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ABSTRACT

The spontaneous production of autoantibodies against tumour-derived proteins has been
observed in the most, if not all cancer patients and they seem to be very attractive biomarkers
for the diagnosis, early detection and prognosis of cancer and prediction of response to
immunotherapy. However, so far their clinical utility has been hampered by the low frequency
of antibodies against each individual antigen, heterogeneity of the autoantibody repertoire and
its overlap with that in the response to tissue damage by viral infections or autoimmune
diseases. These limitations at least partially could be overcome by exploiting protein
microarray technology that allows detecting the autoantibodies against thousands of antigens
simultaneously using a microliter of serum and hence represent a valuable tool for exploring
autoantibody profiles in human sera and defining autoantibody signatures with the diagnostic
or prognostic relevance.

This thesis is focused on the development of technology for the production and
processing of phage-displayed antigen microarrays and procedures for the data analysis, and
their application for the exploration of autoantibody profiles in patients with gastric cancer
(GC), gastric inflammatory diseases and healthy individuals, and assessment of humoral
immune response against sperm-associated antigens.

At first, series of experiments were performed to select the most suitable slide surface
chemistry, printing conditions and the optimal method for amplification of phages, and to
optimise the serum and antibody dilutions, incubation times and method of pre-absorption of
serum. After having established the reproducibility of the technique, we applied it for the
characterization of the humoral immune response against a heterogeneous group of proteins
called sperm associated antigens (SPAG) that are commonly expressed in male germ cells, are
capable to elicit immune response underlying infertility, and several of them recently have
been shown to be expressed in cancers and proposed to be implicated in the development of
cancer. Cancer-associated spontaneous humoral immune response was detected against
SPAG1, SPAG6, SPAGS and a novel testis-restricted splice variant SPAG17-A1 that allowed
to classify them as novel CT antigens with potential relevance as immunotherapeutic targets
and serological biomarkers.

Next, 1150-feature antigen microarrays were produced by printing the recombinant
phage particles from the previously established cancer antigen clone collection on FAST
slides and applied for the exploration of autoantibody profiles in melanoma patients and
healthy individuals. Initial data analysis demonstrated that the conventional methods, such as
LOWESS or OLIN commonly used for the normalisation of DNA microarray data and the
standard statistical methods such as t-tests and regression analysis as well as the artificial
neural network-based approaches that are widely used for the analysis of gene expression
data, are not suitable for the analysis of antigen microarray data. Next, we evaluated the
performance of support vector machines (SVM)-based approach with an improved kernel for
the generation of biomarker model for discriminating sera from melanoma patients and
healthy controls. Although, the improvement of SVM with ranking-based topological kernel
resulted in higher classification accuracy, detailed examination of the biomarker model
showed that it is based on the detection of small but consistent differences in the signal
intensities between the cases and controls. In our opinion, the biological significance of such
differences is unclear and the development of clinically applicable biomarker assay based on
such model would be technically extremely challenging. Therefore next, we endeavoured to

1



establish the procedures for the data normalisation, defining cutoffs that allow to discriminate
between sero-positive and sero-negative cases, and ranking of antigens considering the signal
intensity and the frequency of reactivity. This approach was applied for the survey of
autoantibody profiles in patients with GC, gastric inflammatory diseases and healthy
individuals and resulted in the identification of 45- autoantibody signature that could
discriminate between GC and healthy control sera with 74.5% accuracy (AUC of 0.79, 58%
sensitivity and 91% specificity), GC and peptic ulcer with 73.0% accuracy, and GC and
gastritis with 63.5% accuracy. Moreover, it could detect early GC with equal sensitivity than
advanced GC thus demonstrating its relevance for the early detection of GC. Interestingly, the
autoantibody production did not correlate with histological type, H. pylori status, grade,
localization and size of the primary tumor while it appeared to be associated with the
metastatic disease.
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INTRODUCTION

Despite the enormous progress in the understanding of pathogenesis and molecular
mechanisms of cancer, it remains a major health burden and the second leading cause of death
worldwide. It accounts for ~7.6 million deaths (~13% of all deaths) per year worldwide and
these figures are projected to continue to rise over 11 million in 2030 (1). Early detection and
improved management of cancer patients are of paramount importance for the reduction of
cancer mortality. Advancements in the early detection can be achieved by implementing
systematic screening programmes for an asymptomatic population or improving diagnostic
approaches for specific target groups that would allow to start the treatment before the disease
has spread beyond the original site and complete, curative resection is possible in the most
cases of solid tumours. Hence, the identification of cancer biomarkers that could be detected
in body fluids such as plasma, serum or urine and are suitable for the development of non-
invasive or minimally invasive tests applicable for the screening programmes, diagnosis,
prognosis, monitoring or prediction of response to therapy would represent a significant step
towards the reduction of morbidity and mortality caused by cancer. The discovery of prostate
specific antigen (PSA) more than 30 years ago and its application in the screening, diagnosis
and monitoring has changed the way how prostate cancer is diagnosed and treated (2).
However, despite the extensive interest it triggered, few other serum biomarkers have been
introduced to the clinic since that and there are many difficult-to-diagnose cancers, such as
gastric cancer, for which no reliable biomarker assays are currently available.

Humoral immune response against cancer-derived proteins has been detected by the
classical or modified SEREX (serological identification of tumour antigens by recombinant
expression cloning) approaches in all cancer types analyzed so far (3,4). Autoantibodies, due
to their specificity and stability in sera, seem to be very attractive targets for the development
of non-invasive serological tests for the diagnosis of cancer. In contrary to the currently know
serum biomarkers such as PSA, CEA or CA19-9, they are qualitative not quantitative
biomarkers, which implies higher specificity. Furthermore, there is some evidence that the
autoantibodies can be detected as early as several years before the clinical diagnosis (5) that
demonstrates their value for the early detection. Moreover, even if they by themselves may
have a minor role in the anti-tumour immune response, the autoantibody profile likely reflects
the repertoire of activated CD4+ T cells, presumably, including both, the helper cells and the
regulatory T cells. Hence, they may turn out to be valuable biomarkers for monitoring
patient’s response to immunotherapy. However, so far the development of autoantibody-based
biomarker assays has been hampered by several factors: the frequency of antibodies against
any individual TAA is generally relatively low, typically ranging from 1 to ~15%;
autoantibody repertoire is heterogeneous and to some extent resemble the response to tissue
damage by viral infections or autoimmune diseases, and autoantibodies against a number of
TAAs, such as CTAGIB, TP53, ¢c-MYC etc. are found in patients with different types of
cancer (6-9). At least partially these limitations could be overcome by applying high-
throughput proteomic techniques to cancer serology that allows definition of a comprehensive
set of antigens in each type of cancer and analysing the whole autoantibody repertoire in
patients’ sera. In a previous study we applied T7 phage display-based SEREX technique to
define the repertoire of antigens eliciting the autoantibody production in melanoma, breast,
gastric and prostate cancer patients. This resulted in the identification of over 1300 different
serum-reactive phage clones encoding known cancer-testis (CT) antigens such as
CTAGI1B/NY-ESO1, MAGEA, SSX2, DDX53, HORMADI etc., a number of non-CT
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antigens that have been previously identified by applying conventional SEREX to various
tumour types (ANXAI1l, LIGl, HDLBP, SC65, KTN1, TPM3, ZNF282, EEF1A1l etc),
several ribosomal proteins and heat-shock proteins known to elicit humoral response both in
cancer patients and patients with autoimmune diseases but the rest of the natural ORF
antigens have not been previously implicated in autoimmune responses. However, the
majority of the serum-reactive clones contained cDNAs fused to the phage coat protein 10B
in a different reading frame, 5° or 3> UTRs, ribosomal RNA genes or mitochondrial DNA,
thus expressing 4 to 80 aa long peptides that likely represent mimotopes. The nature of the
antigens they represent is not known as they may mimic protein as well as non-protein
antigens of cancer or normal cells or various pathogens.

The main objectives of the current study were:

* To develop technology for the production and processing of phage displayed antigen
microarrays.

* To evaluate the performance of support vector machine (SVM) with improved kernel
for the generation of biomarker models for the diagnosis of cancer.

* To develop procedures for the normalisation of microarray data, defining cutoffs that
allow to discriminate between sero-positive and sero-negative cases, and ranking of
antigens considering the signal intensity and the frequency of reactivity.

* To apply the phage displayed antigen microarray technology and the data analysis
approach for the exploration of autoantibody profiles in gastric cancer and
identification of autoantibody signature with the diagnostic relevance, and assessment
of humoral responses in patients with various cancers against a family of sperm-
associated antigens (SPAG).



1. LITERATURE OVERVIEW

1.1. Nature of Cancer

Cancer or malignant neoplasm is the class of diseases defined by uncontrolled growth of
cells and formation of metastasis (10). Cancer development is a complex multistage process,
associated with the aggregation of genetic and epigenetic changes in the cells, leading to the
transformation of normal cell into the cancer (11).

In 2000, Douglas Hanahan and Robert A. Weinberg have proposed six major features
(“hallmarks”) acquired by cancer cells: self-sufficiency in growth signals, insensitivity to
antigrowth signals , evading apoptosis , limitless replicative potential, sustained angiogenesis
and tissue invasion and metastasis (12).

Self-sufficiency in growth signals.

The ability to unlimited proliferation, sustained by proliferative signal, is the
fundamental characteristic of cancer cells. Cells of multicellular organisms require
extracellular signal to move to proliferative state. This prohibition can be bypassed in four
ways. The necessary growth factors can be produced by cells themselves, the signal can be
received from normal cells of cancer-associated stroma, which supplies the cancer cells by
various growth factors or the signal can be enhanced by amplification of cell surface receptors
as well as by acquisition of independence from growth factors (13,14). The structural change
of receptor molecule or persistent activation of components of signaling pathways
downstream from receptor in the circuit can be as example of such independence.

Insensitivity to antigrowth signals .

Cellular homeostasis is maintained in the tissue through the correct responses to inter-,
extra-, and intracellular antigrowth signals. In normal cells, TGF-, acting through signaling
network, stops the cell cycle, induce differentiation, or trigger apoptosis. Cancer cells bypass
this replicative barrier, and acquire the ability to divide indefinitely by mutations or
downregulation of TGF-B receptors, inactivation of SMAD4 or pl15™“® (15). TGF-B due
these changes frequently convert from a supressor of tumor formation to promother of
metastasis in late stage tumors (15). Contact inhibition is a process of arresting cell growth
when two or more cells come into contact with each other. Cancer cells typically lose this
property due deregulation of LKB1 or Merlin pathways (16,17).

Evading apoptosis .

The cells can induce the senescence or apoptosis as the response on the excessively
elevated signaling. Consequently, the relative intensity of proliferative signaling in tumor is a
compromise between stimulation of growth and escape of these antiproliferative defense.
Cancer cell may try to avoid limitation by changes in pathways of senescence or apoptosis
(18,19). The inactivation of tumour suppressors is common in cancers and can be detected in
majority of malignant tumors. Because activation of tumour suppressors, such as TP53, can
halt a cellular cycle or trigger the program of apoptosis, it is necessary for a cancer cell to
inactivate them. The TP53 regulates the transcription of many different genes in response to a
wide variety of stress signals or abnormality sensors (20). The cell can also loose the function
of TP53 itself or increases the expression of antiapoptotic regulators (Bcl-2) and survival
signals (21). The proliferative signaling can be enhanced by the defects of negative-feedback
loops, normally involved in homeostatic regulation (22).

Limitless replicative potential.

The telomerase, specialized DNA polymerase responsible for lengthening of the ends of



telomeric DNA, was detected in overwhelming majority of cancer cells the opposite to normal
differentiated cells where it is not expressed (23). The telomeres play a key role in the ability
of unlimited proliferation as suspected in different observations. So it is extremely important
that the activity of telomerase is enabled by cancer cells. Perhaps the induction of telomerase
is delayed or increases gradually, and due this process the cancer cell can get necessary
genetic instability by deletion of chromosomal segments (24). The enhancement of cell
proliferation, involvement in DNA repair and resistance to apoptosis are another additional
features of telomerase (25,26).

Sustained angiogenesis.

The ability of tumour to induce the angiogenesis (process of formation of blood vessels)
is another important factor for tumour growth up to macroscopic size. Known inducers of
angiogenesis as VEGF-A and TSP-1 upregulated in the tumor tissues chronically (27,28).

Tissue invasion and metastasis.

The process of invasion and metastasis includes the following steps: the local invasion,
the intervasation into the surrounding blood and lymphatic vessels, the escape of cancer cells
into the parenchyma of distant tissues, the foundation of small nodules and finally growth of
micrometastases into the macroscopic colonies (29). The cancer cells get the necessary
properties using the program of epithelial-mesenchymal transition. Normally this program is
used by fetal cells at the earliest stage of formation of body and differentiation of multiple
tissues, as well as for the wound healing and repair of adult tissues (30). The existence of
interaction between the distant metastases, primary tumor and cells of tumor stroma as well as
its importance in metastasis has been shown in many observations (31). The majority of
disseminated cancer cells are not entrenched in the new tissues due to changed conditions,
which they have not been adapted to. One of opinion is that in case of new environment these
cells need to create a new set of features for adaptation. As the result the development of other
types of cancer and following reverse metastasis into primary tumour occurs (32,33).

Sustaining Evading
proliferative growth
signaling suppressors

Resisting Enabling
cell replicative
death immortality
Genome umor
instability & ' promotmg
mutation inflammation
Inducing Activating
angiogenesis invasion &
metastasis

Figure 1. The hallmark features acquired by cancer cells. Adapted from Hanahan &
Weinberg, 2011.



The modern theory extend the list of the features acquired by most of cancer cells by
including two additional hallmarks: reprogrammed energy metabolism and avoiding immune
destruction. Genome instability and tumour-promoting inflammation were established as
enabling characteristic, that assist in obtaining of other hallmarks (34).

Reprogrammed energy metabolism.

In actively growing tissues, such as fetal tissue and tumours, metabolic regulation tends
to differ from the normal adult tissues. They consume more glucose to produce lactate, even
in the presence of ample oxygen. This phenomenon, known as the Warburg effect, enables
rapidly dividing tumor cells to generate essential biosynthetic materials such as nucleic acids,
amino acids and lipids from glycolytic intermediates (35).

Avoiding immune destruction.

Several lines of evidence suggest that at the beginning when genetic and epigenetic
structural changes occurs in a single cell, the pre-neoplasm will be destroyed in case of
significant immunogenicity and active immune system. The cancer with high amount of
genetic changes contains new antigenic epitopes generated due to the expressed proteins. The
immune system is able to recognize such tumour cells, classify them as foreign and activate a
protective response, although the tumour cells are capable to develop characteristics that
allow avoid the immune response (36). Tumors can escape from the immune response by
process called immunoediting. This process consists of three phases: elimination, equilibrium
and escape (37,38).

Elimination Equilibrium

Genetic instability/tumor heterogeneity

Immune selection

Figure 2. Cancer immunoediting include three process. (a) Elimination corresponds to
immunesurveillance. (b) Equilibrium represents immunoselection of tumour cell variants with
increasing capacities to survive immune attack. (¢) Escape is the process wherein the
immunologically sculpted tumour actively suppress the immune response and expands in the
immunocompetent host. In panel a and b: developing tumour cells (blue), tumour cell variants
(red), underlying stroma and nontransformed cells (grey), cytokines (small orange circles),
white flashes represent cytotoxic activity of lymphocytes against tumour cells. In panel c:
additional tumour variants (orange) that succeed to overcome immune pressure. Adapted from
Dunn, Bruce, Ikeda, Old & Schreiber, 2002.

During the elimination phase, tumor-specific antigens trigger an immune response,

which leads to the destruction of neoplastic cells, preventing development of cancer. The
equilibrium phase of immunoediting describes a dynamic balance between the immune
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system’s containment of the tumor and acquisition of immune evasive strategies by subsets of
cancer cells (39). Cancer cells evade immunesurveillance via two general ways:
immunoselection and immunosubversion. Immunoselection is a selection of non-
immunogenic tumour-cell variants. This process leads to down-regulation of MHC molecules
or loss of expression of antigens recognized by the immune system and therefore reduced
immunogenicity. Immunosubversion is a process by which tumor cells suppress the immune
system through a complex network, leading to specific or generalized tolerance. The immune
system contributes to tumor progression by selecting for the most aggressive clones or
stimulating tumor cell proliferation (40). The tumor-induced tolerance is associated with
expansion of non-functional T cells and suppression of other immune effector cells (41).

Genome instability.

The genes regulating cell growth and its differentiation must be altered within the
transformation process of normal cell into the cancer cell. Genetic changes can be caused by
carcinogenic factors — the radiation, the chemicals, infectious pathogens and specific
endogenous reactions such as respiration and oxidative lipid peroxidation (10). The mutations
can be accumulated by cells in case, when system of DNA repair fails (10). Epigenetic
changes have been shown to play equally important role in the formation of malignancy
(42,43). DNA methylation pattern in the cancer cell is altered leading to genome-wide
alterations in the gene expression profiles as well as may contribute to the chromosomal
instability (44). Epigenetic changes have been detected in the early stages of tumour
formation and also in the normal tissues prior transformation to the cancer cells.

Tumour-promoting inflammation.

Paradoxically, the recent studies show that many immune system cells as macrophages,
neutrophils and mast cells, as well as myeloid progenitors infiltrate tumour and help to
maintain the angiogenesis as well as release the growth factors (27). The local tissue damage
due to increased cell mass pressure on the surrounding tissues takes place at the time when the
tumour is getting bigger and the tissue homeostasis is disturbed. As a result a variety of
inflammatory factors, attracting immune cells have been produced. This leads to release of
cytokines, chemokines and reactive oxygen compounds by macrophages and mast cells
inducing the inflammation and infiltration of other immune cells, such as dendritic cell, into
the tumor. The inflammatory process and formation of a stroma around the tumour can be
induced by recruiting cells of innate immune system and normal cells of surrounding tissues.
These cells, as recent studies show, are active participants in the process of formation of
cancer, rather than passive bystanders (34). Due to inflammatory process these cells form the
tumour associated stroma, providing the growth and survival factors, inducing the signals of
activating of EMT and even acting as immunosuppressors (31,45). The modern theories of
carcinogenesis suggest consider the cancerous tumour and surrounding supportive
microenvironment joined (34).

It is well known that solid tumours are heterogeneous by histological structure and
consist of a wvariety of tumour cells, the surrounding stroma, the vasculature, and
inflammatory infiltrates, etc. Besides the populations of different types of cells present in the
hematological malignancies as well as in the solid tumours, the subpopulation of cells with
properties of stem, known as cancer stem cells (CSC), has been found. Subsequently, the
cancer stem cell theory of carcinogenesis was created (46-48). This cell population is
responsible for the following features of the tumour: the ability to self-regeneration, to
metastasize, and recur of infiltrative growth, as well as resistance to chemotherapy and
radiation treatment (49,50). The CSC can differentiate into a variety of cell types depending
on the origin of tissues (51). Most of the studies show that CSCs is only a small minority of
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the cells in a cancer (52), however in some cases of melanoma the CSC proportion can reach
even 25% (53). The wide variation of proportion of CSC (from 20% to virtually all cells) has
also been demonstrated in a colorectal cancer study (54). There is a hypothesis that these cells
are formed by normal stem cells or progenitor cells as a result of transformation process
influenced by mutations or epigenetic changes (55).

1.2. Biomarkers

Biomarkers can be defined as a parameter that is objectively measured and evaluated as
an indicator of normal biologic processes, pathogenic processes, or pharmacologic responses
to a therapeutic intervention. The cancer biomarkers might be secreted by tumour itself or by
the body as specific response to the cancer. For cancer diagnosis, prognosis and epidemiology
the genetic, epigenetic, proteomic, glycomic and imaging biomarkers can be used.

The significant genetic, chromosomal and epigenetic changes as well as deregulation of
the processes of splicing, translation and the activation of microRNA are ongoing in the
cancer cells. This leads to appearance of protein atypical for normal tissues and wide
oscillations of expression level of protein, found in normal tissues in small amount. These
markers can be assessed in the biofluids collected non-invasively.

The tumour diagnostic biomarkers are used for general population screening, tumour
volume estimation, differential diagnosis in symptomatic patients and clinical staging of
cancer. Predictive biomarkers help to evaluate treatment response. Prognostic biomarkers
indicate disease progression regardless of the type of treatment or lack of treatment (56).
Unfortunately, there are not many reliable serum biomarkers currently in use at the clinic and
tissue-based markers require an invasive procedure to obtain the samples for diagnostic
purposes. However, majority of tumour biomarkers has low sensitivity, as its expression is
increased in fewer than 50% of early-stage for most studied markers, as CA125 for ovarian
cancer that has also been proposed as a possible screening test for this disease.(57,58).

One of the well — known examples of biomarkers widely used in diagnostic population
screening is Prostate-Specific Antigen (PSA). It is a tumor marker discovered in 1980 and
routinely tested in blood samples (59). The PSA is not prostate cancer specific and may be
present in the normal prostate at the same levels as in the prostate cancer. Despite these
limitations, the PSA screening has been implemented to the practice, although 17% of men
with normal levels of PSA in blood have cancer cells within the prostate (60), and 78% of
men, who has PSA level higher than 4 ng/ml, do not have prostate cancer (61). Many early
stage patients with prostate cancer undergo radical treatment due to the lack of reliable
biomarkers, which would allow to differentiate aggressive cancers from the relatively indolent
and slowly progressing cancers (62).

Serum pepsinogen test based on the combination of the serum pepsinogen I level and
pepsinogen I/II ratio and presence of Helicobacter pylori are the known biomarkers for
diagnosis of gastric cancer. They both quantitative biomarkers and show relatively low
specificity. Serum pepsinogen test show a sensitivity 77% and specificity 73% at pepsinogen |
level < or = 70 ng/ml and pepsinogen I/II ratio < or = 3 (63). SPT has strong correlation with
intestinal-type cancer (63).

A list of known serum gastric cancer biomarkers includes CEA, CA 19-9, CA50 and CA
72-4, all of which exhibit generally low sensitivity (<50%), especially for early stages (<20%)
of GC (64-68). However, these biomarkers are shared between different types of cancer
showing higher frequency in other, such as pancreatic, cancers (69). Not surprisingly, such
biomarkers don't have a significant role in gastric cancer diagnosis and screening and are
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more frequently used for the prognosis of recurrence after resection (64-68,70).
Several observations attribute to the CEA, CA19-9, CA50 and CA72-4 highest diagnostic
accuracy 0.53, 0.64, 0.59 and 0.75, respectively (64-68,71-73).

1.3. Autoantibodies

The tolerance against self-antigens is the critical function of immune system. The
breakdown of self-tolerance leads to autoimmune disease involving appearance of
autoantibodies, chronic inflammation and tissue destruction. The presence of autoantibodies is
not exclusive for autoimmune disease. Most if not all patients’ cancer sera contains the
antibodies against tumor-derived proteins (3,74). The autoantibody repertoire is very
heterogeneous and shared between cancer and autoimmune disease patients (6). The humoral
immune response against self-antigens has the same features as the immune response referred
to foreign antigens: high specificity to antigen, affinity maturation and immunoglobulin class
switch from IgM to IgG (75).

If the immunosurveillance is a general phenomenon, the immune response is likely to
occur before a clinically detectable cancer (37). In fact, several observations indicate that the
antibodies to tumor-associated antigens occur long before the clinical symptoms (76-78).
However, the mechanisms of production of autoantibodies and their biological significance
are not completely understood. Many evidences show remarkable association of chronic
inflammation and the development of cancer (6,9).

The only small part of autoantibodies react with antigens exclusively expressed in
cancer cells, more frequently the autoantibodies recognize the self-antigens. The tumour
specific antigens can be divided into the oncogenic viral proteins and altered proteins (neo-
antigens), which appear in the cancer cell due to the genetic instability and deregulation of
mRNA splicing (79). Tumor-associated antigens include overexpressed proteins that normally
are expressed at very low levels.

The autoantibodies against many TAA, for example CTAG1B, TP53, c-MYC, cyclin Bl
have been found in patients with different type of cancer (80). The cancer-testis (CT) antigens
normally are expressed only in the immune-privileged tissues or during the fetal development.
Autoantibodies against CT antigens have been associated with a poor prognosis. Antibodies to
NY-ESO-1 (one of the CT antigens) has been shown to correlate with volume of tumour
present in body (81), progression of disease in melanoma (82) and lower overall survival in
prostate cancer (83).

The antigen p53 represents one of the best-studied tumor antigen. The TP53 tumor
suppressor gene is a protein most frequently mutated in human cancers. Because mutated
TP53 can induce an immune response and can occur early in the carcinogenic process for
some tumors, p53 autoantibodies are the remarkable diagnostic biomarkers of cancer (84).
Several studies indicate correlation between p53-specific autoantibodies and decreased overall
and progression free survival in breast, lung, colon, and oral cancer (85,86), but in
hepatocellular carcinoma, it has been suggested that the presence of p53-specific antibodies is
associated with the increased overall survival, when compared with the antibody-negative
patients (87).

Autoantibodies to CEA, CML66 and SOX1 show correlation with better outcomes in
cancer patients (88-90).
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14. Microarray technology

Since its invention in 1995 (91), the microarray technology has become a principal tool
for high-throughput detection of gene expression and analysis within scientific research and
clinical studies. The microarray consist of an arrayed series of microscopic spots with a small
amount of either DNA, protein, or carbohydrate target molecules immobilized on a solid
medium (generally glass or plastic slides). Whichever the immobilized molecule in a probe is,
all microarrays are based on the same principle as southern and dot blot is: the affinity of a
sample to the probe allowing the evaluation of molecule/molecule interactions, but in
comparison to a dot blot, microarray has a much larger scale. The possible pairs of
interactions are DNA/DNA, DNA/protein, protein/protein, antigen/antibody and others. The
samples such as serum specimen are labeled by the fluorescent tag molecule. The molecules
immobilized in the microarray can then bind the target if present. The pattern of fluorescence
is representative of the sample under test. This technology allows to test thousands of probes
simultaneously. The commercial DNA microarrays can have up to 4.2 million features
(Nimblegen 4.2M CGH arrays) allowing the evaluation of the whole genome in a single
experiment.

The applications of protein microarrays include the expression profiling, serum-based
diagnostics, protein / protein binding assays, and drug / target binding. Three different kinds
of protein microarrays currently exist: the analytical protein microarrays, functional
microarrays, and reverse-phase microarrays. The analytical protein microarrays are
constructed by arraying of antibodies or non-folded antigens on a glass slide, which is then
tested with a protein solution. This methodology is used to measure protein expression levels
in a solution, similar to the sandwich ELISA technique. The functional protein microarrays
consist of a full proteins or protein domains attached to a layer of a porous polymer
(polyacrylamide, agarose, or gelatine) on solid medium. They are used for studying protein
interactions with other proteins, macromolecules, or small molecules. The reverse phase
protein microarrays (RPMA) correspond to the miniaturization of dot blot. In RPMA, proteins
of interest such as recombinant proteins in purified form or in cell lysates or plasma are
spotted onto a glass slide, and then the arrayed targets are tested by using antibodies against
the protein of interest or sera. The complexity in comparison to DNA microarray is the main
challenge of protein microarrays.

Although RPMA may be viewed by some experts as the microarray technology
analogous to DNA microarrays, protein microarrays are technically in a distinct class due to
the signal variability across the array (92). DNA microarrays are expected to have virtually
identical mRNA levels for all samples, whereas protein microarrays can be markedly different
total protein and target protein concentrations in different samples (92). The concentration of
a protein is important for signal-to-noise ratio.

The technical variations occurred at manufacturing, processing and scanning
microarray, such as probe labelling, incubation conditions, washing, signal and background
detection, slide surface and batch effects, lead to a biased analysis of microarray data.

The normalization algorithms for microarray data include two different steps: within
array and interarray normalizations. Within array step can include global and/or local types.
The conventional methods for intra-slide normalisation are global, quantile and LOWESS
normalizations.

All normalization algorithms assume that less than 20% of probes vary between arrays.
Traditionally for verification and visualization of quality of normalized data use MA plots
where on the X axis: A= (log:R + 10og>G)/2 and on the Y axis: M= log,R-log,G.

The global normalization refers to method where intensity of each spot is scaled by an
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array specific constant so that the mean/median of all arrays is the same.

The quantile normalization suggests that the intensities of each array have the same
distribution. For the quantile normalization the highest value on all arrays becomes the mean
of the highest values, the second highest value becomes the mean of the second highest
values, and so on.

LOWESS stands for Locally Weighted Linear Regression. It is based on the MA plot. It
takes in all the data points, log transforms data and fits them to localize linear regression line.
Then, the cut-off is applied, dismissing spots whose signal and control are both below the cut-
off (93).

The conventional methods of the analysis of microarray data is a fold change, t-test,
analysis of variance (ANOVA), clustering, regression analysis, maximum likelihood and
classification. The most widely used classifiers are Artificial Neural Networks, Gaussian
Mixture Models, Naive Bayes, Decision Trees, RBF classifiers, K-Nearest Neighbours and
Support Vector Machines.

The Support Vector Machines (SVM) dominates as the most popular technique for
multicategory classification of microarray data (94), significantly out performing other
classifiers. The Support Vector Machines is the “state-of-the-art” machine leaning approach
that uses Statistical Learning Theory for successful implication of the best possible separation
of two classes in the binary classification task. This approach could be easily extended for the
multicategory classification purposes as well. The basic idea of SVMs is inferred as follows:
find two parallel hyperplanes in the hypothesis space with the largest possible margin such
that the majority of data points of the class “+1” is located in the first half-space (separated by
the first hyperplane) and the majority of other data points (denoted by class “-17) in the
second half-space (NB: we should note that in between of these half-spaces exists a margin-
area that is maximized by the SVM optimization problem). The extensions of SVM method
suppose hard-margin, soft-margin cases as well as a nonlinear separation using so-called
“kernel trick” that transfers initial hypothesis space to possibly infinite one with perfectly
available separation. This trick enables SVM with direct embedding of similarity measures
encoded into kernels via “kernel trick”. As close is this measure to the original classification
problem and original distributions of similarity among samples as precise and accurate will be
final generalization ability of SVM. For more detailed information about theory of SVMs or
applications for microarray data analysis refer to (94,95).
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2. MATERIALS AND METHODS

2.1. Serum samples

Serum samples and information about the clinical status of patients with melanoma,
gastric, lung, breast and prostate cancer as well as healthy individuals and patients with
gastric inflammatory disease were received from Genome Database of Latvian population.
Another set of sera of patients with gastric cancer were collected at Latvian Oncology Center
and Clinic of Gastroenterology, Hepatology and Infectious Diseases, Otto-von-Guericke
University Magdeburg, Germany.

The serum collection includes 39 breast, 24 lung, 339 gastric, 52 prostate cancer, 190
melanoma, 313 healthy controls, 150 patients with gastric inflammatory disease.

All samples were stored at -80°C.

The tissue and serum specimens were collected after the patients’ informed consent was
obtained in accordance with the regulations of Committee of Medical Ethics of Latvia and the
ethical committee of the Otto-von-Guericke University Magdeburg.

2.2. Printing protocol

E.coli BLT5615 cells were grown from fresh culture until OD600 reached 0.8, the
expression of the phage coat protein 10B was induced by IPTG for 30 minutes, aliquoted in
96 deep-well plates (Whatman, 500mkl per well) and infected with Smkl of low-titre
monoclonal phage stocks, grown at 37 °C, 220 rpm until complete cell lysis. Then 6.4%
glycerol was added and plates were centrifuged to remove cell debris and subjected to PCR-
based quality control. The lysates were clarified by centrifugation and arrayed in 2 replicates
onto nitrocellulose-coated FAST slides (Whatman) with a QArray Mini microarrayer
(Genetix) using a protocol adapted for printing protein microarrays:

maintained air humidity 45-55%,

DNA microarray protocol with the following wash cycle of needles:

4x 1.55 0.05% Tween

4x 1.5s double distilled water.

2.3. Processing of antigen microarrays

Dry slides for 30 min at +37°C, store at +4°C;
Day 1:
. Make serum dilutions 1:200 in TBS, 0.5% Marvel:
Prepare 5% Marvel in TBS, 0.05% Tween (0.5g/10ml)
Serum-dilution buffer (7 ml): 5.7 ml TBS
0.7 ml 5% Marvel
0.3 ml E. coli-T7 phage lysate
0.3 ml E. coli-T7-C3-Strep phage lysate
Aliquot 200 pl in 2.2 ml deep-well plates +1 pl serum
Incubate on shaker (200 rpm) at +4°C.

Day 2:
. Blocking: 7% Marvel in TBS, 0.05% Tween (0.7g/10ml TBS, 0.05% Tween).

16



Put slides in incubation plates, pour over blocking buffer (10ml for 10x10cm plates),
incubate 1h, RT, 38 rpm on shaker. Pour off the blocking solution and briefly wash in
TBS-0.5% Tween.

o Put the slides in incubation chambers & Fast frame.

. Serum:

0 Cf the serum plate at 3000 rpm for 10 min

o Add 80 pl of the diluted & preabsorbed serum per well, incubate for 2h, RT, 38
rpm on shaker

o Pipette off the serum, rinse the chambers 3 x with 0.1 ml TBS-0.5% Tween
using 8-channel pipette, take out the slides from the incubation chambers, put into the
High Throughput washing chamber and wash 4x15 min in TBS-0.5% Tween on
magnetic stirrer.

o T7 tail antibody:

o Prepare T7 tail antibody dilution 1:10 000 in TBS, 0.5% Marvel

o prepare 63 ml Ab dilution buffer: 58.5 ml TBS + 4.5 ml 7% Marvel

o 3 ul T7 tail antibody + 30 ml Ab dilution buffer

o Put the slides back in the incubation plates

. Put 10ml Ab for 8x8cm plate, incubate for 45 min, RT, 38 rpm on shaker

. Pour off the Ab, wash 4 x10 min in chambers.

o Secondary antibodies:

o Cy5 conjugated Goat Anti-Human IgG (minimal cross-reaction with bovine,

horse, mouse serum proteins) (Jackson ImmunoResearch, #109-175-098) 1:1500
diluted in Ab dilution buffer

o Cy3 conjugated Goat Anti-Mouse IgG (minimal cross-reaction to human serum
proteins) (Jackson ImmunoResearch, # 115-165-071) 1:3000 diluted in Ab dilution
buffer

o 30 ml Ab dilution buffer

40 pl CyS5 conjugated Goat Anti-Human IgG 1:2 dil. glycerol stocks

20 pul Cy3 conjugated Goat Anti-Mouse IgG 1:2 dil. glycerol stocks

Put the slides back in the incubation plates

Put 10ml Ab for 8x8cm plate and 4.5ml for black tray, incubate for 45 min, RT,
38 rpm on shaker

o Pour off the Secondary Ab, put the slides into the High Throughput washing
chamber and wash 4x15 min in TBS-0.5% Tween on magnetic stirrer, rinse one in
dist. H,O and dry by centrifugation for 1 min at 1000 rpm. Wash the chambers with
detergent, rinse in dist. H,O and dry.

®e ® O O

Data processing and analysis

Slides scanned on Tecan Power Scanner with 532 and 635 nm lasers at 10pm resolution

and the images were saved as TIFF files.

The spot data were extracted by GenePix Pro software using the proprietary spot

recognition algorithm. R-language software (96) with additional packages: limma(97),
marray, ROCR, OLIN(98), survival, verification, REvolution R were used for following data
processing and computational analysis.
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Median foreground and background intensities, as well as median, mean and standard
deviation of Cy5/Cy3 ratios for pixels within a spot were obtained for each spot and imported
into the script developed in-house. The dataset was filtered to remove unqualitative spots sets
within print batch that for more then half of set had high morphological heterogeneity (for
Cy5/Cy3 ratios of pixels within a spot: ratio standard deviation to mean bigger then 1.5 or
difference mean and median more then 50%) and any elements that had been manually
flagged as poor quality.

The signals Cy3 and Cy5 were separately normalized within a each slide by data
centering on the basis of middle 80% of intensities (median of this set on each channel will
be zero and the standard deviation will be 1).

Interslide normalization was performed for each antigen spots series within printing
batch by data centering on the basis of middle 80% of intensities (median of this set on each
channel will be zero and the standard deviation will be 1).

Cy5/Cy3 ratios were calculated and averaged between replicates.

The threshold value (T) for each antigen was calculated as follows:

T =mean Uyp) + 3 xSDUyp)
, Where Iip 1s the signal intensities in healthy controls.

Then the rank for each antigen rank was calculated, on the base of intensities of positive
signals within gastric cancer patients compared to healthy donors, using the following

formula:
_(EI] GC; I HD;
R; = (Z /}"fscl. ) 2(2 A""FHDL- )

Finally, a score for each serum was calculated as follows: .

5=EH:JR_E x I,
i=1

Support Vector Machine

All measurements and experiments were performed using MATLAB framework (99)
and some highly robust and optimized linear algebra packages: LAPACK (100), Metis, Ipopt.
As the reference implementation of SVM algorithm another highly recognized calculus
package was used: LibSVM (101). As the cornerstone of our implementation was
SimpleMKL framework (102). We used it extensively for identification of optimal
hyperparameters of RBF kernel and our proposed Ranking-Based kernel.

18



3. RESULTS

The current dissertation is based on the following original publications referred in the
text by their Roman numerals. The author's contribution to the enclosed original publications:

Original paper I
Kalnina Z, Silina K, Meistere 1, Zayakin P, Rivosh A, Abols A, Leja M, Minenkova O,
Schadendorf D and Liné A. Evaluation of T7 and Lambda phage display systems for survey of
autoantibody profiles in cancer patients. J Immunol Methods, 2008 May 20;334(1-2):37-50. Epub
2008 Feb 21

Contribution: development of the methodology for the production of phage-displayed
antigen microarrays, development of the data normalization method, scanning, data
acquisition, normalization and statistical analysis.

Original paper I1
V. Jumutc* , P. Zayakin* , and A. Borisov. Ranking-based Kernels in Applied Biomedical
Diagnostics using Support Vector Machine. International Journal of Neural Systems, (accepted).
* The first two authors contributed equally to this work
Contribution: development of normalization approach and idea of ranking-based
kernel, preparation of data, the graphical information and partially manuscript.

Original paper III

K. Silina, P. Zayakin, Z. Kalnina, L. Ivanova, 1. Meistere, E. Endzelins, A. Abols, A.
Stengrevics, M. Leja, K. Ducena, V. Kozirovskis, A. Liné. Sperm associated antigens as targets for
cancer immunotherapy: expression pattern and humoral immune response in cancer patients. .J
Immunother, 2011, Jan;34(1):28-44.

Contribution: production of phage-displayed antigen microarrays, development of
approach for the data normalisation and determination of cutoffs, data acquisition,
normalization and statistical analysis.

Original paper IV
Zayakin P, Kalnina Z, Silina K, Meistere I, Ivanova L, Endzelin$ E, Jumutcs V, Stengrévics A,
Leja M, Wex T and Liné A. Tumour-associated autoantibody signatures for the early detection of
gastric cancer (submitted to Cancer Prevention Research)
Contribution: development of normalization approach and ranking based procedure,
production of phage-displayed antigen microarrays, data acquisition, normalization and
statistical analysis, preparation of data and the graphical information.
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Abstract

In the current study we attempted to evaluate the suitability of T7 Select 10-3b and LZKM8 phage display systems for the identification of
antigens eliciting B cell responses in cancer patients and the production of phage-displayed antigen microarrays that could be exploited for
the monitoring of autoantibody profiles. Members of 15 tumour-associated antigen (TAA) families were cloned into both phage display
vectors and the TAA mini-libraries were immunoscreened with 22 melanoma patients’ sera resulting in the detection of reactivity against
members of 5 antigen families in both systems, yet with variable sensitivity. T7 phage display system showed greater sensitivity for the
detection of antibodies against members of CTAG, MAGEA and GAGE families, both systems showed equal performance in detecting the
reactivity against MAGEC and SSX2 while only AKMS allowed the detection of anti-CTAGES antibodies. The biological propetties of both
phages turned out to be equally suitable for the production of antigen microarrays however in line with the plaque assay the sensitivity for the
detection of various autoantibodies differed between the vectors. However, presumably due to the higher variability of the background
signals in the microarray assay. it tumed out to have comparable, in some cases even slightly lower sensitivity than the plaque assay.

Next, we explored the repertoire of antigens that could be identified by screening T7 phage-displayed testis cDNA library with
sera from melanoma patients. From the 243 antigens identified, only 24 represented known genes translated in their natural reading
frame and included known TAAs like Annexin XI-A and a novel potential CT antigen SPAGS. Another 12 were uncharacterised
genes but the remaining clones contained DNA fragments in non-natural reading frames that most likely represent mimotopes,
nevertheless, they may turn out to be valid biomarkers.
© 2008 Elsevier B.V. All rights reserved.

Keywords: Autoantibodics; Phage display; Antigen microarray; SEREX; Mclanoma antigens

Abbreviations: SEREX, serological identification of antigens by 1. Introduction
recombinant expression cloning; TAA, tumour-associated antigens; pfu,
plaque forming units; CT, cancer-testis; UTR, untranslated region, ORF, Circulating autoantibodies against tumour-derived pro-

open reading frame. S ) teins have been observed in the most if not all cancer patients
* Corresponding author. Biomedical Research and Study Centre of

Latvia, Ratsupites Str 1, LV-1067, Riga, Latvia. Tel: +371 7808208, hence they may serve as biomarkers for the screening,
fax: +371 7442407 diagnosis, prognosis or monitoring of cancer. In fact,
E-mail address: aija@biomed.lu.lv (A. Ling). autoantibodies against a number of CT antigens, including
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NY-ESO-1, SSX2, MAGEAT1 and 3 (Stockert et al., 1998)
and several members of CTAGE family (Usener et al.,
2003), and melanocyte differentiation antigens such as
RAB38 (Zippelius et al, 2007) have been detected
exclusively in the sera from cancer patients, thus suggesting
they may serve as highly specific diagnostic markers.
Autoantibodies against another set of antigens such as
GLEA2, PHF3 and endostatin have been shown to correlate
with the clinical outcome in glioblastoma and breast cancer
patients, respectively (Pallasch et al., 2005; Bachelot et al.,
2006). Moreover, appearance of anti-p53 autoantibodies
may predict subsequent development of cancer (Li et al.,
2005), while their prognostic significance still remains a
subject of debate (Soussi, 2000). However, so far the clinical
utility of tumour-associated autoantibodies has been
hampered by the low frequencies to each particular antigen
and the heterogeneity of antibody repertoires in cancer
patients. This could be overcome by developing high-
throughput techniques that would allow to identify a
comprehensive set of immunogenic proteins in a given
type of cancer and subsequently analyse the occurrence of
antibodies against them in large sets of sera from patients
with cancer, autoimmune disorders and healthy donors.
SEREX (scrological identification of tumour antigens
by recombinant expression cloning) is a widely used
technique for the identification of immunogenic proteins in
cancer patients that is based on the construction of cDNA
expression libraries from tumour tissues, expression of the
recombinant proteins in £. coli and immunoscreening of
the libraries with sera from cancer patients (Sahin et al.,
1995). The application of this technique to a variety of
tumour entities has led to the identification of more than
2000 genes encoding potential tumour antigens, most of
which are deposited in the Cancer Immunome database
(http://www?2.licr.org/CancerlmmunomeDB). However,
this approach is extremely time-consuming and labour-
intensive and therefore is generally not applicable for the
profiling autoantibody responses in multiple serum
samples. Recently, several laboratories have exploited
various phage display strategics, including M13 filamen-
tous phage (Sioud and Hansen, 2001; Somers et al., 2002),
pJuFo system (Fossa et al., 2004), T7 phage (Hansen et al.,
2001; Zhong et al., 2004) and lambda phage (Minenkova
et al., 2003; Pavoni et al., 2004) for the construction of
cDNA expression libraries and successfully applied them
for the isolation of cDNAs encoding tumour-associated
antigens. A feature that makes the phage display-based
strategies particularly attractive for the searching of
antigens is that tumour-derived cDNAs are expressed as
fusion proteins with one of the phage coat proteins (or
linked via a Jun—Fos interaction in case of pJuFo system)
and exposed on the surface of the phage thus allowing the
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selection of serum-reactive phage clones by biopanning,
which is much faster as well as more cost and labour-
effective approach than the conventional immunoscreen-
ing. Moreover, the recombinant phage particles can directly
be printed onto glass slides to produce antigen microarrays
that allow monitoring the antibody responses against
hundreds to thousands of antigens simultaneously using a
microlitre of serum (Fernandez-Madrid et al., 1999,
Cekaite et al., 2004; Zhong et al., 2005; Wang et al.,
2005; Chatterjee et al., 2006). However, the main drawback
of the phage display-based systems for the expression of
cDNA libraries is the bias in the repertoire of proteins that
can be displayed on the surface of the phage resulting from
the biological peculiarities of a given phage species. For
example, the assembly of M13 phage takes place in the
periplasm of E. coli, therefore only those fusion proteins
that can be exported through the bacterial inner membrane
will be displayed on the phage capsid (Hufton et al., 1999).
Capsids of lytic phages such as T7 and lambda phages are
assembled in the cytoplasm therefore the repertoires of
cDNA libraries do not have the biological constraints
similar to M13 phage (Krumpe et al., 2006). The capability
of a protein to be displayed on the surface of a lytic phage
depends mostly on its impact on the assembly process,
where the length, biochemical properties, hydrophilicity
and hydrophobicity as well as folding characteristics play
the major role. Moreover, the copy number of recombinant
proteins per phage particle may vary in these systems
allowing the assembly of chimerical capsids, thus affecting
the sensitivity of the assay.

In the current study we assessed the capability of T7
Select 10-3b and AKMS8 phages to display a range of
clinically relevant tumour antigens by cloning the
members of 15 TAA families into these display vectors,
compared the sensitivity of the systems for the detection
of autoantibodies by immunoscreening of the TAA mini-
libraries with sera from 22 melanoma patients, and
evaluated the suitability of these phages for the production
of antigen microarrays. Moreover, in order to characterise
the repertoire of melanoma associated antigens that can be
identified using T7 Select 10-3b system, we constructed
T7 phage-displayed testis cDNA library and screened it
with sera from 9 melanoma patients resulting in the
identification of 243 different sero-reactive phage clones.

2. Materials and methods
2.1. Serum samples
Serum samples from melanoma patients (stage [I-IV)

were collected at the Skin Cancer Unit, German Cancer
Research Center and Latvian Oncology Center after the
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patients’ informed consent was obtained in accordance
with the regulations of local ethics committees. The
samples were aliquoted and stored at —70 °C.

2.2. Construction of phage-displayed ¢cDNA expression
libraries

2.2.1. T7 and lambda phage-displayed tumour-
associated antigen (TAA) mini-libraries

Either the entirce ORFs or the antigenic regions
predicted using an algorithm developed by Welling et al.
(1985) of 15 tumour antigens or antigen families were
amplified by PCR using High Fidelity PCR enzyme mix
(Fermentas) and ¢cDNA from testis or melanoma tissue
as a template. The antigens and the regions chosen for
cloning are listed in Table 1, and the sequences of PCR
primers are available on request. All reverse primers
contained Not/ site and forward primers contained either
Spel or Sall sites for cloning into AKM8 or T7 Select
10-3b vectors, respectively. For the amplification of
genes from multigene families degenerated primers
were designed to amplify as many as possible members
of the same gene family. If more than one region of a
gene was amplified, PCR products were combined prior
to ligation in the vector. PCR products were digested
with Notl and Spel or Sall (Fermentas) and purified
using GFX PCR DNA and Gel Band Purification kit
(Amersham Biosciences). AKMS8 (Pavoni et al., 2004)
vector DNA was digested with Spel and NotI but T7

Table 1
Antigens comprising TAA mini-libraries

Select 10-3b vector (Novagen) was digested with Sall
and Notl, treated with shrimp alkaline phosphatase
(Fermentas) followed by phenol/chloroform extraction
and ethanol precipitation. Each digested PCR product
(5 ng) was ligated into AKMS8 or T7 Select 10-3b vector
(100 ng), and 1/5 of each ligation mixture was subjected
to in vitro packaging using 5 pl of Gigapack IIl Gold
Packaging extract (Stratagene) or T7 Select Packaging
extract (Novagen), respectively, resulting in mini-
libraries of 1-5x10° pfu for lambda phage and 0.5
5x10* pfu for T7 phage. The obtained TAA mini-
libraries were amplified once using E. coli BB4 cells or
IPTG-induced BLT5615 cells, respectively. The lysates
were centrifuged to remove cell debris and stored at
+4 °C or as glycerol stocks at —80 °C.

2.2.2. T7 phage-displayed testis ¢cDNA expression
library

Testis cDNA library was constructed using T7 Select
10-3b vector and OrientExpress cDNA library construc-
tion system (Novagen) according to the manufacturer’s
instructions. Briefly, mRNA was isolated from 150 pg of
testis total RNA (Ambion) using Dynabeads mRNA
purification kit (Invitrogen) and converted to ¢cDNA
using HindIIl Random primers (5’-TTNNNNNN-3").
Then cDNA was ligated to directional EcoRI and HindIII
linkers, digested with the corresponding restriction
enzymes and ligated into pre-digested T7 Select 10-3b
vector followed by in vifro packaging resulting in a

Antigen family Number of Regions cloned Different genes found by sequencing
mRNAs® (nt positions/NCBI RefSeq No) 5 random clones
T7 Select 10-3B AKM8
CTAGI1B (NY-ESO) 2 86-400; 338—628/NM_001327 CTAGIB, CTAG2 CTAGIB, CTAG2
MAGEA 10 209-618; 590—1137/NM_005362 MAGEAL, 2, 3, 4,9 MAGEAL, 3,4, 6
SSX 10 58—401; 58—617/NM_005636 SSX2 SSX1, 2
BAGE 1 195-330/NM_001187 BAGE BAGE
GAGE 8 84-410/NM_001472 GAGE2, 7, 8 GAGE], 8
MAGEB 4 98—516/NM_002364 MAGEB2 4 MAGEB2
MAGEC 2 931-1453/NM_016249 MAGECI, 2 MAGEC]I, 2
SPANX 6 57-347/NM_022661 SPANXA2, SPANXE SPANXD
LDHC 1 245-785/NM_017448 LDHC LDHC
CT45 4 246-798/NM_001017417 CT45-1 CT45-1
THEG 1 778—1176/NM 016585 THEG THEG
CTAGE 6 130-1070; 311-1070; 1052-1616; CTAGEL, 3, 5, 5Aex7 CTAGEL 5
1589-2354/203354; 11-235/NM_022663
MTA1L 1 1394—1772/NM_004689 MTA1 MTAL
TYR 1 494-710/NM 000372 TYR TYR
MLANA 1 54—-408/NM_005511 MLANA MLANA

# Number of known members of the antigen family that theoretically could be amplified with the selected primers.
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library of 8 x 10° pfu. The library was amplified once in
IPTG-induced BLT5615 cells.

2.3. Selection of serum-reactive phage clones

2.3.1. Immunoscreening of phage-displayed TAA mini-
libraries

For screening of T7 phage-displayed TAA mini-
libraries, ~10° pfu from each library was spotted on
gridded LB/carbenicillin agar plates pre-coated with LB
top agarose containing BLT5615 cells grown in LB
supplemented with 1xM9 salts, 0.4% glucose, 1 mM
MgSO, and carbenicillin (50 pg/ml) to ODggo=0.5 and
induced with IPTG for 30 min. After ~2 h incubation at
37 °C when the plaques reached ~ 1 mm in diameter, plates
were overlaid with Protan nitrocellulose (NC) filters
(Schleicher & Schuell) and incubated for 1 h at 37 °C.
For screening of lambda phage-displayed TAA mini-
libraries, BB4 cells grown in LB supplemented with 0.2%
maltose and 10 mM MgSO4 were plated on NZY agar
plates, infected with ~10° pfu from each mini-library and
the plates were incubated at 37 °C until visible plaques
appeared (6—8 h). The filters were blocked with 5% (w/
vol) milk powder in TBS, 0.05% Tween 20 for 1 h, and
then incubated overnight with 1/200 diluted patients’
serum preabsorbed with E.coli-phage lysate. The serum-
reactive clones were detected by incubating the filters with
alkaline phosphatase conjugated anti-human 1gG, Fcy
specific secondary antibody (Pierce) and NBT/BCIP
(Fermentas). Ten serum-reactive clones from each mini-
library were subjected to secondary screenings and
subcloned to monoclonality.

2.3.2. Biopanning of T7 phage-displayed testis cDNA
library

Approximately 5% 10'® pfu from T7 phage-displayed
testis cDNA library were incubated overnight with 2 pl of
patient’s serum that had been preabsorbed with BLT5615
and T7 phage lysate coupled with BrCN-activated sephar-
ose. A hundred microlitre of Protein G coated magnetic
beads (Pierce) were washed twice with blocking solution
(5% milk powder in TBS, 0.05% Tween 20), added to the
phage—serum mixture and incubated for 2 h at RT under
agitation. The beads were washed 10 times with 1 ml TBS,
0.05% Tween and the bound phages were either amplified
and subjected to the second round of biopanning or titrated
and used for immunoscreening as described above.

2.3.3. Identification of cDNAs

The inserts of serum-reactive phages were amplified
by 35-cycle PCR using primers flanking the insert (T7-Up2:
5’-CTTCGCCCAGAAGCTGCA-3’, T7-Down: 5’-
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AACCCCTCAAGACCCGTTTA-3', 7.KM8-Up: 5'-
CAATCTGTGTGGGCACTCG-3’, ZKMS8-Down: 5'-
CGGCTGGTAATGGGTAAAGG-3') and 1 pl of phage
solution as a template. PCR products were purified and
directly sequenced using ABI Prism BigDye Terminator
v3.1 cycle sequencing kit and 3130 Genetic Analyser
(Applied Biosystems). DNA sequences were analysed
using BLAST tool at www.ncbinlm.nih.gov, Translate
tool at www.expasy.org and compared against sequences
available at Cancer Immunome Database (www2.licr.org/
CancerlmmunomeDB).

2.4. Production of GST fusion proteins and Western
blot analysis

To confirm the recognition of the phage-displayed
proteins, GST fusion proteins were produced and used
for standard Western blot analysis. cDNA inserts of
serum-reactive clones were amplified by PCR and
cloned into a prokaryotic GST expression vector pGEX-
4T-1 (Amersham Biosciences) to produce either the
natural products of these genes or the out-of-frame
peptides displayed by the serum-reactive clones.

Purified recombinant proteins (500 ng) were resus-
pended in Laemmli sample buffer, denatured for 5 min at
100 °C and separated by SDS/polyacrilamide gel
clectrophoresis (PAGE) on two gels simultancously
and transterred onto Protan NC membranes (Schleicher
& Schuell). The filters were blocked for 1 h in 5% milk
powder in TBS, 0.05% Tween 20 and incubated with 1/
20000 diluted HRP conjugated goat anti-GST antibody
(Amersham Biosciences) or 1/200 diluted patient’s sera
followed by incubation with HRP conjugated goat anti-
human IgG antibody 1/10000 (Sigma) and detected
using ECL Plus Western Blotting Detection Reagents
(Amersham Biosciences).

To determine the copy number of fusion proteins per T7
phage particle, phages were amplified in F. coli BLT5615
cells, the phage particles were precipitated from the lysates
with 3.5% PEG 8000, 0.4 M NacCl, titrated and ~ 10° pfuof
each phage were used for Western blot analysis with 1/
5000 diluted rabbit HRP conjugated anti-T7 tag antibody
(ABcam) recognising the N-terminus of T7 coat protein
10B. To ascertain that unincorporated recombinant proteins
are not co-precipitated with the phage particles, NaCl/PEG
precipitated phage solution containing ~10'" pfu was
filtrated through 100000 NMWL filter units (Millipore)
and the flow-through fraction was run in parallel with the
phage samples as a negative control. For quantity
calibration a standard curve was constructed from 5 serial
3-fold dilutions of one phage clone. The images were
analysed using GelWorks software (Ultra-Violet Products).
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2.5. Production of antigen microarrays

Nine corresponding T7 and lambda phage clones
isolated by immunoscreening from TAA mini-libraries
and four non-recombinant phage clones were grown in
BLT5615 and BB4 cells, respectively, until complete
lysis. The lysates were clarified by centrifugation and
arrayed in 5 replicates onto nitrocellulose-coated 16-pad
FAST slides (Whatman) using a QArray Mini micro-
arrayer (Genetix) to generate T7 and lambda phage-
displayed antigen microarrays. The microarrays were
blocked in 5% (w/vol) milk powder in TBS, 0.05%
Tween 20 for 1 h, and then incubated with 1/200 diluted
patients’ sera (preabsorbed with E.coli-phage lysates)
for 2 h at room temperature. The slides were rinsed with
TBS and washed 4 times in TBS, 0.5% Tween 20 for
15 min each and then incubated with anti-T7 tail fiber
(Novagen) or anti-gpV (A tail protein) monoclonal
antibody (kindly provided by Dr. Mauruzio Cianfriglia)
at a dilution of 1/10000 or 1/1500, respectively to
determine the amount of phages in each spot. After 3
washes in TBS, 0.5% Tween 20 for 10 min, the
microarrays were incubated with Cy5 labelled goat anti-
human IgG antibody (1/1500) and Cy3 labelled goat
anti-mouse 1gG antibody (1/3000) (Jackson ImmunoR-
esearch) for 1 h, then washed thrice in TBS, 0.5% Tween
20, rinsed with distilled water and dried by centrifuga-
tion. The microarrays were read using AQuire scanner

Table 2

(Genetix) and the images were analysed using Genetix
QScan software. For each spot the mean Cy5 and Cy3
signals were background subtracted, averaged between
replicates, and the Cy5/Cy3 ratios were calculated for
cach antigen and normalised by that of non-recombinant
phages. A cut-off value for defining serum-reactive
antigens was set as >3 SDs above the mean ratio for all
the spots.

3. Results

3.1. Construction of lambda and T7 phage-displayed
TAA mini-libraries

Members of 12 CT antigen families and 3 other tumour
antigens were cloned into lambda KMS8 and T7 Select 10-
3b phage display vectors to produce TAA mini-libraries. In
AKMS vector cDNAs are fused to the N-terminus of the
coat protein gpD and are separated by a flexible GS linker
while in T7 phage they are fused to the C-terminus of the
coat protein 10B. The antigen families and individual genes
as well as the protein regions chosen for cloning are listed
in Table 1. Complete ORFs were amplified for shorter
transcripts, while for genes with long ORFs the potential
antigenic regions were predicted using an algorithm
developed by Welling et al. (1985) and chosen for cloning.
In the case of tyrosinase the immunodominant region that
has been shown to react with sera from melanoma patients

Antigens identificd by immunoscreening lambda and T7 phage-displayed TAA mini-librarics and individual scra recognising the respective antigens

TAA mini-library Antigen Reactive sera®
T7 Select 10-3B 7KM8
CTAG CTAGIB MA001643, MA000703, MA000161, MA000445, MA001643, MA000703,

MAOOSK, MAOOAM, MA00550, MAOOO513
CTAG2 MAO001643, MA000703, MA000161, MA000445,

MAO000161, MA000445
MAO001643, MA000703,

MAOOSK, MAOOAM, MA00550 MA000445
CTAG1B-ORF2 UKRV-Mel31 -
MAGEA MAGEAI MAO000513 MAO00513
MAGEA2 MAO000513 MAO00513
MAGEA3 MA000513 MAO000513
MAGEA12 MA000513 -
MAGEA?2 antisense MAOOWT -
MAGEC MAGEC1 MA000703 MAO000703
MAGEC2 MA000703 -
SSX SSX2 MA000951 MA000951
CTAGE CTAGES MAO000273, MA000525
CTAGE pscudogene MAO000525, MA000273, MAOOT816, MAOOTTTI —
CTAGEI antisense MA001404 -
GAGE GAGE3-7 subgroup MA000445, MA0OO1111, MA001404 MA000445
GAGEL, 8 MAO000445 MAO000445
GAGE2-ORF2 MAOOGG -
GAGE7-ORF2 MA001643 -

@ Sera are ranked by the signal intensities in immunoscreening.
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but not with sera from healthy donors (Lucchese et al.,
2005) was chosen. For the amplification of genes from
multigene families, degenerated PCR primers capable of
amplifying as many members of these families as possible
were designed. The cloning of the respective PCR products
into AKM8 and T7 Select 10-3b vectors resulted in TAA
mini-libraries in the size of 1-5x10° pfu and 0.5-
5x10* pfu, respectively. The complexity of the mini-
libraries and the insertion of cDNAs in the correct reading
frame relative to the phage coat proteins were determined
by sequencing 5 random clones from each mini-library
(Table 1).

3.2. Comparison of serum reactivity against TAA displayed
on lambda and T7 phages

Approximately 2x10° pfu from each of the 15
lambdas and T7 phage-displayed TAA mini-libraries
were immunoscreened with sera from 22 melanoma
patients. Ten sero-reactive phage clones from each sero-
reactive TAA mini-library were purified and identified
by sequencing their cDNA inserts. Generally, relatively
good concordance in the recognition of antigens
displayed on lambda and T7 phages was observed —
the reactivity against antigens representing CTAG (NY-
ESO-1), MAGEA, MAGEC, SSX and GAGE families
was detected in both expression systems (yet with
different sensitivity) whereas no reactivity against
BAGE, MAGEB, SPANX, LDHC, CT45, THEG,
MTA1, TYR and MLANA was observed in any of
them (Table 2).

In both systems, phage capsids are composed of wild-
type capsid proteins and hybrid proteins, however the

CTAGES N-ter-2

CTAGES N ter-1
ex7 del

SPANXE

CTAGES N ter-2
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display density and its regulation are different. T7 Select 10-
3b system has been shown to display 5—15 copies of
recombinant protein per phage but the rest of the wild-type
10A capsid protein (415 in total) is provided by a plasmid in
a complementing host (BLT5615) (Rosenberg et al., 1996).
In the AKMS system, wild-type copies of protein D are
provided by a copy of the respective gene in the genome of
the phage and the capsid was shown to be composed of
~50% recombinant proteins at least in the case of scFv
antibody display (Vaccaro et al., 2006). Since it has been
suggested that the display density on T7 phage is variable
and depends on the size of the hybrid coat protein (Zucconi
et al., 2001), we tried to determine the copy number of
fusion proteins per phage particle in order to verify that the
lack of reactivity against the mentioned antigens is not due
to the failure to display the respective antigens. Individual
T7 phage clones encoding 11 different antigens were
amplified, the phage particles were precipitated from the
bacterial lysates with PEG/NaCl and subjected to Western
blot analysis using antibody against the N-terminus of T7
coat protein 10B that should recognise both, the fusion
protein and the non-recombinant coat protein. Five 3-fold
dilutions of the clone encoding MLANA were used to
construct a standard curve and the quantity of cach band was
calculated using GelWorks software. The fusion proteins of
the corresponding length were detected in all phage clones
analysed, however the copy number per phage varied
markedly being the highest in phages expressing N-terminus
of CTAGI1B (~17%) and lowest in phages expressing N-
terminus of CTAGES (~1%) (Fig. 1).

Concerning the sensitivity, T7 Select phage display
system showed a greater sensitivity in detecting the re-
activity against members of CTAG, MAGEA and GAGE

CTAGEI N-ter-2
THEG

TYR

MLANA

CTAGIB

CTAGIB del 66bp
CTAGES pseudogene

\

|

Length of insert (bp):

1

752 759 317 134
Length of protein (aa): 245 257 52 231
Copy number (%): 1.0 LS 106 1.6

657 398 217 355 316 250 557
237 126 80 126 105 67 56
20 8.4 2.3 6 17 49 6.7

Fig. 1. Copy number of TAA fusion proteins per T7 phage particle determined by Western blotting using antibody against N-terminus of the coat
protein 10A/10B. The lower band represents wt protein 10A, arrows indicate the fusion proteins of the respective sizes. Quantification of w#/fusion
protein ratio was done by construction of a standard curve from a five 3-fold dilutions of one phage on separate gels (not shown) and the intensities of

bands were calculated using GelWorks software.
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antigen families both in terms of signal intensities and the
number of positive sera. Both systems showed equal
performance in detection of reactivity against MAGEC and
SSX2 while only AKM8 allowed the detection of anti-
CTAGES antibodies.

Eight sera reacted with CTAGIB (7 with CTAG2)
when these antigens were displayed on T7 phage but only
4 of them reacted with CTAG1B (3 with CTAG2) when
expressed by AKMS. Since the signal intensities for those
four sera that did not recognise A phage-displayed
antigens were low, this inconsistency most likely resulted
from more efficient display of this particular antigen on
T7 phage (in fact, display density of CTAG1B was the
highest among all the phages analysed), and not from the
inability of lambda phage to display CTAG antigens.

An opposite situation was observed in the case of
CTAGES, where 2 sera recognised its N-terminal fragment
when it was displayed on lambda phage but did not react
with the corresponding T7 phage. At the same time, 4 sera
reacted with T7 phage clones expressing 56 aa polypeptide
derived from CTAGE pseudogene containing a stop codon.
Western blot analysis showed that T7 phages display ~30
copies of the polypeptide encoded by the pseudogene but
only 4 copics of CTAGES hence suggesting that very low
display density did not allow to detect the presence of serum
antibodies against CTAGES. Alternatively, there could be
conformational differences of this antigen when displayed
on T7 resulting in poor accessibility of the epitope.

Moreover, 5 sera reacted with T7 phage clones
expressing CTAGIB, GAGE2 and GAGE7 ORF 2
peptides and MAGEA2 and CTAGE!1 antisense pep-

MA001643
T7

s
Empty
CTAGI1B, N-ter g
CTAG2, C-ter
SS§X2, N-ter
GAGE3-7
CTAGES
CTAGIB, C-terfg
S8X2, FL
MAGEA1
GAGE1
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tides. All these cDNAs contain stop codons when
translated as fusion proteins with the coat protein 10B.
Since cDNAs are expressed as N-terminal fusion
proteins to gpD in AKM8 system, such peptides per
definition cannot be displayed on lambda phage. UKRV-
Mel-31 serum reacted with 3 different CTAGIB-
encoding phage clones containing frame-shifting dele-
tions (most likely resulting from PCR errors) resulting in
the expression of CTAG1B-ORF2 peptide, which is well
known CD4+ and CD8&+ T cell antigen whose immuno-
genicity is supposed to be associated with the translation
of CTAG1B alternative ORF in cancer cells (Slager et al.,
2003). Whether or not MAGEA2, CTAGE!, GAGE2
and 7 are also translated in alternative ORFs in cancers
and therefore could be considered as tumour specific
antigens remains to be determined. The variable display
density and the detection of reactivity against the clones
expressing out-of-frame peptides could result in false
negative and positive calls, respectively, that provides a
disadvantage of T7 phage display system in studies
aiming to determine the presence of antibodies against
definite antigens, therefore AKM8 would be the expres-
sion system of choice for these kinds of studies. At the
same time, the out-of-frame peptides might turn out to be
novel tumour specific antigens or valid biomarkers.

3.3. Suitability of T7 and lambda phages for the production
of antigen microarrays

In order to assess the suitability of both phage display
systems for the production of antigen microarrays, nine

MA000513
T7 8

MA000445
T7 A

Fig. 2. T7 and lambda phage-displayed antigen microarrays. Nine recombinant T7 and lambda phage clones expressing corresponding TAAs and four
non-recombinant phages were amplified, spotted on FAST slides in quintuplicate and tested with sera from melanoma patients (detected with Cy5
labelled secondary antibody) and with monoclonal antibody against tail protein of T7 or lambda phage (detected with Cy3 labelled secondary
antibody) to quantify the amount of phages in each spot. Only partial array images are shown.
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Table 3
Detection of autoantibodies against T7 and lambda phage-displayed TAAs using microarrays
MA001643 MAO000513 MAO000445 MAO000951 MAO000161 MAO000273 MA000525
T7 A T7 A T7 A T7 A T7 A T7 A T7 A
CTAGIB, N-ter 37.9 17.5 28.8 3.9 8.2 5.1 2.1 1.4 39.3 2.8 0.9 1.5 1.9 0.9
CTAG?2, C-ter 58.8 32 64.4 1.5 9.8 2.1 1.3 1.0 43.2 1.6 1.4 1.6 1.4 0.9
SSX2, N-ter 2.3 12 29 1.0 25 1.7 3.5 1.9 3.5 1.1 1.1 1.6 1.6 0.9
GAGE3-7 22 12 3.0 1.0 5.2 4.8 1.5 1.4 3.4 1.4 1.2 1.6 14 1.0
CTAGES 2.0 1.2 2.5 2.1 1.7 1.8 1.2 1.1 3.3 1.4 0.9 2.5 13 1.2
CTAGIB, C-ter 4.6 2.7 3.0 0.9 2.3 2.8 1.6 12 1.1 1.6 0.9 1.6 1.5 0.9
SSX2, FL 2.3 1.0 2.8 0.6 2.4 1.2 4.3 2.1 1.8 0.8 1.0 1.4 1.2 0.9
MAGELCAL 23 12 119.7 2.7 1.7 L7 1.6 1.4 1.6 1.3 12 1.7 1.4 1.0
GAGEL! 22 13 2.8 1.3 3.0 5.7 1.6 12 2.9 1.7 0.8 1.5 1.5 1.1

Cy5/Cy3 ratios for each antigen were normalised by that of non-recombinant phages and the cut-off value for serum-positive clones was set as >3

SDs above the average of all the spots (marked with bold).

T7 and lambda phage clones encoding corresponding
TAAs and 4 non-recombinant phages were amplified
and spotted on FAST slides, and the microarrays were
tested with 7 serum samples used for the immunoscre-
ening of the TAA mini-libraries (Fig. 2). The variation
between replicates was less than 10% for both display
systems. Similarly to plaque immunoscreening, T7 Select
system showed a higher sensitivity for the detection of
autoantibodies against CTAGIB and MAGEAI, both
systems detected anti-SSX2 and GAGE antibodics with
comparable signal-to-noise ratios but anti-CTAGES anti-
bodies were detected only in AKMS system (yet only in one
out of two CTAGE-positive serum samples) (Table 3). In
most of the cases, the antigens that were found to be serum-
positive by the immunoscreening of TAA mini-libraries
were defined as positive using the selected cut-off value
(>3 SDs above the average of all spots in the array) in
microarray screening. However, although T7 phage clones
expressing CTAGIB C-terminus and GAGE1 were
identified by plaque immunoscreening using MA001643
and MA000445 sera, respectively, the signal intensities for
these clones using the respective sera did not reach the
defined cut-off value. Similarly, lambda phage clones
expressing CTAG1B and CTAG2 C-termini and CTAGES
also were called sero-negative against the sera that were
used to isolate these clones from TAA mini-libraries.
Nonetheless, lowering the cut-off value most likely would
result in false-positive calls due to the variability in the
background signal intensities of serum non-reactive clones.
At the same time MAQ000951 serum was defined as
CTAGIB positive by microarray screening while no
reactivity against CTAG1B was detected by plaque assay.
Hence the microarray screening and plaque immunoscre-
ening have comparable yet not identical sensitivity for the
detection of autoantibodies.
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3.4. Selection of sero-reactive clones from T7 phage-
displayed testis cDNA library

As the ultimate goal of our study is to identify a
comprehensive set of antigens that could be further used for
profiling autoantibody repertoires in patients’ sera, we next
decided to explore the repertoire of antigens that could be
identified using T7 Select phage display system. Since the
germ cell transcriptome shares many characteristics with
cancers, we used testis as a source of RNA for the
construction of T7 phage-displayed ¢cDNA expression
library and screened it with sera from 9 melanoma patients.
The selection of serum-reactive clones was based on the
biopanning using protein G coated magnetic beads
followed by the immunoscreening of the enriched library.
Commonly, 4 to 5 rounds of biopanning are performed in
order to achieve sufficient enrichment with the phage of
interest (Somers et al., 2002; Willats, 2002). We reasoned
that in an experiment where polyclonal antibodies with
different titres and affinities are used to select potential
antigens from a library of phages expressing fusion proteins
of different sizes and biochemical properties, performing
multiple rounds of biopanning may result in the enrichment
of more viable phages recognised by high-titre antibodies
and the under-representation of phages whose infectivity or
viability is affected by the fusion protein they express.
Therefore, initially we assessed the repertoire of antigens
selected after the first and the second round of biopanning
using two different serum samples. Approximately
5x10"" pfu were used for biopanning with MA002079
and LGP-Mel 150 sera that resulted in the recovery of
~5x10° pfu in both cases. Approx. 8x10° pfu of the
enriched libraries were subjected to immunoscreening that
resulted in the detection of ~80 and 60 serum-reactive
clones with MA002079 and LGP-Mel 150 sera,
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respectively. The remaining phages were amplified and
subjected to the second round of biopanning followed by
the immunoscreening with the respective serum. Although
a higher enrichment with serum-reactive clones (>130
positive clones per 8 x 10° pfu) was achieved, a consider-
able reduction in the diversity of the antigen repertoire was
observed. The representation of different antigens among
clones detected in biopan 1 and 2 fell from 73 to 10% and
92 to 50% when screened with MA002079 and LGP-Mel
150 sera, respectively. Therefore we chose to use a single
round of biopanning throughout the study.

Next, serum-reactive clones were selected from T7
phage-displayed testis cDNA library using two more
individual sera and a pool of 5 melanoma patients’ sera.
Approximately 10* pfu from the enriched libraries were
immunoscreened and that resulted in the detection of
40—150 reactive clones per serum. In total 436 serum-
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reactive phage clones were isolated, purified via several
rounds of immunoscreening and their cDNA inserts
were amplified by PCR and sequenced.

3.5. Sequence analysis and characterisation of the
identified antigens

The sequence analysis of the identified serum-
reactive phage clones revealed that they represent 243
different antigens. However, only in 24 cases cDNAs of
known genes were fused in-frame to the phage coat
protein 10B thus ensuring that the natural products of
these genes are exposed on the surface of the phage
(Table 4). Six of these antigens have been previously
detected by conventional SEREX, another 10 represent
protein families whose other members have been
detected by SEREX, and 3 are autoantigens known to

Table 4
In-frame antigens identified by screening T7 phage-displayed testis cDNA library with melanoma patients’ sera
Gene symbol Protein Serum Position (aa) on Ref Seq SEREX DB ID*
CCDC84 Coiled-coil domain containing 84 MA002079 186-280, NP_940891.1 -
HDLBP High density lipoprotein binding MA002079 1161-1268, NP_005327.1 309, gastric Ca
protein (vigilin)
KIF27 Kinesin family member 27 MA002079 715-940 and 715-1128,° NP_060046.1
MASK-BP3 MASK-4E-BP3 alternate reading MA002079 1482-1540, NP_065741.3 1082, renal cell Ca
frame gene
LIG1 DNA ligase T Pool-5 1-141, NP_000225 -
LMOD1 Leiomodin 1 Pool-5, MAOOGG, 463-507, NP_036266.2 2374, fibrosarcoma
LGP-Mel 150°¢
COPS4 COP9 signalosome subunit 4 Pool-5 15-136, NP_057213.2 -
R3HDM2 R3H domain-containing protcin 2 Pool-5 285-513, NP 055740 1233, breast Ca
ANXAL1L Annexin All Pool-3 1-71, NP_665876.1 81, lung Ca
DKFZP566E164 Hypothetical protein LOC25858 Pool-5 3-76, NP_001034585 -
SENPI Sentrin/SUMO-specific protease 1 LGP-Mel 143 355-618, NP_055369.1 -
KIF1B Kinesin family member 1B isoform b LGP-Mel 143 316-458, NP_055889.2
RPS2 Ribosomal protein S2 LGP-Mel 143 263-278, NP_002943.2 182,
CTCL, prostate Ca
ATP2CI/ANKRD24  Calcium-transporting ATPase LGP-Mel 143, 775-785, -
2C2/ankyrin repeat domain 24 LGP-Mel 150° NP_055676.2/614-650, NP_597732.1
SPAG8 Sperm associated antigen 8 LGP-Mel 143, 9-99, NP_758516.1 -
LGP-Mel 150°
AKAP12 A-kinase anchor protein 12 LGP-Mel 143, 1465-1622 or -
LGP-Mel 150 1382-1529,” NP_005091.2
CCDC92 Coiled-coil domain-containing LGP-Mel 150 75-200, NP_079416.1 -
protein 92 (Limkain beta-2)
ATP5G2 ATP synthase, H+ transporting, LGP-Mel 150 56-107, NP_005167.2 -
mitochondrial FO complex
LRRC50 Leucine rich repeat containing 50 LGP-Mel 150 626-725, NP_848547.3 -
SLU7 Step II splicing factor LGP-Mel 150 110-228, NP_006416.3 -
Similar to: LRRC37A  Similar to: leucine rich repeat MAOOGG 803-870, NP_055649.3 -
containing 37A
TEF Thyrotrophic embryonic factor MAO0OGG 1-52 and 162-215, NP_003207.1 -

(novel splice variant)

“ Identification number of an antigen in the Cancer Immunome Database (www2.licr.org//CancerlmmunomeDB).
® Two partially overlapping clones encoding the same antigen were isolated;

¢ The same phage clone was isolated with multiple sera.
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Fig. 3. Western blot analysis of serum reactivity against selected antigens. (A) In-frame and out-of-frame peptides encoded by the selected serum-
reactive phages were expressed as GST C-terminal fusion proteins and tested for the reactivity with LGP-Mel 150 serum and anti-GST antibody to
confirm the expression of the fusion protein and to determine its size (not shown). The arrows indicate the location of GST fusion proteins.
(B) Lysates of ~10° pfu of the selected phage particles were separated by SDS/PAGE and tested with anti- 10B antibody to determine the copy number
of recombinant proteins per phage particle (quantification was done as described in Fig. 1) with patient’s serum used for the immunoselection.

induce autoantibody production in autoimmune dis-
orders (LMOD1, AKAPI12) or infertility (SPAGS),
while no immune responses against 4 antigens —
SENPI1, TEF, SLU7 and DKFZP566E164 have been
reported before. One of the clones contained a hybrid
cDNA generated by in-frame fusion of ATP2CI and
ANKRD24 genes; however no evidence for the expres-
sion of'this fusion mRNAs in the testis tissue was found,
suggesting that most likely the clone arose as a cloning
artefact. Of the remaining 219 clones, 12 represent novel
splice variants of known genes or uncharacterised genes
for which the natural ORFs have not been determined,
143 represent 5" or 3’ UTRs or cDNAs fused to 10B ina
different reading frame, 52 clones represent intergenic
DNA with no corresponding ESTs, 3 clones encode for
ribosomal RNA genes and 9 clones contain mitochon-
drial DNA.

The antibody reactivity against two in-frame antigens
(SPAGSE and LRRCS50) and two out-of-frame peptides
(encoded by GOLGAS5 and LAMCI) was confirmed by
Western blot analysis. The proteins encoded by the
corresponding serum-reactive clones were expressed as
GST fusion proteins (for GOLGAS5 and LAMCI both —
the natural products of these genes and 5’-3’ frame 2
peptide of GOLGA5 and 3’-5’ frame 3 peptide of
LAMCI were produced), purified and used for Western
blot analysis with anti-GST antibody (not shown) and
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LGP-Mel 150 serum (Fig. 3A). This confirmed the
reactivity against SPAG8 and LRRC50 encoded antigens
and GOLGAS and LAMC] out-of-frame peptides.

We further hypothesised that the relatively high
proportion of out-of-frame peptides among the serum-
reactive clones identified by screening T7 phage-
displayed library could be associated with the higher
display density of these peptides than natural ORFs due to
their shorter size (the size of the out-of-frame peptides
ranged from 2 to 56 aa, average 21 aa, while in-frame
proteins ranged from 10 to 414 aa, average 120 aa). To test
this, a panel of 8 serum-reactive clones (4 in-frame, 4 out-
of-frame antigens) and an empty T7 phage was assembled
and subjected to Western blot analysis with anti-T7 10B
antibody and LGP-Mel 150 serum (Fig. 3B) as described
above. The copy number of fusion proteins per phage
particle ranged from 17 to 42 (4-10%). No correlation
between the copy number and (1) the size of the fusion
protein, (2) the size of the insert and (3) signal intensity in
Western blot and plaque immunoscreening with patient’s
serum was observed. This shows that the detection of
serum reactivity against out-of-frame peptides is an
intrinsic feature of T7 Select 10-3b phage display system
that is not associated with the variations in the copy
number of recombinant proteins per phage. The serum
reactivity was detected against all fusion proteins, except
for the AKAP12, hence suggesting that the anti-AKAP12
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antibodies recognise a conformational epitope that is
absent on denatured protein, while all the other antigens
carry linear epitopes.

4. Discussion

In the current study we attempted to evaluate the
suitability of T7 Select 10-3b and AKMS8 phage display
systems for monitoring autoantibody responses against a
range of clinically relevant tumour antigens. This showed
that both systems are capable of displaying members of all
antigen families that were cloned and a relatively good
concordance in the detection of autoantibodies by plaque
immunoscreening was observed — reactivity against 5
antigen families was detected using both display systems
while no reactivity against the remaining 9 antigen families
was detected. As the display of the non-reactive antigens at
least on the T7 phages was confirmed by Western blot
analysis, these are likely to represent true negative calls.
However, the sensitivity of the detection of autoantibodies
against various antigens seems to differ between the display
systems — T'7 Select system exhibited a higher sensitivity
(in terms of signal intensities and the number of reactive
sera) for the detection of autoantibodies against the
members of CTAG, MAGEA and GAGE antigen families.
In line with the immunoscreening results, T7 phage display
system turned out to be more sensitive for the detection of
antibodies against CTAG1B/CTAG2 and MAGEA anti-
gens in microarray screening also. This was an unexpected
finding, since lambda phage has been shown to be able to
assemble capsids consisting of up to ~50% N-terminal
fusion protein D (Vaccaro et al., 2000), while T7 phage
capsids can incorporate only 1.2-3.6% recombinant
proteins according to the manufacturer’s description
(Novagen) or 1-17.0% according to our results. This
suggests that the N-terminus of the recombinant protein D
on lambda phage may be spatially less accessible for
antibodies than C-terminus of 10B on T7 phage. In fact, the
analysis of the crystal structure of gpD demonstrated that
the N-termini up to Ser 15 are disordered and are located
near the three-fold axis of gpD trimer on the side that binds
to the capsid surface and hence at least partially may be
hidden under the gpD trimer (Yang et al., 2000).

At the same time, the reactivity against CTAGES could
be detected only when it was displayed on lambda phage
but not on T7 phage. Since the copy number of fusion
proteins on CTAGES encoding T7 phages was the lowest
among all the phages analysed (~1%), most likely, it did
not reach the detection limit thus preventing the serum
reactivity it to be detected. Hence, the very variable
display density of T7 Select system confers a risk of false
negative calls due to an insufficient copy number and
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furthermore suggests that the signal intensity in plaque
assay or microarrays may depend not only on the antibody
titre but also on the copy number of recombinant proteins.
However, this disadvantage could be overcome by
constructing a novel vector that would allow monitoring
the copy number of fusion proteins per phage particle.

Next, we applied T7 Select 10-3b phage display-based
SEREX approach to search for antigens eliciting immune
responses in melanoma patients that resulted in the iden-
tification of 436 serum-reactive clones representing 243
different antigens. However, only 24 of them represented
known genes translated in their natural reading frames and
another 12 were novel splice variants or uncharacterised
genes (with at least two ESTs confirming that these
sequences are transcribed) with unknown protein se-
quences. Six of the in-frame antigens have been previously
detected by conventional SEREX and another 10 represent
protein families whose other members have been detected
by SEREX but no immune responses to 4 antigens have
been reported before thus demonstrating that the repertoire
of antigens identified by T7 phage display-based SEREX
approach overlaps with conventional SEREX, at the same
time may allow the detection of novel antigens.

Some of them have been previously shown to have a
diagnostic value or may play a significant role in cancer
progression. For example, the presence of autoantibodies
against Annexin XI-A could significantly discriminate
between breast cancer and non-cancer control sera and
their frequency was higher in patients with ductal
carcinoma in situ than in invasive ductal carcinoma
(Fernandez-Madrid et al., 1999). Another of the identified
antigens, sperm-associated antigen 8 (SPAGS), so far was
implicated in a rare form of female infertility, where anti-
SPAGS antibodies have been shown to cause sperm
agglutination (Zhang et al., 2000). This protein was shown
to be predominantly expressed on the acrosome of sperm
and functionally involved in the acrosome reaction and
sperm binding to the zona pellucida (Cheng et al., 2007).
Very recently it was found to be overexpressed in HPV18
infected cervical cancer cells (Vazquez-Ortiz ct al., 2007).
At the same time, a closely related protein, SPAG1, was
shown to be expressed at high levels in a large proportion
of pancreatic ductal adenocarcinomas and contribute to
cancer cell motility. Hence, SPAG may represent a novel
CT antigen family, however more detailed analysis of their
expression in normal and cancerous tissues is required.
Moreover, considering its localisation on cell surface at
least on spermatozoa, it seems to be an attractive target for
antibody-based therapeutical approaches.

The remaining 219 clones contained fragments of
intergenic DNA (52), mtDNA (9), rRNA (3), 5’or 3’ UTRs
or cDNAs (143) cloned out-of-frame relatively to the coat
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protein 10B. It cannot be excluded that some of the 143
clones encoding UTRs or ¢cDNAs in alternative ORFs
indeed represent cancer-specific antigens generated by
frame-shifting mutations, defects in pre-mRNA splicing or
aberrations in translational controls in cancer cells, as
evidenced by the detection of serum-reactive clones
expressing CTAG1B-ORF2 peptide by screening TAA
mini-libraries. Nevertheless, most likely the majority of
these clones, particularly those 52 clones containing
intergenic regions with no evidence of expression, display
peptides that are not naturally expressed and therefore can
be considered as mimotopes. A similar proportion of in-
frame and out-of-frame antigens has been found by
Chatterjee et al. (2006) in a study where serum-reactive
clones were selected from T7 phage-displayed ovarian
cancer cDNA library. Out-of-frame peptides, yet in smaller
number, also have been detected by using pJuFo phage
display system (Fossa et al.,, 2004) and lambda phage
surface display (Minenkova et al., 2003). The nature of the
antigens they mimic is not known and we believe —
cannot be unambiguously determined by BLAST search
through protein databases because the exact epitope
sequences are not known and, moreover, they may
mimic protein as well as non-protein antigens of various
pathogens not only cancer cells. Consequently, the proba-
bility of finding cancer-associated biomarkers among them
should be lower than among the in-frame antigens.

Experience of our and other groups (personal commu-
nication Dr. G. Li; Nottingham and Dr. S. Eichmuller,
Heidelberg) has shown that approximately 1/3 of the
serum-reactive clones identified by conventional SEREX
also contain cDNAs fused to R-galactosidase gene in a
non-natural reading frame. Although it is possible that the
natural products of these genes could be produced by
means of using alternative ribosomal binding sites, to our
knowledge it has never been experimentally confirmed.
Therefore we assume that a considerable fraction of these
antigens also represents mimotopes, though their incidence
is much lower than in T7 phage display-based SEREX
approach. We reasoned, the identification of so high
percentage of mimotopes using 17 phage could be caused
by a higher display density of the out-of-frame peptides
and subsequent detection of low affinity antibodies due to
a higher valence of the epitope camier. However, the
analysis of the display density on the selected phage
particles did not confirm this hypothesis, hence either the
overrepresentation of the phages expressing shorter
peptides in the amplified libraries or the folding properties
and accessibility of the C-terminus of the coat protein 10B
are likely to be responsible for this phenomenon.

The application of phage display technology to cancer
serology offers time-, labour- and cost-effective alter-
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native to conventional SEREX. Furthermore, it gives an
opportunity to produce antigen chips by printing the
recombinant phage particles on microarray slides thus
allowing avoidance of production and purification of
recombinant proteins that would not be feasible for all the
antigens identified. This in turn enables the analysis of the
whole autoantibody profile in patients’ sera that would
allow establishing the significance of the autoantibody
profiles, not individual autoantibodies, as biomarkers for
the early detection and prognosis of cancer and prediction
of response to immunotherapy. So far, T7 phage,
presumably due to its favourable biological properties
(fast growing, chemically resistant and easy to obtain
high-titre stocks) and availability of good commercial
antibodies against the phage tail protein, has been the
vector of choice for the production of antigen microarrays
(Fernandez-Madrid et al., 1999; Zhong et al., 2005; Wang
etal.,2005; Chatterjee et al., 2006). However, the variable
copy number and the display of very high percentage of
mimotopes constitute the two main drawbacks for
exploiting T7 Select system for the analysis of autoanti-
body profiles. Here we demonstrated that the lambda
phage is equally suitable for the production of phage-
displayed antigen microarrays — it turned out to be
possible to obtain high-titre phage stocks without any
concentration or purification steps, the phage capsid
appeared to be sufficiently stable and in the most cases the
displayed proteins retained their capacity to be recognised
by antibodies, however it was less sensitive than T7 phage
for the detection of antibodies against several antigens.
Nevertheless, as the lambda phage is capable to assemble
capsids with N-terminal gpD fusion proteins that
efficiently diminish display of out-of-frame peptides, it
could be a preferential display system for the studies
aiming to define novel potential therapeutic targets or to
assess the presence of autoantibodies against known
tumour antigens.

In conclusion, the exploitation of phage display-based
approaches for the identification of tumour antigens
provides a time- and labour-cffective alternative to the
conventional SEREX allowing the identification of a
diverse antigen repertoire that partially overlaps with
SEREX. Moreover, both T7 Select and AKMS8 display
systems are equally suitable for the production of antigen
microarrays allowing the monitoring of autoantibody
profiles, however they differ in the sensitivity of the
detection of antibodies against various antigens.
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3.2. Development of phage-displayed antigen microarray

In order to establish and optimize the technique for the production of PhD-AM, the
following issues were addressed:

Choice of slide surface chemistry. A test set of 380 phage clones comprising 335 sero-
reactive clones and 45 non-recombinant T7 phage clones was assembled, amplified and
printed on slides coated with different surface: epoxy, aldehyde and nitrocellulose coated
slides produced by two different companies. The slides were tested with serum and anti-T7
antibodies and spots morphology and signal-to-noise ratios were compared. For this study we
selected nitrocellulose coated FAST slides produced by Whathman, that showed the best spot
morphology and highest signal to noise ratio.

Choice of method for the amplification of phages. Plate lysates, 3 ml liquid culture
lysates in individual tubes with or without subsequent precipitation with PEG/NaCl, and 0.5
ml liquid culture lysates in deepwell plates were prepared, spotted on FAST slides and tested
with anti-T7 antibody. The phages that were grown in deepwell plates showed the less
variation in spot size and intensity across the array therefore this amplification method was
used for the rest of the study.

Antibody dilutions. Series of experiments were performed in order to determine the
optimal dilutions of serum, anti-T7 antibody and secondary antibodies. The best signal-to-
noise ratio was observed when 1:200 diluted serum, 1:1000 diluted anti-T7 antibody, 1:1500
anti-human IgG and 1:3000 anti-mouse IgG secondary antibodies were used.

Serum preabsorbtion. Pre-incubation of serum with E. coli and T7 phage lysates for 1
hour before putting it on a slide significantly reduced the non-specific Cy3 signal (serum
reactivity against phage and E. coli proteins) and increased the Cy3/Cy5 signal ratio for
positive clones, therefore we concluded that serum pre-absorption is an essential step in
microarray processing protocol. To standardise this, large amounts of E. coli and phage
lysates were prepared and the same batch of lysates was used all the way through the study.

Printing conditions. The conventional procedure for printing DNA was amended due
to the differences in the chemical properties of DNA molecules and proteins. The results of
our tests have shown the need to use lower levels of humidity (45-55%) and the catastrophic
deterioration of spots in case of use of ethanol in a cycle of needle washing. The E. coli
lysates tend to form deposits on the surface of the needles. This sediment was fixed by ethanol
during washing cycle and could not be removed by the following wash cycles. Therefore
0.05% Tween has been entered to the wash cycle and the ethanol solution has been replaced
by distilled water.

Data acquisition. The slides were scanned on AQuire scanner (Genetix) with 532 and
635 nm lasers at 10um resolution with as the highest possible PMT gain that did not shown
the saturation. The spots data has been extracted by GenePix Pro software using the
proprietary spot recognition algorithm. The analysis of data, passed the normalization as
described below, shows the variation of not more than 3% for arrays scanned in a fairly wide
range PMT gains in the absence of saturated spots. The following data processing and
analysis was made in ad hoc composed scripts using R-language software (96).

By addressing the above mentioned issues, the protocol for production and processing
of antigen microarrays was developed. In order to validate the assay, the set of 380 phages
was printed on FAST slides and tested for reactivity with the same set of 22 sera that was used
for TA mini-library and macroarray screening and sera from 8 healthy donors. Median of Cy3/
Cy5 ratios was calculated for each spot and averaged between replicates. For local
normalization LOWESS were used. In order to normalize the signal intensities among
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different arrays, an average Cy3/CyS5 ratio for all wild-type phage spots in an array was set to
be equal to 1 and the values for the rest of the spots were re-calculated accordingly. A positive
cut-off value was set as 3 -4 SDs above the average for wild type phage spots in each array.
Using these settings, 70-90% of phages that were positive in plaque assay screening were
defined as positive by microarrays. Lowering the cut-off value resulted in better sensitivity
but increased a false positive background.

The intra-assay variability of the phage-displayed antigen microarray technology was
7%, while the average CV was ~13% in the inter-assay comparisons, which is generally
acceptable variability for immunoassays (103).

Plaque assay and PhD-AM turned out to have comparable, presumably due to high
difference in conditions of adsorbing phage particles onto nitrocellulose. In some cases PhD-
AM demonstrate even slightly lower sensitivity than the plaque assay.

MAO001643 MAO000513
PhD-MA  plaque assay PhD-MA  plaque assay
Empty 1.0 - 1.0 -
CTAGIB,N-ter 37 OCNCHY 3% G +4++ 988 ++
CTAG2,C-ter 58.8 DA+ 644 ++
SSX2, N-ter 23 - 29 -
GAGE3-7 2.2 - 3.0 -
CTAGES 2.0 - 2.5 =
CTAGIB, C-ter 4.6 + 3.0 -
SSX2, FL 2.3 - 2.8 -
MAGEALI 2.3 - 119.7¢ ‘ +++
GAGE1 2.2 - 2.8 -

Figure 3. Comparison of sensitivity of PhD-AM technology and plaque assay.
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This paper presents some essential findings and results on using ranking-based kernels for the analysis and
utilization of high dimensional and noisy biomedical data in applied clinical diagnostics. We claim that presented
kernels combined with a state-of-the-art classification technique — a Support Vector Machine (SVM) — could
significantly improve the classification rate and predictive power of the wrapper method, ¢.g. SVM. Morcover, the
advantage of such kernels could be potentially exploited for other kernel methods and essential computer-aided
tasks such as novelty detection and clustering. Our experimental results and theoretical generalization bounds imply
that ranking-based kernels outperform other traditionally employed SVM kernels on high dimensional biomedical

and microarray data.
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1. Introduction

Optimal kernel sclection is one of the most crucial
conditions for classification success and generalization
bounds. In theory, good generalization depends on the
right similarity mecasurc cncoded into kernels via
appropriate expansion of the inner product. But in
practice, the SVM method cannot find an optimal
separating hyperplane if we employ some unreliable or
cven biased similarity measure in the original input
space. In addition, any non-linear mapping and RBF
expansion cannot help us to select an optimal decision
surface if two classes collide into onc point duc to the
lack of a precise similarity estimation.

Another shortcoming of a standard SVM kernel is a
“curse of dimensionality” when the distribution of inner

*The first two authors contributed equally to this work.
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products or distances for the high dimensional spaces is
characterized by a very small variance and the fourth
central moment. This generally implies a higher model
capacity and a higher fraction of Support Vectors that
maintain the optimal decision boundary. Such
distributions could be very unstable due to the
peculiaritics of the data (the number of meaningtul
dimensions, the number of samples, non-balanced target
classes etc.). The latter conditions are very sensitive in
applied biomedical analysis and potentially could bias
even a very qualitatively and accurately handled
experimental setup. For instance, during post-processing
and analysis of the collected protein microarray data, we
noticed that there was no significant difference between
signal means for cancer specific and healthy samples,
which resulted in a very limited applicability of
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statistical inference for the related classification
problem (sce Figure 1). The latter fact indicates that for
the classical L1- or L2-norm SVM with the standard
RBF or another potentially highly discriminative
kernel" the absence of major discriminating attributes
could potentially lead to a highly non-sparse solution
with as many Support Vectors as training samples. In
this paper we confirm the previous conjecture for every
scanned and evaluated microarray dataset.

To overcome the above-mentioned shortcomings we
propose a topological ranking-based kernel® that
measures similarity by mecans of rank information
available for each attribute in the sample. This property
helps to avoid expensive and time-consuming cross-
sample normalization and provides classification with a
robust and even more accurate estimation of similarity.
In the following paper we extend a concept of a
ranking-based kernel, adduce and analyze several
generalization bounds for it and finally discuss possible
applications of such kernels in applied -clinical
diagnostics.

The remainder of this paper is structured as follows.
Section 2 reviews the problem outline and our primary
data source. Section 3 gives a very brief overview of
SVM, its generalization bounds, and the Multiple
Kernel Learning method wused for performing
experiments. In Section 4 we recall previously proposed
ranking-based kernels with some notable new
extensions. In Section 5 we present generalization
bounds for ranking-based kernels. In Section 6 we
discuss the experimental setup followed by numerical
results in Section 7 and statistical tests in Section §
applied to our primary microarray dataset as well as to
some public UCI datasets. Finally, we conclude with
some discussion and findings about the proposed
method and possible directions of future work.

2. Background

This section is dedicated to the problem outline, our
primary data source and the description of the
biomedical challenges in developing and implementing
robust cancer diagnostic systems.

2.1. Motivation

We know that preventive measures, such as screening
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Fig. 1. Distribution of a “signal” intensitics (y axis) within
different classes (one spot — one person) for one of the
promising biomarkers (1, 2, 3, 4 and GaCa — gastric cancer
patients within different stages and overall picture, GIS —
gastric intestinal disease, HD — healthy donors)

and awareness, could have a great impact on reducing
cancer proliferation. Thus, the identification and
validation of novel biomarkers for the early detection of
cancer would contribute significantly to the decrease of
cancer-related morbidity and mortality. The best known
biomarkers still have low specificity or sensitivity.
Microarrays are a convenient approach for detecting and
observing tumor-derived proteins and involved genes.
Thereafter they are popular in experiments for
biomarker-related screening. Unfortunately, classic
statistical inference methods cannot be applied to this
data analysis due to the lack of discrimination power
between averaged expected values for observed classes
(healthy donors vs. cancer patients). And there is a great
need for novel, more robust classification methods and
diagnostic systems that could effectively overcome the
above-mentioned problems.

2.2. Primary data source

During the biomedical experimental setup we applied
the T7 phage display-based SEREX technique to
identify a representative set of antigens eliciting
humoral responses in melanoma, prostate, gastric cancer
and gastritis patients, as described in Refs.4-5. All
identified antigens were used for the production of a
phage displayed-antigen microarray (see Figure 2) that
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was applied to survey autoantibody profiles in patients
with melanoma (n=167), prostate (n=52), gastric cancer
(n=176), various gastrointestinal inflammatory diseases
(n=125) and healthy individuals (n=148). The
microarray data were analyzed as the ratio of serum
antibody signal intensities in cancer patients’ sera and
healthy donors (HD) to signal intensities of anti-T7
phage antibodies. Serum autoantibody profiling of 1322
element  phage-displayed microarrays
comprising all immuno-selected antigens resulted in the
identification of a high-dimensional biomarkers’ panel
to find antigens with potential high diagnostic and
prognostic value.

The results of this study clearly show that the serum
autoantibody signaturcs have a potential to detect the
presence of cancer with higher accuracy than currently
known tests. The latter signatures exploit a very limited
number of biologically important outlying “signals” to
the expected mean value for this autoantibody
(biomarker) as a whole. Thus it was very important to
evaluate a kernel that potentially could effectively
incorporate this inner property of the data source.

antigen

3. Methods

In this section we briefly review the SVM method, a
MKL extension for learning with multiple kernels and
basic generalization bounds implied by Statistical
Learning Theory®. This section gives only an insight
into original SVM formalism and corresponding
optimization problems.

3.1. Support Vector Machine

A Support Vector Machine is based on the concept of
separating hyperplanes that define decision boundaries
using Statistical Lcarning Theory. Using a kernel
function, SVM is an alternative classification approach
in which the optimal solution or decision surface is
found by solving the quadratic programming problem
with lincar constraints, rather than by solving a non-
convex, unconstrained minimization problem as stated
in typical back-propagation neural network.

For more dctailed and formal description of the
SVM method we refer an interested reader to an
extensive research and methodology papers dedicated to
the practical usage of SVM in bioinformatics and
engineering (see Ref.1 or Refs.15-18 for more detailed

38

Fig. 2. Typical microarray resulted from immunoscreening of
one individual (lighter spots stand for the higher “signal”
intensity of evaluated antigens).

explanation), hence we do not provide any SVM-related
theory in this subscction.

3.2. Multiple Kernel Learning

Multiple Kernel Learning aims at simultaneously
learning the kernel and the associated predictor in the
general SVM context. For the SVM, an efficient and
general MKL algorithm, based on semi-infinite linear
programming (SILP), has been proposed recently and
could be easily applied to learning optimal kernel
parameters without facing the cross-validation for large
biomedical problems’.

The latest applications of MKL have clearly proven
that using multiple kernels instead of a single one can
enhance the interpretability of the decision function and
improve performances™®. In such cases, a convenient
approach is to consider that the kemel K(x, x’) is
actually a convex combination of basis kernels:

K(x,x'):idem(x,x’), d, =0, idmzl (3)

m=1 m=1

where M is the total number of kernels. Each basis
kernel K,, may either use the full set of variables
describing x or subsets of variables cxtracted from
different data sources®. Alternatively, the kernels K, can
simply be any standard kernels (such as Gaussian or
RBF kernels) with different parameterization. Within
this framework, the problem of data representation
through the kernel is then transferred to the choice of
optimal weights d,, that minimizes the MKL objective
function’.

In our work we have used the SimpleMKL
framework® to perform the general classification task
and cstimate the optimal bandwidth parameter (y) of the
basis RBF kernel being employed in our ranking-based
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kernel as well.

3.3. S¥M generalization bounds

The theory of Structural Risk Minimization relies on a
VC-dimension for large margin classifiers and the
following bound can be proven from VC-theory for the
generalization error ¢ using hyperplanes in feature

space'®:
B e
a m;/2 )

where R is the radius of the smallest unit ball containing
the all training set, m is the number of training samples
and y is the margin between separating hyperplanes.

Another useful bound on generalization error can be
directly defined by means of a VC-dimension and an
empirical error:

“4)

Py = f(X))< Ay = f(X )+ \/[ h(lug(zn//h)zl)_log(m#)} ®

where P is the probability of making an empirical error,
h is the VC dimension of the hypothesis's space, # is the
number of training samples, and 7 =1-5 is the
corresponding confidence level (hereby and after by &
we indicate a significance level).

We scarch for a generalized bound that could be
extended for any arbitrary kernel regardless of the
commonly undefined VC-dimension. This bound (6)
was recently yielded by Bartlett and Mendelson"';
basically it incorporates a Rademacher complexity of
the restricted function class F of {ﬁ}—valued functions
defined on some domain xx{+1} with respect to
probability P.  Additionally this bound considers an
empirical distribution 7" and training samples (x,,v,)’,
drawn according to this distribution (see Ref.11 and
corresponding Theorem 5 of Bartlett and Mendclson).

Pl f) <= g R 00 6

where

:{x - Z:k‘k( .J)svf21

x,x):neN,x e X,Zk‘.kjk(x‘. x [
iJ

and the empirical Rademacher complexity of F on a
sample S =(x,x,,...,x,)€Z" is defined as
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where  o,,0,,...,0, independent  random
Radcmacher variables.

This bound implics onc stronger corollary that
incorporates the kernel function into the Rademacher
complexity and using McDiarmid’s and Jensen’s
inequalities makes the stated above bound tighter:

EkXX
(F)= y\’ .

(see Refll and corresponding Lemma 22 of Bartlett
and Mendelson for proof and further details).
The latest bound is of the greatest interest because

R,(F)=ER ( (7

of the direct impact of the kemel on generalization
bound and lower misclassification rates. Further we will
show that ranking-based kernels proposed in this paper
imply more accurate and robust genecralization bounds
in comparison with simpler kernels.

4. Ranking-based kernels

In this section we propose a new ranking-based kernel
and present some loose and tight generalization bounds
obtained for this kernel in terms of the Rademacher
complexity.

4.1. Simple kernel

Our proposed kernel uses rank information available for
cach attributc in the sample. This information is
acquired by introducing a so-called topological measure
of every attribute that has its own relative disposition in
the sample that does not depend on other samples and
can be completely regarded as an ordinal ranking of this
attribute within each sample. The formal description of
proposed "upper-ranking" and "lower-ranking"-based
topological measures for i-¢h attribute of each sample
one can find in our previous paper (see Ref.2 for details)
and for the sake of completeness they are given by:

2, ) > e, > ")
2,,(x")- 21(

Hereby 7 is an indicator function (defined on
I(4,x): X —{0,l}, where 4 is a condition and x is a

m

®)

<) ©)
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related variable), 1™ is the value under i-th attribute, m
is the total number of attributes and 7 is a vector of all
possible unique attribute "values" within sample x.

Finally, the first-order representation of the ranking-
based kernel can be obtained as follows:

]<:'(x, \X, )= <.Qw, (A ), Q, (x, )> + <Q,(m, (x‘ ), Q,. (x ; )> (10)
where «x,)» represents inner product between vectors x
and y, while Q,,(x) and Q) stand for "upper-
ranking" and "lower-ranking"-based vectors of
topological measurcs of sample x.

Analogically, the RBF kernel can be formalized by:

Kge 3, )= explor - Cloox ) (11)

0, (x)= 2, (5, +]

s.t. C(x,,x_,‘):‘ “(zl(mr(x;)_'(!l()w(xj] .

Hereby y is a bandwidth parameter of RBF kernel
while corresponding proof can be found in Appendix D.

Finally, we present a slightly corrected ranking-
based kernel in order to imply further stronger bounds
on the generalization error. The major difference is in
the applied squarc-root
topological similarity measures. Since the kernel matrix
is positive semi-definite, this transformation has no
restrictions and is given as follows:

transformation to initial

Q“F("m):\/m’ (12)
T -
Q,.x")= ! 3z, <), (13)

And finally we get the first-order representation of

the ranking-based kernel upper-bounded by the
following term (see Appendix A for details):
]e(x,x')i m. (14)

4.2, Z-score based kernel

To extend our work and develop some novel extension
to the original ranking-based kernel, we propose a z-
score related modification that incorporates the same
ranking-based topological mecasures (8)-(10), but
performs additional transformation of these measures by
the means of a standard score:

Xy
.

15)

z=
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Instead of calculations in the original input space,
the z-score is evaluated by a set of topological measures
that are within the discrete ranking-based space. This
directly implies necessary replacement of the mean and
standard deviation in equation (15) by the means of rank
information calculated over sample x:

Hrank (x)= Q,, (@)
st g (X): median (x), (16)
and

G ot (X) =21, (1) - 2, (fi = &) 7

>

or alternatively balanced standard

deviation is given by:

ranking-based

1 ~ ~
0t ()= 2 5 (0045 (50 )]

st 8, (x.0)=2,. (1) -2, (i-0)

" (18)

Where the incorporated "lower-ranking" based
topological measure could be eftectively replaced by the
"upper-ranking" one due to the inner symmetry of both
topological measures:

M ()= Q,, (1)
G () =[t] ]2, () - 2, (2 + )|

st Q) =1-2,,(i1)

19)

In the formal definition of the z-score based kernel
we employ statistical measures (Gpk, Mrank) inferred
according to o, topological similarity measure. This
basic assumption is inferred from the similarity of
resulted transformations in discrete ranking-based
space. Therefore, applying equation (15) to the
previously given definition of the ranking-based kernel”,
we can derive necessary formalization of a z-score
based kernel according to above stated in (16) and (18)
statistical measures:

Ko )-3 (2, 06) = 0 G )2, ()= 11, (x,)) 20

e O ani (xv' ) T e \X

Similar to (11) when we apply the extension to some
higher dimensional Hilbert space, we derive the
corresponding z-score based RBF kernel and perform
additional tests for it.

" See equation (10) for a linear representation of kernel
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Finally, to prove experimental results on the
discussed kernel and make some fair comparison with
the simpler z-score based transformation (15) in original
input space, we define the inner product or basic linear
kernel as follows:

(tx,x'>: =K (xx)= {z,7). 21

5. Generalization bounds

In this section we present loose and tight generalization
bounds on the ranking-based kernels proposed in
Section 4 in terms of the Rademacher complexity and
previously presented upper bounds on the kernel itself.

5.1. Loose bounds

The basic idea provided by Bartlett and Mendelson'' of
the generalization bound in (6) is to restrict the
Rademacher complexity to some kernel-derived
function class and infer an appropriate upper bound for
this complexity in terms of the expected value of the
kernel function (sce Lemma 22 of Bartlett and
Mendelson in Ref.11). But for the loose bound, we
could do a somewhat different inference and use the
initial Rademacher complexity term unaftected. Instead,
we bound the norm of the decision function f in the
Rademacher complexity:

2
R (F)== (22)

We state our loose generalization bound for the
simple ranking-based kernel defined by topological
similarity measures (12), (13) similarly to inequality (6)
with the corresponding Rademacher complexity
bounded in equation (23):

R (F)=ER (F (23)

)< 2 |:er \@}

ny =

where o is a vector of Rademacher independent random
variables, m is the number of training samples and y the
margin between discrimination hyperplanes and F is
given as in (6). Proof of the presented upper bound on
the generalization error can be found in Appendix B.

For the initial ranking-based topological measures
(8), (9) we infer the following upper bound on the
Rademacher complexity:
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R,(F)=E

{ZJ «/7m71:| (24)

where m is an input dimensionality of the classification
problem. The additive term of inequality is inferred
according to the following basic upper bounds on
ranking-based similarity measures:

n'

2, 0)=E(1 . )=Pr(x"2x)<1,  (25)

and the reciprocal probability on the “upper-ranking”
based similarity measure for the i-th attribute is surely
upper-bounded by:

):Pr(xm<\) E (26)

0, (e")=E(r,.,
m

From the bounds stated above we can clearly see
that square-root transformation of similarity measures
(12), (13) implies stronger bounds on the Rademacher
complexity for every m>1. Proof of the presented

upper bound can be found in Appendix C.
In the samec manncer we infer the gencralization
bounds for the z-score ranking-based kernel that
incorporates newly proposed statistical measures (G,

umnk)'

5.2. Stronger bounds

For the stronger upper bounds we have directly applied
the Lemma 22 of Bartlett and Mendelson'' and the
resulting upper bound on the Rademacher complexity in
.

In Refll the authors yiclded this bound with
respect to the empirical Rademacher complexity that is
defined as an expectation of the kernel function for a
symmetric case of equal samples. Further we could get
an even stronger bound using inequality (14) and
transformed similarity measures (12), (13):

L2 EKxxi 2(7 @7

/

R,(F)

For the initial ranking-based topological measures
(8). (9) we infer the corresponding upper bound on the
Rademacher complexity as follows:

2 m -

b4 n

R,(F)=ER (F)< (28)

Final generalization error bounds are given by (6)
with Rademacher complexitics provided by previously
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yielded inequalities (27), (28).

5.3. Remarks

By analyzing the above given bounds and supported by
ranking-based kernels generalization we see that error
bounds seem to be more stable and predictable. This is
obvious if we compare the bounded Rademacher
complexities in (7) and (27). The first equation contains
the expectation of the kernel function on the evaluated
dataset. The latter can be very different from dataset to
dataset and exhibits greater stability in the case of
applicd scaling. As opposed to the bound given by
inequality (7), ranking-based kernels imply very simple
and stable upper bounds that rely only on
dimensionality of any classification problem and could
be computed without explicit construction of kernel
matrices.

6. Experimental setup

In our experiments we have tested the proposed model
under the predefined C=10 (error trade-off) value of the
soft-margin SVM. The experiments show the most
comprehensible performance for high dimensional
sparsely sampled data set and varying y value of RBF
kernel that trade-offs kernel smoothness and can be
effectively estimated via the SimpleMKL framework’.
To exhaustively test our dataset(s), we decided to use

two different versions of it:
(i) 2 non-normalized dataset directly obtained by a
scanning microarray chip,
(ii) a dataset normalized via OLIN'® and other ad-hoc
techniques.

To verify and test the topological and RBF kemels
under selected performance measures we decided to
conduct the following experimental setup that consisted
of some prefixed number of iterations (I=100 in our
experimental setup) where in every iteration a
verification set was composed of i.i.d. selected N
samples (N=350 for all datascts) and all rcmaining
samples were used as the training set. After fixing the
number of iterations for each independent trial we have
employed the MKL approach to estimate optimal
"tuning"  parameters for the SVM classifier.
Additionally, we have conducted two separate sets of
experiments for scaled and non-scaled invariants of
cvaluated datascts to estimate the importance of scaling
for the proposed ranking-based and RBF kernels.

Finally, each set of experiments was divided
according to the different origins of data sources
(melanoma, gastric, prostate etc.) and every separate
data source was evaluated jointly in all available
invariants (normalized vs. non-normalized) on the same
verification set.

O RBF kernel

Total Frror

| |

] B Ranking-based RBF kernel

O Ranking-based RBF kernel
with the z-score expansion

O RBF kernel with the z-score
expansion

—

Melanoma Gastric Prostate  Arrhythmia Arcene

Fig. 3. The lowest attained crror rates for every evaluated dataset
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The aforementioned scheme was not employed for
UCI datasets'. Because of the initial separation of the
Arcene training and validation datasets where both sets
were reasonably normalized and contributed to SVM in
an already refined manner, we tested the Arcene dataset
only under scaled/non-scaled invariants. Note that the
experimental setup and similar reasons correspondingly
apply for the Arrhythmia dataset.

6.1. Additional scaling

Verifying the performance of the proposed kernel, we
have found that pscudo-normality of a signal
distribution within each sample plays an essential role in
classification success for all datasets, while scaling of
the input space sometimes leads to performance
degradation due to the “corrupted” normality.

Therefore we have decided to fix the normality of

Table 1. Averaged performance measures for simple ranking-based kernel.

Number of
Dalasct Total Error BER
selected kernels

Melanoma A (RBF kernel) 1.980=0.140 0.108+£0.038  0.112+0.056
Melanoma A (Ranking-based kernel) 2.190+2.312 0.101+£0.040  0.103+0.060
Mclanoma B (RBF kernel) 14.45+3.851 0.167+0.057  0.169+0.081
Melanoma B (Ranking-based kernel)  5.540+8.407 0.071£0.036  0.074+0.052
Melanoma C (RBF kernel) 1.950+0.219 0.113£0.046  0.119+0.062
Melanoma C (Ranking-based kernel)  2.000=0.000 0.088+0.043 0.091+0.060
Melanoma D (RBF kernel) 16.74+12.14 0.163+0.050  0.164+0.078
Melanoma D (Ranking-based kernel)  5.760=9.342 0.064+0.031 0.068+0.045
Gastric A (RBF kernel) 15.98+5.596 0.401£0.069 0.425+0.084
Gastric A (Ranking-bascd kernel) 19.36+2.772 0.396+0.062  0.421+0.078
Gastric B (RBF kernel) 5.810+4.948 0.381+0.070  0.385+0.126
Gastric B (Ranking-based kernel) 1.960+0.197 0.314£0.063  0.322+0.099
Gastric C (RBF kernel) 8.910+9.151 0.416£0.076  0.431+0.100
Gastric C (Ranking-based kernel) 14.97+9.066 0.389+0.081 0.399+0.120
Gastric D (RBF kernel) 12.39=12.31 0.376+£0.068  0.374+0.122
Gastric D (Ranking-based kernel) 1.810=0.394 0.338+0.077 0.350+:0.114
Gastric E (RBF kernel) 11.78=7.819 0.419+£0.066  0.438+0.078
Gastric E (Ranking-based kernel) 13.58+4.522 0.411+0.066  0.431+0.076
Gastric I (RBF kernel) 5.870=5.438 0.380+0.075 0.382+0.121
Gastric F (Ranking-based kernel) 12.31+6.799 0.272+£0.062  0.271+0.103
Prostate A (RBF kernel) 1.140+0.349 0.042+0.032  0.073+0.060
Prostate A (Ranking-based kernel) 1.000=0.000 0.039+0.032  0.062+0.064
Prostate B (RBF kernel) 10.36=5.410 0.131£0.040 0.206+0.081
Prostate B (Ranking-based kernel) 1.310=0.465 0.028+0.020  0.048+0.043
Prostate C (RBF kernel) 1.060+0.239 0.088+0.043  0.101+0.083
Prostate C (Ranking-based kernel) 1.080+£0.273 0.102+0.048 0.196+0.073
Prostate D (RBF kernel) 9.380=10.02 0.118+0.047  0.189+0.088
Prostate D (Ranking-based kernel) 1.000+0.000 0.026+0.023  0.050+0.047
Arrhythmia A (RBF kernel) 3.590=1.634 0.240+0.052  0.244+0.081
Arrhythmia A (Ranking-based kernel) 3.050+3.448 0.231:0.052  0.2350.082
Arrhythmia C (RBF kernel) 3.280+0.473 0.260+0.061  0.266+0.088
Arrhythmia C (Ranking-based kernel) 4.530+4.834 0.251+0.062  0.257+0.089
Arcene A (RBT kernel) 1.000=0.000 0.242+0.043  0.252+0.057
Arcene A (Ranking-based kernel) 2.000=0.000 0.2524+0.043 0.266+0.055
Arcene C (RBF kernel) 1.000+0.000 0.439+0.058  0.500+0.500
Arcene C (Ranking-based kernel) 2.000-+0.000 0.191+0.036  0.205+0.052

43
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Table 2. Averaged performance measures for z-score related expansion of ranking-based kernel.

Dataset Number of Total Error BER
selected kernels

Melanoma A (RBF kernel) 1.990+0.100 0.111+0.045 0.116+0.063
Melanoma A (Ranking-based kernel) 2.090+0.321 0.107+0.044  0.111+0.063
Melanoma B (RBF kernel) 16.61+£16.00 0.168=0.047  0.167+0.069
Melanoma B (Ranking-bascd kernel)  12.97+12.09 0.059+0.032  0.062+0.047
Melanoma C (RBF kernel) 2.820+0.411 0.119+0.038  0.124+0.052
Melanoma C (Ranking-based kernel)  1.470+0.502 0.123+£0.046  0.123+0.068
Melanoma D (RBF kernel) 30.23+14.07 0.170£0.046  0.171x0.075
Melanoma D (Ranking-basced kernel)  3.680+6.583 0.058+0.031 0.059+0.044
Gastric A (RBF kernel) 17.35+£8.070 0.41220.061  0.440+0.077
Gastric A (Ranking-based kernel) 22.70+9.029 0.407£0.059  0.436x0.073
Gastric B (RBF kernel) 6.800+10.13 0.382=0.063  0.385=0.124
Gastric B (Ranking-based kernel) 2.140+0.349 0.3090.055  0.320+0.089
Gastric C (RBF kernel) 13.92+12.34 0.420£0.069  0.435=0.112
Gastric C (Ranking-based kernel) 2.380+2.260 0.409=0.077 0.424=0.115
Gastric D (RBF kernel) 19.55+20.07 0.37220.066  0.374=0.126
Gastric D (Ranking-based kernel) 2.000+0.449 0.327£0.063  0.334+0.107
Gastric I{ (RBF kernel) 12.24+11.04 0.408=0.066 0.439=0.083
Gastric E (Ranking-bascd kernel) 17.17+10.33 0.397+0.066  0.427+0.084
Gastric F (RBF kernel) 11.18+13.73 0.373=0.068  0.379+0.111
Gastric F (Ranking-based kernel) 16.81+9.586 0.277£0.066  0.277+0.108
Trostate A (RBF kernel) 1.150+0.359 0.044=0.029  0.069+0.064
Prostate A (Ranking-based kernel) 1.930+0.355 0.038+0.032  0.057+0.063
Prostate B (RBF kernel) 15.01+11.74 0.129+0.042  0.198+0.081
Prostate B (Ranking-based kernel) 2.9204+0.273 0.055£0.042  0.09420.066
Trostate C (RBF kernel) 1.120+0.327 0.090=0.051  0.109+0.101
Prostate C (Ranking-based kernel) 1.570+0.498 0.153+0.062  0.279+0.087
Prostate D (RBF kernel) 3.810+0.929 0.115£0.040  0.181+0.077
Prostate D (Ranking-based kernel) 1.830+0.378 0.028+0.022  0.051+0.043
Arrhythmia A (RBF kernel) 3.590+1.832 0.246=0.060  0.251=+0.088
Arrhythmia A (Ranking-based kernel) 4.140+2.331 0.246+0.058  0.249+0.084
Arrhythmia C (RBF kernel) 3.160+0.487 0.2560.052  0.263+0.085
Arrhythmia C (Ranking-based kernel) 4.2304+4.292 0.236+0.057  0.242+0.090
Arcene A (RBF kernel) 1.000+0.000 0.236+0.039  0.247+0.058
Arcene A (Ranking-based kernel) 2.00040.000 0.255+0.044  0.271+0.060
Arcene C (RBF kernel) 1.0000.000 0.438=0.048 0.500=0.000
Arcene C (Ranking-bascd kernel) 1.000+0.000 0.160+0.036  0.176+0.052

this dataset after scaling by the following §; term:
8, = ulx V)~ ulx),

where u is an averaging operator and &; applies to all
samples with the fixed i-¢h attribute:

(29)

X(z‘] — X(i) _s. (30)

7. Numerical results

In the following section we summarize the experimental
results for all datascts under the fixed C parameter and
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enclosed subspace for the y parameter with an initial
guess of its corresponding scaling factor® Al
experiments and kernel functions were implemented in
MATLAB. In Figure 3 we briefly summarize all
evaluated experiments by presenting only lowest
attained error rates for cvery datasct. Further in Table 1
and Table 2 we present detailed performance measures

® We have defined range by .101710-10] with the step 0.25 resulting in
a total of 81 kernels where b~/ - a corresponding scaling factor of y

stated as follows is: b, =1 / 2 \/median( X) where X is given dataset.
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(number of kernels, total error and BER — balanced
crror rate) obtained by the MKL approach for SVM
with the standard RBF kernel and for SVM with the
proposed ranking-based kernel (11) supported by the
following linear expansions in (10) and (20). All the
results are summarized according to the separately
handled experimental evaluations when the RBF kernel
was experimented more than once and in each
experiment it was compared with another kernel to
obtain necessary P-values. Best values are presented in
bold.

In Tables 1 and 2, letters A through F abbreviate
tested invariants of initial datasets: A stands for the
normalized scaled dataset, B stands for the non-
normalized scaled datasct, C stands for the normalized
non-scaled dataset, D stands for the non-normalized

non-scaled dataset, E stands for the normalized rescaled
by 9; dataset and finally F stands for the non-normalized
rescaled by J; dataset.

To thoroughly test our newly proposed z-score
based modification of the kernel, in Table 3 we present
some additional results on the RBF kernel with linear
expansion defined by (21) to prove that basic
transformation to z-space gives lower generalization
error rates but ranking-based expansion improves it
even more.

Additionally we analyze and describe results under
scaled and non-scaled invariants of cvaluated datascts
with the provided number of selected by SimpleMKL
kernels. All results are averaged across 100 independent
trials and provided with standard deviations.

Table 3. Averaged performance measures for simple z-score based expansion of RBF kernel.

Number of
Dataset Total Error BER
sclected kernels

Melanoma A (RBF kernel) 1.980+0.141 0.108+0.044 0.113+0.064
Melanoma A (Z-score based kernel)  2.950+0.219 0.104+0.043 0.109+0.061
Melanoma B (RBF kernel) 16.57+15.98 0.163+0.048 0.163+0.069
Melanoma B (Z-score based kernel)  2.000+0.000 0.080+0.037 0.086+0.052
Melanoma C (RBF kernel) 27100518 0.121£0.043 0.125£0.055
Melanoma C (Z-score based kernel) — 3.000+0.000 0.099+0.033 0.097+0.057
Melanoma D (RBF kernel) 30.87+14.29 0.170+0.050 0.168+0.081
Melanoma D (Z-score based kernel)  3.040+0.281 0.091+0.036 0.093+0.047
Gastric A (RBF kernel) 16.43+£7.276 0.404+0.073 0.431+0.076
Gastric A (Z-score based kernel) 18.76+7.168 0.407+0.072 0.436+0.071
Gastric B (RBF kernel) 8.220+11.79 0.370+0.059 0.372+0.117
Gastric B (Z-score based kernel) 3.25040.609 0.38640.065 0.396£0.122
Gastric C (RBF kerncl) 15.37£13.59 0.426+0.060 0.447+0.103
Gastric C (Ranking-based kernel) 3.980+5.958 0.416+0.065 0.443+0.110
Gastric D (RBF kernel) 16.82+18.10 0.363+0.062 0.371£0.118
Gastric D (Z-scorc based kernel) 3.000+0.000 0.371+0.060 0.388+0.105
Gastric E (RBF kernel) 13.13+10.56 0.414+0.063 0.442+0.087
Gastric E (Z-score based kernel) 18.91+7.641 0.416+0.061 0.444+0.086
Gastric I'(RBF kernel) 10.04+13.02 0.377+0.061 0.381£0.115
Gastric F (Z-score based kernel) 6.600+8.513 0.329+0.066 0.329+0.115
Prostate A (RBF kernel) 1.180+0.386 0.040+0.027 0.065+0.060
Prostate A (Z-score based kernel) 1.920+0.307 0.032+0.028 0.050=0.058
Prostate B (RBF kernel) 17.74£13.05 0.128+0.045 0.198+0.081
Prostate B (Z-score based kernel) 2.950+0.219 0.047+0.040 0.084+0.071
Prostate C (RBF kernel) 1.190+0.394 0.089+0.043 0.106+0.080
Prostate C (Z-score based kernel) 2.990+0.100 0.1544+0.054 0.27240.076
Prostate D (RBF kernel) 3.740+0.848 0.122+0.036 0.184+0.074
Prostate D (Z-score based kernel) 1.920+0.273 0.029+0.028 0.048+0.051
Arrhythmia A (RBT kernel) 3.7904+2.591 0.254+0.060 0.261+0.083
Arrhythmia A (Z-score based kernel) 3.410+4.144 0.2514+0.061 0.257+0.084
Arrhythmia C (RBF kernel) 3.31040.545 0.264+0.059 0.272+0.089
Arrhythmia C (Z-score based kernel) 11.80+9.994 0.243+0.062 0.252+0.084
Arcene A (RBF kernel) 1.000£0.000 0.232+0.048 0.242+0.063
Arcene A (Z-score based kernel) 2.000+0.000 0.232+0.048 0.242+0.063
Arcene C (RBF kernel) 1.000+0.000 0.440+0.052 0.500+0.000
Arcene C (Z-score based kernel) 2.000+£0.000 0.193+0.037 0.2110.054
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8. Statistical tests

In this section we present results of a two-tailed
student’s t-test applied to classification crrors derived
from 100 independent trials of the MKL method for
each invariant of the evaluated dataset. The
corresponding P-values that indicate the level of
confidence of the paired comparisons under null-
hypothesis of equal error means are given in Tables 4 —
9.

The tables are organized as follows: Table 4 and
Table 5 summarize results on our original ranking-based
kernel, Tables 6 — 7 present additional P-values on the
z-score based cxpansion of our original kernel and
finally Tables 8 — 9 summarize results on the simple z-
score based expansion of the RBF kernel.

Table 4. P-values that indicate the confidence
level of significance when comparing the
proposed ranking-based kernel to the RBF one
in terms of classification error

Dataset Ranking-based kernel vs. RBF kernel
Melanoma A (0.17626

Mclanoma B 0

Melanoma C  0.00014896

Melanoma D ()

Gastric A 0.59833
Gastric B 1.8182e-11
Gastric C 0.017626
Gastric D 0.00023403
Gastric E 0.42226
Gastric F 0

Prostate A 0.48182
Prostatc B 0

Prostate C 0.026427
Prostate D 0

Arrhythmia A 0.23271
Arrhythmia C  0.2902
Arcene A 0.086388
Arcene C 0

In the Tables 5, 7, 9 letters AL through CL
abbreviate the tested invariants of our initial datascts:
AL stands for the scaled dataset, BL stands for for the
non-scaled and CL stands for the rescaled by J; dataset.

Notc that we have conducted additionally two joint
comparisons for normalized and non-normalized
invariants of microarray datasets (assuming identical
validation sets) in order to show that the ranking-based
kernel performs significantly (in terms of achieved P-

values) better than the RBF kernel. This is especially
true if we consider a non-normalized dataset.

Table 5. P-values that indicate the confidence level of
significance when comparing normalized to non-normalized
datasets (assuming strictly ranking-based vs. RBF kernel) in
terms of classification error

Normalized vs. Non-normalized vs.

Dataset non-normalized normalized
Melanoma AL 1.8181e-11 0
Mclanoma BL 6.6613¢c-16 0

Gastric AL 0 0.11797
Gastric BL 1.0951e-11 022854
Gastric CL 0 0.0019808
Prostate AL 0.00016227 0

Prostate BL 0 0.020899

Evaluated two-tailed student’s t-test provides
necessary evidence of an achieved performance boost
and significantly differed distribution means of
generalization errors for 5% significance level and
assumed equivalence of unknown variances (t-test was
provided by MATLAB function ffest2).

Table 6. P-values that indicate the confidence
level of significance when comparing the z-
score based expansion of ranking-based kernel
to the RBF one in terms of classification error

Datasct Ranking-based kernel vs. RBF kernel
Mclanoma A 0.54656

Melanoma B 0

Melanoma C ~ 0.48558

Melanoma D 0

Gastric A 0.57038
Gastric B 8.8818e-16
Gastric C 0.30833
Gastric D 1.671c-06
Gastric E 0.22403
Gastric I 0

Prostate A 0.14991
Prostate B 0

Prostate C 4.3976e-13
Prostate D 0
Arrhythmia A 0.94243
Arrhythmia C  0.010252
Arcene A 0.001545
Arcene C 0
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Table 7. P-values originated from comparing normalized to

non-normalized datascts

in terms of classification error

(assuming strictly z-score based vs. RBF kernel)

Normalized vs.

Non-normalized vs.

Dataset non-normalized normalized
Melanoma AL 0 0

Mclanoma BL 0 7.8958¢-12
Gastric AL 0 0.0042497
Gastric BL. 0 0.0002886
Gastric CL 0 0.0127130
Prostate AL 0.039284 0

Prostate BL 0 7.7827e-07

Table 8. P-values that indicate the confidence
level of significance when comparing results on
the simple z-score based expansion of the RBEF
kernel to RBF kernel as itself in terms of
classification error

Dataset Ranking-based kernel vs. RBF kernel
Melanoma A 0.57815
Melanoma B 0
Mclanoma C = 6.3343¢-05
MelanomaD 0

Gastric A 0.77034
Gastric B 0.082055
Gastric C 0.26064
Gastric D 0.40635
Gastric I 0.85514
Gastric F 1.7908¢-07
Prostate A 0.042597
Prostate B 0

Prostate C 0

Prostate D 0
Arrhythmia A 0.74462
ArrhythmiaC  0.013176
Arcene A 1

Arcene C 0

Table 9. P-values originated from comparing normalized to
non-normalized datasets in terms of classification error
(assuming strictly simple z-score based expansion of RBF
kernel vs. RBF kernel)

Normalized vs.

Non-normalized vs.

Dataset non-normalized normalized
Mclanoma AL 0 0
Melanoma BL 2.609e-06 0
Gastric AL 0.059196 0.00010068
Gastric BL 4.8963¢-10 1.9666¢-08
Gastric CL 0 1.3545¢e-05
Prostate AL 0.14135 0
Prostate BL 0 2.1546e-06
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The results discussed in this section give us a clear
view of the statistical power behind the evaluated
classification rates and the significance of the achieved
performance boost.

9. Discussion

In this section we try to explain the presented results
and the observed connection between generalization
error bounds and real experimental evaluation of
proposed ranking-based kernels. Finally, we summarize
all provided data and conclude with a quick overview of
the finished and ongoing work.

We can observe that performance measures on
different data sources (sce Table 1) almost everywhere
attain the same or even better results for ranking-based
kernels, bringing some useful discrimination capabilities
to the SVM classifier. However for the normalized
invariant of microarray datasets® the proposed kernels
achieve just a slight improvement in a total
generalization error and balanced error rate but for non-
normalized onc it drastically outperforms the RBF
kernel, attaining even better results than for the
normalized and scaled invariant. The significance of this
result can be clearly proven by P-values obtained from
the comparison of classification errors for different
invariants of evaluated datasets. Poor results obtained
for the normalized versions of some microarray datasets
lead us to the assumption that even a very slight (and
possibly improper) normalization can severely reduce
discrimination power and generalization accuracy. The
latter does not apply for UCI datascts where ranking-
based kernels achieve good results too, whereas all the
data were already preprocessed and properly
normalized.

It is interesting that z-score transformation may
improve accuracy regardless of the underlying kernel
and its generalization power. This is one of the most
intriguing aspects because of the upper bound on
generalization error (6-7) that tends to be lower under
rescaled by such transformation kernel-space. This is
what we could clearly obscrve from the results in Table
2 and Table 3. The ranking-based kernel with applied
transformation to “z-space” achieves even better

Meaning global cross-sample normalization
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accuracy rates for some microarray and UCI datasets
than the initial kernel. The same result is clearly scen
for the z-score based transformation of the linear kernel
(21) that gives necessary extension for the RBF kernel
as well.

To prove the more robust nature of the proposed
ranking-based kernels, we presented some upper-bounds
on generalization error in (23), (24) and (27), (28).
These bounds give us a necessary clue and connection
to the success of proposed kernels in generalization on
unseen data. The key point of every bound is an input
dimensionality of cvaluated data source that does not
depend on distribution or subset of samples being
employed in the training set. The latter is a clear
advantage to the bound of Bartlett and Mendelson in (7)
where we deal with an expectation of the kernel matrix.
This expectation could significantly vary from one
training set to another, modifying every time the
effective upper-bound on generalization error.

The above-mentioned fact totally explains the
observed superiority of ranking-based kernels in
generalization on very unstable and limited biomedical
data.

10. Conclusion

In this paper we proposed the ranking-based kernels
that perfectly fit the classification purposes on highly
dimensional biomedical datasets and show very
comprehensible results in comparison with standard
RBF kernels. The major improvement and higher
accuracy is observed for non-normalized and even non-
scaled microarray datasets. This fact rejects the
necessity for additional preprocessing and normalization
of data from microarray chips and shortens the
claboration phase of cvery diagnostic system. In future
we are considering further research in the field of new
kernels and kernel methods for biomedical purposes and
CAD systems.
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Appendix A. Proof of the kernel bound

The linear representation of the ranking-based kernel is
upper-bounded (14) by the use of two similar arithmetic
progressions that represent aligned values of similarity
measures (12), (13) for the sample x. The resulting
upper bound is given in terms of the following
arithmetic progressions:

S R

(A2)

m L o o : m—
sl kS0, 60)5 oSt -0

=] ‘T J

In this proof we assume that the cardinality of the
vector T in (8), (9) is equal to the dimension m of the
classification problem. For the beginning we infer an
exact value of the kernel function for two equal samples
x:

m

K(xx)=Y [Q’nw(x(k‘,\ )+ 2, (x(k] )]
\ (A3)
=5,(@,.)+5,(Q,)

—ﬂ-(i+lj+ﬂ-(0+—m_lj:m
2 m

) Lm
To get out of this cquation inequality and final upper
bound we should consider a random permutation 7 of
two values in (A.1) or (A.2):

w(8,)=18, > ay,ey s ysnay b (A4)
st. aeS§,, meN, teN, m22t

After applying 7 and taking the inner product of the
initial arithmetic progression and permuted arithmetic
progression, it is obvious that resulted inner products
differ only by:

>0, (A.5)

a,,ta —2a, -a
and any further permutations will only strengthen this
incquality. Equation (A.S) completcly satisfics the
necessary condition for inequality (14) and thus implies
bound on the ranking-based kernel. 0
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Appendix B. Proof of the loose generalization bound

In this appendix we prove the generalization error
bound for self-normalized version of the proposed
ranking-based kernel presented in Section 5.

We infer the Rademacher complexity with respect to
general kernel mapping and similarity measures
provided in (12) and (13) as follows:

=%

EEOREC)
n“fﬁ?EE”’ LI
s fnsgp -5 Safot )|
g
7—1{20~’m}

ny Lia

By inserting the last term of the equation into (6) as
an effective upper bound on the Rademacher
complexity we yicld the following generalization bound
in (B.2). o

( /r5) (B. 2)

g

LY BV ATt
Appendix C. Proof of the Rademacher complexity

bound for original similarity measures

For yielding the necessary upper bound on the
Rademacher complexity for original ranking-based
similarity measures we follow the basic inference of
(B.1) but in the end we formulate the term ||(D(Xi) || by
means of proposed upper bounds on topological
similarity measures (25), (26) and additivity of thesc
measures in generalized kernel formalization (10):

[e(x )= (@lx,)e(x,)
[
["'W xf‘ un(x(”)z]
/ [ +'\ m J :|
_ ;w
NV oom

By inserting the "‘IJ(Xi) " term into the Rademacher

(C.1)

<+/2m-1.

complexity bound of (B.1) we get the desired result. o

Appendix D. Proof of the RBF extension for the
ranking-based kernel

A standard RBF kernel is given as follows:
K zor ("5 V) CXp(—?-HX—)’H:) (Dl)

Tn the stated above kernel the term Hx_ y|is the
actual norm of the distance between two samples x and
v while in (11) we calculate the distance between
vectors  representing  ranking-based  topological

measures.

In (11) the term C(x, y) represents the complete
squared distance between samples x and y over two
distinct feature spaces presented by "upper-ranking" and
"lower-ranking"-based topological measures that should
be considered separately in the similar way to (10).

Because of the supplemental nature of topological
similarity measures the term C(x, y) completes the
definition of the RBF extension for the ranking-based
kernel. O
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Summary: The identification of novel cancer-related and immuno-
genic proteins is still a challenge to be faced to improve anti-
gen-specific tumor immunotherapy. The category of so-called
cancer-testis (CT) antigens is one of the most perspective groups of
proteins for anticancer immune response activation as normally
they are expressed in immunoprivileged tissues and are immuno-
genic if aberrantly generated in tumors. The heterogeneous group
of proteins called sperm-associated antigens (SPAG) might
encompass novel CT antigens owing to their common expression
in male germ cells, their ability to elicit immune response
underlying infertility, and lately proposed oncogenic properties.
‘We carried out a comprehensive analysis of the expression pattern
in various normal and cancerous tissues and assessed the frequency
of spontaneous humoral immune response against members of the
SPAG group in cancer patients using phage-displayed antigen
microarrays. Our results show that out of 15 analyzed SPAG genes
only SPAG1, SPAG6, SPAGS, SPAGI15, and SPAGI7 are
predominantly expressed in testis, whereas the others are ubiqui-
tously expressed with only a testis-associated alternative splice
variant of SPAG16. mRNA expression of SPAGI, SPAG6, and
alternative splice variants of SPAG8, SPAG16, and SPAG17 was
elevated in various tumors with frequencies ranging from
approximately 10% to 70%. The upregulation of SPAGO6 in lung
and breast cancer was confirmed by immunohistochemical analysis
of tumor and normal tissue microarrays. Cancer-associated
spontaneous humoral immune response was detected against
SPAGI1, SPAG6, SPAGS, and a novel testis-specific splice variant
of SPAG17 and ascribe these as novel CT antigens that potentially
are applicable as immunotherapeutic targets and serologic
biomarkers.
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Tumor antigen-specific immunotherapy holds a great
potential to eradicate cancer in a highly specilic and
nontoxic manner, and allows direct monitoring of immune
response, which is crucial for understanding immunologic
mechanisms that underlie tumor regression in vivo.'
However, the considerably low efficacy in clinical trials
has hampered the translation of such therapy approaches
into clinical practice and is caused by the selection of tumor
cscape variants through inefficient antigen presentation,
the loss of antigen expression and the immunosuppressive
activitics of tumor, its stroma and/or innate, and adaptive
tolerogenic immune cells.>* Attempts have been made to
overcome the above hurdles by combining antigen targeting
with blocking of tolerance, adding adjuvants, altering
ways ol antigen delivery, TCR-based gene therapy etc.,
but there is still a risk of tumor escape through down-
regulation ol target antigen expression in case the antigen is
not necessary for tumor survival and if polyclonal T-cell
activation by epitope spreading was not achieved.* Hence,
the need to develop polyvalent antigen targeting ap-
proaches as one of the means to avoid the selection of
tumor escape variants, and to cover the heterogeneity of
tumors, and the need to determine the protective antigens
in tumors that do not express the currently exploited targets
like WT1, MUCI, Her-2/neu, NY-ESO-1, and others® puts
the discovery of novel tumor antigens in the frontline of
successful antigen-specific immunotherapy development.

Cancer-testis (CT) antigens are perspective candidates
for cancer immunotherapy, as naturally they are expressed
in immunoprivileged tissues, but are detected in various
neoplastic lesions, and they can induce spontaneous
immunc responses when aberrantly produced in tumors as
there is no or weak central tolerance against proteins
restricted (o immunoprivileged sites. Emerging evidence
suggests that CT antigens may possess functions related to
stemness owing to their expression during germ cell and
embryonic development, hence, providing space for crucial
oncogenic properties in cancer cells.® One of the most
successful antigen-specific immunotherapy targets to
date is the CT antigen NY-ESO-1% its targeting has
shown to underlie tumor regression and induce integrated
immune system activation involving both, cellular and
humoral responses.” 10
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Sperm-associated Antigens as Targets for Cancer Immunotherapy

During the last 2 decades, a group of proteins called
sperm-associated antigens (SPAG) has grown to reach
15 members—SPAGI1,!' SPAG2/UAP1,'> SPAG4,"
SPAGS,'*1¢ SPAG6,'” SPAG7,'8 SPAGS.'” SPAGY,*
SPAGI0/MFGES,>! SPAGI11B,>?> SPAGI12/NHP2L1,3
SPAG13/SSFA2,>* SPAG15/SPAM1,% SPAGI16,%¢ and
SPAG17.27 For further simplicity in this report, we use
the names of the SPAG group even if they differ from the
official gene name. These are functionally and evolutionary
distinct proteins with a common expression in testis or
sperm, and humoral immune response against some have
been shown to underlie infertility. Several of them have
been candidates for treating infertility>®> and for the
development of immunocontraception.?® Lately also, a
role in tumorigenesis has been ascribed to several SPAG
proteins, for example, SPAG1 has been shown to be a
progression marker of pancreatic cancer and promote cell
motility.?” Decreased expression of SPAGS5, a mitotic
spindle protein, also known as astrin, is associated with
good prognosis for estrogen receptor positive breast cancer
patients as determined by cDNA microarray data anal-
ysis.’® In our earlier study of large-scale identification of
humoral tumor antigens, we found SPAGS to react with
sera from melanoma patients,?! and it has been shown to be
overexpressed in cervical carcinoma.’> SPAG9 or JLP has
been reported to facilitate migration and invasiveness of
renal cell carcinoma?? and proposed as an early marker for
breast* and cervical®3 cancers. Besides, it was shown to be
an AML? and epithelial ovarian cancer-specific antigen
and was suggested for cancer immunotherapy applica-
tions,”” and together with SPAG4 are designated as CT
genes by the CT Database.® The vastly studied SPAG10
also known as lactadherin or the milk fat globule protein
MFGES8 was identified as a breast cancer-specific antigen
and was considered as a perspective serologic diagnostic
marker and a radioimunotherapy target.3*4° Elevated level
of SPAGIS5 or testis-specific hyaluronidase PH-20 might
contribute to the metastatic potential of breast and
laryngeal cancer.*'™*° Besides, several SPAG proteins have
been related in one way or another to the primary cilium,
which is a crucial regulator of Hedgehog, PDGFaa, and
WNT signaling pathways that can underlie various aspects
of tumorigenesis.*>*” Noteworthy, several of the SPAG
proteins have been shown to be located on the sperm
surface, which mediates infertility in patients with corre-
sponding sperm agglutinating antibodies.!'!” If SPAG
proteins were also present on the tumor cell surface,
novel-specific antibody therapeutics could be developed.
Hence, SPAGs might represent a novel group of CT
antigens with functional implications in cancer formation
and might have a potential to be novel targets for tumor
immunotherapy. However, many SPAG proteins have been
analyzed in a narrow focused way concerning infertility.
The aim of this study was to gain view on the expression
profile and the frequency of spontaneous humoral immune
responses against SPAG proteins by using phage-displayed
antigen microarrays to determine if any member of the
SPAG group might fulfill the requirements for a novel
tumor immunotherapy target.

MATERIALS AND METHODS

Patient Material, Cell Lines
Tumor and adjacent normal tissue specimens were
obtained from operation material of gastric, colon,
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melanoma, and breast cancer patients undergoing surgery
in Latvian Oncology Centre and stored in RNALater
(Applied Biosystems). Lung tumor specimens were ob-
tained during standard diagnostic bronchoscopy procedure
at Pauls Stradins Clinical University Hospital and stored in
RNALater. All patients have signed an informed consent,
and the study has been approved by the Central Commis-
sion of Medical Ethics of Latvia.

Sera were collected from the same patients whose tissue
specimens were collected. Additional serum samples of
melanoma, lymphocytic leukemia, gastric, lung, colon, breast,
and thyroid cancer patients and healthy individuals with
no known history of cancer, infertility, and autoimmune
disorders were provided by the Genome Database of the
Latvian population and sera from melanoma, gastric, and
prostate cancer patients were kindly provided by the Skin
Cancer Unit in German Cancer Research Center, the Clinic of
Gastroenterology, Hepatology and Infectious Diseases, Otto-
von-Guericke University Magdeburg, Norwegian Radium
Hospital, and Onyvax Vaccine Therapies Ltd, UK.

RNA Extraction, cDNA Synthesis

Bead-based tissue homogenization was done by using
the FastPrep-24 instrument and Lysing Matrix A (MP
Biomedicals) in | mL of TRIsolution (Applied Biosystems)
followed by the extraction of total RNA according to
manufacturer’s protocol. RNA from mclanoma cell lincs
was kindly provided by Skin Cancer Unit in German
Cancer Research Center. RNA of various normal tissues
was purchascd from Applicd Bisystems, USA and Biocat,
Germany. Total RNA was treated with DNase I using
DNA-free DNase treatment and removal reagents (Applied
Biosystems). cDNA was synthesized by random hexamer
priming from 2 pg of total RNA by using RevertAidTM
First StrandcDNA Synthesis Kit (Fermentas, Lithuania)
according to manufacturer’s instructions.

mRNA Expression Analysis

Qualitative RT-PCR reaction mixtures contained 1x
reaction buffer, 2.5mM MgCl,, 0.1 uM primers (Table 1),
0.75 U Taq DNA polymerase (Fermentas, Lithuania), and
1/60th of the prepared cDNA. Amplification of all target
and reference genes was done at the same cycling conditions
(455 at 94°C, 30s at 58°C, 45s at 72°C), except for the
number of cycles that was determined individually accord-
ing to mRNA abundance (Table 1).

Quantitative RT-PCR (qPCR) reactions were done
using 1/60th of cDNA reaction mixture, ABSolute Blue
SYBR green Low ROX (Thermo Scientific) and ABI7500
sequence detection system (Applied Biosystems). Appro-
priate primer concentrations were established by serial
dilution curves to ensure amplification efficiency over 95%
(Table 1). To normalize the expression data a normal-
ization factor was calculated for each cDNA from the
expression values of the 3 most stable reference genes
(ACTB, POLR2A, TUB3A) determined among 7 most
often used housekeeping genes (GAPDH, ACTB, POL-
R2A, TUB3A, TBP, YWHAZ, PGK1) by using geNorm
software.*® All reactions were carried out in duplicates.

The statistical analysis of the expression data from
tumor and normal samples was done using the nonpara-
metric Mann-Whitney U test.
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TABLE 1. Primers and Cycling Conditions Used in mRNA Expression Analyses

RT-PCR qPCR Ratio
Gene Forward Primer, 5-3' Reverse Primer, 5'-3 Cycles F/R (nM)
SPAGI GAAAAGCATCTTCAAGCCTTGG GGAGGTCAAGCACCAAGTTTG 35 100/100
SPAG4 TGGGTCTCCAGTAGTCTCTGA TCCTCTGCACGACCAGTCG 35 —
SPAGS CGCAGAGCAGGTTCAAACAC GGAGAGGCACTTGAATGGGA 38 —
SPAG6 AGCAATGGCAGTCATCATTTC GGATGAATGGTCGGGAACTT 35 50/100
SPAGS CAAGCATGCAGGATGGCTCT ATGGCTTCACGCTTCCCTCG 35 100/100
SPAGS-¢2L CTACAACTGGGAGGAAGAGAG GTGGCTGGTACGAGTCTTTC 35 100/100
SPAGY AGACCCGAGTGGAATCTTTAG GTTGATCACTCCCTGAGAGC 35 —
SPAG9-C CTCATACCAGCCTGAAGGTC CCATCGGGTCCTTTGATCTT 35 100/50
SPAGI11B CACCCAGCCTCACTCCATC CACTTTGCCCTGGAGAATGG 35
SPAGI12 CAAGAAGCTACTGGACCTCG GATGCACAAACACGCGAGG 35 —
SPAG13 GCACCACTGACAATACCATCC CACGACTATCAACACTGTCACT 35 —
SPAG15 GTTGCTCTGGGTGCTTCTG GGTCCTCGTTCCTCACACA 35 100/50
SPAGI16 CGGAAAACAGTTCTTCCTTC AGACTGAAAGCAATCAAGAG 35 100/100
SPAGI16-L CTGTCTATATGGGATGCAAGAAC GACCGTTACTCCACTTAAAACTA 35 50/100
SPAG17 AACAGAAATCCTCAAGTGTGC TGTGTTCACTTITCCTCCAAC 35 100/100
SPAG17-A GGAACATTGCTCTCCACTCC GCTAATCGTCTTCTCCTCGC 35 50/100
SPAGI17-Al CAACATGAGTCTCTGGGTAA GCTAATCGTCTTCTCCTCGC 38 100/100
SSX2 GCTCAAATACCAGAGAAGATCC GTGGCCTTGAAACCTAGTTTAG 35 100/50
ACTB AATCTCATCTTGTTTTCTGCGC AGTGTGACGTGGACATCCG 25 100/100
PolR2A GGGTCATCTTCCCAACTGGAG CACCAGCTTCTTGCTCAATTCC — 100/100
TUBA3 TATGGCAAGAAGTCCAAGCTG TACCATGAAGGCACAATCAGAG — 100/100

Immunohistochemical Analysis
of Tissue Microarrays

Paraffin-embedded tissue microarrays (TMA) of various
normal tissucs (duplicated 45 tissucs, A700 (III), AccuMax
Array triplicated 33 tissues, FDA994, US Biomax, Inc.) and
melanoma, gastric (ME481t and ST805t, US Biomax, Inc.),
lung, and breast [A716 (III) and A712 (13), Accu Max Array]
cancers were used [or standard immunohistochemistry
analysis including melanin bleaching procedure (Melanin
Blcach Kit, Polysciences, Inc.) for normal tissuc and
melanoma TMASs according to manufacturers protocol. In
brief. after standard deparaffination and hydration, TMAs
were incubated in melanin bleaching solutions, rinsed, and
continued with peroxidase quenching. Antigen retrieval was
done by heating the TMA in 0.01-M citric acid, pH 6.0
(SIGMA-Aldrich, Germany) for 15 minutes. Commercial
primary antibodies for SPAG6 (mouse monoclonal antibody.
SantaCruz Inc), and for SPAGS (rabbit polyclonal antibody.
Proteintech Group, Inc.) were used at the dilution 1:50 and
incubated overnight at +4°C. Secondary antibodies (HRP
conjugated antimouse IgG antibody and antirabbit IgG
antibody, SIGMA-Aldrich, Germany) were used at the
dilution 1:100 for 1 hour at +37°C. DAB (SIGMA-Aldrich,
Germany) was used for color development and counter-
stained with hematoxylin (SIGMA-Aldrich, Germany).

Analysis of Autoantibody Responses

The antigenic regions of SPAG proteins were pre-
dicted using algorithms developed by Welling et al*® for
SPAGI, SPAG6, SPAGS, SPAGY, SPAG16, and SPAG17,
which, together with full CDS regions of well-known CT
antigens NY-ESO-1 (CTAGIB), MAGEA1, HORMADI,
and SSX2 were amplified using high-fidelity PCR enzyme
mix (Fermentas, Lithuania) from testis cDNA. Several
different transcripts were obtained for SPAG6 (designated
as SPAG6-A, B, and A1), SPAGY (designated as SPAG9-A
and C), and SPAGI17 (designated as SPAG17-A and Al).
All fragments were cloned into T7Select 10-3b Phage
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Display vector (Novagen) (Table, Supplemental Digital
Content 1, hitp://links.lww.com/JIT/A84 [or cloned anti-
gens with corresponding amino acid positions). Strepll tag
(Trp-Ser-His-Pro-Gln-Phe-Glu-Lys) was inserted into Hin-
dIII and Notl sites located downstream the cDNA cloning
site of the vector DNA to monitor the copy number of the
recombinant proteins on each phage. Obtained recombi-
nant phages together with 9 nonrecombinant control
phages were amplified, purified, and printed in triplicate
on nitrocellulose slides (Whatman, GE Healthcare) to
creale an antigen microarray, which was screened with sera
from 39 breast, 24 lung, 33 colon, 28 thyroid, 172 gastric
(stage I-—33, 1I—20, I1I—31, IV—37, not determined—53),
52 prostate cancer, 163 melanoma (stage [-—22, II-—23,
II1—22, IV—22, not determined—74), and 28 lymphocytic
lcukemia paticnts and 127 patients of gastrointestinal
inflammatory diseases (gastric ulcer 17, duodenum ul-
cer—20, gastritis and duodenitis—10, acute hemorrhagic
gastritis—13, chronic atrophic gastritis—48, dyspepsia—
11, Crohn disease—S8) and 147 healthy donors. The
production and processing of antigen microarrays were
done as described earlier.3! In brief, the microarray slides
were incubated with patients’ sera and mouse anti-T7 phage
tail antibody (Novagen). The serum reactivity was detected
by Cy5 conjugated goat anti-human IgG antibody (Jackson
ImmunoResearch) and the ratio against the total amount of
printed phage, which was detected by Cy3 conjugated goat
anti-mouse 1gG antibody (Jackson ImmunoResearch) was
calculated. A 2-step normalization strategy was used [or the
fluorescent signal ratios to eliminate variations introduced
by custom production of microarrays and variable back-
ground intensities of different sera. At first, the values in
each slide (each serum) were normalized by the median of
all printed spots for each fluorescent channel separately.
Next, the Cy5 and Cy3 signal intensities [or each spot were
divided by the median value of that spot within the print
lot. The threshold valuc of a specific antibody responsc for
each antigen was defined as 4 standard deviations above the

© 2010 Lippincott Williams & Wilkins
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FIGURE 1. The mRNA expression of sperm-associated antigens (SPAG) in various normal tissues. A, RT-PCR was carried out on a set of
14 various normal tissues and the amplification products were visualized in a 1.2% agarose gel. B, gPCR was done on a set of 13 various
normal tissues and testis samples from 4 different individuals. Mean quantities are displayed. Y axis represents percentage of the testis
expression level in logarithmical scale. C, The average quantity of total SPAG (white bars) and corresponding splice variants
obtained from 4 different testis samples is displayed. Black bars—SPAG8-e2L, SPAG16-L, SPAG17-A, striped bar—SPAG17-A1. Y axis
represents percentage of the ACTB expression level in logarithmic scale. Error bars represent standard error of the mean. BM indicates
bone marrow; Bra, brain; Bre, breast; Co, colon; H, heart; Ki, kidney; Li, liver; Lu, lung; M, size marker; N, no template control;
Pa, pancreas; Sk, skin; Sp, spleen; St, stomach; Te, testis (60, 64, 99 designate 3 additional testis samples); Tr, trachea; Ty, thymus.

average of 70 empty phage controls. Statistical significance
was calculated using y test. To validate SPAG17-A1 splice
variant-specific antibodies, an antigen array comprising
phage particles expressing SPAG17-A, SPAGI7-Al, an
unrelated-antigen HORMADI, and empty phages was
tested with serial 3-fold dilutions of 2 SPAG17-Al positive
gastric cancer sera. The normalized values were further
normalized against Strepll signal detected by anti-Sterp II
tag antibody (StrepMAB-Immo, 1BA, Germany) to correct
for copy number variations ol recombinant proteins per
phage particle.

RESULTS

Selection of Candidate CT Genes

Some of the SPAG genes have been studied extensively
whereas for others only the coding sequence is known,
hence, we carried out data mining in Human Protein
Atlas,”**! Oncomine, > Genevestigator,’*>? BioGSP,¢"7
and Entrez Gene™® databases and the published literature to
select C'T gene candidates for experimental validation. The
criteria for selecting a SPAG gene for further expression
analyses were CT-associated expression profile, possible
functional implications in oncogenesis and the cell surface
localization. The decision was based on the obtained
information summarized in Table 2 and included SPAGI,
SPAG4, SPAGS, SPAG6, SPAGS. SPAGY. SPAGIIB,
SPAGI15, SPAG16, and SPAG17. SPAGI12 and SPAGI3
were included to affirm the ubiquitous expression repre-
sented by the above mentioned online resources.

bo
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All SPAG genes are alternatively spliced as evidenced
by the NCBI AceView database.'*® For the expression
analysis, primers were designed to amplify a common
region of all known transcripts. Additional sets of primers
were designed to amplify earlier reported testis-associated
splicc variants of SPAGY9%¢ (designated as SPAGY-C),
SPAG16'* (designated as SPAG16-L), SPAGS8 isoform
earlier found to elicit antibody responses in melanoma
patients®! (designated as SPAGS8-€2L), and SPAG17 splice
variant containing the predicted antigenic region (desig-
nated as SPAGI17-A). In addition, we identified novel
transcripts during the cloning of the antigenic regions of
SPAG6 and SPAG17 and designated them as variations of
corresponding transcripts in the AceView nomenclature
namely SPAG6-Al and SPAG17-Al (Figure, Supplemental
Digital Content 2, http://links.lww.com/JIT/A85 for all
alternative transcripts, amplicon positions, and cloned
antigenic regions).

mRNA Expression Pattern in Normal Tissues

To describe the expression pattern of SPAG genes, we
use the terms defined by Hofmann et al'*” where CT genes
that are expressed mostly in testis but are detectable in low
levels in a few other nongerm line tissues are designated
as testis-selective, and the ones present only in germ line
tissues and placenta are called testis-restricted. Expression
of the selected SPAG genes together with the well-known
CT antigen SSX2 as a control of testis-restricted expression
(according to the CTDatabase®®) was first analyzed by
qualitative RT-PCR in a panel of 14 different normal
tissues (Fig. 1A). SPAG1, SPAG6, SPAGS, SPAG8-e2L,
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FIGURE 2. The mRNA expression of sperm-associated antigens (SPAG) in various tumors. A, RT-PCR was carried out on sets of 6 breast
(B), colon (C), gastric (G), lung (L) cancer, and melanoma (M) tumor samples. Amplification products were visualized in a 1.2% agarose
gel. Numbers 1-6 designate tumor tissues of cancer patients, TE-commercial normal testis, N-no template control, M-size marker. B,
qPCR was carried out on sets of breast, colon, gastric, lung cancer, and melanoma samples (dark gray boxes), 9 melanoma cell lines
(light gray boxes), and adjacent normal tissues and corresponding commercial normal samples (white boxes). Boxes show median with
interquartile ranges for each sample set with Tukey whiskers, black dots represent the average value of the sample set, open circles
designate expression values of individual tissue samples. Y axis represents percentage of the testis expression level in logarithmic scale.
Single asterisk designates statistical significance reached within 1 tumor type, 2 asterisks—across all tumor types. One-tailed normal
approximated P values, calculated using the nonparametric Mann-Whitney U test, are indicated if significant. Numbers below the tumor
type designation indicate the number of overexpressed tumor samples out of all analyzed.

34 | www.immunotherapy-journal.com

© 2010 Lippincott Williams & Wilkins

57



] Immunother * Volume 34, Number 1, January 2011

Sperm-associated Antigens as Targets for Cancer Immunotherapy

SPAGI16-L, SPAG17, and SPAG17-A showed testis-selective
expression. and SPAGI1S and SPAG17-Al seemed to be
testis-restricted. These were further validated by qPCR in a
cDNA set composed of 13 different normal tissues and
testis samples from 4 different individuals. Testis-selectivity
was confirmed for all analyzed SPAG transcripts (Fig. 1B),
however, SPAG1 showed considerably high expression in
normal colon. A minute amount of SPAG1S5 was observed
in thymus, heart, and breast and renders it testis-selective.
SPAGI17-Al was approved as testis-restricted. The remain-
ing SPAG4, SPAGS. SPAGY, SPAGY-C, SPAGIIB.
SPAGI12, SPAG13, and the common region of SPAGI6
were present in many normal tissues in comparable levels
with that of the testis sample (Fig. 1A) and this observation
was confirmed by qPCR for SPAG9-C (data not shown)
and SPAGI16 (Fig. 1B). The objective expression level of
testis-selective SPAG gene transcripts was determined in 4
different testis samples (Fig. 1C) by comparing it with the
level of ACTB. It is shown that the most prominently
expressed SPAG gene in testis is SPAG16 reaching about
30% of the ACTB level, whereas the testis-selective
transcript SPAG16-L comprises around 6% of the total
SPAGI6. The transcripts containing the predicted antigenic
regions of SPAG8 (SPAGS8-e2L) and SPAGI17 (SPAGI7-
A) represent approximately 80% and approximately 40%
of the corresponding total mRNA., respectively, whereas
the testis-restricted transcript SPAG17-Al represents only
0.02% of the total SPAGI17.

mRNA Expression in Tumor Tissues

Next, we carried out a qualitative RT-PCR screening
experiment in melanoma, gastric, colon, lung, and breast
cancer specimens from 6 patients in each tumor type
(Fig. 2A) to determine whether any of the testis-associated
SPAG transcripts are present in tumors. It is evident that
the mRNA pattern varies in different cancer types among
SPAGs, SPAGI, and SPAGS8-e2L are the most frequent,
detected in about 80% of samples. SPAG6 and SPAGI17-A
can be detected in about 50%, and SPAG135, SPAG16-L,
and the testis-restricted transcript SPAG17-A1 are the least
frequent transcripts detected in 10% to 20% of analyzed
tumor samples.

To confirm upregulation of the testis-associated
SPAGs in the respective tumor types, their expression was
examined by quantitative RT-PCR in larger panels of
tumor and adjacent normal tissue pairs. The expression
level in tumor samples was compared with the adjacent
normal tissue and to the average signal detected in all
corresponding normal samples including the commercial
normal sample to account for the interindividual expression
variations and for cases when the adjacent normal tissue
was not available (such as for lung cancer biopsies and
melanoma cell lines). Expression of a SPAG gene was
considered upregulated in a tumor sample if it exceeded
that of the adjacent normal sample by at least 2-fold and
the average amount in all normal samples by at least 3-fold.
We could detect overexpression of all SPAG genes in tumor
samples of various tumor types, however the level of
SPAGI135 in overexpressed tumor samples is below 1%
of the testis level (Fig. 2B). Overexpression in 12.5%
melanoma samples was found only for SPAG6 and
SPAGI17-A. whereas no SPAG gene expression was
upregulated in colon cancer sample set (Fig. 2B). All
SPAG genes analyzed in breast cancer showed elevated
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expression level with frequencies varying from 14%
(SPAG17-Al) to 43% (SPAGI), and overexpression in
gastric cancer was noted for all except SPAGI7-A1 from
9% (SPAG6, SPAGS8-e2L) to 45% (SPAG17-A) of samples
(Fig. 2B). The most prominent upregulation of SPAG genes
is seen in lung cancer ranging from approximately 30%
(SPAG6, SPAGI7-Al) to 70% (SPAGL, SPAGI17-A)
(Fig. 2B).

Protein Expression Analysis

To evaluate the expression of testis-selective SPAG
genes at the protein level, we used immunohistochemistry
on tissue microarrays comprising various normal tissues
and paired breast and lung tumor-normal and unpaired
gastric tumors and normal stomach tissues. The choice
of analyzed proteins was limited to the availability of
commercial antibodies. SPAG6 was not detected in any of
the 45 normal tissues represented on TMAs (from 2
different commercial providers in 2 repeated experiments),
including lung and spermatozoa (Fig. 3A). However, its
expression was observed in 7 out of 12 breast cancers and
1 adjacent normal breast specimen (Fig. 3B, normal tissue
panel). All positive tumor samples showed distinct perinu-
cleolar staining (Fig. 3B, arrows in the tumor images) and
mostly weak nuclear staining with strong signals in 2 out of
7 tumors (Fig. 3B). A more prominent signal was observed
in 11 out of 12 lung cancer specimens strongly staining
either nucleus alone or also cytoplasm and little amount in
all adjacent normal Tung samples with exclusively nuclear
localization (Fig. 3C) just as in the adjacent normal breast
sample. The positive tumors could be divided by the
proportion of the positive cells, 8 out of 11 samples showing
around or less than 50% and 3 out of 11 staining close to
100% of cells (Fig. 3C), however, no correlation of tumor
stage or metastatic status was noted.

SPAGS8 was observed only in discrete cells in the
parabasal layer of ectocervix (Fig. 3D), acinar, and ductal
epithelium of the breast (Fig. 3E, normal tissue panel) and
stomach fundus glands (Fig. 3F), whereas all other normal
tissues including testis, skin, and other stratified squamous
cell epithelia such as that of esophagus or larynx were
negative (data not shown). The subcellular localization is
mostly cytoplasmic, but in the cells of fundus glands also
the nucleus is stained and in ectocervix also possibly the
plasma membrane. Its expression was also detected in 60%
of breast tumors (7 out of 12) with a strong staining
characteristic to nonmetastatic lesions (3 out of 3), whereas
metastatic breast carcinomas (assessed by the presence
of dissemination to lymph nodes) were less prominently
stained (4 out of 9) and showed a possible surface
localization in some cells (2 out of 4 positive cases)
(Fig. 3D, arrows in tumor panel pictures). SPAGS in
gastric cancer (Fig. 3E) was only rarely detected by a strong
signal and a decreased frequency of positive cases was
noted with advancing stage: from 55% of stage 11 (11 out of
20) to 44% of stage TIT (8 out of 18). All inflammatory,
metaplastic, and dysplastic samples and a single stage I case
were positive and the single stage IV case and 10 lymph
node metastases were negative. Surface localization was
suspected in 1 case (gastric adenocarcinoma, stage II)
(Fig. 3E, arrow in tumor image). We observed no SPAG8
protein expression neither in 40 malignant melanoma
tissues nor in 8 unpaired normal skin samples (data not
shown).
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embedded tissue microarrays using anti-SPAG6 and anti-SPAG8 antibodies, HRP-conjugated secondary antibodies, DAB color
development, and hematoxylin counterstaining. Black lines designate scale bars of 10 um. A, SPAG6 IHC analysis in normal testis (left)
and normal lung (right). B, SPAG6 IHC staining in normal breast (N) and paired tumor (T) tissues; arrows indicate cells with
perinucleolar staining. C, SPAG6 IHC staining in normal lung (N) and paired tumor (T) tissues. D, SPAG8 IHC staining in normal stratified
squamous cell epithelium of ectocervix; arrows indicate discrete strongly stained cells with possible surface staining. E, SPAG8 IHC
staining in normal breast (N), and paired tumor (T) tissues, arrows indicate tumor cells with possible surface staining. F, SPAG8 staining
in normal stomach (N), arrows indicate discrete strongly stained cells, and unpaired gastric tumor (T) tissues, arrows indicate tumor cells
with possible surface staining.

Frequency of Autoantibodies duals by using custom phage-displayed antigen microarray.

To analyze the immunogenicity of the cancer-asso- The frequency of cancer autoantibodies against SPAGI,
ciated SPAG proteins and the earlier described cancer SPAG6-A and Al, SPAG9-C, and the novel testis-
serum marker SPAG9-C3*7 in cancer patients, we restricted splice variant SPAG17-A1 are comparable with
determined the frequency of IgG class autoantibodies in the CT antigen HORMADI and higher than against
sera from 539 cancer patients, 127 patients with inflamma- MAGEAl and SSX2, whereas no sera reacted with
tory gastrointestinal disorders and 147 cancer-free indivi- SPAG6-B and SPAG17-A transcripts (Table 3, Fig. 4A).
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TABLE 3. The Frequency of Reactive Sera Against SPAG Proteins in Cancer Patients, Gastritis Patients, and Healthy Individuals*

Antigen B39 C(33) G@72) L(24 LE@28) M163) P(52) T@8) AllCa(539)F GI(127) HD (147)
SPAGI 0 3 0 42 0 0 0 0 0.4 0 0
SPAG6-A 0 0 0 0 0 0 2 0 02 0 0
SPAG6-A1 0 [4] 0.6 0 0 0.6 0 0 0.4 0 0
SPAG6-B 0 0 0 0 0 0 0 0 0 0 0
SPAGS-¢2L 0 0 1.7 0 3.6 3.1 2 3.6 2 3.1 0.7
SPAGY-A 0 0 12 0 0 0 0 0 0.4 0 07
SPAGY-C 0 0 0 0 0 0.6 0 0 02 0 0
SPAGI6-L 0 0 0.6 0 3.6 0.6 5.8 0 1.1 3.1 2
SPAG17-A 0 0 0 0 0 0 0 0 0 0
SPAG17-Al 0 0 1.7 0 0 0.6 0 0 0.7 0 0
CTAGIB 10 6 7 12.5 7 10.4 9.6 10.7 8.9 0 0.7
HORMADI 0 0 3.3 0 3.6 0.6 0 0 1.5 1.6 0
MAGEALI 0 0 0 0 0 0.6 0 0 0.2 0 0
SSX2 0 0 0 0 0 0.6 2 0 0.4 0

*The number of tested sera is indicated in brackets under the tested tumor type, and the frequency of reacting sera is indicated in percents.

TAIll Ca—frequency of antibody responses across all tumor types.

B indicates breast cancer; C, colon cancer; Ca, cancer; G, gastric cancer; GI, gastrointestinal inflammatory diseases; HD, healthy donors; L, lung cancer;
LE, lymphocytic leukemia; M, melanoma; P, prostate cancer; T, thyroid cancer.

SPAG9Y-A and SPAGI16-L were detected also by sera from
healthy donors and gastritis patients in comparable frequencies
with the tumor sera suggesting an inflammation rather than
cancer-related response (Table 3). The most often recognized
was SPAGS8-e2L with high titer antibodies (antibody signal
over 3) in 1 out of 167 melanoma sera (stage T) and low titer in
4 out of 167 melanoma, 3 out of 172 gastric, 1 out of 28
lymphocytic leukemia, 1 out of 52 prostate cancer, and 1 out
of 28 thyroid cancer sera (stages I-III), and 4 out of 127
gastrointestinal disease patients (3 atrophic gastritis and 1
duodenum ulcer) and 1 out of 147 healthy donors (Fig. 4A,
Table 3). Cancer-specific autoantibodies against SPAG17-A1
were detected in 3 out of 172 gastric cancer patients (1 stage 111
and 2 stage IV patients), whereas the major isoform SPAG17-
A was very weakly recognized with the corresponding sera
antibody signals just below the serum positivity threshold
(Fig. 4A). SPAGI17-Al isoform lacks 171 amino acids
compared with SPAG17-A (Table and Figure, Supplemen-
tal Digital Contents 1 and 2, http://links.lww.com/JIT/A84
and http://links.lww.com/JIT/A85) and hence, might be
represented on the phage surface in a more efficient way
leading to increased antibody signals. To exclude the
possibility that differential serum reactivity against these 2
splice isoforms is owing to variable amount of recombinant
protein on the phage surface and to determine the titer of
the anti-SPAG17-Al autoantibodies, we carried out addi-
tional screening with serial 3-fold dilutions of 2 positive
gastric cancer sera on a separate array containing 3
replicates of SPAGI17-A, SPAGI17-Al. and irrelevant
antigen HORMADI and the antibody signal intensities
were normalized not only against the total amount of
printed phage by anti-T7 phage tail antibody, but also
against the copy number of recombinant protein per phage
particle by anti-Strep Tag antibody (Materials and Meth-
ods). The presence of the anti-SPAGI17-Al-specific anti-
bodies was approved and the antibody signals are detected
at the sera dilution higher than 1:2700 (Fig. 4B).

DISCUSSION
The specificity and oncogenicity of a potential cancer
antigen are the dominant criteria for choosing it for further
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evaluation of immunogenicity and therapeutic functions as
defined in the recent guidelines of prioritizing antigens for
immunotherapy.® We analyzed online expression databases
and published literature to define those SPAG genes that
might match the above criteria and to select the candidate
CT genes for experimental validation. Five of the SPAG
genes (SPAG2, SPAG7, and SPAG10, SPAG12, SPAG13)
were presented as ubiquitous by literature data and data
deposited in online gene array databases, and this expres-
sion pattern was experimentally confirmed for SPAG12 and
SPAGI13. Qualitative mRNA expression analysis showed
that SPAG4 is most abundant in pancreas fitting the earlier
published results®® and several other normal tissues, hence,
while being a possible marker of various neoplasias,®® it
cannot be included in the CT gene category. SPAGS was
ubiquitously expressed differing from the earlier reported
testis-selective distribution,'*>3 but in concordance with its
functional involvement in centrosome integrity’%~’# and the
protein expression pattern presented in HPA.>' Among the
most studied is SPAGY or JLP, a scaffolding protein that is
involved in various signaling events along the MAPK®” and
TNF-o or NF-kB!3® pathways and is important for sperm
development® and retinoic acid-mediated endodermal
differentiation.”* In addition, the overexpression of a
distinct testis-associated splice variant of SPAG9 (desig-
nated by AceView database'*¢ as SPAGY-C) is suggested to
be important for tumorigenesis and proposed as a tumor
immunotherapy target.>> 3337 We show, however, that,
despite the dominant expression in testis, SPAG9-C is
present in various normal tissues in comparable levels and it
cannot be considered as a CT antigen with implications in
immunotherapy.

We continued the expression analyses of testis-
selective SPAG genes in various tumor types and showed
upregulation in cancer tissues of all except SPAGIS.
Earlier, SPAG15 has been shown as overexpressed in
around 60% of breast cancer cases,*’ as well upregulation is
noted in lung cancer by Oncomine,** however, no expres-
sion was detected in these tumors in our sample set. A
larger sample size and/or other tumor types should be
analyzed to see whether SPAG15 can be classified as a CT
gene. According to the results of our expression analysis
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FIGURE 4. Autoantibody responses in sera of various cancer patients, gastritis patients, and healthy donors. A, Autoantibody reactivity
against SPAG proteins and the well-known CT antigens was determined by screening phage-displayed antigen microarray with sera
from 39 breast (B), 33 colon (C), 172 gastric (G), 24 lung cancer (L), 163 melanoma (M), 28 lymphocytic leukemia (LE), 28 thyroid (T),
52 prostate cancer (P) patients and 127 patients of gastrointestinal inflammatory diseases (GI), and 147 healthy donors (HD).
Normalized average values of triplicate recombinant phages are displayed. The serum positivity threshold is defined as 4 standard
deviations above the average signal of 70 nonrecombinant phage controls and is designated as a line across the graphs. B, Two gastric
cancer sera MGB62 and 43-F4 showing strong reactivity against the novel splice variant SPAG17-A1 and not the dominant isoform
SPAG17-A were used in serial 3-fold dilutions for screening of antigen microarray containing these phages and an irrelevant antigen
HORMADT1. The obtained signals were normalized against the total amount of printed phage and the amount of recombinant surface
protein per each phage. Y axis represents autoantibody signal values, X axis represents serum dilution, error bars designate standard
deviations of 5 recombinant phage replicates. Average antibody signals for clone of SPAG17-A1, 2 clones of SPAG17-A, and 2 clones of
irrelevant antigen HORMAD1 are displayed.

SPAGI, SPAGS6, SPAGS, and SPAGI17 genes are the new proper activation of antigen-specific T helper cells has a
members of the CT gene category, whereas only distinct great potential to underlie tumor control and eradica-
isoforms of SPAG16 (SPAG16-L) arc testis-sclective. tion.'*® The presence of specific class switched autoanti-

Tumor antigen-targeted immunotherapy (rials have bodies in patients’ sera against tumor antigens is indicative
shown that the expansion of antigen-specific CTLs does not of spontaneous cell activation against the particular antigen
necessarily correlate with tumor regression,!3® whereas the and the detection of such autoantibodies can be used to
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monitor the frequency of such responses in cancer patients.
To do this, we used the phage-displayed antigen microarray
system developed in our lab?! and created a custom SPAG
antigen microarray for serum screening of various cancer
patients. Overall, the frequency of autoantibodies against
SPAGs is low, yet higher than that of the well-known CT
antigens such as MAGEAI and SSX2. Humoral response
against SPAG1, SPAG6, and the novel testis-restricted
splice variant SPAG17-A1 was specific to cancer patients,
and cancer-associated in the case of SPAGS ascribing these
genes as novel members of the CT antigen group, while
anti-SPAG16-L antibodies are equally present in healthy
individuals and gastritis patients leaving its CT antigen
status in question.

SPAGI, a protein involved in G protein coupled
receptor signaling during spermatogenesis and fertiliza-
tion>>%" and sperm mtDNA degradation in zygote,®>% has
been earlier shown to be a progression marker of pancreatic
cancer and a cell motility factor.?? We, for the first time
show here that SPAGI can be immunogenic and is up-
regulated prominently in lung and breast cancers, however,
relatively high expression in normal colon was also
detected, which correlates with gene array results presented
by the Genevestigator tool,>® noting that its application for
immunotherapy might not be straightforward.

The fresh appreciation of an organelle present on most
mammalian cells—the nonmotile primary cilium—as an
important signal transduction hook-up has lead to the
notion that centrosome and basal body (the nucleation
center of ciliary microtubules) are interexchanging struc-
tures that respond to cell cycle regulation, and that cilium
is necessary for the proper function of such crucial signal-
ing pathways as the Hegdehog, Wnt and PDGPFalfa,
disruption of which results in various developmental
disorders and cancer.!*! The proteome of primary cilium
has now extended to more than 2500 proteins, many of
which are shared between basal body and centrosome
and are involved in cell cycle checkpoints.!421% Tt is
interesting to note that 8 of the 15 SPAG genes: SPAG2,
SPAG4, SPAGS, SPAG6, SPAGS, SPAGL1S5, SPAG16, and
SPAGI17 have been shown to participate in centrosome
and/or cilium-related events.

Initially identified as a sperm acrosome protein
recognized by sperm agglutinating antibodies and necessary
for sperm-egg binding,'>% SPAGS has also been shown to
participate in G2/M phase regulation delaying the exit form
mitosis when overexpressed in CHO-K1 cells and coloca-
lizes with microtubule organizing center (MTOC) in
prophase and spindle microtubules during metaphase.®?
MTOC nucleates microtubules in both, cilium (basal body)
and mitotic spindle (centrosome), and it would be of
interest to determine whether the disbalanced expression of
SPAGS8 might participate in ciliary or mitotic defects. A
relation of SPAGS to oncogenesis comes from a study, in
which ¢cDNA microarrays showed a 5-fold overexpression
in the more aggressive HPV18-type cervical carcinoma
when compared with normal cervical epithelium.?? Tt is
interesting to note that our IHC results showed strong
cytoplasmic and possibly membranal staining of distinct
cells in the parabasal layer of ectocervix and, considering
the frequency of the stained cells, they might correspond to
the stem cells of this squamous-stratified epithelium. The
basal and parabasal level of ectocervix is thought to be the
location of the cervical squamous epithelium stem cells'#*
and the HPV-induced cervical carcinogenesis is thought to
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arise from the deregulation of these stem cells.'*> It would
be interesting to see if SPAGS colocalizes to the same cells
as the currently suggested cervical stem cell markers CK17
and p63'** and whether its MTOC-related activities could
be involved in the development of HPV-induced cervical
cancer. In addition, we saw the staining of distinct cells in
the glandular epithelia of the breast and stomach and the
overexpression in the corresponding tumors was seen with a
tendency to decrease with tumor stage and was not detected
in any of the metastasis samples. In accordance with this
observation, the autoantibodies were found mostly in sera
of chronic atrophic gastritis that is an early preneoplastic
condition, and sera of gastric cancer and melanoma
patients with stages I to III. It is tempting to speculate
that overexpression of SPAGS8 could be advantageous for
tumor evolvement in certain contexts but it is lost during
tumor progression possibly owing to immune selection.
With this in mind, autoantibodies against SPAGS8 could be
used as an early cancer biomarker; however, targeting of
SPAGS in tumor immunotherapy might be jeopardized.
Nevertheless, the possible relation to stem cell functions
and surface localization might provide another axis of
treatment approaches using this antigen.

First described in Chlamydomonas flagellum SPAGG6,
SPAG16-L, and SPAG17 have been shown to mutually
interact at the central apparatus of sperm axoneme—a
central duplet of microtubules that is characteristic to the
motile cilia, but is absent from nonmotile primary cilia, and
are necessary for flagellar motility.!!”-!3% The expression of
SPAG6 has been described in tracheal and bronchial
epithelium’” and detected in other motile cilia-covered
epithelia of the respiratory tract as presented by gene array
data,®® in addition, it has been shown as a dynamically
exchanging basal body component.'#® A double knockout
mouse model of SPAG6 and SPAGI16-L showed early
mortality of litters owing to severe phenotypes of hydro-
cephalus and pneumonia indicating to their importance
in proper functioning of mucus and fluid-propelling motile
cilia, but not polycystic kidneys or left-right axis defects
characteristic to nonmotile and nodal ciliopathies.'#7 It is
not known how these proteins contribute to the motility of
mammalian cilia, as the ultrastructure of axonemes in the
deficient animals is normal.'¥’

Only a few studies have related these proteins to
cancer. SPAG6 was reported to be overexpressed in the
bone marrow of AML patients and suggested as a marker
for minimal residual disease and relapse,’® whereas
SPAGI7 has been suggested as a potential candidate gene
of thyroid cancer susceptibility.!*® We have shown the
overexpression of SPAG6 mRNA in breast and lung cancer
specimens and verified this by THC analysis. We also
detected SPAG6 protein in 1 out of 12 adjacent normal
breast samples and all adjacent normal lung alveoli
samples, while none of these tissues from cancer-free
individuals were positive. Whether the presence of SPAG6
in these adjacent normal samples represents a factor of
early premalignant transformation or is a particular tumor
microenvironment-induced phenomenon, remains to be
determined. Taking into account the functional involve-
ment of SPAG6 in the motile cilia of the brain and the
respiratory tract, it’s targeting in cancer immunotherapy
raises caution. Our IHC results showed, however, that the
overexpressed SPAG6 protein in breast and lung cancer
had perinucleolar, nuclear, and cytoplasmic subcellular
localization patterns, indicating to other possible functions
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of SPAG6 besides participation in the motile cilium. The
observed humoral immune response in cancer patients
against transcripts of SPAG6 might also suggest that its
ectopic overexpression can be immunogenic. Further
studies are warranted to reveal the functional significance
of SPAG6 overexpression and to define the molecular
alterations underlying its ectopic expression and possibly
motile cilium-unrelated activities in cancers, and might
result in the identification of epitopes distinct from the
normal ciliary SPAG6 providing ground for tumor-
associated SPAG6 targeting.

SPAGI17 showed testis-selective expression pattern
and was upregulated in lung and gastric tumors, whereas
its minor splice variant SPAG17-Al was testis-restricted
and present in a portion of lung and breast tumors, but it is
not yet clear whether the low-level mRNA of SPAG17-Al
could result in significant quantity of protein; nevertheless,
exactly this isoform is recognized by high titer autoanti-
bodies in late-stage gastric cancer sera. The low-antibody
signal against SPAG17-A in SPAGI17-Al reactive sera
might represent a weak cross-reactivity between these splice
variants. Testis is an organ with one of the most diverse
transcriptomes owing to vastly rich alternative splicing. We
and other researchers have earlier suggested that the
deregulation of alternative splicing in cancer can result in
the recognition of such testis-restricted splice sites, leading
to production of immunogenic isoforms of otherwise
tolerated proteins.!*® 151 We show here for the first time a
testis-restricted splice variant-specific immune response and
suggest that such antigens are designated to a separate
category called CT-spliced antigens. Further studies of
SPAG6 and SPAGI17 alternative isoform expression in
various tumors and the capability to elicit protective
T helper and/or CTL responses in patients bearing
SPAG-positive tumors are warranted and ongoing.
Furthermore, it would be of interest to find out whether
these SPAG proteins might also participate in primary
cilium regulated signaling pathways related to oncogenesis
if their natural organelle—the motile cilium—is absent.

In conclusion, we have determined the expression
pattern of SPAG genes in various normal tissues and
showed that only 5 of the 15 genes in the SPAG group are
actually testis-selective, although the earlier considered CT
genes SPAG4 and SPAGY are expressed in several normal
tissues in comparable levels with the testis. Expression
analysis in various tumor types revealed upregulation of
SPAGI, SPAG6. SPAGS, the splice variants SPAG16-L,
SPAGI17-A, and novel testis-restricted alternative splice
variant SPAG17-Al. Cancer-related humoral immune res-
ponse was found against SPAG1, SPAG6, SPAGS, and
SPAGI17-Al, thus showing these as novel CT antigens that
might be useful as cancer serum biomarkers. In addition,
transcripts of SPAG6 and SPAGI7-Al are potential
candidates for cancer immunotherapy.
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Abstract

Autoantibodies against tumor-associated antigens due to their specificity and stability in the
sera are very attractive biomarkers for the development of non-invasive serological tests for
the early detection of cancer. In the current study we applied T7 phage display-based SEREX
technique to identify a representative set of antigens eliciting humoral responses in gastric
cancer (GC) patients, produced phage-antigen microarrays and exploited them for the survey
of autoantibody repertoire in patients with GC and inflammatory diseases. We developed
procedures for data normalization and cutoff determination in order to define sero-positive
signals and rank them by the signal intensity and frequency of reactivity. To identify
autoantibodies with the highest diagnostic value, a 1150-feature microarray was tested with
sera from 100 patients with GC and 100 cancer-free controls and then the top-ranked 86
antigens were used for the production of focused array that was tested with an independent
validation set comprising serum samples from 239 GC patients, 150 peptic ulcer and gastritis
patients and 213 healthy controls. ROC curve analysis showed that 45-autoantibody signature
could discriminate GC and healthy controls with AUC of 0.79 (58% sensitivity and 91%
specificity), GC and peptic ulcer with AUC of 0.76, and GC and gastritis with AUC of 0.64.
Moreover, it could detect early GC with equal sensitivity than advanced GC. Interestingly, the
autoantibody production did not correlate with histological type, H. pylori status, grade,
localization and size of the primary tumor while it appeared to be associated with the
metastatic disease.
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Introduction

Despite the overall global decrease in incidence, gastric cancer (GC) with the estimated ~989 600 new
cases and ~ 738 000 deaths per year remains the fourth most common type of cancer and the second
most common cause of cancer-related death worldwide (1). The high mortality rate in GC is mostly
due to its detection at advanced stage (IIIA-IV), when the estimated 5-year survival rate ranges from 4
to 20% and the median overall survival is around 8-12 months. Only less than 20% of cases are
detected at an early localized stage when the complete, curative resection is possible and the 5-year
survival rate reaches 75% (2, 3). The early detection of GC is hampered by the lack of specific
symptoms before it has spread beyond the original site and the lack of reliable non-invasive screening
tests. Currently, the diagnosis is based on endoscopic examination followed by the histological
analysis of gastric biopsy that is an invasive technique not applicable for the screening of
asymptomatic population. Hence the identification and validation of GC biomarkers that could be
detected in body fluids such as plasma, serum or urine and are suitable for the development of non-
invasive or minimally invasive tests applicable for screening high-risk groups would represent a
significant step towards the reduction of morbidity and mortality caused by GC.

Autoantibodies against tumor-associated antigens (TAA) have been detected by the classical or
modified SEREX approaches in all cancer types analyzed so far (4, 5) and due to their specificity and
stability in the sera they seem to be very attractive targets for the development of non-invasive
serological tests for the diagnosis or early detection of cancer. Furthermore, in contrary to the currently
known serum biomarkers such as PSA, CEA or CA19-9, they are qualitative not quantitative
biomarkers. However, so far the exploitation of tumor-associated autoantibodies for cancer diagnosis
has been hampered by several factors: the frequency of antibodies against any individual TAA is
generally low, typically ranging from 1 to ~15%; autoantibody repertoire is heterogeneous and to some
extent resemble the response to tissue damage by viral infections or autoimmune diseases;
autoantibodies against a number of TAAs, such as CTAG1B, TP53, ¢-MYC etc. are found in patients
with different types of cancer (6-9). To overcome these limitations, a number of novel proteomic
approaches including the serological proteome analysis (SERPA) (10), immunoprecipitation of
antigens followed by mass spectrometric analysis (11) and antigen microarrays (12-16) have been
applied to explore the autoantibody profiles in cancer patients resulting in the discovery of
autoantibody signatures with diagnostic significance.

Although the application of the classical SEREX and proteomics techniques to gastric cancer has
resulted in the identification of a variety of TAAs (17-20), to our best knowledge, the autoantibody
repertoire in GC has not been comprehensively characterized and the diagnostic significance of the
autoantibodies has not been evaluated so far. Moreover, it is not clear whether the production of
autoantibodies is related to the metastatic spread, size of the primary tumor, its histological type,
localization or grade. To address these issues, we applied T7 phage display-based SEREX technique
(21) to identify a representative set of antigens eliciting humoral responses in GC patients, produced
phage-displayed antigen microarrays and determined the autoantibody profiles in patients with gastric
cancer, gastritis, gastric ulcer and healthy individuals and examined the correlation of the autoantibody
signatures with the clinicopathological features.
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Materials and Methods

Tissue specimens and study population.

Eleven gastric cancer tissue specimens were macroscopically dissected by a histopathologist during
surgery at Latvian Oncology Center and stored in RNALater® (Applied Biosystems, USA) at -20°C
till processing. Tissue sections were evaluated by an experienced pathologist and the diagnosis was
established according to standard histopathological criteria. Five of the specimens were diagnosed as
intestinal, 6 — as diffuse type adenocarcinomas, including 3 signet-ring cell adenocarcinomas; 2 were
grade II, 5 were grade III and 4 were grade IV cancers.

Pre-treatment serum samples from 232 GC patients were collected at Latvian Oncology Center,
aliquoted and stored at -80°C. Another cohort of 134 GC serum samples was received from Clinic of
Gastroenterology, Hepatology and Infectious Diseases, Germany. Serum samples from 313 age and
gender matched cancer-free healthy individuals and 98 patients with gastritis, including 58 patients
with endoscopically detected atrophy, and 52 patients with gastric ulcer were provided by the Genome
Database of Latvian Population. Characteristics of the study population are provided in Table 1.

The tissue and serum specimens were collected after the patients’ informed consent was obtained in
accordance with the regulations of Committee of Medical Ethics of Latvia and the ethical committee
of the Otto-von-Guericke University Magdeburg.

Construction of T7-Strepll tag phage display vectors and cDNA expression libraries.

A set of three T7-Strepll tag 1-3 vectors was constructed by cloning DNA sequence encoding Strepll
tag (Trp-Ser-His-Pro-Gln-Phe-Glu-Lys) into HindIIl and Notl sites of T7Select 10-3b vector DNA
(Novagen). Three different oligonucleotides carrying one or two nt insertions after the HindIII site
were used in order to position Strepll tag in the three possible reading frames relatively to N-terminus
of T7 10B coat protein and cDNA insert. The oligonucleotide duplexes were digested with HindIII and
Notl, ligated into the T7Select 10-3b vector and the ligation mixture was subjected to in vitro
packaging using T7 Select Packaging extract (Novagen). Three individual phage clones carrying the
Strepll tag in different reading frames were selected, amplified, vector DNA was isolated using
phenol/chloroform extraction, ethanol precipitated and digested with EcoRI and HindIII.

The obtained T7-Strepll tag 1-3 vector set was used for the construction of gastric cancer cDNA
expression libraries as described previously (21). Briefly, total RNA was extracted from 11 tumor
tissue specimens using TRIzol reagent (Invitrogen) according to the manufacturer’s instructions.
mRNA was isolated from 300 pg total RNA pooled from 5 or 6 patients to produce GCP5 and GCP6
libraries, respectively, using Dynabeads mRNA purification kit (Invitrogen) and converted to cDNA
using HindIlIl Random primers (5’-TTNNNNNN-3’) (Novagen). Then cDNA was ligated to
directional EcoRI and HindlIl linkers, digested with the corresponding restriction enzymes, size
fractioned by gel electrophoresis to isolate fragments of 200 — 1000 bp in length and then ligated into
pre-digested T7-Strepll tag 1-3 vectors (0.5 pg each). The ligation mixtures were packaged in vitro
resulting in GCP5 and GCP6 libraries of 5x10° pfu and 8x10°¢ pfu, respectively. The libraries were
amplified once in IPTG-induced BLT5615 cells.

Selection of serum-reactive phage clones.

The obtained GCP5 and GCP6 cDNA expression libraries were enriched for ORFs by incubating
~5x10'%fu from each library with 40 pl of Strep-Tactin coated Magnetic Beads (IBA GmbH,
Germany) and the phage particles expressing Strep I tag were purified and eluted according to the
manufacturer’s instructions. ORF enriched libraries were titrated and used for the biopanning with
negative and positive selection followed by the immunoscreening with patients’ sera as described
previously (21). Briefly, approximately 3-5x10°pfu from each ORF enriched library were at first
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incubated with 100 pl of Protein G coated magnetic beads (Pierce), coupled with IgGs from 5 healthy
individuals and then the unbound phage was incubated overnight with pools of sera from 5 or 6 GC or
gastritis patients (0.5 pl each). Sera were preabsorbed with BLT5615 and T7 phage lysate coupled to
CNBr-Sepharose 4B before adding to the phage libraries. A hundred pl of Protein G coated magnetic
beads were washed twice with blocking solution (5% milk powder in TBS, 0.05% Tween 20), added to
the phage - serum mixture and incubated for 2 h with agitation. The beads were washed 10 times with
1 ml TBS, 0.05% Tween and all bound phages were used for the immunoscreening. BLT5615 cells
grown in LB supplemented with 1xM9 salts, 0.4% glucose, ImM MgSO4 and carbenicillin (50pg/ml)
to ODg00=0.5 and induced with IPTG for 30 min were infected with the phages and plated on
LB/carbenicillin agar plates at density ~103pfu per 150 mm plate. After ~2h incubation at 37°C when
the plaques reached ~Imm in diameter, plates were overlaid with Protan nitrocellulose (NC) filters
(Whatman) and incubated for 1 h at 37°C. The filters were blocked with 5% (w/vol) milk powder in
TBS, 0.05% Tween 20 for 1h, and then incubated overnight with 1:200 diluted patients’ serum that has
been preabsorbed with E.coli/ phage lysates immobilised on CNBr-Sepharose 4B. The serum-reactive
clones were detected by incubating the filters with alkaline phosphatase conjugated anti-human IgG,
Fcy specific secondary antibody (Pierce) and NBT/BCIP (Fermentas), isolated and purified to
monoclonality. The inserts of serum-reactive phages were amplified by 35-cycle PCR using primers
flanking the insert and 1 pl of phage solution as a template. PCR products were purified and
sequenced using ABI Prism BigDye Terminator v3.1 cycle sequencing kit and 3130 Genetic Analyser
(Applied Biosystems). DNA sequences were analysed using BLAST tool at www.ncbi.nlm.nih.gov,
Translate tool at www.expasy.org and compared against sequences available at Cancer Immunome
Database (www2.licr.org/CancerlmmunomeDB).

Production and processing of phage displayed antigen microarrays.

For the production of 1150-feature antigen microarray, a panel of all different serum-reactive phage
clones selected from GC cDNA libraries, phage clones previously selected from T7 phage-displayed
testis, melanoma and prostate cancer cDNA expression libraries and non-recombinant control phages
was assembled and simultaneously amplified to high titre (~5x108-1x10° pfu/ul) in E. coli BLT 5616
cells using 96 well culture plates (Whatman). The lysates were clarified by centrifugation,
supplemented with 5% glycerol and 0.1%NaN3 and arrayed in quadruplicates onto nitrocellulose-
coated 2-pad FAST slides (Whatman) using a QArray Mini microarrayer (Genetix). The microarray
slides were blocked with 5% (w/vol) milk powder in TBS, 0.05% Tween 20, incubated with 0.9 ml of
1:200 diluted patients’ sera that were preabsorbed with 15 pl of UV-inactivated E.coli- phage lysates,
washed 4 times in TBS, 0.5% Tween 20 for 15 min, and then incubated with monoclonal anti-T7 tail
fiber antibody (Novagen). After 3 washes in TBS, 0.5% Tween 20, the microarrays were incubated
with Cy5 labelled goat anti-human IgG antibody (1:1500) and Cy3 labelled goat anti-mouse IgG
antibody (1:3000) (Jackson ImmunoResearch) for 1 h, then washed thrice in TBS, 0.5% Tween 20,
rinsed with distilled water and dried by centrifugation. A reference serum was included in each series
of experiments. The arrays were scanned at 10 um resolution in PowerScanner (Tecan) with 532 and
635 nm lasers, the results were recorded as TIFF files and the data were extracted using GenePix
software. The obtained data were further analyzed using an ad hoc program composed in R language.

For the production of 96-feature antigen microarray, the selected phage clones were amplified from the
low-titre stocks as described before, quality-controlled by PCR and spotted onto 16-pad FAST slides
in duplicates and the arrays were processed as described above.

Microarray data processing and statistical analysis.
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For each spot the mean Cy5 and Cy3 signals were background subtracted, averaged between
replicates, and the Cy5/Cy3 ratios were calculated for each antigen. Spots that did not pass the quality
criteria (morphologically heterogeneous spots and spots that differed by more than 50% between
replicates) were excluded from the analysis. A two-step normalization strategy was used for the
fluorescent signal ratios in order to eliminate variations introduced by the custom production of
microarrays and variable background intensities of different sera. At first, the values in each slide
(each serum) were normalized by the median of the middle 80% of all measurements for each
fluorescent channel separately. Then the distribution of data across an array was centered by
equalizing the standard deviation of the middle 80% of values to 1. Next, for the inter-slide
normalization, the Cy5 and Cy3 signal intensities for each spot were divided by the median of the
middle 80% of the values for this spot in slides within one batch and the distribution was centered
across slides in the batch. The highest and lowest 10% of the values were excluded from the SD
calculation in order not to dismiss the outliers that may represent serum-positive antigens.

The cutoff value (T) for each antigen was calculated as follows:
T =mean Uyp)+ 3 x 5DUy)

, where Inp is the signal intensities in healthy controls. Then the antigens were ranked, taking into
account the signal intensity and frequency of reactivity with GC patient sera compared to healthy
donor sera, using the following formula:

Ri= (ZIGE%\rGfi )_ ? (ZIHD%\FHDL' )

Finally, a score for each serum was calculated as follows:

"
5= ) VR: xI,
i=1

The non-parametric Mann-Whitney U test was used to compare the serum scores between two
independent groups of samples. The receiver operating characteristic (ROC) curve was constructed
and the area under the curve (AUC) was calculated to evaluate the diagnostic performance of the
serum scores. Leave one-out cross validation (LOOCV) as described by Laxman B et al, 2008 was
used to validate the biomarker models to eliminate overestimated values (22). To define cutoff points
on the ROC curves with the maximal sum of sensitivity and specificity Minimal misclassification cost
term (MCT) approach (23) was used as follows:

MCT = (1 — prevalence) x (1 — Sp) + (CGH(FNVC X prevalence x){i — Se)

ost(FP)

, where the cost(FN)/cost(FP) was set at 0.5.
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Results and Discussion

Discovery of gastric cancer antigens.

In order to identify a representative set of antigens eliciting humoral immune responses in GC
patients, two phage-displayed cDNA expression libraries, called GCP5 and GCP6, were
constructed from pools of total RNA isolated from 5 intestinal type and 6 diffuse type gastric
adenocarcinoma specimens, respectively, and the serum-reactive phage clones were selected
with sera pooled from 27 GC patients. The workflow of this study is shown in Figure 1. A
modified T7 Select 10-3b phage display system carrying the Strep 11 tag was used for the
construction of the expression libraries. In the standard version, cDNAs are expressed as C-
terminal fusion proteins with the phage coat protein 10B resulting in the display of a large
proportion of out-of-frame peptides. In fact, we and others have previously observed that only
~2 to 10% of the phage clones selected from T7 phage display libraries expressed proteins in
their natural reading frame, while the remaining clones contained DNA fragments translated
in non-natural reading frames that most likely represent mimotopes (13, 21). To increase the
proportion of in-frame antigens, we constructed a set of three T7-Strepll tag vectors that allow
selecting the phages displaying in-frame antigens by ORF enrichment step using Strep-Tactin
coated magnetic beads prior to the selection of serum-reactive clones. After the negative
selection step with healthy donors’ IgGs, both GC ¢cDNA expression libraries were screened
with pooled autologous sera and with 3 pools of allogeneic sera (5 diffuse type and 5
intestinal type adenocarcinomas of various stages and 6 stage I and IIA adenocarcinomas of
various types) (Table 1) by performing a single round of biopanning followed by
immunoscreening of the enriched libraries. This resulted in the identification of 316 different
serum-reactive phage clones. Sixty eight of them (21.5%) encoded proteins in their natural
reading frames thus showing that the application of T7-Strepll tag vector system substantially
increased the proportion of the identified in-frame antigens. Among the in-frame antigens
were 4 known cancer-testis (CT) antigens (CTAGIB/NY-ESO1, CTAG2/LAGE-1, DDX53,
HORMADI), 9 antigens that have been previously identified by applying conventional
SEREX to various tumour types (NOLS, UBR2, SC65, KTNI1, RPLP1, TPM3, ZNF282,
HSPA4 and EEF1A1), a number of ribosomal proteins and heat-shock proteins known to elicit
humoral response both, in cancer patients and patients with autoimmune diseases, but the rest
of the antigens have not been previously implicated in autoimmune responses. The remaining
248 serum-reactive clones contained cDNAs fused to 10B in a different reading frame, 5° or
3> UTRs, ribosomal RNA genes or mitochondrial DNA, thus expressing 4 to 80 aa long
peptides that likely represent mimotopes. The nature of the antigens they represent is not
known as they may mimic protein as well as non-protein antigens of cancer or normal cells or
various pathogens.

Identification of autoantibody signature with the diagnostic significance.

A panel of all 316 serum-reactive phage clones identified by screening of GC cDNA
expression libraries, 70 non-recombinant phage clones and 764 phage clones previously
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selected from T7 phage-displayed testis, melanoma and prostate cancer cDNA expression
libraries (21, 24) was assembled and used for the production of 1150-feature phage-antigen
microarray. The microarray comprised 46 antigens representing 16 CT antigen families
(CTAG1B/CTAG2, CTAGE, MAGE-A, MAGE-C, SSX, GAGE, HORMAD, DDXS53,
CSAG, PAGE, BAGE, SPANX, CT45, THEG, LDHC and SPAG), 152 in-frame antigens
including known tumor-associated antigens such as ANXA11 and TYR, autoantigens such as
AKAPI12 and LMODI and previously uncharacterized antigens, and 882 out-of-frame
peptides. In order to define autoantibodies with a potential diagnostic significance, the
microarray was tested with sera from 100 patients with gastric cancer of various histological
types and stages and 100 age and gender matched healthy individuals as the training set
(Table 1). After excluding low-quality spots and correcting for the variations in the phage
quantity and differences across the print runs, and allowing inter-slide (inter-serum)
comparisons by the two-step normalization, an individual cutoff discriminating between sero-
positive and negative samples was calculated for each antigen. The cutoff was experimentally
validated by plaque assay for 3 antigens — CTAG1B, HORMADI and SPAG17 using 3
positive and 3 negative sera according to the microarray data (data not shown). In total, 888
antigens reacted with at least one of these sera, however many of them reacted at a similar
frequency with cancer patients’ and healthy donors’ sera. In order to select a panel of antigens
eliciting the antibody response that is highly specific to cancer patients, the antigens were
ranked considering the signal intensity above the cutoff and higher frequency of reactivity
with cancer patients’ sera than with healthy individuals’ sera as described in Materials and
Methods. Three hundred sixty antigens reacted preferentially with cancer patients’ sera thus
receiving a positive rating, and therefore were considered to have a potential diagnostic
significance. Next, the “serum score” was calculated for each serum by summing up the
signal intensities above the cutoff for all the significant antigens. It ranged from 0 to 1400
(mean 107) in GC patients and from 0 to 150 in healthy individuals (mean 11) and the
difference was statistically highly significant (P=9.5x10-2°) (Fig. 2A). The diagnostic
performance of the serum score was evaluated by the ROC curve analysis and yielded AUC of
0.85 (95% CI 0.81-0.88, P=9.5x102%), sensitivity (Sn) of 57% and specificity (Sp) of 92% at
the cutoff point 35.3 (Fig. 2B). However, this biomarker set included antigens with low
diagnostic value (reacting with 1-2% of cancer patients’ sera or signal intensities less than 2
fold above the cutoff); moreover, the development of clinically applicable biomarker assay
based on 360 antigens would be impractical, therefore we next selected a set of 86 top-ranked
antigens with the highest specificity. This set had AUC of 0.81 (95% CI 0.78-0.84, P=1.9x10-
23), sensitivity of 69% and specificity of 89% at the cutoff point 3.4 (Fig. 2B).

Diagnostic performance of the autoantibody signature.

The phage clones encoding the selected 86 antigens, along with 10 non-recombinant phage
clones, were amplified and used for the production of 96-feature phage-antigen array. To
evaluate the reproducibility between 1150-feature and 96-feature arrays, it was tested with
randomly selected 50 GC patients’ and 20 healthy donors’ sera previously used in the training
set. It showed 89% concordance in detecting sero-positive signals, with an average CV of
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~13%, which is an acceptable inter-assay variability for immunoassays. To establish the
diagnostic value of the selected antigens, the array was tested for the reactivity with an
independent validation set including sera from 239 GC patients at various stages and of
various histological types and 213 healthy individuals with no history of cancer (Table 1). The
ranking of antigens was performed as described above and it showed that all of these antigens
scored above zero. The mean serum score calculated on the basis of these antigens differed by
more than 43-fold between GC patients and healthy donors and could discriminate GC
patients and healthy donors with AUC of 0.76 (95% CI 0.74-0.79, P= 6x10-%, Sn 49%, Sp
93%) (Fig. 2C). Next, we made an attempt to further reduce the number of biomarkers by
backward elimination approach and found that the minimal set of antigens retaining
comparative sensitivity comprised 45 antigens yielding AUC of 0.79 (95% CI 0.76-0.81,P=
6x10-3!, Sn 58%, Sp 91% at cutoff 2.45) (Table 2, Supplementary Table S1, patent pending).
To validate the performance of 45-autoantibody signature, leave-one-out cross validation
(LOOCYV) was performed and it yielded AUC of 0.75 (95% CI 0.72-0.78, P=1.5x10"2*, Sn
39%, Sp 97% at cutoft 4.92) (Fig. 2C)

In order to evaluate the diagnostic performance of the autoantibody signature in the
population in which the assay could be employed — e.g. patients with various inflammatory
gastric disorders, the array was tested with sera from 52 patients with peptic ulcer and 98
patients with acute or chronic gastritis and all the calculations were performed as described
above. The mean serum score in ulcer group was 1.3 that does not significantly differ from
that in healthy individuals (Fig. 2D) and the ROC curve analysis showed that the 45-
autoantibody signature could discriminate between the GC and ulcer with AUC 0.76 (Table 2,
Fig. 2E). This shows that the identified autoantibody signature does not significantly overlap
with B cell response to cancer non-related lesions of gastric mucosa. At the same time, the
serum scores in gastritis patients, although still significantly lower than in GC patients, were
higher than in patients with ulcer and healthy controls (Fig. 2D) and could discriminate
between GC with AUC 0.64 (Table 2, Fig. 2E). As shown in Figure 2F, a specific pattern of
reactivity was shared between GC and gastritis that was absent in patients with ulcer and
healthy controls. Among these antigens was PRKACA that previously has been shown to
induce autoantibody responses in various cancers (25) and NOLS that has been detected by
SEREX in lung cancer, while the others are out-of-frame peptides whose nature is unknown.
It is likely that these responses are triggered by cancer non-related inflammation and thus
have no relevance for diagnosis. Alternatively, taking into account that gastric atrophy is a
well recognized precancerous condition (26), it could be possible that among the gastritis
patients were clinically undetectable GC cases, hence these could be cancer-specific antigens
recognized at very early stages of cancer.

What are the antigens with the highest diagnostic value?

Five of the top 10 ranked antigens are known CT antigens but the others most likely are
mimotopes of antigens whose nature is unknown (Table 3). Spontaneous B cell immune
responses against CTAG2 and CTAG1B have been observed in patients with various types of
cancer, including GC, while anti-DDX53 antibodies have been detected in patients with
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melanoma, colon and endometrial cancers and anti-MAGEA3 and MAGEC] antibodies — in
melanoma patients (27-29). Their immunogenicity is thought to be related to the expression
pattern: they are expressed in a wide range of cancers, but normally their expression is
restricted to immuno-privileged tissues such as testis, fetal ovary and placenta. Hence they
become exposed to the immune system only when expressed by tumors, therefore the immune
response against these antigens could serve as a very specific indicator of cancer, but is
unlikely to discriminate between different types of cancer. The fact that autoantibodies against
these antigens are very rarely detected in cancer-free controls (in the current study we
detected anti-CTAG2/CTAG1B, DDX53 and MAGEA3 antibodies in 3 controls: two of them
were diagnosed with melanoma and lung cancer 8 and 5 months after the blood draw,
respectively, and were excluded from the analysis but no follow-up information was available
for the third one), seems to argue against the cancer immunoediting concept proposed by
Schreiber RD et al (30). However, it has been demonstrated that the CT antigen expression
tends to correlate with an advanced stage and is higher in metastatic than primary tumors (28).
Thus it could be possible that tumors start to express CT antigens only after they have
undergone elimination and equilibrium stages and their expression represents a feature of
immunologically sculpted tumors. Alternatively, it has been demonstrated that B cells have a
key role in the initiation of tumor-promoting inflammation (31), hence it could be possible
that the appearance of tumor-specific antibodies marks the point-of-no-return in the cancer
immunoediting process. In line with this, Willimsky G et al (32) has demonstrated that the
initiation of B cell response to a tumor antigen coincides with the development of tumor-
specific tolerance and cytotoxic T cell unresponsiveness.

The frequency of cancer-specific autoantibodies in GC patients ranges from 16.3 to 0.84%
that is relatively low in comparison with the frequencies reported in other cancer types, such
as ovarian, lung or breast cancer, where, for example, anti-p53 antibodies may reach 45.5%,
anti-cyclin B1 antibodies - 34.8% and anti-Her2/neu antibodies — 26.6%, respectively (33).
This suggests that either GC is generally less immunogenic than the other cancers or the
autoantibody repertoire is more heterogeneous that is supported by the large number of rare
autoantibodies identified in this study. Although these low frequency antibodies still may have
a diagnostic value, the validation by standard statistical analysis is difficult, as this requires
very large sample cohorts.

Does the autoantibody production correlate with clinicopathological features?

The questions, when during the tumor progression the autoantibodies appear and what are the
pathological stimuli triggering this response, are of paramount importance, when considering
them as diagnostic or prognostic biomarkers. To address these issues the serum scores and the
frequency of individual autoantibodies was correlated with clinical and pathological features
of the GC patients. The serum score and the sensitivity for the detection of stage I patients
was not significantly lower than that for patients with more advanced disease (stage 1I-IV)
(Fig. 3A, Table 2-3) thus demonstrating the relevance of the identified autoantibody signature
for early detection of GC. No significant correlation between the serum score and the
histological type, H. pylori status, tumor grade, patient age and gender was observed (Table
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2). In regard to tumor localization, a set of antigens that were recognized by sera from patients
with distal but not proximal GC was identified (Fig. 3B), however the overall serum scores
did not significantly differ between these groups. Most importantly and unexpectedly, the
serum score did not correlate with the size of primary tumor showing that the tumor burden
by itself is not crucial for triggering the antibody response. Instead, we found that the serum
scores were significantly higher in patients with distant metastases than with non-metastatic
disease, while the metastatic spread limited to the regional lymph nodes did not affect the
autoantibody production (Fig. 3C). However, it is not entirely clear whether this is due to the
predominant expression of the antigens on metastatic tumors or the metastatic spread by itself
stimulates the B cell response.

Taken together, we have developed a novel approach for the analysis of antigen microarray
data and applied it for the survey of the autoantibody repertoire in GC. A similar strategy has
been taken by Gnjatic S et al (34, 35) and, in contrary to #-tests, regression analysis, pattern-
recognition approaches and the artificial neural network-based approaches so far used in the
antigen microarray data analysis (36, 37), it is aimed at defining clearly sero-positive signals
and analyzing them quantitatively, rather than identifying small but consistent differences in
the signal intensity with unknown biological significance. This resulted in the identification of
45- autoantibody signature that could discriminate between GC and healthy control sera with
74.5% accuracy. It has substantially higher specificity than the currently known GC serum
markers such as CA 72-4, CA19-9 and CEA (38, 39). Strikingly, stage I GC could be detected
with a similar sensitivity to advanced GC suggesting that this autoantibody signature could be
exploited for the early detection of GC. However, the sensitivity of the model is not sufficient
for the development of screening tests for an asymptomatic population and it remains unclear
whether this is due to the low immunogenicity of GC or high complexity of autoantibody
repertoire in GC, therefore the next task is to explore the autoantibody repertoire in those GC
patients that were negative for the identified autoantibody signature. Furthermore, although
this study provided some insight into the pathological processes associated with the cancer-
specific autoantibody production, the functional role of autoantibodies in the development
and/or progression of cancer and anti-tumor immune response is still elusive and it would be
of great interest to explore their predictive and prognostic significance.
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Figure 1. The workflow of antigen discovery, the production of antigen microarrays and the
selection of the autoantibody signature with diagnostic relevance.
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Figure 2. The identification of autoantibody signature with diagnostic relevance and the
evaluation of its diagnostic performance. (A) box plot showing serum scores based on the
reactivity against the top 360 antigens in the training set consisting of serum samples from
100 GC patients and 100 healthy controls (HD). Boxes represent interquartile range - distance
between the 25" and 75™ percentiles; whiskers represent most extreme data point, which is no
more than 1.5 times the interquartile range from the box and dots represent individual
samples. Dotted line represents the cutoff determined by minimal misclassification cost term
approach. Statistical significance was calculated using Mann-Whitney U test. (B) ROC curves
showing the diagnostic performance of the 360-autoantibody and the top 86-autoantibody
signatures in the training sample set. (C) ROC curves showing the diagnostic performance
(discrimination between GC and HD) of the 86-autoantibody and 45-autoantibody signatures
and their LOOCYV in the independent validation set consisting of serum samples from 239 GC
patients and 213 healthy controls (HD). (D) box plot showing the serum scores based on 45-
autoantibody signature in the validation sample set and patients with peptic ulcer and gastritis.
(E) ROC curves showing the discrimination between patients with GC, peptic ulcer and
gastritis using the 45-autoantibody signature. (F) dot plot showing reactivity pattern shared
between patients with GC and gastritis. Statistical significance between groups combing HD
and ulcer, and GC and gastrtis was calculated using Mann-Whitney U test.
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Figure 3. The serum reactivity in various subgroups of patients. (A) box plot showing the
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significance was calculated using Mann-Whitney U test. (C) box plot showing the serum
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Table 1. Clinicopathological characteristics of the study population

Variable Antigen discovery Training set Validation set
GC patients
Number of patients 27 (positive selection) 100 239
Age (mean (yr) £SD) 64.6 £9.8 68+13 67+13
Sex:
Male 16 59 141
Female 11 41 98
Histological type (Lauren classification):
Intestinal 13 40 88
Diffuse 10 38 80
Mixed - 9 17
Data not available 4 13 54
Stage:
I 4 18 31
I 4 12 28
1T 3 18 40
v 5 20 42
Data not available 11 32 98
Grade:
1 (well differentiated) 1 16
2 (moderately differentiated) 7 46
3 (poorly differentiated) 8 117
4 (undifferentiated) 3 10
Data not available 8 100 50
Localization:
Cardia - 43
Fundus 2 -
Corpus 4 102
Antrum/pylorus 7 49
Total 1 3
Data not available 13 100 42
H. pylori status™*:
HP+, CagA+ 70
HP+, CagA- 23
HP-, CagA- 41
Data not available 27 100 105
Controls
Gastritis - - 98
Age (mean (yr) £SD) 68£10
Sex:
Male 55
Female 43
Gastric ulcer - - 52
Age (mean (yr) +SD) 65+10
Sex:
Male 28
Female 24
Cancer-free healthy controls 5 (negative selection) 100 213
Age (mean (yr) £SD) NA 70+5 71+5
Sex:
Male 3 52 117
Female 2 48 96

* H. pylori status was serologically determined by analyzing anti.H. pylori 1gG levels as described in Wex et
al., 2010 (40).
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Table 2. Diagnostic performance of the 45 biomarker model in various subgroups of
patients

Group 1 Mean ROC curve Group 2 Mean ROC curve ROC curve
serum analysis serum analysis, analysis
score group 1 vs HD score group 2 vs HD group 1 vs 2
AUC  Asympt. AUC Asympt. AUC Asympt.
signif. signif. signif.
GC (n=239) 38 0.79  6x10°""  Ulcer (n=52) 1.3 0.54 0.21 0.76  3x10”

Gastrtis (n1=98) 2.6 0.71 3x10°  0.64  7x107

Stage IGC 29 0.88  2x10"® StageIVGC 29 0.80 1x10"  0.53  0.70
(n=31) (n=42)
Stage II-IV GC 16 0.76 1x10™  0.60  0.09
(n=110)
Intestinal type 69 0.78  6x10™  Diffuse type 14 0.86 2x10® 057 013
GC (n=88) GC(n=80)
Female GC 37 0.81  2x10% Male GC 36 0.79 2x10% 0.5 0.94
patients patients (n=141)
(n=98)
Proximal GC 57 0.82  2x10® Distal GC 46 0.91 6x10% 058  0.12
(n=59) (n=75)
H. pylori 23 0.88  2x10™% H. pylorisero 21 0.90 2x10"° 054 0.58
sero-negative positive, CagA
GC (n=41) negative GC
(n=23)
H. pylori secro 77 0.86 8x10%"  0.53 0.60
positive, CagA
positive GC
(n=70)
Primary 14 0.69  9x107  Primary tumor 15 0.8 3x10”  0.60  0.09
tumor T4 T1-T3 (n=84)
(n=34)
Grade G1-G2 24 0.8 2x10"  Grade G3-G4 46 0.81 2x107 052 0.70
(n=62) (n=127)
Age <67 13 0.81  8x10® Age>67 years 59 0.79 4x107 049  0.73
years (n=103) (n=102)
Lymph node 17 0.75  3x10"”  Nolymphnode 8.3 0.79 2x10™ 052 0.74
metastases metastases
(n=54) (n=32)
Distant 21 0.77 1x10° No distant 4.4 0.67 2x107 0.63 0.045
metastases metastases
(n=26) (n=52)
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Table 3. Top 10 ranked antigens

Clone Gene Rating Freq. in GC, % Freq. Odds Fisher Freq. in
No. symbol score in ratio  exact test inflammatory
HD, p-value* diseases, %
All Stage Stage % ulcer gastritis
stages I II-1v
1416 CTAG2 197 163 16.1 127 05 413 8.4x10™" 0 0
268 CTAGIB 58 8.0 6.5 8.2 0.5 18.3 4.5x10° 0
1428 DDX53 26 6.7 9.7 8.2 0.0 Inf 3.4x107 1.9 0
509 - 11 5.0 0 3.6 0.0 Inf 5.2x10™ 0
438 - 8 4.2 3.2 5.5 0.0 Inf 0.002 0 0
1256 - 7 2.9 6.5 1.8 0.0 Inf 0.016 39 1.0
352 MAGEC 7 34 3.2 1.8 0.0 Inf 0.008 0 0
1
543 - 7 5.9 3.2 5.5 0.9 6.6 0.0045 0
1478 MAGEA 6 34 3.2 0.9 0.0 Inf 0.008 1.9 1.0
3
799 - 6 4.2 9.7 3.6 0.9 4.6 0.04 0 1.0

* Statistical significance for the frequency of autoantibodies in GC (all stages) and healthy controls (HD) was
calculated using Fisher exact test.
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4. DISCUSSION

The exploitation of autoantibodies as diagnostic, prognostic or predictive biomarkers of
cancer for the clinical applications so far is limited by a number of biological factors:

* The frequency of antibodies against any individual antigen in generally relatively low,
typically ranging from 1 to ~30% (104-106).

* Autoantibody repertoires, even in patients with the same type of cancer, are very
heterogeneous.

* Autoantibodies against a number of TAAs, such as p53, cyclin B1, c-MYC etc, have
been found in patients with different cancers (80), thus they have a limited potential to
discriminate between different types of cancers.

» The repertoire of cancer-associated autoantibodies partially overlaps with that in
inflammatory, autoimmune and viral disorders and partially resemble the immune response
induced by tissue damage (9,107,108), therefore the validation of an autoantibody as truly
cancer-associated antibody would require testing large cohorts of patients with various
disorders.

* The role of autoantibodies in anti-tumour immune response and their clinical
significance is still elusive and controversial.

Protein microarray technology is a valuable tool for exploring autoantibody profiles in
human sera and defining the repertoire of the humoral immune response to cancer (109).
However, the development of such high-throughput technologies raise volume of the obtained
data that bring the original matters up and demand more subtle and complex optimization of
the data analysis. The original paper I describes the development of phage-displayed antigen
microarray (PhD-AM) technology and the comparison of suitability of T7 and A phage
display systems for the production of microarrays.

4.1. Reproducibility and sensitivity of PhD-MA technique

The protocol for production of PhD-MA was developed by addressing the following
issues: choice of slide surface chemistry, choice of method for the amplification of phages,
antibody dilutions, serum preabsorbtion, printing conditions and data acquisition. The
technique showed a variability that is generally acceptable for the immunoassays. The
sensitivity of PhD-MA is comparable with plaque immunoscreening that is the basis of
SEREX technique and underlies the identification of the majority of currently known tumour
antigens eliciting humoural immune response. Although the immunoscreening is not a
quantitative technique, it is perfectly suitable for discrimination between sero-positive and
sero-negative signals. The PhD-MA technique maintains the capacity to detected the presence
of specific autoantibodies qualitatively and in addition it provides the opportunity to quantify
the sero-positive signals. The development of this technique allows us to address a variety of
scientifically and clinically relevant questions, such as (i) do the tumour-associated
autoantibodies have a diagnostic relevance? (i1) When during the cancer development they
appear? (iii) Is the production of autoantibodies related to the metastatic spread, size of the
primary tumor, its histological type, localization or grade? (iv) Do they have a prognostic
relevance? (v) What do they tell about the status of patient’s immune system and are they
predictive of response to immunotherapy?
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4.2. Data processing and normalisation

A new normalization approach has been elaborated for our studies described in the
original papers II, III and IV.

The systematic or random variability of multiple sources are possible during the
manufacturing, processing and scanning of microarrays. It can arise from technical sources:
the heterogeneity of the surface of the slide, the differences between printing groups,
difference in sample preparation, fluorescence of labels, intensity-dependent variation in two
fluorescent dyes, total serum activity and variation of amount of biological material in printed
spots. The possibility to allocate close to pure sample when we can guarantee identical
quantity of an operating part in all spots of the array not always there. To remove technical
variation we should apply normalization to obtained data.
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Figure 4. DNA microarray and PhD-AM images and histograms showing the data
distribution.

In comparison to DNA microarray protein microarrays are more variable by the
complexity of proteomic. The functional protein microarray despite its methodological
similarity does not always tolerate the approaches developed for DNA microarray due to
additional noise sources (92) - greater chemical diversity of the protein molecules and larger
amplitude of the specificity in interaction with the samples. This trend is reinforced by PhD-
AM, when total lysate contained the protein of interest in a variable proportion to the total

89



amount of protein applied to the slide. Since the exact content of spots in DNA microarray is
known the elimination of spatial effects always in focus of the within array normalization of
DNA data. Some of these effects are excluded at the stage of background removal and the
procedure should be preserved for the PhD-AM. The classic methods of normalization of
DNA microarray data, such as LOWESS and it most modern variation OLIN, make it by
aligning on certain areas.

The following methods for DNA microarrays classically applied for normalization were
tested in our study: quantile and global normalizations with or without OLIN. OLIN as well
as LOWESS approach, implies a near equal number up- and down- regulated signals on all
amplitude of intensities. It is not correct for data with sectors of low density of signals. OLIN
and LOWESS clearly show the tendency to loose the same qualitative signals on our dataset.
In contrast to DNA case, when these methods provide the reasonable solution, in PhD-AM,
where biological variance between printed spots is more higher and in most cases exceed
residual spatial effects after background subtraction. Usually global and especially quantile
normalization affect very strongly on outliers, which as will be shown below, is an extremely
important part of data, bringing them closer to the total normal distribution.

The home-made slides used in the study were printed by portions — print batches due to
technical reasons. The “batch effect” issue, when the data from multiple separately produced
slides is combined, represents a significant challenge for more monotonous DNA microarray
as well (110). Our dataset shows that batch effect is the main reason of systematic variability.
Thus, the one of the most difficult type of microarray from the standpoint of normalization
was used in our study.

The adopted variant of global normalization and correction by batch mean-centering
(111) was developed by us and used for the within array and inter array normalization. It is
more careful to the outliers and based on specific knowledge about our dataset. There are no
more than 20% coverage of positive serum signals for each of the antigens, and no more than
20% of the antigens react with a single serum, as can be seen by evaluating the preliminary
results (Fig. 4). Each microarray batch was hybridized by mixed group of serum (usually
about 30% is from healthy donors and other serums from patients with different types of
cancer), so we can be sure that no more 10% of signals for each antigen can be positive. One
of ways to achieve acceptable reproducibility due spatial effects in DNA microarray is simply
increasing the number of local control spots (112). In our proposed method the 80% of spots
were used as base group for normalization.

4.3. Methods of data analysis

The identification of statistically significant changes in the majority of microarray
studies is based on the classical methods such as t-test, ANOVA, Bayesian networks or
relatively new computationally expensive machine learning algorithms: K nearest neighbor,
Linear Discriminant analysis, Artificial Neuron Networks and Support Vector Machines
(SVM) (113,114). The latest is one of most powerful modern classifiers, which works by
separating virtual high dimensional space by optimal hyper plane that minimizes boundaries
between two classes.

Support Vector Machines. We apply SVM with standard RBF kernel and proposed in
our study topological rank-based kernel to our PhD-AM data from patients with gastric
cancer, melanoma, prostate, gastrointestinal inflammatory diseases and healthy individuals as
it described in original papers II. Preliminary analysis showed no statistically significant
difference of means for majority antigens. For such the dataset clearly seen one of weakness
of standard SVM kernels, as well as many other analytical methods, named “curse of
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dimensionality”. The common point of these problem for methods that requires statistic
significance is that when the dimensionality increases, the volume of the virtual high
dimensional space increases so fast that the available data becomes sparse.

Ranking-based topological kernel. Our improvement to conventional linear kernel
model of SVM can be characterized as transition from quantitative to qualitative approach,
when data during preprocessing were converted from virtually euclidean space to ranked
array of antigens for each sample thus mitigates possible overfitting effects. Our proposed
SVM approach include Multiple Kernel Learning extension which can improve performance
in comparison to single kernel algorithm. Each basis kernel may either use the full set of
attributes or subsets of it.

Ranking-based topological kernel significantly increase classification rate in compare to
RBF kernel and have good generalization on unseen data as it had been showed by
verification sets. Unfortunately it have same disadvantages that is important for development
of diagnostic or prognostic signatures of autoantibody.

Our proposed kernel like conventional SVM classifier, as well as classic statistical tests,
like t-test or ANOVA based on comparison of mean/median and proposed distribution is
looking for significant changes in the majority of samples belonging to two classes being
compared even if this changes are very small in absolute scale (115). This approach is not
applicable for study, where is preferred biomarkers suitable for diagnostic.

Cutoff and ranking based procedure. An approach more oriented on serological
reactivity of autoantibodies has been developed for our study described in original paper I'V.
We suggested that the serum-reactive signals of cancer patients consist from two groups: first
group coincides with serum-reactive signals of healthy patients and second small group
received from patients who have the highly reactive specific antibodies to a particular antigen.
The data of last patient group can be interpreted as the outliers relatively to the data from
healthy individuals and the rest of the cancer patients. Outliers are defined as observations
that are far from main part of data. In methods conventionally used for analysis of microarray
data, the outliers often are treated as low-quality data and most of the methods offer
instruments to remove outliers or replace with acceptable data within the main distribution
(116,117). We stress that such outliers as most important part of our dataset (Fig. 5).

The best threshold or “cutoff” for distinguish between positive and negative results
typically accepted in practice of biological statistic is mean or median of the negative control
group plus two or three times the standard deviation. This coefficient comes from the
assumption that the data have a distribution close to the Poisson distribution. In this case,
about 95.45% of the values lie within 2 standard deviations. Nearly all (99.73%) of the values
lie within 3 standard deviations. We tested our approach with cut-off at coefficient equal to 2,
3, 4 and 5. Threshold at is median of the negative control group plus three times the standard
deviation show the smallest error in classification with Leave-One-Out cross-validation
method.

We developed a model that have significant advantages for biologists by clear
demonstration of most powerful antigens in comparison to SVM that is “black box™ system. It
gives the classification results and does not provide reasons of classification. Our model based
on rank assigned to each antigen accordingly to intensities of positive signals within cancer
patients compared to healthy donors. Then scoring of each serum can be calculated. Formula
described in section Materials and Methods.
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Figure 5. Autoantibody responses in sera of patients with gastric cancer and healthy donors.

Our tests on data of described in original paper IV demonstrate importance of cut-off for
SVM with standard and improved Ranking-based topological kernels. Performance of
classification were validated with Leave-One-Out method and show 12% difference in
performance on data before(AUC 71%) and after(AUC 83%) cutoff applied. Thus stress
importance of use of serologically defined cutoff.

44. Analyses of sperm-associated antigens

Among the antigens previously identified by PhD-SEREX approach was a members of
the sperm associated antigen (SPAG) group - SPAGS, for which a melanoma associated serum
response was demonstrated in our initial microarray-mediated autoantibody profiling of
cancer patients’ sera (see original paper I). SPAG group antigens share a common expression
pattern in male germ cells and infertility-related autoimmunity, as well as recent indications of
oncogenic potential (118-129). The germ-cell associated expression, immunogenicity and
oncogenicity are the characteristics of a typical cancer-testis (CT) antigen with a potential
application in tumour immunotherapy (130). Hence SPAGS together with the rest of the
members of the SPAG group were chosen for in depth analyses with a goal to determine their
potential use as novel tumour immunotherapy targets, including mRNA and protein
expression analyses in various normal and tumour tissues and the evaluation of the frequency
of spontaneous humoral immune response in cancer patients against these antigens. The
elaborated PhD-AM production approach was applied to generate a focused SPAG group and
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CT antigen microarray on 16-pad nitrocelullose slides by printing the recombinant phages in
triplicate. It was used for the screening of 39 breast cancer, 33 colon cancer, 24 lung cancer,
28 thyroid cancer, 28 leukemia, 172 gastric cancer, 52 prostate cancer and 163 melanoma
patients’ sera. The elaborated 2-step normalization was applied to the obtained data and the
seropositivity cutoff was set as four standard deviations above the average signal intensity of
70 non-recombinant phage clones.

Cancer-associated serum response was demonstrated for five of the analysed SPAG
antigens (SPAG1, SPAG6, SPAG8 and SPAG17-A1), whose mRNA expression was also
elevated in various tumour tissues. All of these were expressed predominantly in testis among
normal tissues except for SPAG1 as its mRNA was highly expressed also in normal colon, and
ascribe these as novel CT antigens with potential applications in tumour immunotherapy or
serodiagnosis.

This study showed that the established autoantibody screening approach can be
successfully utilized to analyze humoral immune responses against many cancer types and
yields reliable and reproducible results as clearly demonstrated by a further focused
microarray generated to validate the specific autoantibody response against SPAG17 novel
splice variant SPAG17-A1 (see original paper 3).

4.5. Identification of autoantibody signature for diagnosis of
gastric cancer

The early detection of gastric cancer (GC) is hampered by the lack of specific symptoms
before it has spread beyond the original site and the lack of reliable non-invasive screening
tests. Detection at late stages leads to application of more radical treatment possessing serious
side effects, much lower level of survival rate (less than 20% in 5 years period, in comparison
with 75% at detection at early stages)(131,132). Aim of the study described in original paper
IV is to discover autoantibody signatures with diagnostic significance and examine the
correlation of the autoantibody signatures with the clinicopathological features. We applied
T7 phage display-based SEREX technique to identify a representative set of antigens eliciting
humoral responses in GC patients. For the production of 1150-feature antigen microarray, a
panel of all different serum-reactive phage clones selected from GC ¢DNA libraries, phage
clones previously selected from T7 phage-displayed testis, melanoma and prostate cancer
cDNA expression libraries and non-recombinant control phages was assembled and arrayed
onto FAST slides. The microarray was tested with sera from 100 patients with GC and 100
cancer-free controls. In total, 888 antigens reacted with at least one of tested sera. Many of
them reacted at a similar frequency with cancer patients’ and healthy donors’ sera.

The cutoff selection approach described in the section Cutoff and ranking based
procedure was applied and experimentally validated by plaque assay for 3 antigens —
CTAGIB, HORMADI1 and SPAG17 using 3 positive and 3 negative sera according to the
microarray data.

The top-ranked 86 antigens were used for the production of focused array. Test of the
reproducibility of the signals made for randomly selected 50 patients with gastric cancer and
20 healthy donors on 1150-feature and 96-feature arrays showed with an average coefficient
of variability 13%. It is an acceptable level for immunoasseys (103).

Focused array was tested with an independent validation set comprising serum samples
from 239 GC patients, 150 peptic ulcer and gastritis patients and 213 healthy controls.

The mean serum score differed between GC patients and healthy donors by more than
43-fold. The 86 antigen set could discriminate GC patients and healthy donors with AUC of
0.76 (95% CI1 0.74-0.79, P= 6x10*°, Sn 49%, Sp 93%).
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To reduce the number of biomarkers we applied backward elimination approach and
found the minimal set of 45 antigens that keeps the same level of sensitivity. ROC curve
analysis showed that 45-autoantibody signature could discriminate GC and healthy controls
with AUC of 0.79 (95% CI 0.76-0.81,P= 6x10>', Sn 58%, Sp 91% at cutoff 2.45), GC and
peptic ulcer with AUC of 0.76, and GC and gastritis with AUC of 0.64.

Accuracy of the identified 45-autoantibody signature (0.745) is nearly equal to the
accuracy (0.74) of serum pepsinogen test (SPT) that have a sensitivity 77% and specificity
73% (at pepsinogen I level < 70 ng/ml and pepsinogen I/I < 3) and is widely used in Japan
(63). Known disadvantage of SPT is a strong correlation with intestinal-type cancer only. We
found that the serum score did not correlate with the histological type. It could be of interest
to correlate the results of SPT test and autoantibody profiling as the combination of these
approaches can open new possibilities for improving diagnostic accuracy.

Evidences on other known gastric cancer biomarkers show for CEA, CA19-9, CA50,
CA72-4 highest diagnostic accuracy 0.53, 0.64, 0.59 and 0.75 respectively (64-68,72).
However, all this antigens shared between different types of cancer showing higher frequency
in other, such as pancreatic or colorectal, cancers (69).

Although this study gave some insight into the pathological processes associated with
the cancer-associated autoantibody production, generally their biological significance and the
role in the cancer development and anti-tumour immune response is unknown. A large
number of wild-type self antigens analysed in this study were shown to elicit autoantibody
production at similar frequencies in cancer patients and cancer-free healthy individuals. In the
context of cancer immunoediting concept proposed by Robert Schreiber (37), it would be
tempting to speculate that these antibodies reflect the immune response during the elimination
phase of nascent tumour. However, detailed molecular examination of these antigens
performed by Dr. Silina (PhD thesis), failed to reveal somatic mutations or cancer-associated
expression pattern of these antigens thus making it less likely that these antigens may have
served as targets for the protective immune response. Conversely, we and others have rarely
observed the autoantibody production against tumour associated antigens, such as CT
antigens, in cancer-free controls (104,133). Immunogenicity of CT antigens is thought to be
related to their expression pattern: they are expressed in a wide range of cancers, but normally
their expression is restricted to immuno-privileged tissues such as testis, fetal ovary and
placenta. Hence they become exposed to the immune system only when expressed by tumors,
therefore the immune response against these antigens could serve as a very specific indicator
of cancer. If the immunosurveillance of nascent tumours is a general phenomenon, it could be
expected that the immune responses against tumour-associated antigens, such as CT antigens,
could be detected at a relatively high frequency in individuals without clinically detectable
tumour. Hence, at the first glance, our data seems to argue against the cancer immunoediting
concept. However, it has been demonstrated that the CT antigen expression tends to correlate
with an advanced stage of the disease and is higher in metastatic than primary tumors (130).
Thus it could be possible that tumors start to express CT antigens only after they have
undergone elimination and equilibrium stages and their expression represents a feature of
immunologically sculpted/advanced cancers. Alternatively, it could be possible that the
elimination and equilibrium phases of immunoediting process rely entirely on T and/or NK
cells and that B cells and/or autoantibody production are not involved in these processes and
triggering B cell response requires a specific signal (e.g. sufficiently large tumour mass,
necrosis of tumour cells etc.) absent at the early phases of tumour development. Another
possibility is that B cells may promote the cancer development. In fact, it has been
demonstrated that B cells have a key role in the initiation of tumor-promoting inflammation
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(134), and that B cells repress antitumour immunity in TNF-a-dependent manner (135), hence
it could be possible that the appearance of tumor-specific antibodies marks the point-of-no-
return in the cancer development/immunoediting process. In line with this, Willimsky G et al
(136) has demonstrated that the initiation of B cell response to a tumor antigen coincides with
the development of tumor-specific tolerance and cytotoxic T cell unresponsiveness.

Hence, it would be of great theoretical interest and clinical relevance to explore further
the autoantibody profiles in various cohorts of patients, including the samples collected before
the clinical diagnosis, as well as in patients undergoing immunotherapy, and to correlate the
data with the prognostic information and the response to immunotherapy.
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5. CONCLUSIONS

The technology for production and processing of phage-displayed antigen microarrays
was elaborated and it showed similar sensitivity to the phage plaque assay.

The intra-assay variability of the phage-displayed antigen microarray technology was
7%, while the average CV was ~13% in the inter-assay comparisons, which is
generally acceptable variability for immunoassays.

The application of phage-displayed antigen microarray technology for the
characterization of the humoral immune response against sperm associated antigens
revealed cancer-associated spontaneous humoral immune response against SPAGI,
SPAG6, SPAGS and a novel testis-restricted splice variant SPAG17-A1 that allowed to
classify them as novel CT antigens with potential relevance as immunotherapeutic
targets and serological biomarkers.

Support vector machine using the improved kernel generated the biomarker model
with higher classification accuracy for discriminating sera from cancer patients and
healthy controls. However, the detailed examination of the biomarker model showed
that it is based on the detection of small but consistent differences in the signal
intensities between the cases and controls.

The conventional methods for the normalization and statistical analysis commonly
applied for DNA microarray data analysis are not suitable for the analysis of
autoantibody profiles.

The procedures for two-step normalization of microarray data, defining cutoffs and
ranking of antigens were elaborated and allowed to discriminate between sero-positive
and sero-negative cases and to perform quantitative analysis.

Application of the phage-displayed antigen microarray technology and the developed
data analysis approach for the exploration of autoantibody profiles in patients with
gastric cancer gastric, inflammatory diseases and healthy individuals resulted in the
identification of 45- autoantibody signature that could discriminate between GC and
healthy control sera with 74.5% accuracy (AUC of 0.79, 58% sensitivity and 91%
specificity), GC and peptic ulcer with 73.0% accuracy, and GC and gastritis with
63.5% accuracy.

The identified 45-autoantibody signature could detect stage I GC with equal sensitivity
than advanced GC thus demonstrating its relevance for the early detection of GC.

At least in GC, the autoantibody production does not correlate with histological type,
H. pylori status, grade, localization and size of the primary tumor while it appears to
be associated with the metastatic disease.
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II.

II1.

MAIN THESIS OF DEFENSE

The phage-displayed antigen microarray technology is a valuable tool for the
exploration of autoantibody profiles in human sera and it has a potential to revel
autoantibody signatures with the diagnostic relevance.

The microarray data analysis approach that allows to discriminate between sero-
positive and sero-negative cases and to perform quantitative analysis is of paramount
importance for the analysis of autoantibody profiles.

The identified 45-autoantibody signature has higher specificity than currently known

gastric cancer serum biomarkers and is applicable for the early detection of gastric
cancer.
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