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Abstract Protein microarrays have many potential applications in the systematic,
quantitative analysis of protein function, including in biomarker discovery applications. In this chapter, we review available methodologies relevant to this field and
describe a simple approach to the design and fabrication of cancer-antigen arrays
suitable for cancer biomarker discovery through serological analysis of cancer
patients. We consider general issues that arise in antigen content generation, microarray fabrication and microarray-based assays and provide practical examples of
experimental approaches that address these. We then focus on general issues that
arise in raw data extraction, raw data preprocessing and analysis of the resultant
preprocessed data to determine its biological significance, and we describe computational approaches to address these that enable quantitative assessment of serological protein microarray data. We exemplify this overall approach by reference to the
creation of a multiplexed cancer-antigen microarray that contains 100 unique,
purified, immobilised antigens in a spatially defined array, and we describe specific
methods for serological assay and data analysis on such microarrays, including test
cases with data originated from a malignant melanoma cohort.
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Introduction

In the postgenomic era, attention has turned towards the systematic assignment
of function to proteins encoded by genomes. Bioinformatic methods are typically now used ubiquitously as an essential first step in assigning predicted
function to open reading frames (Hunter et al. 2009). However, while such
methods give helpful insights into possible function, there remain many examples of proteins that have closely related sequences and/or structures but which
prove to have quite different functions when studied experimentally (Wise et al.
2002; Schmidt et al. 2003; Lander et al. 2001). As the number of sequenced
genomes expands ever further, there is thus an ever-increasing need for experimental methods that enable the determination and/or verification of protein
function in high throughput. At the forefront of this monumental task, the field
of proteomics can be segregated into discovery- and systems-oriented proteomics (Macbeath 2002). Discovery-oriented proteomics is mainly concerned with
documenting the abundance and localisation of individual proteins as well as
building a picture of protein–protein interaction networks. This is the realm of
2-hybrid screens, 2D-gel electrophoresis and increasingly powerful more direct,
isotope-labelling-based mass spectrometry methods; these latter two methods in
particular are commonly used to understand the way in which expression profiles
change in response to different stimuli by comparing, for example, diseased and
healthy cell extracts. However, these discovery-oriented proteomic methods tell
us little directly about the precise function of individual proteins or protein
complexes, even when augmented by ever more sophisticated bioinformatic
methods. Systems-oriented proteomics takes a different approach; rather than
rediscovering each protein in each new experiment, the focus is on a predefined
set of proteins – in principle up to an entire proteome, but in practice more typically a limited subset thereof – enabling the functionality of each member of
that set to be dissected in great detail (Wolf-Yadlin et al. 2009). However,
obtaining quantitative and genuinely comparative functional data across large
sets of proteins with any degree of accuracy is technically difficult, requiring
isolation of each individual protein in an assayable format. We and others have
chosen to focus on protein function microarray-based methods because the parallel, high-throughput nature of microarray experiments is attractive for
analysing large numbers of protein interactions, while the uniform intra-array
conditions both simplify and increase the accuracy of assays (Wolf-Yadlin et al.
2009; Boutell et al. 2004; Kodadek 2001; Predki 2004; Zhu et al. 2000, 2001;
Michaud et al. 2003; Fang et al. 2003). Additionally, the small volumes of ligand
or reaction solution required to perform assays, typically tens to hundreds of
microlitres, can provide economic advantages, for example, when using expensive recombinant proteins or labelled compounds.
The key element to such microarray experiments is that the arrayed, immobilised proteins retain their folded structure such that meaningful functional interrogation
can then be carried out. There are a number of approaches to this problem, which
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differ fundamentally according to whether the proteins are immobilised through
non-specific, poorly defined interactions or through a specific set of known interactions. The former approach is attractive in its simplicity and is compatible with
purified proteins derived from native or recombinant sources (MacBeath and
Schreiber 2000; Angenendt et al. 2003) but suffers from a number of risks. Most
notable among these is that the uncontrolled nature of the interactions between
each protein and the surface might at best give rise to a heterogeneous population
of proteins or at worst destroy activity altogether due to partial or complete surface-mediated unfolding of the immobilised protein. In practice, an intermediate
situation probably most often occurs, where a fraction of the immobilised proteins
either have undergone conformational change as a result of the non-specific interactions or have their binding/active sites occluded by surface attachment; these
effects effectively reduce the specific activity of the immobilised protein and therefore decrease the signal-to-noise ratio in any subsequent functional assay that is
sensitive to conformation. It is, therefore, important to consider the possible effects
of unfolding on the intended downstream assay prior to choosing an array surface:
for example, an assay in which a solution-phase kinase phosphorylates arrayed
proteins may well be sensitive to disruption of the relative three-dimensional
arrangement of targeting and substrate domains in the arrayed proteins (Blackburn
and Shoko 2011); by comparison, an assay in which solution-phase antibodies bind
to linear epitopes on the array will be unlikely to be affected by unfolding of the
arrayed proteins – indeed, it may even be desirable to deliberately unfold such
proteins in order to expose a greater range of potential epitopes. However, an
important caveat here is that unfolded proteins are also more likely to exhibit nonspecific binding to antibodies via the now-exposed hydrophobic surfaces and,
across an array of diverse proteins, this non-specific binding may give rise to a high
rate of false positives in serological assays.
The advantages of controlling the precise mode of surface attachment are that,
providing the chosen point of attachment does not directly interfere with activity,
the immobilised proteins will have a homogeneous orientation resulting in a
higher specific activity and higher signal-to-noise ratio in assays, with less interference from non-specific interactions (Koopmann and Blackburn 2003). This
may be of particular advantage when studying protein–small-molecule interactions
or conformationally sensitive protein–protein interactions in an array format.
The disadvantages of this approach though are that it is really only compatible
with recombinant proteins or with families of proteins, such as antibodies, which
have a common structural element through which they can be immobilised.
However, in a systems-oriented approach, the disadvantage of working with
recombinant proteins is largely outweighed by the problems encountered in individually purifying large numbers of active proteins from native sources. In addition, experimental approaches that facilitate high-throughput expression and
purification of many different proteins in parallel have become more generally
accessible over recent years, simplifying access to larger, defined collections of
recombinant proteins. An important caveat here though is that it is increasingly
clear that despite its ease of use, Escherichia coli is not an optimal host for
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recombinant expression of folded, functional mammalian proteins. Furthermore,
while cell-free transcription/translation-based protein microarray systems have
been described (He and Taussig 2001; Ramachandran et al. 2004), it remains
unclear how reproducible such arrays are or what proportion of mammalian
proteins produced by such approaches are properly folded and therefore functional prior to immobilisation (Blackburn and Shoko 2011) – thus, their true
utility in cancer biomarker discovery applications also remains unclear.
Having decided on and created the protein content and then fabricated a reproducible protein microarray, a typical downstream protein microarray experiment
generates a large amount of raw and often noisy data that requires preprocessing
via a series of computational steps in order to filter and normalise the data to
yield a robust clean data set which can then be analysed using various bioinformatic tools in order to determine its biological significance (Klein and
Thongboonkerd 2004; Brusic et al. 2007). However, DNA microarray software
solutions in general have proved to be not well suited to the analysis of protein
microarray data – for reasons that will be discussed below – and a comprehensive
analysis software solution designed for protein microarrays has yet to be produced. To address this issue, our group has developed a preprocessing and quality control pipeline for raw protein microarray data (Zhu et al. 2006) which we
will discuss in more detail below.

3.2

Custom Antigen Arrays
as Serological Diagnosis Tools

A number of different types of protein microarrays are currently used to study the
biochemical activities of proteins. Among them, the analytical microarrays are typically used to profile complex mixtures of proteins and to estimate the level of expression, binding affinities and specificities of specific components. These types of protein
microarray-based experiments have interesting applications in molecular medicine,
such as biomarker discovery for diagnosis, drug design and development as well as
increasing understanding of pathogenesis and disease biology (Hall et al. 2007).
In the cancer field, it is well understood that individual patients generally show
aberrant expression and/or post-translational modification of a selection of antigens (‘cancer antigens’), suggesting that detection and quantitation of cancer antigens should be a promising approach in, for example, disease diagnosis. In an
ideal world, cancer biomarkers should be easy and inexpensive to measure to
allow easy accessibility in developing countries, should be measureable in peripheral fluids (e.g. serum) to avoid unnecessarily invasive treatments and should be
highly accurate for diagnostic and/or prognostic purposes to allow improved clinical management of patients (Berrade et al. 2011; Frank and Hargreaves 2003;
Rifai et al. 2006).
Considering serum as a target peripheral fluid for cancer diagnosis, the first step
today typically involves identification through serology (using the term in its broader
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sense) of a set of candidate serum biomarkers that might correlate with disease
status. In any serological analysis of cancer patient samples, there are two complementary approaches that could be taken: one obvious approach is to identify and
quantify circulating tumour antigens that are aberrantly expressed in cancer; however, it is also known that aberrant protein expression and/or post-translational
modification results in measureable autoimmune responses in most cancers, thus
providing a second approach to serological analysis based on the identification and
quantitation of circulating autoantibodies to tumour antigens.
Circulating tumour-antigen profiles may be analysed either by direct mass spectrometry-based proteomic techniques or by using antibody microarrays made up of
immobilised antitumour-antigen antibodies. Alternatively, circulating autoantibody
profiles can be analysed using protein microarrays made up of immobilised tumour
antigens. There are pros and cons to each approach. Mass spectrometry approaches
to de novo discovery of serological markers have not met with much success to date,
largely due to the complexity and dynamic range of the serum proteome. Selected
reaction monitoring (SRM) mass spectrometry-based assays that target known antigens are likely to be more successful but still today require significant preprocessing
of serum samples (e.g. depletion of abundant proteins, tryptic digests and LC separations) that may influence downstream quantitative assays.
Antibody microarrays provide a much more direct means to analyse a wide range
of different cancer antigens in what amount to miniaturised, multiplexed ELISAs.
Numerous antibody microarrays are now available commercially and are being
developed to be able to both quantify the individual targeted antigens and to also
assess changes in post-translational modifications (e.g. glycosylation) of a given
antigen between samples. The obvious current limitation in antibody microarray
technology is the availability of large collections of suitable high specificity anticancer-antigen antibodies; this shortcoming is being addressed via a number of
public initiatives (e.g. the Human Protein Atlas (www.proteinatlas.org), which
currently describes antibodies to 12,238 human proteins). However, a less obvious
limitation is that the antibodies used in antibody microarrays are typically murine in
origin and have binding affinities for their target antigens in the nanomolar range,
which limits the ability of antibody microarrays to detect circulating tumour antigens
at the sub-nanomolar concentrations likely to be present at low tumour loads, that
is, in early disease; this is less easy to address and may well prove to be a limitation
for antibody microarrays into the future (note that in any such antibody-based
microarray assay, the array-based signal is dependent both on the analyte concentration and also on the antibody–analyte affinity due to simple equilibrium binding
considerations. Thus, as the analyte concentration significantly falls below the Kd of
the antibody–analyte binding interaction, the proportion of immobilised antibody
that is bound by analyte – and therefore the signal from the array – becomes nonlinear and falls off rapidly into the background noise).
Antigen microarrays by comparison seek to detect and quantify circulating cancerspecific human autoantibodies, which are typically highly specific for the tumour
antigen and show picomolar or lower affinities. Antigen microarray-based serological analyses thus offer unique opportunities to find novel disease-specific serological
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markers – that is, cancer-specific autoantibodies – that are not readily accessible by
other proteomic technologies (Matarraz et al. 2011). More specifically, the study of
autoantibody profiles in cancer patients could lead to the discovery of novel biomarkers for, inter alia, early detection of tumours, patient stratification, personalised
patient treatment, development of improved therapies, and monitoring therapeutic
response and disease progression. Importantly, antigen microarrays provide the
enticing possibility of detecting much lower concentrations of autoantibodies than
are detectable for the cancer antigens themselves (due to the intrinsically high affinity
of human autoantibodies), thus in principle bringing forward in time the ability to
detect the cancer biomarkers and potentially enabling presymptomatic diagnosis. As
with antibody microarrays, a limited number of antigen arrays are now available
commercially (e.g. the Invitrogen Human ProtoArray which contains ca. 9,000 individually purified, denatured human proteins).
However, antigen microarrays also suffer problems, primarily due the fact
that often the aberrant form of any given cancer antigen that is misrecognised
by the host immune system as an autoantigen is poorly defined, making it
difficult to create recombinant forms of the autoantigen for reproducible protein array fabrication. The choice and customisation of the antigen content on
such microarrays is thus a critical component in experimental design and will
strongly influence the likelihood of downstream success (Zhu et al. 2006;
Ingvarsson et al. 2007; Hultschig et al. 2006; Sanchez-Carbayo 2006; Casiano
et al. 2006). One group of cancer antigens – the so-called cancer–testis antigens – therefore stands out as being of particular potential utility in serological
analyses of cancers.
The cancer–testis (CT) antigen family are a group of >90 structurally and
functionally unrelated proteins that show highly restricted expression only in
germ cells in the adult male testis, as well as in occasionally in the adult ovary
and the trophoblast of the placenta (Scanlan et al. 2002). Critically, these are
all immune-privileged compartments, so the adult immune system has typically never been trained to recognise CT antigens and ‘self-antigens’. The CT
antigens are however aberrantly expressed in many cancers due to the disruption of gene regulation. When this occurs these proteins are thus misrecognised
as autoantigens, making them potential cancer diagnostic markers as well as
vaccine targets.
The expression of different CT antigens is known to be associated with many
different types of cancer. However, the absence or presence of expression of any one
CT antigen is not in itself exclusively indicative. Thus, as with many other candidate
biomarkers, CT antigens are therefore not thought to be individually viable as diagnostic or prognostic markers (Scanlan et al. 2002; Anderson and LaBaer 2005).
Instead, it is possible that patterns of CT antigen expression may be used as correlates of specific cancer types and of disease progression, making this family of
cancer antigens particularly well suited to serological study via an antigen microarray-based approach. Importantly, recombinant forms of CT antigens typically retain
immunological activity, further enhancing their suitability as content for customised
cancer-antigen microarrays.
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In contrast to systemic autoimmune diseases, where the presence of a single
autoantibody might have a diagnostic value, tumour-associated antibodies have
little diagnostic value when detected individually for three reasons: (1) the frequency
of a specific antigen within a cohort of patients is often relatively low; (2) several
tumour-associated antigens are responsible for tumorigenesis in multiple cancer
types, so the detection of the associated autoantibody can only indicate the presence of a developing tumour without enabling discrimination between different
cancer types; and (3) several CT antigen-associated autoantibodies lack specificity,
as they might arise from events associated with other diseases. We therefore concluded that the characterisation of autoantibody profiles against a wide panel of CT
antigens via a CT antigen array would be significantly more informative than the
detection of autoantibodies against individual-specific antigens (Casiano et al.
2006; Robinson 2006). Our group has therefore developed a CT antigen array
(‘CT100 array’) for the in vitro serological assessment of autoimmune responses
to cancer-specific targets.
In seeking to exemplify the utility of our CT antigen array, we have focussed
initially on the observation that an increasing number of clinical trials in progress today are examining the safety and efficacy of therapeutic cancer treatments which either target specific tumour-associated antigens (e.g. the CT
antigens NY-ESO-1 and MAGE A3) or aim to transiently deregulate self-recognition of molecules by targeting components of the peripheral tolerance machinery such as CTLA4 (Ueda et al. 2003). However, in therapeutic vaccine trials,
the chronic nature of the disease makes it difficult to provide an early assessment of whether an individual patient is generating a therapeutically useful
response following vaccination or not. T-cell-based assays for cytokine release
have been widely used in the search for correlates of therapeutic response, but
so far without great success.
We have therefore applied our CT antigen microarray-based approach together
with robust bioinformatic algorithms for data analysis, as a generic tool with
which to study the serum antibody (i.e. B-cell) responses to therapeutic cancer
experimental treatments, accepting implicitly that such analyses will only be a
surrogate for the T-cell responses currently desired in cancer vaccine strategies.
We will exemplify this approach below by reference to use of our CT100 microarray in the assay of serum samples from malignant melanoma patients who were
undergoing an experimental vaccine treatment, our goal being to identify autoantibody ‘biosignatures’ that could serve as potential biomarkers of therapeutic
response.
In this chapter, we provide an overview of the complete process necessary for
creation and use of customised antigen microarrays in serological analyses. We
consider general issues that arise in antigen content generation, microarray fabrication and microarray-based assays and provide practical examples of experimental
approaches that address these. We illustrate these approaches by reference to serological assay of samples from a malignant melanoma cohort using a multiplexed
cancer-antigen microarray that contains 100 unique, purified, immobilised antigens in a spatially defined array. We then focus on general issues that arise in raw
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data extraction, raw data preprocessing and analysis of the resultant preprocessed
data to determine its biological significance, and we describe computational
approaches to address these.

3.3

Protein Microarray Technology

Fundamentally, protein microarray technology is based on the immobilisation of
multiple proteins onto a surface (typically glass, gold or plastic) in a spatially
defined array for use as capture probes. This technology permits numerous biological
questions to be addressed via the high-throughput analysis of biochemical and/or
biological interactions between the arrayed proteins and other biomolecules contained in complex sample solutions, thereby generating significant volumes of proteomic information that require analysis (Hardiman 2003).
The high-throughput manipulation of proteins to create protein microarrays is
considerably more challenging however than the manipulation of oligonucleotides
to create DNA microarrays; this is primarily due to the very diverse physical and
chemical properties of different proteins, including differing stabilities, binding
affinities and the requirement often of folded 3D structure for biological activity
(Hardiman 2003; Draghici 2003). Considerations regarding protein acquisition,
immobilisation and assay are discussed further below.

3.3.1

Antigen Content Generation

The methods used in antigen content generation usually rely on the identification of
open reading frames (ORFs) and the selection of the most appropriate plasmids for
protein expression. An ORF is a protein-coding segment within the DNA sequence
that encodes all the amino acids between the initiation and termination codons. This
ORF is typically amplified by PCR prior to insertion into an expression plasmid. In
the case of eukaryotic genes that are subject to splicing, the protein encoding ORF
is usually derived from cDNA – itself prepared from mRNA – to ensure that the
correct protein sequence can be expressed in recombinant form in a suitable host
(Hall et al. 2007; Phizicky et al. 2003; Gray et al. 1982). Heterologous expression is
generally used, even though it may lead to expression issues. For example, in more
than 60% of cases, soluble proteins expressed in Escherichia coli (E. coli) show
altered solubility, suggesting folding defects, and lack any post-translational
modifications. Insect cells by contrast provide a relatively simple eukaryotic alternative to E. coli and, importantly, utilise eukaryotic co-translational folding and
post-translational modification pathways to typically yield properly folded forms of
recombinant eukaryotic proteins with similar post-translational modifications to
mammalian cells (Phizicky et al. 2003). In the protocols developed by our group, we
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Fig. 3.1 Schematic of single-step immobilisation/purification route to array fabrication. The array
surface is intrinsically ‘nonstick’ with respect to proteinaceous material but has a high affinity and
specificity for biotinylated proteins. Crude cellular lysates containing the recombinant biotinylated
proteins can then be printed onto the surface in a defined array pattern (step a) and all non-biotinylated proteins removed by washing (step b), leaving the recombinant proteins purified and
specifically immobilised via the affinity tag in a single step

thus primarily use insect cells to express our human antigens of interest (Beeton-Kempen
et al. submitted) (see Supplementary Material for detailed protocol).

3.3.2

Protein Immobilisation on Microarray Surfaces

The techniques of immobilisation are important both for effective concentration
and orientation of immobilised proteins on the surface and also to preserve their
folded conformations. There are two categories of protein immobilisation methods, covalent and non-covalent. The covalent immobilisation method is based on a
covalent coupling to a cross-linker attached to the surface. By contrast, the biotin–
streptavidin methodology used by our group is a non-covalent immobilisation
method based on the high affinity of the biotin and streptavidin interaction. This
method links biotinylated macromolecules to a surface that was previously derivatised with streptavidin via a single point of attachment (Fig. 3.1) (MacBeath and
Schreiber 2000; Büssow et al. 2001) (see Supplementary Material for detailed protocol: Methodology, Sect. 1.4).

3.3.3

Detection of Binding Interactions on Microarrays

One of the main goals in protein microarray experiments is the quantitation of interactions between the probes immobilised on the slide surface and target analytes
contained in the sample solution. To permit detection of this typically bimolecular
interaction, molecules with specific interaction properties are labelled with either
fluorescent, photochemical or radioisotope tags. The choice of one detection method
over another depends on the need to reach a low signal-to-noise ratio at an affordable
cost for the specific assay in question.
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Since the vast majority of target analytes are not naturally coloured, fluorescent,
bioluminescent or radioactive, detection of the molecular interaction on a protein
microarray usually requires that some detectable molecule (a ‘label’) be included in
the assay, either by direct conjugation to the analyte molecule itself or by conjugation to some secondary detection agent (e.g. an antibody) that can also bind to the
analyte once it is specifically captured onto the array surface. Label-free biosensors
(e.g. surface plasmon resonance- and quartz crystal microbalance-based biosensors)
circumvent this problem, but in most manifestations are not yet truly compatible
with medium- to high-density protein microarrays, plus they struggle to match
label-based methods in terms of assay sensitivity (i.e. limit of detection), so will not
be considered further here.
The choice of potential labels is wide: Chemiluminescence is a highly sensitive
label-based detection method, but it has a relatively limited dynamic range; radioactivity-based methods are much less frequently used today because of safety concerns; fluorescent labelling is still therefore currently the most widely used detection
method for protein microarray experiments since it is highly sensitive, stable, safe
and effective and can be archived for future imaging. However, the direct labelling
of analyte molecules might affect their ability to interact with their respective binding partners (Klein and Thongboonkerd 2004; Hall et al. 2007; Schweitzer et al.
2003). In the context of antigen microarray-based assays to measure human autoantibody profiles, the simplest mode of detection is thus via use of a fluorescently
labelled antihuman IgG as a secondary detecting agent, since this will bind with
high affinity to all human autoantibodies captured onto the antigen array surface,
removing the need to label each target analyte in every biological sample.

3.4

Protein Microarray Data: Preprocessing

Even though microarray technologies have been around for many years, they are
still subject to bias and variations. In addition to the variations introduced by probe
acquisition, immobilisation and detection method, there are still a large number of
environmental factors which might introduce variability in these experiments,
including ambient conditions when the arrays were processed, the individual conducting the experiments, the recombinant sample differences, the variations in sample preparation, the nonuniformity in the hybridisation across an array surface, the
distribution of artefacts or smears on the surface of the array and modifications in
the scanner settings used for acquisition of fluorescent data. Nevertheless, a good
experimental design can reduce noise and be beneficial for the downstream data
analysis (Ingvarsson et al. 2007; Hultschig et al. 2006; Smyth and Speed 2003;
Steinhoff and Vingron 2006; Altman 2005).
In addition to designing a standard optimised protocol to reduce noise within
the microarray data, the experimental design should include the capacity to assess
the quality of the microarray data, to filter out poor quality arrays and to normalise
good quality data. With this consideration in mind, controls should be immobilised
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onto the array surface, such as housekeeping and exogenous controls. Housekeeping
controls are assumed to maintain a constant signal, either individually or collectively, within the different conditions of the experiments, while exogenous controls are those from species other than the one under study, which are generally
selected to not give rise to a signal. Before proceeding with an intended array
layout and assay, it is essential to identify a stable source of controls (Causton
et al. 2004). In the context of an antigen microarray-based autoantibody profiling
assay, simplistically one could consider arraying human IgG and sheep IgG as
positive and negative controls.

3.4.1

Image Processing: Raw Data Extraction

Following a typical serological assay on an antigen microarray, in spite of several
washing steps involved in our protocol, the spot quantification still remains affected
by intangible factors. As illustrated in Fig. 3.2, the same lab protocol can lead to
different results regarding the background of different replica arrays. The measures
of background intensity usually represent the autofluorescence of the array surface
at different spot locations (Causton et al. 2004).
The aim of image processing is to estimate the amount of specific anti-CT antigen autoantibody present in the serum by measuring pixel intensities across all
probed spots. The image analysis software (ArrayPro Analyzer software (Media
Cybernetics Inc., USA)) associated with the scanner (Tecan LS Reloaded
fluorescence microarray scanner, Tecan Group Ltd., Switzerland) allows us to
retrieve some statistics for the pixels measured in both the spots and their local
backgrounds, for instance, the mean and median pixel distributions of the spots and
their adjacent backgrounds. The scanner PMT (photomultiplier tube) gain setting
helps discriminate between a weak signal and its background. By increasing the
PMT gain setting, the sensitivity of the signal is improved but the selection of the
optimal gain setting must provide a balance between the need to detect as many
spots as possible and the necessity to avoid saturation of any of the spots.
The scanner software proceeds by matching a grid layout defined by the user
(typically based on a .gal file generated by the microarray printer) to the actual
image coming from the array and by locating the signal spots in order to quantify
them. The spot finding can be achieved manually, automatically or semiautomatically. In the manual approach, the user adjusts a grid over the array and fits each spot
individually to account for spot size variations and uneven spacing between spots.
In practice, this approach is time consuming and subject to human error, especially
when dealing with a large number of arrays. The automatic approach aims to identify and fit, without human intervention, the extent of each spot using specific algorithms. This approach is rapid and avoids human errors, but noise and contamination
can lead to false detection of certain spots. The semiautomatic spot finding approach
used by our group relies on automatic spot finding approach followed by manual
curation of the grid alignment.

50

J. Duarte et al.

Fig. 3.2 Illustration of the variability of the background intensities of eight arrays with the application of the same experiment protocol. Here the eight blocks of each array are represented in the
columns

3.4.2

Image Processing: Pixel Segmentation

Within a given spot area, individual pixels may be either true signal, background
signal or erroneous signal originated from dust particles/artefacts. Typical image
processing software outputs from scanned microarray images include some statistics based on pixel distributions. Image segmentation then aims to define rules to
filter out unwanted pixels (see Fig. 3.3).
The simplest image segmentation rules include ‘pixel filtering’ and ‘trimmed
pixel’ methods. The pixel filtering method sets an arbitrary threshold to filter out
low-intensity pixels and performs statistics on the remaining pixels. The trimmed
pixel method assumes that most of the pixels in the spot area are true signal, while
most of those in the adjacent area belong to the background; for each spot or background intensities, the pixels falling outside defined quantiles are considered to be
outliers and are therefore trimmed off (i.e. removed from further analysis) with all
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Fig. 3.3 Illustration of
image segmentation. (a)
shows the result of the spot
finding process and (b)
shows the result of image
segmentation

subsequent statistics (e.g. mean and median foreground and background pixel
intensities for each spot) being based on the remaining pixels. Significant differences between the effectiveness of the various segmentation methods become more
noticeable as the level of artefacts on the arrays increases.

3.4.3

Image Processing: Quality Control

When evaluating the quality of an array image, there are many considerations that
should be taken into account, such as:
1. Spot-to-spot variation – when looking at the signal of triplicate spots, one should
expect a similar signal across all replicas, as well as uniform spots across the
whole slide. Variations which may occur include spot bleeding (2 or more spots
run into each other due to close proximity between spots or inappropriate spotting buffer, compromising the signal of all affected spots); pin sticking or erroneous pin calibration (inadequate cleaning of the arrayer pins and printhead between
print runs could lead to the failure to print some or all intended spots, as well as
non-reproducible printed spots); and washing artefacts and speckles (inadequate
washing steps throughout the assay could lead to large washing artefacts which
appear as negative spots or random additional smaller spots across the slide) on
the array surface.
2. Spot homogeneity – when looking at the signal of an individual spot, one should
expect a homogenous signal across all pixels within that spot. Variations which
may occur include the ‘doughnut’ effect (inadequate pin height during print run
and liquid residues on the pin body when immersing pin head in source plate
could lead to uneven spot distribution); dust particles (inadequate storage and
handling of slides during assays could lead to the presence of dust particles
on spots of interest, which appear as high-intensity pixels and skews the real
signal) on the array surface; and temperature and humidity conditions (increased
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temperature/decreased humidity may lead to the evaporation of printed spots,
and humidity above 75% may lead to condensation, which would account for an
uneven intensity within spots). The homogeneity between replica spots can be
measured by calculating the coefficient of variation (CV), which is the ratio
between the standard deviation (SD) of all pixel intensities within a spot and the
mean intensity as a percentage. The CV should not exceed a value of 20%.
3. Background variation – when looking at several spots across an array, one should
expect low variation of the background between the neighbourhood spots.
Variations which may occur include dust particles (inadequate storage and handling of slides during assays could lead to the presence of dust particles around
spots of interest, which results in high local background for a specific spot and
difficulty distinguishing between real signal) on the array surface.
4. Signal-to-noise ratio – when looking at several spots across an array, one should
expect the spot intensity to be greatly above its local or neighbourhood background. Variations which may occur include washing artefacts and speckles
(inadequate washing steps throughout the assay could lead to large washing artefacts which appear as negative spots or random additional smaller spots across
the slide) and dust particles (inadequate storage and handling of slides during
assays could lead to the presence of dust particles around spots of interest, which
results in high local background for a specific spot and difficulty distinguishing
between real signal) across the array surface. To be confident that the net spot
intensity (i.e. foreground intensity minus background intensity) is significantly
above background, a signal-to-noise ratio of at least 2 is used for quality assurance, with ‘noise’ defined as the standard deviation of the background pixels.
5. Saturated pixels – when looking at several spots across an array, no saturated
pixels should be visible within the spots of interest, as these are above the scanner’s reading capacity (approximately 65,000 RFU in the case of the Tecan
Reloaded scanner used in our laboratory). If this occurs, the slide should be rescanned at a lower PMT gain setting until no saturation is visible across the array
(Schäferling and Nagl 2006; Espina et al. 2003).

3.4.3.1

Background Correction and Subtraction

Following pixel segmentation, the background intensity for a given spot is estimated
from the adjacent area of that spot and is subtracted from its foreground intensity to
obtain the net intensity, that is, the true signal derived from the specific interaction
being interrogated on the array – in our case, the antigen–autoantibody binding interaction. The most important factor here is to avoid including artefacts in the estimation of the background because that could arbitrarily induce overestimated background
intensity and, as a result, artificially reduce the true value of the spot intensity.
Module 1 of the protein chip analysis tools (ProCAT) (Zhu et al. 2006) provides a
robust way to tackle the issue of local artefacts in background signals. The
ProCAT approach for background correction essentially replaces the local
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Fig. 3.4 The background correction corrects the arbitrary peak of the background intensity in a
3 × 3 spot window in a sample test case

median background intensity of a specific spot by the ‘neighbourhood background’,
 i , j , defined as the median background pixel intensity of a surrounding 3 × 3
0.5em B
spot window centred on the spot of interest:
 i , j = median{Bi' , j' }
B
i - 1 £ i ¢ £ i + 1; j - 1 £ j ¢ £ j + 1
where i, j, i¢ and j¢ design the row and column coordinates of spots.
This neighbourhood background correction smooths the local background (see
Fig. 3.4) by reducing the effect of artefacts and noise in the background, thus
enabling calculation of more accurate net intensities by subtracting the corrected
neighbourhood background value from the median local foreground pixel
intensity.

3.5

Protein Microarray Data: Filtering

Following background subtraction for each spot on the array, it is useful to then run a
number of quality control (QC) tests to filter out noisy or defective array data prior to
bioinformatic analysis. Data filtering therefore increases the data quality by flagging
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questionable and low-quality arrays and/or individual spots. Our approach to this
problem utilises a collection of criteria to filter out poor quality data. Among these are:
1. Flagging of spots with foreground intensity close to the saturation level
(65,536RFU).
2. Flagging of triplicates based on their variability, as measured by the CV of their
net intensities. N.B. When one of the triplicates is flagged, the measure of variability is then defined by the two remaining spots S1 and S2 as being equal to
(|S1 − S2|)/(S1 + S2).
3. Flagging of net signal intensities close to the noise level. A way to estimate the
level of noise in the neighbourhood of a spot is to measure the standard deviation
of the local background and to stipulate a noise threshold of 2SD of the local
background pixel intensity (Tecan LS TM).
The negative controls on the array surface can in principle also enable the filtering
of low-intensity spots because they reflect the cross reactivity of the detecting antibody with copurifying insect cell proteins or with the BCCP tag. However, in reality
this typically proves less straightforward since both the expression level and the
physical accessibility of the BCCP tag may differ in a difficult-to-quantify manner
from antigen to antigen. It may therefore prove more effective in practice to define
a baseline grass intensity signal for each antigen observed across a significant number of samples from healthy volunteers, when available.

3.6

Protein Microarray Data: Normalisation

Depending on the printing method used to fabricate the protein microarrays, each spot
may or may not be printed with the same pin or nozzle. Where different spots are
printed by different pins/nozzles, there may be subtle differences in the volumes of the
printed antigens and therefore in the density of the immobilised antigens. Such differences can be corrected by so-called ‘pin-to-pin’ normalisation. More importantly, to
correct for differences in the density of the same arrayed antigen across replica arrays,
as well as to correct for any other systematic, non-biological variation between arrays,
so-called ‘array-to-array’ normalisation is typically then applied.
The overall purpose of normalisation is thus to correct microarray data from variations in their measurements due to processes other than the targeted biological activity,
thereby improving the quality of the data and allowing comparison of data originating
from different arrays and different experiments (Lu et al. 2005; Oshlack et al. 2007).

3.6.1

DNA Microarray Normalisation Methods

Numerous methods for microarray normalisation have been published for ‘twocolour’ DNA microarrays. In two-colour arrays, two samples – control and target –
are assayed on the same array with control and target analytes labelled with
different fluorophores, simplifying downstream normalisation of the data. However,
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in most cases protein arrays are run as single-colour assays due to concerns about
differential physical occlusion effects arising from the size of the assessed macromolecules, together with the fact that the analyte molecules themselves are typically
not directly labelled. Protein microarray-based data therefore typically lacks strong
biological assumptions to carry out normalisation (Zhu et al. 2006). However, the
methods published for normalising DNA microarrays can still inspire and support
the normalisation of protein arrays and can be classified into three categories (Smyth
and Speed 2003; Steinhoff and Vingron 2006; Freudenberg 2005):
1. Scaling methods assume that the arrays being normalised share a common statistical
measure, such as the mean or median of their spot intensities or even the total intensities of their spots, and apply a common factor to each spot intensity (Freudenberg
2005). Thus, if mj is a statistical measure on chip j that is equalised across the chips
after normalisation, the scaling factor aj on chip j is then given by
aj =

m
mj

where m is the final value of mj after normalisation.
2. Transformation methods rely on assumptions that allow quantitative mapping of
two sets of spot intensities. The most popular methods are curve fitting, LOWESS
and quantile normalisation. The curve fitting method assumes that the distribution of the normalised data set is known, and attempts to identify parameters of
the distribution model; for instance, Lu et al. (2005) suggested adapting Zipf’s
law for the normalisation of one or two-colour DNA arrays (Draghici 2003; Lu
et al. 2005). The LOWESS (locally weighted polynomial regression) method
maps data from two data sets using a polynomial regression within overlapping
intervals (Draghici 2003) and is most effective when most of the spots within two
arrays show similar intensities (Oshlack et al. 2007). The quantile normalisation
method can be applied where the assumption of a common underlying distribution seems to be justified. It is fast, easily implementable and does not require
statistical modelling of the data (Freudenberg 2005; Bolstad et al. 2003).
3. Invariant set method relies essentially on the ability to identify a suitable set of nondifferentially expressed probes or ‘housekeeping’ probes. The selection of the set of
invariant spots might be experiment dependent, and an inappropriate choice of housekeeping probes can lead to bias in results (Freudenberg 2005; Ploner et al. 2005).

3.6.2

Protein Microarray Normalisation Methods

Custom antigen arrays however are typically not directly amenable to any of these
standard DNA microarray normalisation approaches (Oshlack et al. 2007) since
often a relatively small selection of specific probes show strong signals for a given
sample and the identity of these probes vary between samples. This breaks most of
the usual assumptions based on the comparison of equivalent signals across arrays,

56

J. Duarte et al.

unless the samples being compared display special features (Oshlack et al. 2007).
Therefore, two methods are widely used for normalisation of antigen microarray
data: the first relies on housekeeping controls and the second on a microarray sample pool (MSP) control (Lu et al. 2005; Oshlack et al. 2007; Wilson et al. 2003).
Housekeeping controls are ideally supposed to keep a consistent signal across
experimental conditions and different samples. In regard to antigen arrays, such as
our CT100 array, used in assessing antibody profiles in serum, the housekeeping
controls should ideally be serum independent to enable comparisons across different samples. However, identification of suitable housekeeping proteins in serum is
less straightforward, as shown by the many mass spectrometry-based proteomic
experiments that have documented high variability in the serum proteome; this
housekeeping control-based normalisation approach therefore may be of limited
value in serological assays using antigen microarrays.
Alternatively, the MSP method selects probes from a heterogeneous pool library
and dilutes them at different concentrations to cover ranges similar to those covered
by the probes used in the experiment; these probes must be printed in a number large
enough to enable the assumption of non-differential expression between samples
(Oshlack et al. 2007). Transformation methods such as LOWESS can subsequently
be applied for normalisation. However, the limited size of the typical custom antigen
microarrays can be a limiting factor in the usage of the MSP method and may restrict
its readily application in serological assays using custom antigen microarrays.

3.6.3

Composite Normalisation Methods
for Custom Antigen Microarrays

The normalisation method used by our group aims to make more efficient, effective
and robust usage of a relatively small number of positive controls to correct for
systematic bias in pin-to-pin and array-to-array variations. Robustness here is taken
to mean the ability of the method to cope with the flagging of some positive controls, while still being based on sound biological principles.
The normalisation assumption we make here is that our positive control spots
share a common underlying distribution across the chips (block, arrays, etc.) on
which they are printed. This perspective provides greater flexibility than assuming
that the individual positive control spots maintain the same intensities across the
chips. Thereafter, our composite normalisation method combines quantile and total
intensity normalisation modules to correct for systematic bias among the chips,
while providing more robustness when dealing with flagged positive control spots
(Causton et al. 2004; Bolstad et al. 2003).
1. Quantile-Based Module
Since the positive control spots – in our CT100 array, these are Cy5-labelled,
biotinylated BSA – are replica spots across different arrays, it seems reasonable
to assume that they share an underlying distribution across arrays, and the quantile approach can be used to identify the corresponding housekeeping spot intensities based on their intensity distributions.
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Bolstad et al. (2003) described an algorithm to carry out spot identification
within the same quantile according to the following steps, where Sij is the intensity of a positive control spot i on chip j:
(a) Load the positive control spot intensities Sij into an I × J matrix X.
(b) Sort the spot intensities in each column j of X to get Xsort.
(c) Take the means across each row i of Xsort and get Xi .
Xi is considered the underlying distribution of the positive control spot intensities
across chips (Bolstad et al. 2003). This reorganisation enables more flexibility in
handling outliers or flagged spots within the positive control data set.
2. Total Intensity-Based Module
This module assumes that post-normalisation, all arrays have a common total
intensity value of their positive control spots (i.e. the sum of all the positive control spot intensities on each array should be constant) (Causton et al. 2004;
Nspots

Quackenbush 2001), given by

åX

i

. The normalisation factor ak to normalise

i =1

array k is then given by
Nspots

åX
ak =

i

i =1
Nspots

åX

ik

i =1
Nspots

where

åX

ik

is the total intensity of all the positive control spots on array k prior

i =1

to normalisation.
This is a scaling normalisation method that assumes that different arrays share a
common total intensity of their housekeeping spots, while taking into account the
potential existence of flagged spots within the housekeeping spots. Importantly, if a
given positive control spot is identified as an outlier on one array (i.e. it is flagged
for some reason), the corresponding positive control spots across all arrays are
identified in the quantile module above and are then also flagged across all arrays
prior to normalisation; the net consequence of this is to ensure that the same number
of positive control spots are considered across all arrays during normalisation.

3.6.4

Overall Preprocessing Pipeline

Our overall workflow, illustrated in Fig. 3.5, includes the following steps:
1. Spot filtering flags spots whose fluorescent pixels comprise less than 20% of an
arbitrarily defined spot area, as well as spots that show saturation in >10% of the
pixels.
2. Background adjustment corrects the local background of each spot to become
the median neighbourhood background of its surrounding spots (3 × 3 window).
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Fig. 3.5 Schematic of
overall antigen microarray
data preprocessing pipeline

3. Background subtraction gives the net spot intensity by subtracting the corrected
neighbourhood background from the original raw median pixel intensities.
4. Noise filtration sets all net intensities to zero if they are lower than 2 SD of the
background.
5. Array filtering calculates the CV of the positive controls within the array prior to
normalisation and flags arrays with CVs above a user-defined threshold (we typically use a value of 30% here).
6. Pin-to-pin normalisation normalises the data based on our composite normalisation method in order to account for variations between the usage of different pins
during the print run.
7. Array-to-array normalisation normalises the data, again using our composite
method, in order to account for variations between arrays and to thereby allow,
for example, comparison of serology data obtained on samples collected at different time points from the same patient (Safari Serufuri 2010).

3.7

Protein Microarray Data: Qualitative Clustering

Following preprocessing, quality control and normalisation of antigen microarray
data, quantitative bioinformatic methods can then be applied with greater confidence
to enable biological interpretation of the data.
The ultimate purpose of all clustering methods is to group or segment a set of
items by taking into consideration a criterion of similarity or dissimilarity. The clustering can provide information regarding data structures as well as outliers – an
outlier being an item not sufficiently similar to any other items in the data set. An
additional goal of clustering can be to infer hierarchical order between clusters
(Draghici 2003; Causton et al. 2004; Hastie et al. 2001; Boutros and Okey 2005;
Costello and Osborne 2005).
Before choosing a clustering algorithm, one has to determine the intended type
of cluster that might be expected from the data set and the most appropriate measure of similarity to capture the clusters of interest. Another essential consideration
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is the performance of the selected algorithm (Hastie et al. 2001; Boutros and Okey
2005). Qualitative clustering can be based on the trend line similarities between
antibody profiles of patient samples at a common time point or on trend line similarities between patients across a timecourse (e.g. trend line similarities in changes
in autoantibody profiles between samples collected at different time points
posttreatment).
We routinely use two clustering methods for analysis of our CT antigen array
data: a factor analysis method and a K-means method using a Pearson correlation
metric. Detailed mathematical description of these two clustering methods is beyond
the scope of this chapter but a brief qualitative description is as follows:
The factor analysis method – used in an unsupervised mode – aims to investigate
the number of intrinsic factors that are required to account for the correlations
among variables or observations (Hastie et al. 2001). Factor analysis has been
widely used in intelligence research to explain a variety of results based on different
tests by identifying groups of correlated results. For instance, the performance at
running, weight lifting and jumping could be explained by general athletic ability
(Costello and Osborne 2005; Wikipedia 2010; Tryfos 2010).
The K-means method is among the most popular clustering algorithms. It is an
iterative method relying on the minimisation of an objective function defining a measure of dissimilarity between the items or of their K-centroids, a centroid here being
a measure by which the dissimilarity between clusters or between clusters and items
can be summarised by one value (Causton et al. 2004; Hastie et al. 2001; Boutros and
Okey 2005). The K-means method however requires a number of preconceived inputs
to achieve the clustering, including the number of expected clusters K, the maximum
number of iterations, the selection of the similarity metric (Pearson, Euclidian, etc.)
and an initial clustering which is improved iteratively until a steady state or the maximum number of iterations is reached (Draghici 2003).

3.8

Experimental Design: Test Case of a Cancer–Testis
Antigen Array for In Vitro Cancer Biomarker Discovery

We have applied our antigen microarray approach in cancer biomarker discovery
projects and describe below a test case using serum samples from patients undergoing an experimental cancer treatment, the aim being to use our CT100 microarray to
monitor changes in the autoimmune profiles of those patients following treatment as
a possible correlate of therapeutic response.

3.8.1

Description

The ‘CT100’ array is a ‘one-colour’ CT antigen microarray designed to discover the
expression profile of 100 CT- or tumour-associated (TA) antigens of interest
(see Table 3.1) in specific cancer patients, as revealed by the binding of autoantibodies
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Table 3.1 List of the 72 CT antigens (yellow) and the 28 non-CT antigens of interest (blue) present
within each array field and comprising the ‘CT100’ array
Antigen identity

Antigen identity

Antigen identity

Antigen identity

BAGE2
BAGE3
BAGE4
BAGE5
CCDC33
CEP290
COL6A1
COX6B2
CSAG2
CT47.11
CT62
CTAG2
CXorf48.1
DDX53
MMA1
FTHL17
GAGE1
GAGE2A
GAGE4
GAGE5
GAGE6
GAGE7
GRWD1
HORMAD1
LDHC

LEMD1
LIPI
MAGEA1
MAGEA10
MAGEA11
MAGEA2
MAGEA3
MAGEA4 v2
MAGEA v3
MAGEA v4
MAGEA5
MAGEB1
MAGEB5
MAGEB6
MART-1/MLANA
MICA
NLRP4
NXF2
NY-CO-45
NY-ESO-1
OIP5
p53
PBK
RELT
ROPN1

SGY-1
SILV
SPAG9
SPANXA1
SPANXB1
SPANXC
SPANXD
SPO11
SSX1
SSX2a
SSX4
SYCE1
SYCP1
THEG
TPTE
TSGA10
TSSK6
TYR
XAGE-2
XAGE3a v1
XAGE3a v2
ZNF165
AKT1
CDK2
CDK4

CDK7
FES
FGFR2
MAPK1
MAPK3
PRKCZ
RAF
SRC
CALM1
CDC25A
CREB1
CTNNB1
p53 S6A
p53 C141Y
p53 S15A
p53 T18A
p53 Q136X
p53 S46A
p53 K382R
p53 S392A
p53 M133T
p53 L344P
CYP3A4
CYPR
EGFR

present in a patient’s serum to the purified and spatially segregated, immobilised
antigens. Uses of this CT antigen array include monitoring therapeutic responses
and/or the rate of cancer progression in individual patients (Safari Serufuri 2010).
Recombinant gene cloning methods were used to clone each antigen into a
relevant insect cell expression vector as a C-terminal fusion construct with the
biotin carboxyl carrier protein (BCCP) tag (see Supplementary Material for
detailed protocol). The BCCP tag is biotinylated in vivo in insect cells (as well
as in E. coli and yeast) and allows single-step purification and immobilisation
onto the array surface via the high specificity and affinity streptavidin–biotin
interaction. Expression and biotinylation of each recombinant antigen in insect
cells (see Supplementary Material for detailed protocol) was confirmed using
Western blot analysis prior to printing, and crude lysates were then diluted
with PBS containing 40% sucrose. Replica ‘CT100’ protein arrays were printed
in a 4-plex format (i.e. 4 replica fields per slide) using crude cell lysates of
Sf21 insect cells expressing each of the 72 CT antigens and 28 TA antigens of
interest. Various controls were also included in each array field: 50 ng/ml human
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Sub-arrays 1-8
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Field 3

Field 2
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Microarray Slide
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Fig. 3.6 Schematic of the CT100 array layout. Each slide contains four replicate fields each comprising all 100 antigens of interest (one field is used per patient sample assay). Each field contains
eight blocks of 7 × 7 spots each. A representative block is shown with the Cy5-BSA controls, the
various antigens, the hIgG positive control and a negative control

IgG (positive control), 200 ng/ml sheep IgG (negative control), as well as a
crude insect cell lysate expressing BCCP only and no fusion protein (negative
control). For slide orientation and signal normalisation, three different biotinylated Cy5-BSA concentrations were included in each sub-array (5, 10 and
15 ng/ml). Each sample and control was spotted in triplicate within each array
field, while the Cy5-BSA concentration series was spotted in triplicate by each
pin within each sub-array (i.e. 24 spots total per array field). Array design is
shown in Fig. 3.6 below (Beeton-Kempen et al. submitted).
Each CT100 array was printed on an in-house streptavidin-coated surface
(Nexterion slide H) using a Genetix QArray2 (Genetix Ltd., UK) robotic microarrayer with 8 × 300 mm flat-tipped solid pins (see Supplementary Material for detailed
protocol). After printing, each slide was washed with prechilled blocking solution
(25 mM HEPES pH 7.5, 20% glycerol, 50 mM KCl, 0.1% Triton X-100, 0.1% BSA,
1 mM DTT and 50 mM biotin) and stored at –20°C in storage buffer (same as the
blocking solution except with 50% glycerol and no biotin). Under these conditions
it proved possible to store these slides for up to 3 weeks prior to assay (BeetonKempen et al. submitted).

62

3.8.2

J. Duarte et al.

CT100 Assay Using Patient Serum

A collection of 100 serum samples from a malignant melanoma patient cohort (UCT
HREC Ref number: 240/2011) was subjected to serological assay as follows:
Each serum sample was diluted 1:800 in PBS/0.1% Tween-20 and incubated on
an individual CT100 array (prepared as described above, Sect. 3.8.1) at room temperature for 1 h. Each array was then washed independently with slide buffer
(PBS/0.1% Tween-20). Cy5-labelled goat antihuman IgG (Invitrogen) was diluted
1:100 in slide buffer and incubated with each individual array for 1 h at RT. The
individual arrays were then washed independently in slide buffer, dried and then
scanned immediately using a Tecan LS Reloaded fluorescence microarray scanner
(Tecan Group Ltd., Switzerland). All liquid handling steps were carried out on a
Tecan HS4800 Pro automated hybridisation station (Beeton-Kempen et al. submitted).
The arrays were scanned at a resolution of 20 mm using fixed gain settings of 110,
120, 125 and 135 PMT in order to determine the setting that gave the highest signal
with minimal saturation across all slides.

3.8.3

CT100 Array Data Extraction

Using ArrayPro Analyzer v6.3 software (Media Cybernetics Inc., USA), a grid was
semiautomatically autoaligned over the individual spots on each image file. A constant area feature finder was used across the array surface. ArrayPro was then used
to extract the raw data from each of the spots (in batch processing mode), using a
200-RFU pixel threshold and a .gal file (output from the Genetix QArray2 printer)
containing information about the identity of the sample in each spot. Upon extraction, ArrayPro provided both the mean and median foreground and background
pixel intensities of each spot. This data was then used for further processing and
analysis (Beeton-Kempen et al. submitted).

3.8.4

CT100 Array Data Processing

The net intensity for each spot was calculated by subtracting the corrected neighbourhood median background of surrounding spots from the local median foreground intensity of each spot. The average of the three replicate spots’ net intensities
was calculated to determine the mean signal for each sample. The data was then
filtered to remove all spots displaying saturated signals, signals below the background signal plus two standard deviations noise threshold or where the signals
observed occupied less than 20% of the area of the captured spot. Each array (corresponding to a unique patient serum sample) was inspected, and all array fields
displaying >30% coefficient of variation across the Cy5-BSA spots were excluded
from further analysis and the corresponding samples re-assayed on new arrays.
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Fig. 3.7 Graph displaying the autoimmune profile of Patient 1 pre and post experimental
treatment

Array-to-array normalisation was carried out using the net signal intensities of
the 15 ng/ml biotinylated Cy5-BSA spots of each array and across each slide using
the composite normalisation method developed by our group, as described above
(Sect. 3.6.3 & 3.6.4) (Safari Serufuri 2010). All array images were also visually
inspected for evidence of spot bleeding, washing artefacts or pin sticking, and relevant arrays were excluded from further analysis and the corresponding samples reassayed on new arrays.

3.8.5

CT100 Array Results and Discussion

Serum samples were taken from patients prior to receiving an experimental treatment
(‘screening’) and then following different cycles of treatment (cycles 1, 2, etc.). Not
all patients had the same number of treatment cycles nor were these all carried out at
the same time intervals. Nevertheless, distinct anti-CT antigen autoimmune responses
were observed for the majority of this melanoma cohort prior to treatment, and these
patterns appeared to be modified significantly in response to treatment (see, e.g.
Figs. 3.7 and 3.8). Note that these two patients showed very different autoimmune
profiles prior to treatment as well as differential responses to the experimental treatment. Here, erring on the side of caution, we interpret antigen signals from the array
with net intensity >1,000 RFU as real and significant data. When comparing different
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Fig. 3.8 Graph displaying the autoimmune profile of Patient 2 pre and post experimental
treatment

time points for a given patient, simple statistical calculations (e.g. t-tests or ANOVA) –
based on the triplicate repeat data for each antigen on each array – can be performed
to determine whether the intensity at one time point is significantly different to
that at a later time point. As expected, the number, identity and strength of anti-CT
antigen autoimmune responses varied from patient to patient across our cohort, as
exemplified in Figs. 3.7 and 3.8. In addition, when comparing the autoimmune profile
of Patient 1–2, it is evident that Patient 1 has a noisier array, with nearly all antigens
lighting up between 0 and 500 RFU, while Patient 2 has a cleaner array, with approximately only 30 antigens of interest showing strong signals above 500 RFU. The
biological rationale underlying this observation remains unclear as yet, but it is noteworthy that all signals shown in Figs. 3.7 and 3.8 are significant compared to background. It is also noteworthy that we have previously verified individual anti-CT
antigen responses by Western blot and have also compared our microarray data to
ELISA data for individual antigens where available: in all cases, such comparisons
have provided independent verification of the specificity of our protein microarray
data (data not shown) (Beeton-Kempen et al. submitted). Furthermore, we have also
demonstrated that our CT100 microarray platform shows linearity of response to
anti-CT antigen autoantibody titres across 3–4 orders of magnitude and that it has a
limit of quantitation in the range of 100 pg/ml (data not shown) (Beeton-Kempen
et al. submitted).
The freely available MultiExperiment Viewer (MeV; v4.8.1) software was used
to cluster the above data using the K-means algorithm using the Pearson correlation
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(see Fig. 3.9). N.B. MEV was utilised solely for clustering purposes and not for
normalisation or other data adjustments.
The resultant heatmap (Fig. 3.9) provides a compact visualisation of the data,
which facilitates data interpretation and comparison between patients.

3.9

Conclusions

In this chapter we have highlighted the importance of both experimental and informatic protocols to minimise the influence of variations within microarray data sets
due to non-specific binding, smears, artefacts or high background resulting from
ineffective washing of the array surface, any of which can confound interpretation
of data from a protein microarray experiment. Standardising protein microarray
workflows and methodologies is essential to allow comparison of data generated at
different times by the same or different laboratories.
We have emphasised the deterministic role of an experimental design and suggested the importance of the selection of specific controls, to enable normalisation
of data and to assess background binding effects. With the development of appropriate preprocessing and quality control pipelines for raw array data, qualitative
clustering of patient samples based on their autoantibody profiles measured on
such antigen arrays becomes viable. We note that characterisation of anti-CT antigen autoantibody profiles from a single patient provides qualitative data on CT
antigen expression, while comparison of anti-CT antigen autoantibody profiles
across a timecourse for a given patient enables quantitative data to be generated
on changes in autoantibody titres (Casiano et al. 2006). Factor analysis allows an
unsupervised approach to cluster samples and provides a qualitative measure of
how profiles correlate to a given cluster while also enabling the detection of outlier profiles within clusters. Compared to the K-means method, factor analysis is
more straightforward, since it directly identifies the number of potential clusters
and does not proceed by iterative steps. Factor analysis also provides more reproducible results, which is not always the case with K-means clustering, where final
clustering might depend on the initial cluster assignment – which is randomly
generated – and a sufficient number of iterations. In our experience, the limited
number of control spots typically printed onto custom antigen arrays proved to be
a challenge when determining the appropriate controls to generate a robust normalisation hypothesis, particularly since serum compositions are known to be
strongly patient dependent. Therefore, the future utility of custom antigen microarrays in cancer biomarker discovery research will rely strongly on their design,
which is ultimately linked to the available knowledge on the research question
being addressed in each particular experiment. Despite these challenges though,
the fast evolving protein microarray field has already enabled the identification of
several serum antigens and antibody markers in cancer, although it is worth noting
that validation of such candidate cancer biomarkers has in general yet to be
confirmed (Matarraz et al. 2011).
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Fig. 3.9 Heatmap of Patient
1 and 2 autoimmune profiles
at two time points following
K-means clustering
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Supplementary Material
Methodology
Cloning of Cancer/Testis Antigen Genes
In total, 100 proteins were cloned and expressed for printing on the CT100 array.
Seventy-two of these were CT antigen proteins, while the remaining twenty-eight
were other cancer-associated proteins/proteins of interest. All antigens were cloned
into baculoviral expression vectors and expressed in insect cells.
The following procedure was carried out for insect cell-expressed proteins. The
gene encoding the E. coli biotin carboxyl carrier protein (BCCP) domain – amino
acids 74–156 of the E. coli accB gene (Athappilly and Hendrickson 1995; ChapmanSmith and Cronan 1999) – was amplified by PCR from an E. coli genomic DNA
preparation and cloned downstream of a viral polyhedrin promoter in an E. coli
vector to create the transfer vector pJB1. This E. coli transfer vector system is
derived from pTriEx-1.1 (Novagen). Flanking this polh-BCCP expression cassette
were the baculoviral 603 and 1,629 genes (Zhao et al. 2003), which enabled the
subsequent homologous recombination of the construct into a replication-deficient
baculoviral genome.
Synthetic genes for each of the antigens of interest were obtained from Origene,
Open Biosystems or GeneService. PCR primers were designed for each CT antigen
cDNA such that the stop codon would be removed, enabling it to be cloned into the
pJB1 transfer vector upstream of and in-frame with the 3¢-BCCP tag via ligationindependent cloning methods, replacing the ORF region between the Spe I and Nco
I sites of pJB1 in the process (all primers synthesised by IDT, UK) (Yang et al.
1993). Each resulting transfer vector thus encoded an individual antigen fused to a
C-terminal BCCP tag.
The PCR amplification of each synthetic gene; ligation-independent cloning of
these products into a BCCP tag-containing transfer vector, pJB30; and transformation of this vector into E. coli DH5a were all carried out according to standard
recombinant DNA protocols (Sambrook et al. 2001) and are accordingly not
described here in detail. Successful PCR amplification of each antigen was confirmed
by gel electrophoresis, while successful cloning was determined by sequencing the
relevant regions of each transfer vector (i.e. the region containing the ligated PCR
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products as well as the junctions between these and the BCCP tags) according to
standard protocols and verified against the RefSeq database.

Maintenance and Co-transfection of Sf21 Cells
A replication-incompetent baculovirus vector, bacmid pBAC10:KO1629 (Zhao et al.
2003), was propagated in E. coli HS996 cells, and bacmid DNA was prepared
according to standard procedures. pBAC10/KO1629 was then linearised by restriction
with Bsu361 (New England Biolabs) for 5 h at 37°C, after which Bsu361 was heat
killed at 80°C for 15 min. Five hundred nanograms of undigested pJB1 transfer
vector was then combined with 500 ng linearised bacmid, and the total volume
made up to 12 ml with water. Twelve microlitres Lipofectin (diluted 2:1 in H2O)
was then added to this DNA mix, and the tube was incubated at room temperature
for 30 min. One millilitre serum-free media (InsectXpress, Lonza) was added to
the Lipofectin/DNA mixture. A 6-well plate containing 1 × 106 Sf21 cells/well
(Invitrogen) was prepared and incubated at 27°C for 1 h to allow the cells to adhere.
Excess media were aspirated from the Sf21 cells and replaced with the Lipofectin/
DNA/serum-free mix. The transfected cells were incubated at 27°C overnight. The
media was then replaced with 2 ml InsectXpress media supplemented with 2%
FBS and incubated at 27°C without agitation for a further 72 h. Cells were resuspended by physical agitation and then pelleted by centrifugation at 1,000 × g for
10 min. The supernatant containing recombinant baculovirus was transferred to a
fresh tube and stored at 4°C; this was the P0 stock. The general baculoviral system
used here was adapted from the work of Prof Ian Jones (Reading University, UK)
(Zhao et al. 2003).
Recombinant baculoviral particles were amplified according to standard procedures. Briefly, a 6-well plate was set up with 1 × 106 Sf21 cells/well and incubated at
27°C for 1 h. Excess media were removed and replaced with 500 ml of P0 virus plus
500 ml InsectXpress media supplemented with 2% FBS and incubated at 27°C without agitation for a further 72 h. P1 virus was harvested as described above. A 150-ml
tissue culture flask was seeded with 20 ml of 1 × 106 Sf21 cells/ml and incubated at
27°C for 1 h. Excess media were removed and replaced with 500 ml of P1 virus plus
3 ml InsectXpress media supplemented with 2% FBS and incubated at 27°C for 1 h,
after which a further 25 ml InsectXpress media supplemented with 2% FBS were
added and cells incubated without agitation for 72 h. P2 virus was harvested as
described above. The titre of the P2 viral stock was determined by a SybrGreenbased quantitative PCR assay versus a stock of known titre determined by plaque
assay. Stocks that were found to have low titre were re-amplified.

Expression of BCCP-Tagged CT Antigens
A 24-well deep well plate containing 6 × 106 Sf21 cells/well suspended in 3 ml
InsectXpress media supplemented with 2% FBS and 50 mM biotin was used. 200 ml
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of P2 virus was added, and the plate was incubated at 27°C for 72 h with agitation.
Cells were harvested by centrifugation of the plate prior to lysis. Cells were gently
resuspended and washed in 3 ml of PBS buffer for 5 min, the plate was recentrifuged and the supernatant was discarded; this was repeated three times in total.
Pellets were gently resuspended in 350 ml of freezing buffer (25 mM HEPES,
50 mM KCl, pH 7.5) ensuring thorough mixing of the cells. Cells were aliquoted in
50 ml volumes and stored at −80°C until required for cell lysis. For cell lysis, aliquots were thawed and 50 ml lysis buffer (25 mM HEPES pH 7.5, 20% glycerol,
50 mM KCl, 0.1% Triton X-100, 0.1% BSA, 250 U/ml protease inhibitor cocktail
and 1 mM DTT plus 10 U Benzonase (Novagen)) was added to each; this was then
incubated on ice with agitation for 30 min. Cell debris was removed by centrifugation at 13,000 × g for 30 min at 4°C, the supernatant collected and then stored on ice
for up to 24 h prior to printing.
The protein concentration of the soluble, crude protein extract was determined
by Bradford assay (Bradford 1976) to confirm that effective cell lysis had occurred.
Antigen expression and biotinylation were analysed by Western blot according to
standard protocols (Sambrook et al. 2001). Antigen expression was confirmed using
a mouse anti-c-myc antibody (Sigma-Aldrich) at 1:5,000 followed by a 1:25,000
dilution of goat anti-mouse IgG HRP conjugate (KPL). For more rapid processing,
dot blots were sometimes used (same conditions as for Western blots) to assess
expression prior to array fabrication. Biotinylation of the antigens was confirmed
using a streptavidin–HRP conjugate probe (GE Healthcare) at 1:10,000.

Fabrication of Protein Microarrays
Preparation of Streptavidin-Coated Slides for Printing
A Nexterion Slide H microarray slide (Schott, Germany) was equilibrated to room
temperature and removed from the foil package. A 1 mg/ml streptavidin solution
was made up in 150 mM of Na2HPO4 buffer (pH 8.5). The microarray surface was
immersed in approximately 5 ml of the streptavidin solution for 1 h at room temperature. The slide was removed from the streptavidin solution (which can be reusable successively up to 10 times) and then washed for 1 h at room temperature in
10 ml of 150 mM Na2HPO4 buffer (pH 8.5) containing 50 mM of ethanolamine to
deactivate any remaining amine-reactive groups. The slide was washed for 3 × 5 min
in 10 ml wash buffer and then for 5 min in 10 ml water. The slide was then placed
in a 50-ml Falcon tube and centrifuged at 1,000 × g for 5 min at 20°C until dry.
Streptavidin-coated slides were placed into slide boxes, sealed in Ziploc bags and
stored at −20°C.
As a QC test, one streptavidin-coated slide per batch was incubated for 1 h with
a solution of Cy5-biotinylated BSA (10 mg/ml in PBS), washed and scanned; this
demonstrated that with this procedure, we can readily achieve CVs of 2–3% across
the print area of the slide surface, judged by analysis of a virtual grid of 576 evenly
distributed spots.
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CT Antigen Microarray Fabrication
The expression and biotinylation of the various antigens were confirmed using
SDS-PAGE- or dot blot based Western blot analysis prior to printing and crude
lysates were then diluted with PBS containing 40% sucrose (sucrose was included
to increase the surface tension and to reduce spreading of printed droplets). Forty
microlitres of the crude protein extract for each BCCP-tagged protein to be arrayed
was transferred into individual wells of a 384-well V-bottom plate. The plate was
centrifuged at 4,000 rpm for 2 min at 4°C to pellet any cell debris that may have
carried over from cell lysis. The plate was then stored on ice prior to the microarray
print run, and during printing it was kept at 4°C.
Replica CT100 arrays were printed in a 4-plex format (i.e. 4 replica arrays per
slide), using crude cell lysates. Each of the 72 CT antigens and the 28 TA antigens
were printed in triplicate within each array. Several different controls were also
included in each array. The positive controls included 50 ng/ml biotinylated human
IgG (Rocklands Immunochemicals Inc.). The negative controls included biotinylated 200 ng/ml sheep IgG (Rocklands Immunochemicals Inc.) and an ‘empty vector’ lysate control consisting of a crude insect cell lysate containing the BCCP-tag
alone with no recombinant fusion partner. In addition, three different concentrations
(5, 10 and 15 ng/ml) of biotinylated Cy5-BSA were included in each sub-array for
slide orientation and signal normalization purposes.
Each CT100 array was printed on home-made streptavidin-coated microarray
slides (prepared as above) using a Genetix QArray2 robotic arrayer (Genetix Ltd.,
UK) equipped with 8 × 300 mm flat-tipped solid pins. Each array was printed as a set
of eight 7 × 7 blocks, with each block printed by a different pin. The printing procedures were carried out at room temperature, while the source plate was kept at 4°C,
and the atmosphere in the print chamber was humidified to ~50%. The arrays were
printed using the following key QArray2 settings: inking time = 500 ms, microarraying pattern = 7 × 7, 500 mm spacing, maximum stamps per ink = 1, number of
stamps per spot = 2, printing depth = 150 mm, water washes = 60 s wash and 0 s dry,
ethanol wash = 10 s wash and 1 s dry.
After printing, each slide was washed for 30 min with 50 ml prechilled blocking
solution (25 mM HEPES pH 7.5, 20% glycerol, 50 mM KCl, 0.1% Triton X-100,
0.1% BSA, 1 mM DTT and 50 mM biotin) and then stored at −20°C submerged in
storage buffer (25 mM HEPES pH 7.5, 50% glycerol, 50 mM KCl, 0.1% Triton
X-100, 0.1% BSA and 1 mM DTT).

Verification of Immobilisation of BCCP-Tagged Proteins to Array Surface
Following standard protocols for Western blots, it is possible to verify the successful immobilisation of biotinylated proteins to the array surfaces, as follows. Mouse
anti-c-myc antibody was diluted 1:1,000 in 1 ml PBST containing 5% fat-free milk
powder. The protein array was removed from wash buffer and equilibrated in PBST
at room temperature for 5 min. The PBST was drained away and 5 ml antibody solution
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was added to the array, which was then incubated with gentle agitation at room
temperature for 30 min. The array was washed for 3 × 5 min with 1 ml of PBST.
Goat anti-mouse antibody-HRP conjugate was diluted 1:1,000 in 1 ml milk/PBST.
The antibody solution was added to the array, and the array was incubated with
gentle agitation at room temperature for 30 min. The array was washed for 3 × 5 min
with 1 ml of PBST and then submerged in 5 ml of chemiluminescent detection
reagents (Pierce). After 1 min, the slide was placed in a 50-ml Falcon tube and
centrifuged for 30 s to dry. In a dark room, the array was placed against autoradiography film for varying lengths of time before developing the film.
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