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Abstract, DNA microarrays constitute a relatively new biological technology 
which allows gene expression profiling at a global level by measuring mRNA 
abundance. However, the grand complexity characterizing a microarray 
experiment entails the development of computationally powerful tools apt for 
probing the biological problem studied. ANDROMEDA (Automated aND 
RObust Microarray Experiment Data Analysis) is a MATLAB implemented 
program which performs all steps of typical microarray data analysis including 
noise filtering processes, background correction, data normalization, statistical 
selection of differentially expressed genes based on parametric or non 
parametric statistics and hierarchical cluster analysis resulting in detailed lists 
of differentially expressed genes and formed clusters through a strictly defined 
automated workflow. Along with the completely automated procedure, 
ANDROMEDA offers a variety of visualization options (MA plots, boxplots, 
clustering images etc). Emphasis is given to the output data format which 
contains a substantial amount of useful information and can be easily imported 
in a spreadsheet supporting software or incorporated in a relational database 
for fiirther processing and data mining. 

1 Introduction 

Functional genomics includes the analysis of large datasets derived from various 
biological experiments. One such type of large-scale experiment involves monitoring 
the expression levels of thousands of genes simultaneously under a particular 
condition [1] which has turned out to be a major tool for discovery in biological 
research. cDNA microarrays constitute a promising high-throughput technology 
which has become one of the indispensable tools for the inspection of genome-wide 
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changes in gene expression in an organism. Two of the frequent goals of genome-
scale gene expression experiments are to identify significant alterations in transcript 
levels resulting from the exposure of a living system to a test agent at a given dose 
and time [2] and develop genetic signatures in order to distinguish between health 
and disease states. Additionally, such high-throughput expression profiling can be 
used to compare the level of gene transcription in clinical studies conditions in order 
to: i) identify and categorize diagnostic or prognostic biomarkers ii) classify 
diseases, e.g. tumours with different prognosis that are indistinguishable by 
microscopic examination iii) monitor the response to therapy and iv) understand the 
mechanisms involved in the genesis of disease processes [3]. 

The key physicochemical process involved in microarrays is DNA hybridization. 
mRNA is extracted from tissues or cells, reversed-transcribed, labelled with a 
fluorescent dye, usually Cy3 (green) for the reference sample and Cy5 (red) for the 
treated sample, and hybridized on the array using an experimental strategy that 
permits expression to be assayed and compared between appropriate sample pairs. 
Hybridization and washes are carried out under high stringency conditions to 
diminish the possibility of cross-hybridization between similar genes. The next step 
is to generate an image using laser-induced fluorescent imaging. The principle 
behind the quantification of expression levels is that the amount of fluorescence 
measured at each sequence specific location is directly proportional to the amount of 
mRNA with complementary sequence present in the sample analyzed. These images 
must then be analyzed to locate the arrayed spots and to quantify the relative 
fluorescence intensities for each element. Even though these experiments do not 
provide data on the absolute level of expression of a particular gene, they are useful 
to compare the expression level among conditions and genes (e.g. health vs disease, 
treated vs untreated) [3,4]. 

The ensuing images are used to create a dataset which needs to be preprocessed 
prior to the subsequent analysis and interpretation of the results. Typical 
preprocessing steps are background noise correction, filtering procedures to 
eliminate non-informative genes, the calculation of the logarithmic transformed ratio 
between Cy5 and Cy3 channels and data normahzation. The background correction 
is intended to adjust for non-specific hybridization such as hybridization of sample 
transcripts whose sequences do not perfectly match those of the probes on the array 
[3] and for other systematic or technical issues such as possible artefacts on the 
arrays, scanner setbacks, washing issues or quantum fluctuations. Other options for 
background correction constitute for example of using computational techniques that 
model the distribution of the observed intensity values and estimate the background 
noise based on mathematical models. The filtering procedures aim at excluding 
problematic or low in information content array spots and are usually based in 
processes that use the amount of spot noise or outlier detection to remove genes from 
further analysis. The ratio between channels of treated and reference samples is a 
simple measure which can investigate relationships between related biological 
samples based on expression patterns. Particularly, the log2 ratio transformation has 
the advantage of treating expression ratios symmetrically [4]. As another 
preprocessing step, normahzation is considered critical to compensate for systematic 
differences among genes or arrays and provide appropriate balances in order to 
derive meaningful biological comparisons. Several reasons for normalization include 
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unequal quantities of RNA, differences in labelling or the fluorescent dyes and 
systematic biases in the measured expression levels [4]. Typical normalization 
methods are global mean or median normalization [5], rank invariant normalization 
[6] and LOWESS/LOESS methods [7]. There exist several methods for normahzing 
cDNA microarray data and abundant literature is available on the subject [8-13]. 
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Fig. 1. (a) Example of ratio-intensity plot before (upper panel) and after (lower panel) the 
application of robust loess normalization with neighbouring span 0.1. The light solid line on 
the upper panel depicts the normalization curve. These plots display the log ratio (see section 
2) for each element on the array as a function of the log2(Scy3*Scy5) product intensities and can 
reveal systematic intensity dependent effects in the measured log ratio values (b) Example of 
log ratio distributions for an experimental condition with 4 array replicates. The impact of 
normalization is profound (c) Example of boxplots before and after the application or robust 
loess normalization for a set of 19 slides. Boxplots are ideal for visuaHzing the result of the 
normalization procedure and the data spread before and after normalization (d) Example of a 
heatmap generated after hierarchical clustering with average linkage and euclidean distance 
for a set of 259 DE genes among 5 experimental conditions. Heatmaps are helpful in 
visualizing distinct gene clusters as well as optically distinguishing different gene groups. 



130 Aristotelis Chatziioannou 1, Panagiotis Moulos 1 

There currently exist several commercial or open source microarray data analysis 
software packages. However, most of them are either closed black-box tools (e.g. 
GeneSighf^^, BioDiscovery Inc., Los Angeles, USA), or completely open 
architecture [14]. Concerning the open source solutions for microarray data analysis, 
although a number of software tools have been developed [15-19], a major drawback 
with most of them is the absence of a predefined analysis protocol leading to a batch 
process that commences from raw image analysis data and results in sound lists of 
differentially expressed (DE) genes. An exception to this rule is MIDAS software 
[20] where the analyst is given the ability to pre-program the analysis steps in a form 
of a batch procedure and caGEDA [21] which is a web-based analysis tool. 
Moreover, many of these analysis packages provide only several sets of routines 
often being of little avail to biologists with small experience in programming or 
scripting and other software packages which come with a graphical user interface 
(GUI) lack the ability to read raw data immediately after the image analysis step 
without certain manual transformation first [22]. 

The ANDROMEDA pipeline comes to fill these gaps by providing a unified 
environment implemented in MATLAB to form an analysis batch process, starting 
from reading raw image analysis software output data and resulting in lists of 
differentially expressed genes and gene clusters. The program utilizes a set of well 
defined and widely used gene filtering, normalization, and parametric or non-
parametric statistical tests to analyze any number of experimental conditions and 
replicates and hierarchically cluster the results. Moreover, the pipeline implements 
additional features such as the Trust Factor filtering, condition based imputation of 
missing values and background correction based on the signal-to-noise ratio of image 
array spots further discussed in the Features section. 

2 Features 

ANDROMEDA consists of a user friendly GUI which offers a variety of options to 
enable different combinations among the analysis steps of a microarray experiment. 
It is worth noting that while most tools specialize either in data visualization and 
normalization, or statistical testing and clustering, ANDROMEDA offers the ability 
to implement all the above in a pre-defined workflow with minimal user interaction 
through a batch programming plug-in while being capable at the same time of 
performing the analysis step by step depending on the preferences of the user. 
Starting from the result files of the image analysis software (GenePix, ImaGene, 
QuantArray and text tab-delimited file formats currently supported), ANDROMEDA 
organizes the loaded arrays in internal data structures that will be used from the 
pipeline for the rest of the analysis. 

After importing the data, the analysis starts by background correction to estimate 
the net signal for each spot, which can be performed in three different ways: 

1. Background noise subtraction for each slide of each condition. In that case the 
net signal S ^ for each channel is iS" ̂  = S - B , where S and B are the mean or 
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median of the spot signal and background respectively and the log ratio between 
channels is: 

K = ^og2 

2. Signal-to-noise ratio calculation for each^lide of each condition. In that case the 
net signal S^ " for each channel is S^ '^ = S/B and the log ratio between channels 

^^Cy3/^Cy3 ) 

••^og,{s'cl;/S'cl",) 

3. No background correction. In that case the log ratio is: 

Notice that in case (1) the log2 data transformation takes place after background 
subtraction while in case (2) before background subtraction (immediately seen from 
basic properties of logarithms). Case (2) takes into consideration the signal-to-noise 
content of a signal, an established notion in systems theory and image processing 
[23], thus coming in line with the perception of the experimentalist about the quality 
of a signal, taking into account its interest in the strength of the signal compared to 
noise. This might prove critical especially when dealing with weak signal datasets 
whereas a majority of spot signals is close or even below the background 
contamination levels. 

The identification of poor quality spots that will be excluded from data 
normalization is performed for each experimental condition in two steps: firstly spots 
marked as poor manually or by the image analysis software are excluded for every 
replicate. Then noise sensitive genes are further isolated for each slide replicate of 
the condition based on three possible filters according to the analyst's preference: 

1. A signal-to-noise threshold filter based on the formula \^S/N)<BBF where 
BBF stands for Below Background Factor and is a user-defined threshold below 
which noisy spots are filtered out from the slide. 

2. A filter based on the distance between the signal and the background noise 
distributions: a spot is robust against this filter if its signal and noise distributions 
abstain from each other a distance which is determined by the signal and noise 
standard deviations. J 'he sensitive spots to this filter are determined by the 
inequality S - xa^ < B + yol, where x and y are user-defined parameters. 

3. A custom filter: in this case the investigator is given the ability to create a custom 
filter utilizing the signal and background means, medians and standard 
deviations. 
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In the second step, a t-test (parametric) or Wilcoxon (non-parametric) test 
verifies that for each spot, the ratio measurements of all condition replicates derive 
from a normal (or a continuous symmetrical) distribution with mean (median) equal 
to the average ratio for this spot among all replicates. This test tracks and excludes 
outhers among the replicate slides of an experimental condition. Array spots 
sensitive to any of these two tests are marked as non-informative poor quaUty spots 
and excluded from the estimation of the normalization curve to alleviate the 
normalization procedure from the impact of systematic measurement errors. 
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Fig. 2. A snapshot of the ANDROMEDA main window: on the left part of the interface, the 
project explorer allows the analyst to have a quick look at several dataset and different 
analyses parameters in the form of a tree. On the right next to the explorer, two lists allow the 
user to inspect the different arrays of the experiment as well as cycle through different analysis 
steps followed and display brief reports. Next to the Hsts on the right, each array can be 
viewed as an image or table depicting several values such as mean (median) signal and 
background intensities and their standard deviations, extracted from the image analysis 
software files. A message box on the bottom part of the GUI displays brief information on the 
steps followed throughout the analysis while several buttons offer shortcuts to different 
fimctionalities such as exporting list of DE genes. Finally, the available menus control the 
several fimctionalities as well as the variety of visualization options of the program. 
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ANDROMEDA continues the analysis by normalizing data on each slide 
separately (Figure la-c). If a subgrid is present on the slides, the user is given the 
choice to select subgrid normalization to possibly allow considering several spatial 
dependent properties such as local background noise in the normalization procedure. 
Currently, six normalization methods are supported: Global Mean, Global Median, 
Linear Lov^ess, Robust Linear Lowess, Quadratic Loess and Robust Quadratic 
Loess. The robust versions of Lowess/Loess [7] perform additional fitting iterations 
over the dataset while readjusting each point's weight on each pass, so as to mitigate 
the impact of possible outliers. After the normaHzation a subset of experimental 
conditions and slide replicates can be selected while the original data of the whole 
experiment are stored separately. With this option, the analyst may examine specific 
conditions or condition combinations and carry out statistical tests without having to 
repeat the computationally intensive and time consuming part of normalization, 
especially if the total number of slides is high. 

The statistical selection of DE genes starts with the calculation of the Trust 
Factor (TF) for each gene for all conditions and replicates and is defined for each 
experimental condition as: TF = #Appearances/#Replicates. The number of 
appearances for each gene is determined by the initial filtering steps: for example, if 
one gene in a specific slide is found sensitive either to the noise filtering condition or 
to the measurement reproducibility test, then it is marked as absent. If one gene is 
filtered out from all replicates for a given condition, then the TF for this gene is zero. 
This gene is then marked as 'unreliable' and is excluded from further analysis. 
Generally, for a biologically consistent subsequent analysis, no more than 30% of the 
expression values for a gene should be missing from an experimental condition (TF 
cutoff to 0.7). Following the TF filtering, a set of 'rehable' genes is obtained for each 
condition. However, since certain genes are absent from certain replicates the 
imputation of missing values for a gene is based on the average expression of the 
remaining present values of the gene of interest from the same experimental 
condition. Before imputing the missing values the user is given the option to perform 
Median Absolute Deviation [24] centering normalization to further scale the data for 
each condition. 

The final lists of DE genes are acquired using a parametric (1-way ANOVA, 
[25]) or non-parametric (Kruskal-Wallis, [26]) statistical procedure, applied on the 
data after all the filtering and scaling steps among the subset of conditions defined 
after the normalization. At this point, the user has to specify certain parameters such 
as the statistical test to be performed or whether to correct or not for multiple 
statistical testing by controlling the False Discovery Rate [27] level. The final lists 
are formed in text tab delimited format output and they can be further manipulated 
effortlessly. 

Finally, the DE gene lists obtained through the previous steps can be subjective 
to hierarchical cluster analysis, depending on the user's preference. The clustering 
can be performed on genes (rows), replicates (columns) or both (Figure Id). The 
linkage algorithms and distance metrics supported are the single, average or 
complete linkage and the euclidean, standardized euclidean, Pearson correlation 
coefficient, Mahalanobis, Manhattan, cosine or Spearman's correlation coefficient 
metric respectively. The output of the cluster analysis is a clustering heatmap and 
lists containing formed clusters and the respective genes in MS Excel format. 
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3 Conclusions 

The main purpose of ANDROMEDA is to provide to investigators a complete open 
source and flexible platform for microarray data analysis, implementing all the 
typical steps of the latter, starting from raw image analysis software output files up to 
easily interpretable and simple to manipulate gene lists. It aims both at researchers 
with little or no programming experience by providing a reasonably automated 
procedure and a user friendly interface for the analysis of microarray experiments 
and to those with certain expertise on statistical computation by providing 
completely open source routines which can be adjusted and enriched according to 
specific requirements. Attention is paid to the output data files which contain 
additional information on each spot of each slide and can be useful for drawing 
empirical conclusions as well as constitute key starting points for further 
investigation. The total procedure time of an experiment depends heavily on the 
amount of arrays to be analyzed as well as on several other parameters such as the 
normalization method (e.g. while global median normalization is preformed in less 
than a second, robust LOESS requires a much larger amount of time due to local data 
processing). Concerning the program use, apart from the graphical interface, the user 
can program several analysis rounds through the batch programming module. A 
snapshot of the program is illustrated in Figure 2 while a sample of the various 
outputs on Figure 3. ANDROMEDA is also provided as a library of routines which 
can be used individually or executed through a 'main' routine in the MATLAB 
command window depending on the investigator's skills. 
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GO:0005615 
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0.604532 
0.737595 
-0.15166 
-0.13621 
3.102746 
2.347107 
1.076985 
3.67011 

1.932279 
-0.18263 
-0.58589 
-1.01999 
-0.13792 
1.74924 

1.923543 
0.635406 
-0.86572 

27731-Cy3 
3.908386 
0.318134 
0.045554 
0.504903 
0.451314 
0.752295 
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-0.05681 
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0.775229 
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0.00951 
0.04647 
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CV Ctrl 
0.05201 
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0.02977 
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0.04939 
0.04962 
0.00451 

0.0984 
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0.0318 

0.09375 
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0.02929 
0.04541 
-0.5432 

-0.59511 
-0.14668 
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0.18394 
0.00496 
0.06315 

-0.17519 
0.20348 

Fig. 3. A snapshot from a DE gene list output from ANDROMEDA where the DE genes 
found from the statistical procedures described in the text are reported together with several 
annotation elements as well as raw and normalized expression values and statistical 
measurements conceming the genes of each experimental condition (p-values, coefficient of 
variation, trust factor). 
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Regarding to future versions, additional features such as the support of more 
image analysis software formats plus model based background noise estimation will 
be integrated. Another goal which is currently being realized is the parallelization of 
the ANDROMEDA towards a powerftil grid application being able to handle 
experiments with a vast amount of experimental conditions and large number of 
repHcates through a simple web interface. 
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