T RANSCRIPTIONAL P ROFILING OF A DIPOGENESIS

H UBERT H ACKL

D OCTORAL T HESIS

Graz University of Technology
Institute for Genomics and Bioinformatics
Krenngasse 37, 8010 Graz, Austria

Graz, February 2004

Abstract
Distinct profiles of gene expression mirror the complex molecular mechanisms that regulate development
during cellular differentiation and throughout life. To study the key events and processes in adipogenesis the gene expression of 3T3-L1 cell line during differentiation from fibroblast like preadipocytes to
mature adipocytes with a 27.648 element focused murine cDNA microarray, comprising adipose specific
genes and ESTs from early embryonic stages (NIA 15k clone set) was analyzed. Three independent time
series experiments of 3T3-L1 adipocyte differentiation were performed in reference design. RNA from 8
time points (0d, 6h, 12h, 24h, 2d, 3d, 7d, 14d) was hybridized against RNA from the preconfluent stage
in duplicate with reversed dye assignment to study the gene expression profile over the whole differentiation process. 780 genes found to be more than twofold up- or downregulated in at least 4 timepoints in
comparison to the preconfluent stage were selected for further analysis.
A number of automated methods were proposed to extract biological meaning in the wealth of data. Clustering algorithms were performed (k-means, principal component analysis) to categorize these genes by
their expression course. Additionally, an iterative reverse engineering approach based on mutual information and correlation were applied to elucidate gene-gene relations. To study the gene expression
profiles in the context of relevant pathways, a database and web portal for genomics of lipid-associated
disorders (GOLD.db) was initiated.
Many known and unknown differentially expressed genes in the mitotic clonal expansion phase and the
late terminal adipocyte differentiation as well as transcriptional regulators could be identified and confirmed by Real Time PCR. Due to the focused approach and a novel thorough functional annotation
process new promising targets were revealed.
Supplementary information is available at http://genome.tugraz.at/adipocyte
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Introduction
Background

Obesity causes or exacerbates many health problems, both independent from and in association with other diseases. In particular, it is associated with the development of type 2 diabetes
mellitus, coronary heart disease, an increased incidence of certain forms of cancer, respiratory
complications and osteoarthritis [1]. Obesity is diagnosed when weight normalized for height,
or body mass index (BMI) - the weight in kilograms devided by the square of the height in meter - exceeds a defined threshold of 30. There is evidence of a marked increase in the incidence
of obesity in most Western societies [1–4]. In the United States, for example, the change of
the average BMI from 26.7 to 28.1 between 1991 and 2000 has led to a substantial raise in the
number of people with BMI>30 [4]. What accounts for this epidemic portions is determined by
the combination of genetic, environmental, and psychosocial factors. Physiological studies had
previously suggested that body weight and energy stores are homeostatically regulated, with
either weight loss or gain producing concerted changes in energy intake and expenditure that
resist the initial perturbation [3]. The major function of adipocytes in this context is to store triacylglycerol in periods of energy excess and to mobilize this energy during times of deprivation.
Growth in adipose tissue and long-term changes in fat storage is the result of both hypertrophy
(increase in size) and hyperplasia (increase in number) of adipocytes. Hypertrophy is thought
to be the initial event that occurs during development of obesity. However, adipocytes cannot
grow and accumulate lipids indefinitely. Consequently, increasing number accounts for the adipose tissue expansion observed in obesity and during normal adipose tissue development. The
process of adipocyte development, also known as adipogenesis, follows a highly ordered and
well characterized temporal sequence invitro. Initially, there is growth arrest of proliferating
preadipocytes, usually achieved in cultured cell lines after contact inhibition. Following addition of a hormonal cocktail cells undergo one or two additional rounds of cell division known
as clonal expansion before they start terminal differentiation and develop the mature adipocyte
phenotype. The mitotic clonal expansion phase is a prerequisite for the later differentiation
shown by inhibition at different points of the cell cycle during differentiation of 3T3-L1 cells,
a widely used cell model to study adipogenesis [5]. The whole differentiation process is regulated by a transcriptional cascade (Figure 1). Members of several transcription factor families
have been implicated in this process, including the CCAAT/enhancer-binding proteins C/EBPα,
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C/EBPβ, C/EBPδ, the nuclear hormone receptor peroxisome proliferator-activated receptor γ2
(PPARγ2), and the adipocyte determination and differentiation-dependent factor-1/sterol regulatory element-binding protein-1c (ADD1/SREBP1c).
C/EBPβ and C/EBPδ are induced very early during differentiation and have been shown to promote adipogenesis, possibly through induction of C/EBPα and PPARγ [6–8], and abrogation of
their activity blocks adipose conversion [8, 9]. C/EBPα and PPARγ in turn are able to regulate
each other, and to induce their own expression [10]. Although PPARγ is sufficient to induce
the expression of many adipocyte genes, C/EBPα is required to confer insulin sensitivity to
the adipocyte [10]. The basic helix-loop-helix (bHLH) transcription factor ADD1/SREBP1c
could potentially be involved in a mechanism that links lipogenesis and adipogenesis, since
ADD1/SREBP1c can activate a broad program of genes involved in fatty acid and triglyceride
metabolism in both fat and liver and can also accelerate adipogenesis [11]. The activation of the
adipogenesis process by ADD1/SREBP1c could be effected via direct activation of PPARγ [12]
or through generation of endogenous ligands for PPARγ [13]. Recently, a number of new
molecules and transcription factors involved in adipocyte differentiation were described, either activating or inhibiting adipogenesis. Moreover, it is now appreciated that the white adipose tissue (WAT) is not only a storage for energy (lipids) but plays also an active role in
metabolic processes and the adipocyte differentiation by secreting a large number of bioactive
molecules including tumor-necrosis factor α (TNFα) [14], interleukin-6 [15], leptin [16, 17],
resistin [18, 19], and adiponectin [20]. This illustrates that although well studied the current
model of transcriptional regulation gives not a comprehensive picture of the current processes.
Traditional molecular biology has focused on studying the function of individual genes considered in isolation. Although these conventional methods will keep essential the emerging high
throughput technologies, allowing to study the expression of thousands of genes in parallel,
have changed this view. With large scale analyses it is now possible to monitor the expression
of most genes involved in a specific process over time. Subsequently, it is taken into account
that data of knock-out experiments and molecular analysis of individual genes always reflects
combinatorial regulation and redundancy in the effects of genes.

Some studies have addressed the question how genes are expressed during adipocyte differentiation of 3T3-L1 cells with either membrane based microarrays [21] or high density oligonucleotide microarrays [22–26]. There are also first proteomic approaches to identify secreted
proteins during the 3T3-L1 cell differentiation [27]. These studies demonstrate the power of

T RANSCRIPTIONAL P ROFILING OF A DIPOGENESIS

9

this type of analysis to a model of differentiation. Thousands of genes were shown differentially expressed - some of them even substantial - during the time course partly show a high
agreement with results from previous experiments. However, there is the demand for further
studies with optimal experimental design and sound analyses, providing potential associations
of differentially expressed genes and subsequently, leading to the identification of new targets.
At the end, this will facilitate the generation of new hypotheses.

Figure 1: The different stages of adipogenesis (left) and the relation between the key players of
the transcriptional regulatory cascade (right) adopted from [28]

1.2

Objectives

The main objective of this thesis was to study transcriptional profiling of 3T3-L1 cells during
differentiation to elucidate regulatory processes and to identify new target genes involved in adipogenesis. For this purpose a focused approach with cDNA microarrays, including adipocyte
specific genes and many expressed sequence tags (ESTs) from early developmental stages was
pursued. To assure high quality of the data appropriate experimental design is fundamental.
Commonly, after performing microarray experiments scientists have to face the problem to
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study the results gene by gene and put them into a meaningful biological framework. Therefore, a concern of this thesis was to provide methods facilitating biological interpretation and
applying here within the current study.
Consequently, the specific aims of this study were:
❍ Design and development of a focused murine cDNA microarray
❍ Differentiation of 3T3-L1 preadipocyte cell line as model for adipogenesis
❍ Large scale gene expression analysis during adipocyte differentiation with microarrays
❍ Preprocessing of microarray data and identification of differentially expressed genes
❍ Functional annotation of selected genes (ESTs) and integration of gene ontology
❍ Identification of clusters of genes with similar expression profile over time
❍ Building a regulatory network from the known gene-gene interaction derived from litera-

ture
❍ Development of a strategy for reverse engineering methods to build a network based on

the microarray data to provide possible associations between genes
❍ In silico identification of target genes and promoter analysis
❍ Confirmation of the gene expression levels of potential candidates with Real Time RT-

PCR
❍ Initiating a database and web portal to upload pathways and microarray data sets and to

analyze the gene expression levels in the context of several pathways
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Methods
DNA microarray technology

DNA microarray technology has become an important tool in biomedical research during the
last years. All variants of this technology allow simultaneous measurement of expression levels
of thousands of genes in a single experiment. The resulting patterns are characteristic for the
responses of cells or tissues to their environment, to differentiation into specialized tissues, or
to dedifferentiation into neoplastic cells. The great potential of DNA microarrays not only lies
in viewing the technology as a collection of individual expression measurements, but also in
generating a composite picture of the expression profile of the cell. Therefore microarrays are
widely used in basic research as well as in clinical medicine and pharmacogenomics.
The two major platforms for microarrays are spotted arrays [29], where the probes are mechanically deposited on modified glass slides by contact or inkjet printing, and in situ arrays, where
oligo probes, usually 20 to 25 nucleotides in length, are synthesized via photo litography and
combinatorial chemistry techniques (GeneChip arrays, Affymetrix, Santa Clara, CA). In the
latter approach, each gene or expressed sequence tag (EST) is represented on the array by 1620 probe pairs, consisting of a perfect match (PM) and a mismatch (MM) oligonucleotide that
differs from the perfect match by only a single base in the center position. The purpose of the
MM sequence is to capture the non-specific binding that distorts the measured intensity level
of the PM [30, 31]. Templates for the gene of interest used in cDNA microarray technology are
obtained and amplified by polymerase chain reaction (PCR). Following purification and quality
control, aliquotes are printed on coated glass microscope slides using a high precision robot.
Total RNA from test cells (e.g. treated cells) and reference cells (e.g. untreated cells) is reverse
transcribed to cDNA and fluorescently labeled with different dyes, commonly Cy3 and Cy5 are
used. This is in contrast to in situ arrays, where only one labeled RNA sample is used. The fluorescent targets are pooled and allowed to hybridize under stringent conditions to the elements
on the array. The bound fluorescent dyes are excited and slides are scanned by a laser scanner.
The resulting monochrome images must then be analyzed to identify the arrayed spots and to
measure the relative fluorescence intensities for each element. The basic principle of the cDNA
microarray technology is illustrated in Figure 2.
The typical procedure for a microarray experiment comprises several steps and several issues
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Figure 2: Schematic overview of the cDNA microarray technology

have to be considered (see figure 3). Starting from the biological question the most important point is the experimental design. The objective of the experimental design is to make the
analysis of the data and the interpretation of the results as simple and as powerful as possible,
given the purpose of the experiment and the constraints of the experimental material. The next
question is how to design the array, that is which elements should be included on the array
and what type of array to use. For spotted microarrays, one has the option to spot cDNA - in
general PCR products (1,000-1,500 bp in length) of clones with an inserted cDNA element representing an expressed sequence tag (EST) or a gene - or oligonucleotides, designed to capture
specific genes. In addition, the elements can be designed to represent the most unique part of a
given transcript, making the discrimination of closely related genes or splice variants possible.
Spotted arrays allow a greater degree of flexibility in the choice of arrayed elements, particularly for the preparation of smaller, customized arrays for specific investigations. It is essential
to use optimized hybridization and labeling procedures, to assure a high signal to background
ratio in the resulting images. It has turned out, that indirect labeling gives better results than
direct labeling [32]. The difference is that the latter uses already labeled nucleotides for first
strand cDNA synthesis in contrast to indirect labeling, where cDNA synthesis is performed with
chemically modified nucleotides and the fluorescent dyes are coupled in a further step. Moreover it has been shown that prehybridization of the slide with bovine serum albumin (BSA)
block non-specific binding of the samples to the surface of the slide and adding Cot1-DNA
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and poly(A)-DNA to the hybridization buffer prevents unspecific binding [33] to improve the
quality of hybridization. There are many commercial and freely available software packages
for image quantitation, which comprise spot recognition, segmentation and intensity extraction.
Although there are minor differences between these programs, most give high-quality, reproducible measures of intensities. Before analyses of the data several transformation steps are
important: background correction, remove of bad quality spots, log-2 transformation, and normalization. A couple of methods [34–36] have been proposed for the process of normalization,
which aims to remove systematic errors by balancing the fluorescence intensities of the two
labeling dyes. Some commonly used methods for calculating the normalization factor include
1) global normalization that uses all genes on an array 2) houskeeping genes normalization that
uses invariant expressed housekeeping genes, and 3) internal control normalization that uses
known amount of exogenous control genes added during hybridization. In cases where the
dye bias depends on spot intensity and spatial location on the array non-linear normalization
methods, like the locally weighted scatterplot smoothing (LOWESS) normalization method,
are preferable. LOWESS detects systematic deviations in the MA-plot, this is the log2 -ratios
plotted versus the average spot intensity, and performs a robust linear local fit of the data. After
normalization, assuming that most genes are equally expressed, the distribution of log-ratios
should be centered around zero, the ratios should be independent of spot intensity, and the fitted
line should be parallel to the x-axis. The lowess algorithm can be applied to the whole array
(global) or over print tip groups to consider spatial effects. Another possibility to reduce the
dye bias problem is to perform dye swap experiments and perform dye swap normalization.
The simplest way to identify genes of potential interest through several related experiments
is to search for those that are consistently either up- or downregulated. To that end, a simple statistical analysis of gene-expression levels will suffice. However, identifying patterns of
gene expression and grouping genes into expression classes might provide much greater insight into their biological relevance. Although a different number of unsupervised clustering
algorithms were previously applied to gene expression data (hierarchical clustering [37], kmeans [38], clustering affinity search technique (CAST) [39], self organizing maps (SOM) [40],
self-organizing tree algorithm (SOTA) [41], principal component analysis (PCA) [42], singular
value decomposition (SVD) [43, 44], correspondence analysis (CA) [45], gene shaving [46])
there is no one-for-all solution and an appropriate choice of data analysis technique depends on
both the data and on the goal of the study. The principal problem is that even if random data are
analyzed the algorithms will group genes in clusters and different methods produce different
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cluster results, considering also the possibility of different similarity measures. The aim is generally to define clusters that minimize distances between the genes in one cluster and maximize
intercluster variance [47]. Although there are attempts for automated cluster validation [48],
validation can be made testing and comparing several clustering methods on the current data.
Supervised methods or class predictors, like support vector machines (SVM) [49], are generally
used for finding genes with expression levels that are significantly different between groups of
samples as well as finding genes that actually predict a characteristic of samples. Common
applications for this type of analysis can be found in the classification of tumor samples [50].
As every high throughput method, microarray studies produce a tremendous amount of data.
Therefore, it is inevitable to design relational databases able to store data and information about
the experiment in a safe and yet easily retrievable manner (a review of the current approaches
can be found in [51]). It is important that this information is archived according to accepted
scientific standards, which will then allow scientists to share common information and make
valid comparisons among experiments, and allow complex queries of the data using standard
language or controlled vocabulary. One such standard, minimum information about a microarray experiment (MIAME) [52] has been formalized by the Microarray Gene Expression Data
Consortium (MGED) (http://www.mged.org/Workgroups/MIAME/miame.html). Another standard to emerge is the microarray gene expression markup language (MAGE-ML) [53]. This is
a descriptive language to exchange data widely adopted by several microarray database systems and applications. Both ArrayExpress [54] and the Gene-Expression Omnibus (GEO) [55],
which are two of the most prominent public microarray data repositories, intend to support
the MIAME and MAGE-ML standards, as well as MGED ontology. Standardization attempts
can also be found in the gene annotation process. The gene ontology (GO) [56] is providing
controlled vocabulary as knowledge of gene and protein roles. Since this information about
the molecular function and biological processes is structured in trees, it is possible to group
genes according to their common paths in the tree of GO terms for different genes. Moreover
it can help to look for similar functions in already clustered genes. The major challenge after computational analysis is to facilitate the search for biological meaning in the data and to
generate new hypotheses. The ’list of genes’ resulting from microarray analysis should not be
viewed as an end itself. Its real value increases only as that list moves through biological validation, ranging from the numerical verification of expression levels with alternative techniques
to ascertaining the meaning of the results. Search for common regulatory sequences and transcription factor binding sites, especially for genes with similar expression profile in time series
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experiments is a possibility to understand the architecture of genetic regulatory networks. It is
optimistic to assume that expression data alone will be sufficient for the inference of complete
regulatory pathways. However, several recent reverse engineering approaches, like Boolean or
Baysian networks tackle parts of the problem, discovering new gene associations and modeling
subnetworks. A different method is to analyze gene expression data in the context of known
metabolic pathways, as in KEGG [57] or BioCarta. Tools for this mapping process [58] offer the potential to reveal differentially regulated genes under certain physiological conditions
in a specific cellular component. Mapping to genomic sequences or chromosomes, respectively, will reveal the vicinity to genetic markers or correlated expression patterns of adjacent
pairs [59]. Subsequently, automated search for interesting literature clusters ranked according
to data analysis parameter or creating keyword hierarchies show the relationship of the results
of the microarray experiment to published literature [60–62]. The greatest potential to glean
new insights, however, will be achieved by computational approaches, which integrate genomic
data with disparate information. Probabilistic relational models (PRM) [63] is one approach to
allow the inclusion of multiple types of information (e.g. gene ontology definitions, protein motifs, or functional information) in the computational process itself. The challenges associated
with clinical applications and at the and with personalized medicine will overcome by extensive
bioinformatic solutions for these data integration.

2.2

Development and design of a focused murine cDNA microarray

For the specific application we decided to use cDNA microarrays, because this type of arrays
provides the flexibility to include both, first a large number of genes (ESTs), which are uncharacterized and previously not associated with adipogenesis and second genes (ESTs) that
are important in adipocyte biology and lipid metabolism (focused approach). A 27.648 element
mouse microarray was developed and clones from early developmental stages, clones for adipose specific genes, as well as a brain specific library were utilized. The chip comprises the
following libraries (features):
❍ 627 adipose specific clones: All expressed sequence tags (ESTs) from a set of 18,376

non-redundant clones spotted on a nylon membrane array shown to be differentially expressed in 3T3-L1 adipocytes, when compared to preadipocytes [21] were included on
the microarray. It was recently demonstrated using oligonucleotide microarrays, that the
expression of many genes is regulated by leptin [64]. Since leptin is a negative target for
PPAR, ESTs shown to be differentially expressed were included on the microarray. And
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Figure 3: Procedure for microarray experiment and data analyses

third, all relevant genes, known to be important to adipocyte biology and lipid metabolism
including transcription factors, coactivators and -repressors, enzymes, and signal transduction molecules were included.
To select eligible clones (ESTs) for the chosen genes, the TIGR Mouse Gene Index Build
5.0 (http://www.tigr.org/tdb/tgi.shtml) was used. Tentative Consensus (TC) sequences
within the TIGR Gene Index (TGI) are unique, high-fidelity, virtual transcripts produced
by clustering and assembling of ESTs and annotated gene sequences from the GenBank.
The applied strategy was to select a TC where the functional annotation matches the gene
name in the derived list. One EST within a TC was selected according to the availability
and quality of the corresponding cDNA clone. A high sequence similarity is ensured due
to the restrictive assembly process of the TCs (only those ESTs are clustered, which are
more than 95% similar in an overlap of 40 bp). However, some genes of interest are not
represented in the TGI. In this case ESTs were obtained by a high score BLAST search of
GenBank entries with a complete coding sequence of the mRNA against the mouse EST
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database. The corresponding cDNA clones were ordered through the IMAGE consortium
(Research Genetics, Huntsville, AL, USA).
❍ 15k NIA mouse clone set: ESTs from early embryonic cDNA library (National Insti-

tutes of Aging, National Institutes of Health, Bethesda, MD, USA). 15,000 ”unique”
cDNA clones were rearrayed among 52,374 ESTs from pre- and periimplantation embryos, E12.5 female gonad/mesonephros, and newborn ovary. Up to 50% are derived
from novel genes.
❍ 11k BMAP clone set: 10560 clones from non-normalized and normalized, serially sub-

tracted cDNA libraries from 10 brain regions of adult mouse brain, spinal cord, and retina
(mouse strain c57BL6J). These libraries were constructed within the Brain Molecular
Anatomy Project (BMAP) contracted by the National Institutes of Health (NIH) and the
University of Iowa.
The insert of most of these clones (NIA and BMAP clone set) were sequence verified. The insert
size of the clones was about 1-1.5 kbp. All PCR products were purified using size exclusion
vacuum filter plates (Millipore) and spotted in singular out of 50% DMSO onto amino-silanated
glass slides (UltraGAPS II, Corning) in an 4x12 print tip group pattern. Negative controls
(genomic DNA, genes from Arabidopsis thaliana, and DMSO) and positive controls (Cot1DNA and Salmon sperm DNA) were included in each of the 48 blocks. Samples were bound to
the slides by ultraviolet crosslinking at 200 mJ in a Stratalinker (Stratagene).

2.3

3T3-L1 cell line

The understanding of the adipocyte differentiation process - from a fibroblast progenitor cells
to mature adipocytes - is derived primarily from cell culture models, i.e. either established
cell lines or primary preadipose cells. Primary preadipose cells can be isolated from the stromal vascular fraction of adipose tissue and, when treated in cell culture with a combination of
adipogenic effectors, can differentiate into adipocytes. Established preadipocyte lines have advantages over primary preadipocytes in that they provide a homogenous population and can be
carried in culture indefinitely. The most widely used culture models are the 3T3-L1 and 3T3F422A culture lines, which are derived from disaggregated Swiss 3T3 mouse embryos [65, 66].
These cell lines can be induced to differentiate into adipocytes that display the morphological [67] and biochemical [68] characteristics of adipocytes in situ. Moreover, when 3T3-F422A
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cells are implanted subcutaneously into athymic mice, they give rise to fat pads that are indistinguishable from adipose tissue [67]. Confluent 3T3-L1 preadipocytes can be differentiated synchronously by a defined hormon cocktail. Maximal differentiation is achieved upon treatment
with the combination of insulin, a glucocorticoid, an agent that elevates intracellular cAMP levels, and fetal bovine serum [69]: Insulin is known to act through the insulin-like growth factor 1
(IGF-1) receptor. Dexamethasone (Dex), a synthetic glucocorticoid agonist, which is traditionally used to stimulate the glucocorticoid receptor pathway and methylisobutylxanthine (MIX),
which is a cAMP-phosphodiesterase inhibitor used to raise the cAMP level and to stimulate the
cAMP dependent protein kinase pathway.

2.4
2.4.1

Experimental design
Differentiation of 3T3-L1 cell line

3T3-L1 cells (ATCC number CL-173) were grown in 100mm diameter dishes in Dulbecco’s
modified Eagle’s medium (DMEM) supplemented with 10% fetal bovine serum, 100 units/ml
penicillin, 100 µg/ml streptomycin, and 2mM L-Glutamine in an atmosphere of 5% CO2 at
37◦ C. Two days after reaching confluence (day 0), cells were induced to differentiate by a two
day incubation of a hormone cocktail [69, 70] (100 µM 3-iso-butyl-1-methylxanthine, 0.25 µM
dexamethasone, 1 µg/ml insulin, 0.16 µM pantothenic acid, and 3.2 µM biotin) added to the
standard medium described above. After 48 h (day 2) cells were cultured in the standard media
in the presence of 1 µg/ml insulin, 0.16 µM pantothenic acid, and 3.2 µ M biotin until day 14
(Figure 5). Nutrition media were changed every second day.
2.4.2

Experimental design for microarray analysis

All biological conclusions and predictions resulted from microarray data consequently rely on
the quality of the data and the use of appropriate analytical methods and statistical tests. Subsequently, it is important to focus on the design of a microarray experiment. Carefully designed
biological experiments are indispensable for the analysis of data and the interpretation of results. The general principles discussed here are for two-color microarray experiments. However, many of these issues will also apply to single-color gene expression assays. Microarray
experiments should be treated as general biological experiments and microarrays as measurement of a biological quantity. The following issues should be considered for the design of a
microarray experiment:
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Figure 4: Design of the differentiation experiment. Arrows indicate when RNA is extracted
from the cells

❍ Biological replicates: Biological variability is intrinsic to all organisms and can be sub-

stantial even for inbred mice [71]. Therefore it is necessary to perform repeated hybridizations with RNA samples from independent sources. The number of the biological
replicates depends on the type of the biological question, e.g. whether two types of tissues
differ with regard to the expression profiles. In this particular example it is obvious that
one RNA sample for each tissue does not answer the biological question, since there may
be a substantial biological variability within this tissues [72].
❍ Technical replicates: In microarray experiments there are two possibilities for replicated

measurements to reduce variability introduced by measurement errors: replicated features
within a slide and replication of hybridization with the same RNA samples. It is useful to
have a few technical replicates to ensure that the procedures, reagents and equipment are
working properly [72]. However, since technical replicates do not represent independent
measurement, it is strongly recommended to use biological replication as principal source
of replicated slides [34]. Dye-swap can be also used as a technical replicate and is useful
for reducing the systematic bias. In this case replications represent repeated hybridization
with the same samples, with interchanged dyes in the second hybridization. This can also

20

H. H ACKL

be used for gene-wise normalization to balance the systematic differences in the red and
green intensities.
❍ Pooling: In addition to the optimal design there are constraints on the number of slides,

the amount of RNA available or cost considerations, all of which will effect the experimental design. In cases where a large number of experimental units may be available
and the number of slides is limited, there is the option to pool individual samples. This
may also comprise cases with limited amount of RNA. If all available samples are pooled
together the biological variance are minimized, but all independent replication would be
eliminated. Therefore it is better to use several pools and fewer technical replicates.
❍ Control versus reference RNA: For a pairwise comparison of differential gene expression

one of the two RNA samples, which are hybridized to a microarray slide, is used as a
control, e.g. RNA from an untreated cell line. In cases of comparison of many different
types of samples, it would be desirable to use a more universal reference with a broad
coverage of genes, e. g. RNA from pooled cell lines. This approach is commonly used if
the focus of the analysis is to determine tumor subtypes [73].
The optimal arrangement of the microarray experiment is driven by the objectives and conditioned by several constrains. The effects of the different parameters are discussed in [71] and
can be summarized by the following formulae: Suppose that n pools of k individuals each were
created, and each pool will be measured using m technical replicates on microarray slides with
r repetitions of each clone, the mean squared error (MSE), which quantifies the precision of
estimates, can be calculated by
r
M SE =

(

σB2
+ (σA2 + σe2 /r)/m)/n
ka

(1)

where σB2 is the intrinsic variation of the biological units within a experimental class, σA2 represents the variation between technical replicates, and σe2 represents the measurement error within
a single array. For pooling a denotes a constant with 0 < a < 1. In the case of a = 0 pooling
will have no effect, and in case of a = 1 the variance is reduced in direct proportion to the pool
size. Let C1 represent the cost of an experimental unit and CM be the cost for a single technical
replicate the overall cost for the experiment would be:
cost = n(kC1 + mCM )

(2)
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Figure 5: Experimental design of the adipogenesis study. One array represents one microarray
slide. The tips of the arrows point to the RNA labeled with Cy3 and the opposite side to the RNA
labeled with Cy5. Due to the dye swapping there are two arrows per time point. Additionally to
the three independent experiments, the reference samples in each experiment were hybridized
to the microarrays (a total of 51 microarrays).

Although a detailed knowledge of the variance components is hardly accessible, some general
guidelines can be derived. E.g., when measurement is expensive it is preferable to add experimental units rather than technical replicates, or if the variability between individual samples is
large and the units are not too costly, it may be worthwhile to pool samples.
The discussed issues were considered in the current study. Three independent time series experiments of 3T3-L1 adipocyte differentiation were performed in reference design to reduce
biological variation. As a reference RNA from the preconfluent stage of the 3T3-L1 cells (80 %
confluent) was pooled from 36 dishes for each of the three experiments. At each time point RNA
was pooled from 3 culture dishes. As technical replicate each hybridization was repeated with
reversed dye assignment (Figure 5). The variation in the gene expression of the references between the independent experiments was checked by three hybridizations of the reference RNA
samples to the microarrays.
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Microarray experiments

Cells were harvested and total RNA was isolated at the preconfluent stage and at 8 time points
with TRIzol reagent (Invitrogen-Life Technologies) based on the method described previously
[74]. The quality of the RNA was checked by Agilent 2100 Bioanalyzer RNA assays through
inspection of the 28S and 18S ribosomal RNA intensity peaks.
The used labeling and hybridization procedures were based on those developed at The Institute
for Genomic Research [33] and can be viewed at http://gold.tugraz.at. Briefly, 20 µg of total
RNA was indirectly labeled with Cy 3 and Cy5, respectively. The Random Hexamer (Invitrogen) primed first strand cDNA synthesis was carried out using Superscript Reverse Transcriptase II (Invitrogen) in the presence of amino allyl dUTP (Sigma), dATP, dGTP, dCTP, dTTP
(Invitrogen), DTT, and 1X first strand buffer overnight at 42 ◦ C. cDNA was purified with QIAquick columns (Qiagen) according manufacturer’s directions, but using potassium phosphate
wash and elution buffer instead of supplied buffers PE and EB. N-hydroxi succinimde (NHS)
esters of Cy3 and Cy5 (Amersham) were coupled to the amino allyl dUTPs incorporated in the
cDNA. Coupling reactions were quenched by 0.1 M sodium acetate (pH=5.2) and unincorporated dyes were removed using QIAquick columns (Qiagen). Slides were prehybridized in 1%
BSA, 5xSSC, 0.1 %SDS for 45 min at 42◦ C and washed in MilliQ water and 2-Propanol and
dried in a centrifuge. Fluorescent cDNA samples were dried in a SpeedVac, resuspended in 12
µl hybridization buffer (50 % formamide, 5XSSC, 0.1 % SDS) and combined. 20 µg mouse
Cot1 DNA and 20 µg poly(A) DNA were added, denatured at 95◦ C for 3 min. and snap cooled
on ice for 1 min. Sample with a final sample volume of 26 µl was applied to the prehybridized
slide, covered with a glass cover slip (Roth) and hybridized in a humidified chamber for 20
hours at 42◦ C in the dark. Slides were washed 4 min in a 1xSSC, 0.2 % SDS solution (42 ◦ C),
4 min in 0.1xSSC, 0.2% SDS, 4 min and 2.5 min in a 0.1xSSC, dipped twice in MilliQ water
and dried in a centrifuge.
Slides were scanned with a GenePix 4000B microarray scanner (Axon Instruments) at 10 µm
resolution. Photo multiplier voltages (PMT) were selected in order that the histogram of the
red channel (635nm)and the green channel (532nm) were overlapping to a large extend and few
spots were saturated. Identical settings were used for the scanning of the corresponding dyeswapped hybridized slides. The resulting TIFF images for each of the two fluorophors were
analyzed with GenePix Pro 4.1 (Axon Instruments) to get relative gene expression levels for
each gene.
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Data analysis
Data preprocessing

Data were filtered for low intensity, inhomogeneity, and saturated spots by following criteria. If
the median of the pixel intensities within a spot are differing more than 20% from the mean of
the pixel intensities spots were considered as inhomogeneous and were filtered out. Spots with
more than 10% of saturated pixels (fluorescence intensity >65535) were excluded from further
analysis. To get expression values for the saturated spots, slides were scanned a second time
with lower photo multiplier tube settings and analyzed again. Genes with a very low expression
value are often removed in order not to confound their signal with the background intensity.
Low intensity spots were defined as those where the sum of the medians/means of the pixel
intensities in both channels was lower than 1000 or not more than 55% of the pixels within a
spot had intensities higher than the intensity of the surrounding background plus one standard
deviation of the background pixels. All spots of both channels were background corrected, by
estimation and subtraction of the local background.
2.6.2

Normalization

There are different sources of systematic (sample effect, array effect, dye effect and gene effect)
and random errors associated with microarray experiments [75]. Due to the different physical
properties of the fluorescent dyes, the major portion of this bias is introduced by the dye effect. Therefore it is indispensable to normalize the data, which is known as removing of all
non-biological variation introduced in the measurement and minimizing the random error to
get reliable results [34, 35]. As method of choice dye-swap normalization was applied. The
expression ratio T for gene i at each time point in relation to the reference was calculated by
r
Ti =

Ri1 Gi2
.
Gi1 Ri2

(3)

where Ri refers to the red signal and Gi for the green signal for gene i. At the first hybridization, indicated by index 1, the green dye was assigned to the reference and the red dye to the
sample. In the second hybridization, indicated by index 2, the assignment of the dyes was reversed. Moreover, it was checked that the course of the ratios over the signal intensities is equal
in both hybridizations, which is a prerequisite for applying this normalization method. Since
this process is applied gene-wise it is advantageous over global methods, where it has to be
assumed that most of the genes are expressed equally in both of the channels. Subsequently,
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genes showing substantial differences in the intensity ratios between technical replicates were
excluded from further analysis based on a two-standard-deviation cut-off. The resulting ratios
were log2 transformed and for each time point in most cases averaged over 3 independent experiments. Only in a few cases due to missing values, ratios where averaged over 2 independent
experiments.
2.6.3

Identification of differentially expressed genes

Regardless of the experiment performed it is invariably of interest to identify genes that are differentially expressed between one or more pairs of samples in the data set. It is useful to reduce
the number of genes to those that are most variable between samples. This is often accomplished applying a fixed fold-change cut-off (generally 2-fold) to the mean of the ratios over the
biological replicates. To find out the genes mostly regulated in adipocyte differentiation, genes
without missing values in all time points and more than 2-fold up- or down-regulated in at least
4 time points were selected for further analysis. The drawback of ranking genes according to
their mean is that the variability of the ratios over replicates is not constant across genes. A
solution is to rank the genes according to the absolute value of the t-statistic:
t=

T
√
s/ n

(4)

where T is the mean of the ratios and s the standard deviation of the ratios for n biological
replicates. Some studies considered that unrealistically small values for s can lead to a large
t-statistic by penalizing s [76–78]. After ranking the genes a cut-off value has to be found above
which genes are assigned significantly differentially expressed. For each t-statistic a p-value,
that is the probability that the null-hypothesis is rejected although it is true - can be calculated based on the student-t-distribution. In general, the cut-off for the significance is p=0.05.
However, the problem in microarrays is that due to multiple testing, for example in testing the
null-hypothesis for 10.000 genes 500 genes are probably false discovered as significant differentially expressed. To avoid this the p-values should be corrected to control the family-wise type
I error rate [79]. The most stringent method is the Bonferroni correction, where the p-value is
divided by the number of comparisons [80]. Other possibilities are the step-down method [81]
or bounding of the false discovery rate [82]. For more experimental groups the Analysis of
Variance (ANOVA) is commonly used to identify differentially expressed genes [75]. ANOVA
provides a F-value, which refers to an estimator of the variance based on the variance within
groups devided by an estimator of the variance based on the variance among groups. If F  1
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the null hypothesis - that the means of all groups are equal - is rejected. Selection of an adequate
cut-off p-value results in a corresponding F-value above the gene is considered significantly differentially expressed. The expression data from the adipocyte differentiation were filtered for
genes with at least 2 biological replicates in all time points and one-way ANOVA was applied
to detect significant differentially expressed genes based on a p-value of 0.05. The application of these parametrical tests or further data analysis, e.g. cluster analysis, presumes normal
distributed data. It was shown previously, that the estimated histogram of gene expression
data in logarithmic scale is unimodal and symmetric and presents a roughly normal distribution [83]. However, this has to be tested for the results of each microarray hybridization in an
experiment by estimating the histogram and analyzing the Q-Q-plots. There are also several
other approaches and none parametrical tests to identify differentially expressed genes: mixed
models [84, 85], empirical Bayes analysis [78], regularized t-test [86], significance analysis of
microarrays (SAM) [77], regression analysis [87], and maximal likelihood approach [88].
2.6.4

Cluster analysis

Selected genes were grouped according to their similarity of the expression profiles over time
with different unsupervized clustering methods. Each gene expression profile was mathematically expressed as vector of the log ratios at each time point {x = (x1 , x2 , .., xn ) ;y =
(y1 , y2 , .., yn )}. As distance measurement the Euclidean distance:
v
u n
uX
d=t
(xi − yi )2

(5)

i=1

was used to calculate similarity between the expression profile of two genes, where n is the
number of time points. K-means clustering [38, 89] was applied to the selected genes with different number of preselected clusters (k). Finally, k = 12 was chosen as number for cluster
partitioning, because it provided the best compromise between number of clusters and separation between them. In k-means clustering k reference vectors are initialized randomly and
genes are partitioned to their most similar reference vector. Each reference vector is recalculated as the average of the genes that mapped to it. These steps are repeated until convergence,
that is, all genes map to the same partition. Consistency of the first clustering approach was
checked using principal component analysis (PCA) [42]. The central idea of principal component analysis is to reduce the dimensionality of the data set while retaining as much as possible
variation in the data set. Principal components (PCs) are linear transformations of the original

26

H. H ACKL

set of variables. Moreover, PCs are uncorrelated and ordered so that the first few PCs contain
most of the variations in the original data set. The first 3 PCs were projected in 3 dimensional
space, so that maximum variability is visible and clusters can be separated. In the 3D view of
the PCs genes were colored according their assignment to the k-means clusters. When the principal components are calculated from the covariance matrix there is a direct relation between
PCA and singular value decomposition (SVD) [43, 90], and therefore the same mathematical
background is applicable. All cluster analyses were carried out within the clustering software
Genesis [91].

2.7
2.7.1

Functional annotation
Annotation process

Each of the ESTs corresponding to the spotted clones on the microarray were annotated according to the TIGR mouse gene index (the provided tentative annotation was used as gene name).
The affiliation of these ESTs to UniGene Clusters and the assigned cluster titles were also specified. Based on this annotation and accession numbers the following databases were tracked
and unique identifiers were provided to glean further related information for each gene(EST)
over the web:
❍ TIGR Mouse Gene Index [92]
❍ UniGene Cluster [93]
❍ RefSeq [94]
❍ LocusLink [94]
❍ Swiss-Prot [95]
❍ SOURCE [96]
❍ MGI (Mouse Genome Informatics) [97]
❍ ENSEMBL transcripts [98]
❍ GeneLynx [99]

Although, a large variety of gene related information is accessible through these databases, the
annotation of not well characterized genes is moderate and information is limited. Hence for
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the selected and analyzed genes (ESTs) further annotation processes were accomplished with
a novel annotation and sequence analysis system (Annotator, Research Institute of Molecular
Pathology, Vienna). At the first step for each EST sequence a corresponding protein sequence
has to be found; the applied strategy is shown in Figure 6 in detail. For this purpose a Megablast
search with parameters word length (w=70) and percent identity (p=95%) against different nucleotide databases (RefSeq, FANTOM, UniGene, NT, TIGR MGI) was carried out and the
corresponding protein was extracted from the same or a related database entry. If the accession
number was not available in the entry a Blastx search against the mouse proteome set from
the International Protein Index (IPI) was conducted to extract amino acid sequences. For the
remaining ESTs searches were repeated first with another compilation of the RefSeq (another
build of RefSeq including the provisional and automated generated RefSeq records [94], and
second using Blastn [100] instead of Megablast to search against the databases again. The
most suitable hit (not always the best hit) was used to select the corresponding protein. Finally
a Blastn search against the ENSEMBL mouse genome was performed and ESTs with long
stretches (>100 bp) of not specified nucleotides (N) were excluded. Starting from the protein
sequence within the annotator system several global domains were predicted: Low complexity
regions with SEG, Pfam, Prosite and Prosite pattern with HMMER, Transmembrane domains
(TOPPRED, DAS TM Filter, SAPS), coiled coil regions, GPI anchor, SignalP region, and a
series of relevant short signals. Based on this predictions and the annotated hits of sequence homology searches in databases using Blastp, the selected ESTs were assigned new annotations.
2.7.2

Gene ontology

In the annotation process one has to consider that the nomenclature of genes is not consequent,
that means often there exists several aliases and symbols for the same gene and there are no
standardized names (except e.g. for yeast). This is not astonishing since historically genes were
discovered in different processes or isoforms of the genes in different tissues were studied in
many different laboratories all over the world and each time a new name had been assigned.
To overcome this lack in consistent nomenclature the Gene OntologyTM (GO) Consortium [56]
is dedicated to produce a controlled vocabulary that can be applied to all organisms even as
knowledge of gene and protein roles in cells is accumulating and changing. The goal is not to
define new names for a gene but providing three structured networks of defined terms to describe
gene product attributes: molecular function, biological process, and cellular component. GO
terms and the corresponding GO numbers are organized in structures called directed acyclic
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Figure 6: Strategy to search for protein sequences corresponding to selected ESTs. On the left,
searches against nucleotide databases are displayed, in the middle selection of protein sequence,
and on the right numbers of ESTs with assigned protein sequences

graphs (DAGs), which differ from hierarchies in that a ’child’ (more specialized term) can have
many ’parents’ (less specialized terms). Use of GO in analysis of experimental data from high
throughput methods enables integration of biological background data in a controlled manner.
For each of the ESTs spotted on the focused mouse microarray the GO terms were derived from
the SOURCE database so far they were available. Gene ontology for the selected ESTs was
integrated and further analyzed.
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Real Time RT-PCR

To confirm microarray results samples from the second time course of the microarray experiment were analyzed with Real Time RT-PCR. cDNA was synthesized from 2,5 µg of total
RNA in 20 µl using random hexamers and SuperScript III reverse transcriptase (Invitrogen).
The design of LUXTM primers was done using the web service of Invitrogen (Table 1). Real
time quantitative RT-PCR analyses for the genes described in Table 1 were performed starting
with 50 ng of reverse transcribed total RNA, with 0.5X Platinum Quantitative PCR SuperMixUDG R (Invitrogen), with a ROX reference dye, and with a 200 nM concentration of both
LUXTM labeled sense and antisense primers (Invitrogen) in a 25 µl reaction on an ABI PRISM
7000 Sequence Detection System instrument (Applied Biosystems). It is difficult to completely
eliminate genomic DNA from RNA preparations. Therefore, a no amplification control (NAC)
was included, which is a sample where the reverse transcriptase was omitted. Also included
in the assays were no template controls (NTC). To measure PCR efficiency, serial dilutions of
reverse transcribed RNA (0.24 pg to 23,8 ng) were amplified, and a line was obtained by plotting cycle threshold (CT ) values as a function of starting reverse transcribed RNA, the slope of
which was used for efficiency calculation using the formula
E = 10|1/slope| − 1.

(6)

Ribosomal 18 S RNA amplifications were used to account for variability in the initial quantities of cDNA. As calibrator the control sample (preconfluent stage) were used. The relative
quantitation for any given gene (R) with respect to the calibrator was determined as follows:
R = (1 + E)−(∆CT,sample −∆CT,calibrator )

(7)

∆CT = CT − CT,18SrRN A .

(8)

with

It was tested if the PCR efficiency for the genes of interest was comparable to the one of the
internal reference (18S rRNA). Finally, the resulting ratios were compared to the normalized
ratios from the second time series analysis.
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Gene

Forward primer

PPAR

caccaTGCGGAAGCCCTTTGGtG

GGGCGGTCTCCACTGAGAAT

AGCAGACGCGGGAAGAGATT

caaccaAGGTCTTGCTGCTGTGGTtG

c-myc

CCCTAGTGCTGCATGAGGAGA

cagcgTTGCTCTTCTTCAGAGTCGCtG

Cyclin A2

CAGAGCTGGCCTGAGTCATTG

gacctaGTGGCGCTTTGAGGTAGGtC

Decorin

TCATAGAACTGGGCGGCAAC

caccaaAGGGATCGCAGTTATGTTGGtG

Nur77

GGCTTCTTCAAGCGCACAGT

gtacatctCTTGTTTGCCAGGCAGATGtAC

TGGCTGTGGGAAAGTCTATGG

atacagAAGGGCCGTTCACCTGTAtG

LPL

BTEB1

Reverse primer

Table 1: Sequences of forward and reverse primer for Real Time RT-PCR analysis to confirm
microarray experiments for the given genes. Lower case letters (bases) on the 5’ end indicate
complement to the 3’ end building a hairpin structure. Lower case t on 3’ end indicates where
the fluorophore is coupled.

2.9

Promoter analysis

Clustering methods of high-throughput expression profiling data provide us with the information about co-expression of genes in different conditions. The underlying assumption is that
co-expressed genes are co-regulated or can share the same function (guilt by association).
A set of co-regulated genes usually share a similar set of regulatory motifs. This implies that
in the regulatory regions of the genes, most notably within the promoter sequence, the same
transcription factors or modules of transcription factors bind to the DNA and mediate the rate
of transcription leading to similar expression profiles. With the advent of sequencing of whole
genomes, computational methods arose to predict regulatory events and target genes for transcription factors. This none trivial task consists of identification of the promoter, transcription
factor binding sites, combinatorial regulatory elements and transcription factor target genes.
2.9.1

Identification of promoters

The first step towards the identification of a transcription factor binding site is to find the promoter, which is defined here to be the upstream region proximal to a genes’ transcription start
site (TSS). Several approaches were based on the recognition of relatively conserved signals
like TATA box, CCAAT box, other known transcription factor binding sites, or differences in
the content like triplet base pairs around TSS, hexamer frequencies within a closed region or
presence of CpG islands [101–103] for the identification of promoters. However, the prediction is limited and also a number of false positive promoters were predicted. Based on this
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observations we follow the approach of aligning full-length mRNA(cDNA) with their counterparts genomic sequences and extract the upstream genomic sequence of the most 5’ predicted
exon. This approach can achieve over 80% accuracy in promoter localization [104–107]. Promoters with a length of 5000 bp upstream of human and mouse transcripts were derived from
the PromoSer web service [108], that facilitates extraction of user specified regions around the
transcription start site. As input the RefSeq and mRNA numbers, or if they were not available the EST accession numbers were used. Through mapping of full length cDNA clones
(60.770 full-length cDNA mouse clones from the RIKEN project and 12.340 full-length human
cDNA sequences from IMS) as well as entries from the eukaryotic promoter database [109] with
BLAT [110] it is assured that there is an extension for mapping of RefSeq and mRNA GenBank
sequences to assign the TSS correctly in the genomic sequence. Starting from the mRNA or
RefSeq entries of selcted mouse transcripts homologs in human with RefSeq accession number
were identifed using the HomoloGene database [93], which is based on reciprocal best Blast
hits. Only those regions in the homolog promoters were considered, where the similarity was
over 70%, identified using a sliding window of 50bp.
2.9.2

Analysis of regulatory elements in promoters

After promoter regions are identified, it is then possible to search for cis-regulatory elements
computationally by screening genomic sequences for the presence of transcription factor binding site motifs that have already been identified. Because most transcription factors bind to
short (5-25 bp) degenerate sequence motifs that occur very frequently in the genome a position
weight matrix (PWM) is used to represent the binding specificity of these factors quantitatively.
A collection of PWM for different transcription factors derived from binding sites in different
organisms can be found in the TRANSFAC [111] and JASPAR database [112]. Only vertebrate
PWMs, which are derived from more than 10 sequences were considered in the current analysis
(116 PWMs in total). In order to find potential transcription factor binding sites weights wi (i)
were calculated at each position i based on the information content [113]:
wi (i) =

100 X
(
pi (b) ∗ ln pi (b) + ln 4)
ln 4 b∈A,C,G,T

(9)

The similarity score sim for a found motif was determined according to:
Pn
j=1 wi (j) ∗ score(b, j)
sim = Pn
j=1 wi (j) ∗ max(score(j))

(10)
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where j is the position b ∈ A, C, G, T , n the number of positions in the PWM, and score is
the frequency at a position for the nucleotide A,C,G, or T, respectively. Above a threshold of
sim>0.85 the found motif in the promoter sequence was considered as putative binding site.

Gene

Organism

Binding sequence

CYP4A6/P450 IV

rabbit

CTGAACT AGGGCA A AGTTGA

CYP4A1/P450 IV

rat

TGAAACT AGGGTA A AGTTCA

L-fatty acid binding protein

rat

CAAATAT AGGCCA T AGGTCA*

3-hydroxy-3-methyl-glutaryl-CoA-synthase

rat

AAAAACT GGGCCA A AGGTCT*

Enoyl-CoA-hydratase

rat

CAAATGT AGGTAA T AGTTCA*

Malic enzyme

rat

GCATTCT GGGTCA A AGTTGA

PEPCK

rat

CACAACT GGGATA A AGGTCT

PEPCK

rat

ACTCCCA CGGCCA A AGGTCA*

Acyl-CoA oxidase

rat

GGGGACC AGGACA A AGGTCA*

Liver specific type 1 sugar transporter

rat

GCGTTAC AGGACA A AGGCCA

Malic enzyme

rat

GTGTTAG AGGGCA C AGGTCC*

Acyl-CoA oxidase

rat

GAGAGCA AGGTAG A AGGTCA*

Acyl-CoA synthetase

rat

GTCTTTC AGGGCA T CAGTCA*

Palmitoyl transferase fatty acid transport

mouse

AGGAAGT GGGGCA A AGGGCA

aP2 adipocyte lipid binding protein

mouse

TCTCTCT GGGTGA A ATGTGC*

aP2 adipocyte lipid binding protein

mouse

TCTTACT GGATCA G AGTTCA

c-Cbl-associating protein

mouse

TTGACAC AGGCTA A AGGTCA

Uncoupling protein 1

mouse

TTCAGTG TGGTCA A GGGTGA*

Apolipoprotein C-III

human

AGGGCGC TGGGCA A AGGTCA*

Acyl-CoA oxidase

human

AACTAGA AGGTCA G CTGTCA

Lipoprotein lipase

human

TCCGTCT GCCCTT T CCCCCT

Muscle-type carnitine palmitoyltransferase I (CPT I)

human

TGACCTT TTCCCT A CATTTG

Table 2: Experimental verified binding sites for PPARγ in genes from different organisms and
different functions
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In silico identification of potential PPAR target genes

Since PPARγ plays a predominant role in the process of adipogenesis there is great interest in
predicting downstream target genes of PPARγ, which could be involved in the regulation of
essential processes during adipocyte differentiation.
The concept was to extract experimentally verified binding sites for PPARγ in genes from different organisms and different functions (Figure 2) and build a model for the sequence specifity
of the binding process of PPARγ promoters to the upstream activator sequence (UAS). PPARs
bind neither as homodimer nor as monomer but strictly depend on the retinoid X receptor (RXR)
as DNA-binding protein. The PPAR:RXR binding is characterized by the following properties:
an extended 5’-half-site flanking region and an adenine as the spacing nucleotide between the
two hexamers, giving the consensus sequence 5’-AWCT AGGNCA A AGGTCA-3’. A position
weight matrix was derived by ClustalW alignment of the verified binding sites and counting the
bases at each position of the binding sites including a flanking region.

2.10

Analysis of the gene expression data in context of relevant pathways

2.10.1

Network model for adipogenesis

In the last years many factors were identified, which either inhibit or activate adipocyte differentiation [114, 115]. However, the underlying mechanistic models of how some of these factors
are regulating the differentiation process are only partly understood. It was shown that effects
could be mediated via signaling pathways (Wnt-signaling [116]), by binding of transcription
factors to the promoter of major regulators (binding of GATA-2 and GATA-3 to the PPARγ
promoter [117]), post translational modifications (phosphorylation of Rb by cyclin-dependent
kinase inhibitor p21 [118]), formation of inactive heterodimers (C/EBPβ and CHOP-10 [119]),
or direct protein-protein interaction (transactivation of C/EBP by Rb [120]). The major question
is how effects of these identified factors can be integrated into the well established transcriptional regulatory network consisting of members of the C/EBP family of transcription factors
and PPARγ as described in the introduction (Chapter 1.1). Quite a number of review articles
have summarized the current understanding of the adipogenesis process and how involved factors are related [28, 114, 115, 118, 121–139]. Based on this information the attemption was
made to sketch a regulatory network model for adipogenesis (see Figure 7), well considering
the inexactness of mapping complex relations to one inhibition or activation connection.
Whereas much effort has been directed toward understanding of the terminal stages of adipocyte
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differentiation, the molecular mechanisms underlying the transition between cell proliferation
and differentiation of preadipocyte remain largely elusive. It is likely that factors controlling the
cell cycle could play a role in adipocyte differentiation. E2F, a cell cycle specific transcription
factor when bound to DNA exists either as free E2F heterodimer with dimerization partner DP
or associated in larger complexes containing members of the retinoblastoma family (pRb, p107,
p130) and members of the cyclin/cyclin dependent kinase (cdk) protein families [28]. Upon
re-entry in the cell cycle Rb and other retinoblastoma proteins are phosphorylated by cdk releasing the E2F complex, resulting in the activation of E2F targets and in promotion of cell cycle
progression to S-phase [140]. After several rounds of DNA synthesis cyclin dependent kinase
inhibitors (p21, p27, p18) are induced, which mediates the cell cycle exit [118]. It was shown
that E2F1 induces PPARγ transcription during clonal expansion whereas E2F4, when associated
to p107 or p130 represses PPARγ expression during terminal adipocyte differentiation [141].
Moreover, cyclin D1 is able to repress PPARγ through a pRb- and cdk-independent mechanism [142] and cdk inhibitor p21 expression can be stimulated by binding of C/EBPα [143].
Immediately within (2-4h) after induction C/EBPβ and -δ are expressed. At this stage C/EBPβ
is unable to bind DNA and thus cannot activate the regulatory genes responsible for terminal
differentiation. Only after a long lag period (10-12h) C/EBPβ aquires DNA binding activity.
This occurs as the cells synchronously reenter the cell cycle, traverse the G1/S checkpoint and
begin mitotic clonal expansion.
Since cAMP level enhancing agents, glucocorticoids and insulin are used for optimal differentiation important issues were raised how these agents influence this differentiation process
or rather what are the mechanisms to regulate C/EBPβ and C/EBPδ. Glucocorticoids do not
directly affect the appearance of C/EBPβ, while stimulating early adipogenic effects, but dexamethasone, a synthetic glucocorticoid, has been shown to induce C/EBPδ [7]. Furthermore,
dexamethasone is down-regulating pref-1 which in turn inhibits adipocyte differentiation and is
expressed highly in preadipocyte and is absent in mature adipocytes [144, 145]. Insulin, or the
insulin like growth factor1 (IGF1) has been identified as the most potent inducer of clonal expansion [146] and the adipogenic action could be mediated via a down stream effector of insulin
action (protein kinase B (PKB/Akt)) [129]. The phosphodiesterase inhibitor methylisobutylxanthine (MIX) increases the cAMP levels and leads to a rise of C/EBPβ [147]. The cAMP
responsive transcription factor CREB has also been found to play a role in adipogenesis [148].
Whereas the role for PPARγ in adipocyte differentiation of preadipocytes is well documented,
the function of PPARδ is still unclear. Activation of endogenous PPARδ in 3T3-L1 cells en-
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hances the expression of PPARγ, but terminal differentiation is only modestly promoted [149],
although it was previously shown that both PPARγ and adipose conversion were promoted by
fatty acid treatment of 3T3-C2, with forced expression of PPARδ [150].

Although TGF-β promotes proliferation it has inhibitory effects on adipogenesis. This might
be mediated by SMAD3, because overexpression of this transcription factor potently blocks
differentiation. Although SMAD3 does not greatly influence the expression of C/EBPβ or
C/EBPδ, SMAD3 inhibits induction of CEBPα and PPARγ [151]. Interestingly, FGF10 an important signaling molecule is required for the development of adipose tissue [152]. Prevention
of FGF10 signaling inhibited adipocyte differentiation and in the absence of FGF10, expression
of C/EBPβ was prevented.
A number of inflammatory cytokines, including TNFα interleukin 1 (IL-1), IL-6, IL-11, and interferon γ (IFN-γ) are also inhibitors of preadipocyte differentiation in vitro. Some of them act
through their respective receptors on active members of the signal transducers and activators of
transcription (STAT) family. STAT1, -5A and -5B are induced during differentiation and STAT3
and STAT6 genes are constitutively expressed [153,154]. In contrast, it was shown that STAT5A
is adipogenic in nonprecursor cells [155]. Growth hormone (GH), which effects in vitro effects
on cellular models of adipocyte differentiation have demonstrated an overall inhibitory effect by
increasing cell proliferation and lipolysis, has been shown to decrease adiposity in vivo and inhibits the differentiation of primary preadipocytes in culture, although the in vivo effects might
be more complex [156, 157]. The action of GH could be mediated via STAT signaling [115].
TNFα in turn acts through TNFα receptor 1 to inhibit adipogenesis, in part through sustained
activation of the ERK pathway [158]. Differentiation of 3T3-L1 preadipocytes grown in serum
free media has been reported to depend on epidermal growth factor (EGF) and platelet-derived
growth factor (PDGF) [146]. However, it was shown that they inhibit differentiation of mouse,
rat, and human preadipocytes, suggesting that the inhibitory effects of these growth factors
depend on the origin, the state of development of the target preadipocytes, and culture conditions [114]. Macrophage colony-stimulating factor (MCSF) stimulates adipogenesis in vitro
and in vivo and might play a physiological role in the induction of adipocyte hyperplasia, since
it is rapidly down-regulated invitro upon exposure to TNF-α [159].

Inhibitors of DNA binding 2 and 3 (Id2, Id3) are expressed in 3T3-F442A preadipocytes but
suppressed in differentiated adipocytes. Ectopic expression of Id3 can inhibit adipogenesis,
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not by binding directly to DNA but formatting of nonfunctional heterodimers with other bHLH
proteins such as ADD1/SREBP1 [160, 161].
There are several transcriptional activators with critical roles in adipocyte cell growth and differentiation including HMGI(Y) [162], which is involved in the regulation of chromatin structure
and function, FOXC2 [163], FOXO1 [164], Krüppel-like factor 2 (KLF2) [165], Olf-1/early
B-cell marker (O/E-1) [166], and nuclear factor of activated T cells (NFAT) [167], which was
shown to physically interact with PPARγ.

Polyunsaturated fatty acids, which are less efficient in increasing the number of adipocytes in
vivo, are more effective than saturated fatty acids in stimulating preadipocyte differentiation
in culture, presumably mediated through the ability to act as ligands or precursor of ligands
for PPARγ. In contrast to the general effect of polyunsaturated fatty acids prostaglandins have
highly specific effects on preadipocyte differentiation. Prostacyclin (PGI2 ) is a major metabolite
of arachidonic acid in adipose tissue and stimulates adipogenesis [168]. On the other hand,
prostaglandin F2α (PGF2α ) inhibits the differentiation of preadipocytes in culture [169]. Further
it was shown that prostaglandin D2 and its 15-deoxy-J2 derivative may be endogenous ligands
for PPARγ and therefore activate adipogenesis [170].
2.10.2

Genomics of lipid associated disorder database (GOLD.db)

It is apparent that large scale analysis of adipogenesis will not give comprehensive answers for
the development of obesity and related disorders in general and dysregulation of neutral lipid
hoemeostasis in particular although some regulators seem to play an overall important role.
The analyses of the current study were embedded in a broader context. In order to provide a
reference for pathways and information of the relevant genes and proteins in an efficiently organized way, the Genomics Of Lipid-associated Disorder database (GOLD.db) was created. The
GOLD.db integrates disparate information of the function and properties of genes and their protein products that are particularly relevant to biology, diagnosis, treatment, and the prevention
of lipid-associated disorders. The main focus was to provide biological pathway image maps
and visual pathway information. For each element in the pathway, specific information exists
including structured information about a gene, protein and its 3D-structure, gene regulation,
function, literature, and links. For this purpose a pathway editor was developed [171]. This tool
provides the possibility to draw elements - typically representing a gene as a part of a pathway
- and the connection between those elements. The benefit of this tool is that information can be
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Figure 7: Regulatory network for adipogenesis

appended to each element via an input mask. This information can be accessed by clicking on
the corresponding element in the image map, which was saved and uploaded to the web page.
Currently annotated pathways are the insulin signaling pathway, the IGF-I pathway, and the
adipogenesis regulatory network. Other pathways of lipid metabolism will follow. Available
KEGG pathways can also be adapted with the pathway editor based on provided XML files [57]
and uploaded in the same way. Several relevant KEGG pathways for different organisms are
already provided. The pathway editor is executable as stand alone program and available at
http://genome.tugraz.at. Besides including protocols, videos, references, and links to relevant
genomic resources, a relational database for the clone resources used for the microarray experiments were implemented. Information about the vector, the sequence and length of the insert,
primers for PCR amplification, tissue, organism, accession number, library, container, storage
information, date and experimentator is stored.
The GOLD.db was implemented in Java (http://java.sun.com/) technology. Hence, the pathway editor as well as the web application are platform independent. The web application of
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GOLD.db was build in Java Servlets and JavaServer Pages technology based on the ModelView-Controller Architecture. For the implementation, the freely available struts framework
(http://jakarta.apache.org/struts/) was used. This code can be easily deployed in any Servlet
Container. As Servlet Container Tomcat and as database management system Oracle 9i was
used. The interface between the Java and the database management system was established using Java database connectivity (JDBC) 2.0. For additional storage and communication between
the pathway editor components, the markup language XML containing structured, human readable information, was used.
2.10.3

Mapping of gene expression data to pathways

Through the integration of several types of information deeper insights into the molecular mechanisms and biological processes can be gained than just by the analysis of one type of experimental results. GOLD.db provides the possibility to map gene expression data (for instance
results of microarray studies) to the corresponding elements of the available pathways similar
to previous efforts [58]. Either an individual or a provided gene expression data set can be used
to visualize the gene expression at different experimental conditions sequentially in the context
of the pathways. If an element (gene) of the pathway is included in the data set, the related symbol in the image map is color coded according to the relative gene expression or the log ratio
in two color microarray experiments, respectively. As key for the mapped relation the RefSeq
numbers [94] are used. Hence, only those elements in the data set are mapped, where the RefSeq number in the data set is specified. For the KEGG pathways each element classified by the
enzyme classification number (EC) is virtually subdivided into different corresponding RefSeq
entries, since one EC is represented by one or more RefSeq entries. Large scale expression data
from previous studies related to obesity and diabetes are provided together with the results from
the current study. The interrelation of genes in the context of the pathways were studied.

2.11

Strategy for building a regulatory gene interaction

The global gene expression pattern is the result of the collective behavior of individual regulatory pathways. In such highly interconnected cellular signaling networks, gene function
depends on its cellular signaling, thus understanding the network as a whole is essential [172].
However, dynamic systems with large numbers of variables present a difficult mathematical
problem. One way to make progress in understanding the principles of network behavior is to
radically simplify the individual molecular interactions and focus on the collective outcome.
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There are several approaches for the reverse engineering problem, that is given an amount of
data what can be deduced about the underlying regulatory network: Boolean networks [173],
Bayesian networks [174], and Differential equations [175]. However, there is limitation in applying these methods to common microarray data sets. The problem lies in the dimensionality
of the data, the few numbers of experimental conditions in comparison to the number of genes
or the needed data for a given connectivity, which refers to the number of regulatory inputs
per gene. Therefore, a novel iterative approach based on mutual information and correlation is
proposed to evaluate gene-gene associations. Although this model will imply little about actual
molecular mechanism involved, much helpful information will be gained on genes critical for
the biological process. New associations can be derived in comparison to other analysis techniques such as cluster analysis since the information content of the gene expression profiles is
used instead of similarity measurements of the expression profiles.
2.11.1

Discretization

The current approach was using mutual information, which in turn is based on the entropy
(information content within a individual gene expression profile). The entropy was computed
using discrete probabilities and since gene expressions were measured on a continuous scale,
expression profiles had to be discretized. The idea was to use an iterative approach, where
thresholds for the discretization are increased at each step. Log ratios were assigned 1 for
values greater than 1, 0 for values between -1 and 1, and -1 for values lower than -1. Genes
showing flat profiles over all time points were filtered out, since it was assumed that they do
not participate in regulatory processes. Genes with the identical profile after discretization were
merged to clusters. At the next iteration thresholds for the log ratios were increased from +1/-1
to +1.5/-1.5 and for the following iterations accordingly.
2.11.2

Iterative approach based on mutual information and correlation

The Shannon Entropy provides us with the information content of the expression profile for
gene A
H(A) = −

n
X

p(xi )log2 (p(xi ))

(11)

i=1

where xi is the gene expression level at time point i and p(xi ) the probability of the occurrence
of the discrete gene expression level xi at one of the n time points in the profile. Higher entropy
for a gene means that its expression levels are more randomly distributed. The mutual informa-
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tion M I is a measure of the additional information known about one expression pattern A when
given another B and was applied previously for the construction of relevance networks [176]:
M I(A, B) = H(A) − H(A|B) = H(A) + H(B) − H(A, B)

(12)

Mutual information can also be calculated by subtracting the entropy of the joint expression
profiles from the individual gene entropies. A mutual information of zero means that the joint
distribution of expression values holds no more information than the genes considered separately. A higher mutual information between two genes means that one gene is non-randomly
associated with the other. In this way, mutual information can be used as a metric between two
genes related to their degree of independence. We hypothesize that the higher mutual information is between two genes, the more likely they have a biological relationship.
The REVEAL algorithm [177] was used to look for any profile X for a given profile Y where
M I(Y, X) = H(Y ).

(13)

In these cases X determines Y exactly since H(Y |X) = 0 and the genes were regarded as
related. Additionally, the correlation matrix was calculated for the centroids of the clusters
based on the Pearson correlation coefficient
Pn
(xi − x)(yi − y)
r = pPn i=1
Pn
2
2
i=1 (xi − x)
i=1 (yi − y)

(14)

where xi refers to the log ratio in the expression profile X at the time point i and yi accordingly
in the expression profile Y. A threshold of r >0.63 was defined based on the type II error and
the significance level of 0.05. Only those related genes (clusters) with a correlation coefficient
above the threshold were combined to a subnetwork. Subnetworks with more than 20 non-flat
expression profiles were considered for further iterations. The algorithm was implemented in
the R statistical computing language; subnetworks were visualized using the network visualization system Osprey [178].
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Results
3T3-L1 cell differentiation

The phenotypic changes of 3T3-L1 cells during the differentiation from preadipocytes to mature
adipocytes become apparent by microscopic images taken at different timepoints in one differentiation experiment (figure 8). During the growth phase cells of preadipocyte lines as well as
primary preadipocytes are morphologically similar to fibroblasts. At confluence (represented
by day 0 in Figure 8) induction of differentiation by appropriate treatment leads to drastic cell
shape changes. The preadipocyte converts to a spherical shape, accumulates lipid droplets, and
progressively acquires the morphological and biochemical characteristics of the mature white
adipocyte.

Figure 8: Images of the cells during the differentiation at different time points, where RNA was
extracted. On the right Oil-red-O staining of lipid droplets and light green counter staining of
cytoplasm are shown for day 7 and day 14 in the differentiation course

Although cells from preadipocyte cell lines like the 3T3-F442A are developing adipose tissue
after being implanted subcutanously into athymic mice, the inclosed lipid droplets as indicated
by Oil-red-O staining are not merged to one large drop as known for white adipose tissue. This
indicates that not the same mature status of the fat cells is achieved as in vivo. First inclusion
of lipid droplets appeared 2-3 days after treatment. Remarkable was that fat cells tended to
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differentiate starting from initial clusters before they cover most of the bottom of the culture
dish, suggesting the occurrence of cell-to-cell communications.

3.2

Results and quality of the microarray experiments

After the experiments to study the differentiation process of 3T3-L1 cells using a 27.648 element focused microarrays were performed, several steps in the analysis process were considered. A summary of the relevant steps is given in Figure 9. After filtering, normalization, and
averaging over 3 experiments data were screened for genes which are more than 2 fold up- or
downregulated in at least 4 time points. 780 genes (ESTs) out of the 14.368 elements, which
show a complete profile over all timepoints were considered for further analysis. Since thousands of elements are analyzed in parallel it is very important to check the overall quality of the
microarray data.

Figure 9: Computational analysis

As a representative example the hybridization data from the third experiment at day 7 versus
the reference from preconfluent stage were used to show the consistency and quality of the data
in several ways (figure 10). The consistency between technical replicates (dye swap) became
evident by analyzing the scatter plot for the ratios of the dye swapped pair (r2 = 0.987). It
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turned out that after normalization there was no intensity dependency of the log ratios, the
distribution of the log ratios was centered around 0 and in a certain range related to a normal
distribution.
Three unrelated adipocyte differentiation experiments were performed. In order to keep the
experiments totally independent for each experiment the cells were grown separately till 80%
confluency and reference RNA was isolated for each experiment. To study differences in gene
expression levels between this reference RNA from the 3 different time points microarray experiments in loop design were carried out. The consistency in gene expression levels is apparent
in the scatter plots in Figure 11.

Figure 10: Visualization of the distribution and the quality of the microarray data after normalization. As representative example the results of 3rd experiment at time point 7d are shown:
MA-plot (top left), histogram for log ratios (top right), comparison of technical replicates (dye
swap) (bottom left), and QQ-plot to check normality of the data (bottom right)
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For the one-way analysis of variance (ANOVA) only those 9.902 genes (ESTs) were considered
which had no missing values in at least 2 out of the 3 experiments. 5.205 genes (ESTs) were
identified by ANOVA as significantly differentially expressed. The identified candidates and
their relative expression levels (log2 ratios) can be visualized at the supplementary webpage
(http://genome.tugraz.at/adipocyte). Although this selection is based on statistical significance,
the number of remaining genes is still very high and analyses would get complex. Therefore
a more stringent criteria were applied and clustering, promoter analyses, and functional annotation were performed,which resulted in 780 genes only. For the reverse engineering approach
the profiles of all 14.368 genes with a complete profile were discretized and initially used in the
iterative approach.

Figure 11: Consistency of gene expression levels from the reference of the 3 independent experiments. Scatterplot of intensities from the reference of the 1st experiment versus the 2nd
experiment (left) and reference from 2nd experiment versus 3rd experiment (middle) and reference from 3rd experiment versus 1st experiment (right)

3.3

Clustering genes according to their expression profiles

The data were analyzed by k-means clustering, which groups genes based on the similarity of
their patterns of gene expression. This cluster analysis indicated that the selected 780 genes
can be grouped most parsimoniously into 12 temporally distinct patterns, each containing between 23 and 143 genes (Figure 13), suggesting that the regulation of adipogenesis may be
more complex than previously assumed. Genes in 4 clusters are mostly upregulated, and
genes in 8 clusters are mostly downregulated during adipogenesis. More than half of the
genes were not described before to be involved in adipocyte differentiation, and also a number of new transcriptional regulators could be identified. To focus on some aspects of the results, only a subset of genes is shown and discussed here. All the data are available online
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(http://genome.tugraz.at/adipocyte). To validate the k-means clustering, principal component
analysis was performed and the first 3 principal components were visualized in the three dimensional space. Visual separation of the clusters in this view was achieved by coloring of
the genes according to the k-means clustering. As apparent in Figure 12 the genes are clustered
together and clusters are clearly separated in space implicating reliability of k-means clustering.

Figure 12: 3D-visualization of principal component analysis (genes are colored according to
previous k-means clustering)
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Figure 13: Results of k-means clustering (k=12)
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Genes defining the adipocyte phenotype

The adipocyte phenotype can be defined by the induction of genes in the late phase of differentiation. In the current experiment clusters comprising genes, which are more abundant in the
late time points (3d, 7d, 14d) than in the early phases, are relevant. Whereas genes of cluster
3 and cluster 4 are downregulated during the earlier time points of the differentiation course,
in cluster 6 genes are in general slightly and in cluster 7 highly upregulated. However, genes
of all 4 clusters were induced in the later phase. Microarray analysis indicated that the key
transcription factors PPARγ2, C/EBPα and SREBP-1c were highly upregulated. Many genes
that are markers of the differentiated adipocyte increased in parallel with these factors. These
included known gene targets of either of these factors including lipoprotein lipase (LPL), c-Cblassociated protein(CAP), Stearoyl-CoA desaturase 1 (SCD1), Carnitine palmitoyltransferase II
(CPT II), which are grouped in cluster 6 (Figure 14). Since PPARγ2 plays a central role in the
adipocyte differentiation process, genes with similar regulatory profile were identified. For this
purpose the 780 selected genes were normalized (each gene expression profile was mean centered and devided by the standard deviation) and sorted according to similarity of the PPARγ2
profile (Figure 15). A number of genes involved in lipid and fatty acid metabolism showed
similar regulatory profiles, most of them could also be found in cluster 6: acetyl-Coenzyme
A dehydrogenase, pyruvate carboxylase, insulin-induced gene 1 (INSIG-1), scavenger receptor
class B member I (SR-BI), low density lipoprotein receptor. Some genes of cluster 3 and 4 also
show similarity to the regulatory profile of PPARγ2 and many of them are involved in steroid
metabolism (like lanosterol synthase, 3-hydroxy-3-methylglutaryl-Coenzyme A synthase, hydroxysteroid (17-beta) dehydrogenase 7, farnesyl diphosphate synthase, URB protein). Malic
Enzyme, an enzyme in fatty acid synthesis, which has a PPAR response element in the promoter
was also present in cluster 3. HMG-CoA synthase, which is a known target gene of PPARγ and
has been proposed as control site of ketogenesis, is highly upregulated in the late phase of differentiation. Interestingly, the signaling molecule fibroblast growth factor 10 (FGF-10) is highly
upregulated (see cluster 6), which confirms previous studies [152], where it was shown that
FGF-10 is required in the development of white adipose tissue and necessary for maintaining
the abundance of C/EBPβ and consequently contributes to the progress of the adipocyte differentiation program in 3T3-L1 cells. In contrast to previous observations the signal transducer
and activator of transcription 6 (STAT6) was not constitutively expressed, but induced during
differentiation like it was shown for STAT1 and STAT5. A functional relation between genes in
cluster 7, which are highly expressed in every time point and even more at the end can not eas-
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ily deduced, although many of them are located extracellular. For example, osteoblast specific
factor 2 and the proteoglycan decorin, which seems to play a role in the extracellular matrix,
are bone related factors whereas angiotensinogen, which is known to be secreted by adipocytes,
has a different function and is involved in regulation of blood pressure.

Figure 14: Genes and their relative expression levels of cluster 6 (top) and cluster 7 (bottom)
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Figure 15: Normalized genes sorted by similarity to the profile of PPARγ

Controversially, the transforming growth factor β 1 (TGFβ1) is not secreted and activated in mature adipocyte [151], current results indicate, however, that TGFβ3 is highly induced. TGFβ3
seems therefore not to have the same inhibitory effects on adipogenesis as TGFβ1 and the
proper function in this context has to be elucidated. Moreover, the ATP-binding cassette, subfamily A, member 1 (ABCA1) and apolipoprotein D (apoD), a member of the lipocalin superfamily of carrier proteins that transport small hydrophobic molecules [179], are highly induced
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over all time points during the differentiation course. Whereas ABCA1 is an established target
for the liver X receptor (LXR), apoD was identified as LXR responsive gene invitro and invivo
effected by direct binding of LXR/RXR heterodimer to the promoter just recently [180]. LXR
in turn is known to play a role in the modulation of lipid metabolism in adipocytes but is not a
regulator of adipocyte differentiation.

T RANSCRIPTIONAL P ROFILING OF A DIPOGENESIS

3.3.2

51

Cell cycle related genes during mitotic clonal expansion

Cell proliferation and differentiation are mutually exclusive events. However, a close relationship has been established between both cell processes early during the adipocyte differentiation
program. Reentry into the cell cycle of growth arrested preadipocytes is known as the clonal
expansion phase. Growth arrested preadipocytes undergo several rounds of cell cycle before
terminal differentiation into adipocytes.

Figure 16: Genes and their relative expression levels of cluster 5

Most genes of cluster 5 and some of cluster 8 mirror the cell cycle events in the early phases.
The expression profiles show steady downregulation during the whole process and a sharp upregulation of the relevant genes at time point 24h after hormonal induction.
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While regulating cell cycle, progression through S-phase is partially regulated by cdk2/cyclinA
complexes and subsequently, cdc2/cyclin B1 complexes modulate S/M transitition [181]. In
fact cyclin A2, cyclin B1, and cyclin F was shown to be upregulated around 24h (Figure 16).
Further evidence of these cell cycle events were given by the observation that histone H2A,
histone H1, histone H4 are also induced at the same time frame. The inner centromere protein (INCENP), which builds a complex together with Aurora-B, is required for a number of
mitotic events, such as accurate chromosome segregation and completion of cytokinesis [182],
and showed a similar expression course. Interestingly, the cell proliferation antigen Ki67 was
also shown (Figure 16) that it shared expression characteristics with the other cell cycle specific
molecules. The Ki67 protein (pKi67), a diagnostic marker for several types of cancer, shares
structural similarities with other proteins to be involved in cell cycle regulation, however, little
progress was made in the last years in understanding its actual function [183]. Metallothionein
1 (MT1) as well as MT2 are induced after induction and downregulated again after 24h. This
is consistent with previous findings in 3T3-L1 cells: that the initial burst of proliferation is controlled by the translocation of zinc metallothionein into the cell nucleus where zinc is donated
to proteins that are involved in the G0/G1 to S transition [184]. The resulting expression profiles are similar to the total cellular content of the MT protein, as was previously shown [184].
There are also a number of molecules, like kinesin family member 23, nuclear protein 95,
dutt1 protein, karyopherin (importin) alpha 2, activator of S phase kinase, mitotic checkpoint
serine/threonine-protein kinase BUB1, mitogen-activated protein kinase 9, which are grouped
together in cluster 5 and whose function is related to the cell cycle processes.
3.3.3

Transcriptional factors regulated during differentiation

A number of transcription factors, transcriptional regulators, and signaling molecules were differentially expressed during adipocyte differentiation. Whereas many of the terminal highly upregulated transcription factors are previously studied and identified as essential during adipocyte
differentiation, among them the key players PPARγ2, C/EBPα and SREBP-1c and other factors like Twist homolog [114], X-box binding protein [22] or FOXO-1 [164] some factors with
different expression profiles are not known to play a role in adipogenesis. The kruppel-like factors, also known as basic transcription element binding proteins (BTEB), seem to be relevant
in the context of adipocyte differentiation, albeit with different functions. Kruppel-like factor 2
(KLF2) was shown to inhibit PPARγ expression and to be a negative regulator of adipocyte differentiation, whereas KLF15 to induce adipocyte maturation [165]. In the current study KLF9
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(BTEB1), KLF5 (BTEB2) were upregulated in the intermediate phases of adipocyte differentiation, however, KLF4 was downregulated. The glucocorticoid-induced leucine zipper functions
as transcriptional repressor (of PPARγ2) and antagonizes glucocorticoid induced adipogenesis [185, 186]. This is consistent with the observation that GILZ is highly upregulated during
the first two days, during that time span dexamethasone is added to the differentiation cocktail,
and downregulated at the end of differentiation, when PPARγ is highly induced.

Gene expression analyses indicated also that a large group of DNA binding inhibitors (Id genes)
and high mobility group proteins (HMG genes) as well as the C/EBP homologous protein
10 (CHOP10), another type of transcriptional inactivator by forming of none functional heterodimers, were downregulated with distinct kinetic profiles during differentiation (Fig. 17
lower panel). The reciprocal regulation of adipogenesis by c-myc and C/EBPα is known for a
long time: it was shown that expression of c-myc prohibited the normal induction of C/EBPα
and prevented adipogenesis [187]. This was confirmed by the expression profile of C/EBPα
and c-myc, respectively. C-myc is upregulated very early in the differentiation, when C/EBPα
is not differentially expressed and during the end the prevented adipogenesis C/EBPα is highly
induced, whereas c-myc is downregulated. Interestingly, many of the regulatory factors are
down regulated during the mitotic clonal expansion around 24h after induction in the time series, indicating that they are not involved in cell cycle processes.

The orphan nuclear receptor NUR/77 was highly upregulated with an distinct expression profile.
Its role in the process of adipocyte differentiation was not elucidated so far. NUR/77 turned out
to be an example for a promising candidate, since nuclear receptors per se are very promising
candidates for follow up studies and as potential drug targets. They combine DNA binding
activity and receptor activity for specific ligands. Moreover, it was shown that NURR1, a
member of the same family of nuclear receptors, exhibits similar expression profile in previous
studies [24]. There are also a number of trancription factors (see Figure 17), which also may
play a potential role in activating or inhibiting the adipogenesis process, predestined for further
investigations.
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Figure 17: Selected transcriptional regulators and their relative gene expression profile (log ratios) during 3T3-L1 adipocyte differentiation. The affiliation of the factors to their respective
clusters from previous k-means clustering is indicated in superscript. A large group of transcription factors and regulatory molecules showing a sustained increase in expression (upper panel),
others are highly upregulated only in intermediate phases of differentiation (middle pannel),
or mostly downregulated or rather downregulated in the late phase of adipocyte differentiation
(lower panel).
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Functional annotation, gene ontology, and biological processes

For each selected gene several steps were undertaken to assign the correct function and derive
the involvement in specific biological processes. For 422 genes out of the 780 selected genes
a gene ontology assignment for biological processes could be found. They could be divided in
physiological process (53%), development (8%), and cellular processes (35%). In Figure 18
the subdivision into the next underlying level of the gene ontology hierarchy is shown. About
3% of the genes, which are assigned to development processes are involved in gene expression
regulatory and epigenetic processes. 250 genes are assigned to gene ontology terms related
to metabolism. Further subdivisions for the biological process metabolism are also shown in
Figure 18. Since more GO terms can be assigned to one gene the percentage indicating not
directly the number of genes, however, it gives information about current biological processes
in the studied context. The assigned gene ontology terms mirror the already identified course
of events. From the 422 genes remain 66 genes assigned to the GO term ”cell cycle”. Almost a
third of them (21 genes) are within cluster 5. Only about 9% of the 250 metabolism genes are
related to lipid metabolism.

Although the structured tree based gene ontology is very helpful in defining the function of a
gene it is limited to well characterized genes (within the used microarray only 10.823 out of the
26.356 elements (without control features) have at least one GO entry). Therefore further efforts were pursued to annotate the remaining genes and assign function. All predicted functional
motifs and protein domains in the corresponding protein sequence and the prediction method,
the assigned name, the localization within the cell, a summarized function and available gene
ontology terms for cellular compartment, biological process, and molecular function are accessible through the supplementary webpage (http://genome.tugraz.at/adipocyte). For 731 distinct
ESTs out of the 780 selected ESTs 695 protein sequences were annotated with the annotator
system (IMP). Since for some of the EST sequences more than one protein entry was found (1
to n relation) and different EST sequences were related to the same protein sequence (n to 1
relation) the number of entries in the result file is different. From the resulting 833 ESTs to 722
were assigned a name and to 637 a summarized function.
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Figure 18: Distribution of the gene ontology assignments for 422 genes out of the 780 selected
genes with assigned gene ontology terms for biological process
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Confirmation of microarray results by real time RT-PCR

The microarray results were confirmed by real time RT-PCR measurements. Several candidates
with different function and expression profiles were selected for this analysis: a complete profile
of the early marker gene c-myc, the transcription factor BTEB1, and the highly expressed gene
decorin were determined and also the relative expression levels at one time point (0h) of the cell
cycle gene cyclin A, the major player PPARγ2, and the lipoprotein lipase were measured using Real Time RT-PCR. There was a high correlation (r2 =0.87) between microarray results and
acquired relative gene expression levels from Real Time RT-PCR measurements of samples of
the second microarray experiment as charted in Figure 19. It was shown that the profiles of the
selected genes are identified correctly over all time points and over the whole range. This is also
supported by further comparison to the averaged log ratios over all three experiments (Figure
19). Two measurements were controverse: microarray analyses indicating upregulation of the
gene and RT-PCR measurements indicating downregulation. However, based on the low relative gene expression levels at these time points the genes wouldn’t be considered differentially
expressed.

Figure 19: Comparison of RT -PCR results and microarray results from the second experiment
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Possible associated genes identified by a reverse engineering approach

Applying of a novel reverse engineering approach based on mutual information and correlation
to the data of the current study revealed in total 47 subnetworks of possibly associated genes
in an iterative procedure. 24 subnetworks were identified in the first iteration, 2 of them were
further analyzed in the second iteration setting a different threshold for the discretization. This
process resulted in 17 new subnetworks, 2 of them were analyzed in the third iteration and 1 of
the 9 resulting subnetworks in the forth iteration. The subnetworks are visualized in Figure 20,
where the 283 grouped genes with identical discretized profile are represented by nodes and the
relations between those groups (cluster) are shown by edges. As indicated, subnetworks with
more than 20 none flat expression profiles (nodes) were submitted to the next iteration step.
Each subnetwork, the respective genes and their continuous logarithmic expression profiles
can be accessed by the supplementary web page. This method showed interesting regulatory
combination of genes, which could not be detected by previous analysis steps. Some possibly
related genes of specified subnetworks are shown in Table 3.

HMG-CoA synthase and lipoprotein lipase (LPL), both known targets for PPARγ are together
in subnetwork 1-12, although in previous clustering procedures those genes were not in the
same cluster due to the dissimilarity in their expression profiles. Results of subnetwork 24
suggests a relation between PPARγ and Acetyl-CoA synthetase. Although further evidence
is required, this could be a causal relation, since Acyl-CoA synthase another enzyme of the
fatty acid biosynthesis pathway, was previously identified as target gene for PPARγ. The great
advantage of the proposed method is that genes that are oppositely regulated - which could
indicate some regulatory mechanism - can be detected and grouped together as demonstrated by
selected genes of subnetwork 1-1-5 and 1-5-1. The selected genes high mobility group protein
HMGI-C and fibroblast growth factor 10 (FGF10) form subnetwork 1-1-5. DNA binding protein
inhibitor Id-2 and fatty acid synthase from subnetwork 1-5-1, respectively, are known to play
a role in adipocyte differentiation, but the regulatory mechanisms between those genes were
not described. In addition there are many genes, partial uncharacterized, for which associations
were suggested and if supported by other analytic methods - either computational or molecular
biological - would be a good starting point for further studies.
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Cl.

0h

6h

12h

24h

2d

3d

7d

14d

44
191
249

-1.13
0.99
1.07

-1.02
0.95
1.01

0.17
1.09
0.77

-0.49
1.19
0.38

-0.2
1.37
0.56

-0.36
1.3
0.86

-1.85
0.78
1.15

-2.26
0.74
1.78

140
274
274

-1.12
0.08
0.53

-1.53
0.7
-0.07

-0.82
1.06
1.29

-1.05
0.92
0.93

-0.81
1.59
2.02

0.2
1.39
2.68

0.45
1.13
3.37

0.99
1.19
3.91

55
119

-1.84
0.47

-2.38
-0.21

-2.15
-0.16

-2.4
-0.51

-1.69
1.41

-1.14
2.31

-0.12
3.78

0.79
4.4

16
35

0.1
-1.06

1.56
0.52

0.99
0.75

-0.1
-0.1

-1.37
0.39

-0.2
0.72

-0.22
1.77

-2.7
2.05

1
8

-1.7
1.84

1.02
0.27

0.7
1.26

-1.39
1.34

-2.1
2.02

-2.16
2.35

-2.82
2.53

-3.38
2.89

4
10

-1.4
0.03

0.8
0.25

1.47
0.18

-1.25
-0.17

-1.06
0.52

-1.42
1.33

-2.44
2.04

-2.86
2.89

Subnetwork 8
Myo-inositol 1-phosphate synthase A1
Matrilin-2
Non-muscle alpha-actinin 4
Subnetwork 24
Acetyl-CoA synthetase
Collagen alpha 2(VI)
PPAR-gamma
Subnetwork 1-12
HMG-CoA synthase
Lipoprotein lipase (LPL)
Subnetwork 1-1-5
DNA-binding protein inhibitor Id-2
Fatty acid synthase
Subnetwork 1-5-1
High mobility group protein HMGI-C
Fibroblast growth factor-10 (FGF-10)
Subnetwork 1-1-1-4
deoxycytidylate deaminase
C/EBP alpha

Table 3: Selected genes from different subnetworks identified by a novel reverse engineering
process based on mutual information and correlation
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Figure 20: Identification of subnetworks by a reverse engineering approach based on mutual
information and correlation. Subnetworks for the first and second iteration are shown and genes
of the subnetwork which includes PPARγ are listed
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3T3-L1 differentiation expression data in context of several pathways

Since in late adipocyte differentiation fat droplets are emerging and inclosed into the fat cells,
lipogenesis and in more general lipid metabolism might play a dominant role. Microarray
results should reflect according changes in gene expression of enzymes, those controlling respective reactions in several pathways. Microarray data were analyzed in the context of some
representative pathways including lipid metabolism pathways like fatty acid metabolism, fatty
acid biosynthesis, sterol synthesis and carbohydrate pathways like glycolysis/gluconeogenesis
or citrate cycle (TCA cycle). For this purpose relative gene expression levels were mapped
to corresponding elements (enzymes) in the pathway diagrams using the developed web portal
and database GOLD.db (genomics of lipid associated disorders database), accessible through
http://gold.tugraz.at. The used pathway diagrams were derived from the KEGG database [57].
It is possible to map expression levels from each of the 8 time points during 3T3-L1 differentiation. The provided data set comprises significantly differentially expressed genes identified
by ANOVA those genes, which are more than two fold up- or downregulated in at least 4 time
points.

Figure 21: Mapping of 3T3-L1 dataset to adipogenesis regulatory network
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For 2414 genes out of the selected genes there was a RefSeq number available, and therefore
could be potentially mapped to the pathways. In Figure 22 the mapping of relative expression
levels were illustrated schematically. The elements in the pathways were color coded according
to the log ratios at different time points. For example in the fatty acid metabolism a concerted
induction of the expression of a number of enzymes reactions in this pathway including the acylCoA dehydrogenase, long-chain-acyl-CoA dehydrogenase, acyl-CoA oxidase, glutaryl-CoAdehydrogenase, carnithine palmitoyltransferase, 3 hydroxyacyl dehydrogenase was observed.
In contrast, the acetyl-CoA acyltransferase in the fatty acid metabolism is downregulated in the
late phase of adipocyte differentiation.

Interestingly, the citrate cycle is switched on in the mature status of the 3T3-L1 adipocytes indicated by the slight raise of several enzymes in this pathway (malate dehydrogenase, citrate
synthase, isocitrate dehydrogenase (NAD), isocitrate dehydrogenase (NADP), succinate-CoA
ligase, succinate dehydrogenase, dihydrolipoyl dehydrogenanse). The function of the citrate
cycle is to provide energy in form of reduced electron carriers, which are utilized in the mitrochondrial respiratory chain for ATP synthesis, starting from acetyl-CoA in a series of enzymatic
reactions. The cycle also serves as important source of biosynthetic intermediates. The pyruvate carboxylase, which was highly upregulated especial during the late phase of differentiation,
catalyzes the conversion of pyruvate to oxaloacetate, an intermediate in the citrate cycle. Malic
enzyme was also upregulated and catalyzes a reaction from pyruvate to malate, another example
for an intermediate in the citrate cycle. These anaplerotic processes are required, since bionsynthetic reactions tend to deplete citrate cycle intermediates.
In the glycolysis/gluconeogenesis pathway as indicated in Figure 22 for time point 14d expression of genes for specialized enzymes are differentially regulated in one time point and also
changing during the time course implicating not a clear picture of the expression results in
context of this pathway. Although some of the enzymes are upregulated, pyruvate kinase and
phosphopyruvate hydratase are downregulated at the end of differentiation. Expression profiles
of further genes could be studied in the context of other pathways like those involved in the
steroid metabolism as previous already found by clustering analyses. The relation between regulatory factors involved in the adipocyte differentiation process can be followed by mapping
of the relative expression levels in the time course to the provided scheme of the regulatory
network for adipogenesis, as can be done on http://gold.tugraz.at and is also available on the
supplementary web page. The synchronous upregulation of the key players and some of target
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genes like SCD-1 of LPL are apparent, also the early downregulation of inhibitory factors as
CHOP-10 or GATA-2 (see Figure 21). Altogether, gene expression results support the suggested
regulatory relations in adipocyte differentiation.

Figure 22: Schematic illustration for mapping of gene expression levels from 8 time points
during 3T3-L1 adipocyte differentiation to the Glycolysis/Gluconeogenesis pathway (top left),
fatty acid metabolism pathway(top, right), citrate cycle (bottom, left), and sterol biosynthesis
pathway (bottom, right)
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Discussion

Understanding the regulatory processes that control the adipocyte differentiation and the development of adipose tissue is the basis for developing therapeutic strategies for the treatment
and prevention of obesity and related diseases. To a great extent, the current knowledge of
the underlying molecular mechanisms of adipogenesis in physiological and pathophysiological states are derived from several monogenic mouse models of obesity, cell lines and primary
cell cultures. In vitro systems have been extensively studied for more than 20 years. This has
led to a dissection of the molecular and cellular events taking place during the transition from
undifferentiated fibroblast-like preadipocytes into mature round fat cells. The gene expression
profiles during this differentiation of 3T3-L1 cells were studied by large scale analysis with
27.648 element focused murine cDNA microarrays. Although additional noncell autonomous
factors may be necessary to achieve a maximal level of the expression of genes in vivo [22],
identified changes in expression levels in the 3T3-L1 cell line should mirror relevant regulatory processes. Previously it was shown that subcutanously injected preadipose cells in athymic
mice led to mature fat pads indistinguishable from white adipose tissue (WAT). This indicates
that in vitro differentiated adipocytes have many characteristics of adipose cells in vivo and
that adipose cell acquisition occurs by a similar mechanism. Therefore, the 3T3-L1 cell line,
which was used in the accomplished study, should be a suitable model to monitor the adipocyte
differentiation processes considering also the acquired knowledge about some of the occuring
mechanisms.

Stimulation of growth-arrested preadipocytes with a hormone cocktail, composed of insulin,
dexamethasone and cAMP elevating agents, results in a rapid induction of the cell cycle. A
first indication that adipocyte requires proliferative stimuli is the observation that both insulin
and cAMP elevating agents are considered as mitogenic substances. In particular insulin, or the
insulin like growth factor 1 (IGF-1) has been identified as the most potent inducers of clonal
expansion. Hence, it is not surprising that the 3T3-L1 cells undergo mitotic clonal expansion before terminal differentiation, as also observed within the current analysis (see cluster 5 in Figure
16). The question if this process is a required step for adipocyte differentiation is more controversial. Blocking cell cycle re-entry with the DNA polymerase alpha inhibitor aphidicolin,
resulted in the absence of lipid droplets [188]. Another anti proliferation reagent, rapamycin,
was also shown to inhibit the clonal expansion phase and consequently preadipocytes fail to
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differentiate [189]. Moreover, the MEK inhibitor UO126 and the cyclin-dependent kinase inhibitor roscovitine block mitotic clonal expansion in 3T3-L1 cells [5] indicating that this is
prerequisite for terminal differentiation. However, it could not reproduced as reported in [190]
that mitotic clonal expansion is not a required process using the inhibitor of mitogen-activated
protein kinase PD98059. If this findings can be translated to other models is rather uncertain,
since it was shown that precursor cells from human adipose tissue do not require cell division
to enter the differentiation process in vitro [191]. These cells may have already undergone
possibly critical cell divisions in vivo and may be in a late stage of adipocyte development. Recently it was shown that adipocyte differentiation of C3H10T1/2 cells, an immortalized mouse
embryo fibroblasts cell line, depend on cycle progression through S-phase but do not require
mitosis [192].
A number of genes were upregulated around 24h after induction and downregulated at all other
timepoints. These genes were found mostly in cluster 5 and some in cluster 8. Many of this
genes are already known to play a role in cell cycle process and partially known as marker for
several types of cancer like Ki67. Moreover there are also uncharacterized genes or genes not
known to be related to the cell cycle sharing similar expression profiles. Considering the short
time frame of the cell cycle and mitotic clonal expansion of several hours [118] compared to
the phase of terminal differentiation, which takes almost two weeks, it can be assumed, that the
expression pattern of the sharp upregulation around 24h is characteristic for the cell cycle process. Cluster analysis are intended to elucidate genes that show similar expression profile, that
share the same function or regulators (guilt by association). This seems especially fulfilled in
this case, since previous microarray analysis during early adipocyte differentiation [24] showed
the same peak in the expression profile in this time frame. Some of the identified genes are
identical to those of the current analysis including cyclin A and cyclin B. Consequently it is
reasonable to assume that not well characterized genes with the corresponding expression profile are related to cell cycle processes. Since it turned out that mitotic clonal expansion should be
required for terminal adipocyte differentiation in 3T3-L1 cells, questions arise if the identified
candidates are essential for the clonal expansion phase and subsequently for terminal adipocyte
differentiation. In [193] was shown that intervention in the cell cycle process by prevention
of degradation of the cyclin-dependent kinase inhibitor p27 leads to a block in the cell cycle
entry and thus differentiation of preadipocyte inhibited. This demonstrates that manipulating
essential genes could be detected by the failed terminal differentiation. Intervention in this early
process by systematic transient down-knocking or silencing of special genes by RNA interfer-
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ence (RNAi) technologies (for a review see [194]) would be an eligible method to assign gene
function.

During adipocyte differentiation, acquisition of the adipocyte phenotype is characterized by
chronological changes in the expression of numerous genes. This is reflected by the appearance
of early, intermediate and late mRNA/protein markers and triglyceride accumulation. Whereas
the early marker gene c-myc was detected throughout this study, C/EBPβ and C/EBPδ, which
drive the adipogenesis process by binding to responsive elements in the promoter of C/EBPα
and PPARγ, were not. Besides the expression profiles of the key players in adipocyte differentiation (PPARγ, C/EBPα, SREBP1) the expression profile of downstream targets of this key
factors could be also confirmed. A number of transcriptional regulators showed distinct expression profiles indicating that they may play potential and different roles in the adipocyte differentiation process. Some of them were also identified in previous studies like the X-box binding
protein or the kruppel like factor 4 [22]. Not only transcription factors, but also many genes
related to several processes important in adipocyte differentiation like triglyceride metabolism,
sterol metabolism, fatty acid transport were discovered during this study. Many genes involved
in these processes were also identified by studies using in situ arrays, however, the great advantage of the current approach in order to identify novel targets is founded using a focused cDNA
microarray, which utilizes also clones from early development stages, in combination with a
novel functional annotation system. At a first step microarray results have to be confirmed by
other methods like it is done in the current analysis with real time PCR.
Large scale gene expression analyses with microarrays differ in several aspects from conventional approaches like Northern blot analysis. The main difference is the high number of genes,
which can be analyzed even in a single experiment with microarrays. This implicates that a part
of the features can comprise uncharacterized ESTs or genes which expression profiles could
help to identify novel targets and wouldn’t be analyzed otherwise based on the current knowledge (discovery driven approach). The advantage of such approaches is that it is not necessary
to make some a priori guesses of the outcome. There are some limitations on pursuing specific
questions associated with microarrays, since not every element in a microarray can be analyzed
and sometimes this could be a missing link in supporting the hypothesis (hypothesis driven
approach). Some aspects could be overcome by adequate experimental design and optimized
experimental procedures. Consequently, microarrays are often used to screen for novel targets
and potential candidates which are further analyzed by other methods. For the specific applica-
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tion we decided to use cDNA microarrays, because this type of arrays provides the flexibility to
include both: first, a large number of genes(ESTs), which are uncharacterized and previously
not associated with adipogenesis and second, genes (ESTs) that are important in adipocyte biology and lipid metabolism (focused approach).

An important question to consider in the analysis of microarray data is that one is trying to
derive conclusions regarding protein function from RNA expression measurements. The activity of proteins, however, is not only regulated on the transcriptional level. A number of other
regulatory events take place and influence the activity of the protein like binding of proteins
to AU rich sequences in the untranslated regions of the transcript will influence RNA stability, posttranlational modifications (e.g. phosphorylation) or allosteric regulation of the protein,
which are not detectable with cDNA microarrays. There are proteomics studies, which tried
to compare mRNA abundance and protein levels [195, 196]. The reported correlation was very
low (r < 0.4) and partly uncorrelated. Just in few cases there was a good agreement detectable. The complexity of the proteome is a dimension higher than that in the genome, since
at every timepoint at a specific cellular location in the cell there is the possibility of several
modifications of each protein. Hence, it is apparent that such approaches are very limited. The
adipocyte differentiation process was shown to be regulated by a transcriptional cascade [129],
and therefore should be mostly regulated on the transcriptional level. Previous studies showed
a high agreement on protein levels detected by Western blots with the expression levels of several genes during adipocyte differentiation detected with microarrays including CHOP10, Id-2,
cyclin A [24]. Importly, high throughput analyses of metabolites, protein content and posttranslational modifications have become available and the techniques are rapidly improving in
sensitivity. In the future, integrative analysis of data from microarrays and other sources will
provide a more complete picture of the cellular processes. Not only these experimental methods will improve our understanding of occurring processes in the fat cell development, but also
computational based methods. Once a protein sequence was derived for a specific EST (gene)
sequence interpretation and prediction of domains can be used to derive the molecular function.
Nonglobular regions like transmembrane proteins, low complexity regions or the occurance of
known domains as retrievable from several databases like PFAM and PROSITE can be detected
and together with BLAST search hits, literature, cell localization, and microarray data can be
functional annotated. Although only for known gene available, gene ontology annotations has
supplemented this procedure to identify involved processes.
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Experimental design in microarray studies is very important, since thousands of measurements
are conducted at once and if not well designed the significance of each measurement is poor.
Hence, a major focus of this study was the experimental design of the microarray analysis. To
consider the biological variability within one experiment RNA was pooled from 3 dishes. Since
pooling is not independent, as biological replicates, 3 independent time series experiment were
performed. High quality of hybridization results as shown in Figure 10 was achieved through
optimized protocols for spotting and hybridization procedures, improved signal intensity by
indirect labeling and pre-hybridization with BSA and stringent filtering of bad quality spots.
Each hybridization was repeated with dye swap assignment and as apparent in the MA-plot
there was almost no intensity dependency detected. Gene wise dye swap normalization was
applied, which had the advantage not to rely on the assumption that most genes are not differentially expressed. Two criteria were introduced to cut down the number of genes and to
select relevant differentially expressed genes for further analysis. One-way ANOVA led based
on a significance level of p=0.05 to 5.205 differentially expressed genes. However, genes which
show similar even high expression levels at all time points could not be detected, since difference between time points then is marginal. To consider also those genes and further decrease
the number of genes a more stringent criteria (genes which are more than 2 fold up- or downregulated in at least 4 time points) were applied. 392 from the 780 selected genes were also
detected with ANOVA.
Several methods were introduced to help in searching for biological meaning in the wealth of
data. These methods tried to extract different biological aspects according to the expression
profiles. K-means clustering was applied to group genes based on the similarity in their expression profile. Since the parameter k has to be chosen, several parameters k were tested and
k=12 showed the best cluster results in terms of maximal intercluster and minimal intracluster
variance. Principal component analysis confirmed that clusters were well separated by k-means
clustering. The reverse engineering problem can be formulated as what can be deduced about
the underlying regulatory network given an amount of data. Although network models will
little imply about the actual molecular mechanisms involved, much helpful information will be
gained about genes critical for a biological process. This is also applicable to the proposed novel
reverse engineering approach. Since this iterative method is based on mutual information, data
have to be discretized. Gene expression profiles were discretized in just 3 levels, because higher
number of discretization levels would lead to random patterns due to the noise in the expression
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profiles. As threshold for the correlation r = 0.63 was chosen, based on the type II error at the
significance level of 0.05. New associations can be derived in comparison to other analysis techniques such as cluster analysis because the information content of the gene expression profiles
is used instead of similarity measurements of the expression profiles. A different approach was
pursued within the GOLD.db, which was developed to facilitate genomic research providing a
system for storing, integrating, and analyzing relevant data needed to decipher the molecular
anatomy of lipid associated disorders. As part of this database, the possibility to map gene expression data to relevant pathways is provided. Recent advances allow to map expression levels
at different conditions (e.g. time points) of a data set to pathways. It is possible either to map
gene expression levels from all conditions at once to the pathways or consecutively. This is
particularly helpful while deciding if a pathway is turned on in a certain time frame or under
certain conditions. A number of KEGG pathways for different organisms, as well as annotated
pathways are available.
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Conclusion

The aim of this study was to elucidate regulatory processes and to identify new target genes
involved in adipogenesis. For this purpose a 27.648 element focused murine cDNA microarray
comprising a clone set from early embryonal stages (15k NIA clone set) and genes (ESTs) that
are important in adipocyte biology and lipid metabolism was developed. Gene expression profiles from 3 independent 3T3-L1 preadipocyte differentiation experiments were acquired.
The expression profiles of the key players in adipocyte differentiation (PPARγ, C/EBPα, SREBP1)
and a number of downstream target genes could be confirmed. Further it was shown that 24h
after hormonal induction many cell cycle related genes are sharply upregulated, which is in
consistency with the required clonal expansion phase before terminal differentiation in 3T3-L1
cells. Many genes that were upregulated in the late phase of differentiation are associated with
sterol and lipid metabolism. Furthermore, a number of transcriptional regulators previously not
associated with adipocyte differentiation showed distinct expression profiles. Miroarray results
of some targets could be validated with real time RT-PCR.
Several methods were proposed to derive meaningful biological information. Cluster results
from k-means clustering were most suitable to find out functionally related genes. A reverse
engineering approach based on mutual information and correlation provided a number of gene
subnetworks showing high-likely associated genes. Additional information is necessary to extract direct regulatory associations. Moreover, mapping of expression data in context of relevant
pathways provides the possibility to find out, which pathways are turned on or off, respectively
in a specific time frame or condition.
In summary, this was the first time 3T3-L1 differentiation was studied using cDNA microarrays.
Due to the focused approach and a novel thorough functional annotation process new promising
targets were revealed. Further experiments with the selected targets will provide novel insights
into the regulatory mechanisms of adipogenesis.
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Glossary
ABCA1

ATP-binding cassette, sub-family A, member 1

ANOVA

Analysis of variance

apoD

Apolipoprotein D

bHLH

Basic helix-loop-helix

BLAST

Basic local sequence alignment tool

BMI

Body Mass Index

BLAST

Basic local alignment search tool

BLAT

Blast like alignment tool

BSA

Bovine serum albumin

BTEB

Basic transcription element binding protein

C/EBP

CCAAT/Enhancer binding protein

cAMP

Cyclic adenosin monophosphate

CA

Correspondence analysis

CAP

c-Cbl-associated protein

CDK

Cyclin dependent kinase

CT

Cycle threshold

CHOP

C/EBP homologous protein

CPT

Carnitine palmitoyltransferase

CREB

cAMP responsive element binding protein

SAM

Significance analysis of microarrays

DAG

Directed acyclic graphs

DMSO

Dimethylsulfoxide

DTT

Dithiothreitol

EGF

Epidermal growth factor

IGF

Insulin like growth factor

LXR

Liver X receptor

EC

Enzyme classification

EST

Expressed sequence tag

FANTOM

Functional annotation of mouse cDNA

FOX

Forkhead box

FGF

Fibroblast growth factor

GEO

Gene expression omnibus

GH

Growth hormone

GILZ

Glucocorticoid-induced leucine zipper
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GO

Gene ontology

GOLD.db

Genomics of lipid-associated disorders database

H

Entropy

HMGI

High mobility group AT-hook 1

HMG-CoA

3-hydroxy-3-methylglutaryl-Coenzyme A

BSA

Bovine serum albumin

BUB1

Budding uninhibited by benzimidazoles 1 homolog

Id

Inhibitor of DNA binding

IFN

Interferon

IL

Interleukin

INCENP

Inner centromere protein

INSIG

Insulin-induced gene

IPI

International protein index

JDBC

Java database connectivity

KEGG

Kyoto encyclopedia of genes and genomes

KLF

Kruppel like factor

LOWESS

Locally weighted scatterplot smoothing

LPL

Lipoprotein lipase

MAGE-ML

Microarray gene expression markup language

MCSF

Macrophage colony-stimulating factor

MGED

Microarray gene expression data consortium

MI

Mutual information

MIX

Methylisobutylxanthine

MSE

Mean squared error

MT

Metallathionein

NFAT

Nuclear factor of activated T cells

NHS

N-hydroxysuccinimide

O/E1

Olf-1/early B-cell marker

NAC

None amplification control

NTC

None template control

NURR

Nuclear receptor related 1

NUR77

Nuclear receptor subfamily 4, group A, member 1

PCA

Principal component analysis

PCR

Polymerase chain reaction

PDGF

Platlet-derived growth factor
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PGF

Prostaglandin F

PGI2

Prostacyclin

PKB

Protein kinase B

PMT

Photomultiplier voltage

PPAR

Peroxisome proliferator activated receptor

PRM

Probabilistic relational models

Rb

Retinoblastoma protein

RNA

Ribonuclein acid

RXR

Retinoid X receptor

PWM

Position weight matrix

RT-PCR

Reverse transcription polymerase chain reaction

SAM

Significance analysis of microarrays

SCD

Stearoyl-CoA desaturase

SREBP1

Sterol regulatory element binding protein 1

SR-BI

Scavenger receptor class B member I

SAM

Significance analysis of microarrays

STAT

Signal transducers and activators of transcription

NTC

None template control

SOM

Self organizing maps

SOTA

Self organizing tree algorithm

SSC

Saline sodium citrate

SDS

Sodium dodecyl sulfate

SVD

Singular value decomposition

SVM

Support vector machines

TC

Tentative consensus sequence

TGI

TIGR Gene Indices

TGF

Transforming growth factor

TIFF

Tagged image file format

TNF

Tumor necrosis factor

TOPPRED

Topology prediction

TSS

Transcription start site

WAT

White adipose tissue

XML

Extensible markup language
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ABSTRACT

Application of microarrays in basic research

Recent advances in DNA microarray technology have
great impact on many areas of biomedical research
and pharmacogenomics: discovering novel targets and
genes, elucidating signatures of complex diseases,
transcriptional profiling of models for diseases, and
the development of individually optimized drugs
based on differential gene expression patterns.
Consequently; there is demand for robust methods for
data analysis and the choice of adequate statistical
tests. This review guides through all steps in the
cDNA microarray data analysis pipeline and gives a
basic understanding of the challenges in interpreting
large microarray datasets.

Functional genomics, the study of gene function
through parallel expression measurements of a
genome, can give information about the function of
uncharacterized genes. Examining gene expression
patterns of biological processes and molecular
pathways as well as transcriptional profiling in
development and differentiation gives insights into
molecular mechanisms and can lead to the generation
of new hypothesis for further investigations [1].
Coregulated genes show not only possible functional
similarities, but can also share the same regulators
[2,3]. During the drug discovery process microarrays
are used for target discovery, examining large
numbers of genes under relative few conditions using
diseased tissues or animal models of disease [4].
Subsequently, targets are selected by certain criteria
and the role of each gene in disease is investigated by
examining time courses and dose-response curves. To
validate potential candidates and identify phenotypic
changes and possible side effects, knockout, knock-in,
and gene silencing strategies in cells and model
organisms are advantageously applied in combination
with microarrays [5,6,7,8]. Profiling of the liver – the
dominant site of drug metabolism – of drug-treated
rats or primary human hepatocytes, gives a rounded
picture about the activity of genes, regulated by a
network of nuclear receptors that recognize both,
xenobiotics and endogenous compounds and gives
conclusion about the drug metabolism [4]. Microarray
profiling of gene expression can also be used to
elucidate mechanisms underlying the adverse events
of drugs, to identify biomarkers for physiological
events, and potentially even to predict adverse events
before human exposure or in more general toxicity.

INTRODUCTION
DNA microarray technology has become an important
tool in biomedical research during the last years. All
variants of this technology allow simultaneous
profiling of expression levels of thousands of genes in
a single experiment. The resulting profiles are patterns
that are characteristic for the responses of cells or
tissues to their environment, to differentiation into
specialized tissues, or to dedifferentiation into
neoplastic cells. The great potential of DNA
microarrays lies not only in viewing the technology as
a collection of individual expression measurements,
but also in generating a composite picture of the
expression profile of the cell. Therefore, microarrays
are widely used in basis research as well as in clinical
medicine and pharmacogenomics.
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Application of microarrays in clinical medicine and
pharmacogenomics
In pharmacogenomics, interindividual differences in
gene expression profiles in the healthy state, the
disease state, and after drug administration are studied.
Recording of allelic variants in different individuals,
evident by the growing number of detected single
nucleotide polymorphisms (SNPs), embody also
inherent characteristics of this evolving field. Main
directions are: (1) identification of specific diseaseassociated genes, allelic variants or gene products, (2)
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identification of gene or allelic variants that affect
individual response to current drugs (allowing patientspecific drug stratification), (3) identification of
disease-associated molecular expression profiles to
pinpoint targets in various pathways, and (4) design
and development of individual-optimized drugs based
on differential genetic and expression characteristics
[9,10,11,12]. Common drug treatments are effective in
only 50-75% of all patients and, in some cases, such
as specific cancer chemotherapies, the efficacy can be
as low as 25% [13]. Consequently, the use of
microarray technology in pharmacogenomic studies is
proliferating.
The greatest potential for microarrays in clinical
settings can be found in research and diagnosis of
cancer. Tumor-based gene expression data from DNA
microarrays add immense detail and complexity to the
information available from traditional clinical and
pathological sources; it is a snapshot of the total gene
activity of a tumor, providing complex and detailed
data on both, the inherent state of the patient and on
the current characteristics of the tumor and disease
state [14]. A variety of cancer studies and profiling of
cancer cell lines were performed using DNA
microarrays [14,15,16,17,18,19,20,21,22,23,24].
One can imagine, that the variety of applications
requires different types of experiments, different kinds
of microarray design, and analysis techniques. Despite
the efforts from biologists, computer scientists, and
statisticians there is no one-for-all solution. All
biological conclusions and predictions resulted from
microarray data rely on the quality of the data and the
use of appropriate analytical methods and statistical
tests. Subsequently, it is important to focus on the
design of a microarray experiment. Carefully designed
biological experiments are indispensable for the
analysis of data and the interpretation of results.
However, in microarray experiments analyzing
thousands to millions of data points and deriving a
meaningful interpretation requires efficient collecting
of data and the use of computational methods to store
the results and the experimental parameters in an
organized way.
Despite the increasing number of papers on expression
profiling using microarrays, there is still a lack of
standardized procedures for analyzing the datasets.
The challenge lies more in the choice of the most
suitable method at every stage than in the proposal of
new techniques. Furthermore, an understanding of
both, the biology and the computational methods is
essential for tackling the associated data mining tasks.
The purpose of this review is therefore to summarize
all important steps during the analysis process of
microarray data and to give a basic understanding of
the challenges in interpreting large microarray
datasets. Several approaches for each basic step, from
the microarray design to the biological interpretation,
during the microarray analysis are discussed (Fig. 1).

2

MICROARRAY DESIGN
The two major platforms for microarrays are spotted
arrays, where the probes are mechanically deposited
on modified glass slides by contact or inkjet printing,
and in situ arrays, where oligo probes (usually 20 to
25 nucleotides in length) are synthesized via
photolithography and combinatorial chemistry
techniques (GeneChip arrays, Affymetrix, Santa
Clara, CA). In the latter approach, each gene or EST is
represented on the array by probe pairs, consisting of a
perfect match (PM) and a mismatch (MM)
oligonucleotide that differs from the perfect match by
only a single base in the center position. The purpose
of the MM sequence is to capture the non-specific
binding that distortion the measured intensity level of
the PM. Note, that only one dye is required [27] for in
situ arrays whereas for spotted microarrays a
competitive hybridization of two RNA samples,
labeled with two different fluorescent dyes is used.

Figure 1: Procedure for microarray experiment and data
analysis (boxes shaded in blue are covered by this review)

For spotted microarrays, one have the option to spot
cDNA - in general PCR products (1,000-1,500 bp in
length) of clones with an inserted cDNA element
representing an expressed sequence tag (EST) or a
gene - or oligonucleotides, designed for specific
genes. Methods based on synthetic oligonucleotides
require no time-consuming handling of cDNA
resources [28]. In addition, the elements can be
designed to represent the most unique part of a given
transcript, making the detection of closely related
genes or splice variants possible. Although short
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oligonucleotides may result in less specific
hybridization and reduced sensitivity using of
presynthesized, longer oligonucleotides (50-100mers)
counteracts these disadvantages [29]. Spotted arrays
allow a greater degree of flexibility in the choice of
arrayed elements, particularly for the preparation of
smaller, customized arrays for specific investigations.
In addition, arraying of unsequenced clones from
cDNA libraries or clones for ESTs not similar to one
characterized gene can be useful for gene discovery
and functional annotation. The arrangement and the
number of features on microarray slides raises design
issues that have impact on the normalization and the
microarray data analysis [30]. Repeated positioning of
the same element on the array increases precision of
the measurement by averaging the intensities and can
minimize problems caused by contamination of the
surface. The use of internal control features (e.g.
features for genes of other organisms) also help to
ensure the quality of the data.

EXPERIMENTAL DESIGN
The general principles discussed here are for twocolor microarray experiments. However, many of
these issues apply also to single-color gene expression
assays. Microarray experiments should be treated as
general biological experiments and microarrays as
measurement of a biological quantity. The following
issues should be considered for the design of a
microarray experiment:
(1) Biological replicates: Biological variability is
intrinsic to all organisms and can be substantial
even for inbred mice [31]. Therefore it is
necessary to perform repeated hybridizations
with RNA samples from independent sources.
The number of the biological replicates depends
on the type of the biological question, e.g.
whether two types of tissues differ with regard to
the expression profiles. In this particular example
it is obvious that one RNA sample for each tissue
does not answer the biological question, since
there may be a substantial biological variability
within this tissues [26].
(2) Technical replicates: In microarray experiments
there are two possibilities for replicated
measurements to reduce variability introduced by
measurement errors: replicated features within a
slide and replication of hybridization with the
same RNA samples. It is useful to have a few
technical replicates to ensure that the procedures,
reagents and equipment are working properly
[26]. However, since technical replicates do not
represent independent measurement, it is
strongly recommended to use biological
replication as principal source of replicated slides
[32]. Dye-swap can be also used as a technical
replicate and is useful for reducing the
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systematic bias. In this case replications
represent repeated hybridization with the same
samples, with swapped dyes in the second
hybridization. This can also be used for genewise normalization to balance the systematic
differences in the red and green intensities.
(3) Pooling: In addition to the optimal design there
are constraints on the number of slides, the
amount of RNA available or cost considerations,
all of which will effect the experimental design.
In cases where a large number of experimental
units may be available and the number of slides
is limited, there is the option to pool individual
samples. This may also comprise cases with
limited available amount of RNA. If all available
samples are pooled together the biological
variance are minimized, but all independent
replication would be eliminated. Therefore it is
better to use several pools and fewer technical
replicates.
(4) Control versus reference RNA: For a pairwise
comparison of different gene expression one of
the two RNA samples, which are hybridized to a
microarray slide, is used as control, e.g. RNA
from an untreated cell line. In cases of
comparison of many different types of samples,
it would be desirable to use a more universal
reference with a broad coverage of genes, e. g.
RNA from pooled cell lines. This approach is
commonly used if the focus of the analysis is to
determine tumor subtypes[22].
In summary, DNA microarray experiments require
careful planning of the experimental and the
microarray design, driven by the objectives and
conditioned by several constrains.

PREPROCESSING OF MICROARRAY DATA
A good data analysis should start with an exhaustive
look at the quality of the data. For data generated from
microarray experiments, the quality of the
measurements is strongly dependent on the technology
used, since issues as the characteristics of the surface
and the material arrayed are determinant in the
intensity measures obtained. Hence, the quality
problems that arise for two color and high density
oligonucleotide chips must be faced separately.
Preprocessing of cDNA microarray data
Testing the quality of the data
Prior to further analysis poor quality spots must be
removed from the data set. Most of the image analysis
software provides some criteria to quantify the quality
of a spot. For example, in GenePix (Axon Instruments
Inc., Union City, CA) a spot can be manually
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classified as good, bad, absent or not found. Genes
with a very low expression value are often removed in
order not to confound their signal with the background
intensity. Saturated spots are also excluded from the
analysis because the scanner cannot provide a reliable
measurement of their intensity value. In addition, the
quality of a spot can be related to its shape, filtering
out those genes for which the standard deviation of its
pixels is too big or those for which mean and median
values are very different. All thresholds should be
calculated based on statistical analysis.
Background correction
The background intensity quantifies the amount of
material attached to a slide, even where no spotted
material is available. This fluorescence will be added
to the true intensities of all spots in the slide. In
consequence, background correction must be
performed in order to improve the accuracy of the
expression values. There are several methods to
estimate local and global background [24]. The most
common approaches to remove the background effect
are:
(1)

To filter out those genes for which the estimator
of the background intensity is higher than the
estimator of the foreground intensity. For the rest
of the genes, the background intensity will be
overall much lower than the foreground intensity
so the subtraction of the background intensity
from the foreground intensity will not be
necessary.

(2)

To subtract the background intensity from the
foreground intensity. A problem may arise
because negative values could be obtained if the
very low intensity spots were not previously
removed [35].

(3) If background intensity is bigger than foreground
intensity the reason can be that the estimators
provided by the image analysis software for
either the foreground (usually the median of the
pixels within the spot) or the background were
not correct. Kooperberg et al. [36] present a
novel algorithm based on Bayesian Statistics to
estimate the foreground and background from the
pixel intensities.
Preprocessing of high density oligonucleotide chip
data
Since Affymetrix (Affymetrix Inc., Santa Clara, CA)
is the main manufacturer for high density
oligonucleotide arrays we will hereafter refer to them
as Affymetrix chips [27]. As previously described,
several probes from a given gene are arrayed at
different locations. Because we are interested in the
expression level of the gene, a measurement
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summarizing the intensity of all probes of this
particular gene should be provided. Irizarry et al. [37]
review the main expression measures proposed. From
them, the Average Difference (AvDiff), the Li and
Wong’s model [38] and the MAS 5.0 [39] are based
on the difference dij=(PMij-MMij), where j=1,…,nprobes
per gene i. AvDiff is a simple linear combination of
the consistent dij’s while the Li and Wong’s model is
already more sophisticated. Affymetrix also realized
the necessity of a non-linear method and provided it to
its users with the MAS 5.0 based on the Tukey
Biweight statistic. Irizarry et al. [37] showed how in
most of the cases, the MMij is capturing not just nonspecific binding but also signal. Their novel
expression measure is the Robust Multichip Average
(RMA) and it is shown to perform better than
traditional measurements. This new method is based
on the estimation of the background, containing the
non-specific signal together with the optical noise [37]
and has some similarities with the Bayesian estimator
of the background of cDNA microarrays proposed in
[36].

NORMALIZATION OF MICROARRAY DATA
Microarray experiments generate a substantial amount
of experimental variation, making it difficult to
identify the biological variation of interest. The term
normalization generally refers to the reduction of a
given data set to a standard or normal state. For
microarray data, this will be achieved by removing all
the non-biological variation introduced in the
measurements [40,41] and minimizing the random
errors. Only after normalization microarray data will
be reliable and comparable.
Sources of systematic error (sample effect, array
effect, dye effect and gene effect [42,43]) and also
random errors will have different effects depending on
the technology used, i.e. cDNA arrays or high density
oligonucleotide arrays. Some methods traditionally
applied to cDNA microarrays could be also used to
normalize data generated by high density
oligonucleotide chips. These methods are Analysis of
Variance
(ANOVA)
and
Singular
Value
Decomposition (SVD). The general statistical tool
ANOVA is often applied to normalize and analyze
microarray data [42,43,44]. Based on the experimental
design of the particular experiment to analyze, this
method fits a model and provides estimators for the
different sources of non-biological variation that
contribute into the measured intensity value.
Subtracting these estimators from the measured
values, a reliable estimator of the intensity
measurement can be obtained. This estimator can be
used, without further calculations, to estimate the
change in the expression level of a particular gene
across different conditions.
The use of Singular Value Decomposition (SVD) to
normalize microarray data was recently proposed [45].
In this case, the hypothesis is that all non-biological
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variability will be summarized in one of the Principal
Components (PC). The data set would be normalized
removing the noisy PC.
Methods to normalize cDNA microarray data
The different properties of the two dyes used to label
the RNA samples to be compared, make the dye effect
the most important among the systematic effects to be
corrected in cDNA microarrays. The properties that
are different for the two dyes are the lower
incorporation rate of Cy5, the quantum yield, the
photobleaching, and the quenching properties [46]. In
consequence, the measures obtained from two samples
labeled with different dyes are not comparable and
normalization must be applied to the data in order to
bring them to the “same scale”. The correction of the
dye effect is also regarded as “within-slide
normalization”. The most popular methods are based
on the assumption that the majority of the genes are
equally expressed in both channels. However, this is
not the case for all experiments. According to [47],
there are two main approaches to correct the dye
effect: (1) to use the whole data set to normalize the
data, also known as self-consistency, or (2) to use the
quality elements provided in the experiment. This
includes the self-normalization [40], the use of spotted
controls [48,49] and the use of a reference channel to
normalize the data [31,32,50,51].
Normalization by self-consistency
Assuming that most of the genes should be equally
expressed in both channels, an expression ζi is
estimated to force the overall intensity of both
channels (the two samples of RNA hybridized onto
the same slide and labelled with the two dyes) to be
the same. Both channels intensities would be then
related according to the expression R = ζi G, where R
stands for the RNA sample labelled with red (Cy5)
and G represents the RNA sample labelled with green
(Cy3). Depending on the method used to estimate this
expression ζi the data will be normalized in different
ways. Visualization of the data using e.g. boxplots and
scatterplots is essential at this stage in order to choose
the normalization method that fits best to the data.
These visual methods are also useful to test the effect
of normalization in the data. The fit of a LOWESS
function [52] to the data scattered in a M-A plot
(where M=log2(R/G) and A=1/2ּ(log2R + log2G)) is
becoming a common practice to normalize microarray
data [40]. Since it is known that the dye effect is
intensity dependent [40], this method is more
appropriate than the simple global normalization
method, that estimates ζ=median (R/G), which is
constant across the whole intensity range. Another
common normalization method estimates ζi for every
gene but based on linear regression methods [53]. In
most of the cases, the relationship between both
channels is not linear so the use of non-linear
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techniques such as LOWESS is more suitable. In
addition, the regressive approach is very sensitive to
outliers and LOWESS offers a more robust estimation.
Although LOWESS performs well, some new nonlinear fittings have been proposed lately [48, 54]. In
addition, different overall expression level can be
observed in particular regions of the slide. If the
difference corresponds to groups of genes printed with
different print-tips, this effect can be corrected
estimating a different LOWESS function for every
subgrid instead of to the whole data set [40]. The
correction of spatial systematic effects other than print
tip effects is winning increasing importance in the
normalization of microarray data [55, 56].
Normalization using quality elements
In general, there are many experiments for which the
assumption that most of the genes are equally
expressed cannot be known “a priori” or for which a
very different number of genes is expected to be
differentially expressed in both channels. For
example, “boutique arrays” [48] are becoming an
extended practice in medical research: After
performing a high density spotted array where even
the whole genome of an organism under study could
have been arrayed, the genes found to be differentially
expressed are spotted in another “low-density” array.
In those cases the normalization of the data cannot be
done using methods previously described and for this
purpose quality control elements available from the
experimental design should be used.
If enough material is available to replicate the
experiment at every one of the biological conditions of
interest, self-normalization [40] can be useful. Dobbin
et al. [50] showed that to perform dye swap just for
half of the biological conditions to be tested should
give enough information to remove the dye effect
from the data. Self-normalization appears as a natural
method to remove the dye effect because the
expression level of every gene in the two RNA pools
of interest is estimated with the average value of every
pool labelled with the two dyes. Given two arrays for
which the same samples were labelled with a different
dye each time, for every spotted gene i it can be
proved that under the assumptions estated in [57] then
1/2·(Mi-Mi')~(true log expression ratio), where
Mi=log2 (Ri/Gi) and Mi’ is the same for the slide for
which the dyes were swapped. The main advantage of
the self-normalization is that it transforms the data
while preserving the characteristics of every particular
gene. In addition, the computational cost for the
calculations is very low. If controls covering the
whole intensity range are available, the data can be
normalized according to them [40, 48, 49]. For
controls for which both channels expression level is
expected to be the same (e.g., Microarray Sample Pool
(MSP) [40]), a non-linear function can be fitted to the
M-A plot of the controls and used to correct the entire
data set. However, because the number of controls

Analysis of DNA microarray data

6

available per slide is usually not very large, the fit of a
quadratic function using the Levenberg-Marquardt
method [58] can be more appropriate than to use the
LOWESS function.
After within-array normalization, across arrays
normalization might also be necessary to make
comparable values across different biological
conditions. Besides the systematic error introduced in
every measurement, there is a random error that
cannot be estimated. The only way to reduce the
intrinsic variability of a given measurement is
replicating measurements. In microarrays, replicated
spots and replicated slides (both referred to as
technical replicates) are merged after normalization of
the data to obtain a final value more reliable than the
original one.
Normalization of high density oligonucleotide chip
data

As for cDNA microarrays, the measurements obtained
with Affymetrix chips contain non-biological variation
derived from experimental errors such as differences
in sample preparation, manufacture of the arrays, or
problems during labeling, hybridization, and scanning
[37]. According to [59] two main approaches can be
used to correct systematic errors in the Affymetrix
data.
The baseline methods
correct the data based on
the expression measure (i.e. AvDiff, Li-Wong’s model
[38], MAS 5.0 [39] or RMA [37]) and strongly depend
on the selection of a baseline array against which all
slides must be normalized. Affymetrix [39] propose a
global normalization forcing all the arrays in ane
experiment to have the same mean value. An
improvement to this method is to fit non-linear
functions to model the relationship between the
baseline array and any of the other slides to be
normalized, but just for the subset of rank-invariant
genes [38, 60].

Table 1. Overview of normalization methods for cDNA microarrays and for high density oligonucleotide chips

cDNA microarrays

Non-specific
hybridization

Background
correction

High-density oligonucleotide chips

1. Filtering
2. Subtraction
3. Bayesian method

d=(PM-MM)

1. AvDiff
2. Li&Wong
3. MAS 5.0

RMA
Self
consistency
Systematic
errors
Quality
elements

1. Global
2. Linear regression
3. LOWESS
4. LOWESS print-tip
5. Local mean norm.

Baseline
methods

1. Global
2. Splines smooth

Complete
data methods

1. Cyclic LOESS
2. Quantile

1. Self-normalization
2. Controls
3. Reference channel

On the other hand, the complete data methods correct
the data at the probe level. Every probe will be
normalized and the expression level of a gene will
then be obtained summarizing the normalized
intensity level of its probes. The main two methods
described in [59] are the cyclic LOESS and the
quantile normalization. The first is an extension of the
LOWESS method that applies to cDNA arrays, but the
samples are now hybridized onto different slides so all
possible pair-wise comparisons must be normalized.
The quantile normalization is based on the idea that
two data sets have the same distribution if the data in a
QQ-plot scatters around a slope line of 45˚. This
simple principle can be easily extended to a set of n

Controls

arrays from a microarray experiment, without the need
to choose a baseline or reference array.

DETECTION
OF
EXPRESSED GENES

DIFFERENTIALLY

The discussion about the suitability of the normality
assumption for microarray data has been one of the
core tasks for the microarray data analysts in recent
years. Several data transformations have been
proposed in order to obtain normally distributed data
[35,61]. Gene expression data in logarithmic scale
presents a roughly normal distribution, since the
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estimated histograms are unimodal and symmetric
(Figure 2). Therefore it seems quite reasonable to
accept the normality assumption. The consequences of
taking this hypothesis as true are several and of great
impact in the analysis of microarray data: (1) Simple
error models can be formulated to explain, e.g., the
variability of the data using ANOVA techniques
[42,43]; (2) clustering algorithms (supervised [62] and
unsupervised [18,63]) can be applied to the data, (3)
reverse engineering methods [64,65] can be used to
model gene-gene interactions, etc. In contrast, the
subtle but essential task of detecting differentially
expressed genes often requires the use of nonparametric tests [66, 67, 68, 69, 70, 71, 72] because

the tails of the distribution of gene intensity values are
heavier than for normally distributed data (Figure 1).
One of the simplest approaches to discover
differentially expressed genes consists in removing
one by one all those values that make the tails of the
distribution of expression levels longer than for
normal distributed data. The process is repeated until
the data can be considered as normally distributed
[48]. Another simple method presented in [67] detects
potentially differentially expressed genes looking at
the QQ-plot. The values that deviate from a straight
line of slope 45˚ are potential differentially expressed
genes. Moreover, a simple fold-change detector can be
used to detect differentially expressed genes.
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Figure 2. Histogram and QQ-plot of the gene expression data of one slide from a cDNA microarray experiment before
normalization. The distribution is unimodal but the right-hand tail is much heavier than the tail of normally distributed data
(grey line). In the QQ-plot an agreement between the two distributions up to the higher 10% percentile can be observed.

For quantitative detection, the calculation of a tstatistic is the most applied practice, which can also be
generalized to multiple groups via ANOVA F statistic.
However, the p-value corresponding to each t-statistic
doesn’t have necessarily to be calculated based on the
student-t distribution [67] and must be adjusted for
two reasons: First, the use of parametric methods to
detect differentially expressed genes might not be
suitable in many situations for which the data is not
normal. In addition, due to the great number of null
hypothesis tested at the same time (number of spotted
genes > 4000), the number of false discoveries must
be controlled. For example, if the null hypothesis
“gene i doesn’t change significantly its expression
level from condition 1 to condition 2”, at a level
α=0.05 has to be tested for a microarray study with
4000 genes, the null hypothesis will be rejected being
true 200 times (0.05*4000). In consequence, two
hundred genes are wrongly selected as differentially
expressed. Hence, the p-values should be corrected in
order to control the family-wise type I error rate

(FWE) [67]. Dudoit et al. [67] describe several
methods to adjust the p-values. The single step
methods (Bonferroni and Sidák [73]) perform
equivalent multiplicity adjustment for all hypotheses.
Step-down methods order p-values varying the
adjustments needed. The step-down algorithm
proposed in [67] adjusts p-values using the
permutation based method proposed by Westfall and
Young [74]. Another possibility is to bound the false
discovery rate (FDR) as proposed by Benjamini and
Hochberg [75].A review of the most popular tests to
detect differentially expressed genes can be found in
[76]. The most used tests to detect differentially
expressed genes are (1) the linear regression model
[77], (2) the regularized t-test [78], (3) Significance
Analysis of Microarray (SAM) [79], and (4) the
mixture model approach [80]. Prior to conducting
further analyses, the data from genes exhibiting little
variation across the different conditions should be
excluded. The rational of this filtering process is that
genes exhibiting little or no variation across samples
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do not contribute valuable information for
distinguishing among specimens. Selecting genes or
samples with high intensities, fold changes and little
missing values is leading to a cleaner dataset with less
noise for further analysis. Because the discovery of
new targets is one of the main aims of microarray
data, many are already the applications of the methods
previously described to detect differentially expressed
or “active” genes [18,81,82,83].

CLUSTER ANALYSES
With the advent of novel experimental techniques for
large-scale, genome-wide transcriptional profiling via
microarrays or gene chips, a new field of gene
expression data analysis emerged [21,53,64,84-99].
This new momentum to the bioinformatics community
has fueled the hope of getting more insight into the
processes conducted in a cell, tissue or organism.
However, as more and more researchers adopted the
microarray technology it soon became increasingly
clear that simple data generation is not satisfactory
and the challenges lie in storage, normalization,
analysis, visualization of results, and most importantly
in extracting meaningful biological information about
the investigated cellular processes. Therefore,
considerable progress has been made in the last couple
of years to handle and analyze the millions of data
points accumulated by state of the art microarray
studies with tens of thousands of sequences per slide
and maybe hundreds of slides. Nowadays so many
options are available that choosing among them is
challenging. Not only bioinformaticians themselves
but also bioscientists and physicians using the
computational tools need profound skills in bio- and
computer sciences. To create and interpret results in
an efficient, meaningful and responsible way, at least
a fundamental understanding of the used technologies,
algorithms, and methods is indispensable. In the
following section we will give a brief insight into
some common themes in the field of gene expression
data analysis and existing computational approaches
without claiming to be comprehensive, as new, more
sophisticated techniques are being developed
perpetually.
Data representation
The true power of microarray analysis does not come
from the analysis of single hybridization, but rather,
from the analysis of many hybridizations under
different experimental conditions to identify common
patterns of gene expression. A collection of gene
expression data can be viewed abstractly as a table or
matrix with rows representing genes, columns
representing various samples, and each position in the
table describing the measurement for a particular gene
in a particular sample. This table is commonly referred
as gene expression matrix. After normalization, the
data for each gene are typically reported as a
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fluorescence or expression ratio from the two samples
compared, hybridized to the same or to a number of
arrays. Since almost all results from cDNA microarray
experiments are ratios, overexpressed genes are
represented by a range between 1 and ∞, whereas
underexpressed genes are squashed between 0 and 1.
To overcome this discrepancy, the data is usually
transformed
into
logarithmic
space,
where
overexpressed genes are assigned to positive values,
underexpressed genes are assigned to negative values
and a gene expression at a constant level (with a ratio
of 1) is represented by zero. The advantage of this
transformation is simply that the data is represented in
a more “natural” way. In addition, microarray data in a
logarithmic scale is easing further analysis by
following an approximately normal distribution. In
most cases the logarithmus dualis (log2) is used
instead of log10 or logarithmus naturalis (ln), because
of the better scaling and the more natural
understanding of differences in terms of double and
half.
Graphical data representation
Since the massive collection of numbers is difficult to
assimilate, the primary data is combined with a
graphical representation by displaying each data point
with a color that quantitatively and qualitatively
reflects the original experimental observation, i.e. each
data point of the matrix is colored on the basis of the
measured fluorescence ratio. This yields to a
representation of complex gene expression data that
allows assimilation and exploration of the data in a
more intuitive manner. The most commonly used
color scale ranges usually from saturated green (max.
neg. log2 value) to saturated red (max. pos. log2
value). Values with log2 (ratio) close to zero (genes
unchanged) are colored black, increasingly positive
log2 (ratio) values with reds of increasing intensity,
and increasing negative log2 (ratio) values with greens
of increasing intensity. This means that for each
element in the matrix, the relative intensity represents
the relative expression, with brighter elements being
more highly differentially expressed. Due to various
effects during spotting, hybridization, and data
analysis, not each spot can be assigned a meaningful
ratio. This results in missing values in the data matrix.
Missing values usually appear gray.
Data adjustment
In addition to filtering and normalization steps, several
data adjustment procedures to enhance certain
relationships are available and often used prior to
analysis of a given data set. One commonly used
procedure is to rescale each vector by subtracting the
basal expression level from each al measurement, so
that the average expression (mean or median) of each
gene or sample is zero. This process referred to as
mean or median centering can be used for instance to
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remove certain types of biases. Another possibility is
to adjust the data so that the minimum and maximum
values are ±1, or so that the standard deviation or
length of each expression vector is one. It is essential
to know not only the mathematical background of
these procedures, but also the effects such procedures
can have on datasets based on biological observations.
Adjusting data is changing the data and the effects of
such manipulations can be very adjuvant or
precarious, leading to inaccurate or misleading results
and conclusions in respect to the investigated issue.
Vector Comparison
A gene expression matrix can be studied by either
comparing its rows or columns and by looking for
similarities or differences. If two rows are similar, it
can be hypothesized that the respective genes are coexpressed or even co-regulated and possibly
functionally related (Guilt By Association) [64, 93].
The comparison of experiments can provide
information about which genes are differentially
expressed in two or more conditions and this enables
to study for instance effects that various compounds
have on an investigated condition. The rows or
columns of the gene expression matrix can be
regarded as points in n-dimensional space or as ndimensional vectors, where n is the number of genes
or samples, respectively. Before any comparison of
patterns of expression can be performed, a way to
measure the similarity (or distance) between the
vectors to compare need to be declared. Usually an
analog value representing the distance between two
vectors is computed by summing the distances
between their respective vector elements. How this
value is normalized and how the distance is computed
depends on the distance measurement used. There is
an extensive variety of algorithms available, ranging
from simple Euclidian Distance or Pearson
Correlation Coefficient to more sophisticated
approaches like nonparametric or rank correlation
coefficients (e.g. Spearman Rank-Order correlation or
Kendall’s Tau) or Mutual Information [100-102].
Possibly one “right” distance measure in the
expression profile space does not exist, and the choice
should depend on the question that is being addressed.
It has to be mentioned, that the only relationship that
all of the aforementioned distance measuring
approaches can detect are simple, one-to-one
relationships. This restriction drastically reduces the
amount of calculation required to find relationships
between expression patterns, as only pair-wise, linear
comparisons are made. The price of this speed is a
lack of consideration of what are surely two of the
hallmark characteristics of biological systems: the
ability to make decisions based on multiple inputs, and
the non-linearity of response. Additionally missing
values are difficult to handle. A few are usually no
problem, but if there are too many in comparison to
the number of vector-elements n, an arbitrary result
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may be expected. However, the results obtained by
clustering methods using these distance measurements
demonstrate that such procedures are a useful way to
extract and visualize one-to-one correlations from
large datasets [103].
Clustering methods
The appearance of data sets that measure the relative
abundance of mRNA of thousands of genes across
tens or hundreds of samples has underscored the
paucity of quantitative analytical tools available to
examine such complex data. The scrutiny of
expression profiles is currently in the phase of analysis
that mathematicians term “data exploration” and that
biologists often call “data mining”. The underlying
object of this level of analysis is the recognition of any
non-random patterns or structures inherent in the data
requiring further exploration.
Enabled by the increasing amount of public available
microarray studies, comparative analysis of the
transcriptome of different cell types, treatments,
tissues or even among two or more model organisms
promise to significantly enhance the fundamental
understanding of the universality as well as the
specialization of molecular biological mechanisms.
The objective is to develop mathematical tools that are
able to distinguish the similar from the dissimilar
among two or more large-scale data sets.
Current methodologies to analyze gene expression
data sets can be divided into two categories:
supervised approaches, or analysis to determine genes
or samples that fit a predetermined pattern; and
unsupervised approaches, or analysis to characterize
the components of a data set without the a priori input
or knowledge of a training signal.
Supervised methods or class predictors are generally
used for finding genes with expression levels that are
significantly different between groups of samples and
finding genes that actually predict a characteristic of
samples. There are several published supervised
methods that find genes or sets of genes that actually
predict sample characteristics, such as distinguishing
one type of cancer from another. These methods might
find individual genes such as the Nearest Neighbor
approach [18], and/or a set of genes, such as Decision
Trees, Neural Networks and Support Vector Machines
[104-106-3]. The latter is the most commonly used
method and provides promising results in the area of
gene classification [89].
Unsupervised Clustering methods attempt to identify
relatively homogeneous groups or clusters of genes
that behave similar across a range of conditions or
samples. Clustering can be defined as the process of
separating a set of objects into several subsets on the
basis of their similarity [90]. The aim is generally to
define clusters that minimize intracluster variability
while maximizing intercluster distances, i.e. finding
clusters, which members are similar to each other, but
distant to members of other clusters in terms of gene
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expression based on the used similarity measurement.
The motivation to find such clusters is driven by the
assumption that genes that demonstrate similar
patterns (coexpressed genes) share common
characteristics, such as common function, common
regulatory elements, or common cellular origin. A
wide range of approaches is available for gleaning
insight from the data. However, despite the combined
effort of biologists, computer scientists, statisticians
and software engineers, there is no one-size-fits-all
solution for the analysis and interpretation of genomewide expression data. An appropriate choice of dataanalysis technique depends both on the data and on the
goals of the study. Still one of the most popular
choices for the analysis of patterns of gene expression
is assuredly the Hierarchical Clustering [62] in
different variants.
Standard agglomerative
Hierarchical Clustering produces a representation of
the data in the shape of a binary tree often referred to
as dendrogram, where the most similar patterns are
clustered in a hierarchy of nested subsets.
As an alternative to hierarchical clustering procedures,
non hierarchical methods often start with a pre-defined
number of clusters and, by iterative reallocation of
cluster members, minister the overall intra-cluster
dispersion and at the same time try to maximize the
distance between clusters. Most noted representatives
of non-hierarchical clustering are the k-means
algorithms [107], Clustering Affinity Search
Technique (CAST) [108], and neural network
approaches like Self Organizing Maps (SOM) [109],
the Self-Organizing Tree Algorithm (SOTA) [110],
Relevance Networks [111] or Gene Expression
Terrain Maps [112]. The complicacy using these
techniques is that often considerable user input is
required in form of difficult starting parameter
specification. However, fortunately there are some
approaches to circumvent this issue for instance by
finding the number of clusters from the data itself in a
self-acting, sophisticated way or simply by brute-force
(examining all possibilities within a certain range)
[113]. All theses clustering techniques can be used in
combination with other exploratory techniques, such
as Principal Component Analysis (PCA) [114] or
related methods like Singular Value Decomposition
(SVD) [45, 115] or Correspondence Analysis [116],
that help the user to visualize the complexity of the
data in a two- or three-dimensional space, allowing
groups of related genes to be identified in a more
intuitive way. Also related to PCA is a clustering
method called Gene Shaving [117].
Post clustering analysis
Several topics of the analytical pipeline, namely image
analysis, normalization, and gene expression data
clustering and classification have been addressed in
numerous publications, e.g. [103]. An extensive
record of microarray software can be found on Y.F.
Leung´s
website
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(http://ihome.cuhk.edu.hk/~b400559/array.html). Data
interpretation, however, proliferated just recently and
leaves still a lot of room for new tools to extract
knowledge from the increasing amount of microarray
data. A key challenge of bioinformatics in the future
will be to bridge this considerable gap between data
generation and its usability by scientists for incisive
biological discovery. Methods of choice may be the
mapping of gene expression data onto sequence (e.g.
chromosomes) [118] or biological pathways [119],
automated literature search [120], as well as extensive
promoter analyses [107].

REVERSED ENGINEERING METHODS
Traditionally, Biomolecular Science investigated
genes or proteins one at a time allowing the
identification of specific pathways. These gene-togene interactions can be converted into easy-to-read
diagrams as those compiled in the BioCarta
(http://www.biocarta.com/support/howto/gene.asp).
High-throughput technologies have changed this area
of research. New approaches of gene expression
pattern analysis are being already applied to try to gain
insight into the underlying regulatory processes in a
given organism. However, due to the early stage of
these technologies it is still difficult to apply these
methods. The main problem is often the unbalance
between the large number of genes to be modeled and
the small number of samples available. To reduce the
complexity of the problem the data can be discretized
[121] or resampled to obtain more sampling points
[122]. Details about the influence on the network
inference of the network topology and the way of
collecting the data are discussed in [123]. A review of
the three main approaches to model the dynamics of a
system using expression data can be found in [64, 65].
These three main techniques are Boolean and
Bayesian networks, and ordinary differential equations
(ODEs). There are differences and similarities among
them and some are more appropriate than others
depending on the particularities of the problem to be
studied. In principle, Bayesian networks [121] and
ODEs [124] should enable the formulation of a
quantitative model using the continuous measurements
available. However, the number of genes that can be
modeled using a Bayesian approach is often small due
to the computational cost of training a Bayesian
network [125]. The same can be applied to ODEs
since the number of parameters to be estimated
increases when a new gene is aimed to be modeled as
a component of the target system. On the other hand,
Boolean networks [126] can provide a qualitative
model but do not give a measurement of the strength
of the relationships. Furthermore, they make use of
discrete data. Another controversial point of these
techniques is the validation of results. For models
proposed to understand small known pathways and
how they change when the conditions are perturbed,
the best way of validation is performing experiments.
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In the case of networks explaining the unknown
relationships among genes of a given organism,
promoter study can be a tedious but challenging task
[127, 128].
In spite of the complexity and drawbacks of the
problem, the evolution of microarray data production
to ever-larger and more complex data sets will enable
to use this huge amount of information for developing
innovative approaches to reverse engineer biological
networks of molecular interactions, which may
unravel the contribution of specific genes and proteins
in the cellular context [64].

STANDARDIZATION AND DATA STORAGE
Although new innovative procedures to analyze
genomic data are still desirable, one problem during
the analysis of gene expression data is not the lack of
algorithms and tools, but the multiplicity of practices
available to choose from. Moreover, these methods are
difficult to compare and each method has its own
implementation and frequently a different data format
and representation. This diversity of methods makes it
difficult and time consuming to compare results from
different analyses. Although all of these resources are
highly informative individually, their benefit could be
augmented if provided in combination with other
methods in a unified and centralized environment.
Therefore standardized data exchange and calculation
platforms, which allow the straightforward and
efficient application of different algorithms to the data
one is interested in, are and will be highly welcomed
by the research community. In the area of microarray
databases and analysis tools the MGED (Microarray
Gene
Expression
Data)
Society
(http://www.mged.org) proposes with MIAME
(Minimum Information About a Microarray
Experiment) [129] a standard to describe the minimum
information required to unambiguously interpret and
verify microarray experiments. In addition to
MIAME, which is required by several journals for
manuscript submission, the Microarray Gene
Expression – Markup Language (MAGE-ML) has
been designed for microarray data exchange based on
the XML standard [130]. Moreover, the ontology
working group of the MGED project is developing an
ontology for describing samples used in microarray
experiments. In addition, the Gene Ontology
(http://www.geneontology.org) provides a structured
and standardized vocabulary to describe gene products
in any organism [131]. The adoption of common
standards and onthologies will be of immediate benefit
to researchers, scientific journals, and those
developing data management systems and tools for
data analysis.
Microarray expression analysis typically generates a
huge quantity of data. Effective and efficient analyses
relies on capturing and recording data on the genes
arrayed, the samples used for hybridization, the
laboratory conditions and protocols used in the assay,
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and the parameters associated with obtaining and
analyzing the hybridization data. The use of a well
designed and comprehensive database in combination
with (or including) a laboratory information
management system (LIMS) is indispensable to
efficiently query the data. Although at present there is
no clear standard solution for microarray data storage
and analysis software, there are a many open-source,
public domain or commercial solutions vying for a
share of this evolving market [132-140]. See also Y.F.
Leung´s website
(http://ihome.cuhk.edu.hk/~b400559/array.html) for
an overview. These initiatives will maximize the value
of microarray data by permitting greater opportunities
for sharing information and thus for discovery, and
will ultimately affect the description, analysis, and
management of all high-throughput biological data.
Standards and the uses of onthologies are essential to
manage microarray data, especially in the context of
public repositories.

DATA INTEGRATION
INTERPRETATION

AND

BIOLOGICAL

The major challenge after computational analysis is to
facilitate the process of looking for biological meaning
in the data and to generate new hypotheses. Normally,
investigators study the result lists or the gene clusters
gene-by-gene. However, it is difficult to put them into
a
meaningful
biological
framework.
Data
interpretation methods proliferated just recently and
are still leaving a lot of room for new tools to extract
knowledge from the increasing amount of microarray
data. A key challenge of bioinformatics in the future
will be to bridge this considerable gap between data
generation and its usability by scientists for biological
discovery. Some methods have been applied
successfully for this task, but still there is a lack in
automatic tools for biological interpretation. Methods
of choice may be the mapping of gene expression data
onto sequence (e.g. chromosomes) [2, 118] or
extensive promoter analysis [107]. The integration of
pathway information with gene expression studies for
instance has the potential to reveal differentially
regulated genes under certain physiological conditions
in a specific cellular component [119,141].
Probabilistic relational models (PRM) allow the
inclusion of multiple types of information (e.g. cell
type or clinical data) in the computational process
itself [94,142]. Furthermore, integration of gene
ontology (GO) terms and the automatic search for
interesting literature clusters for whole expression sets
will be also helpful for the analysis [120,143].
Another issue to be mentioned in this context is data
integration. Genes and gene products do not function
independently. They contribute to complex and
interconnected pathways, networks and molecular
systems. The understanding of these systems, their
interactions, and their properties will require
information from several fields, like genomics,
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transcriptomics, proteomics, metabolomics or
systematic phenotype profiles at the cell and organism
level [144, 145]. Although all of these resources are
highly informative individually, the collection of
available content would have more efficacies if
provided in a unified and centralized, or connected
context. Database technologies and computational
methods have to be improved to facilitate the
integration and visualization of these miscellaneous
data types, ranging from genomic data to biological
pathways
[146].
Sophisticated
computational
technologies, which establish relation-ships between
genotype and the corresponding biological functions
may yield to new insights about physiological
processes in normal and disease states. Data
integration may play also an important role for future
trends in the prognosis of cancer and personalized
medicine. According to [25,26] a few different generic
types of objectives of microarray based cancer studies
were pursued so far and successfully applied:
comparison of expression profiles obtained from
different predefined classes of specimen [17,18,27],
determination whether there is a relationship between
expression profiles and clinical outcome and
development of a prognostic predictor of outcome
(e.g. duration of survival)[25], and identification of
novel subtypes of specimen within a population
[22,23]. The combination of genomic data with some
traditional clinical risk factors markedly improved the
accuracy of predictions of breast cancer recurrence
[14]. The integration of genomic data with
heterogeneous patient data like clinical parameters,
image data, biomarkers and proteomics data will allow
more precise delineations of patients into subgroups
that are more homogenous with respect to disease
outcomes. Consequently, this leads to future advances
in personalized medicine.

CONCLUSION
Microarray technology holds immense potential to
improve human health and well-being. Although
genome-based analysis methods are permeating
biomedical research, the challenges of establishing
robust paths from genomic expression information to
improved human health remain immense. However,
the ongoing investigations in these areas attempt to
provide researchers with a markedly improved
repertoire of computational tools that facilitate the
translation of accumulated information into novel
biological insights. This virtual workbench will allow
the analyses of the function of genes and gene
products in health and disease at an unprecedented
level of molecular detail.
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ABSTRACT
The GOLD.db (Genomics of Lipid-Associated
Disorders Database) was developed to address the
need for integrating disparate information on the
function and properties of genes and their products
that are particularly relevant to the biology, diagnosis
management, treatment, and prevention of lipidassociated disorders. The database provides a
reference for pathways and information about the
relevant genes and proteins in an efficiently organized
way. The main focus was to provide biological
pathways with image maps and visual pathway
information for lipid metabolism and obesity-related
research. The GOLD.db provides also the possibility
to map gene expression data individually to each
pathway. Gene expression at different experimental
conditions can be viewed sequentially in context of
the pathway. Related large scale gene expression data
sets were provided and can be searched for specific
genes to integrate information regarding their
expression levels in different studies and conditions.
Additionally, analytic and data mining tools, reagents,
protocols, videos, references, and links to relevant
genomic resources were included in the database.
GOLD.db is available at http://gold.tugraz.at.
INTRODUCTION
The excessive consumption of high calorie, high fat
diets and the adoption of a sedentary life style have
made obesity and atherosclerosis major health
problems in Western societies. In the USA, over 50%
of the population are over-weight (BMI>25) and close
to 25% are considered obese (BMI>30) (1, 2). As a
consequence, a large fraction of the population is at
risk to develop a broad range of common, lifethreatening diseases including non-insulin dependent
diabetes, various hyper-lipidemias, high blood
pressure and atherosclerosis.
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Vascular disease including coronary heart disease and
stroke is currently the major cause of death in the
United States and in other industrialized nations.
At the root of obesity and atherosclerosis is an
excessive deposition of neutral lipids. Adipose tissue
accumulates predominantly triglycerides,
whereas macrophages along the blood vessel wall
mainly accumulate cholesterol and cholesteryl esters.
Accordingly, a detailed understanding of the
molecular mechanisms that govern the balance
between lipid deposition and mobilization is
fundamentally important for the prevention and
improved treatment of disease. In addition to the
apparent environmental components involved in the
pathogenesis of disorders related to lipid and energy
metabolism, a large number of studies have provided
undisputed evidence that susceptibility genes
contribute around 50% of the phenotype. These genes
encode products involved in the cellular uptake,
synthesis, deposition and/or mobilization of lipids.
However, characterization of many if not most of
these genes and their products remains rudimentary.
Deficiencies in the current level of understanding
extend to key enzymes such as important triglyceride
hydrolases in adipose tissue (3) or cholesteryl ester
hydrolases in macrophages, hormones, signal
transduction pathways, and the regulation of the
transcription of relevant genes.
While medical molecular biology traditionally
associates single genes and gene products with
diseases, a growing body of evidence suggests that
several common disease phenotypes arise from the
delicate interaction of many genes as well as geneenvironment
interactions.
To
elucidate
the
development of obesity and atherosclerosis, it will be
necessary to analyze patterns of gene expression and
relate them to various metabolic states. To discover
novel genes, processes and pathways that regulate
lipid deposition and mobilization, a departure from
hypothesis-driven research and turn to a discoverydriven approach is necessary. The application of highthroughput technologies and genome-based analysis
will provide the tools for the analysis of gene-gene
and gene-environment interactions in a systematic and
comprehensive manner.
To facilitate genomic research we have initiated the
development of a system for storing, integrating, and
analyzing relevant data needed to decipher the
molecular anatomy of lipid associated disorders. In
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order to provide a reference for pathways and
information of the relevant genes and proteins in an
efficiently organized way, we have created the
Genomics Of Lipid-Associated Disorders database
(GOLD.db). The GOLD.db integrates disparate
information on the function and properties of genes
and their protein products that are particularly relevant
to the biology, diagnosis management, treatment, and
prevention of lipid-associated disorders. The main
focus was to provide biological pathways with image
maps and visual pathway information. For each
element in the pathway, specific information exists
including structured information about a gene, protein,
3D-structure, gene regulation, function, literature, and
links. The GOLD.db provides also the possibility to
map gene expression data individually to each
pathway. Additionally, analytic and data mining tools,
reagents, protocols, videos, references, and links to
relevant genomic resources were included in the
database.
DATABASE DESCRIPTION
PATHWAYS
In order to construct the biological pathways of
interest, we have developed a pathway editor. This
drawing tool provides the possibility to draw elements
– typically representing a gene as part of the pathway
– and the connection between those elements. The
benefit of this tool is that information can be appended
to each element via an input mask. This information
can be accessed by clicking on the corresponding
element in the image map, which was saved and
uploaded to the web page. To design this pathway
service as flexible as possible, features are provided
for the remove, up- and download of relevant
pathways (image maps) including the underlying
additional information of the elements. However, this
service is on a restricted basis to prohibit unauthorized
access. Since some pathways tend to become very
detailed an option to search for genes or gene
accession number, respectively, within the pathway
was built in. The pathway editor is executable as a
standalone application and is available from
http://genome.tugraz.at (4). Currently annotated
pathways are the insulin signaling pathway, the IGF-I
pathway, and the adipogenesis regulatory network.
Other pathways of lipid metabolism will follow in the
near future. Available KEGG pathways can also be
adapted with the pathway editor based on the provided
XML files (5) and uploaded in the same way. Several
relevant KEGG pathways for different organisms are
already provided.
For each element in the pathway a specific
information field exists. The field includes structured
information about a gene, protein, 3D-structure, gene
regulation, function, literature, and links. The
GenBank accession number of the respective gene
(typically a RefSeq number) acts as the primary key
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for the database entries and therefore the declaration
of this identity is compulsory. Besides the gene name,
symbol name and GenBank accession number for the
gene, protein identities for the NCBI, the SWISSPROT database, and the 3D structures databases can
be specified, and the accession numbers displayed and
linked to the appropriate databases. The body of the
query strings for these links can be changed for all
entries of the pathway at once. Since in the case of
transcriptional networks, the binding of transcription
factors to the DNA is of interest, in the gene
regulation field options were implemented to upload
and display sequences upstream of the transcription
start site (usually the promoter sequence) and
transcription factors known to bind to these upstream
activator sequences. The description, localization and
classification of the factors are entered by the
annotator in plain text and are accessed in the same
format. The references used to generate the content of
the database entries can be appended, including a link
to the PubMed entry. There is also the possibility to
create a list of all reference entries for the pathway or
a list of all upstream sequences in FASTA format, in
order to search for transcription factor binding sites. If
a clone for a specific gene is available in the clone
resources, the clone name will be displayed
automatically and a link with optional information
about this clone is provided.
MAPPING OF GENE EXPRESSION DATA TO PATHWAYS
Through the integration of several types of biological
information deeper insights into the molecular
mechanisms and biological processes can be gained
than just by the analysis of one type of experimental
results. In the GOLD.db it is possible to map gene
expression data (for instance results of microarray
studies) to the corresponding elements of the available
pathways similar to previous efforts (6). Either an
individual or a provided gene expression data set can
be used to visualize the gene expression at different
experimental conditions sequentially in the context of
the pathways. If an element (gene) of the pathway is
included in the data set, the related symbol in the
image map is color coded according to the relative
gene expression or the log ratio in two color
microarray experiments, respectively. As key for the
mapped relation the RefSeq number (7) is used.
Hence, only those elements in the data set file are
mapped, where the RefSeq number in the data set is
specified. For the KEGG pathways each element
classified by the enzyme classification number (EC) is
virtually subdivided into different corres-ponding
RefSeq entries, since one EC is represented by one or
more RefSeq entries.
GENE EXPRESSION DATA SETS
Analysis of gene expression patterns in animal models
for lipid-associated disorders will help to understand

GOLD.db

the fundamental gene relations and regulatory
mechanisms responsible for the development of
obesity related diseases. The huge amount of data
associated with the analysis of large scale gene
expression analysis raises the demand of tools for
storing, processing and retrieving complex
information. Approaches to upload and retrieve gene
expression data were pursued within the GOLD.db.
Large scale gene expression data sets can be uploaded
in form of tab deliminated text files (Stanford file
format) as used for cluster analysis programs together
with additional information about the experimental
conditions and the citation for already published data
sets. Within those data sets the search for specific
genes is possible to provide integrated visualization of
gene expression levels in different studies and
experimental conditions. Finally, pathways can be
selected where the gene expression data can be
mapped.
REAGENTS
We have developed a relational database for tracking
the repository of the reagents like clone resources
which can be used for microarray studies. Information
about the vector, the sequence and length of the clone
insert, primers for the PCR amplification, tissue,
organism, accession number, library, container,
storage information, date and person and access to
other clone bases (e.g. IMAGE Consortium) can be
stored. Users of the GOLD.db can list these clones and
get all the information about each available clone.
Clone information or clone lists can be uploaded and
selection lists can be created and deleted by users with
appropriate access. The input mask is designed in such
way that the user can choose one of the elements of
the created selection lists.
TOOLS
In order to deal with the huge amount of data
associated with large scale studies and to perform
sequence based analysis, several bioinformatics tools
were integrated. Sequence similarity search against
databases can be performed with BLAST (Basic Local
Alignment Search Tool) (8), FASTA (9) or HMM
(Hiden Markov Models) (10) on a 48-CPU PC cluster.
The sequence retrieval system SRS (LION Bioscience
AG, Heidelberg, Germany) was included to enable
rapid, easy and user friendly access to the large
volumes of diverse and heterogeneous data (11). The
PathwayEditor can also be downloaded from the
GOLD.db to create new pathways.
OUTREACH COMPONENTS
To establish an educational and outreach component
heterogeneous sources of information have been made
accessible through the GOLD.db. Video presentations
of leading scientists in genomics and proteomics
research can be streamed and experimental protocols
can be uploaded in pdf-format. The included
references are not intended to report all citations
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associated with a gene or its protein products. The
goal is to provide a set of citations with background
information. Either these citations or those included in
the links, can then be used to find related publications
in the PubMed. Finally, links are included to a bundle
of functional genomics and computational biology
resources.
IMPLEMENTATION
The GOLD.db was implemented in Java
(http://java.sun.com/) technology. Hence, the pathway
editor as well as the web application are platform
independent. The web application of GOLD.db is
build in Java Servlets and JavaServer Pages
technology based on the Model-View-Controller
Architecture. For the implementation, the struts
framework (http://jakarta.apache.org/struts) was used.
This code can be easily deployed in any Servlet
Container. We used the Servlet Container Tomcat
(http://jakarta.apache.org/tomcat/) which is accessible
from all web browsers. Oracle 9i was used as database
management system. The interface between the Java
and the Database management system was established
using Java database connectivity (JDBC) 2.0.
Therefore, migration to other freely available DBMSs
like mySQL can be easily done. For additional storage
and communication between the pathway-editor
components, the markup language XML containing
structured, human readable information, was used.
CITING AND ACCESSING GOLD.DB
The GOLD.db database should be cited with the
present publication as a reference. Access to
GOLD.db is possible through the World Wide Web at
http://gold.tugraz.at. The pathway editor and the clone
tracker are available free of charge to academic,
government, and other nonprofit institutions.
FUTURE DIRECTIONS
The vast quantity of gene expression data generated in
genomic studies presents a number of challenges for
their effective analysis and interpretation. In order to
fully understand the changes in expression that will be
observed, we must correlate these data with
phenotype, genotype, and other information including
the tissue distribution and time course expression data
gleaned from previous studies. An important goal of
our work is the development of tools that allow
researchers to efficiently analyze patterns of gene
expression and to display them in a variety of useful
and informative ways, allowing outside researchers to
perform queries pertaining to gene expression results.
We are currently developing a system for visualization
of the results of microarray experiments to display
relative gene expression for a given gene under
specified experimental condition in combination with

GOLD.db

other genes at the same or other experimental
conditions. This approach will allow addressing
further questions by analyzing of these “virtual chip
experiments”. Connection and integrating to a
microarray database and several analysis tools like
gene clustering applications (12) will raise new
opportunities in understanding mechanisms of
different applications and lipid-associated disorders in
particular.
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ABSTRACT
Summary: A visual Java-based tool for drawing and
annotating biological pathways was developed. This
tool integrates the possibilities of charting elements
with different attributes (size, color, labels), drawing
connections between elements in distinct characteristics
(color, structure, width, arrows), as well as adding links
to molecular biology databases, promoter sequences,
information on the function of the genes or gene products,
and references. It is easy to use and system independent.
The result of the editing process is a PNG (portable
network graphics) file for the images and XML (extended
markup language) file for the appropriate links.
Availability: http://genome.tugraz.at
Contact: zlatko.trajanoski@tugraz.at

INTRODUCTION
The knowledge about biological pathways, their components, and the interaction between the components is
crucial for understanding the function of the cell. With
the advance of both, molecular biology technology and
information technology, the information about molecular interactions is steadily increasing. Consequently,
modeling, editing and annotating biological pathways
is becoming an important issue for the organization of
knowledge as well as for pathways analysis and computation. The importance of tools for editing pathways
including metabolic pathways, signal transduction pathways, or gene regulatory networks was recognized earlier
and a set of programs was developed for this purpose.
Basically, there are three types of pathway drawing
approaches: auto-layout, manual (interactive) drawing, or
a hybrid of these two approaches (Kanehisa et al., 2002;
Koike and Rzhetsky, 2000; Karp, 2001; Karp et al., 2002;
Becker and Rojas, 2001). Of these, interactive drawing
tools are useful for the construction of pathway diagrams
in a visual way based on available knowledge, and the
annotation of the components and interactions between
∗ To whom correspondence should be addressed.
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them. However, to the best of our knowledge, there is
currently no easy to use and platform independent interactive drawing tool available. Therefore, we have initiated
the development of a Java tool to facilitate the representation, visualization and analysis of biological pathways.

PROGRAM OVERVIEW
The pathway editor we have designed represents a novel
drawing tool which integrates the possibilities of: (a)
charting elements with different attributes (size, colour,
labels); (b) drawing connections between elements in
distinct characteristics (colour, structure, width, arrows);
(c) adding text; and (d) creating a legend and adding
literature (Figure 1). The form of each element—typically
representing a gene as a part of a pathway—can be edited
independently in the drawing plane. The great benefit of
this tool is that additional information can be appended to
each element via an input mask.
For each element in the pathway a specific information
field exists. The field includes structured information
about a gene, protein, 3D-structure, gene regulation, function, literature, and links. The GenBank (Benson et al.,
2002) accession number of the respective gene (typically
an entry of the mRNA, including the feature CDS for the
complete coding sequence) acts as the primary key for
the database entries and therefore the declaration of this
identity is compulsory. Besides the gene name, symbol
name and GenBank accession number for the gene,
protein identities for the NCBI, the SWISS-PROT (Wu et
al., 2002) database, and the 3D structures databases can
be specified, and the accession numbers displayed and
linked to the appropriate databases. The body of the query
strings for these links can be changed for all entries of
the pathway at once. Since in the case of transcriptional
networks, the binding of transcription factors to the DNA
is of interest, in the gene regulation field options were
implemented to upload and display sequences upstream of
the transcription start site (usually the promoter sequence)
and transcription factors known to bind to these upstream
activator sequences. The description, localization and
1
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Fig. 1. An example of the use of the Pathway Editor for the construction of the insulin signaling pathway. The information that can be entered
for a certain element (p110α/β, represented as a rectangle) is shown in the details-setting window and includes name, location, description
and references.

classification of the factors are entered by the annotator
in plain text and are accessed in the same format. The
result of the editing process is a PNG (portable network
graphics) file for the images and XML (extended markup
language) file for the appropriate links and annotated
information. Image maps can be easily created in a web
page by parsing the XML files. An example of an image
map constructed using this tool is the annotated pathway
for insulin signaling (http://gold.tugraz.at).
The pathway editor was implemented in Java and is
freely available.
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ABSTRACT
Summary: ArrayNorm is a user-friendly, versatile and
platform independent Java application for the visualization, normalization and analysis of two-color microarray
data. A variety of normalization options were implemented to remove the systematic and random errors in
the data, taking into account the experimental design
and the particularities of every slide. In addition, ArrayNorm provides a module for statistical identification
of genes with significant changes in expression.
Availability: The package is freely available for academic and non-profit institutions from
http://genome.tugraz.at
Contact: zlatko.trajanoski@tugraz.at
INTRODUCTION

Microarray technology has become an essential tool in
functional genomics. However, the huge amount of data
generated from a single slide requires the development
of powerful computational tools to extract valuable information. While most of the current software focusses
on tools to analyze the data (clustering, gene networks,
detection of genes differentially expressed, gene annotation) only a few packages have been yet developed for
visualization and normalization purposes. These are essential -and not trivial- tasks in order to obtain reliable
and comparable data to be used in further analyzes.
The main drawbacks of the available normalization
tools are the lack of universality and the poor or inexistent use of the experimental design information (reference or loop design, dye-swap, technical and biological
replicates, spotted controls). Among the available packages, those using methods such as ANOVA (Engelen
et al., 2003) remove all sources of non-biological variation in one single step, what might appear as a “blackbox” to the user. Other packages (Colantuoni et al.,
2002), normalize the data in a sequential way but compile just correction options for experiments for which
most of the genes are expected to be equally expressed
in the two hybridized samples.
Therefore, we have developed ArrayNorm, a platform independent Java suite for the visualization, normalization and analysis of two-color microarray data.
The broad selection of normalization options implemented,
the way of dealing with the replicated measurements and
with the controls, together with the wide range of experiments that can be normalized and analyzed make
ArrayNorm one of the most complete freely available
tools to normalize microarray data.
PROGRAM OVERVIEW
ArrayNorm guides the user through the normalization
process, accounting for the known sources of non-biological
variability introduced in microarray data. Starting from
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the result files of the image analysis software (e.g. GenePix,
Axon Instruments, Union City, CA), ArrayNorm organizes the loaded arrays in classes, i.e. the biological
conditions to be compared. ArrayNorm enables the user
to characterize the experiment according to several features: (1) Replicated slides within a class; (2) slides
for which the dyes were swapped; (3) spotted controls;
(4) replicated measurements within a slide. ArrayNorm
graphically summarizes this experimental design information.
ArrayNorm allows the visualization of the data before and after normalization. To test the quality of the
data, Arrayview reconstructs the original images representing every spot with a single pixel. The “bad spots”
marked by the image analysis software are colored to
show potentially contaminated areas. A Slide Report
shows the percentage of spots excluded from the analysis and background subtraction can be performed if
desired. Spatial effects due to different print tips can
be detected with the Boxplots of the different print-tip
groups. MAplots (Yang et al., 2002) were implemented
to detect intensity dependent effects in the log ratios distribution. The same information can be visualized with
the Scatterplots. They are essential to decide which normalization method to choose. At last, Histograms were
implemented to analyze the distribution of the intensity
level of both channels and to decide if a t-test is suitable
for further detection of differentially expressed genes.
Systematic errors
In (Kerr and Churchill, 2001) four main effects that
introduce variability in microarray data are described:
dye, array, gene and sample effect. Some account for biological variability and some others for technical. From
all the sources of systematic variation that introduce
noise in two-color microarray data, the most important
one is the dye effect. The different properties of the two
cyanine dyes commonly used to label the two hybridized
samples make it necessary to balance the intensity level
of both compared samples. These are the options implemented in ArrayNorm to remove the dye effect from
the data:
• Using the overall distribution of the genes in the
array. The implemented possibilities are the global
method, the linear regression method and LOWESS
(Cleveland, 1979) function to account for intensity
dependent effects. If spatial effects were detected
with the Boxplots or the Arrayview, all those options can be performed independently for every
subgrid.
• All the methods described before assume that most
of the genes in the slide are expected to be equally
expressed in both compared samples. There are
many experiments for which this assumption does
not hold (low-density microarrays, experiments for

which no a priori information about the number
of differentially expressed genes is available). If
controls are available and suitable for the normalization of the data (similar expression level in both
samples, covering the whole intensity range) ArrayNorm fits to them a quadratic function, using
the Levenberg-Marquardt non-linear fit method
(Marquardt, 1963). This function can be used
to correct the whole data set. If the dyes were
swapped for the replicated slides, another possibility is to use the self-normalization (Yang et al.,
2002). This method has been proved to improve
the correlation among the replicates and to preserve the biological information of the data.

sky, 1995). The selected genes and their significance
level can be saved in a text file.
OUTLOOK
ArrayNorm has been tested on Windows 2000, XP, Mac
OS X and LINUX platforms. New features to normalize
the spatial effects and to test the quality of the replicates
are being implemented as well as more sophisticated detectors of differentially expressed genes. Finally, visualization and normalization of Affymetrix data will be
included.
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Random errors
Microarray experiments should provide two different kind
of replicates: biological and technical (Churchill, 2002).
Whilst biological replicates are independent and account
for the variability within the population, technical replicates are used to minimize the technical errors that can
arise from the experiment but cannot be removed in a
systematic way. ArrayNorm firstly detects and averages
replicated spots within an array. Afterwards, the technical replicated slides can be scaled to remove the array
effect and averaged. The result is a unique value for
every spotted gene which will be the estimator of the
expression level of this particular gene in a particular
class. ArrayNorm allows the user to transform the data
into the log scale or to continue the analysis with the
intensity ratios. The normalized expression levels of all
the genes in the slide can be saved in a text file in the
”Stanford flat file” format which can be later used with
cluster analysis applications (Sturn et al., 2002). Biological replicates can be used to detect genes differentially
expressed.
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After data normalization, ArrayNorm can be employed
to detect differentially expressed genes. To approach the
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specified by the user. ArrayNorm also provides a t-test
that can be applied to the data if they are normally
distributed. The user can define the α value at which
the genes can be detected as differentially expressed. To
control the Error of Type I it is possible to adjust the
p-values using a Bonferroni correction (Dudoit et al.,
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