expressed. The distribution 

of the log2(FC) for the differentially expressed genes (under the RMA and MBEI 

algorithms) are shown in Figure 5.1. These putative FC values were used for the 

simulation. Those genes which were not found to be differentially expressed based 

on the regression estimates were defined to have FC = 1  for the simulation.
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Figure 5.1: Distributions of the putative FC values used for the RMA and MBEI 
algorithms.
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5.2 .2  B ackground  A d ju stm en ts

R M A : The background adjustment for the RMA algorithm is detailed in Irizarry 

et al. [33] and can be easily calculated using Bioconductor. Our simulation starts 

with background corrected data, but In order to generate realistic data we must add 

some background back to the data. We began by examining the RMA background 

values (defined as bijkn =  PM ijkn — B(PMijkn)) for a number of arrays from the 

barley experiment. Figure 5.2 shows background versus PM for four barley arrays. 

Background increases with PM until a certain point and then levels off. For the 

simulation, probes corresponding to the original smallest 15% of background values 

keep their original background value. For all other probes, a variable background 

term will be added by array, such th a t b.tj ~  N(/3, 4) where is defined as the median 

background from the baseline array or the average of the median backgrounds from 

two “s tarter” arrays.

M B E I/d C h ip :  According to [41], a nonspecific binding correction is performed 

for the MBEI algorithm. The normalization occurs before the NSB correction in 

the MBEI algorithm. Using dChip, we can examine the NSB values (represented 

as vkn from Equations 3.2 and 3.3). Based on what we have observed, this term 

seems to correct for optical noise rather than NSB. Table 5.1 shows the five number 

summaries of the background/NSB values for the two barley “starter arrays” . The 

correlation between background and PM was 0.044 for array 1  and 0.043 for array 2. 

We see tha t these background values vary between 71 and 95 regardless of the array 

and do not appear to be correlated with PM. For the simulation, we use a constant 

background term  for each array. This constant background can be estimated by the 

average background for a single array or the average over two arrays.

5.2.3 E s tim a tio n  o f V ariance C om p o n en ts  for R M A  algo rithm

Based on Equation 5.1 there are two variance components (of and of) that 

need to be estim ated for the RMA algorithm. Recall tha t tijkn is an overall error
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Figure 5.2: RMA background versus PM values for four barley arrays.
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Table 5.1: Five number summaries of the dChip background adjustments for two 
barley arrays.

Array Min Q1 Median Q3 Max
1 71 78 80 84 94
2 71 78 81 85 95
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term  and is an array within treatm ent error term  (representing variability be­

tween biological or technical replicates). We will a ttem pt to estim ate these variance 

components by fitting a mixed linear model by probe set.

For the barley data, we normalized and background corrected a group of arrays 

using the RMA algorithm. We then im ported two replicate Merit arrays and two 

replicate Legacy arrays into SAS. As suggested by Chu et al. [14], we used SAS to 

fit the following model:

by probe set, where Trt represents cultivar (Legacy or Merit), and each cultivar was 

hybridized to two arrays. Array effect was considered random and all other terms 

were fixed. We consider only probe sets with exactly 11 probe pairs. For these probe 

sets the expected mean square for Array(Trt) is given by:

The values S S A r r a y ( T r t )  and S S E  were saved for each probe set.

Recall the following distributional result (with assumptions of normality and 

independence)

We can obtain a reasonable value to use for 9 A r r a y ( T r t )  by considering a q-q plot of 

the S S A r r a y  ( T r t ) .  n  values. Using ordinary least squares through the origin, we can use 

the slope of the regression equation as a putative value for 0Array(Trt) • This yields 

the following estimate:

log P M  = T r t  +  Array  (T r t ) +  Probe +  (T r t  x Probe)

E M  S  (Arr ay (Tr t ) ) =  9Array(rrt) =  of +  l l a 2AA r r a , y { T  r t ) '

S  S A r r a y ( T  r t ) 

9  A r r a y ( T  r t )
A  d f  ( A r r a y  ( T r t ) )

9  A r r  a y  ( T r t )  —  0.4707 —  bf A lie fA r r a y  ( T r t )  ’

so a common estimate of

= 0.4704/12 =  0.0392.
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Hence using the notation of Equation 5.1 we obtain &s =  ae = 0.2.

We simulated data according for the RMA algorithm using these variance com­

ponents. In order to compare the simulated data  to the observed “starter” arrays 

we compared the plots of the PM values for the two treatm ents. We considered 

as =  cr£ =  0.2 and 0.15. We found th a t using oq =  ot =  0.15 yielded simulated 

data th a t better represented the observed data, so we used this value as input for 

SimArray. This comparison is shown in Figure 5.3.

Previous discussion is based on the assumption tha t we have two replicate 

starter arrays per treatm ent for use in the simulation. In practice, it would not be 

realistic to assume th a t experimenters would have access to more than one array 

per treatm ent in order to do a sample size calculation! In this case, we would 

recommend using data from previously conducted similar experiments (performed 

with the same type of array) for estim ating the variance components to be used for 

the sample size calculation. Subjective values based on experience may also suffice.

5.2.4 E stim ation  o f Variance C om p on en ts for M B E I algorithm

Initially for the MBEI algorithm, we attem pted to use the model

P M i j k n  A "  \^kri .  A  $ i n ® k n  A  &j(i)n  A  C p 'fcn );

where hgpn ~  N ( 0, a f) and etjkn ~  W(0, of). In an attem pt to estimate the variance 

components we imported the dChip preprocessed PM values into SAS. This time, 

we model the residuals from the dChip fit (defined as resid = P  Mijkn — N ~ l (i>kn A 

Qin&kn) using the model resid — A r r  ay (Trt )  with Array as a random effect using 

PROC MIXED. We used the same two replicates of each Legacy and Merit described 

in Section 5.2.3. We found th a t 83% of probe sets had Array(Trt) variance estim ated 

to be zero. Next, we considered the standard deviation of the raw dChip residuals 

by probe set and array. These plots are shown In Figure 5.4. The standard deviation
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Figure 5.3: (a)Observed data, (b) data  simulated with as = a t — 0.2, (c) data 
simulated with cr$ — ae =  0.15 for the RMA algorithm.
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Figure 5.4: Standard deviation of raw dChip residuals versus 0 by probeset for 
Legacy and Merit.
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tends to increase with 9. Hence, we decide th a t a model with two additive error 

terms was not necessary used Equations 5.2 and 5.3 instead.

In order to  estimate the value of we used the residuals from the dChip fit 

and scaled them  by the signal This implies an additive error term with

standard deviation proportional to the signal. We once again used the two replicates 

of each Legacy and Merit. We consider the variance of these scaled residuals (by 

probeset and array). The median of the variances of the scaled residuals acts as 

an estimate of of. Taking the median value of these variances for each of the four 

arrays separately we found values ranging between 0.026 and 0.029. We chose to 

use the value o t — 0.16 for the sample size calculation. Comparing the plots of the 

PM values for the two treatm ents for the simulated and observed data, we found a 

good correspondence. This comparison is shown in Figure 5.5.

So once again, we used two replicate array per treatm ent to estimate the vari­

ance. However, for the MBEI analysis the single variance term (of) can be estimated 

with only two arrays. If an experimenter could provide a single array for each of 

two treatm ents, we could use those genes not identified as differentially expressed to 

estimate the variance. However, if fewer than  two arrays were available, we would 

need to use da ta  from other previously conducted similar experiments.

5.2.5 A n alysis o f  S im ulated  D ata

For MBEI we examine the results when analyzed using PM-only as well as 

PM-MM. In Bioconductor we used the following commands for the PM-only algo­

rithm: expresso(data,normalize.method= “invariantset” ,bg.correct=FALSE, pmcor- 

rect.method— “pmonly” ,summary.method= “liwong”). This analysis does not back­

ground (or NSB) correct the data. Web documentation for the dChip PM-only 

algorithm states th a t normalization is based on the original PM and MM data, and 

the background correction is performed after normalization for the PM-only model
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Figure 5.5: (a) Observed data and (b) data  simulated (with ae =  0.16) for the MBEI 
algorithm.
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(http://biosunl.harvard.edu/com pIab/dchip/pm % 20oriIy.htm ). We do not expect 

this difference to have a major effect on the results. Keep in mind tha t Bioconduc­

tor will not return the same expression values as cl Chip for either the PM-only or 

PM-MM analysis. We chose to use Bioconductor anyway because it is much easier 

to use for simulation purposes.

For RMA the analysis was carried out in Bioconductor using the “rm a” com­

mand.

5.3 R esu lts  for th e  B arley  E xam ple

All results are based on 100 runs of a given simulation scenario. All methods 

used a stated false discovery rate of 0.05. Results were obtained for 3,4 and 5 

replicates of each treatm ent.

5.3.1 D etec tio n  o f D ifferentially  E xpressed  G enes and Error R ates

Significance testing was based on a t-test using W elch-Satterthwaite degrees of 

freedom. In order to adjust for multiple comparisons, we have chosen to use the 

Benjamini-Hochberg adjusted p-value. The Benjamini-Hochberg method (step-up 

false discovery rate controlling procedure) is designed to control the false discovery 

rate [8]. Additional details of the Benjamini-Hochberg method as well as other 

methods aimed at controlling the FDR are given in a paper by Reiner et al. [55]. 

Genes with adjusted p-values less than 0.05 were declared differentially expressed. 

The procedure is designed to control the false discovery rate at 0.05. The actual 

FDR will not necessarily equal 0.05. To examine this possibility we proceed as 

follows. For each run of the simulation, the FDR is estim ated as the proportion of 

falsely rejected hypotheses (the proportion of genes with adjusted p-value less than

0.05 th a t are not differentially expressed). If no discoveries are made, then the FDR 

is defined to be zero.
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Table 5.2: Mean and standard deviation of false discovery rate (FDR) and maximum 
comparison wise error rate (CWER) for the RMA and MBEI algorithms.

M ethod Reps mean (FDR) sd(FDR) max(CWER)
RMA 3 0.015 0.012 0.02
RMA 4 0.023 0.007 0.02
RMA 5 0.032 0.008 0.02

MBEI PM-only 3 0.019 0.009 0.02
MBEI PM-only 4 0.034 0.008 0.06
MBEI PM-only 5 0.048 0.012 0.18
MBEI PM-MM 3 0.014 0.012 0.02
MBEI PM-MM 4 0.023 0.008 0.02
MBEI PM-MM 5 0.028 0.007 0.03

We also evaluated the false positive rates, on a gene by gene basis (still after an 

adjustment for multiple comparisons). We call this the comparison wise error rate 

(CWER). An estim ate of CWER is the proportion of times the adjusted p-value 

for an “unchanged” gene was less than 0.05 out of the 100 simulation replications. 

Each gene has its own type 1 error rate.

The mean and standard deviation of the FDR as well as the maximum CW ER 

for each of the scenarios (for both RMA and MBEI) are given in Table 5.2. These 

results are discussed in Section 5.4.

5.3.2 Power

In order to estim ate the power for a given scenario, we calculated, for each gene, 

the proportion of the 100 simulation replications where the adjusted p-value was less 

than 0.05. We expect this proportion to be small when a gene is not differentially 

expressed and large when the fold changes are large in either direction. After using a 

given algorithm to generate and analyze the data  for each run of the simulation, we 

first plotted the estim ated power as a function of \log2(FC) \  for the barley 1 genes. 

A loess curve was fitted in order to smooth the plot. The fitted power curves for 

the the RMA algorithm (with 3,4 and 5 reps) are shown in Figure 5.6a. The fitted
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power curves for the the MBEI algorithm (with 3,4 and 5 reps) are shown in Figures 

5.6b and c.

In addition to power, some researchers are interested in the sample size re­

quired to detect a certain number of the most highly differentially expressed genes. 

For example a researcher may want to know what proportion of the true top M 

most highly differentially expressed genes are captured in the observed top N genes. 

Based on a list of the top N most highly differentially expressed genes in the exper­

iment, they could verify expressions for some or all of these genes using real-time 

PCR or a northern blot. Clearly these values of M and N will vary based on the 

investigator. The idea is similar to the study by Rosati et al. [58], where they 

identified small groups of genes from a microarray experiment and verified their 

results using real-time PCR. Here we consider what proportion of the true top 50 

most highly differentially expressed genes are captured in the observed top 100 most 

highly differentially expressed genes based on simulated data. This proportion can 

be calculated for each run of the simulation. We show box plots of these proportions 

in Figure 5.7 for both RMA and MBEI. This Information is summarized in tabular 

form in Table 5.3.

Table 5.3: Five number summary of the proportion of the true 50 most highly 
expressed genes captured in the observed 100 most highly expressed genes by method 
and number of replicates.

Method Reps Min Q l Median Q3 Max
RMA 3 0.64 0.74 0.78 0.82 0.88
RMA 4 0.88 0.90 0.90 0.90 0.92
RMA 5 0.88 0.90 0.90 0.90 0.92

MBEI PM-only 3 0.66 0.80 0.84 0.86 0.94
MBEI PM-only 4 0.94 0.96 0.96 0.98 1.00
MBEI PM-only 5 0.94 0.96 0.96 0.98 1.00
MBEI PM-MM 3 0.6 0.74 0.8 0.84 0.96
MBEI PM-MM 4 0.92 0.96 0.96 0.98 1
MBEI PM-MM 5 0.94 0.96 0.98 0.98 1
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Figure 5.6: Power curves for RMA and MBEI.
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Figure 5.7: Box plots of the proportion of the true 50 most highly expressed genes 
captured in the observed 100 most highly expressed genes by method and number 
of replicates.

(a) RMA

(b) MBEI P M -o n ly

(c) MBEI PM -M M
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5.4 D iscussion of R esu lts

It is im portant to note th a t the results for RMA and MBEI cannot be directly 

compared because they employ different algorithms and error structures.

When considering the FDR, we note th a t both RMA and MBEI show Increasing 

mean(FDR) with increasing replicates. However both methods remain below 0.05. 

The maximum type 1 error rate stays approximately constant for RMA and MBEI 

PM-MM, but increases with replicates for MBEI PM-only. Note th a t maximum 

CWER reaches a high of 0.18 for MBEI PM-only with five replicates.

The power plots (Figure 5.6) for both methods show th a t substantial gains are 

made when the number of replicates is increased from three to four. However, only 

modest gains are achieved when the number of replicates is increased from four 

to five. Both RMA and MBEI have the lowest power with only three replicates. 

However, the power for RMA and MBEI PM-MM is rather low in this situation. 

The estimated power for RMA and MBEI PM-MM with three replicates is less 

than 0.4 with a fold change of ±4. Note th a t MBEI PM-only method reaches an 

estimated power of about 0.6 under the same conditions.

The box plots summarizing the proportion of the true top 50 most highly ex­

pressed genes captured in the observed top 100 genes (Figure 5.7) for each method 

show once again th a t substantial gains are made when the number of replicates 

is increased from three to four. We see almost no difference when the number of 

replicates is Increased from four to five.

In conclusion, we feel th a t SimArray offers a very flexible and powerful tool for 

the determination of sample size for microarray experiments.
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C h a p te r  6

N O R M A L IZ A T IO N  ISSU ES A N D  C O M P A R IS O N  O F M E T H O D S

Normalization attem pts to correct for systematic array differences in order to 

better detect differentially expressed genes across treatments. These array differ­

ences stein from possible differences in the relationship between total signal and 

observed intensity. This relationship can be described using a calibration function. 

In practice since each sample is randomly assigned to an array, if we had many 

replicates of each treatm ent these array differences would “average out” . However, 

since the number of replicates per treatm ent is usually small (less than 10) for mi­

croarray experiments, normalization is performed in order to increase power. So, by 

reducing within treatm ent differences, we will be able to identify more differentially 

expressed genes.

Now we consider w’hat other authors have said about normalization. Hoffmann 

et al. [30] describe normalization as “pre-scaling of the fluorescence intensity across 

different arrays belonging to one experiment to correct for differences in probe la­

belling, probe concentration, hybridization efficiency, and potentially other factors” . 

Schadt et al. [59] say “Normalizing multiple probe arrays to allow direct array-to- 

array comparisons presents one of the greatest challenges in expression array data 

analysis” . Bolstad et al  [11] say “...observed expression levels also include variation 

tha t is introduced during the process of carrying out the experiment, which could 

be classified as obscuring variation. Examples of this obscuring variation arise due 

to differences in sample preparation (for instance labelling differences), production
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of the arrays and the processing of the arrays (for instance scanner differences). The 

purpose of normalization is to deal with this obscuring variation” .

In this chapter, we examine the effect of the calibration function on estimability 

of to tal signal ratio. We define to tal signal ratio (TSR) as the ratio of the total 

signal (including both GSB and NSB) across arrays or treatm ents. We present some 

commonly used approaches to normalization. For quantiie normalization (associated 

with RMA) and invariant set normalization (associated with dChip), we present 

some small examples illustrating their performance. We also examine the results of 

a simulation experiment comparing the performance of quantiie, invariant set and 

global normalization methods.

6.1 Im pact o f th e  C alibration  Function  on E stim ab ility  o f  S ignal R atios

The relationship between to tal signal (including both GSB and NSB) and ob­

served intensity may not be the same from array to array. Suppose tha t SR is the 

total signal for probe k  and sample 1 and 5R  is the total signal for sample 2. Let f i  

be the function relating total signal to the observed fluorescence intensity for array 

1 and / 2 be the function relating total signal to intensity for array 2. In the absence 

of random errors, / ]fc =  /i(5 R )  would be the observed value of probe k  for sample 

1 on array 1 and I 2k =  would be the observed value of sample 2 on array

2. Note tha t in practice the probe level to tal signal values (S ik), / i  and f 2 are all 

unknown and only the intensity values (Iik) are observed. Clearly the to tal signal 

ratio (T SR =SA /5;'fc) is well-defined but unknown. The question is whether or not 

this ratio is estimable.

Note tha t for this discussion we consider the probe level total signal, where total 

signal is the sum of gene specific binding (GSB) and nonspecific binding (NSB). If 

we assume th a t nonspecific binding (v) is a function only of probe sequence, then 

the NSB for a given probe will fixed regardless of treatm ent or array. Hence (in the
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absence of random error) Intensity Is related to signal as

h k n  —  f i { & k n @ i n  +  I ' i k n )  =  f i ( G S B i k n  +  N S B k n )  =  f i ( S i k n ) -

Our interest lies In examining the impact of the calibration function on the esti­

mation of the TSR. Estimation of or correction for nonspecific binding is discussed 

elsewhere in this dissertation.

We now consider a number of possible forms for the calibration function. In 

the following discussion, we consider probe level values. For simplicity, we drop the 

probe set subscript (n).

Scale c a lib ra t io n  fu n c tio n  w ith  no  ra n d o m  e rro r : Let us consider the case 

where intensity is directly proportional to total signal. Then hk  =  /i(S R ) = f \  xSR. 

arid 1 2k — M S 2k) =  f 2 x S 2k. If we consider the ratios h k / h k , we would find th a t for 

unchanged probes (with S i k  =  5 R )  the ratio would be exactly equal to f 2 / f \ -  If we 

assume that the majority of probe sets are unchanged, then we can use the mode of 

the empirical distribution of probe level intensity ratios (I 2k / h k ) to estimate f 2/ /]. 

Note th a t since we are assuming 1 1 0  error, the ratio f 2 / f \  is known. Hence, we can 

find the TSR as
S 2k _  f  1 x  h k  

S i k  f t  x  h k

So, the TSR is estimable in this case.

Linear ca lib ra tio n  function  w ith  no ran d o m  e rro r :  Now let us consider the

case where intensity is not proportional to the signal but Is linearly related to signal. 

Then hk  -  f i (S ik)  = 0 ,1 + h S i k and / 2fc -  f t iS tk )  = a2 + b2 S2k. The value a can 

be thought of as background intensity associated with the scanning process.

In an a ttem pt to normalize array 2 to array 1, one approach is to fit a line 

to the pairs of unchanged probes. Unchanged probes (for which SR =  S 2 k ) would 

fall directly on a line. Hence in order to identify the group of unchanged probes,
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we would identify the largest group of probes w ith c o rre la tio n ^ . F itting a line to 

these unchanged probes we would find that

^ 2  k =  / l  i f 2  1 {hk)) — (al ~  G2 &1 /&2 ) +  bljbihk  =  a* +  b* I 2k,

where indicates the normalized value for probe k and sample 2. This normal­

ization relates the observed intensities from array 2 (I2k) to the observed intensities 

from array 1 (I\k)-

Many authors suggest normalizing one array to another and then using the 

ratio of the normalized intensities as an estim ate of the fold change. If we tried to 

find the TSR using I \ k and I2k, we would consider

I ’J h k  = / i (S21) / / 1(Su).

For an unchanged probe (where S\k =  S 2k) we would find

& / 1*  =  f i ( S 2 k ) / f i ( S lk) =  1

as expected. However, for a changed probe (where S 2k = cSik), we would find

I 2k/ h k  = f i { c S lk) / h { S lk) ^  c.

Note tha t the estim ated TSR is dependent on which array is normalized because

I2k/ h k  = h { c S lk) / h { S lk) ±  f 2 (cSlk) / f 2 (Slk) = hk/I tk -

This issue is illustrated in Example 1.

If the data is assumed to be background corrected (using independent informa­

tion), then we have reduced the problem to th a t of a estimating the TSR with a 

scale calibration function.

E x am p le  1: Let us look at a very small array with only 10 observations. The

data is shown in Table 6.1. The known (total) signal for probe k is represented
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Table 6 . 1 :  D ata for Example 1.

S i S 2 h h I \ T*2 TSR m h h / I {
1 1 9 6 6 9 1 1.00 1.00
2 2 1 4 1 0 10 14 1 1 . 0 0 1.00
3 6 1 9 2 6 14 34 2 1.79 1.86
3 3 19 14 14 19 1 1.00 1.00
5 5 2 9 2 2 22 29 1 1.00 1 . 0 0

6 2 34 10 26 14 0.33 0.41 0.38
7 7 3 9 3 0 30 3 9 1 1.00 1.00
8 4 44 1 8 34 24 0 . 5 0.55 0.53
8 8 4 4 3 4 3 4 44 1 1.00 1.00
9 9 49 38 38 49 1 1.00 1 . 0 0

as Sik for the control sample and S 2k for the treatm ent sample. There is a linear 

relationship between total signal and observed intensity on each of the arrays. For 

array 1, I lk =  f i ( S i k) =  4 +  5S lk and for array 2, I2k =  f 2 (S2k) =  2 +  4 ^ .  So, 

=  —0.8 +  0.2x and f 2 l (x) — —0.5 +  0.25a:. In order to normalize array 2 to 

array 1, we would use f i i f ^ i x ) )  — 1.5 +  1.25a:. To normalize array 1 to array 2, we 

would use f 2 ( f { 1 (x)) =  —1.2 +  0.8.x. We see th a t in either case, the estimated TSR 

is always correct for unchanged probes but not for changed probes. Furthermore, 

the two normalizations yield different estimated ratios.

N o n lin e a r c a lib ra t io n  w ith  no  ra n d o m  erro r: Clearly if a nonlinear calibration

function is considered, the same estimability issues will be present as in the linear

CclSG.
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6.2 N o rm aliza tio n  M ethods

We now present some commonly used normalization methods.

6.2.1 Scale N orm aliza tion

Recall that MAS computes scaling ( s f )  and normalization factors (nf )  and the 

reported value for a probe set is:

ReportedValue(i)  =  n f  * s f  * 2 Sl̂ nalLo^Value' . (6.1)

The Affymetrix Statistical Algorithms Reference Guide [2] states “Normaliza­

tion and scaling techniques can be applied by using data from a selected user-defined 

group of probe sets, or from all probe sets. When normalization is applied the in­

tensity of the probe sets (or selected probe sets) from the experimental array are 

normalized to the intensity of the probe sets (or selected probe sets) on the baseline 

array. When scaling is applied, the intensity of the probes sets (or selected probe 

sets) from the experimental array and the intensity of the probe sets (or selected 

probe sets) from the baseline array are scaled to a user-defined target intensity.” 

They also (vaguely) describe a “ ‘robust norm alization,’ which is not user modifi­

able, accounts for unique probe set characteristics due to sequence dependent factor 

such as affinity of the target to the probe and linearity of hybridization of each probe 

pair in the probe set” [2].

There has been some criticism of the scale normalization method used by 

Affymetrix. Bolstad et at  [11] say “Affymetrix has approached the normaliza­

tion problem by proposing th a t intensities should be scaled so tha t each array has 

the same average value. The Affymetrix normalization is performed on the expres­

sion summary value. This approach does not deal particularly well with cases where 

there are nonlinear relationships between arrays.”
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6.2.2 Q u an t lie N orm aliza tion

Quantile normalization was developed by Bolstad ei al. [11]. This method 

forces the distribution of probe intensities for each array (in a group of arrays) to 

be the same. They employ the following algorithm:

1. Given n  microarrays with p probes, form a m atrix X  of dimension p x n  where 

data  from each array are placed in one of the columns.

2. Sort each column of X  to give X sort.

3. Take the means across rows of X sort and assign this mean to each element in 

the row to get X'sort.

4. Get Ar.normalized by unsorting each column of X'sort to have the same ordering 

as original X .

The authors note th a t forcing the quantiles to be exactly equal may be a prob­

lem. Clearly, each array will have the same set of probe values (although assigned 

to different probes). Note tha t for this method, the arrays are not normalized to a 

baseline array, but are instead simultaneously normalized to a conceptual average 

(baseline) array.

E x a m p le  2: Once again we will restrict ourselves to small example which illustrates 

the issues. The known (total) signal value for probe k is represented as S xk for the 

control sample and S 2k for the treatm ent sample. Note th a t the values for the 

treatm ent array are just a perm utation of the control array values. In other words 

we assume tha t the array values are identically distributed. In this case, there is a 

scale relationship between to tal signal and observed intensity on each of the arrays. 

For array 1 , I l k  =  h { S x k ) -  S lk and for array 2, I 2k  =  h ( S - i k )  =  2 S 2*- Here we 

consider the effect of quantile normalization on the estim ation of the TSR.
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Table 6.2: D ata for Example 2 where we apply quantile normalization to identically 
distributed arrays with scale calibration functions.

II S2 h I \ T*i 2 TSR 1 *1 1 *
1 4 8 1.5 6 4 4
2 2 4 3 3 1 1
3 3 6 4.5 4.5 1 1
4 1 2 6 1.5 0.25 0.25
5 5 10 7.5 7.5 1 1

So in this example where the array values are identically distributed and with 

scale calibration functions, quantile normalization performs correctly. Note th a t if 

these assumptions hold, then the normalization function (applied to the observed 

intensity data) can be expressed as:

I*k =  N ( I ik) = 0.5(si +  s2 )Sik = s*Sik,

where s i is the scale calibration factor for array 1 and s2 is the scale calibration 

factor for array 2. Hence,
I^_ =  s*Slk =  SR 
l ; k s*St,k Si'k '

So the estimated TSR will be identical to the true TSR for all probes.

E x am p le  3: Here we again start with identically distributed array values, but 

allow a linear calibration function. For array 1, I ik = f i { S i k) =  S~lk and for array 

2, h k  — } 2 { S ‘2k) — 1 +  O.SSTt-

So in this example where the array values are identically distributed and the 

calibration functions are linear, quantile normalization achieves the correct TSR for 

non-differentially expressed genes but not for the differentially expressed genes. The 

reason is clear when we consider the normalization function:

4  =  N ( I lk) = 0 .5 (/x +  f 2 )S ik = a* + b*Slk.
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Table 6.3: D ata for Example 3 where we apply quantile normalization to identically 
distributed arrays with linear calibration functions.

h  = s x s 2 h 4* j*12 TSR m i l
1 4 3 1.25 3.5 4 2 . 8

2 2 2 2 2 1 1

3 3 2.5 2.75 2.75 1 1

4 1 1.5 3.5 1.25 0.25 0.36
5 5 3.5 4.25 4.25 1 1

(Note th a t if f i {x)  — ax + bxx  and f 2 (x) = a2  + b2x  then a* = 0.5(ax +  a2) and 

b* =  0.5(6! +  62).) Hence.
Ijk _  a* +  b*sik
1 i'k a*+ b*Si>k

So, the correct TSR is preserved for non-differentially expressed probes, but not for 

those probes which are differentially expressed.

E xam ple 4: Now we consider an example where the array 2 values are not simply 

a perm utation of the array 1 values. We assume the same scale calibration functions 

as in Example 2; I xk = f x(Sxk) =  S lk and I 2k =  f?.(S2k) = 2S 2 k-

Table 6.4: D ata for Example 4 where we apply quantile normalization non-
identically distributed arrays with scale calibration functions.

h  = s x S2 h I{ T*a 2 s 2 / s x m i l
1 6 12 1 8.5 6 8 . 5

2 2 4 3 3 1 1

3 3 6 4.5 4.5 1 1

4 0.5 1 7 1 1
8

1
?

5 5 10 8.5 7 1 0.824

Here the estim ated TSRs for both differentially expressed and non-differentially 

expressed probes are affected by the normalization algorithm.

So, quantile normalization performs well when only a scale calibration function 

is creating array to array differences and the probe values are identically distributed
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for two or more arrays. If these conditions do not hold, quantile normalization 

cannot correctly recover the correct TSR values. Note tha t in each of the quantile 

normalization examples presented, we only consider the effect of the normalization 

and ignore (do not perform) any background correction. However, using the RMA 

background correction will not resolve the issues revealed here because the back­

ground correction is performed “by probe” with a different background estimated 

for each probe.

6.2.3 Invariant Set N orm alization  (IV S N )

Li and Wong ([59],[42]) propose an invariant set normalization method. The 

first step of the process is to find a set of unchanged probes (on which to base 

the normalization). They search for a set of invariant probes based on rank. If a 

probe’s ranks are the same (or close to the same) in the baseline and experimental 

arrays, then this probe will be added to the invariant set. They provide an iterative 

algorithm that chooses a large set of probes as belonging to the invariant set. After 

invariant set is selected, a piecewise linear running median line is calculated (for the 

invariant set) and used as the normalization function. Note th a t for this method, 

all arrays are normalized to one baseline array.

E x a m p le  5: In order to examine dChip performed invariant set normalization, we 

need to work with a larger data  set. Here we consider 1000 probe values for two 

arrays. The known (total) signal value for probe k is represented as 5 lfc for the 

control sample and Sik  for the treatm ent sample. We consider a scale calibration 

function relating intensity to to tal signal. For array 1, I \ k =  f i {S \k )  =  S \ k =  k and 

for array 2, / 2& =  f i (S ik)  =  2 A total of 20 probes were differentially expressed: 

$ 2 , 1 0 1  =  901...$2,110 =  910 (TSR w 9) and 5 2 , 9 0 1  =  101...5 2 , 9 1 0  =  110 (TSR ~  |-). 

This data  was normalized using dChip. The raw and normalized intensity values are 

shown in Figure 6.1. dChip successfully recovered the correct TSR values for all 20
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differentially expressed probes and most of the unchanged probes. For the smallest 

and largest 20 probes, an artifact was introduced after normalization. Specifically, 

for k=1...20 and 981...1000, I*zk =  I lk +  0.5 even though S \k =  8 2 k for these probes. 

This yielded estimated TSR values slightly off from the true TSR=1 for these probes.

Figure 6.1: Raw and dChip normalized intensity values for Example 5.
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E x a m p le  6: We again consider 1000 probe values. We consider a linear calibration 

function relating intensity to total signal. For array 1, SR = k and =  /i(S R ) =  

5 + 0.9S’1fc and for array 2, I 2k = f 2 {S2k) =  10 +  l .hS 2 k- A to tal of 20 probes 

were differentially expressed: 5 2 , 1 0 1  =  901...S2 ,110 =  910 (TSR ~  9) and S2,9 0 i =  

101...S2,910 =  HO {TSR «  |) .  This data  was normalized using dChip. The raw 

and normalized intensity values are shown in Figure 6.2. In this example, dChip 

underestim ated the up-regulated TSR values (probes 101-110) and overestimated 

the downi-regulated TSR values (probes 901-910). dChip successfully recovered the 

TSR values for most of the unchanged probes. However, the same artifact seen in 

Example 5 (affecting the same probes) was seen again here.

So, besides a small artifact introduced during the normalization process, invari­

ant set normalization performs well when only a scale calibration function is creating 

array to array differences. If even a linear calibration function is at work, then in­

variant set normalization cannot recover the correct TSR values for differentially 

expressed probes.

6.2.4 M ore N orm alization  M ethods

Qspline normalization was proposed by Workman et al. [75]. The goal is 

similar to tha t for quantile normalization. Their approach “seeks to transform the 

distribution of one array to the distribution of a target array” [75]. In order to 

accomplish this, qspline normalization uses quantiles from a target and baseline 

array to fit smoothing splines. The splines are used as a normalization function.

Hill et al. [28] introduce a normalization method based on spike-in values. So, 

instead of basing the normalization on all probes (as is done for a scale normalization 

or quantile normalization) or unchanged probes (as is done in invariant set normal­

ization), the normalization is based on a small number of spike-in probe sets present 

on all Affymetrix GeneChip arrays. A possible benefit of this method is th a t a user

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



N
or

m
al

iz
ed

 
Ar

ray
 

2 
In

te
ns

iti
es

 
Ar

ray
 

2 
In

te
ns

iti
es

98

Figure 6.2: Raw and dChip normalized intensity values for Example 6.

(a) Raw Intensity Values

OO
to

o
o
o

o

0 200 400 800600

Array 1 Intensities

(b) N orm alized Intensity  Values

o
oCO

§
to

o
o

o
o
CM

o

200 400 600 8000

Array t Intensities

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



99

might be able to estimate the calibration function, instead of just normalizing one 

array to another. A possible problem with this m ethod is th a t the normalization 

would be based on a small number of probe sets. The authors also propose a cross 

between the spike-in and scale normalization methods.

Kepler et al. [3-5] discuss a method of normalization based on self-consistency. 

This iterative process is based on the assumption most genes are unchanged. So, 

starting with all probe sets as “core genes” , they normalized all genes against the 

“core genes” , then define the new core as those genes which appear to  be unchanged 

after normalization. They iterate until they reach a convergence set of “core genes” . 

Normalization (based on this group of “core genes” ) is performed using local regres­

sion. This normalization allows for nonlinear function.

Zien et al. [80] propose a two-step method for scale calibration. First they 

propose estimating a “quotient of the constants of proportionality” (</*-) between 

each pair of arrays. For arrays i and j  they consider the empirical distribution 

of the ratios of background corrected (probe) measurements (for the “set of genes 

th a t are considered to be expressed and reliably measured” ). Using the empirical 

distribution of these observed ratios, they propose a number of different ways to 

estimate q*g (for example the mean or the median of the observed ratios). Then using 

each of the q*j values and taking a maximum likelihood approach, they determine 

a set of scaling factors for the expression indices. The authors say “given such 

(scaling) values, [they] can make the measured expression level value lg^  mutually 

comparable between different samples k by rescaling them ” . So, they find initial 

scale values using probe level data, but then rescale the expression values.

6.3 C om parison  of n o rm aliza tio n  m eth o d s  by s im u la tion

Normalization methods (and their effect on subsequent analyses) have been 

compared in a number of papers. Hoffmann et al. compare results when using
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four different normalization techniques and three different algorithms for identify­

ing differentially expressed probe sets [30]. Two methods based on invariant-feature 

normalization (dChip) [42], invariant-set normalization ( “The Equalizer” ) [66], and 

global scaling were considered. For the detection of differentially expressed probe 

sets, SAM (significance analysis of microarrays) and both the F-test for parametric 

ANQVA and the H (Kruskal-Wallis) test for non-parametric A NOVA were consid­

ered. Hoffmann et al. concluded th a t “normalization has a profound influence on 

detection of differentially expressed genes. This influence is higher than th a t of three 

subsequent statistical analysis procedures examined” [30], Bolstad et al. [11] com­

pare the performance of five normalization methods (including quantile, scale and 

invariant set) using spike-in and dilution data. They find th a t the quantile method 

“performed favorably, both in terms of speed and when using our variance and bias 

criteria, and therefore should be used in preference to other methods.” As part of a 

larger comparison, Choe et al. [13] found th a t there was no clear preference between 

normalization methods.

In order to compare the performance of each of the methods, a statistical sim­

ulation study was conducted in R using BioConductor. The following model will be 

used in the simulation (for treatm ent i, array j ,  probe k, probe set n):

P M i j k n  b-ij d~ f i j ( ^ k n @ i n )

M M i j k n  b i j  T fij (fihrfiiri)

where b is the background and /  is the calibration function for a given array. This is 

the same simulation model introduced for the comparison of methods using SirnAr- 

ray (Equations 4.1 and 4.2), with no random error.

Before starting the simulation, we choose a microarray study for which raw data 

are available and select one array from this study. This array will be used as the 

“template” for the simulation study. Subtract an estimated background intensity
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( b i j )  defined as the minimum intensity of all probes. If we assume f i j ( x )  =  1 and 

no error or further background, then we are left with the the signal values.

For each run of the simulation create the “true” experimental array by multi­

plying all (PM and MM) probes for a given probe set by an appropriate fold change 

value. So, ail probe pairs of the same probe set are defined to have the same signal 

fold change. We randomly assigned 2% of all probe sets to represent differentially 

expressed genes. For these differentially expressed genes, the fold changes are based 

on a gamma distribution. Recall th a t the gamma distribution allows for values 

greater than zero. For a given realization from the gamma distribution (x), the 

signal fold change was defined as either x+1 (for an up-regulated gene) or l / ( x + l )  

(for a down-regulated gene).

Now that we have a true baseline and experimental arrayy we create the observed 

arrays using the simulation model with zero background:

P  Mijkn — f i j i ^

M M i j k n  —  j i j  ( $ k n @ i n ) ■

Hence we apply only a calibration function ( /) . The calibration function will allow 

for scale and nonlinear response patterns relating observed intensity to signal.

For a given run of the simulation the set of array's is normalized using quantile, 

qspline and scale normalization. Note tha t the scale normalization is not MAS 

scale normalization, because we are normalizing a t the probe level while MAS scale 

normalization is applied a t the expression or probe set level.

We simulate only a single baseline and experimental array. For the differentially 

expressed genes, the signal fold changes were generated using a gamma distribution 

with a shape param eter of either A =  2 or 4 and with a scale param eter of one. We 

consider two calibration functions - the identity function and a nonlinear calibration 

function.
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For this simulation study all runs for all scenarios s ta rt with da ta  from a single 

array. The array da ta  was taken from a spike-in experiment where 11 different 

cRNA fragments were added to the hybridization mixture of HGU95A GeneChip 

arrays at varying concentrations [28]. This data  is available from GeneLogic at 

http://qolotus02.genelogic.com /datasets.nsf/. Array 92456hgu95all was used here. 

There are a to tal of 12,626 probe sets for this type of array.

6.4 Sim ulation  R esu lts  and D iscu ssion

The following quantity is considered for unchanged probes only: 

\log2(I*kn/ I b kn)\- This represents the log of the normalized intensity ratio. 

For unchanged probe sets, S b.kn =  S e,kn, so ideally \log2 (I*_kn/ I b_kn)\ = 0- If there is 

a 1% error or less this “logratio” will be less than 0.0145, and if there is a 2% error 

or less the logratio will be less than 0.029. For constant normalization, the logratio 

is recorded for each run (because every probe has the same value). For the other 

normalization methods, the proportion of probes meeting the 1% and 2% criteria 

are recorded.

The empirical cdf functions for the scenarios with A =  2 and A =  4 with identity 

calibration function (and no error) are shown in Figure 6.3. These results are based 

on 500 runs of the simulation. W ith A =  2, identity calibration and no error, 12.8% 

of runs had a 1% error or less and 95.4% of runs had a 2% error or less for scale 

normalization. W ith A =  4, identity calibration and no error, only 0.4% of runs had 

a 2% error or less for scale normalization.

The empirical cdf functions for the scenarios with A =  2 and nonlinear cali­

bration function and no error are shown in Figure 6.4. These results are based on 

100 runs of the simulation. For scale normalization, 13% of runs had a 1% error or 

less and 92% of runs had a 2% error or less for scale normalization. The nonlinear 

calibration functions used in the simulation are shown in Figure 6.5.
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Note th a t when the identity calibration function is imposed, there is no need for 

normalization. From this limited simulation experiment it appears tha t invariant 

set normalization is superior to both quantile and qspline normalization methods. 

Invariant set normalization has smaller errors (for unchanged genes) for all scenarios 

considered here. Note tha t for a small number of probes, the qspline normalized 

values were negative. The percentage of negative values (per run of the simulation) 

was always less than 1%. Negative values were generated under the nonlinear cal­

ibration functions and identity calibration with A =  4, but not with A =  2. Based 

on this simulation study and the rationale behind the methods, we recommend the 

use of invariant set normalization.
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Figure 6.3: The empirical cdf functions for the scenarios with A =  2 and A =  4 with 
id e n tity  c a lib ra t io n  fu n c tio n  and no error.
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Figure 6.4: The empirical cdf functions for the scenario with A =  2 with n o n lin e a r 
c a lib ra tio n  fu n c tio n s  and no error.
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Figure 6.5: The nonlinear calibration functions used in the simulation.
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C h a p te r  7

A U N IF IE D  M O D EL F O R  O LIG O  A R RA Y S

Currently, most models for oligo arrays s ta rt with preprocessed data. Namely, 

background correction, normalization and nonspecific binding corrections are made 

separately and before calculation of an expression index. Each correction is assumed 

to be known and a measure of uncertainty is only calculated at the expression index 

step. This process makes it difficult to calculate an overall measure of uncertainty 

for the final computed index. A unified model would is proposed here which incor­

porates all of the preprocessing steps with the expectation tha t it will allow for a full 

likelihood based analysis rather than a sequence of heuristic analyses. Our proposed 

model includes most of the current commonly used models as special cases.

7.1 L iterature R eview

Very recently a unified model has been proposed by Wu et al. [76]. They 

propose the following model:

P  M i j k n  =  O i j  Y N i j k n  +  S i j k n  (7-1)

Ojj T  0 -/'>;•(/;, q~,, T £ i jk n) Y exp(ysn T  5n A tj  T dijkn Y bjj Y ^ijkn) i

for the kth  probe pair of the n th  probe set for the j t h  replicate of the i ih  treatm ent. 

They assume Oijkn represents optical noise and follows a log-normal distribution, 

Pijkn represents nonspecific binding, £ijkn is normally distributed and accounts for 

the amount of nonspecific binding for the same probe varying from array to array, 

sn represents baseline log expression for probe set n, Sn is the expected differential
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expression for a unit difference in the variable Xi  (where Xh would commonly be 

an indicator variable for treatm ent i), a,ijkn represents probe affinity, is a scale 

calibration term, £ijkn is a normally distributed error term. Note tha t 5n is the 

param eter of interest. Also note th a t a ^ n  and /%■&„ are functions of a  (a calculated 

probe affinity term). This unified model only allows for a scale calibration incor­

porated into the specific binding term  ( ) .  Previously, Irizarry and coauthors 

recommended the use of quantile normalization when compared to scale normaliza­

tion and other methods [11],

7.2 P roposed  U nified M odel

Before we consider a unified model, let us consider what is common between 

the m ajor models: MAS (Equation 3.1), RMA (Equation 3.4), GC-RMA (Equations 

3.5 and 3.6), MBEI (Equations 3.2 and 3.3) and the Chu et al. (Equations 3.7-3.9). 

To do this, we consider each of the models on the original (not log) scale. All of the 

models considered here contain a probe affinity term (<3>) and an expression term 

(6 ). These are the only terms common to all models.

Most of the models contain a multiplicative error term, but the MBEI model 

contains only an additive error term. The presence of both multiplicative and ad­

ditive error terms is suggested by the Rocke model (Equation 3.10). A term th a t is 

unique to the Chu et al. models is the S term. This term seems to account for the 

fact th a t the available transcript abundances for each array may not be the same. 

In other words, replicates of the same treatm ent may not have the same amount 

of transcript available for binding. This is different from the multiplicative error 

term  that suggests th a t even if the same amount of transcript was available for two 

replicates, the amount th a t binds would vary.

Nonspecific binding is incorporated into most models, but in very different ways. 

The PM-MM version of MBEI and some of the Chu et al. models adjust for optical
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background and NSB using MM. MAS uses the IM term  to account for nonspecific

binding. RMA and MBEI take an empirical approach to account for nonspecific

binding. NSB is estimated after normalization using the MBEI PM-only model. 

Optical noise and NSB are combined into a single term  for the RMA model, which 

is estim ated prior to normalization. GC-RMA (and the Wu unified model) use a 

calculated probe affinity (a) to account for nonspecific binding.

A calibration function relates observed intensity to signal (including both GSB 

and NSB), while normalization attem pts to correct for the calibration function in 

order to allow for array to array comparisons. This implies th a t NSB should be 

estimated after normalization.

Considering the features of each of these models, we propose the following 

unified model:

P  M i j k n  =  %  +  f i j ( V i j k n  +  $ f c n $ i n 2 ‘5l:'"  +  ,?,J*'n) +  S i j k n  ( ? - 2 )

M M i j k n  — b-ij +  f i j i y ' i j k n  +  </)f c n d m 2‘5 ,;,n+ 'E v n )  4 . e'ijkn, (7.3)

where and are independently distributed error terms. The calibration

function ( / )  expressed the relationship between the amount of binding tha t has

taken place versus the intensity of a probe. The overall optical background for an 

array is modelled as 6 , but will vary from probe to probe by some additive error (e). 

The nonspecific binding is represented by v.

Let us compare our proposed unified model (Equations 7.2 and 7.3) to the 

unified model proposed by Wu et al  (Equation 7.1). One primary difference is 

the form of the normalization or calibration function. We have a single calibration 

function acting on the sum of the gene specific and nonspecific signal. In comparison, 

Wu et al. allow for two separate normalization functions, one for nonspecific signal 

and another for specific signal.
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7.3 E s tim a b ili ty  o f th e  U nified  M o d e l (In th e  ab sen ce  o f  ra n d o m  e rro rs )

Starting with the simplest case, let us consider the observed PM and MM values 

In the absence of random error and with a scale calibration function:

P M - i j k n  — &ij b  J i j  X i j k n  b  *3?k i t0 in ) (T4j

M M i j k n  t>ij b  f i j  X (Vj j fcn  b  ( p k r f i i n )■ ( T o )

The prim ary goal is to estimate the fold changes 9 i n / 9 i i n , where i  and i '  are two dif­

ferent treatm ents. There are two possible assumptions th a t will allow us to estimate 

fold change from this unified model.

A ssu m p tion  1: T he am ount of nonspecific  b inding w ill be th e  sam e for

P M  and M M  m em bers o f th e  sam e probe pair. If this is the case, then

Vijkn — v\jkn- Then we consider the PM-MM ratios:

P M e -kn M M e - k n  f e  X ( ^ f c n  4>k n ) 9 en

P  M b - k n  M M b - k n  f b  X ( ^ f c n  4>k n ) 9 b n

fe X 9en

(7.6)

(7.7)
f b  X  6 bn ’

where P  Mb-kn and M M h.kn represent the kih  probe pair of the nth probe set for 

a baseline array and P M e.kn and M M e.kn represent the kth  probe pair of the n th  

probe set for an experimental array.

If we assume th a t most genes are not differentially expressed, then we can 

estimate the relative calibration scales (j^). For a gene th a t is not differentially 

expressed, 9en — 8 bn- Hence for these genes,

P M e-kn A7KIe.kyi   f e

P M b - k n  ~  M M b - k n  f b

So we can estimate P  as the mode of the empirical distribution of ALL PM-MM 

ratios. Hence we can estim ate the FC as

f b { P M e -kn M M e -kn)    9 en    J ? ( j

f e ( P  M b - k n  M M b - k n )  ^6n
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A ssu m p tio n  2: M M  p ro b e s  a re  n o t p ick in g  u p  an y  g en e  specific  signal. 

If we assume th a t the (gene specific) affinity is zero for MM probes then (f>kn =  0. 

This assumption allows us to use the affinity terms (a) computed based on probe 

sequence. If we assume th a t the function h relates affinity to  NSB, then =  

hij(otkn) and =  hij(a'kn), where a  is assumed known. If we additionally assume 

th a t optical background (6^) can be estim ated separately, then the background 

corrected MM values can be expressed as:

M M ijkn — b i j  = f i j  x h i j ( a . k n ) .

Hence we can estimate the composite function ./p/pj (relating affinity to intensity 

due to NSB) for each array i j  from MM values. Then we can “correct” the PM 

values (for optical noise and NSB) by taking

P P f j k n  P M i j k n  bij  f i j h i j { & k n )  =  f i j ^ k r f i i n -

Note th a t we can only perform the NSB correction in this way if we assume a scale 

calibration function.

If we again assume th a t most genes are not differentially expressed, then we 

can estimate the relative calibration scales. For a gene tha t is not differentially 

expressed, 6en =  9bn. Hence for these genes,

P M j kn f e 
P M l kn fb

So we can estimate ^  as the mode of the empirical distribution of ALL P M C ratios. 

Hence we can estimate the FC as

f b P M f kn _  6 en_ __ pv,
JeP  M b.kn 9m

N o te : Neither of these assumptions is likely to be true and it is unclear which leads 

to more accurate estimates of fold change.
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C h a p te r  8

P R O B E  LEV EL D IA G N O S T IC S  A N D  A T E S T  F O R  D IF F E R E N T IA L

E X P R E S S IO N

This chapter presents some probe level diagnostics for microarray data. In addi­

tion we present a method for combining probe level tests of differentially expression. 

We will focus primarily on preprocessed (background corrected, normalized and NSB 

corrected) data. We will consider RMA and dChip models separately.

R M A : Based on the RMA model (Equation 3.4) in the absence of random errors a 

preprocessed PM value (denoted as PM*)  on the log2 scale is:

log2(P M*jkn) = log2 N ( B ( P  M ^ kri)) =  loQii^kn) +  lofaiB-ijn)- (8-1)

d C h ip : Based on the dChip model (Equations 3.2 and 3.3) in the absence of random 

errors a preprocessed PM value (denoted as PM ’) is:

P K t n  = B ( N ( P M Iltn)) =  (8.2)

and a preprocessed PM-MM difference (denoted as PM ”) is:

P M ”jkn = N(PM ijkn)  -  N ( M M ijkn) =  ($*„ -  <i)kn)Bt3n. (8.3)

In other words, for either model, after preprocessing we should be left with 

signal. We will consider a number of diagnostics, some of which are customized 

to the RMA and dChip models. Similar diagnostics could be developed for other 

models and methods.

The following questions are considered.
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1. Was the preprocessing of the da ta  successful? If the original model is correct 

and preprocessing is successful, then the resulting data  should follow a simple 

model involving only signal (abundance x affinity). Combined with the as­

sumption th a t a large number of genes are unchanged we argue th a t the mode 

of the distribution of the elementary probe level fold change estimates should 

equal one on the raw scale or zero on the log scale. This can be checked using 

observed data.

2. How consistent is the probe level information based on concordance among 

probe level fold change estimates within a probe set? For a given probe set we 

consider the difference between the estimated log FC by probe and the overall 

estimated log FC for the probe set.

3. How consistent is the probe level information based on concordance of probe 

level p-values within a probe set?

8.1 E xam ination  o f B ackground C orrected  and N orm alized  D ata

It is typically expected th a t the majority of genes will be “unchanged” . This 

implies that the m ajority of the estim ated fold changes will be one (on the original 

scale) or zero (on the log scale). In this section, we consider the elementary (probe 

level) estimated fold changes. These values can be easily obtained after preprocess­

ing. We can then examine their distribution, to see if the mode is in fact one (on 

the original scale) or zero (on the log scale). If so, this is an indication th a t the 

normalization and background correction have been successfully performed.

R M A : For RMA model, in the absence of random errors, the difference of the 

logged preprocessed values (Equation 8.1) provides an estimate of log fold change

log2( P M ’jtri) -  loS2( P M ; f t J  = log, ( =  iog,(fC). (8.4)
\  " i ' j ' n  /
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Assuming th a t the errors are generally small compared to the signal, then the dif­

ferences (of the logged values) should be close to zero for unchanged genes. If we 

also assume th a t the majority of genes are not differentially expressed, then in the 

absence of error the mode of differences would be exactly zero.

dCfaip: For the MBEI model, in the absence of random errors, the ratio of the 

preprocessed values (Equation 8.2) provides an estimate of the fold change

P M*ijkn_ _  = (8.5)
P M ' i ' j ' k n  @i' j’n

and the ratio of the differenced preprocessed values (Equation 8.3) also provide and 

estimate of the fold change

P M ", 6 - tJkn_ =  =  p c  ( 8 .6)

P M ^ , kn eVj.n 1 j

Assuming tha t the errors are generally small compared to the signal, then the ratios 

should be close to one for unchanged genes. If we also assume th a t the majority of 

genes are not differentially expressed, then in the absence of error the mode of the 

ratios would be exactly one.

E ffect of error on th e  m od e o f th e  ratios: We examine the effect of error 

on the mode of the ratios. Although Li and Wong represent the additive error as

independent from the signal [41], we have noted that the error is proportional to the 

signal. (Refer to Figure 5.4 and discussion of tha t figure.) So, after preprocessing 

we consider,
P ^ i j k n  _  @ijn (1 d~ PCjjkn) /g y\

®i'j'nO- A PCi'j'kn)

Our primary interest is in unchanged genes (since the mode should be unaffected 

changed genes), for which Qijn — 9i>j 'n  and this quantity reduces to

1 + pc i
1 +  p e 2 ’
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where we assume e* ~  N ( 0,1) for i =  1, 2. We examine the distribution of this ratio 

by simulation for p = 0.01,0-1 and 0.5 in Figure 8.1. These graphs were created 

by generating 100,000 realization from a standard normal for each £i and e?. From 

this we see th a t the error has no effect on the mode of the distribution, although 

the symmetry is affected.

In order to implement this diagnostic in practice, we need a method to estimate 

the mode. For the difference of the logged preprocessed PM values (Equation 8.4), 

we estimate the mode (rri) as the value th a t maximizes:

£  l(\lo<j(PM-lkn) -  log(PM;,j t J  -  m < e) (8.8)
kn

For the ratios of the preprocessed PM values (Equations 8.2 and 8.3), we estimate 

the mode (m ) as the value tha t maximizes:

p  ][/['
T W wW - ' - k o  (s-9)

or

y  /  Wfl----------------- -  rh < e). 8.10
t r  p M "3 k n - M M " f kn

The estimated mode will depend on the selected value of e. This is a quick method 

for estimating the mode. Vieu [71] presents a discussion of methods for density

inode estimation.

E x a m p le  1: Let us consider four barley 1 arrays representing Legacy (Arrays 11 

and 12) and Merit (Arrays 21 and 22) cultivars. We preprocess the data using 

RMA and dChip. For dChip, all arrays are normalized to the second Merit array 

(Array22). In addition to the overall estim ated mode, we consider the estimated 

mode by quartile. If we assume th a t most genes (in any given quartile) are not 

differentially expressed, then the mode of the ratios by quartile should also equal 

one. The quartiles are defined by the preprocessed intensities for Array22. All 

differences and ratios are relative to Array22.
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Figure 8.1: Simulated distribution of the ratios (for unchanged genes) with error for 
p=0.01, 0.1 and 0.5.
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For the purposes of comparison, we consider the differences of the logged values 

and the ratios on the original scale of the preprocessed PM values from b o th  R M A  

an d  dCfaip. We examine the estimated modes of the differences of the logged 

preprocessed PM values for RMA (PM*)  and dChip ( P M 1). Values less than or 

equal to zero are set to 0.01. The modes are shown in Table 8.1. We also examine 

the estimated modes of the ratios of the preprocessed PM values for RMA (PM*)  

and dChip (PM').  To prevent undefined values, we set preprocessed values of zero 

to 0.01 on Array22 only. The modes are shown in Table 8.2. Finally we consider 

the estimated modes of the ratios of the preprocessed P M "  — M M "  differences from 

dChip. These modes are shown in Table 8.3.

Table 8.1: Estim ated modes (e =  0.02) of the differences of the preprocessed 
log2( P M )  values (Equation 8.4).

Array 11 Array 12 Array 21
Raw RMA dChip Raw RMA dChip Raw RMA dChip

overall -0.10 0.10 0.01 0.00 0.04 -0.01 0.07 0.01 0.01
Q l -0.16 0.01 0.01 0.00 -0.01 -0.01 -0.07 0.04 0.01
Q2 -0.08 0.15 0.01 0.05 0.13 0.07 0.04 0.00 0.00
Q3 -0.01 0.10 0.00 -0.01 0.01 -0.01 0.10 0.01 0.01
Q4 0.01 0.04 -0.01 -0.02 0.04 0.01 0.17 0.00 0.00

Table 8.2: Estim ated modes (s = 0.02) of the ratios of the preprocessed PM values 
(Equation 8.5).

Array 11 Array 12 Array 21
Raw RMA dChip Raw RMA dChip Raw RMA dChip

overall 0.92 1.00 0.99 0.99 1.00 0.99 1.03 1.00 0.99
Q l 0.87 1.00 0.99 0.99 0.97 0.99 0.95 1.00 1.01
Q2 0.91 0.99 0.95 0.99 1.00 0.99 1.01 0.99 0.99
Q3 0.94 0.99 1.00 0.97 1.00 0.99 1.06 1.00 1.00
Q4 0.99 1.03 1.00 0.94 0.97 0.99 1.10 0.99 1.00
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Figure 8.2: Histograms of log differences for Arrays 11 and 12 for the second quartile. 
The estim ated mode is marked by a vertical line.
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Table 8.3: Estimated modes (e = 0.02) of the ratios of the preprocessed PM-MM 
values (Equation 8.6).

Arrayl 1 Array 12 Array 21
Raw dChip Raw dChip Raw dCfaip

overall 0.91 0.99 0.89 0.89 1.09 0.99
Ql 1.00 0.99 1.01 1.01 0.99 0.99
Q2 0.91 0.94 0.89 0.95 0.95 0.93
Q3 0.91 0.91 0.92 0.87 1.09 0.97
Q4 0.97 0.95 0.87 0.94 1.11 0.95

Note tha t for the log‘z{PM)  differences (Table 8.1) the RMA and dChip back­

ground corrected and normalized da ta  do not always offer an improvement over the 

raw data. For example, the mode of the RMA adjusted values is further from zero 

than the raw values for Arrays 11 and 12 for the second quartile. This is also true 

for dChip adjusted values for Array 11 for the second quartile. Histograms of log 

differences for Arrays 11 and 12 for the second quartile are shown in Figure 8.2.

It is interesting to note th a t the “shifted modes” we observed on the log scale are 

much less drastic when we look at the ratios on the original scale. For the PM ratios 

(Table 8.2), RMA adjusted values usually (but not always) perform as well as or 

better than the raw data. The dChip adjusted PM values always perform as well as 

or better than the raw data. However, the performance of the dChip adjusted PM- 

MM values do not always offer an improvement in the estimated mode. This could 

be due to the additional assumptions (such as identical background and nonspecific 

binding for both members of a probe pair) required when using PM-MM.

8.2 C o n sis te n c y  o f th e  P r o b e  L evel F o ld  C h an g e  E s tim a te s

We once again consider the probe level estimates of fold change, which can 

be easily computed after preprocessing. For a given probe set, each PM probe or 

probe pair can be used to estim ate the same quantity, namely the relative transcript 

abundance for the gene corresponding to the probe set. Since this is the case, we
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can check the consistency of these probe level estimates from a given probe set. For 

this purpose we consider the deviation of the probe level logPC from the overall 

estim ated logFC for the probe set:

log2( F C kn) -  log2( F C n), (8.11)

where log2( F C kn) =  log2{p for RMA, log2( F C kn) =  log2(-p ^ P - ) or
i fj f k n  i ' j ' k n

P M ".
I°fj2 { pmF-11-) for dChip and log2 (F C n) is the median (for the probe set) of the

i ' j ' k n

log2 (F C kn) values. We would like to choose some bounds for these deviations, such 

that if a probe exceeds these bounds, we could flag it as a potential outlier. In order 

to choose these bounds, we consider all of the possible deviations for a pair of arrays 

(or all possible pairs of arrays). From this distribution we can choose the 5th and 

95th percentiles as our bounds, and any probe (or probe pair) tha t exceeds these 

bounds will be flagged as an outlier. A flagged probe is giving an estimated fold 

change tha t is discordant with other probes in the same probe set.

In practice this diagnostic can be used to identify outlier probes. In addition, if 

an investigator was concerned about a particular gene, this diagnostic could be used 

to consider why the gene was identified or failed to be identified as differentially 

expressed.

E x a m p le  2: We once again use the barley data, but consider only a single replicate 

for each Legacy and Merit. The barley 1 array has 22840 probe sets typically each 

represented by 11 probe pairs. Here we apply the proposed m ethod to R M A  co r­

re c te d  d a ta  only . After background correction and normalization as prescribed by 

the RMA algorithm, we computed all of the deviations for all probes and all probe 

sets. The histogram of these values are shown in Figure 8.3a. The 5th percentile 

was found to be -0.77 and the 95th percentile was 0.61. A probe is flagged if its 

deviation exceeds these bounds.
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Considering only those probe sets with exactly 11 probe pairs, a histogram of 

the number of flagged probes per probe set is shown in Figure 8.3b. Note th a t the 

vast m ajority of probe sets have three or fewer probes flagged as outliers.

Here we consider just two examples. First we consider probe set 424 which has 

no flagged probes. A scatter plot of the Legacy vs. Merit log2 (P M )  values for probe 

set 424 (ContiglQ213-x-at) are shown in Figure 8.4. The estimated log fold changes 

and deviations by probe are shown in Table 8.4. Note th a t none of the deviations 

exceed the bounds and there are no obvious outliers in the scatter plot. For this 

probe set log2{FC 4 2 4 ) =  0.018.

We also consider probe set 328 (ContiglOlOl-at) which has a single flagged 

probe. A scatter plot of the log2 (P M )  values for probe set 328 are shown in Figure 

8.5. The estimated log fold changes and deviations by probe are shown in Table 8.5. 

Probe 8 is an obvious outlier on the scatter plot in Figure 8.5 and has been flagged 

based on its deviation from the overall probe set estimated log FC. For this probe 

set log2 (PCS2 s) = 0.148, while for probe 8 log2 (FCs,3 2s) =  —3.600.

Note th a t overlaid 0 1 1  each of the scatter plots is the line:

log2 {PMLegacy) A rp(PP'ii) T  b ay (PPf 41 i]V1j ).

where log2 (F C n) is the median of the log fold changes for the probe set.
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Figure 8.3: (a) Histogram of the deviations for all probes and all probe sets (with 
5th and 95th percentiles marked) for Example 2. (b) Histogram of the number of 
flagged probes per probe set. Here we consider only the 22801 probe sets with 11 
probe pairs.
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Figure 8.4: Scatter plot of the log2 ( P M ) values for probe set 424.
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Table 8.4: Estim ated logFCs and deviations by probe for probe set 424
(log2 (F C i24) = 0.018).

probe log2 (F C kn) deviation flag
1 0.042 0.024 0
2 -0.160 -0.170 0
3 0.018 0.000 0
4 -0.260 -0.280 0
5 0.140 0.120 0
6 -0.067 -0.085 0
7 0.082 0.064 0
8 0.034 0.016 0
9 0.090 0.072 0
10 0.018 -0.000 0
11 -0.230 -0.240 0
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Figure 8.5: Scatter piot of the log2 (P M )  values for probe set 328.
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Table 8.5: Estim ated logFCs and deviations by probe for probe set 328
(log2 (F C 32  s) =  0.148).

probe log2 (F C kn) deviation flag
1 0.190 0.042 0
2 -0.042 -0.190 0
3 0.280 0.140 0
4 0.120 -0.027 0
5 0.410 0.270 0
8 -0.470 -0.610 0
7 0.120 -0.025 0
8 -3.600 -3.700 1
9 0.150 0.000 0
10 0.160 0.009 0
11 0.330 0.180 0
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8.3 A T est for D ifferential E xpression  U sing C om bined  P ro b e  Level p- 
valnes

Currently detection of differentially expressed genes is based on expression index 

values which provide an expression value by gene and array. In other words, the 

probe level information is combined into a summary value by gene (and array). It 

is possible to test for differential expression using information from a single (PM) 

probe. Assuming we have multiple arrays for two treatm ent groups, we could use 

any two sample test on the preproeessed values for a single probe across treatments. 

Each PM probe in a given probe set can be used to estim ate the relative transcript 

abundance for the gene corresponding to tha t probe set. This suggests th a t we could 

combine information from the p-values from multiple probes within a probe set.

Fisher proposed a method for combining p-values from independent tests of 

significance [22]. Here we consider an approach for combining dependent p-values. 

We would like to combine probe level p-values. However, all probes of the same 

probe set can be used to estimate the same transcript abundance and appear on the 

same arrays. So there is dependence among the p-values of the same probe set.

Assuming the RMA model (Equation 3.4) (or assuming an error proportional 

to signal for the dChip model) for a fixed probe set implies:

log2(P M * k ) =  Y i j k =  n  +  P k  +  T i  +  6 i j k ,

where

f ' i j k  V i j  T  &ijk

and PM*  is a preprocessed PM value, Pk is a fixed probe effect, 7) is a treatm ent 

effect, fjij is a random array effect with mean zero and variance eA , and Eijk is an 

error term with mean zero and variance a We assume th a t the rjij’s and s are 

independent.
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We would like to test for a difference between the average probe values for the 

baseline and experimental treatm ents by probe. The probe values from the baseline 

and treatm ent arrays are independent samples. We will work w ith the t-test, but 

any two sample test can be used. Let Y e . k  be the average (of the logged values) for 

probe k  for those arrays representing the experimental treatm ent and let Yb.k be the 

average (of the logged values) for probe k over those arrays representing the baseline 

(or control) treatm ent. Let se.fc be the standard deviation (of the logged values) for 

probe k over those arrays arrays representing the experimental treatm ent and sb.k 

is the standard deviation (of the logged values) over those arrays representing the 

baseline (or control) treatm ent. Finally, let n e represent the number of experimental 

arrays and n b represent the number of baseline arrays.

E q u a l V arian ces: Let us begin by considering the t-test assuming a common 

variance for both the baseline and experimental populations. We assume th a t rjij ~  

N ( 0 , a 2) and ~  iV(0, of). Then the test statistic of interest is:

X  — ^ e'k ~  ^'h'k

\ A * ( i  +  i )

where s\ = { ^ = 2 ) SL  +  (w T L w )

Note tha t

V a r ( Y b j k ) =  V a r ( Y ejk) =  V a r ( e i j k )  =  a 2  -  a 2  +  a 2 .

Also,

Y e .k  =  / i  +  P k +  T e Y  e e ,k

and

Yb.k = p + Pk + Tb +  eb.k-

So,

he.fe Y b k  — T e  T b +  ee,fc C- b . k -
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Let pt  be the p-value for the test for probe k. Then

P k  2T„i)+n<,_2 (8 .12)

|h +  ee,k -  eb.k
A I n b+ n e - 2

where S =  Te — Tb and Tnb+1lc_2 represents the t cumulative distribution function 

with nb + n e — 2 degrees of freedom.

The joint distribution of the values for probe b is equal to the joint distribu-

same, indicating th a t the var(pk) =  var(pk>)- Furthermore, the joint distribution 

of the etjk and 6 ^  values is equal to the joint distribution of the and eljkn 

values, indicating the the correlation between pk and pk> will be the same for any 

two probes k and k ' .

U n e q u a l V arian ces: We assume that rpj N ( 0 , a l )  and eijk ~  JV(0,a£). The 

test statistic of interest is:

tion of the values for probe k!. Hence the distributions of pk and p'k will be the

Ye.k -  Yb.k

Note that

V a r ( Y bjk) =  V a r ( e bjk) =  a 2eb =  o \  +  a 2b

and

Var(Yejk) =  Var(eejk) = a 2£e =  +  a 2e.

Let pk be the p-value for the test for probe k. Then

Pk (8.13)
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where 8  = Te — Tb and Tp represents the t cumulative distribution function with 

W elch-Satterthwaite approximate degrees of freedom (z>) degrees of freedom calcu­

lated as
( ^ -  + — )\  nb ne )

V  =
_ L _  ( f i V  +  _ i _  fiiV
n j , - l  \ n b J  n e - 1 \ n e Jn b-

Using the same logic as for the equal variance case, we can conclude that 

var(pk) =  var(pk>) and the correlation between pk and pk< is the same for any 

two probes k  and k ' .

C o m b in in g  D e p e n d e n t p -values: Let pi be the p-value for the test using infor­

mation about probe i. If i — 1, m  (for a fixed probe set) and st = - 2 ln(pi), 

let us denote c o r r ( s i , S j ) =  c for i yt j .  Under the null hypothesis (Te =  Tb), Si is 

distributed as a y 2 variable with 2 degrees of freedom. Let
ra

W  =  LOiSl
2 = 1

be the sum of the weighted statistics such th a t w* =  1. The null distribution 

of W  may be approximated using a scaled ;y2 distribution. Specifically, suppose

(8-14)

where the degrees of freedom u are chosen as

„ =  2 - ^ 3 1 ,
var(W)

using the approximation from [52], Essentially this is a Satterthw aite moment based 

approximation.

We know
m

E ( W )  = E ( J 2 ^ )  =■ 2
i =  1

and

V a r ( W) =  '^^uj fvar(si )  + EE u)tujjCov(si, Sj) =  4 E w2 +  EE 4 aoi
i=l i=I i^j

i U j
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since cor(s.i, Sj) =  c and var(si) =  4.

In order to implement this method, we need an estimate of c. Using the logic 

outlined by Makambi [44], we consider the quadratic form

fa  -  s)2

q ^  (m ~  1) ’

This is the sample variance of the St values. We find that 

E(q) = E
i= 1

1 E
m  — 1

rn

E*
. i—i

1 m  — 1
m  — 1 rn

1 m  — 1
m  — 1 m

1 r8 m (m
rn — 1 m

4(1 - c ) .

2_
m i=i j=i

1
rn

SiSj
i=i ]=\

t=i
m

Y ^ { V ar(si) +  E { Slf )  *>2(Cov(sn Sj) +  E(Si)E{S:j))
. ' H I  —  —i- I

m

Then a method of moments estim ator for c is

c = 1 — q/4

where q is the sample variance of the s* values. Since the correlations between any 

two Si are the same and the variances of the s / s  are the same, we conjecture that 

equal weights will provide the optimum test. Hence we choose u>i =  1 /m  and W  = s. 

Then

,> =  2 E E L  =  8
v a r ( W ) T-(l +  (m _  l)c)

We reject H 0 if
u W  2
~ i r  >  Xs>;l-a -
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Note th a t it is possible to obtain a negative estim ate of correlation. In addition, 

if c <  pprr then the V a r(W )  and 0 will be negative (undefined). In practice negative

values of c can be set to either zero or +  e). We provide a further discussion

of negative correlation values in the example below.

E x a m p le  3: Using the diabetes da ta  presented in Chapter 4, we would like to 

use combined p-values to detect differentially expressed genes. We will use data for 

5 (untreated) diabetic mice and 5 normal mice, each represented on a single array. 

Each array has 8799 probe sets and most probe sets contain 16 probe pairs. The PM 

values will be background corrected and normalized according to either the RMA 

or dChip algorithms. We work on the log2 scale.

For each probe within each probe set we will test two pairs of hypotheses:

1. H 0  : go  — Hn > 0 versus H a : g D — Hn < 0

2. H 0 ■ Hd — flN < 0 versus H a : g D -  jiN > 0.

The t-test with W elch-Satterthwaite degrees of freedom will be used. After p-values 

are computed by probe, the p-values for a probe set will be combined using the 

method described in this section. We will call this the “combined” p-value. In 

addition to computing the combined p-value, we also consider what proportion of 

probes (for probe set) are significant at the 0.05 level. Values of c < are set  to 

yW- +  e where £ =  0.01 to prevent negative degrees of freedom.

We will also compute a p-value by probe set based on RMA and dChip expres­

sion values using a t-test with W elch-Satterthwaite degrees of freedom. We will use 

both pairs of hypotheses detailed above. We will call this the “original” p-value.
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R M A : A comparison of significant p-values for RMA using original and combined 

p-values are shown in Tables 8.6 and 8.7. The combined method is able to detect 

more differentially expressed than the original method.

Table 8.6: Comparison of significant p-values for RMA testing (1) H0 : Hd — Pjv > 0 
versus H a : pi> — pw < 0.

Combined p-value> 0.05 Combined p-value <  0.05
Original p-value> 0.05 6655 1449
Original p-value< 0.05 77 618

Table 8.7: Comparison of significant p-values for RMA testing (2) H 0 : p/j — h n  <  0 
versus H a : /ip — /ijv >  0.

Combined p-value> 0.05 Combined p-value <  0.05
Original p-value> 0.05 7820 492
Original p-value< 0.05 9 478

d C h ip : For dChip, background/normalized probe values less than or equal to zero 

were set to 0.01 (to prevent undefined logged values). A comparison of significant p- 

values for dChip using original and combined p-values are shown in Tables 8.8 and 

8.9. Once again, the combined method is detecting more differentially expressed 

genes than the original method.

Table 8.8: Comparison of significant p-values for dChip testing (1) H 0  : nr> — fJ-N >  0 
versus H a : h d  — h n  < 0.

Combined p-value>  0.05 Combined p-value <  0.05
Original p-value> 0.05 7339 1008
Original p-value< 0.05 88 364

For either RMA or dChip preprocessed data, the combined method is detecting 

more differentially expressed genes than the original method. This may be due to 

the x 2  approximation (Equation 8.14). This requires further examination.
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Table 8.9: Comparison of significant p-values for dChip testing (2) i f 0 : tip —Hn < 0 
versus H a : fip — > 0.

Combined p-value> 0.05 Combined p-value < 0.05
Original p-value> 0.05 7623 626
Original p-value< 0.05 17 533

We also examine how the proportion of significant probes varies with the orig­

inal p-value. A plot showing the proportion of significant probes versus original 

p-value for hypothesis 1 is shown in Figure 8.6 and hypothesis 2 is shown in Figure 

8.7. Notice tha t for hypothesis 2, there are a few instances where the dChip original 

p-value is high, but a high proportion of probes is significant. In these cases the 

methods seem to be giving contradictory information. An extreme example of this is 

probe set 4099 (rc-AA875084-at) hypothesis 2, where 13/16 probes were significant 

but the original p-value is 0.631. For RMA, 13/16 probes were also significant and 

the original p-value is 0.004. The expression values (by array) for dChip (both nor­

malized and “raw”) and RMA are shown in Table 8.10. Note th a t the normalization 

does not appear to be the explanation for the strange behavior of this probe set.

Table 8.10: P-values and expression values for probe set 4099.

DM NM
M ethod P 3.3 3.4 3.5 3.7 6.41 3.1 5.36 5.37 6.49 6.50
dC hip 0.631 10.88 11.07 10.89 11.04 10.99 10.80 10.73 11.10 11.36 11.08

dChip(raw ) 0.701 10.60 10.30 10.00 11.40 10.60 10.80 10.90 8.47 15.00 10.80
RMA 0.004 8.52 8.10 8.18 8.50 8.26 7.82 6.29 7.48 7.05 6.66
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Figure 8.8: Proportion of probes (within a probe set) with p-values less than 0.05 
versus original p-value for hypothesis 1.
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Figure 8.7: Proportion of probes (within a probe set) with p-values less than 0.05 
versus original p-value for hypothesis 2.
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N e g a tiv e  E s tim a te s  o f  C o rre la tio n : For RMA hypothesis 1, 22% of probe sets 

had negative c values and for these probe sets 90% were significant at the 0.05 level 

based on the combined p-value while only 26% were significant based on the original 

p-value. For hypothesis 2, 11% of probe sets had negative c values and for these 

probe sets 80% were significant a t the 0.05 level based on the combined p-values 

while 37% were significant based on the original p-value.

For dChip hypothesis 1, 18% of probe sets had negative c values and for these 

probe sets 82% were significant a t the 0.05 level based on the combined p-value 

while 22% were significant based on the original p-value. For hypothesis 2, 13% of 

probe sets had negative c values and for these probe sets 80% were significant at the

0.05 level based on the combined p-value while 33% were significant based on the 

original p-value. This might indicate th a t the combined m ethod is more likely than 

the original method to declare a gene differentially expressed when the estimated 

correlation for th a t probe set is negative.

W hat is the meaning of an estimated negative correlation? Since a positive 

correlation implies th a t the probes (within a probe set) have related responses, then 

a negative correlation implies tha t probes within a probe set are giving conflicting 

information. An extreme example of this is Gene 2917 (M69055-at), which has 

negative c values for both  RMA and dChip for both sets of hypotheses. When we 

consider the proportion of probes declared significant, we find th a t for RMA 3/16 

probes had significant p-values for hypothesis 1 and 9/16 probes had significant p- 

value for hypothesis 2. Similarly for dChip, we find th a t 3/16 probes had significant 

p-values for hypothesis 1 and 11/16 probes had significant p-values for hypothesis

2. So, in this case probes appear to  be giving conflicting information! Of the 2816 

RMA probe sets which had a negative c value for either hypothesis 1 or hypothesis 

2, only 260 of these probe sets had at least one significant probe for each set of 

hypotheses. Similarly of the 2545 dChip probe sets which had a negative c value for
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either hypothesis 1 or hypothesis 2, only 360 of these probe sets had at least one 

significant probe for each set of hypotheses.

8.4 R ecom m en d ed  D iagnostic  A nalysis

In this chapter we have proposed a number of probe level diagnostics. Here we 

summarize the proposed analyses.

1. Preprocess the data.

2. Plot the probe level fold change estimates. The mode of the empirical distri­

bution should be close to one (on the original scale) or zero (on the log scale). 

If not, consider performing a different or additional normalization.

3. Compute the deviation of the estimated logFC (by probe) compared to the 

median estim ated logFC for the probe set. Obtain the empirical distribution 

of these deviations over all arrays. Use this empirical distribution to find the 

5th and 95th percentiles and use these as bounds for flagging outliers. Outlier 

probes can be flagged by comparing each pair of arrays. Probe sets that 

have a consistently large number of outliers (across pairs of arrays) should be 

Inspected further, particularly if the gene (corresponding to such a probe set) 

is declared differentially expressed.

4. Compute an expression Index by gene and array.

5. Compare p-values obtained using expression indices and combined p-values 

from probe level information using the same significance test for both. Ex­

amine those genes which were declared differentially expressed by one method 

but not the other.
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C h ap te r  9

T R A N S C R IP T IO N A L  R E G U L A T IO N  A N A LYSIS U SIN G  

M IC R O A R R A Y S

In order to discuss transcriptional regulation, we must begin with a discussion of 

transcription factors. A transcription factor is defined as “any protein th a t is needed 

for initiation of transcription, but which is not itself part of RNA polymerase” 

[40, pS13]. The promoter region is located upstream of the transcription start site 

and contains motifs th a t bind transcription factors. RNA polymerase II (which 

transcribes mRNA) cannot initiate transcription on its own; it is dependent on 

transcription factors.

The goal of transcriptional regulation analysis is to identify required transcrip­

tion factors. This can be accomplished by looking for transcription factors th a t bind 

to the promoter region in a group of up or down-regulated genes. A gene whose 

transcription level is lowered is called down-regulated; a gene whose transcription 

level is increased is call up-regulated. Rhodius and LaRossa [56] provide a general 

discussion of transcriptional regulation analysis using microarrays.

Frequently, m utant DNA will be used when studying transcriptional regulation. 

The m utants are employed to gain insight into normal gene functioning. For exam­

ple, when wild type (normal) and m utant yeast are compared, we can identify genes 

that are failing to be transcribed when they have m utant DNA. Of course careful 

selection of m utants is required: not much information will be gained if all genes 

are down-regulated compared to wild type.
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In the  search for transcription factors, it might make sense to look a t groups of 

up or down-regulated genes by functional category. It seems reasonable tha t genes 

tha t have the same type of function may be regulated by the same transcription fac­

tors. Functional categories for some organisms (Including Saccharomyces cerevisiae 

(yeast) and Arabidopsis Thaliana) can be obtained from the Munich Information 

Center for Protein Sequences (MIPS) [45], Note tha t a gene may be contained in 

more than  one MIPS category.

Next an over-representation analysis is used to identify MIPS categories tha t are 

unusually affected by the mutation. A category is considered to be over-represented 

in the pool of increasing genes, if th a t category makes up a larger percentage of the 

pool of increasing genes than it contributes to the general pool of genes. Specifi­

cally, the over-representation ratio (OVR) is used to look for over-representation in 

increasing genes:

where N I  represents the number of increasing genes, N Ic  represents the number of 

increasing genes in a category, N  is the number of genes and N c  is the number of 

genes in a certain category. Note th a t an OVR value of 1 indicates tha t a category is 

NOT over-represented. The OVR values are calculated by group for both increasing 

and decreasing genes. Over-represented categories can be identified as outliers in a 

histogram (or box plot) of OVR values, or by values th a t exceed a certain threshold.

For over-represented categories, we perform a word search (where a “word” 

or motif is a specific sequence of bases) on the group of increasing or decreasing 

genes. We are looking for words th a t appear more often than expected in the gene 

sequence. Word searches can be performed using the pattern  discovery tool from 

regulatory sequence analysis (RSA) tools [27]. RSA tools supports a large number of 

organisms (currently 245). The statistical significance of a motif Is “based on tables
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of oligonucleotide frequencies observed in all non-coding sequences” [70]. Note tha t 

the goal is to find short (5-8 bases in length) highly conserved patterns.

We examine these words to see if they are associated with a transcription fac­

tor binding site. PROSPECT m aintains a list of known yeast transcription fac­

tor binding sites [23]. Transcription factor binding sites for other organisms are 

available elsewhere. If functional category information is not employed, all up or 

down-regulated genes can be searched together.

Although we start our search with a functional category, it makes sense th a t if 

a transcription factor was actually responsible for up- or down-regulation of genes in 

th a t category it would also be associated with up- or down-regulation of any gene for 

which its binding site appears. Hence for those words tha t are identified as known 

transcription factor binding sites, we would like to verify tha t the effect generalizes 

beyond the functional category. To do so, we identify all genes tha t contain the 

transcription factor binding site and consider what proportion of these genes are up 

or down-regulated.

The presence of a certain transcription factor binding site does not necessarily 

mean th a t the gene is actually regulated by th a t transcription factor. For example, 

a gene might have a certain binding site but the location might be too far upstream 

such th a t the transcription factor fails to bind. Conversely, ju st because a gene 

contains none of the known variants of a certain transcription factor binding site, 

does not mean th a t it is not regulated by th a t transcription factor. A gene might 

have an unusual variation on a common m otif (such tha t it is not identified by RSA 

tools), but still be regulated by the transcription factor.
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C h a p te r  10

T R A N S C R IP T IO N A L  R E G U L A T IO N  A NALYSIS: A CA SE STU D Y

The experiment reported here was conducted to gain insight into T B P ’s role in 

transcription in yeast(Saccharornyces cerevisiae).

Most promoters have a TATA box (which is the sequence TATAAA) located 25 

bp upstream. “It is the only upstream prom oter element tha t has a relatively fixed 

location with respect to the startpoint. It is found in all eukaryotes” [40, p823]. 

This fixed location allows for the proper positioning of RNA polymerase II. TFIID  

is made up of TATA binding protein (TBP) and TBP associated factors. TB P 

binds to the TATA box and activates transcription. However, TBP does not initiate 

transcription by itself, but does so with the help of other transcription factors. For 

example, activators are needed to recruit TB P to the promoter.

Wild type yeast and two TB P m utants (LAS17=F237D and 

RM5=K151L,K156Y) were considered [65, 54]. The m utants were carefully 

selected such th a t TBP was able to bind to the TATA box, but some interactions 

with other transcription factors may be affected. Since at least one of the m utants 

was expected to be tem perature sensitive, gene expression data  was. obtained at 

30°C and 38°C.

10.1 M a te r ia ls  a n d  M e th o d s

Gene expression data was obtained using GeneChip yeast expression analysis 

microarrays (Ye610Q set), consisting of a set of four probe arrays tha t cover the entire 

yeast genome. For this experiment, wild type (WT) at 30°C or 38°G was considered
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baseline and two m utants at 30°C and 38°C were considered the experimental data. 

Each experimental probe array was analyzed to obtain and absolute call (absent 

or present). In addition, the da ta  was analyzed using the “comparison algorithms” 

to identify differences between the experimental and baseline arrays for every gene 

represented on the array. Fold change values were calculated for each array. The 

difference call indicates whether a gene has increased (I), decreased (D), or exhibits 

no change (NC) relative to baseline. Note tha t no CEL files ( “raw'” data) were 

available for this experiment. Hence, the present(P)/absent(A) calls, difference 

calls and fold change values obtained from MAS 4.0 were used with the following 

modifications:

• The difference call for any probe set for which the P /A  call in the baseline sam­

ple was A, the P /A  call in the experimental sample was P and the difference 

call was D was changed to NE (not evaluable).

• Similarly, the difference call for any probe set for which the P /A  call in the 

baseline sample was P, the P /A  call in the experimental sample was A, and 

the difference call was I was changed to NE.

• The difference call for any probe set where the average difference intensity in 

both baseline and experimental samples was less than 100 was changed to NE 

(not expressed).

• The difference call for any probe set where fold change was between -2.0 and 

2.0 was changed to NC (no change).

These changes reduce the number of difference calls to four. Hence the fold 

change and difference calls were obtained comparing m utant to W T at two tem ­

peratures: F237D versus W T at 30°C, F237D versus W T at 38°C, K151L,K156Y 

versus W T at 30°C, and K151L,K156Y versus W T at 38°C. We also considered W T 

at 38°C versus 30°C.
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Table 10.1: Comparison of wild type at 38°C versus 30°C

DiffCall for W T at 38°C vs 30°C
D I NC NE Total
80 201 4213 1927 6421

10.2 G e n e ra l C o m p ariso n

We start with some general summary statistics of the experiment. Recall tha t 

a fold change of magnitude 2.0 or greater was required to be classified as increasing 

or decreasing. In addition, all difference calls are relative to wild type.

A table of difference calls for wild type (WT) at 38°C versus 30°C is shown in 

Table 10.1. We see th a t 1.7% of expressed W T genes (all genes except those tha t 

are not expressed) are decreasing a t 38°C as compared to 30°C. An additional 4.5% 

of expressed genes are increasing. However, the majority of expressed genes (93.7%) 

are not changed across temperatures.

A comparison of F237D across tem peratures is shown in Table 10.2. We see 

tha t at 30°C, 5.1% of expressed genes were classified as decreasing for F237D versus 

4.7% at 38°C. At 38°C, 15.3% of expressed genes were classified as increasing for 

F237D versus 7.6% at 38°C.

A comparison of K151L,K156Y across tem peratures is shown in Table 10.3. As 

expected K151L,K156Y appears to  be tem perature sensitive [54], We see th a t at 

30°C, only 2.5% of expressed genes were classified as decreasing for K151L,K156Y 

as compared to 9.0% at 38°C. At 30°C, 5.6% of expressed genes were classified as 

increasing for K151L.K156Y versus 11.3% at 38°C.

We also compare the m utants to  each other. Table 10.4 gives a comparison 

of F237D and K151L,K156Y at 30°C. Table 10.5 gives a comparison of the two 

m utants at 38° C.
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Table 10.2: Comparison of F237D at 30°C versus 38°C

DiffCall for F237D at 38°C
DiffCall for F237D at 30°C D I NC NE Total

D 56 26 146 11 239
I 20 106 495 91 712

NC 120 194 3248 151 3713
NE 24 27 212 1494 1757

Total 220 353 4101 1747 6421

Table 10.3: Comparison of K151L,K151Y at 30°C versus 38°C

DiffCall for K151L,K156Y at 38°C
DiffCall for K151L,K156Y at 30°C D I NC NE Total

D 75 2 27 7 111
I 3 77 153 14 247

NC 303 384 3278 117 4082
NE 44 75 321 1541 1981

Total 425 538 3779 1679 6421

Table 10.4: Comparison of F237D versus K151L,K156Y at 30°C

DiffCall for K151L,K156Y at 30°C
DiffCall for F237D at 30°C D 1 NC NE Total

D 30 3 206 0 239
I 19 119 409 165 712

NC 62 91 3380 180 3713
NE 0 34 87 1636 1757

Total 111 247 4082 1981 6421

Table 10.5: Comparison of F237D versus K151L,K156Y at 38°C

DiffCall for K151L,K156Y at 38°C
DiffCall for F237D at 38°C D I NC NE Total

D 89 3 128 0 220
I 21 107 172 53 353

NC 315 351 3324 111 4101
NE 0 77 155 1515 1747

Total 425 538 3779 1679 6421
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10.3 T ran scrip tio n a l R eg u la tio n  A nalysis by M IP S  F u n ctio n al C ategory

A transcriptional regulation analysis was performed using the algorithm out­

lined in Chapter 9. First, genes were divided into MIPS functional categories. Then 

over-represented categories were identified based on OVR values. Here, an OVR 

value of six or greater was considered over-represented. A list of over-represented 

categories (with an OVR value of six or greater) for F237D are shown in Table 10.6 

and those categories over-represented for K151L,K156Y are shown in Table 10.7.

Table 10.6: Over-represented categories for F237D with the proportion of genes in
the category th a t are identified as increasing or decreasing and the OVR value.

MIPS Category proportion Temp I/D OVR
ageing 1/3 38 I 6.06

amino acid transporters 5/22 30 D 6.11
allantoin/ allantoate tranporters 2/9 38 D 6.49

amino acid metabolism 44/195 38 D 6.59
nitrogen and sulphur metabolism 17/73 38 D 6.80

amino acid metabolism 52/195 30 D 7.16
glyoxylate cycle 5/6 30 I 7.52

other protein destination activities 2/6 30 D 8.96
amino acid transporters 7/22 38 D 9.29

Table 10.7: Over-represented categories for K151L,K156Y with the proportion of 
genes in the category th a t are identified as increasing or decreasing and the OVR 
value.

MIPS Category proportion Temp I/D OVR
amino acid transporters 10/22 38 D 6.87

pentose-phosphate pathway 4/8 38 D 7.55
glyoxylate cycle 2/6 30 I 8.67

extracellular/secretion proteins 3/20 30 D 8.68
biogenesis (cell membrane) 1/1 38 I 11.93

biogenesis(intracell transport vesicles) 1/1 38 I 11.93
allantoin and allantoate tranporters 3/9 30 D 19.28
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Table 10.8: Amino acid metabolism (F237D decreasing at 30°C)

N
Decrease

Proportion
No Change 

N Proportion Difference
Transcription

Factor
GAGTCA 29 0.558 43 0.384 0.174 GCN4 (GAGTCA)
AGTCAT 32 0.615 44 0.393 0.223
GACTCA 27 0.519 29 0.259 0.26
GCCACA 24 0.462 20 0.179 0.283
ACTGTG 19 0.365 26 0.232 0.133 ADRi(...ACTGTG...)

Overall 52 112

Table 10.9: Amino acid metabolism (F237D decreasing at 38°C)

N
Decrease

Proportion
No Change 

N Proportion Difference
Transcription

Factor
GAGTCA 26 0.591 •50 0.388 0.203 GCN4 (GAGTCA)
AGTCAT 27 0.614 52 0.403 0.211
GCCACA 23 0.523 25 0.194 0.329
CCACAG 21 0.477 26 0.202 0.276 ADR1 (...CCACAG...)
ACTGTG 21 0.477 27 0.209 0.268 ADR1 (...ACTGTG...)

Overall 44 129

Only MIPS categories with 10 or more (increasing or decreasing) genes were 

considered in further analysis. This allows for meaningful word searches. The 

included categories were: amino acid metabolism (F237D decreasing a t 30°C and 

38°C), nitrogen and sulfur metabolism (F237D decreasing a t 38°C) and amino acid 

transporters (K151L,K156Y decreasing at 38°C).

For each of these categories, a word search was performed on the decreasing (or 

increasing) subset of genes using the pattern  discovery tool form the RSA tools web­

site [27]. A list of “significant” six letter words (with a high number of occurrences) 

was compiled. The summaries of each category for these “most significant” words 

(by MIPS category) are given in Tables 10.8 through 10.11. Each of the words listed 

were examined to see if they could be matched with a transcription factor binding 

site using PRO SPECT [23]. The matches are also shown in Tables 10.8 through 

10 . 11 .
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Table 10.10: Nitrogen and sulfur metabolism (F237D decreasing at 38°C)

N
Decrease

Proportion
No Change 

N Proportion Difference
Transcription

Factor
CACGTG 10 0.588 4 0.095 0.493 CPF1 (CACGTGA)
ACGTGA 13 0.765 15 0.357 0.408 CPF1 (CACGTGA)
CGTGAC 9 0.529 6 0.143 0.387
AGTCAT 11 0.647 16 0.381 0.266

Overall 17 42

Table 10.11: Acid Transporters (K151L,K156Y decreasing at 38°C).

N
Decrease

Proportion N
No Change 

Proportion Difference
Transcription

Factor
CCACAG 8 0.800 2 0.222 0.578 ADR1 (..CCCACAG...)
GCCACA 8 0.800 1 0.111 0.689
ACTGTG 7 0.700 4 0.444 0.256 ADR1 (...ACTGTG...)
CGGCGC 4 0.400 3 0.333 0.067
CGCCAA 7 0.700 3 0.333 0.367 CAR1 repressor (...CGCCAA)
CGCCAC 7 0.700 0 0 0.700
CAGTTC 8 0.800 2 0.222 0.578

Overall 10 9

Note th a t the ADR1 and RAP1 binding sites are quite long. In order to take 

a closer look at these “matches” , another word search was performed, this time 

allowing two substitutions (the maximum allowed by RSA tools). Using this criteria, 

ADR1 was not identified in any of the amino acid metabolism genes (at either 

temperature) or any of the amino acid transporter genes. RAP1 was only located 

in a single gene from the metabolism of energy reserves group. Due to its length, no 

substitutions were allowed for the repressor of CARL It was not identified in any 

of the amino acid transporter genes.

10.4 A  P ossib le  Link B etw een  G C N 4 and T B P

GCN4 (SGD name YEL009C, alias AAS3 or ARG9) encodes a transcriptional 

activator. It is well known th a t GCN4p stimulates transcription of amino ad d  

biosynthetic genes in response to starvation for any of several amino acids [29].
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Table 10.12: Difference calls for F237D genes at 30°C with and without GCN4
binding sites (as given by PROSPECT), p=0.162.

F237D at 30 C
GCN4 Binding Site 
No Yes Total

D 196 40 236
I 584 108 692

NC 2889 659 3548
NE 1481 189 1670

Total 5150 996 6146

Table 10.13: Difference calls for F237D genes at 38°C with and without GCN4 
binding sites (as given by PROSPECT), p=0.000.

F237D at 38°C
GCN4 Binding Site 
No Yes Total

D 197 18 215
I 297 51 348

NC 3188 736 3924
NE 1468 191 1659

Total 5150 996 6146

There is also evidence tha t GCN4p is induced under conditions of stress besides 

amino acid starvation [29]. For F237D at 30°C and 38°C, YEL009C was classified 

as no change.

There is a tendency for F237D amino acid metabolism genes to be down reg­

ulated when they contain GAGTCA binding site for GCN4. A search performed 

using PROSPECT revealed th a t there are 1000 genes th a t contain an upstream 

binding site for GCN4. The results for all genes at 30°C are shown in Table 10.12. 

The results for all genes at 38°C are shown in Table 10.13. The p-value for the x 2 

test for the D, I, and NC rows of the tables are also given.

Note tha t a t 30°C, 17% of decreasing genes contain a GCN4 binding site versus 

19% of no change genes. At 38°C, 8% of decreasing genes contain a GCN4 binding
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Table 10.14: Difference calls for F237D genes at 30°C identified as GCN4 target or
non-target genes, p=0.000.

F237D at 30°C
GCN4 Target 
No Yes Total

D 168 68 236
I 655 37 692

NC 3259 289 3548
NE 1555 115 1670

Total 5637 509 6146

Table 10.15: Difference calls for F237D genes at 38°C identified as GCN4 target or 
non-target genes, p=0.000.

F237D at 38°C
GCN4 Target 
No Yes Total

D 156 59 215
I 307 41 348

NC 3628 296 3924
NE 1546 113 1659

Total 5637 509 6146

site versus 19% of no change Genes. Thus the results th a t we saw when considering 

only amino acid metabolism genes have been greatly obscured.

N atarajan et al. identified 539 genes tha t were classified as GCN4 targets (the 

list supplied by Hinnebusch contained 512 genes) [49]. Some of these GCN4 targets 

contain known GCN4 binding sites and others do not. The results for all genes at 

30°C are shown in Table 10.14. The results for all genes at 38°C are shown in Table 

10.15. The p-value for the x 2 test for the D, I, and NC rows of the tables are also 

given.

Looking at GCN4 targets (instead of genes with GCN4 binding sites) we see 

results similar to those obtained when we considered only the amino acid metabolism 

genes. At 30°C, 29% of decreasing genes were GCN4 targets versus 5% of increasing
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genes and 8% of no change genes. At 38°C, 27% of decreasing genes were GCN4 

targets versus 12% of increasing genes and 8% of no change genes.

Note th a t at 30°C, 17% of the expressed GCN4 target genes were down- 

regulated versus 4% of non-target genes (p=0.000). At 38°C, 15% of expressed 

GCN4 target genes were down-regulated versus 4% of non-target genes (p=0.000).

A complete listing of 67 amino acid metabolism genes which are decreasing for 

F237D at either 30 C or 38 C is given in Tables 10.16 and 10.17. Note tha t some 

genes are GCN4 targets but do not contain a GCN4 binding site (defined here as 

GAGTCA). On the other hand, some genes contain GCN4 binding sites but are 

not GCN4 targets. Also note tha t some genes with “large” fold change values (i.e. 

YJROlOw) cannot be explained by either a GCN4 target or a binding site.

10.5 A  P ossib le  Link B etw een  C P F 1 and T B P

CPF1 (SGD name YJR060W, alias CBF1 or CEP1) is centromere binding

factor, induces DNA bending and is required for mitotic segregation and normal 

growth rate. For F237D at 38°C, YJRQ60W was classified as no change.

There is a tendency for F237D nitrogen and sulfur metabolism genes to be 

down regulated when they contain a CPF1 binding site. A search performed using 

PROSPECT revealed th a t there are 531 genes tha t contain an upstream binding 

site for CPF1. The results for all genes are shown in Table 10.18. The p-value for 

the x 2 test for the D, I, and NC rows of the table is also given.

Hence a t 30 C, 14% of decreasing genes contained a CPF1 binding site versus 

8% of increasing genes and 9% of no change genes. Also, 7% of expressed genes with 

CPF1 binding sites were down-regulated versus 5% of expressed genes without such 

binding sites (p=0.036).

A complete list of Nitrogen and sulfur metabolism genes with are decreasing for 

F237D at 38°C is given in Table 10.19. Note th a t two of the genes with the largest 

negative fold changes do not contain a binding site for CPF1.
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Table 10.16: Amino acid metabolism genes which are decreasing for F237D.

SGD
Name Gene

GCN4
Target

GCN4
BS

F237D at 30°C 
FC DiffCall

F237D at 38° 
FC DiffCall

YBR006w UGA2 Yes No -3.6 D 2 NC
YBR084w MISl No No -1.5 NC -2.1 D
Y B R llSc LYS2 Yes Yes -2 D -2.6 D
YBR213w MET8 No Yes -3.3 D -5.1 D
YBR248c HIS7 Yes Yes -2.6 D -3.2 D
YBR253w SRB6 No No -4 D -1.2 NC
YBR294w SUL1 No Yes -8.7 D -22.5 D
YCL009c ILV6 Yes Yes -1.6 NC -2 D
YCL025c AG P I Yes Yes -1 NC -3.3 D
YCLOSOc HIS4 Yes Yes -3.1 D -2.5 D
YDL048c STP4 No No -2.3 D 1.3 NC
YDL171c GLT1 Yes Yes -2 D -1.5 NC
YDL215c GDH2 No Yes 1.7 NC -2.4 D
YDR046c BAP3 No No -2.6 D -1.9 NC
YDR158w HOM2 Yes Yes -2.7 D -1.4 NC
YDR253c MET32 No No -5.7 D -4.1 D
YDR502c SAM2 No No -4.1 D -1.7 NC
YER023w PROS No Yes -2 D 1.2 NC
YER042w MXR1 No No -2.5 D -2.8 D
YER052c HOM3 Yes Yes -1.6 NC -2 D
YER069w ARG5,6 Yes Yes -2.7 D -3.2 D
YER081w SER3 Yes No 1.3 NC -3.9 D
YER090w TRP2 Yes Yes -2.1 D -1.5 NC
YER091c MET6 No Yes -9.8 D -2.7 D
YFL018c LPD1 Yes Yes -2.5 D -1.4 NC
YFL055w AGP3 No No -2 NC -3.4 D
YFROSOw MET10 Yes No -6.9 D -6.3 D
YGL009c LEU1 Yes Yes -2 D 1.1 NC
YGL125w M ETIS Yes Yes -4.4 D -2.4 D
YGL184c STR3 Yes Yes -7.2 D -5 D
YGR055w MUP1 No Yes -3.3 D -2.3 D
YGR208w SER2 No Yes -2.5 D -1.9 NC
YHL036w MUP3 Yes Yes -4.4 D -2.5 D
YHR018c ARG4 Yes Yes -2.3 D -2.1 D
YHR208w BAT1 Yes Yes -2 D -1.1 NC
YIL046w MET30 No No 1.6 NC -2.3 D
YIL074c SER33 Yes Yes -4 D -3.8 D
YIL094c LYS12 Yes Yes -2.2 D 1 NC
YIL116w HISS Yes Yes -2.6 D -2.6 D
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Table 10.17: More amino acid metabolism genes which are decreasing for F237D.

SGD
Name Gene

GCN4
Target

GCN4
BS

F237D at 30°C 
FC DiffCall

F237
FC

D at 38° 
DiffCall

YIR017c MET28 Yes Yes -20.6 D -5.2 D
YIR034c LYS1 Yes Yes -3.8 D -1.7 NC
YJROlOw MET3 No No -7.9 D -20.9 D
YJR025c BNA1 Yes Yes -8.2 D -1.4 NC
YJR078w YJR078w No Yes -1 NC -2.2 D
YJR109c CPA2 Yes Yes -1.4 NC -2.4 D
YJRISOc STR2 Yes No 1.1 NC -2.5 D
YJR137c ECM17 Yes Yes -7.3 D -11 D
YJR139c HOM6 No No -3.7 D 1.1 NC
YKLOOlc M ET 14 No No -4.9 D -2.3 D
YKL211c TRP3 Yes Yes -2.2 D 1 NC
YKL218c SRY1 Yes Yes -4.4 D -5.9 D
YLLOGlw MMP1 No No -1.7 NC -4.3 D
YLR092w SUL2 Yes No -8.3 D -15.5 D
YLR303w MET17 Yes No -5.3 D -1.7 NC
YMR062c ECM40 Yes Yes -3.2 D -2.7 D
YMR108w ILV2 Yes No -3.2 D -1.2 NC
YNL277w MET2 Yes No -8.8 D -6 D
YNR050c LYS9 Yes No -3.1 D 1 NC
YOL058w A RGl Yes Yes -1.5 NC -2.2 D
YOL064c MET22 Yes Yes -2.8 D -1.4 NC
YOR130c ORT1 Yes Yes -2.2 D -2 D
YOR184w SERI Yes Yes -3.1 D -1.7 NC
YOR202w HISS Yes Yes -1.6 NC -2.2 D
YOR375c GDH1 No Yes -3.2 D -1.6 NC
YPL274w SAMS No No -11.8 D -3.8 D
YPR035w GLN1 No Yes -1.4 NC -2.4 D
YPR167c M ET 16 Yes Yes -3.8 D -5.9 D
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Table 10.18: Difference calls for F237D genes at 38°C with and without CPF1
binding sites, p=0.035.

F237D at 38°C
CPF1 Binding Site 
No Yes Total

D 184 31 215
I 319 29 348

NC 3557 367 3924
NE 1559 100 1659

Total 5619 527 6146

Table 10.19: Nitrogen and sulfur metabolism genes th a t are decreasing for F237D 
at 38°C.

SGD Name Gene Fold Change CPF1 Binding Site
YBR294w SUL1 -22.5 No
YJROlOw MET3 -20.9 Yes
YLR092w SUL2 -15.5 Yes
YAL067c SEOl -15.1 No
YJR137c ECM17 -11 Yes
YFROSOw MET10 -6.3 Yes
YPR167c MET16 -5.9 Yes
YIR017c MET28 -5.2 Yes

YBR213w MET8 -5.1 Yes
YDR253c MET32 -4.1 Yes
YDR242w AMD2 -3 No
YDL215c GDH2 -2.4 No
YJL060w YJL060w -2.4 Yes
YPR035w GLN1 -2.4 No
YDL170w UGA3 -2.3 No
YKLOOlc MET14 -2.3 Yes
YOL058w ARG1 -2.2 No
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Table 10.20: Count of genes with CPF1 BS (Binding Site) or GCN4 targets (F237D 
at 38°C)

C P F l Binding Site No Yes No Yes
GCN4 Target No No Yes Yes

LAS 17 at 38°C Total
D 138 18 46 13 215
I 283 24 36 5 348

NC 3301 327 256 40 3924
NE 1450 96 109 4 1659

Total 5172 465 447 62 6146

It is interesting to see if we can explain more of the decreasing difference calls 

for F237D at 38°C, by combining results for C P F l binding sites and GCN4 target 

genes. These results are summarized in Table 10.20.

We see th a t 36% of decreasing genes are GCN4 targets or contain a C P F l 

binding site or both versus 19% of increasing genes and 16% of no change genes.

10.6 Sum m ary o f R esu lts

Two m utant strains of yeast (F237D and K151L,K156Y) th a t produce altered 

TB P were studied at 30°C and 38°C using microarray technology. Using MIPS 

categories, an over-representation analysis was performed. After identifying four 

MIPS categories th a t were over-represented (by contributing more increasing or 

decreasing genes than expected), a word search was performed for each of the four 

MIPS categories. Then the results of the word search were examined to see if they 

corresponded to a transcription factor binding site. The binding sites for GCN4 and 

C P F l were identified in this manner. Genes tha t were regulated by GCN4 and/or 

C P F l had a tendency to be down-regulated. This indicates th a t for these genes, 

GCN4 and/or C P F l is required to activate transcription.
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Chapter 11

C O N C L U SIO N S A N D  F U T U R E  W O R K

11.1 C onclusions

In order to summarize the conclusions of this dissertation, we step through a 

typical microarray experiment.

Before a microarray experiment is even conducted, the experimenter must de­

cide how many arrays to use. In Chapter 5, we discussed the use of Sim Array as 

a sample size calculator. The required input includes one or two “starter” arrays 

(possibly taken from a previous experiment), a list of proposed fold changes and 

variance components estimates. The user must also choose a stated model (RMA or 

MBEI). From this initial input, SimArray simulates microarray data  for a requested 

number of replicates from which the power and false discovery rate can be estimated. 

This provides the experimenter a basis for choosing the number of arrays to use in 

the proposed experiment.

After raw data  (in the form of CEL files for Aflymetrix arrays) is obtained 

for a microarray experiment, preprocessing is performed as a first step in analyzing 

this data. This preprocessing includes optical background correction, normalization 

and possibly nonspecific binding correction. In Chapter 6, we reviewed commonly 

used normalization techniques and provide illustrative examples of some strengths 

and weaknesses of these methods. We also presented a simulation study comparing 

quantile, invariant set and scale normalization algorithms. Based on this simulation 

study and rationale behind the methods, we advocate the use of invariant set nor­

malization. In Chapter 8, we proposed some probe level diagnostics which can be
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used to check the preprocessing of the data. We also present a method for combining 

probe level tests of differentially expression.

After preprocessing, a model is fit to the data. In Chapter 3, we outline com­

monly used models for oligo arrays. We compare the performance of RMA, MBEI 

and MAS5.0 using SimArray (programmed in Bioconductor) in C hapter 4. Unlike 

a spike-in or dilution experiments, a simulation study allows for m anipulation of 

many sources of variation. Based on our simulation study, MBEI (with invariant set 

normalization) is recommended because it maintains its stated FDR while operating 

with high power.

As an alternative to the standard preprocessing and modelling steps, we pro­

pose a unified model for microarrays. The benefit of a unified model is th a t all 

preprocessing is combined into a single model.

After preprocessing and modelling of the data, fold change estimates can be ob­

tained. After FC estimation, some additional analysis is almost always performed. 

One goal of microarray experiment might be to identify recjuired transcription fac­

tors. We discussed the process of identifying possible transcription factors in Chap­

ters 9 and 10.

Other goals of microarray experiments include identification of gene function, 

class discovery and class prediction. Even more generally, microarray experiments 

are performed to examine the expression profile under a certain condition and com­

pare profiles across conditions. For these goals, clustering and classification algo­

rithm s are used. These methods are usually applied to a group of differentially 

expressed genes. Unsupervised clustering methods which have been applied to 

microarray data include hierarchical clustering [20], id-means clustering [36] and 

self-organizing maps [67]. Supervised clustering methods used for microarray data 

include support vector machines [12] and gene shaving [26].
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11.2 Future W ork

Currently, the selection of probes, probe locations, house-keeping genes, and 

the use of replicates are chosen by manufacturers (Affymetrix or Agilent). It would 

be interesting to explore the opportunities and benefits of statistical design concepts 

for microarray chip design.

A closer examination of NSB estimation is required. Estimation of NSB is an 

extremely im portant step in order to find accurate estimates of FC. Recent work 

([76],[48]) indicates th a t NSB affinity estimates can found based only on the sequence 

of the oligo. The reliability of these estimates has not been adequately established, 

but will certainly impact FC estimation.

Recent developments regarding, estimation of NSB should be incorporated into 

SimArray. After these modifications are made, the performance of GC-RMA should 

be examined using the SimArray framework. SimArray can be used to compare 

normalization and analysis methods under other conditions. Hopefully, this would 

further clarify performance differences between the methods.

For the proposed unified model, it would be interesting to compare the fold 

change estimates obtained by assuming th a t NSB is the same for PM and MM 

members of a probe pair versus the estimates obtained by assuming tha t GSB for 

MM is zero. Maximum likelihood estimation and other estim ation techniques can 

be applied to the unified model. The performance of the unified model can be 

compared to other commonly used methods. Diagnostics can be created specifically 

for the assumptions needed to estim ate FC from the unified model.
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