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Experiment Design

Samples were obtained from six healthy patients and six patients with M| y r Rigedse. Using
two technical replicates per biological replicate, a mixed factorial experiment design was
followed whereby each sample in a given pair of technical replicates was assigned to a
different gel and a different CyDye. By combining good experiment design with the
appropriate Anova analysis, several questions of interest can be answered with the same data
set. For example, the correct use of technical replicates in this experiment allows us to test for
a CyDye effect or a CyDye X Disease Status interaction (see Figure 1and Table 2).

Cy3 H6 C3 H3 H5 H1
Cy5 C6 H3 C3 C5 C1

Tablel. The assignment of replicates
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Figure 1. A graphical representation of the experiment design.

to gel s.

C6 H2 H4 C4
H6 C2 C4 H4

Disease Status

Biological Replicates between Disease Status
Dyes

Dye X Disease Status

Technical Replicates within Dyes

C1 C2 C5
H1 H2 H5

Heal thy subj ect s anepicatd@mntributes tivo technichl replibates. e t hose with Crohnos

1
10
1
1
10

Table 2. The division of degrees of freedom among factors. There are 11 degrees of
freedom available to test for Disease Status. The remaining degrees of freedom can be used
to test if a dye effect remains after normalisation of the data

Image Analysis

The 36 DIGE images were aligned to a common reference gel and the Progenesis SameSpots
analysis was performed . After editing , this resulted in 1985 spots matched across all images.
Ratiometric normalisation was applied using the Cy2 data as an internal standard and an
Anova analysis was carried out for each spot independently .

Data Normalisation and Variance Stabilisation.

Data normalisation is required to calibrate spot data between gels, accounting for any offset
and gain that occurs due to various experimental factors, e.g. CyDye. Variance stabilisation
attempts to remove the positive dependence of spot expression variance on spot mean. Karp
et a/[1] have shown that Ratiometric normalisation can result in a positive bias in variance for
down -regulated spots, resulting in fewer significant discoveries. This can be attributed to the
Instability of the Log transform as ratio values tend towards zero. Variance Stabilisation
Normalisation (VSN) [2] and Quantile normalisation [3] have been suggested as alternative
approaches which may or may not utilise the Cy2 internal standard . In general, normalisation
should result in spot expression variables with equal variance and spot expression levels should
be comparable across gels. We can use variance plots and box plots to determine the
characteristics of each of the above normalisation methods .
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Figure 2a. Box plots showing Ratiometric normalised spot expression data for each gel

Figure 3a. Box plots showing Quantile normalised spot expression data for each gel
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Figure 4a. Box plots showing VSN normalised spot expression data for each gel

Figure 2b. Spot variance data (blue) for
Log(Ratiometric data) . Scaled variance
of raw expression data (green) is shown
for comparison .

Figure 3b. Spot variance data for
Log(Quantile data) [5]. Note that the
Log transform was applied to stabilise
variance .

Figure 4b. Spot variance data for VSN
normalised data [5]. The arcSinh transform
is used to normalise the data and stabilise
the variance

The box plot in Figure 2a demonstrates the
failure of Ratiometric  normalisation to
calibrate data between gels. This reflects the
fact that Ratiometric normalisation can only
account for gain factors between gels. The
variance of Ratiometric data (blue) is seen in
Figure 2b. with the scaled variance of the
original data for comparison (green).While Log
removes the positive relationship between
variance and increasing expression level, it
introduces a positive bias for down -regulated
spots

Quantile normalisation results in each qo v p}
expression data having a common cumulative
distribution . Although the Log transform is
used, we n y x gee-the same degree of bias at

low expression values that occurs when a ratio
approach is used.

VSN uses the arcSinh transformation to both
normalise between gel data and stabilise
variance . Unlike the Log transform, arcSinh is
stable close to zero. The box plots in Figure 4a
indicate that, after VSN, data has been
calibrated between gels while the variance
plots show how variance has stabilised across
all expression levels.

Introduction

Using a 2D-DIGE approach, a proteomic analysis of the entire intestinal microbiota
was performed with the aim of finding specific and potentially valuable indicators for
M| y r cdisegdse (CD) patients compared to healthy volunteers. The gel images were
analysed using the Progenesis SameSpots software . In this work we introduce
univariate and multivariate analysis techniques that can be applied to proteomics
data and also discuss g-values as a multiple correction technique. Finally, we
compare Ratiometric normalisation with VSN and Quantile normalisation and show
how these recently introduced approaches can overcome current issues regarding
Inter -gel calibration and variance stabilisation .
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Progenesis SameSpots

Progenesis SameSpots is a state of the art software platform for the analysis of 2D
proteomic experiments . In contrast to many traditional analysis workflows, the initial
step is to align all images. Pixel level alignment can be achieved with or without
manual intervention . In effect, the alignment step removes the positional bias
Introduced by the electrophoresis process and allows direct comparison by position
of any given protein across all gel images. Using information from across the
experiment data, a single spot pattern is determined and the same spot outline is
applied to each given protein on all images. This results in no missing values and
enables the application of powerful multivariate statistics that capture important
system-wide behaviour related to the experimental conditions under investigation .

Proteomics experiments are a rich source of biological information allowing the
Investigation of disease mechanism and the potential identification of disease
biomarkers . Optimised data analysis IS necessary to extract knowledge from high
throughput experiments that result in complex data sets. Progenesis SameSpots
reduces much of the subjectivity associated with traditional analysis workflows and
enables the use of multivariate statistical techniques to investigate system-wide
behaviour . Good experimental design and the correct use of biological and technical
replicates allow important aspects of an experiment to be analysed, resulting In
Increased confidence in statistical results. The use of g-values as a multiple correction
technique controls the level of false positives while increasing the power to detect
truly significant results when compared to, for example, the Bonferroni correction .
Prior to any statistical analysis, it is necessary to prepare the raw expression data. A
comparison of three normalisation techniques has shown that while both VSN and
Quantile normalisation result in inter-gel calibration and variance stabilisation, the
Ratiometric normalisation approach shows increased variance for down -regulated
spots and fails to correct for any inter -gel offsets .
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Multivariate and Univariate Statistical Analysis

Biological systems are dynamic, complex and involve interactions on many different levels at
any given time. Multivariate statistical methods allow us to look at the inter-relationship
between large numbers of variables and are therefore well suited to the analysis of high
throughput proteomics data . Using Progenesis SameSpots we can apply Principle Component
analysis, Hierarchical Clustering and multiple testing corrections to better understand the
patterns within data. These are complemented by univariate analysis tools as well as several
data views that help the userto make informed decisions with regard to their experiment data .

Hierarchical Clustering

Hierarchical clustering Is a technigue that clusters variables according to a distance metric .
Using distance = I-correlation as a similarity measure, we can cluster at a gel level and also at
a spot level. Results are displayed using a dendrogram . Such an approach can identify spots
that show similar characteristics and can also be used as a quality control tool. In Figure 5 we
see the clustering of gels while in Figure 6 we see a clustering of the 30 most significant spots

according to ANOVA p-value

Gel Dendrogram 29 Gel Dendrogram
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Figure 5 In both dendrograms, gels are clustered according to their similarity . The left dendrogram shows clustering of technical
replicate pairs and is a good indication of the technical reproducibility of these gels. The right dendrogram is calculated using one
gel from each biological replicate . We see that the Disease Status groups are almost recovered. It should be noted that in both
cases all protein data has been used and the typically high biological variation can result in unexpected clusters. Both graphs
demonstrate the potential use of hierarchical clustering as a quality control tool .

Principle Component Analysis (PCA)
PCA is a data transformation

Protein Dendrogram
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Figure 6. We can also represent protein clusters using a
dendrogram . Here we see two distinct clusters representing the
top 30 spots according to Anova p-value. The ability to cluster
spots in this way provides information on spots that vary in a
similar fashion and which might, therefore, be involved in
biological pathways of interest

technique that captures the main components of variation

within a data set. This enables us to view the data in a reduced space while preserving as much
Information about the data as possible. Both gel and protein information can be captured on

the same graph, allowing the identification

of those spots clusters which may act as

classification indicators for the condition under investigation .

Principal Components Analysis
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Figure 8. Using only the top 30 spots (ranked by p-
value) we can see a separation of gels by Disease
Status group in the PCA plot . Also, the spot clusters
identified using hierarchical clustering (Figure 6) are
reproduced in the PCA plot. We see a cluster of
spots close to each gel cluster. Such proximity
indicates that the spot cluster is more highly
expressed for the particular gel group .

Figure 7. Gels are plotted in the space spanned by
the first two principle components, Disease Status
groups are represented by different colours. All
protein data was used. PCA can act as a quality
control tool by indicating potential outlier gels.
Technical replicates can be seen grouped close to
each other, as expected. The spread of gels within
each group is indicative of a high level of biological
variation, much of which is not involved in the
condition under investigation ..

Anova Analysis

Healthy Crohn's Disease

Figure 9. The expression profiles of the top 30 spots
are plotted . This data supports the results of
hierarchical clustering (Figure 6) and PCA (Figure
8). Each spot in a given cluster shows similar
behaviour with the red cluster generally up-
regulated for the Healthy group and the brown
cluster generally up-regulated for M| y r Rigedse.

A typical proteomics experiment results in thousands of resolved proteins, many of which will

be highly correlated and reflect system-wide biological

behaviour. Anova analysis is a

univariate approach that determines whether a particular protein is differentially expressed
between the experimental groups of interest. When testing many thousands of spots, it Is
necessary to employ a multiple correction technique to control for false positives. Q-values, an
optimisation of the False Discovery Rate (FDR) [4], Is one such approach. Using p-value
distribution characteristics, a g-value iIs determined for each spot. This g-value tells us the
expected proportion of false positives if that } z y pqvdlue Is chosen as the significance

threshold .
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Figure 11 The expected number of false
positives for a given significance level using
p-values (blue) and g-values (red).

Figure 10. The p-value density histogram .
The red line is an estimate of the true
proportion of null p-values. For this data the
estimate is 0.631, indicating that _37% of
the spots are differentially expressed.

As multiple testing corrects with regard to the total
number of tests in an experiment, it is important to
consider whether a spot should be tested or not. This
decision should be based on prior knowledge . In a sense,
it is important to determine a set of criteria that a spot
must pass before it is accepted for testing . This is one of
the best forms of multiple testing control as it reduces
the number of spots under consideration . Testing every
spot in an experiment simply because they are available
can make it difficult to come to confident conclusions
regarding the truly significant spots.
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