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Abstract 

This thesis consists of two separate parts. The first part consists of one paper and considers 

problems concerning spatial point processes and the second part includes three papers in the 

field of bioinformatics. 

 

The first part of the thesis is based on a forestry problem of estimating the number of trees in a 

region by using the information in an aerial photo, showing the area covered by the trees. The 

positions of the trees are assumed to follow either a binomial point process or a hard-core 

Strauss process. Furthermore, discs of equal size are used to represent the tree-crowns. We 

provide formulas for the expectation and the variance of the relative vacancy for both processes. 

The formulas are approximate for the hard-core Strauss process. Simulations indicate that the 

approximations are accurate.  

 

The second part of this thesis focuses on pre-processing of microarray data. The microarray 

technology can be used to measure the expression of thousands of genes simultaneously in a 

single experiment. The technique is used to identify genes that are differentially expressed 

between two populations, e.g. diseased versus healthy individuals. This information can be used 

in several different ways, for example as diagnostic tools and in drug discovery.  

The microarray technique involves a number of complex experimental steps, where each step 

introduces variability in the data. Pre-processing aims to reduce this variation and is a crucial 

part of the data analysis. Paper II gives a review over several pre-processing methods. Spike-in 

data are used to describe how the different methods affect the sensitivity and bias of the experi-

ment. 

An important step in pre-processing is dye-normalization. This normalization aims to remove 

the systematic differences due to the use of different dyes for coloring the samples. In Paper III 

a novel dye-normalization, the MC-normalization, is proposed. The idea behind this normaliza-

tion is to let the channels’ individual intensities determine the correction, rather than the aver-

age intensity which is the case for the commonly used MA-normalization. Spike-in data showed 

that  the MC-normalization reduced the bias for the differentially expressed genes compared to 

the MA-normalization. 

The standard method for preserving patient samples for diagnostic purposes is fixation in 

formalin followed by embedding in paraffin (FFPE). In Paper IV we used tongue-cancer micro-

RNA-microarray data to study the effect of FFPE-storage. We suggest that the microRNAs are 

not equally affected by the storage time and propose a novel procedure to remove this bias. The 

procedure improves the ability of the analysis to detect differentially expressed microRNAs. 

 

Keywords: Coverage process, vacancy, microarray, pre-processing, sensitivity, bias, dye-

normalization, FFPE, storage time effects. 
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1 Introduction 

I started my PhD-education at the Department of Mathematical Statistics, 
Umeå University, in 1996. After taking courses, doing research and teaching 
I defended my licentiate thesis in 2001. After that I decided to take a pause 
in my research career to be able to spend more time on teaching and stayed 
at the department for two years to teach. When I after some years of mater-
nity leave came back to the University in 2007, I joined the Department of 
Statistics in Umeå. Due to changes in the University policy for permanent 
employments as lecturer I got the opportunity to finish my PhD-studies. To 
do that, I was awarded two new supervisors and a new area of research. This 
explains why my thesis consists of two separate parts.  

This thesis is composed of four papers. The outline of the summary is as 
follows: Section 2 summarizes my licentiate thesis (Paper I) which covers 
problems within Spatial Point Processes. Section 3 summarizes Papers II-IV 
which deal with statistical problems in the field of Bioinformatics. The main 
focus is on Papers II-IV. 

 

 2 Spatial Point Processes 

2.1 Background 
 
Paper I in this thesis consists of my licentiate thesis which was defended in 
June, 2001. The problem that we tried to solve was developed from a ques-
tion asked by a forester. He had information about the area covered by trees 
in an aerial photo and the question was as follows: 

- Is it possible to estimate the number a trees in a forest stand from an 
aerial photo? 

The main problem in estimating the number of trees is to find a function that 
describes the relationship between the number of trees, n, and the expected 
coverage, or equivalently the expected relative vacancy, E[Vn]. This function 
will relay on model assumptions for the positions of the trees and for the size 
of the tree crowns. We focused on estimating the relative vacancy for two 
different models of the trees. The first model assumed that all trees were 
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randomly placed in a region (Poisson point process), while the second model 
assumed that the trees could not be too close to each other (hard-core 
Strauss process). See Stoyan et al. (1995) for definitions of the models. Fur-
thermore, the shape of the tree crowns was assumed to be circular and 
equally sized. 

The licentiate thesis is written as a monograph and is included in its full ex-
tent as Paper I.  

 

2.2 Summary of Paper I 

The licentiate thesis consists of nine sections which are outlined as follows: 
In Section 1 the background to the problem is given. In Section 2 five differ-
ent types of spatial point processes, X, are introduced and defined. In Sec-
tion 3 a brief introduction to the concept of coverage processes is presented 
as well as the ideas of how to derive the expected vacancy, EX[Vn], and the 
variance of the relative vacancy, VarX[Vn]. In the case when X is a binomial 
point process the expectation and variance of the relative vacancy can be 
calculated exactly, see e.g. Hall (1988). This is reviewed in Section 4. An ap-
proximation for the variance when n is large and some properties for the 
point estimate of the number of underlying discs are also proposed in Sec-
tion 4. In Section 6 we present approximations for the EX[Vn] and VarX[Vn] 
in the case when the points inhibits each other. More precisely, X is a hard-
core Strauss process with fixed number of points. These approximations are 
derived in a similar way as the results in Section 5, in which the two quanti-
ties are exactly derived for the one-dimensional version of the hard-core 
Strauss process with fixed number of points. McMC simulations are used to 
confirm that the approximations work well. Details about the simulations are 
discussed in Section 7. Two examples that illustrate how confidence intervals 
for the true number of trees can be constructed are presented at the end of 
Sections 4 and 6. In Section 8 some topics for further research are suggested 
and in the Appendix (Section 9) two theorems are stated and proved. The 
two theorems stated that neither the conditional SSI nor the conditional 
Matérn type II processes (Matérn, 1960) have the same distribution as the 
conditional hard-core Strauss process  
 
Selected parts from the licentiate thesis are published in Bondesson et al. 
(2003). 
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3 Bioinformatics 
 

The second part of this thesis consists of three papers in the field of Bioin-
formatics. Bioinformatics is the application of statistical, mathematical and 
computational tools to answer questions about DNA and related molecules, 
such as RNA and the proteins they create. Bioinformatics had its boom as a 
result of the Human Genome Project (HGP), where the goal was to identify 
all human genes and determine their DNA-sequence (Lander et al., 2001; 
Venter et al., 2001). The project started in 1990 and was completed in 2003. 
Since then, Bioinformatics has been one of the hottest and fastest growing 
research fields.  

Papers II-IV focus on pre-processing of cDNA microarray data. In particular, 
Paper II presents an overview of some commonly used pre-processing me-
thods, Paper III presents a novel dye-normalization method and in Paper IV 
a method to remove the storage time effects which may arise when consi-
dering formalin fixed paraffin embedded (FFPE) tissue samples is proposed. 

The summary given in this section gives a brief introduction to pre-
processing methods, identification of differentially expressed genes and 
evaluation strategies. The biological background and the microarray tech-
nology are presented in Sections 3.1 and 3.2. A short overview of the experi-
mental designs considered in this thesis is given in Section 3.3. Visualization 
and pre-processing of microarray data are discussed in Sections 3.4 and 3.5. 
Identification of differentially expressed genes is the focus in Section 3.6. In 
Section 3.7 we present strategies for evaluating pre-processing methods. 
Finally, the contents of Papers II-IV are summarized in Section 3.8. 
 
 
3.1. Biological background  

The human genome consists of approximately 25.000 genes. The genes serve 
as instructor manuals for our body. At any given moment only a fraction of 
these genes is turned on, and it is the subset of expressed genes that confers 
unique properties to each cell type. Gene expression is the term used to de-
scribe the transcription of the information from the DNA into mRNAs which 
are commonly translated into proteins.  
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By using the microarray technology it is possible to measure the gene expres-
sion of thousands or tens of thousands genes in one experiment. The tech-
nique has a wide range of applications though the most common goal is to 
identify which genes change expression levels due to disease or drug stimuli. 
Other applications include class discovery of subpopulations, developing of 
diagnostic tools and gene interaction networks. In this thesis, the focus is on 
the first application, namely identification of differentially expressed genes 
(DE-genes). A microarray analysis with this focus can be summarized in 
three steps: design of the experiment, pre-processing of the data and identi-
fication of DE-genes. 

 

3.2 The microarray technology 

A microarray is a tool for measuring the expression levels of genes (mRNA) 
in a tissue sample. This is done by hybridizing the sample to the spots on the 
array and then measuring the amount of hybridized material, where each 
spot is associated with a unique gene. Different types of microarrays use 
different techniques to measure the amount of expressed genes, but the fun-
damental basics are the same for all techniques. There are two principal 
classes of microarrays: one-color (one-channel) and two-color (two-channel) 
microarrays. With a two-color microarray it is possible to analyze two sam-
ples (e.g. normal tissue and diseased tissue) at the same time. This is done by 
labeling the samples with two different fluorescents dyes. The ratios of the 
two channels’ intensities are then used to identify up and down-regulated 
genes. See Schena (2003) for a detailed description and a history of the mi-
croarray technology.  
 
In this thesis we focus on problems concerning spotted two-color microar-
rays (Schena, 1995). In Papers II and III the cDNA microarrays are consi-
dered, while microRNA microarrays are analyzed in Paper IV. There are, to 
our knowledge, no principal differences in analyzing data from cDNA and 
microRNA arrays. Henceforth, we concentrate on the analysis of two-color 
cDNA microarray data.  
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3.2.1 Two-color cDNA microarray 

 
A spotted cDNA microarray consists of a small glass slide containing thou-
sands or tens of thousands of spots which are arranged in a regular pattern. 
On each spot, cDNA sequences are printed using a robotic spotter. A cDNA is 
a complimentary copy of mRNA which in turn is a single-stranded copy of 
the gene’s DNA sequence. Each spot on the array represents one gene. In 
principal four laboratory steps are needed to measure the gene expressions 
in a sample (Figure 1): 

1. Sample preparation and labeling: mRNAs are extracted from the 
two tissues samples (e.g. healthy and diseased tissues). For each 
sample the mRNAs are reverse transcribed into cDNA and simulta-
neously labeled with the two fluorescent dyes Cy3 (excited by a green 
laser) and Cy5 (excited by a red laser). 

 
2. Hybridization: Equal amounts of the two labeled cDNA samples are 

mixed and added to the microarray. During the hybridization the 
samples cDNA will find their complementary fragments of cDNA on 
the array. 
 

3. Washing: The array is washed after the hybridization step in order 
to remove unbounded cDNA and chemicals, and to reduce un-spe-
cific bindings (cross-hybridization). 

4. Scanning and image analysis: A scanner is used to measure the 
amount of dye molecules that have hybridized to the array. The array 
is scanned twice, once for each dye. Image analysis is used to extract 
intensities and background intensities from the spots. The intensity 
in each pixel is quantified as a 16-bit number, which takes values 
between 0 and 216-1. For visualization purposes, the red and the 
green image are combined into the familiar falsely colored image 
where the spots are colored on a scale from red to yellow to green. A 
spot is colored red (green) if the gene is more expressed in the red 
(green) channel and yellow if the genes are equally expressed in both 
channels. A spot which is not found is colored black. 

 

All of the experimental steps may, and commonly will, introduce a fair 
amount of technical variation. This variation can behave as a pure noise, but  
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Figure 1 A schematic overview of the steps in using a two-channel microarray. The first step is 

to extract the RNA from the tissues of interest. The two tissue samples are then reverse tran-

scribed into cDNA and labeled with two different dyes, usually Cy3 (green) and Cy5 (red). The 

two samples are then hybridized simultaneously on the array. After washing the array is 

scanned twice, one for each color. Image analysis is used to extract the signal intensities (raw 

data). 

 

 

most often it is systematic and introduces bias to the data. The bias needs to 
be removed, or at least reduced, in order to draw reliable conclusions from 
the downstream analysis. This process is commonly called pre-processing.  
 

3.3 Design of experiments 
 

Designing an experiment is a balance between many considerations, such as 
the goal of the study, resources, and the reliability of the technology. If the 
aim is to use two-color cDNA microarrays to identify genes that are differen- 
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Table 1 Balanced block design. Here we have samples from the k diseased patients, denoted by 

D1 up to Dk, and k healthy patients, denoted by H1 up to Hk.  

 
 Array 1 Array 2 L  Array k 

Cy3 D1 H2  Hk 

Cy5 H1 D2  Dk 

 
 
Table 2 Common reference design. Here we have samples from the k1 diseased patients, de-

noted by D1 up to Dk1, and k2 healthy patients, denoted by H1 up to Hk2. The common reference is 

denoted by CR.  

 

 Array 1 L  Array k1 Array k1+1 L  Array k1+k2 

Cy3 D1  Dk1 H1  Hk2 

Cy5 CR  CR CR  CR 

 
 
 
tially expressed between two populations (e.g. healthy and diseased individ-
uals) then two principal designs are commonly considered; the balanced 
block design and the common reference design. 
 
In the first design, both the diseased and healthy samples are applied simul-
taneously on the array. This design results in paired data and demands that 
the number of healthy and diseased samples is the same. Paired data reduce 
the overall variability in the analysis which makes it easier to identify DE-
genes. Moreover, swapping dyes evenly across the arrays reduces the effect 
of dye-specific errors. This design is shown in Table 1 and is known as the 
balanced (complete) block design in the literature.  
 
The second design considered is a common reference design. It is a design in 
which both the healthy and diseased samples are compared with a common 
reference, see Table 2. The advantages are that it can easily be extended to 
other experiments (if the common reference is preserved) and it can be used 
when more than two groups are considered. A drawback is that only one 
sample of interest is hybridized per array which implies that twice as many 
arrays are needed in order to have the same number of samples as in the 
balanced block design. Furthermore, the common reference design results in 
two-sample data which often contain more variability compared to paired 
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data, see, e.g. Wit and McClure (2004) for a discussion on different designs 
of microarrays.  
 
In Papers II and III the block design is used. However, the design is not ba-
lanced since all samples from one group are colored with the same dye. In 
Paper IV a common-reference design is used since three groups of samples 
are considered.  
 

3.4 Visualization of two-color cDNA microarray data  
 

For each spot on the array, scanning and image analysis provides foreground 
and background intensities. We denote the foreground intensity for the 
green and red channel by XG and XR, respectively. To be able to correct the 
foreground intensities from local variation on the surface the image analysis 
also provides background intensities for each channel. The background in-
tensities are measured in a small region surrounding the spots and are de-
noted as BG for the green channel and BR for the red channel. The third in-
formation that comes out from the image analysis is the flags. A flag is a 
quality measure for each spot. It indicates if the spot was found during the 
image analysis or not. 
 
It is common practice to transform the XG and XR intensities into log2-scale. 
There are several reasons for this transformation: 
 

• There should be a reasonably even spread of features across the 
intensity range. 

• The variability should be constant at all intensities. 
• The distribution of experimental errors should be approximately 

normal. 
• The log-ratios are symmetrical. This means that a 2-fold up regula-

tion corresponds to a log ratio of +1, and a 2-fold down regulation 
corresponds to -1. 

 
A natural way to display the data is to plot log2XG against log2XR in a scatter 
plot, see left panel of Figure 2. If the two channels are behaving similarly, 
than the data should appear symmetrically about the diagonal line passing 
through origin with slope one. Any deviations from this line represent differ-
ent responses of the channels and are of great interest. But, since it is easier 
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Figure 2 Two different ways to display the log-intensities for the red and the green channel. In 

the left panel the two channels intensities are plotted in a scatterplot. In the rigth panel the 

intensities are displayed in a MA-plot, where the log-ratios (M-values) are plotted against the 

average log-intensities (A-values). The deviation between the two channels is more clear in the 

MA-plot.  

 

 
to visualize deviations from horizontal lines than from diagonal lines it is 
common practice to rotate the scatter plot by 45 degrees and re-scale the 
axes. This plot is denoted as the MA-plot and was introduced in Dudoit et al. 
(2002). In the MA-plot the spots log-intensities (A-values), where the M and 
A are defined as 
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In an ideal situation all non-differentially expressed genes should have an M-
value close to zero and the DE-genes should be separated from the non-diffe-
rentially expressed genes. Moreover, only a small fraction (~1%) of the genes 
is expected to be differentially expressed, so the vast majority of the genes 
should, in theory, have their M-values close to zero. However, microarray 
data are commonly affected by experimental bias and the M-values are not 
centered on zero, see e.g. right panel of Figure 2.  
 

Another useful plot is the boxplot of M-values, which can be used to compare 
the variation of M-values between different groups, e.g. different arrays or 
different regions within an array.  
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Figure 3 Typical appearances of IC-curves for raw data where observed log2-intenities are 

plotted against true log2-intesities. The green and the red curve correspond to the green and red 

channels. The dotted line displays the ideal IC-curve.  

 

The last plot that we discuss here is the IC-plot, introduced in Paper II. The 
IC-plot requires knowledge of the true log2-intensities (concentrations) and 
can therefore not be used in practice unless we have data from spike-in expe-
riments (which we have in Paper II and III). Nevertheless, the relationship 
between the observed and true log2-intensities (IC-curve) is an illustrative 
tool in order to explain and understand the affects of the different pre-
processing steps. The IC-curves are plotted separately for both channels. In 
an ideal situation the IC-curves would be a straight line through origin with 
slope equal to one. Due to the experimental bias, raw data often produce S-
shaped IC-curves, see, e.g. Figure 3. The lower knee in the IC-curves arises 
since it is not possible to observe intensities lower than the background level, 
the upper knee is due to saturation (maximum observable intensity is 216-1). 
The separation of the red and green curve corresponds to dye-error. Impor-
tantly, the slope of the IC-curve within linear range (the middle part where 
the relationship between the concentration and intensity is approximately 
linear) is also affected by bias so that the slope commonly is less than one. 
This implies that the true regulation of the DE-genes will be underestimated. 

 

3.5 Pre-processing 

The aim of pre-processing is to reduce the technical variations in the data. 
This is roughly speaking done by transforming the raw data so that the data  
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Figure 4 A schematic overview of pre-processing and gene selection. The process starts with 

the raw data and ends with a list of genes that are potentially differentially expressed.  

 

from the two channels become similar. Pre-processing involves many differ-
ent actions and plays a vital role in the downstream analysis, see, e.g. Allison 
et al. (2006), Park et al. (2003), Qin and Kerr (2004) and Rydén et al. 
(2006). Pre-processing methods are also discussed in Paper II. 

Out of the pre-processing methods listed in Figure 4, three methods have the 
primary responsibility for transforming the IC-curve to the ideal line. These 
are:  
 

• Background correction. Aims to straighten the lower knee in the 
IC-curve. (As a consequence the slope within linear range will in-
crease.)  

• Saturation correction. Aims to straighten the upper knee in the 
IC-curve. 

• Dye-normalization. Aims to put the IC-curves into a common 
scale.  

Background correction, saturation and dye-normalization are discussed in 
some detail in Subsections 3.5.1-3.5.3.  
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Figure 5 MA-plot for non-background corrected (left panel) and background corrected (right 

panel) intensities. 

 

 

3.5.1 Background correction 

 
The motivation for doing background correction is that not only specific 
bindings contribute to the observed foreground intensities, but also non-
specific bindings, dust, uneven washing and fluorescence emitted from other 
chemicals on the glass. Background intensities are commonly assumed to be 
an additive noise to foreground intensities, and the simplest way to remove 
the background is just to subtract the background intensities from the fore-
ground intensities. This method is often referred to as the local background 
correction (Eisen, 1999).  
 
Applying background correction will not only straighten out the lower knee 
in the IC-curve, it will also increase the slope of the curve within linear 
range. This implies that background correction improves the analysis ability 
to estimate the regulation of the DE-genes.  
 
However, a major drawback with applying background correction is that it 
contributes to an increase in the variance of the log-ratios, see Figure 5. This 
has a strong negative effect on the analysis sensitivity. Another problem is 
that some of the corrected intensities become negative. Negative intensities 
must be excluded from the analysis since they cannot be log-transformed.  
 
Several approaches to improve background correction have been suggested. 
See Ritchie et al. (2007) for a comparison. In Paper II we discuss filtration 
and censoring as possible methods to handle the negative effects caused by 
background correction. 
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3.5.2 Saturation 

 
Due to the limitation of the scanners, no signals can be observed above the 
limit 216-1. In contrary to the background, which affects all genes, the satu-
ration only affects genes that are highly expressed. The bias caused by satu-
ration can be reduced by considering data from a lower scanner setting (if 
such data are available). The drawback is that a lower scanner setting will 
increase the number of spots not found. Some methods combine data from 
several scanner settings; see, e.g. Bengtsson et al. (2004) and Dudley et al. 
(2002).  
 
A proper analysis will straighten the upper knee in the IC-curve and reduce 
the bias for the highly expressed DE-genes.  

 

3.5.3 Dye-Normalization 

 
The experimental procedures may introduce systematic differences between 
the channels. For example, labeling efficiency and scanner properties can 
differ between the channels. The dye-errors are visible in MA-plots where 
the M-values are not centered on zero and in IC-plots where the channels IC-
curves do not coincides, see Figures 3 and 5. Dye-normalization aims to put 
the channels IC-curves into a common scale, or equivalently to transform the 
data so that the M-values are centered on zero in the MA-plot.  
 
The simplest dye-normalization method assumes that the dye-errors are 
constant (constant normalization) across the array. The normalized M-val-

ues, M
~

, are obtained by subtracting the estimated dye-error ĉ  from the M-

values, i.e. cMM ˆ~
−= . The constant c is commonly estimated by the median 

of the M-values. However, the constant dye-error assumption is usually not 
valid. A less restrictive assumption is to assume that the dye-error is inten-
sity-dependent. Several dye-normalization methods assume that the dye-
error can be approximated by a function that depends on the average log-
intensity A. In the simplest case it is assumed that the dye-error function is 
linear (linear normalization). The dye-error c(A) is then estimated by linear 
regression. This approach is generalized in Yang et al. (2002) where they 
considered a non-linear model and estimated c(A) by using local weighted 
regression, loess. The loess normalization is commonly used and is referred 
to as MA-normalization. Figure 6 shows how the different types of dye- 
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A B

DC

 
 

Figure 6 The MA-plot for different types of dye-normalizations. A: Raw data (no normaliza-

tion). B: Constant normalization (median subtraction). C: Linear normalization. D: MA-norma-

lization.  

 
 
normalization methods affect the MA-plot. For both linear and MA-normali-

zation the normalized M-values are obtained as ( )AcMM ˆ~
−= , where ( )Aĉ  

is the estimated dye-error function. 
 
In Paper III we propose a generalization of the MA-normalization, the MC-
normalization. The MC-normalization assumes that the dye-error can be 
approximated by a function that depends on the channels’ individual log2-
intensities rather than the A-values. 
 
So far we have assumed that the dye-error functions are the same over the 
array and that the dye-error can be estimated by a single function. There are 
reasons to believe that there may be spatial dependencies on the array. For 
example, spot quality may vary over the array. Uneven hybridization and 
washing may also introduce spatial dependencies.  
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One way to deal with spatial dependency is to estimate the dye-error func-
tions for different regions of the array. For example, let ( )Ac iˆ  denote the 

estimated MA-loess function for the ith region. Then the normalized M-val-

ues for all spots in the ith region are obtained as ( )AcMM i
ˆ~

−= . Yang et al. 

(2002) suggested that the dye-error function should be estimated by loess 
separately on each print-tip. A print-tip is the subset of spots printed at the 
same time by the robotic spotter. This method is commonly referred to as the 
print-tip MA-normalization. The use of print-tip normalization generally 
increases the sensitivity of the analysis. Another method to correct for the 
spatial dependency on the array is suggested by Wilson et al. (2003). They 
propose a method to estimate the spatial trend on the array.  
 
Various other normalization methods have been suggested. For example, 
Quantile normalization, introduced by Bolstad et al. (2003), which norma-
lizes the channels’ distributions. This method is commonly used when nor-
malizing between arrays in a one-channel microarray experiment, but it can 
also be used in two-channel experiment though it is argued to be too aggres-
sive in this case (Ballman et al., 2004).  

 

3.6 Identifying DE-genes 

The main objective with using microarrays is to search for DE-genes. There 
are three factors that make this a big challenge: 
 

• The number of arrays is commonly small, often less than 10 arrays. 
• The number of simultaneous tests is large, often several thousands. 
• Only a small fraction of the genes (~1%) is supposed to be truly diffe-

rentially expressed.  
 
The search for genes which show good evidence of being differentially ex-
pressed can be divided into two separate parts. The first consists of selecting 
a statistic which ranks the genes in order, where the first gene shows highest 
evidence of being differentially expressed. The second part consists of 
choosing a critical-value for the ranking statistic. Genes above this critical-
value are declared to be differentially expressed by the test. 
 
The aim of the two parts (selecting a statistic and choosing a critical-value) is 
to reduce the number of genes into a reasonable small subset of interesting 
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genes. The reason for this is that only a limited number of genes can be fol-
lowed up by more accurate methods, such as quantitative real time polyme-
rase chain reaction (qRT-PCR).  
 

 
3.6.1 The choice of test-statistic  

 

The test-statistics that are discussed here assume that the experiment pro-
duces paired data and that the test can be based on the arrays’ M-values.  
 
The simplest ranking statistic is to rank the genes according to the absolute 

value of the genes’ average M-values, i.e. nM . This is known to be a poor 

choice since a large extreme average M-value can be driven by an outlier. An 
alternative is to use is the traditional t-statistic to rank the genes,  
 

n

n
n

SE

M
t = , 

 
where SEn is the standard error of the nth gene. There are some serious 
problems with the t-statistic. A gene with an average log2-ratio close to zero 
might have an extreme t-statistic due to a very low standard error. This is 
generally not a problem, but since we do several thousands of tests some 
genes get, by pure chance, very low standard errors. 
 
Several modifications of the t-test have been suggested in the literature 
aiming to prevent genes with very low standard error to produce extreme t-
statistics. An ad hoc solution to this problem is to exclude genes with ex-
treme t-statistics but with a low absolute average M-value. A more sophisti-
cated solution to the problem was introduced in Tusher et al. (2001). They 
suggested using the so-called S-statistic, in which a small constant is added 
to the standard errors.  
 
Another solution is to weight the standard deviation for a particular gene 
with an estimate of the standard deviation based on all genes on the array 
(Baldi and Long, 2001). This test-statistic is often referred to as the regula-
rized t-statistic and is defined as 
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where gSE  is the global estimate of the standard error, k is the number of 

arrays and v0 is a tunable parameter that determines the relative contribu-
tions of gene-specific and global variances. 
  
Another commonly used test is the B-test, which is an empirical Bayes me-
thod developed by Lönnstedt and Speed (2002). The B-value for gene n is a 
log posterior odds ratio for the gene to be differentially expressed, versus to 
be non-differentially expressed, given the observed M-values for all genes 
and arrays. The expression for Bn is:  
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where 2
ns  is the sample variance for gene n, k is the number of arrays, p is 

the proportion of DE-genes and a, υ and c are hyperparameters. For more 
details and definitions of the hyperparameters we refer to Lönnstedt and 
Speed (2002). For a review of statistical tests for differentially expression in 
cDNA microarray experiments see Cui and Churchill (2003). 
 
 
3.6.2 Critical-value determination and false discovery rate 

After ranking the genes one needs to choose a critical-value for the ranking 
statistic. Genes with a more extreme value than the critical value are de-
clared as differentially expressed. Let us consider an experiment with N 
genes and let p denote the proportion of genes that are truly differentially 
expressed. Then the outcome of a test can be summarized as in Table 3.  
 

Ideally, one would like to choose a critical value that minimizes the number 
false positives (FP) and the number of false negatives (FN). This is equivalent 
to maximizing the experiment’s specificity, i.e. TN /N(1-p), and sensitivity, 
i.e. TP/Np. Unfortunately, there is a trade-off between these two desires. If  
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Table 3 Outcome of an analysis of an experiment with N genes, where the proportion of true 

DE-genes is p. S genes are declared as differentially expressed by the test. Those genes are either 

true positives (TP) or false positives (FP). N-S genes are declared as non-differentially expressed 

(NDE) by the test. Those genes are either true negatives (TN) or false negatives (FN).  

 

 Declared as NDE Declared as DE Total 

True NDE true negative (TN) false positive (FP) N(1-p) 

True DE false negative (FN) true positive (TP) Np 

Total N-S S N 

 
 

one increases the specificity of the test, then the sensitivity will decrease and 
vice versa.  

The most stringent approach to multiple testing is to control for the family-
wise error rate (FWER), which is the probability of having at least one false 
positive among the genes declared as differentially expressed. However, in a 
microarray setting where thousands of tests are performed FWER-methods 
(such as Bonferroni correction) are considered to be too conservative, see, 
e.g. Dudoit et al. (2002), Pawitan et al. (2005) and Tusher et al. (2001).  

It can be argued that falsely declaring a handful of genes as differentially 
expressed will not be a serious problem if the majority of the declared DE-
genes are correctly chosen. A less stringent and therefore more powerful 
method is to control the experiment’s false discovery rate (FDR) defined as  
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where FP and TP denote the number of false and true positives and p is the 
proportion of true DE-genes.  

 
Several methods for controlling the experiment’s FDR have been suggested. 
See, e.g. Benjamini and Hochberg (1995) and Tusher et al. (2001). Different 
approaches to multiple hypotheses testing in the context of DNA microarray 
experiment are discussed in Dudoit et al. (2003). 
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3.7 Evaluation of pre-processing methods 

Microarray analysis has been a hot research field for the last decade and 
numerous methods have been suggested. Evaluation studies, comparing the 
performances of different analyses, are important to understand how to use 
these methods. Allison et al. (2006) use the following words to stress the 
importance of evaluation;  

“In many areas (for example, cluster-analysis algorithms, normalization 
algorithms and false-discovery-rate estimation procedures), the need for 

thoroughly evaluating existing techniques currently seems to outweigh the 

need to develop new techniques”.  
 
We claim that if the aim of the experiment is to identify DE-genes, then the 
performance of a microarray analysis is characterized by its sensitivity at a 
reasonable FDR (usually around 5-10%) and its ability to correctly estimate 
the regulation of the DE-genes (i.e. the experiment’s bias). The bias of a DE-
gene is the expected difference between the observed and true regulation. 
The reflected bias (see Paper III for details) is an estimate of the experi-
ment’s combined bias and can be used to identify analyses that generally 
underestimate the regulation of DE-genes.  
 
Neither the sensitivity nor the bias can be estimated using ordinary microar-
ray data. Instead simulated data or so-called spike-in data need to be used. 
In a spike-in experiment all the concentrations of the genes are known, since 
the genes are spiked with known concentrations of RNA. There are two ad-
vantages using spike-in data. The first is that the key-measures (sensitivity 
and bias) can be estimated. The second is that the experimental steps in 
spike-in experiment are the same as in an ordinary microarray experiment. 
This implies that spike-in data are subject to the same technical variation as 
real data. The alternative, to use simulated data, demands that we can simu-
late realistic microarray data, which is very difficult.  
 
In Papers II and III we use data from a large-scale spike-in experiment with 
8 arrays and approximately 10.000 genes. Several methods were evaluated 
by considering the reflected bias and the sensitivity at approximately 5% 
FDR.  
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3.8 Summary of Papers II-IV  
 

 

3.8.1  Paper II: Bioinformatic Strategies for cDNA-Microarray 

Data Processing 

 
Paper II explains the general effects of applying some commonly used pre-
processing methods on cDNA-microarray data. Pre-processing is necessary 
in order to draw reliable biological conclusions and may include image anal-
ysis, background correction, dye-normalization and filtering. The actions are 
highly dependent on each other and therefore it is necessary to study com-
plete analyses of the data. On the other hand, for each sub-process one can 
choose between several alternative methods which make the total number of 
available analyses vast.  

In this paper we use data from eight in-house produced spike-in cDNA mi-
croarrays to illustrate the general principals of different pre-processing pro-
cedures and show how they affect the experiments sensitivity and bias. The 
result shows that pre-processing has major impact on the performance of the 
downstream analysis. 

  

3.8.2  Paper III: MC-Normalization: A novel Method for Dye-

Normalization of Two-Channel Microarray Data 

 

Paper III introduces a novel dye-normalization cDNA microarray data. The 
widely used MA-normalization aims to normalize the M-values according to 
average intensity of the gene. The MA-normalization is appropriate for all 
non-differentially expressed genes but will introduce bias to the DE-genes. 
The proposed MC-normalization, where C stands for channel-wise, aims to 
let the channels’ individual intensities determine the correction instead.  
 
In this paper we give theoretical proofs that, under some mild assumptions, 
the MC-normalization has lower bias than the MA-normalization. Both the 
MA- and the MC-normalization are evaluated using spike-in data from an in-
house produced cDNA-experiment and a public available Agilent-experi-
ment. The two normalization-methods are applied on both background and 
non-background corrected data as well as on the complete array or sepa-
rately on each print-tip. For each analysis the sensitivity, the bias and two 
variance measures are estimated. The spike-in evaluations confirm that the 
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MC-normalization has considerably lower bias than the commonly used MA-
normalization. Furthermore, the evaluation suggests that the MC- and MA-
normalization have similar sensitivity. 
 
  
3.8.3 Paper IV: MicroRNA-microarray data analysis in the 

presence of FFPE storage time-effect 

Paper IV suggests that the storage time of formalin fixed and paraffin em-
bedded (FFPE) tissue samples introduce bias to the microarray data which 
cannot be removed using standard normalization methods. We use micro-
RNA-microarray data from a tongue-cancer study in which the storage time 
of the samples varies between 0 and 11 years. 

FFPE is the standard method for preserving patient samples for diagnostic 
purposes and millions of FFPE blocks are stored around the world. While 
FFPE is an excellent method for preserving samples it may cause modifica-
tion and degradation of nucleic acids. However, a number of studies have 
shown that microRNA-microarray data from FFPE samples correlate well 
with fresh frozen samples. Nevertheless, an initial visualization of the ton-
gue-cancer data, using principal component analysis, showed that the first 
principal component separated the samples according to their storage times 
and explained 56.1% of the total variation. This storage time effect was 
shown to be significant and some results suggested that it was causal. Inte-
restingly, the microRNAs were unequally affected by storage and this could 
partially be explained by sequence characteristics.  

A novel procedure for normalizing the bias introduced by FFPE-storage is 
proposed. The proposed normalization method removes the storage time 
bias and is shown to have a large impact on the ability of the analysis to 
identify differentially expressed microRNAs.  
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