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Mathematical methods in Microarray technology

Pauline Mattsson

Sammanfattning

Microarray teknologi är en metod som har fått ökad betydelse de senaste åren. Med hjälp av

endast ett chip kan man analysera upp till 12 000 gener samtidigt. Microarrayer används bla.

inom läkemedels industrin och farmaceutisk forskning för att undersöka hur gener regleras

vid olika behandlingar och tillsatser.

Detta examensarbete behandlar olika aspekter vad gäller matematiska metoder som möjliggör

jämförelser mellan flera olika chips och olika behandlingar. För att jämföra olika chips

föreslås en normalisering som minskar de biologiska och mänskliga faktorer som

provberedningar, och tekniska faktorer som scanner (läsning av chips). Arbetet tar upp en rad

statistiska metoder.

Examensarbete 20 p  i Molekylärbioteknikprogrammet

Uppsala universitet juni 2002
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1. Introduction

The microarray is a relatively new technique. But considering the amount of data that you get

from only one chip has made this method increasingly popular. Applications of microarrays

range from the study of gene expression in different genomes under different environmental

stress condition, to the study of response in gene expression in differently treated samples.

Microarrays can help understanding gene regulation and interactions, and the technique has

proven to be very important in pharmaceutical and clinical research [1].

Microarray experiments require a wide range of different computational techniques, including

image processing, database design, as well as data storage and analysis. Microarray data also

needs to be interpreted in the context of other biological knowledge that involves various

“post-genomic” informatic areas, including gene networks, gene pathways and gene

ontologies [6].

1.1 Purpose

The purpose of this report is to focus on the different methods that can be used to compare

different microarray chips and also to develop different statistical methods that make it

possible to compare different gene expression levels.

1.2 Report outline

This report first describes the microarray technique in general and different kinds of software

that can be used when analyzing microarray data. The report then describes different

statistical methods and how they should be used. In this case there are four different chips that

are compared: one control sample and three other samples with different treatments. Finally,

the results are presented and compared between the different samples.



2. Microarray technique

There are different types of microarray chips, all based on the same theory. The microarrays

used in these experiments are oligo microarrays from Affymetrics. The microarrays are used

to measure mRNA levels, or rather concentrations, by labelling the sample with a dye and

then allowing it to bind to spots on the array. The spots contain either short DNA oligomers or

longer DNA sequences designed to complement the mRNA of interest. The two different

lengths of DNA give rise to two different techniques: oligo and cDNA arrays. Oligo arrays

are created by photolithography techniques to synthesize oligomers directly on the glass slide.

In contrast the cDNA arrays are created by mechanical gridding. This is a technique where

there are multiple colour channels on the same array [2]. The principle of the microarray

technology is shown in figure 1.

Fig 1. The principle of microarray techniques.

Source: Illustration used with permission from

www.ym.edu.tw/excellence/HBP/HBP_CP4/procedure.htm.



2.1 Affymetrix procedure

The Affymetrix procedure consists of five different steps and is illustrated with figure 2. The

output from each step is a file.

Fig 2. The Affymetrix software produces six different files that can be

used for different purposes.

Source: Authors modification with permission from Affymetrix

Microarray Suite 4.0 User Guide 2000.

The first step where the *.exp file is created consists of setting up an experiment, selecting the

associated probe array type and entering other relevant information. When the probe array is

ready to be scanned this is done with a scan that is based on epifluorescence confocal

microscopy and uses an argon-ion laser to excite the fluorophores at 488 nm. As the surface

of the probe array is scanned, a photomultiplier tube collects and converts the fluorescence

emission into a numeric value by means of an analog to digital converter. These digital

intensity values are collected from discrete areas (pixels) on the array surface and are stored in



an image file (binary) *.dat file. The Microarray Suite [10,11] analyses the image and derives

a single intensity value for each probe cell on an array. These data are automatically generated

and saved to the cell intensity file *.cel. It contains a single intensity value for each probe cell

delineated by the grid. The data analysis is done from the *.cel file using the Affymetrix

algorithm, explained in chapter 4.1, that generates the analysis output or chip file *.chp. The

results from the chip file can then be saved as a *.txt file that can be used for further analyses

in different softwares. The report file (*.rpt) generated from the analysis output file (*.chp)

gives an overview over the output file and calculates the average values of all probe cells

[10,11].

The Affymetrix technology represents a gene through a set of probes [1]. These probes

correspond to short oligonucleotide sequences of 25 nucleotides. Because such short

oligomers will frequently cross-hybridise with several genes it is required that each gene must

be measured by several oligomers. In the case of Affymetrix this number is 16-20 [2].

Each oligonucleotide sequence is represented by two probes: one perfect match oligomer

(PM), that represents the exact sequence of the chosen fragment of a gene and one with a

mismatch oligomer (MM), that has the same sequence as its corresponding perfect match

oligomer except for at one position, the 13th, which is designed to be different [3](see figure 3

and 4). The MM is supposed to account for the fact that short oligomers can have non-specific

binding and can vary in their hybridisation efficiency. The amount of specific hybridisation

can then be measured by taking the difference in hybridisation between the perfect match and

its corresponding mismatch (more on this in the chapter about the Affymetrix algorithm) [2].



Fig 3. The Affymetrix oligo array structure with one mismatch probe.

Source: Authors modification with permission from Affymetrix Microarray Suite

4.0 User Guide 2000.

Fig 4. A scanned image view of the probes.

Source: Authors modification with permission from Affymetrix Microarray Suite

4.0 User Guide 2000.



2.2 GeneSpring

GeneSpring by SiliconGenetics [12] is software for analyzing and visualizing genomic

expression data from microarray, in this case the Affymetrix chips. But it is not restricted to

only microarrays as long as the input file is in the Affymetrix a *.txt file format any analyses

can be done [12].



3. Normalization

Normalization is the mathematical method used to eliminate the intra- and inter-differences

between the probe sets. The variations between the chips may come from human factors like

sample preparation, hybridisation conditions, staining and technical factors like scanner and

fluid station [5].

Both GeneSpring and Affymetrix have their own normalization methods. Affymetrix

terminology distinguishes between scaling and normalization [10,11]. In the GeneSpring

software there are five elementary normalization techniques and two specified methods [12].

These techniques can be used one at a time or all together. Typically most experiments need

either a “per chip” normalization and one “per gene” normalization, or one “per spot”

normalization and one “per chip” normalization

“Per chip” normalization is done to adjust for different intensity levels between chips. “Per

gene” normalization is done to adjust for different hybridisation efficiencies between genes

[5]. It compensates for the fact that genes with more cytosine and guanine in their sequences

bind better to the mRNA than the genes expressed at similar levels but with higher

preponderance of adenine and thymine in their sequences. “Per chip” normalization to

compensate for different hybridisation efficiencies but can also be performed by use of a

competitive array rather than a one colour array [12].

“Per gene” normalizations scale different genes so that they can be viewed and analyzed in a

common frame. Genes may be generally expressed at different overall levels, and/or bind at

different efficiencies to the chip. Putting all genes on a common relative scale also make it

possible to take a scaled median of all samples, or to specific reference (control) samples [12].

“Per spot” normalization should be used for two or more colour arrays where one of the

channels is designed to be the control, for example a wildtype without any treatment. The

control channels will function as a baseline. When using this kind of normalization there is no

need for the per gene normalization [12]. The “per spot” normalization will not be used in the

experiments reported in this work, because the Affymetrix chips used are not two colour

chips.



3.1 Affymetrix Scaling

The scaling algorithm is used to minimize the differences in overall signal intensities between

two arrays allowing for more reliable detection of biologically relevant changes in the

samples. In global scaling the output of any experiment is multiplied by a factor, SF, to make

the experiment Average Intensity equal to an arbitrary Target Intensity that is set by the user.

This scaling factor allows a number of experiments to become normalized to one Target

Intensity and thus allows comparison between any two or several experiments (see fig 5)

[10,11].

Fig 5. Affymetrix scaling factor calculation.

Source:  Authors modification with permission from Affymetrix Microarray Suite

4.0 User Guide 2000.

The scale factor is calculated according to the following formula:

Target Intensity = Scale Factor ∗ Average Intensity probe array                            (1)

3.2 Affymetrix Normalization

The Global Normalization is the computational technique in which the output of the

experimental array is multiplied by a factor, NF, to make its Average Intensity equivalent to

the Average Intensity of the baseline array that corresponds to an imported Baseline

Comparison File. This is a file containing a sample that will function as a control sample,

which the experiment will be normalized to (see figure 6) [10].



Fig 6. Affymetrix normalization calculation.

Source: Authors modification with permission from Affymetrix Microarray Suite

4.0 User Guide 2000.

3.3 GeneSpring Normalization

GeneSpring assumes the data you have entered is raw data and needs to be normalized. But if

the data already has been normalized with another software than GeneSpring this is not a

problem since there is an option for keeping the pre-normalized data. It is possible to

normalize the data to control values: both negative controls, like background and noise

subtraction, or a positive control, for example mRNA from another genome or housekeeping

genes, which is used to adjust for differences in the amount of exposure between samples. The

most common way to correct for systematic variation is by normalizing to the ″distributio of

all genes″ option. This kind of normalization assumes that the median signal intensity of the

genes on the chip stays relatively constant throughout the experiment. If the total number of

expressed genes in the experiment changes dramatically due to true biological activity

(causing the median of one chip to be much higher than another chip), then it is better not to

normalize to the median of each chip. For these experiments, it is better to consider

normalizing to something else, such as positive controls. The option of normalizing to

constant values should be used when using a technology that calculates its own number for

normalization, as the scaling factor in Affymetrix. Normalization to the median for each gene

accounts for the difference in detection efficiency between spots. It also allows comparison of

the relative change in gene expression levels, as well as display of these levels in a similar

scale in one graph.



4. Algorithms

The *cel file contains the raw cell intensity before any background correction and

normalization is done. These cell intensity values are used for calculating the final probe

intensities both in the Affymetrix and in the Sasik algorithm, as will be discussed in section

4.1 and 4.2. The drawbacks and advantages will be discussed in the results and discussion

chapter.

4.1 Affymetrix absolute analysis algorithm

The analysis algorithm calculates a variety of metrics from the probe array intensities

measured by the scanner. Some metrics are used to calculate the background signal. First the

Average Intensity value for each probe cell is calculated. The probe arrays are scanned,

creating a total of 64 pixels per probe cell. A single intensity value for each probe cell is

calculated where the bordering, the utmost row, pixels are excluded. The remaining pixel

intensity distribution is calculated and the intensity value associated with 75% of the

distribution is used as the Average Intensity of the probe cell. The Background calculation

approximates the signal caused by auto-fluorescence of the array and non-specific binding.

The array is first divided into a user-defined number of normally 16 different sectors. The

average of the lowest 2% of the intensities from each of the 16 sectors gives the sectors

background intensity. This value is subtracted from the average intensities of all probe cells

within that sector, see figure 7 [10].

Fig 7. The Affymetrix procedure to calculate background and average intensities.

Source: Authors modification with permission from www.cse.ucsc.edu/~milovan/

244/proj.html.



When determining the change in expression of a given gene between two experiments, the

Average Difference is the metric used by the Affymetrix algorithm. The Average Difference

is calculated by taking the difference between the PM and MM pixel intensities of every

probe pair and averaging the differences over the entire probe set:

Avg Diff = ∑ (PM – MM) / (Number of included pairs in a probe set)               (2)

Each transcript or probe set has three possible Absolute Call outcomes: Present (P), Absent

(A) or Marginal (M). Each of the calls is derived from the Pos/Neg, Positive fraction and Log

Avg absolute call metrics defined below. These metrics are weighted and entered into a

decision matrix to determine the status of the transcript. User modified thresholds, called min

and max, govern the way each metrics value will influence the call for every transcript [12].

An example is given in figure 8.

In figure 8, Positive/Negative Ratio = #Pos. probe pairs / #Neg. probe pairs, Positive Fraction

= #Pos. probe pairs / #Probe pairs used, and Log Average Ratio = 10*(∑ log2 (PM/MM)) /

(Pairs in average in a probe set).

A positive probe pair is the denomination for a probe pair where the intensity of a PM probe

cell is greater than the corresponding MM probe cell. If the MM intensity is greater the probe

pair is termed Negative probe pair

Fig 8. Calculation of absolute call: Absent, Marginal or Present are the

possible outcomes.

Source: Authors modification with permission from Affymetrix Microarray

Suite 4.0 User Guide 2000.



4.2 Sasik algorithm

In this algorithm the *.cel file is used and the PM probe intensity is assumed to be directly

proportional to the concentration of the transcript [4]. First, all samples are normalized to the

first sample by requiring that the entire intensity of a sample (total sum of the PM pixel

values) is the same as that of the first sample. Then the background calculation is done. A PM

probe is considered to be a background probe if its intensity is within a neighbourhood of the

corresponding MM probe intensity. The neighbourhood value is not that sensitive but is

recommended by Sasik within an interval of 50 units. The median of the background probe

intensity is subtracted from every PM probe in the array. The probes whose intensity becomes

negative after this background subtraction are eliminated. The sample is normalized again to

the first one as described above.

The following formula is constructed:

sσ
2 = ∑ijε ij

2 / σ2                                                                                   (3)

where σ is the standard deviation of the Gaussian core of the residual distribution, of the
errors.

The purpose of this method is to minimize the sum of squares ∑ijε ij
2 over each sample, i =

1…ns number of samples, and j = 1…np over each probe and to eliminate outliers. The

normality of the residual, errors, is based on the fact that ∑ijε ij
2 has a χ2-distribution with n

degrees of freedom. If the distribution of the residuals is found significantly non-Gaussian the

probe that contributes most to the sum of square is eliminated, an outlier.  A measurement of

this is when the p-value (p≡P(χ2 ≥ sσ
2)) derived from a χ2-distribution is small. When this

condition holds true the distribution is non-Gaussian (has outliers) and the process of

eliminating the contributed probes continues. When the p-value is large and when the

distribution becomes Gaussian the iteration stops. A graphical illustration of a Normal

distribution is shown in figure 9.



Fig 9. Normal distribution.

The p-value of a gene is calculated as following: First a p-value is calculated for all the probes

and samples, i*j. A p-value of 1 is assigned to probes rejected in the iteration found from the

background probe distribution specific to that sample. If the probe intensities were

independent of each other, the p-value of a probe set would be given by the product of p-

values of the probes in that set. Even if the probe sets are different the mean of the p-value of

its constituent probes are calculated [4].



5. Statistical methods

There are several methods to find genes that are differentially regulated. Depending on the

number of experiments and the number of replicates different methods should be used. In the

following, several methods that can be used both for comparing control and experiments and

for comparison between multiple experiments are presented.

5.1 Fold change

This method considers a fold change to be significant when there exist at least a two or three

fold difference between the control and the experiment [2,8,9]. This method is often used

because it is easy to perform and intuitive. Choosing the logarithm of the ratio between the

experiment/control assume that the ratio follows a Gaussian distribution, since the logarithms

of a log normally distributed random variable are normally distributed [13]. However the

method has two negative drawbacks. The first one is that when an experiment does not result

in a two-fold change, no genes at all will be selected. The contrary occurs when an

experiment changes dramatically; the method will select too many genes and have low

specificity. The second disadvantage is that since the microarray technique has high

background and noise levels, the fold change gives little information about actual regulation

for genes with low expression levels [1].

5.2 Univariate statistical tests (t-test)

Univariate statistical tests are used for analysing two conditions with replicates. The replicates

can represent either a resample of a single cell type or tissue, or samples from similar cell

types or tissues. The first strategy reduces the problems with chip noise, such as those

originating from variations in the microarray production and hybridisation. The second

strategy reduces the problems with biological noise originating from the variability across

different biological samples [2].

When performing a t-test the assumption is that the replicates have a normal distribution [2].

The t-test measures the difference between two samples means, based on the amount of

variability or standard error. The most common univariate test is the student t-test. The t-test

exists for two different cases: variances assumed equal and variances assumed non-equal [12].

The assumption of unequal variance is considered the best method when dealing with gene



expression analysis [2]. The parametric test without equal variances makes fewer assumptions

on the distribution of the data and does not give up much statistical power for protection [12].

5.3 ANOVA

ANOVA (one-way analysis of variance) is a test used to compare multiple groups. It is also

known as the F-test. Like the t-test, ANOVA assumes that the replicates under each condition

are drawn from a normal distribution [2]. ANOVA compares two estimates of variance. One

estimates the variability of mean expression levels within groups and the variability of mean

expression levels between groups. If the between group estimates have a much higher values

than within group estimates, the F value will be high and the groups are predicted to have

different means [2].

A more detailed explanation on how Genespring calculates the t-test and ANOVA can be

found in the Appendix.

5.4 Non-parametric comparisons

The non-parametric method does not assume that the data are normally distributed [2]. In the

non-parametric tests the expression levels are replaced with ranks, for each gene [12]. The

Wilcoxon test (also called the Mann-Whitney test) is used when two groups are to be tested

[1]. For each of the two groups the sum of ranks for each sample is calculated.

5.5 Correction

Microarray analysis makes it possible to study thousands of genes at the same time. This

results in some genes showing significantly different expression levels by chance [1]. For

example if 10000 genes were tested at the significance level 0.05 then 500 genes would be

misidentified. One way to handle this problem is to modify the p-value to account for the

number of tests being performed.

There are several methods for this type of correction in Genespring.  The Bonferroni

correction is a method that concerns for problems arising from multiple, the case of more than

one test in a study. To adjust for these kind of errors the alpha level should be adjusted. The

alpha level is the chance taken by the researcher to make a type one-error [14]. A type one

error is rejecting the null hypothesis when it is true. For example at a significance level of

0.05 there is a 1 in 20 chance of making a type one error. At a 0.05 significance level there is



a 0.95 chance of failing to reject a H0. If there are 10 tests there is a 0.9510 chance that none

will be significant even if H0 is true [15]. The correction is to adjust the significant level with

the number of tests performed. For a microarray containing N genes only the genes that have

p-values less than _/N would be chosen [2,12]. For example, with 10 tests and a significance

level of 0.05 the adjusted alpha is 0.05/10 = 0.005. The significance of each test is assessed at

this level. If they are rejected they are significant at 0.05 not the adjusted value of 0.005.

Some authors have proven that the Bonferroni becomes very narrow or conservative when the

numbers of tests or comparison growths. Therefore a modification of the Bonferroni was

suggested that have less of an impact on the statistical power. The biggest advantage of this

method is that it does not require any assumptions (model or distribution related) and

therefore can be applied to any family of pairwise comparisons [16]. The test is performed as

follows: The significance values obtained from the multiple tests are ranked from smallest to

largest. The significance of the first test at alpha/number of tests is evaluated, as the simple

Bonferroni test above. If the test statistic ”gene” is statistically significant after this

adjustment, the test with the next largest significance ”gene” is considered. Evaluate this test

statistic at alpha / (number of tests - 1). If this test statistic is significant after the adjustment,

proceed to the third significance value and evaluate it at alpha/(number of tests - 2) [12,16].

This procedure is continued until a non-significant test statistic result is obtained.

The Westfall-Young method is used when the null distribution of the test statistic is unknown.

Instead the adjusted p-values are estimated by permutation. Neither of the above methods,

Bonferroni and Holm, takes into account the dependence between the different variables.

Because co-regulation is common in microarray experiments, groups of genes seem to have

high correlation expression [17]. The Westfall-Young p-values account for correlations and

are usually smaller than those of Bonferroni-Holm, thus the Westfall-Young method allows

more significances than does Bonferroni-Holm.. P-values are evaluated using a step-down

procedure as in the Holm procedure [18]. This test accounts for the dependence structure

between genes, and should be more accurate than the Bonferroni or Holm procedure.

However, the permutation process is computationally demanding [1,12].

The Benjamini Hochberg model is different from the rest of the methods in the sense of

testing the false discovery rate (FDR) while the other three tests controls for the error rate.

The FDR defines the proportion of genes expected to be incorrectly identified by chance



relative to the total number of genes called significant [12]. The method is performed as

follow: If H1…. Hm are the null hypotheses and p1≤….≤ pm are the independent p-values than

the following statement has to be true to reject H1... Hk:  k is the largest i for which pi ≤

(i/m)*q for i = 1,…,m. This is the step-up procedure to control the false discovery rate at level

q. If pi>(i/m)*q then no hypothesis is rejected [18].

5.6 Global error model

The Global error model is mostly known as the Rocke and Lorenzato model. This model can

be used when no replicates are available. The ability to perform replicates is often reduced by

the fact of the high costs to perform several replicates. But the model can also be used for

experiments with measurement variation like; the variation of a gene on a single chip around

the true value that would be achieved by a perfect measurement of the expression level of the

gene for that sample - or for sample to sample variation, representing biological or sampling

variation between samples [12].

The Rocke and Lorenzato model is based on a Weighted Least Square (WLS) regression of

the sample standard deviation, in this case the expression level, so that the variability at lower

expression levels is given a greater weight than the variability at higher expression levels.

The model is based on the following formula:

y = α + µeη + ε                                                            (4)

α is the mean background (mean expression level of unexpressed genes), y is the intensity

measurement, µ is the expression level, ε is the error term and represents the standard

deviation of the background and η is also an error term but based on the proportional error

that always exists.

Most of the errors in microarrays are based on µ. Variations within replicates at the same

level µ is usually much smaller.

The variance of the intensity level is calculated and can then be used as a measurement for

”high” and  ”low” expression levels.



A ”low” expression level according to Rocke and Durbin 2001 is defined as:

µ ≥ 3σε / Sη                                                                                         (5)

where S2
η is the approximate standard deviation S2

η = e^(σ2
η) *[e^(σ2

η) – 1] [19].

5.7 Clustering

Clustering is a term used to describe methods for grouping genes that have similar expression

patterns. If the genes that are clustered together are examined new associations can be

discovered or in general, known associations are rediscovered in this procedure, one can take

advantage of knowledge about known transcription factors, regulatory elements as well as

sequence or structure information [7].

There are several methods for performing cluster analysis including hierarchical clustering, k-

means clustering and self-organizing maps (SOM). A hierarchical classification organizes the

data into a dendrogram or tree structure [2]. The genes or samples that have similar

expression patterns are clustered together. The distance between the genes or as far away

across the tree you can go and still find a subtree containing samples or genes is a measure of

how closely correlated those samples or genes are [12]. K-means clustering divides genes into

some number of groups, in gene order. Centroids are calculated for each group as averages of

the expression profiles. Genes are reassigned to the group with the highest similarity

(correlation or least square method) between the expression profile for the gene and the group

centroid. Group centroids are then recalculated and the process is iterated until all genes are

placed into one group. A self-organizing map is a way of exploring and mapping the

variations in expression patterns within an experiment. The method is similar to k-mean

clustering, but results in a grid pattern with adjacent groups being more similar than genes

further away.



6. Materials and method

The samples were prepared according to the standard protocols available from the Affymetrix

home page (www.affymetrix.com). The tissue used for this experiment was mouse prostate.

One control sample only underwent SHAM surgery. The three other samples were treated

differently. The first sample was treated with GDX, gonadectomie the two other samples were

treated with the hormone 5α-dihydrotestosterone 3 hours resp. 24 hours. Each of the three

treatments had three replicates. A biotin antibody was added in the purpose to increase the

intensity level. The samples were then hybridized to an Affymetrix chip MG_U74Av2. The

chips were scanned and the target intensities were calculated using the Affymetrix Microarray

Suite. GeneSpring was used for further statistical analysis. The procedure is shown in figure

10.

Fig 10. The Affymetrix procedure starting with the cDNA synthesis finishing with the scanned

image of themicroarray.



Source: Illustration used with permission from

arrays.rockefeller.edu/obesity/adipose/Genechip_methods_flowchart.gif.

7. Results and discussion

7.1 Normalization

A two-array analysis comparing two replicates is here represented graphically in a scatterplot,

with one sample on the x-axis and a replicate on the y-axis. If the two arrays were exactly the

same, all the genes would have points on the identity line y = x, shown here as a black line.

Fig 11. Scatterplots showing replicates before normalization and scaling. The

graph on the right in log form.

The results in figure 11 show that the two samples are not exactly equal. As discussed in the

chapter about normalization, many factors enter into the process of inferring the true

expression levels from the observed intensity levels. A factor like the concentration of mRNA

differs, and also the binding affinity can cause the dispersion.



Fig 12. Scatterplots showing replicates with no normalization but Affymetrix

scaling. The graph on the right is in log form.

In order to correct differences between the two arrays, shown in figure 12, normalization is

done. In this case the Affymetrix Scaling Factor is used and the Target Intensity used is 800.

The graph shows that the values from the two arrays now follow the identity line y = x, since

the scaling factor reduces the differences between arrays by scaling them to target intensity.

Fig 13. Scatterplots showing an array with no antibody on

the x-axis and with antibody on the y-axis.



This graph (figure 13) shows the difference before and after adding the antibody. The

intensity is much stronger after the antibody and that is why it is better to use antibodies if the

signals are not too high.

7.2 Replicates

Both the Sasik algorithm and the Affymetrix algorithm (see figure 12) show that the replicates

are similar and therefore the averages of the measurements for each gene were calculated.

7.3 Statistical analysis

If the data sets are relatively equal and if the data are normally distributed the data are said to

be parametric and the variances are assumed to be equal. This option would tighten the

stringency the data analysis. Because it is difficult to say whether or not the samples are

similar it is safer to assume that the samples do not have the same variances. When using log

ratios it is an empirical fact that quantities derived from probe intensities, which is non-

Gaussian, becomes nearly normally distributed in the logarithmic space [13]. The assumption

is then that the data is parametric. When there are no replicates available the above analysis

cannot be made, because of the lack of degree of freedom. In this case a method using global

error is used. The results from the different statistical methods and the number of genes are

showed in table 1.



Numbers of cells identified as significantly different

p < 0.1 p < 0.5 p < 0.01

Parametric test:

Variance equal

- no correction 4955 3868 2198

- Bonferroni 103 76 33

- Bonferroni step-down (Holm) 103 76 33

- Benjamini and Hochberg 3020 2047 754

Variance unequal

- no correction 3400 2280 868

- Bonferroni 14 9 1

- Bonferroni step-down (Holm) 14 9 1

- Benjamini and Hochberg 524 179 19

Non-parametric test:

- no correction 3845 2962 1453

- Westfall and Young permutation 0 0 0

Global error model:

- no correction 1307 739 219

- Bonferroni 2 2 0

- Bonferroni step-down (Holm) 2 2 0

- Benjamini and Hochberg 37 19 0

Table 1. The number of genes identified by each statistical method.

According to the results the Bonferroni and the Bonferroni step-down (Holm) multiple

correction gives the same results. The numbers of genes are the same in both the global error

model as in the parametric test, assuming unequal as well as equal variance. It is not only the

number of genes that are the same the gene names are the same and the p-value for the

significant genes are equal to the third or fourth decimal position. According to the results

there is no significant difference between the two multiple testing correction methods. The



result also shows that the Bonferroni and the Bonferroni step-down are restrictive and only a

few genes pass the restrictions. The conclusion is that both the Bonferroni and the Bonferroni

step-down are unsuitable for gene expression analysis. Because of the large number of genes,

only few genes will be below the corrected p-value. This is probably a better method to use

when less genes or gene lists are tested.

Using a non-parametric test with a Westfall and Young permutation that is recommended in

[1] is not to recommend in this case. In the present study Westfall and Young predict that no

genes are significant for the three different p-values.

When using the global error model no multiple model correction should be chosen since

almost none of the genes are judged significant.

The Benjamini and Hochberg correction that GeneSpring suggest works fine for the

parametric test with variances assumed equal but can be too restrictive when assuming that

the variances are unequal.

Choosing the right statistical method is important as seen from the results. The most

economical way is to test the normality before choosing a parametric test. Even if though in

most cases the distribution is normal, it is better to test the distribution to be sure that the right

method is being used.  Another way to change the number of significant genes is to change

the p-value. This does not necessarily give a better result but lets more genes pass the

statistical test. When choosing a p-value of 1 all genes will pass the restriction.

7.4 Clustering

In the following clustering methods only the significantly interesting genes have been used.

These genes are selected with Spearman correlation. Depending on the interest and the

experiment interpretation one or several clustering methods can be used.

7.4.1 K-means clustering

As is described in chapter 5.7 K-means clustering divides genes into some number of equal

sized groups, in gene order.



Fig 14. K-means clustering with Spearman correlation.

The result (figure 14) shows how the genes with similar expression patterns are clustered

together and also how many genes each group contains. These groups can then be examined

more in detail to find out whether the similar correlated genes have similar known functions

and for genes with unknown functions can with the help of the association give more

knowledge about the function and the behavior.

7.4.2 Gene tree

The distance between the genes measures how closely correlated the genes are.



Fig 15. The significant genes presented in a gene tree

showing all the respective treatments.

The Figure 15 shows the four different conditions and the expression level for each gene in

each sample. This clustering method is recommended for a more detailed picture about how

the genes are correlated to each other and how they differ between the four different

conditions. It is also recommended to use a smaller set of genes since all genes (12488) can be

difficult to handle at once.

7.4.3 Self-organized mapping

A self-organizing map is a way of exploring and mapping the variations in expression patterns

within an experiment. In this case the clustering is made between the four different conditions

resulting in 12 (3×4) different graphs, see figure 16.
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Fig 16. Self-organizing map showing the four different conditions clustered

together.

The graphs show the genes that have similar expression patterns in the four different

conditions. This is interesting when different treatments are used and the aim is to examine

the difference in expression between each treatment. The gene lists can be examined in more

detail to find out if the same genes are expressed in two different treatments.

7.5 Comparing Affymetrix algorithm and Sasiks algorithm

A comparison between The Affymetrix algorithm and the Sasik algorithms shows that the

second algorithm has a lower error rate than the first one. By testing the two algorithms using

a pair of replicates (hybridized with the same RNA), 95,6% of the data point in the Sasik

model was found to lie within a 1,25 fold interval. In other words the model had a 4,4% error

rate. The error rate of the Affymetrix model was 28% [4].

The reason for this is that when the average difference between the perfect match and the

mismatch in the Affymetrix algorithm becomes negative the mismatch is considered adding

no information and the average intensity is not calculated (this holds for the new version of

Affymetrix algorithm; in the old version, the average difference was calculated but assigned



as a negative value). Sasiks model proposes that genes with negative values can still be

classified as present. The explanation for this is the subtraction of the mismatch. If the

mismatch probes measured hybridization that was non-specific to the sequence of the positive

probes this subtraction would be justified. Both Naef et al. and Sasik et al. have showed that

the mismatch probes are rather specific and cannot be considered an independent reference

[5,19].

A Spearman correlation test between the Affymetrix- and the Corbeil algorithm were done.

The gene intensities calculated with Affymetrix were selected with an ANOVA without

multiple corrections. The results from the four different samples indicate that the selected

genes have similar expression levels with correlation values ranging from 0.914-0.928. The p-

values calculated with the two algorithms have a correlation coefficient of 0.464. Because the

two methods are completely different it is interesting to compare what gene names are

considered significant in both analyzes. Those are genes that with reasonable support can be

said to change significantly between the treatments.



8. Concluding remarks

As seen from the results there still are major things to be done in microarray techniques. Both

the normalization and the statistical methods are not yet finally defined. Each laboratory

seems to have their own method of measuring microarray data and no standard protocol for

measuring the gene expression levels exists. It is very important to plan the experiment and

design the experiment according to the kind of measurements requested. It is also important to

choose the statistical methods to be used before producing the chips. This will save both time

and money. To be able to compare several microarray chips it is important to perform

normalization. As seen from the results this can be done in different ways depending on the

chip and sample. It is also suggested that some kind of statistical methods be used instead of

the fold different change that is not reliable enough. Microarray technology is an exploding

area and there are still several fields in need of further development.



Acknowledgments

I would like to thank everybody at CHUL that I have been working with and that helped me

with my project and that took their time to listen when I tried to express myself in French.  I

also would like to thank my supervisor Jean Morissette and a special thank to Pascal Belleaut

for teaching me, helping me and discussing with me.



References

[1] Draghici S. Statistical intelligence: effective analysis of high-density microarray. Wayne

     State University 2002. Detroit.

[2] Wu TD. Analysing gene expression data from DNA microarrays to identify candidate

genes. Journal of Pathology 2001; 195: 53-65.

[3] Chudin E., Walker R., Kosaka A., Wu SX., Rabert D., Chang TK., and Kreder DE.

Assessment of the relationship between signal intensities and transcript concentration for

Affymetrix GeneChip arrays. Genome Biology 2001; 3(1): 0005.1-0005.10.

[4] Sasik R., and Corbeil J. Statistical analysis of high-density oligonucleotide arrays: a

multiplicative noise model. Not yet published

[5] Yang YH., Dudoit S., Luu P., and Speed TP. Normalization for cDNA Microarray Data.

Nucleic Acids Res 2002; 30(4):e15.

[6] Bassett DE., Eisen MB., and Bouguski MS. Gene expression informatics –it’s all in your

mine. Nature Genetics 2001; vol 21: 51-55.

[7] Altman RB., and Raychaudhuri S. Whole-genome expression analysis: challenges beyond

clustering. Curr. Opin. Struct. Biol. 2001; 11: 340-347.

[8] Novak JP., Sladek R., and Hudson TJ. Characterization of variability in large-scale gene

expression data: implications for study design. Genomics 2002; 79(1): 104-13.

[9] Butte AJ., Ye J., Niederfellner G., Rett K., Häring HU., White MF., and Kohane S.

Determining significant fold differences in gene expression analysis. Pac. Symp.

Biocomput. 2001; 6-17.

[10] Affymetrix Microarray Suite 4.0 User Guide 2000. Affymetrix Inc. Santa Clara. CA.

[11] Affymetrix Microarray Suite 5.0 User Guide 2002. Affymetrix Inc. Santa Clara. CA.

[12] GeneSpring User Manual 2001. Silicon Genetics. Redwood City. CA.

[13]ReliaSoft. The lognormal distribution.

http://www.weibull.com/SystemRelWeb/the_lognormal_distribution.htm (2002).

[14] SISA.Bonferroni. http://home.clara.net/sisa/bonhlp.htm SISA (2002).

[15] http://149.170.199.144/resdesgn/bonferro.htm (2002).

[16] Pairwise comparison in SAS and SPSS.

http://www.uky.edu/ComputingCenter/SSTARS/MultipleComparisons_3.htm#b13

[17] Dudoit S., Yang Y.H., Callow M.J. and Speed T.P. Statistical methods for identifying

differentially expressed genes in replicated cDNA microarray experiments.

http://www.stat.berkeley.edu/users/terry/zarray/TechReport/578.pdf (2002).



[18] Benjamini Y., and Liu. W. A step-down multiple hypotheses testing procedure that

controls the false discovery rate under independence. Journal of Statistical Planning and

Inference 1999; 82: 163-170.

[19] Rocke DM., and Durbin B. A model for measurement error for gene expression array.

Journal of Computional Biology (2001); 8(6):557-569.

Readings

- Getz G., Levine E., and Domany E. Coupled two-way clustering analysis of gene

microarray data. Proc. Natl. Acad. Sci. 2000; vol. 97: 12079-12084.

- Duggan DJ., Bottner M., Chen Y., Meltzer P., and Trent JM. Expression profiling using

cDNA microarrays. Nature Genetics 1999; vol. 21: 10-14.

- Pavilidis P., and Noble WS. Analysis of strain and regional variation in gene expression in

mouse brain. Genome Biology 2001; 2(10): 0042.1-0042.15.

- Li C., and Wong WH. Model-based analysis of oligonucleotide arrays: Expression index

computation and outlier detection. Proc. Natl. Acad. Sci. 2001; Vol. 98: 31-36.

- NCBI Home Page. www.ncbi.nlm.nih.gov (2002).

- Affymetrix Technical Note. New Statistical Algorithms for Monitoring Gene Expression on

GeneChip Probe Arrays 2001. Affymetrix. Santa Clara. CA.

- Naef F., Lim D.A., Patil N., and Magnasco M.O. From features to expression: High-density

oligonucleotide array analysis revisited. xxx.lanl.gov/ps/physics/0102010 (2001).



Appendix

GeneSpring calculations for the t-test and ANOVA.

G = the number of groups

i = the index over G groups

Χik = the expression values with k running over the replicates.

N i = the number of non missing data values for each group

i = 1/ N i  Σ Χik the group means

SS = Σ (Χik - i)
2 the within group sum of square [deviations/errors]

For the parametric test without assuming equal variances:

wi = N i ((N i – 1) / SS i ) the group weights

W = Σ wi the sum of the weights

 = (Σ wi * i) / W the weighted mean

BSS = Σ wi( i - )2 the between groups sum of square, see the last SS.

d1 = G – 1 the degrees of freedom in the numerator

BMS = BSS / d1 the between groups mean squares

Z = (1/(G2 – 1)) * Σ (1 - wi/W) 2 / (N i – 1)

d2 = 1 / 3Z the denominator degrees of freedom

WMS = 1 + 2(G – 2)*Z the within group mean squares

W = BMS / WMS the test statistic

The p-value is calculated by looking up W of an f distribution with d1 and d2.

For parametric test, with variances assumed equal:

 = Σ Ni i / Σ Ni the overall mean

BSS = Σ Ni ( i - i) the between groups sum of squares

d1 = G – 1 the numerator degrees of freedom

BMS = BSS / d1 the between groups mean squares

WSS = Σ SSi the pooled within group sum of squares

d2 = Σ(Ni – 1) the denominator degrees of freedom

WMS = WSS / d2 the within groups mean squares

F = BMS / WMS the F-ratio statistic

The p-value is calculated by looking up F with d1 and d2 degree of freedom.


