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ABSTRACT

Fast and robust image processing is a crucial step in quantitative gel-based proteomics.
However, although one of the main purposes with a 2DE analysis software is to reduce and
correct for experimental and technical variance inherent in the method, the post-
electrophoretic analysis itself may also introduce additional variance. As such, the choice of
software product or algorithms offered by the chosen software may have a profound effect on
the outcome of the study as well as the time spent on computer analysis. In this chapter, we
attempt to provide an overview of the main sources of post-electrophoretic variance in
current 2DE analysis, as well as tools with which this type of variance can be quantified.
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A third of a century ago, a novel method
capable of separating 1100 proteins on one
single polyacrylamide gel was
introduced(22). Although this powerful
separation method could detect proteins
with abundances as low as 1/10" -1/100"
percent of the total protein content in a cell,
difficulties associated with  visually
estimating protein abundances limited its
use to primarily qualitative applications.
Since 1975, a steady stream of technical
improvements has eliminated many of the
original limitations(11) of 2-dimensional
electrophoresis (2DE) to the point where
semi-quantitative studies have become
possible. One of the major breakthroughs
in this aspect was the development of
powerful bioinformatics tools for image
analysis and quantification. However,
despite the fact that the resulting 2DE
analysis software were designed to reduce
the experimental variance in order to

enhance the biological variance of interest,
the post-experimental software-assisted
image analysis has been shown to
introduce additional variance into the
analysis(32). In this chapter, we attempt to
provide an overview of the main sources
of post-electrophoretic variance in current
2DE analysis, as well as tools with which
this type of variance can be quantified.

BRIEF BIBLIOGRAPHIC REVIEW

The first generation of computational
approaches for analysis of 2DE gels
started to appear towards the end of the
1970°s (Gellab, LIPS, Elsie, TYCHO)(3).
These early software were characterized
by heavy user interaction and low
automation, often requiring a great deal of
programming and technical expertise by
the user. A decade later, the introduction
of graphical interfaces such as windows
prompted a second generation of 2DE



analysis software, (Elsie-4, Melanie,
QUEST, Gellab-I1). However, the original
issues of non-user friendly interfaces
persisted, rendering this generation of 2DE
software as well inaccessible to non-
computer scientists(3). It was not until
low-cost personal computers equipped
with  more  user-friendly  graphical
interfaces and powerful processors became
widely available in the late 1990’s that the
third, modern generation of 2DE software
were produced(3). Several of these
pioneers (Melanie 1l, CAROL, Z3, and
MIR)(3) were subsequently developed into
the 2DE analysis software commercially
available today, such as ImageMaster 2D
Platinum™ / Melanie™, PDQuest™,
DeCyder™, Proteomweaver™ and
Progenesis™. A major obstacle with this
trend away from academic development
towards heavy commercialization is that
algorithms used in the products become
proprietary information, resulting in a
black box research approach. However,
information regarding the workings of
these software can often be inferred from
the details of the algorithms in the original
academic versions(9). Efforts are still
beingg made to produce custom
systems(18), but since their use in existing
literature has been very limited, this line of
products is beyond the scope of this
chapter. Although the order of events may
differ, the automated analyses of 2DE gel
images utilized in various commercial
software programs generally include the
following steps: 1) segmentation (spot
detection), 2) quantification, 3)
background adjustment, 4) image warping,
5) registration (spot matching) and 6)
normalization.  The  challenges in
computational 2DE analysis imparted by
technical problems in the experimental
technique such as artifacts or irregularly
shaped or overlapping spots, as well as the
purpose, strengths and weaknesses of the
algorithms used today are highlighted
below.

Spot detection and quantification

Quantification is often the primary goal in
proteomics analyses, and accordingly a
central point of 2DE analysis software.
The segmentation algorithms used in spot
detection can be categorized into two
classes, parametric and non-parametric. In
parametric spot detection, the actual spot
shapes in the 2DE map are transformed
into the “ideal” spot shape, generally by
fitting to Gaussian parameters. The main
advantage of this method is that the image
can be replaced by a list of spot centers,
which greatly reduces the complexity of
the data file representing the image. For
example, a 2DE image containing 1000
spots is reduced to 28 kilobytes of data,
equivalent to a file size of less than 1% of
the corresponding pixel-based 2DE map(4).
This technique greatly simplifies the
subsequent spot matching step, and was
therefore used in earlier versions of 2DE
analysis software in order to overcome
limitations in  computational  power.
Parametric  spot  detection  handles
overlapping spots very well(25) and is still
used in some products (e.g. PDQuest),
although most modern programs utilize
non-parametric, pixel-based segmentation
algorithms where no constraints on the
spot shape are introduced(24). Instead,
quantification is performed through a
summation of the pixel intensities
localized within the defined spot area. The
most widely used algorithm for defining
the spot boundaries, termed watershed, has
its origin in the geosciences and the
behavior of water in mountain topography.
The protein spots in a 2DE gel represents
the mountain peaks, and areas where the
water pools represent non-protein spots,
while the ridges — the watershed — are the
protein spots(23).

Background adjustment

The general idea behind background
correction is to enhance the signal of the
protein stain in the gel image through
subtraction of background noise such as
non-specific staining or auto-fluorescence
of the gel matrix. In order to distinguish



the noise from the signal, spot detection is
often performed prior to background
subtraction, and non-spot areas are used
for calculation of the background noise.
Background subtraction can be performed
locally or globally across the image. The
simplest global strategy is global constant
background subtraction, consisting of
subtraction of all pixels below a set
threshold of the maximum intensity. In
contrast, global morphological algorithms
take into consideration all the pixels in the
gel that are not part of a detected spot
when calculating the background (utilized
in e.g. PDQuest and Delta 2D)(1, 32). In
local background subtraction algorithms,
the pixels in the immediate vicinity of the
spot outline are utilized to calculate the
background subtraction. Typically the
average, lowest or most frequent pixel
intensity in the given region is defined as
the background level, and is consequently
subtracted from each pixel value in the
entire spot area (utilized in e.g. Progenesis
and ImageMaster). Two-DE gel images
are susceptible to the formation of
speckles (salt-and-pepper noise),
particularly while using post-
electrophoretic fluorescent stains. The
speckles can be the result of staining of
dust particles or SDS residues in- or on the
surface of the gel, and some software
products  offer  additional  filtering
algorithms to reduce this type of noise(4,
9).

Image Warping and Matching

Registration of which protein  spot
corresponds to the same protein on a
different gel image, generally referred to
as spot matching, is another central point
in 2DE gel analysis. The original spot-
based approaches described above, where
a list of spot coordinates generated during
spot detection was utilized in the
alignment process, was complicated by the
large gel-to-gel variations in  spot
migration patterns inherent in 2DE. The
protein migration pattern can be distorted
by a range of factors, such as an
inhomogeneous electric  field during

electrophoresis resulting from current
leakage, or artifactual modifications of
amino acids by constituents of the 2DE
separation procedure. Accordingly, spot-
based matching strategies (although still
used in some programs such as PDQuest)
have largely been abandoned and replaced
by the use of raw image-based (also called
pixel-based) registration strategies, where
all the features in the gel image are utilized
for matching(9). Additional image warping
algorithms, which deform the image in
order to counteract geometrical gel-to-gel
variations arising from experimental
variation, have more or less become
standard(1). A common  approach,
illustrated in Figure 1, is the division of the
gel images into a grid system where each
cell is stretched to fit a master gel(30). The
warping results in both faster and
improved accuracy in spot matching. In
the past, the warping step has generally
been incorporated as an automated
algorithm performed in association with
the matching step. Recently, a new
workflow, perhaps representing a fourth
generation of 2DE analysis software, gives
the warping algorithm a more central
position in the analysis. In these products
(e.g. Delta 2D and SameSpots), warping is
performed prior to any image analysis, and
is said to drastically reduce user time as
well as offer improvements in accuracy
and reduced subjectivity of the subsequent
matching.

Normalization

Despite extensive technical improvements
of the 2DE technology over the years,
considerable experimental variance still
prevails. A large portion of the variance
can be ascribed to inefficiencies in protein
transfer both during rehydration of the 1%
dimension, and from the 1% to the 2"
dimension(35). Variations in protein
staining efficiency, both when using
covalent tags or post-electrophoretic
staining, are other major sources of
experimental variance. To counteract the
confounding effects upon the ability to
quantitatively determine the true biological



variance,  various  techniques  for
normalization have been developed and
subsequently  been  incorporated as

standard features in 2DE analysis software.

One of the first normalization methods
utilized in 2DE was total spot volume
(TSV) normalization(7). In this global
ratiometric normalization technique, the
absolute spot volume is converted into a
relative quantity through dividing the
individual spot volume of each spot of
interest with the sum of all the spot
volumes detected in the gel image. A more
common variant is total valid spot volume
(VSV) normalization, where global
ratiometric normalization is performed
using the sum of a select set of spot
volumes (e.g. those validated across all
replicate gels). VSV is slightly more
robust as it decreases the influence of
missing values. Both of these methods are
provided in commercially available 2DE
analysis software.

In recent years, the development of
multiplexing capacity (see DIGE in
Chapter 2) has resulted in more
sophisticated  normalization =~ methods
involving direct ratiometric normalization.
The availability of pl matched, spectrally
separated fluors (Cy2, Cy3 and Cyb5)
allows multiple samples to be co-separated
in essentially identical patterns on the
same gel, and normalization can be
performed  through  dividing each
individual spot volume of one flour with
the corresponding spot volume of a
different fluor on the same gel. Most
efficient normalization is achieved when
one of the CyDyes is used to label an
internal standard, ideally created through
pooling of all the samples to be analyzed
in the study, as this assures that all protein
spots are represented in the internal
standard, thus facilitating direct ratiometric
normalization of all protein spots(2). In
addition, the utilization of an internal
protein standard allows correction for
technical gel-to-gel variability between
gels, which significantly improves the
statistical aspects of the quantitative
analysis. However, the use of a pooled

internal standard requires the sacrifice of
up to one-third of the sample. Additional
requirements for a pooled standard include
that all samples to be included in a given
analysis are collected prior to initiating the
experiment, something that may prove
difficult to fulfill in clinical studies where
samples may be collected over an
extended period of time. In such
circumstances, an alternative internal
standard approach similar to that utilized
in the ALIS (Alexa-fluor-Labeled Internal
protein  Standard) methods may be
advantageous(33). The ALIS method is a
cost-effective alternative to DIGE where a
tissue sample resembling the sample of
interest — rather than a pooled standard - is
fluorescently labeled and utilized as the
internal protein standard. Total protein is
visualized wusing a post-electrophoretic
fluorescent stain spectrally separated from
the ALIS (e.g. SYPRO Ruby), thus
facilitating multiplexing. However, as the
ALIS approach does not result in super-
imposable separation patterns of the
internal standard and the sample proteins,
a global ratiometric normalization method
is used. The main weakness of global
ratiometric normalization methods is the
lack of ability to correct for local
differences in background and separation
patterns. Direct ratiometric normalization
is dependant on  super-imposable
separation patterns and thus sensitive to
missing values. Two-DE analysis software
tend to be better equipped to handle direct
ratiometric normalization for multiplexing.
Software  marketed for multiplexed
analysis are also equipped with algorithms
capable of correcting for the dual spot
migration pattern that is a result of
minimal labeling strategies. The use of
minimal labeling reduces problems
associated with low protein solubility
imposed by covalent labeling with the
hydrophobic  flourophores  used in
multiplexing, and implies that only a few
percent of the total amount of proteins are
labeled with CyDye™. However, one
should keep in mind that even if the
algorithms can estimate the location of the



“invisible” bulk of the protein during spot
picking, problems due to overlapping spot
patterns still may arise during subsequent
protein identification through  mass
spectrometry.

METHODOLOGY AND STRATEGY

In recent years, the notion that 2DE
analysis software may introduce additional
variance into the analysis has been brought
to the light(31). Unfortunately, the
manufacturers of these products generally
do not provide any performance
evaluations, and the research community is
thus forced to rely on the few evaluations
performed by other users (for review,
see(32)). Furthermore, no consensus
concerning  standardized  tests  for
evaluating the overall performance has
been reached in the proteomics community,
which greatly complicates the issue of
comparing different studies and products.
The quality of the gel images as well as the
particulars of the experimental protocol
used, such as the choice of protein
visualization method, may have a drastic
effect on the performance of the software.
Nevertheless, in order to determine the
power of study results, it is necessary to
evaluate the performance of spot detection,
matching and quantification. This chapter
suggests methods for evaluating 2DE
analysis data both in terms of the quality
of automatic spot matching and how to
quantify the variance induced by specific
2DE analysis software. The basic protocol
for how to perform software-assisted 2DE
image analysis is covered elsewhere(17).
For the purpose of this chapter, a standard
set of images will be employed. These
images are freely available for download
from www.pulmonomics.net, enabling
readers to regenerate the described
analysis as well as employ the same
images in evaluating other software
products not covered in this review.

Image acquisition

Image acquisition is often trivialized in
2DE analysis, even though reproducible
image acquisition is as essential as any

other step in minimizing variance. Image
acquisition instrumentation can roughly be
divided into two categories: i) Via
photography, where excitation occurs
through illumination with a constant light
source (UV or Xenon lamp) followed by
detection using a cooled charge-coupled
device (CCD) camera, ii) Through
scanning, where a laser is utilized for
excitation at specific wavelengths (e.g. Ar:
Aex = 488 nm, ND-YAG: Aex = 532 nm,
He-Ne: 2ex = 633 nm) and a
photomultiplier tube (PMT) is utilized for
detection (for more technical details
see(20)). In both types of instrumentation,
the use of emission filters is central to
reduce background and increase specificity.
In the case of CCD-based systems,
emission filters may also be used to
simulate the specific excitation
wavelengths of the laser. Emission filters
can either be of long pass (LP) or band
pass (BP) type (Figure 2). Long pass filters
exclude all light of wavelengths below the
given limit, and are generally used to
exclude the light source itself. For example,
a LP540 filter used in conjunction with an
ND-YAG laser prevents light from the
laser itself from confounding detection of
the emission spectra. The LP filter thus
gives a high yield, as the entire emission
curve of the fluorophore is collected.
However, it also detects the cumulative
non-specific emission of the range; hence
it does not necessarily result in a higher
signal/noise-ratio as the specificity of the
signal is reduced. Most biological material
autofluoresce around 500-600 nm, and
accordingly causes more problems with Ar
or NAD-YAG lasers (Cy3, SYPRO Ruby,
Deep Purple) than with He-Ne lasers (Cy5,
Alexasss, Alexass7). The non-specific
emission can be reduced through the use of
a band pass filter. For example, a 560BP30
filter used in conjunction with a ND-YAG
laser limits the detection to a narrow
window of the emission spectrum centered
around 560 nm (Figure 2). BP-filters are a
necessity when utilizing multiplexing as it
reduces “bleeding” between different
flours used on the same gel, given that the



flours used for multiplexing have
sufficient spectral separation to avoid
quenching.

Laser scanners have traditionally
been ascribed a higher resolution and a
broader dynamic range than CCD-based
systems. However, thel6-bit format
utilized in most modern CCD cameras
provides, at least theoretically, a dynamic
range of over 4 orders of magnitude,
which is typical for most laser scanners. In
addition, newer systems (such as Perkin
Elmer’s ProXPRESS) exhibit 33um
resolution(27), which approaches that of
laser scanners. The Xenon/UV light source
used in this system also makes it
compatible with most fluorescent protein
stains on the market.(27) The choice
between the two types of systems may not
have as big an impact on the quality of the
image acquisition as it used to, although
the higher excitation energy of the laser
will likely result in an improved limit of
detection.

Regardless of the instrumentation
used, the image acquisition step has the
potential of introducing variance into the
analysis.  Unfortunately, no rigorous
studies evaluating the actual variance have
yet been reported. Ideally, this should be
tested for each system through repeated
scanning of a single gel, and quantification
of the signal with a robust imaging
software (e.g. ImageQuant). Furthermore,
the PMT setting is bound to have a
nonlinear quantitative effect on spot
volume and total amount of protein spots
detected. This has been investigated in
detail for the Typhoon 9400 laser scanner
(GE Healthcare, Uppsala, Sweden),
showing an exponential relationship
between PMT setting and pixel value for
all fluors tested (Cy2, Cy3, Cy4, Sypro
Ruby) in addition to a constant, gel-
specific difference(5). Fluorescent residues
from previous scans that adhere to the
glass platen, particularly when using post-
electrophoretic stains, can also contribute
substantially to the variance in background
fluorescence. This source of error can be
avoided through careful cleaning of the

glass platen with an appropriate solvent
(e.g propanol). Remember to check that
the solvent is compatible with the material
of the glass platen prior to use.

Evaluation of automatic spot detection
algorithms

All 2DE analysis software are equipped
with some form of automatic spot
detection and matching tool. Unfortunately,
frequent mistakes in both spot detection
and matching are made due to
discrepancies in the spot migration pattern,
staining artifacts etc. These mistakes are
generally corrected through a subsequent
manual revision by the user. In addition to
being extremely time consuming, this
process also introduces a large degree of
subjectivity into the results, as the user has
to make active choices both in terms of
whether a detected spot truly is a spot, and
in terms of evaluating correct matching of
spots across replicate gel images. For these
reasons, it is desirable to optimize the
automatic analysis step with the various
user-defined settings available in the
software. The results can then be evaluated
using free-response operator
characteristics (FROC) curves. The FROC
(or ROC depending on application) curve,
a commonly used concept in evaluating
the performance of medical diagnosis or
pharmaceuticals(26), was introduced as a
tool for evaluating 2DE analysis software
by Rogers and colleagues(25). The FROC
curve represents the relationship between
sensitivity and selectivity of the test. In
gel-based proteomics, sensitivity is the
capability of detecting true spots, while
selectivity is the capability of excluding
artifacts from being detected as spots. In
the standard format, a FROC curve is
plotted as the true positive fraction (TPF:
(# of correctly detected spots)/(total # of
spots in the image) versus FPF (the false
positive fraction: (# of artifacts detected as
spots)/(total # of artifacts )). However, as it
is difficult to calculate the total number of
artifacts in a gel image that potentially
may be detected as a spot by the
algorithms, it is more practical to either



plot the actual number of detected artifacts
(FP) in the FROC graph, or to use the
highest number of detected artifacts as
“total”. In the examples provided in the
results section, we have chosen the latter.
Regardless of which method you choose,
your ideal value will be located in the
upper left corner of your graph (Figure 3).

Evaluating software-induced variance

The method presented here is designed to
quantify the amount of variance introduced
by a 2DE analysis product, and is an
adaptation of a previous study by
Wheelock et al.(31). All images discussed
are available for download from
www.pulmonomics.net. Alternatively, new
images can be created as described below.
Pick one representative 2DE gel image
from an analysis set and copy it five times
under different file names. Crop the
images one by one using an appropriate
imaging software (e.g. ImageQuant). It is
crucial that the cropping is performed
manually with the mouse, as any tool
designed for copying the cropping area
between images will result in the exact
same cropping of the copies. Instead, a gel
set with a slight difference in image
boundaries should be produced, as this
slight shift in boundaries generally results
in the software failing to recognize that the
replicates in fact are the exact same image.
The point of this procedure is to produce
“replicates” where both experimental and
biological variance has been excluded, in
order to reveal any variance caused by the
software analysis itself. Next, perform a
quantitative analysis of the *“identical
replicate” gel set. Make sure to test all
available background adjustment options,
as these may have a significant impact on
the quantitative results(31). Review the
spot detection and matching manually to
assure its accuracy, then export a sufficient
set of spot quantities to Excel. Calculate
the average spot volume and the
coefficient of variance (CV) for each of
the matched spots across the five replicates
and plot them in a bar graph. By ordering
the values according to average spot

volume, you can discover trends in the
variance related to spot size. Repeat the
analysis with results from different
software programs, normalization methods
or background subtraction methods. Please
keep in mind that while the exclusion of
background subtraction can reveal if a
certain algorithm introduces bias in the
analysis, the omission of background
subtraction will result in lower CVs as the
total spot volume remains larger for all
spots.

The strategy described above relies
on a certain amount of sensitivity to the
location of the image boundary in the 2DE
analysis software. Some programs, e.g.
ImageMaster 2D Platinum(32) may be
more robust in this matter, which makes it
harder to “fool” the software into treating
the individual copies of your gel image as
replicates. In this case, you can repeat the
analysis of a small area of your gel image,
and match a subset of spots manually in
order to perform your variance analysis.

Analysis of distribution and variance

Most statistical methods used to determine
significant alterations are based on the
assumption that the data are normally
distributed, yet distribution analysis of
2DE data is often neglected. Two types of
distribution  analyses ought to be
performed on each data set: i) the
distribution of spot volumes of each
individual protein spot across replicate
gels (spot volume distribution), and ii) the
distribution of the resulting variances of
the spot volumes across the replicate gels
(variance distribution), i.e. the values
resulting from the “Evaluation of software-
induced variance” described above (Figure
4). The distribution pattern can be visually
assessed through a histogram (Figure 4,
upper panel) or a Q-Q-Normal plot, in
which the sample quantiles are plotted
against the theoretical quantiles in the
corresponding normal distribution (Figure
4, lower panel). A linear correlation
implies that the sample is normally
distributed, and a formal goodness-of-fit
test should be performed for verification.



The Shapiro-Wilk’s test was developed for
small sample sizes(28), and is a suitable
choice for omics experiments (i.e. large-
scale data approaches where the number of
replicates typically is low (15, 31, 33)).
Based on the null hypothesis that the data
are normally distributed, the test calculates
the correlation of the points in the Q-Q-
Normal plot. A rejection of the null
hypothesis (p<0.05) thus implies a non-
normal distribution, and appropriate
transformation of the data should be
considered. The most commonly used
transformation for 2DE data is log-
transform. However, Kreil and coworkers
have reported that log-transform may lead
to inflated variance at low signal
levels(16). The many similarities between
MRNA and protein global expression
analyses have prompted the exploration of
applying transformations common in
microarray experiments on 2DE data, and
the successful use of arsinh transformation
to achieve a normal distribution has been
reported by two different groups(12, 15).
Quantile normalization has also been
reported as a successful scaling strategy,
particularly for SYPRO Ruby stained

gels(7).

Statistical Analysis

A typical 2DE experiment has an identical
advantage and disadvantage - a significant
amount of data can be generated from a
single  experiment.  Following  the
collection of these large datasets, it can be
challenging to extract the meaningful
biological data in a statistically appropriate
context. A typical problem is not having
sufficient degrees of freedom in the
experimental design, in other words, a
high number of variables (protein spots)
and a small number of measurements
(replicate  gels)(10, 14).  Standard
univariate statistical approaches (e.g.
Students t-test) could be appropriate if the
experiment was designed to only examine
alterations in a few proteins. However,
univariate test are inherently sensitive to
type Il error (false positive), and as the
investigator usually wants to analyze as

many proteins as possible simultaneously,
a multivariate or inductive approach for
pattern recognition is often more
appropriate. In this case, the experiment is
designed as a hypothesis generating
approach instead of hypothesis driven.
Pattern recognition can be divided into
supervised and unsupervised approaches.
Unsupervised patter recognition is useful
to determine if data fall into distinct
groups where the aim is to detect data
similarities, and subsequently no particular
biases exist in terms of the group
identifications. Examples include cluster
analysis  consisting  of  similarity
measurement (e.g. correlation coefficients,
Euclidean distance and  Manhattan
distance) linkage (e.g. nearest neighbor
and furthest neighbor) and hierarchical
clustering (e.g. dendrograms or tree
diagrams)(6, 14). Supervised pattern
recognition on the other hand attempts to
answer a precise question as to the class of
an unknown sample and therefore requires
a training set of known groupings to
construct the model.

A 2DE experiment usually requires
an unsupervised approach, of which
principal components analysis (PCA) is
one of the most common methods. The use
of PCA is advantageous as the techniques
are designed to transform a large number
of possible correlated variables into a
smaller number of uncorrelated variables,
or principal components (PC). These
analyses can be thought of as essentially
variable reduction and are used to identify
hidden structures in a dataset. Because
many 2DE experiments consist of literally
thousands of individual proteins, which are
often compared over multiple dosing
regimens and time-frames, a method
capable of dramatically reducing the
number of variables to a more manageable
data set is advantageous. PCA reduces the
dimensionality of the data set through a
series of transformations that result in a
low-dimensional plot of the data(6). In the
analysis, data are structured such that the
rows are the samples (in 2DE: the gels)
and the columns are the variables (in 2DE:



the protein spots). Many 2DE analysis
software packages include multivariate
statistical packages, making the analyses
straightforward. However, these statistical
packages are often rather simplified, and
since the spot volume data can be obtained
as standardized output from most 2DE
software programs into Excel or text
format, it may be advantageous to use a
specialized statistical package for the
analysis.

Output from the PCA analysis
includes a series of scores and loadings, in
which the relationship of the PCs to the
samples is described by the scores and that
to the variables is described by the
loadings. A PC is a linear function of the
original variable that can be thought of as
a vector in multidimensional space, with
each variable representing an axis(6). The
number of significant PCs is ideally equal
to the number of significant components.
The first PC describes the majority of the
variance, the second PC the next greatest
portion and so on. The scores have as
many rows as the original data matrix and
the loadings have as many columns as the
original data matrix. The size of each PC is
given by the eigenvalue, which can be

defined as the sum of squares of the scores.

The sum of all nonzero eigenvalues for a
data matrix equals the sum of squares of
the entire data matrix. The resulting data
are often plotted to examine the biological
meaning. One of the simplest plots is that
of the score of one PC against another. A
scores plot can display clustering of
distinct groups within the dataset. A
loadings plot can then be used to display
which loadings (i.e. protein spots) are
driving the observed clustering in the
scores plot. A biplot superimposes a scores

plot and a loadings plot onto a single graph.

All  chemometric methods are
influenced by the method employed for
data preprocessing. An understanding of
data preprocessing is essentials for correct
interpretation of the output from statistical
packages. The simplest transformation is
of course none at all and the raw data can
be employed in the analysis. However,

mean-centering, in which the mean of each
variable is subtracted from each variable,
is very common. This transformation shifts
the scores plot such that it is centered at
the origin. However, it can also affect the
relative positions of the variables in both
the scores and loadings plots. Mean-
centering can often reduce the size of the
first eigenvalue and influence the apparent
number of significant components in a
dataset. Another common method for data
scaling is standardization, which is
performed  following  mean-centering.
Standardizing the data involves dividing
each variable by its standard deviation,
changing the covariance matrix to the
correlation matrix(6). This transformation
places all of the variables on
approximately the same scale, enabling
low values to assume equal significance as
high values. If standardization is not
preformed, then the PCA will be
dominated by the most intense (highest
abundance) components. There is no
general guidance as to whether to use
centered or raw data when determining the
number of significant components, the
most appropriate method being dependent
on the nature of the experiment. However,
the Dbiological significance of the
transformation must be considered when
analyzing the data. If the data are
standardized, that means that changes in
small abundant proteins will contribute
significantly to the data analysis. As these
proteins are often at the detection limit,
they may consist of some artifacts and
should be manually confirmed. However,
it is often these low abundance proteins
that are of interest, explaining why the
majority of studies standardize the data.

EXPERIMENTAL RESULTS AND
APPLICATIONS

In order to demonstrate how the methods
described in the methodology section
above are applied to an authentic set of
2DE gels, we have performed an extension
of the analyses carried out in a previous
study comparing the performance of two
2DE analysis software, PDQuest and



Phoretix 2D Expression (now PG200)(34).
In brief, the data set consisted of five
technical replicates of an airway epithelial
sample separated on pl range 4-7 and a
Duracryl gel matrix, and visualized with
SYPRO Ruby protein staining as
previously described(34). In addition, an
“identical replicate” set was generated as
described above through copying of one
gel image and subsequent individual
cropping of the gel using ImageQuant
(Nonlinear Dynamics, Sunnyvale, CA,
USA). These images were selected for the
study based on their high background
staining and substantial speckling, as these
characteristics challenge most 2DE
analysis programs. In the examples below,
we analyzed these gel images with the
SameSpots/PG240 software (Nonlinear
Dynamics, Newcastle, UK).

Evaluation of automatic spot detection
algorithms

Following user-guided warping and
alignment of the five replicates, automated
spot detection was performed through the
SameSpots algorithm. A total of 1143
spots were detected and correctly matched
across all gels. Manual review of the spots
was performed to distinguish the true
positives (520 spots) from the false
positives (623 spots). All 1143 spots were
exported to PG240, and the efficiency of
the spot filtering tool in discriminating true
spots (TP) from artifacts (FP) was
evaluated. Following spot filtering, the
true positive fraction (TPF) and false
positive fraction (FPF = (1-TNF)) were
calculated as described in the methodology
section, and plotted in a FROC curve. The
results from three different spot filtering
criteria at a range of different settings are
shown in Figure 3 (spot volume>50,000-
250,000; peak height>500-2500; and spot
radius>4-12). None of these spot filters
resulted in good discrimination of true
spots from artifacts, as evidenced by the
proximity of the graphs and the cutoff line.
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Evaluating software-induced variance

In contrast to the previously performed
study using PG200 and PDQuest(34), no
manual editing using semi-automatic
editing tools was required following spot
detection and matching with SameSpots,
as all spots were correctly matched.
Quantitative evaluation of the software-
induced variance as well as the
experimental variance was evaluated on
416 manually reviewed true spots using all
five background subtraction algorithms
(no-background-subtraction,  lowest-on-
boundary, average-on-boundary, mode-of-
non-spot, and progenesis). The resulting
CVs for the five identical replicates using
progenesis background subtraction are
shown as a bar graph in Figure 5 (upper
panel). The results for all algorithms are
shown as whisker box plots in the lower
panel (Figure 5). The complete omission
of background subtraction results in the
lowest variance. However, inclusion of the
background noise in the average spot
volume used to calculate the CV results in
an overall lower CV than the
corresponding variance would cause after
background subtraction. Accordingly, a
transformation of the no-background-
subtraction—results was performed through
dividing the spot volumes with the ratio of
the no-background-subtraction and lowest-
on-boundary spot volumes (Figure 5). The
trend remains the same also after
transformation, emphasizing the
importance of evaluating the choice of
background subtraction method as the
quantity and nature of the variance in a
system has direct implications on the
statistical power. Considering that the
biological variance within the control
group is 40-50%(21), an additional
technical variance of 10-20% caused by
the analysis software will have a
significant effect on the number of
replicates needed. Based on a statistical
confidence of 80% power and a 0.05 p-
value, an overall variance of 50% would
require n=3-4, while a variance of 70%
would require n=8(21).



The same analysis was also
performed for the authentic 2DE gel
replicate set (i.e. including technical
variance). The software-associated
variance accounted for 12-16% of the total
variance for all background subtraction
methods offered in the SameSpots
software, except mode-of-non-spot which
caused for 35% of the total variance.
These results correspond well to the
previous  studies  performed  with
Expression (PG200)(34). Similar studies
performed on DIGE gel images, the
DeCyder software appeared to introduce
30% of the total variance (reported as the
unexplained variance)(8), which
corresponds well both with previous
results from PDQuest(31) as well as the
results presented here using the mode-of-
non-spot algorithm.

Analysis of distribution and variance

While the reason for the spot volume
distribution analysis generally is intuitive,
the purpose of the latter may not be as
obvious. In quantitative omics analyses,
we strive to determine significant
biological alterations in expression levels.
Due to the shear number of protein
expression levels to be evaluated, it is not
always practical, or even appropriate, to
perform rigorous statistical testing on each
protein spot. Instead we utilize a cutoff
level to select proteins of interest. By
convention, 1.5-fold or 2-fold changes in
expression levels have been utilized as
cutoff levels. However, the assumption
underlying the concept of the cutoff level
strategy is that all of the spots in the data
set have a similar behavior in terms of
variance and distribution. To determine if
a given cutoff level is appropriate we thus
have to determine that the variance for
individual spots come from the same
population, i.e. have a normal distribution.
The results from the previous section were
analyzed according to the methods
described in the Methodology section. It is
of great importance to include all spots in
an evaluation of the overall variance of a
system and not just a few “well behaved”
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spots. The results from the authentic
replicate set (i.e. including technical
variance)  using  lowest-on-boundary

background subtraction are displayed in
Figure 5. By visual inspection of the bar
graph (upper panel), the distribution
appears normal.  However, formal
goodness-of-fit testing revealed that the
data set has a significantly non-normal
distribution (lower panel). The inserted
graph shows the Q-Q plot for the
distribution of spot volumes for one of the
spots used in the variance distribution
analysis. The Shapiro-Wilk test confirms
that the spot volume data are normally
distributed.

CONCLUSIONS

Historically, the variance induced by
computational analysis in gel-based
proteomics has been considered
neglectable in comparison to the
experimental variance. However, the

immense technical improvements in recent
years have decreased the experimental
variance to a point where variance arising
from post-electrophoretic analysis
becomes prominent, and the portion
attributed to the software alone may
exceed 30% of the total technical
variance(31). Accordingly, the choice of
software product or algorithms offered by
the chosen software may have a profound
effect on the outcome of the study as well
as the time spent on computer analysis(18,
31). The lack of a standardized test for the
evaluation of software performance makes
it difficult to objectively compare the
quality of different programs. Towards this
end, we suggest that sets of standardized
tests in conjunction with standardized sets
of gel images be made available to the
research community to serve as a
benchmark for software and algorithm
comparison. The images discussed in the
current work are available for download
from www.pulmonomics.net. It is our
intent that this work spurs the research
community and commercial interests to
expand on the points raised in this chapter.
It is important that quantitative




comparisons of individual software
packages are performed in order to
evaluate program efficacy as well as
enable researchers to quantify and interpret
increasingly small variances in biological
data sets. We have provided a set of tools
for determining the quality of a 2DE image
analysis, both in terms of reproducibility
and quality of spot detection and matching.
These tools may also be utilized to
compare the performance of different
products, or to optimize the user-defined
settings within a program.

FIVE-YEAR VIEW

In spite of the revolution that has occurred
in the quality of 2DE-based separation
techniques since its introduction 32 years
ago, gel-to-gel variability persists in 2DE-
gel analysis. As such, fast and robust
image processing is a crucial step in
quantitative gel-based proteomics, and the
fast development in 2DE analysis software
in recent years has removed some of the
major stumbling blocks in the field. Future
efforts are likely to focus on the
improvement and evaluation of previously
neglected areas such as background
subtraction algorithms and statistical
analysis as well as decreasing overall
analysis time. Furthermore, standardized
sets of 2DE gels as well as performance
benchmarks for the evaluation of 2DE
analysis software need to be established.
Attempts have been made to produce
sophisticated sets of synthetic gel images
that reflect the true characteristics of
authentic 2DE gels(24, 25). Rogers and
colleagues created a novel model for the
creation of synthetic protein spots based
on a training set of authentic 2DE
spots(24). Unfortunately, no background
was introduced to these images, and as
evidenced by the results in Figure 5, the
background subtraction algorithm can be
one of the main sources of variance
introduced by the 2DE analysis
software(25). Until an ideal set of
synthetic gel images reflecting all aspects
of the authentic 2DE gel has been
constructed, diverse sets of authentic 2DE
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gels representative of common distortions
(high background, speckles or irregularly
shaped spots(31)) ought to be utilized. As
user awareness of the effects of varying
algorithms upon software performance
grows, manufacturers may finally be
forced to provide detailed information on
the performance of their products. These
types of data would greatly assist in
software acquisition, enabling potential
buyers to evaluate which software is most
appropriate for their intended applications.
More flexibility and user-defined functions
will be on demand as alternative
normalization methods are developed.
Recent reports that the state-of-the-art
protein stain SYPRO Ruby may have
polynomial rather than linear correlations
to protein quantity may increase the
demand for user-defined quantitation
curves in commercial 2DE software(33).
Furthermore, the limitations of algorithms
for background subtraction may be
resolved through the introduction of time-
resolved fluorescence. The delayed
measurement of a fluor’s emission
excludes auto-fluorescence from plates,
reagents or cell debris that generally have
very short life-spans (low ns range), and
thus eliminate a major source of
background noise. In contrast, fluorescent
protein stains have very long life-spans
(high ns-ps), and delayed, cumulative
detection over time may improve
sensitivity(13, 19). The use of both
covalently labeled fluors (CyDyes and
Alexa-dyes)(13) and ruthenium
chelates(13, 19) have been utilized in time-
resolved fluorescence applications in
related fields. However, the lack of this
feature in modern 2DE image acquisition
equipment is currently prohibiting the use
and development of time-resolved
fluorescence in 2DE.

The growth in data acquisition
combined with increased quantification
capability will continue to expand. These
large bodies of data will enable researchers
to further understand complex cellular
processes and move the field another step
closer to comprehension at the organism



level. Proteomics data will enable
researchers to model and understand
interactions in a cell and to predict the
effects of fluctuations upon other
intracellular processes. These effects will
be seen through, for example, the
application of proteomics to web-based
models of cellular metabolism such as an
electronic cell(29). Proteomics research
will assist in the constant march towards
true  systems  biology that  will
revolutionize personal medicine and
fundamentally shift our understanding of
biological processes.
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Figure 1

Display of the grid model used in many warping algorithms in order to counteract distortions
in separation pattern that cause significant gel-to-gel variations even in replicate gels run
under identical conditions.
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Figure 2

Illustration of the use of long-pass (LP) and band-pass (BP) emission filter, in conjunction
with SYPRO Ruby protein staining. The dotted line represents the excitation spectra, while
the solid line represents the emission spectra. The use of a LP filter (here 555nm) allows
cumulative collection of all emission above a given wavelength (entire grey area), resulting in
high sensitivity. The use of a BP filter (here 610BP30) selectively collects the emission from
a narrow range, here 30nm centered around 610nm (striped area), resulting in high specificity.
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Figure 3

FROC curves were generated in order to evaluate the various filtering options available in
Progenesis 240 following analysis with the SameSpots software. A range of values for
minimum spot volume, peak height and spot radius were used. The diagonal line represents
no discrimination, and the “X” mark in the upper left corner represents the ideal result
achieved through manual spot editing. None of the filters were particularly effective in
filtering out artifacts (false positives) from true spots (true positives), although spot volume
appeared to offer a slightly better selection criteria.
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Figure 4

The bar graph in the top panel shows the distribution of the variance in spot volumes
resulting from an analysis of five replicate 2DE gel images (i.e. including technical variance).
The overlaid curve in black shows the corresponding normal distribution. The main graph in
the bottom panel shows the Q-Q-Normal plot for the same data set. Formal goodness of fit
test using Shapiro-Wilk W test revealed that the data set has a significantly non-normal
distribution. The inserted graph shows the Q-Q-Normal plot for the distribution of spot
volumes for one of the spots used in the variance distribution analysis. The Shapiro-Wilk
Witest confirms that the spot volume data are normally distributed.
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Figure 5

The top panel shows the variance in spot volumes across five copies of the same gel image
following analysis with SameSpots, using the Progenesis background subtraction algorithm.
Each bar represents the CV of one protein spot across the five identical replicates, and the
bars are ordered according to increasing average spot volume. The bottom panel shows a box
plot representing the CVs for the same experiment for each of the available background
subtraction algorithms (lowest-on-boundary, average-on-boundary, mode-of-non-spot and
progenesis). In addition, the results from complete exclusion of background subtraction (no
bgr subtr), as well as an adjustment of these results to correct for the decrease in CV caused
by the larger spot volumes resulting from exclusion of background subtraction. Each box
contains the interquartile range with the mean marked inside, and the whiskers showing the
range of CVs following exclusion of outliers.
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