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Expression Profiler for Beginners – part 2 
 

Expression Profiler (EP) is a web-based platform for gene expression data analysis. Individual 

components for data pre-processing, filtering, significant gene finding, clustering, visualization, 

between group analysis and other statistical tools are all available in EP, mostly implemented via 

integration with R [3]. The web-based design of EP supports data sharing and collaborative 

analysis in a secure environment. Developed tools are integrated with the microarray database 

ArrayExpress (AE) and form the exploratory analytical front-end to those data. Users can upload 

in EP their own data or data retrieved from the AE database. The users only need a web browser to 

use EP from their local PCs.  

 

You will learn about: 

 

• The basics of Expression Profiler – how to get started 

• How to upload raw data 

• How to normalize and transform the data 

• How to identify differentially expressed genes using t-test 

• How to identify differentially expressed genes using ordination based techniques  
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1 The basics of Expression Profiler - How to get started 
 

Go straight to the EBI’s Expression Profiler main page by using Tools – Microarray Analysis 

menu on the EBI homepage (http://www.ebi.ac.uk  - Fig. 1). 

 

 

Fig. 1: Accessing Expression Profiler from the EBI homepage (http://www.ebi.ac.uk/) 

 

This will bring you to the EP homepage (Fig. 2). If this is the first time you have used EP, you will 

need to fill in the new user registration page with all the details required and choose a personal 

user name and password. You will be able to use them each time you want to login. All the data 

loaded and analysis history will be saved and stored under this user login, until you decide to 

delete/modify it. With a ‘guest login’ all the data and analysis will be lost at the end of each session. 

At the next login, click on the ‘EP:NG Login Page’ link, on the EP main page,  enter your username 

and password and click ‘login’. You will then be prompted to the data upload page. 

 

 

Fig. 2: Expression Profiler homepage (http://www.ebi.ac.uk/expressionprofiler/) 

 

Link to registration page for 
first time users 

Link to login page 
for registered users 

Link to login page for 
first time users 
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2 How to upload raw data 
 

The Data Upload component (Fig. 3) can accept data in a number of formats including basic tab-

delimited files, such as those exported by Microsoft Excel (‘Tabular data’ option), and Affymetrix 

.CEL data files (‘Affymetrix’ option). The .CEL files can be uploaded by placing them into an 

archive (a .zip file, for instance) and then uploading the archive. The .zip file should contain only 

.CEL files from the same type of Affymetrix arrays.  

For this tutorial, we will use the dataset E-MEXP-886 exported from the AE database in the 

additional exercise of the ‘ArrayExpress for Beginners’ Tutorial. All you need is the entire raw 

dataset, saved as .zip archive. At the end of this tutorial is a quick reminder on how to obtain this 

file. 

In this study, transcription profiling of ataxin1-null vs. wild type mice was performed in order to 

investigate spinocerebellar ataxia type 1. Ten Affymetrix GeneChip Mouse Expression Arrays 

MOE430A were used, five hybridized with RNA extracted from ataxin1-null mice and 5 with RNA 

extracted from wild type mice [7]. 

Fill the Affymetrix data upload page as shown in Fig. 3 and click ‘Execute’. 

 

 

 

Fig. 3: ‘Affymetrix’ option in the EP Data Upload page 

 

After a successful microarray data import, the EP Data Selection view is displayed (Fig. 4).  

This view has three sections:  

• ‘Current dataset’, where the user’s folder structure, current dataset selection and ongoing 

analysis history are displayed. EP stores all parameters, results and graphics files for every 

performed analysis step (Fig. 4, yellow box). These can be retrieved at any stage in the 

analysis by clicking the ‘View action output’ icon next to the respective analysis step; this 

is the last icon on the right-hand side. Additional icons allow the user to view the entire 

dataset as well as row and column headers. 

• ‘Descriptive statistics’, where data visualization graphics are provided such as a plot of 

perfect match (PM) probe intensities (log-scale) for Affymetrix arrays or distribution 

density histograms, for one- and two-channel experiments (ratios and log-ratios) (Fig. 

4, green box).  

Assign a name to the experiment for easy 
retrieval in the analysis history menu 

Affymetrix data 
upload tab  

Enter the location of the 
raw data .zip archived on 
your computer  
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• A bottom menu, which changes according to which EP analysis component the user 

selects from the main menu (Fig. 4.1). After the data import, the ‘Subselection’ menu is 

shown by default (Fig. 4, orange box).  

The loaded dataset is now selected in the ‘Current dataset’ window, the intensity distribution is 

shown in the ‘Descriptive statistics’ plot and the data is now available for further pre-processing 

and analysis such as normalization, transformation,  t-test and principal component analysis.  

Explore the intensity distribution plot of the raw data in the ‘Descriptive statistics’ graph. Each 

coloured line represents the perfect match (PM) probe intensities distribution for one array. 

 

 

Fig. 4: EP Data selection view after uploading experiment E-MEXP-886. This window is divided 

in 3 mains sections: current dataset (yellow box), descriptive statistics (green box) and 

subselection menu (orange box). The EP main menu, on the top left hand side, is highlighted in 

red. 

 

You can view a box plot distribution of the raw data by clicking on the ‘View action output’ icon 

to the right of the ‘Expression data upload’ link in the analysis history menu (Fig. 4, icon indicated 

by red circle). This will open a window with the thumbnails images of each .CEL file and the 

dataset box plot (Fig. 4.1). Notice the variability of the distribution of the 10 samples.  

 

Subselection menu, where a 
number of options are 
available with various criteria 
for selecting data subsets 

Intensity distribution 
plot of raw data  

List of data 
column imported 

Icons (from left to 
right) for viewing 
the dataset, 
manage rows and 
columns headers 
and retrieving 
results of 
previously 
performed 
analysis steps 

 

Main menu with 
links to all EP 
components 
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Fig. 4.1: Box plot distribution of E-MEXP-886 raw dataset. 

 

 

Fig. 4.2: EP main menu with links to all EP data analysis components. 

3 How to normalize and transform the data 
 

In the EP main menu, click on ‘Data normalisation’, under the ‘Transformations’ menu (Fig. 4.2). 

When dealing with raw data, it is important to perform a normalisation step to minimize the 

noise levels and make the expression values comparable across arrays [8]. There are many 

approaches to normalizing expression levels. EP provides a graphical interface to four data 

normalisation routines: RMA, GCRMA, ‘Li & Wong’ and VSN [9-12]. Of the four methods, 

RMA, GCRMA and ‘Li & Wong’ can only be applied to Affymetrix .CEL file imports, while VSN 

can be applied to all types of data. 

Select the RMA tab and click ‘Execute’.  

 

Allows managing of the 
analysis history stored under 
the user name 

For uploading new 
expression data 

Under the ‘Transformations’ menu are grouped all prepreprepre----
processingprocessingprocessingprocessing options: normalisation, transformation, 
missing value imputation and filterfilterfilterfilteringinginging/selecting 

Under the ‘Clustering ’ menu are grouped several 
clustering methods: hierarchical clustering, k-means 
clustering, the ‘Clustering Comparison’ component 
for comparing the output of different clustering and 
the ‘Signature Algorithm’ component [1] 

Under the ‘Ordination-based’ menu are listed 2 
dimensionality reduction techniques: ordination or 
Principal Component analysisPrincipal Component analysisPrincipal Component analysisPrincipal Component analysis (PCA) and Between 
Group Analysis 

The ‘Annotation’ menu includes: ‘Gene Ontology’ for identifying enriched GO 
terms in a given gene list and ‘ChroCoLoc’ to calculate the probability of groups 
of co-expressed genes co-localizing on chromosomes [2] 

t-test functionality 
for the 
identification of 
differentially 
expressed genes 

Each box plotbox plotbox plotbox plot shows the data 
distribution for one array.  The 
line in the box indicates the 
median value of the data.  If 
the arrays are homogeneous, 
the boxes should have similar 
widths and y position. Observe 
how, in this case, the median 
values differ between arrays.   

NormalisationNormalisationNormalisationNormalisation needs to be 
applied to minimize the noise 
levels and make the 
expression values comparable 

across arrays [8]. 
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Fig. 5: Normalization menu in EP – the ‘RMA’ option is selected 

 

In the output page, the normalized results are visualized as a dataset heatmap and a box plot (Fig. 

6 – right panel). Observe the effect of normalisation on the data distribution by comparing this 

box plot with the one in Fig. 4.1. The 10 box plots now have nearly identical median values and 

homogenous distributions. Explore the changes in the log intensity distribution plot by going 

back to the EP Data Selection view (Fig. 6 – left panel). 

 

 

 
Fig. 6: RMA normalization output graphs. The results of data normalization can be view as a box 

plot of Perfect Match (PM) log intensities distribution (right) or as a line graph in the 

‘Descriptive statistics’ view (left). Above the line graph, the post-normalisation mean and 

standard deviation values are displayed 

 

After normalisation, data might need to be transformed. In the EP main menu, click on ‘Data 

transformation’, under the ‘Transformations’ menu (Fig. 4.2). Several types of transformations are 

available (Fig. 7):  

 

 

Fig. 7: Transformation menu in EP – ‘Absolute to relative’ is selected 

Expression 
value 
distribution plot 
after RMA 
normalisationnormalisationnormalisationnormalisation 

Box plotBox plotBox plotBox plot distribution of 
expression values after 
RMA normalisationnormalisationnormalisationnormalisation. . . . 
The 10 distributions 
look now homogenous. 
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The description of all transformation available, from left to right, is as follows: 

 

Transformation type Description 

Intensity to (Log N) 

Ratio 

For taking a set of two-channel arrays, dividing every channel 1 

column by the respective channel 2 column, and then, optionally 

taking a logarithm of the ratio 

Ratio to Log N Ratio For log-transforming the selected dataset 

Average Row 

Identifiers 

For replacing multiple rows with the same identifier with a single 

row, containing the column-wise averages 

K-Nearest Neighbour 

(KNN) Imputation 

For filling in the missing values in the data matrix [13] 

Transpose For switching the rows and columns of the matrix 

Absolute to Relative For converting from absolute expression values to relative ones, 

either relative to a specified column of the dataset, or relative to the 

gene's mean. 

Mean-center For rescaling the rows and/or columns of the matrix to zero-mean. It 

can be used for running ordination-based methods (e.g. PCA) 

 

When working with a set of Affymetrix .CEL files, it may be desired to look for genes whose 

expression varies relative to a reference sample, i.e., to one of the imported CEL files. If there is no 

reference sample, as in this case, relative values can still be calculated with respect to the gene’s 

average mean. This will allow comparison between arrays in the absence of a common reference. 

We will now apply an ‘Absolute to relative’ transformation to the RMA normalised E-MEXP-886 

dataset. Make sure the normalised dataset is selected, in the ‘current dataset’ menu. In the 

Transformation menu, click on the ‘Abs-to-Rel’ tab and select ‘gene’s average value’ from the 

‘compute ratios relative to’ drop down menu (Fig. 7). In the ‘What log to take’ drop down menu, 

select ‘No log: these are log2 data (post-RMA)’ since the data has already been log transformed by 

the RMA algorithm. Then click ‘Execute’. 

The result of data transformation will be displayed in a new window as a dataset heatmap.  

Explore the changes in the log intensity distribution plot after transformation by going back to 

the EP Data Selection view (Fig. 8). Observe that the log intensity distribution is now centred on 0 

(mean = -0.01). This ensures that both repressed and induced genes are equally represented 

allowing us to perform further analysis. 
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Fig. 8: Data transformation output graph. The transformed data is now shown in the descriptive 

statistic view. At the top of the graph, the post-transformation mean and standard deviation 

values are displayed. 

 

Following normalization and transformation, the data can be analyzed using any of the tools 

available in EP. We will now use two different methods for identifying differentially expressed 

genes in the E-MEXP-886 dataset. 

4 How to identify differentially expressed genes using t-
test 

 

In the EP main menu, click on ‘t-test analysis’, under the ‘Statistics’ menu. 

The t-test component provides a way to apply this basic statistics test for comparing the means 

from 2 distributions in the following differentially expressed gene identification situations: 

looking for genes expressed significantly above background/control, or looking for genes 

expressed differentially between 2 sets of conditions. In the first case (‘one class’ option), the user 

specifies either the background level to compare against, or selects the genes in the dataset that are 

to be used as controls. In the second case (‘two classes in one dataset’ option), the user specifies 

which columns in the dataset represent the first group of conditions and which represent the 

second group. The user will now try an example of the latter case. 

Click on ‘Two classes in one dataset’ tab, type in 1-5 for Class 1 (wild type mice samples) and 6-10 

for Class 2 (ataxin-null mice samples) and click ‘Execute’ (Fig. 9). 

 

Expression value 
distribution plotdistribution plotdistribution plotdistribution plot 
after the 
transformation 

Recalculated mean 
and standard standard standard standard 
deviationdeviationdeviationdeviation after 
transformation 
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Fig. 9: ‘t-test analysis’ menu option in EP 

 

 

Upon execution, the t-test involves, for each gene, the calculation of the mean in both groups 

being tested (when testing against controls, the mean over all control genes is taken as the second 

group mean), and comparing the difference between the two means to a theoretical t-statistic [14]. 

A table of gene names, p-values and confidence intervals is output (Fig. 10 – right panel), as well 

as a plot of the top 15 genes found (Fig. 10 – left panel).  

Depending on the number of samples in each group (which corresponds to the number of 

biological replicates), the test's reliability is reflected in the confidence intervals of the p-values 

that are produced (in this case, the likelihood that the two means are significantly different, i.e., 

that the gene is differentially expressed).  

 

 

Fig. 10: t-test analysis output graphs. The t-test analysis results are summarized in a table, where 

the genes are ranked according to the p-value, with the most significant genes at the top (right). 

The top 15 genes are also plotted in a graph (left). The expression level is shown as red dot when 

the corresponding p-value is below the chosen cut off (in this case 0.01). 

The user can specify a p-value 
cut off. The default value is 0.01. 
This will affect the number of 
genes identified by the t-test 

A number of standard corrections are 
implemented, including the Bonferroni, Holm and 
Hochberg corrections [4-6] for reducing number of 
genes falsely identified as differentially expressed. 
The user can select any of them from the ‘Multiple 
testing correction’ drop down menu. 

Graphical 
representation of 
the top 15 
differentially differentially differentially differentially 
expressedexpressedexpressedexpressed genes 
identified by the tttt----
testtesttesttest, between 
wild type and 
ataxin1-null mice 

Table of all 
differentially differentially differentially differentially 
expressedexpressedexpressedexpressed genes 
(above the 0.01 p-
value cut off) 
identified by the tttt----
testtesttesttest, between 
wild type and 
ataxin1-null mice 
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Go to ‘Data selection’, under the ‘Subselection’ menu and click on ‘Select rows’ (Fig. 11). Cut and 

paste (with the help of a text editor) the list of Affymetrix probe IDs for the top 15 differentially 

expressed genes into the text box and click on ‘Execute’. By doing this, you will retrieve the 

expression profiles for the selected genes which will be shown as heatmap on a new window (Fig. 

11). This provides a visual confirmation of the t-test results. The expression profiles show 

differential expression of the selected genes in the 2 conditions (Fig. 11). 

 

 

Fig. 11: The ‘select rows’ function in the Subselection menu was used to retrieve the heatmap 

representation of the top 15 differentially expressed genes identified by the t-test. The 15 genes 

show a different behaviour in the 2 conditions studied: wild type mice samples (1-5) and ataxin-

null mice samples (6-10). Red indicates induced genes, blue repressed genes. 

 

The user can retrieve more information about any of the top 15 Affymetrix probe IDs just 

identified by the t-test analysis.  

Go to ‘Data selection’, under the ‘Subselection’ menu and click on ‘select by row’ (Fig. 12). Click on 

the small top table icon, type in the text box an Affymetrix ID and click search. The corresponding 

gene symbol, gene description and chromosome location will be returned in the result window 

(Fig. 12). 

 

1-5 6-10 
 

List of 
Affymetrix Affymetrix Affymetrix Affymetrix 
probe IDprobe IDprobe IDprobe IDs for 
the top 15 
differentially differentially differentially differentially 
expressedexpressedexpressedexpressed 
genes 
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Fig. 12: The ‘select rows’ function in the Subselection menu was used to additional information 

on the Affymetrix identifier 1415936_at. The corresponding gene symbol (Brca3), gene 

description (breast cancer anti-estrogen resistant 3) and chromosome location were retrieved. 

 

This example represents the first step towards reconstructing a biological network of genes which 

might be involved in determining spinocerebellar ataxia type 1. 

5 How to identify differentially expressed genes using 
ordination based techniques 

 

The Between Group Analysis (BGA) component, under the ‘Ordination-based’ menu, provides a 

statistically rigorous framework for a more comprehensive multi-group analysis of microarray 

data. BGA simply is a dimensionality reduction technique which is carried out on defined groups 

of samples rather than individual samples [15]. The ordination step involved in BGA, as 

implemented in EP, can be either Principal Components Analysis (PCA), or Correspondence 

Analysis (COA), both standard statistical tools for reducing the dimensionality of a dataset by 

calculating an ordered set of values that correspond to greatest sources of variation in the data and 

using these values to “reorder” the genes and samples of the matrix. BGA combined with COA is 

especially powerful, because it provides a simultaneous view of the grouped samples and the genes 

that most facilitate the discrimination between them. The BGA component's algorithms are 

provided through an interface of the BioConductor package made4 [16], which, in turn, refers to 

the R multivariate data analysis package ade4. 

Go to ‘Ordination-based’ menu and click on ‘Between Group Analysis’ (Fig. 4.2). We first need to 

create a factor to discriminate between different groups of samples. Cick on the ‘Define new 

factors’ icon under the ‘Factors’ text box (Fig. 13).  

In the new window, click on the ‘Add factor’ button. In this example, we want to identify the genes 

which are differentially expressed between 2 conditions: wild type and ataxin1-null mice. The top 

5 data files are wild type (WT) and the bottom 5 are ataxin1-null mice (KO). Select a name for the 

new experimental factor (e.g. WT/KO), fill the table as shown in Fig. 13 and click ‘Save factor’. The 
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newly created experimental factor will now be showing in the ‘Factors’ box, in the BGA window 

and can now be selected as parameter for the analysis (Fig. 13).  

Select the WT/KO factor. From the top dropdown menu select either COA or PCA (Fig. 12).  

Different output graphics can also be added, if needed. For this example, we will leave the default 

parameters. Click ‘Execute’. 

 

 

Fig 13: Define new factor window. When running an ordination-based technique, the user might 

need to create a new experimental factor in order to identify the genes differentially expressed 

between 2 conditions. In this example, the genotype is the discriminating factor (wild type vs. 

knock-out) and the new factor can be created filling the table as shown. 

 

The ‘overall plot’ provides a graphical representation of the most discriminating arrays and/or 

genes. In addition to this plot, BGA produces two numerical tables, the table of genes coordinates 

(Coordinates of columns) and the table of array coordinates (Coordinate of rows) (Fig. 14). The 

gene coordinates table is of special interest, because it provides, for each gene, a measure of how 

variable that gene is in each of the identified strong sources of variation. The sources of variation 

(principal axes/components) are ordered from left to right. In this example we only have one main 

source of variation (Component 1). Thus genes that have the highest or lowest values in the first 

column of the gene coordinates table make up the likeliest candidates for differential expression.  

 

Factor box 

Window used 
for creating a 
new factor 

‘Define 
new 
factor’ 
icon 

Select a name 
for the new 
experimental 
factor (e.g. 
WT/KO), and 
then assign to 
individual 
samples 

Once created, 
the new factor 
will appear in 
the factor box 
and can be 
selected for the 
following 
analysis 

Different 
transformation 
options and 
output graphs 
can be selected 
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Fig 14: BGA analysis output tables. The BGA analysis results are summarized in a table of genes 

coordinates (right) and a table or array coordinates (left). 

 

The identification of differentially expressed genes is only the first step in the analysis of 

microarray data. Once identified, the differentially expressed genes can be clustered in order to 

discover patterns of gene expression in the data. Ultimately, additional biological information (e.g. 

gene and sample annotation,…) should be brought in to obtain new insights into the biology of the 

system studied.  For more examples, including clustering and the use of gene annotation, we 

suggest looking at the ‘Expression Profiler for Beginners – part 1’ tutorial. 

 

6  How to obtain a raw data for experiment E-MEXP-886 
 

1. Go to the AE main homepage, at http://www.ebi.ac.uk/arrayexpress/ 

2. In the ‘Experiments’ box, on the left-hand side of the page, type in the accession number 

E-MEXP-886 and click ‘Query’ 

3. Expand the experiment view by clicking on the plus sign next to E-MEXP-886 

4. Click on the Affymetrix raw data icon on the title line to download onto your PC a zip 

archive containing all .CEL files related to this experiment.  

5. Save the ‘E-MEXP-886.raw.zip’ file onto your computer 
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Glossary  
 

Affymetrix arrays 

Affymetrix is a leading manufacturer of oligonucleotide arrays (http://www.Affymetrix.com/). 
Affymetrix expression arrays use a set of features (often referred to as “spots”) designed to 
recognize each molecule of interest. Each feature consists of millions of identical single-stranded 
25-mer nucleotide probes, each designed to hybridize to a specific transcript. On a gene-level 

array, each of these Perfect Match (PM) features is accompanied by an adjacent Mis-Match (MM) 
feature in which the middle residue is changed. Hybridization conditions are designed to maximise 
binding to the PM features while minimizing binding to the MM ones. Each MM feature can 

therefore be used to provide a measure of probe specific background for its PM partner. Multiple 
PM/MM pairs are used for each transcript. On most gene-level arrays, 11 PM/MM pairs are used 

per transcript, and the complete set of 22 features is referred to as a probeset. 

 

Affymetrix .CEL data files 

The Cell Intensity (.CEL) file contains fluorescence intensities for each cell (feature) on the 
microarray. A single intensity value is stored per cell. 

 

Affymetrix probe ID 

Affymetrix unique identifier assigned to each probe on the array 

 

Box plot 

A boxboxboxbox    plotplotplotplot, or box and whisker diagram provides a simple graphical summary of a dataset. It is 
often used in exploratory data analysis to show the shape of the distribution, its central value, and 

its variability. 

The boxboxboxbox    plotplotplotplot is interpreted as follows: 

� The box itself contains the middle 50% of the data. The upper edge (3rd quantile) of the 
box indicates the 75th percentile of the data set, and the lower edge indicates the 25th 

percentile (1st quantile). 

� The line in the box indicates the median value of the data. If the median line within the 
box is not equidistant from the hinges, then the data is skewed. 

� The ends of the vertical lines or "whiskers" indicate the minimum and maximum data 
values, unless outliers are present in which case the whiskers extend to a maximum of 

1.5 times the inter-quartile range. 

� The points outside the ends of the whiskers are outliers or suspected outliers. 

 

 

 

Confidence intervals 

A confidence intervalconfidence intervalconfidence intervalconfidence interval for the difference between two means specifies a range of values within 
which the difference between the means of the two populations lies. 

 

Correspondance analysis (COA) 

Correspondence analysis is an explorative computational method for the study of associations 

between variables. Much like principal component analysis, it displays a low-dimensional 
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projection of the data, e.g., into a plane. It does this, though, for two variables simultaneously, 
thus revealing associations between them. 

 

Density histogram 

A graphical representation of a single dataset, tallied into classes. The graph consists of a series 

of rectangles whose widths are defined by the limits of the classes, and whose heights are 
calculated by dividing relative frequency by class width. Resulting rectangle heights are called 
densities; the vertical scale is called density scale. 

 

Differentially expressed 

A gene is differentially expresseddifferentially expresseddifferentially expresseddifferentially expressed when its expression values under two or more conditions are 
statistically significantly different. 

 

Distribution plot 

Chart used to graphically characterize the distribution of measurements. 

 

GCRMA 

GCRMA is a normalisationnormalisationnormalisationnormalisation method using RMA with the help of probe sequence and with GC-
content background correction 

 

Heatmap 

A heatheatheatheatmapmapmapmap is a graphical representation of data where the values taken by a variable in a two-
dimensional map are represented as colours. Heat maps are typically used in microarray data 
analysis to represent gene expression levels across several conditions. 

 

‘Li &Wong’ 

The ‘Li & Wong’ or Invariant Set Normalisation method takes a subset of Perfect Match (PM) 
probes with small within-subset rank difference in the two arrays as a basis for the normalisationnormalisationnormalisationnormalisation. 

For more information on the smoothing process involved in Invariant Set Normalisation, please 

refer to Li and Wong, 2001. 

 

Normalisation 

NormalisationNormalisationNormalisationNormalisation is a fundamental prepreprepre----processingprocessingprocessingprocessing step in microarray data analysis. It aims to 

compensate for systematic technical differences between arrays, to see more clearly the 
systematic biological differences between samples. 

    

One- and two-channel experiments 

Two-channel or two-colour hybridisation experiments aim to compare the relative transcript 

abundance in two mRNA or DNA samples (for example a ‘test’ cell state and a ‘reference’ cell 
state) which are labelled using two different fluorescent dyes (say, a red dye for the test and a 

green dye for the reference), mixed and then hybridized to the arrayed DNA spots. 

Affymetrix arraysAffymetrix arraysAffymetrix arraysAffymetrix arrays use instead a one-channel or single-color labeling strategy where experimental 
mRNA is enzymatically amplified, biotin-labeled for detection, hybridized to the array, and 
detected through the binding of a fluorescent compound [17]. 

 

Perfect Match (PM) 

A probe that is an exact complementary to the transcript of interest. See the glossary term 
Affymetrix arraysAffymetrix arraysAffymetrix arraysAffymetrix arrays for more details 
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Pre-processing 

Data pre-processing includes data normalisationnormalisationnormalisationnormalisation, transformationtransformationtransformationtransformation and filteringfilteringfilteringfiltering. It aims to prepare 
the data for the following analysis steps. 

 

Principal Component Analysis (PCA) 

Principal component analysisPrincipal component analysisPrincipal component analysisPrincipal component analysis is a data transformationtransformationtransformationtransformation process for simplifying a dataset, by 
reducing multidimensional dataset to lower dimensions for analysis. 

 

Probe intensity 

The florescent intensity value that is detected by the scanner for each probe on the array. 

 

p-value 

The pppp----valuevaluevaluevalue measures the probability that a difference between two experimental conditions 

happened by chance. The lower the pppp----valuevaluevaluevalue, the more likely it is that the difference between the 
two conditions is a true reflection of the biological process being studied either than a random 
phenomenon. 

 

RMA 

Robust Multichip Average (RMA) is a three step normalisationnormalisationnormalisationnormalisation procedure for Affymetrix data. The 
three steps consist of: background correction, quantile normalisationnormalisationnormalisationnormalisation and summarization. 

 

Spinocerebellar ataxia type 1 

Spinocerebellar ataxia type 1 (SCA1) is one specific type of ataxia among a group of inherited 
diseases of the central nervous system. In SCA1, genetic defects lead to impairment of specific 
nerve fibers carrying messages to and from the brain, resulting in degeneration of the cerebellum. 

 

Standard deviation 

The standard deviationstandard deviationstandard deviationstandard deviation measures the spread of the data about the mean value. 

 

t-test  

The tttt----testtesttesttest is a common statistical test that is used to find out if there is a significant difference 
between the means (averages) of two different groups. 

 

Transformation 

Data transformation is the conversion of data from one format to another. 

 

VSN 

The Variance Stabilization and Normalisation (VSN) algorithm builds upon the fact that the 
variance of microarray data depends on the signal intensity and that a transformation can be 
found after which the variance is approximately constant. 
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What to do next 

Once you have read this tutorial, you might want to test your understanding by trying the related 

online quiz or reflective tasks. Please see the EBI moodle at www.ebi.ac.uk/training/ for these and 

other eLearning resources. 

 

 

 
 

 


