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Introduction 
The human immune system is dynamic, develops, matures and evolves throughout life. 
Infections and diseases shape the unique immune fingerprint that is the human antibody 
and immune cell repertoire. Immune memory allows for immune reactivity to pathogenic 
and environmental antigens years after initial encounter. Individual immune memory 
patterns are markedly influenced by the genetic heterogeneity of the genes in the HLA 
locus, hypervariability and somatic hypermutation processes taking place during immune 
response maturation into highly antigen-specific responses and by the experiences and 
encounters with pathogens. Furthermore, immune responses to previously encountered 
antigens can alter antibody responses to unrelated new pathogens though heterologous 
immunity and immune imprinting mechanisms. Specific antibody patterns can be 
associated with the development of chronic diseases and used as biomarkers to predict 
disease. Antibody signatures are individual-specific and can be harnessed to design 
individual-specific therapies or preventative measures. In recent years, machine learning 
approaches have become widely used to precisely map epitope targets and used as a 
tool for developing new diagnostics, vaccines and drug design. Since these approaches 
rely on reference databases and datasets of high-quality experimental data, methods 
that map B cell epitopes in a high throughput manner have great potential in enabling 
the discovery of therapeutically relevant antigen targets and advancing personalised 
diagnostic efforts. 

In these studies, we used mimotope variation analysis, a high throughput phage 
display technology, to describe the IgG-mediated immune response across healthy and 
chronic disease cohorts, together with statistical data analysis and sequence similarity 
detection tools to link antibody responses to and predict potential antigens from both 
human and microbial proteomes. We demonstrate that this approach allows for the 
delineation of health and disease-specific immune responses and predicts B cell epitopes 
connected to several chronic diseases, including cancer and cardiovascular disease. 
Furthermore, MVA-derived epitope-specific antibody patterns show promise as 
biomarkers to predict immunotherapy response in cancer patients and convey potential 
disease risk in cardiovascular and neuropathic pain cohorts. These studies offer support 
for epitope-specific antibody profiling as a powerful tool for identifying predictive and 
diagnostic biomarkers across diverse clinical contexts. 
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1  Introduction to the immune system 
At any given time, in the body of a healthy human adult, there can be as many as two 
trillion (2x 1012) immune cells (Sender et al., 2023), whose responsibility is to protect the 
organism from invading pathogens (e.g. viruses, bacteria, parasites), prevent tumour cell 
proliferation (immune surveillance) (Y. Li et al., 2021) and together with the endocrine- 
and nervous system keep optimal conditions for the continuation of the organism 
(homeostasis) (Zefferino et al., 2020). Immune cells are distributed throughout the body 
to provide local surveillance for potential invaders in the skin, mucosal epithelial barriers 
(gastro-intestinal and respiratory tract) and blood, however, nearly ~79% of all immune 
cells reside in the bone marrow and the lymphatic system (Sender et al., 2023). The 
immune system can conceptionally be split into two distinctive but interconnected 
systems – innate and adaptive (R. Wang et al., 2024). Synergistic mechanisms of the 
innate and adaptive immune responses, which ensure the protection of organism against 
foreign pathogens and help keep homeostasis, are strictly controlled. Potentially harmful 
foreign agents (antigens) are recognised based on their specific molecular patterns that 
activate cells of both the innate and adaptive immune system, which work in harmony 
to detect, target and neutralise the offending agents. Innate immune system includes 
cells that have the “innate” ability to detect specific evolutionarily conserved alarm 
patterns (belonging to tissue damage or pathogens) and then eliminate the threat or 
recruit help from the adaptive immune system (S. Carpenter & O’Neill, 2024). Cells of the 
adaptive immune system need activation signals from innate immunity, and once 
adaptive immune response is activated it generates a very specific, high affinity response 
that gets stored as memory to be recalled at a later date upon encountering the same 
pathogen (R. Wang et al., 2024). 

1.1  Collaboration of innate and adaptive response creates immune 
memory 
Antigen presentation links innate immunity to adaptive immunity and enables the 
formation of immune memory. During the activation of an immune response to an 
extracellular pathogen or other foreign antigen, antigen presenting cells (APCs) of the 
innate immune system detect the antigen, process it and present it to the B and T cells 
of the adaptive immune system (Elsen & J, 2011). T cell receptors (TCRs) bind antigens 
presented by major histocompatibility complex (MHC) I and II molecules that can be 
found on cell surfaces, including APCs (van den Elsen et al., 2004). MHC I molecules are 
expressed by all nucleated cells (including T, B, dendritic (DC) and natural killer (NK) cells) 
and present intracellular antigens to CD8+ T cells, whereas MHC II molecules are limited 
to professional APCs (including DCs, macrophages and B cells) and mainly present 
extracellular antigens to CD4+ T cells (Elsen & J, 2011). Signals from APCs and co-
stimulatory molecules (cytokines, chemokines integrins and metabolites) instruct T cell 
differentiation into cytotoxic (CTL) and helper T (Th) cells, which mediate antigen-specific 
cellular immune responses (Hwang et al., 2020). Furthermore, MHC I-antigen complexes 
bind CD8+ T cell receptors, which activates T cells and leads to the elimination of antigen-
presenting target cells, whereas MHC II molecules bind and activate CD4+ T cells and 
support their differentiation into T helper cells (R. Wang et al., 2024). Together, these 
pathways coordinate the initiation and specialization of adaptive cellular immunity 
(Figure 1a). 
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Figure 1. Generation of adaptive immune response. Both T and B cell responses are part of the 
adaptive immune response and generated to eliminate targeted pathogens, infected cells or 
neutralise antigens. Activated T cells can differentiate into cytotoxic CD8+ T cells (Tc) and helper 
CD4+ T cells (Th). Th cells stimulate Tc cells to differentiate into cytotoxic lymphocytes (CTL) which 
can recognise infected cells by their surface markers and facilitate death signals. Th cells secrete 
cytokines which act as co-stimulatory signals for B cells to differentiate into plasma cells, which in 
turn secrete immunoglobulins (Igs) that can target and bind antigens. Immunoglobulins undergo 
isotype switching from primary IgM molecules to other isotypes, including IgG molecules. 
Immunoglobulin G molecule is one of the most abundant proteins in human blood. Out of four 
subclasses, IgG1 is the most abundant subtype. IgG2 is the second most abundant IgG subtype and 
has strong polysaccharide binding properties, which among other antigens, are found on bacterial 
membranes. IgG3 and IgG4 are the two least abundant subclasses in healthy adults, however IgG3 
has an important effector function as a strong binder of complement protein C1q therefore acting 
as a complement activator. Table modified from (Vidarsson et al., 2014). TCR – T cell receptor, BCR 
– B cell receptor. Figure created with BioRender.com. 

B cells are a type of APC, which bind antigens through B cell receptors (BCRs), 
internalise and process the antigen into signals presented by MHC II molecules similarly 
to other APCs, and elicit a humoral immune response through the production of different 
antigen-specific immunoglobulin molecules (Akkaya et al., 2020). Immunoglobulin (Ig) 
molecules also known as antibodies, mediate the effects of the adaptive B cell responses 
and antigen elimination. B cells can produce five antibody isotypes, altogether 9 different 
subclasses of IgM, IgG (1-4), IgA (1-2), IgE and IgD molecules (Monroy-Iglesias et al., 
2022). Different classes of Ig-s have different functionalities due to the structure of their 
Fc (effector) domains, which bind Fc receptors present on immune cells, and 
complement factors (Vidarsson et al., 2014). Fc domains facilitate effector functions of 
antibodies, including complement activation (by binding complement component C1q), 
antibody-dependent cell cytotoxicity (ADCC), antibody-dependent cell phagocytosis and 
complement-dependent cytotoxicity (L. L. Lu et al., 2018). IgM molecule is the first 
antibody isotype that is produced during primary immune response (J. Liu et al., 2019). 
Class switching recombination is the process wherein the constant heavy chain of an 
antigen activated IgM producing B cell switches to producing other forms of Ig molecules 
(IgG, IgA, IgE, IgD) (J.-C. Liu et al., 2024). IgG is the most prevalent Ig type in human blood 
(20% of total plasma proteins), with a diverse role of effector functions, including 
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activation of innate immunity (complement, neutrophils, macrophages, NK and DC cells), 
neutralisation of toxins/microorganisms/virulence factors, targeting pathogens for 
opsonisation and ADCC (L. L. Lu et al., 2018). IgG molecules can be further divided into 
four subclasses, which all have slightly different roles in the adaptive immune response 
(Figure 1b) (Vidarsson et al., 2014). In addition, antibodies can have neutralising or non-
neutralising effects. Non-neutralising antibodies have a broad spectrum of different 
functions, whereas neutralising antibodies directly block pathogen entry into host cells 
or neutralise bioactive antigens (Chandler et al., 2023). These factors make IgG molecules 
one of the most versatile targets for vaccine- and immunotherapy design and 
development of clinical diagnostics (L. L. Lu et al., 2018; Monroy-Iglesias et al., 2022). 

The generation of B cell immunity can be influenced by T cells. In T cell dependent 
immune response, B cells form conjugates with activated CD4+ Th cells through MHC II-
TCR complexes. Co-stimulatory signals from Th cells (including cytokines) help B cells 
differentiate into antibody producing plasma and memory cells and facilitate IgM-type 
antibody isotype switching together with affinity maturation of Ig-s (Figure 1) (R. Wang 
et al., 2024). In T cell independent response antibody low-affinity IgM molecules are 
generated and class switching is limited and generation on of B cell memory is impaired 
(R. Wang et al., 2024). Conversely, studies have shown that lasting (half-life ~50 days) 
plasma cells can be generated in a T cell independent manner against antigens like 
bacterial polysaccharides that can be found on bacterial pathogens (Bortnick & Allman, 
2013).  

After each activation and effective neutralisation of antigen, the balance between 
immune cells and pro-inflammatory molecules is restored through the induced apoptosis 
of effector T lymphocytes. However, a subpopulation of memory T and B cells and 
antibody producing plasma cells are retained to unleash a pathogen-specific response in 
the future (Akkaya et al., 2020; Hwang et al., 2020). Previous antigenic exposure via 
either through infection or vaccination can influence effective protection and 
neutralisation of new potentially related antigens. Known as immune imprinting (or 
original antigenic sin) (Francis, 1960), the immune system has a preference to recall 
existing memory cells if they are generated against similar enough antigens, rather than 
mount a de novo immune response (Wrynla et al., 2025). 

1.2  Generation of individual antigen and antibody repertoires 
Antigen recognition and therefore elimination of antigen parent (molecule, cell, 
pathogen), relies on the antigen binding a matching TCR or BCR to elicit an immune 
response (R. Wang et al., 2024). Given the vast number of potentially pathogenic 
microorganisms and their extensive proteomes (Bartlett et al., 2022; Ye et al., 2022), the 
number of different TCR, BCR and MHC-binding combinations is broad, which the 
immune system has evolved to overcome. Specifically, the TCR and BCR genes decode 
diverse gene segments for the immune cell receptors and undergo somatic 
recombination (V(D)J recombination), wherein randomly chosen V, D and J gene 
segments are combined to generate a repertoire of theoretically 1012 -1018 different 
receptors (Teraguchi et al., 2020). These recombination processes can potentially 
generate 1013 different antigen-recognising antibodies, which is more than all 1011 B cells 
present in the human body (X. Liu & Wu, 2018). In addition, the human leukocyte antigen 
(HLA) locus, which decodes MHC molecules for antigen presenting and undergoes 
combinatorial gene segment selection, is considered as the most polymorphic region in 
the human genome (Robinson et al., 2017) and the high variability between individuals 
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contributes to the generation of individual-specific immune response to the same 
antigens (Palmer & Norman, 2023). Although recombination mechanisms in the MHC, 
BCR and TCR genes allow for the recognition of diverse antigens (including self-proteins), 
potentially autoreactive B and T cells are eliminated in the bone marrow or thymus 
through negative selection processes or turned anergic (unreactive, unable to activate) 
before entering the peripheral lymph and blood circulation (Levine et al., 2000; Perera 
et al., 2013; Taams & Wauben, 2000). T cells themselves curb potentially harmful B cell 
memory, since B cells are dependent on mature Th cell costimulatory signals to mature 
into antibody producing plasmablasts and to undergo antibody isotype switching 
(Thomas et al., 2006). Furthermore, somatic hypermutation processes take place in B 
cells upon antigen-binding and cell maturation introducing single-nucleotide mutations 
that along with antibody isotype switching processes contribute to the generation of 
higher affinity antibody binding responses and diversify individual antibody repertoire 
(X. Liu & Wu, 2018; Seo & Choi, 2025). 

Individual antibody repertoire is in part determined by the antigens an individual 
encounters during their lifetime. For example, global seroprevalence of Helicobacter 
pylori, a bacteria associated with the development of gastric cancer, is approximately 42-
46% (Y.-C. Chen et al., 2024). However, in the Baltic states of Estonia, Latvia and 
Lithuania, the probability of contracting this bacterium is higher and seroprevalence in 
these states ranges from, 69% (Thjodleifsson et al., 2007), 63.1% (Jonaitis et al., 2025) to 
79.2% (Leja et al., 2012), respectively. Clinical characteristics can also influence the 
immune repertoire. For example, it has been documented that the proportion and 
number of T and B cell clones decrease with age and the proportion of CD19+ B cells in 
older men is significantly lower compared to women (Wilcoxon p = 0.0032) (Márquez et 
al., 2020). In addition, a study conducted among UK Biobank participants showed that 
women have higher antibody titres against Epstein-Barr virus and human papillomavirus 
(Mentzer et al., 2022). Therefore, immune repertoire is unique to everyone, shaped by 
genetics, previous antigen exposure, gender and age. 

1.3  Immune mechanisms against self-proteins and neoantigens 
The immune system has a role in keeping homeostasis of the organism, including 
eliminating self-reactive cells (autoimmunity), which might otherwise contribute to the 
development of autoimmune disease if left unchecked. In addition to professional 
antigen-presenting cells, all human cells express MHC class I molecules on their surface, 
which present peptides derived from clearing up cell metabolism products and processed 
fragments of self-proteins (Mei et al., 2020). During T cell development, clones that bind 
self-antigens are eliminated or turned anergic to circumvent pathological autoreactivity 
(Kenison et al., 2024). However, autoimmune diseases can arise by mechanisms of 
molecular mimicry, wherein antibodies are generated, or immune cells are activated 
against foreign or pathogen antigens that share sequence homology or structural 
similarities with host proteins (Manjula et al., 1985). Today immune-based therapeutic 
treatment options often take advantage of the immune regulatory mechanisms designed 
to protect against autoimmunity. For example, therapies eliciting antigen-specific 
immune tolerance have been proposed as a potential therapeutic strategy to modulate 
harmful immune responses in autoimmune disease (Kenison et al., 2024). Conversely, 
the strategy of blocking immune checkpoint processes is routinely used as anti-tumour 
therapy in the clinical setting. Immune checkpoint (IC) molecules, including Programmed 
Cell Death Protein-1/ Programmed Death-Ligand 1 (PD-1/PD-L1) and Cytotoxic T-
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lymphocyte-associated protein 4 (CTLA-4), have evolved to curb autoimmunity and tissue 
damage, but are also important in tumorigenesis, wherein cancer cells use immune 
checkpoint proteins and receptor signalling systems to mask from and evade antitumour 
immune detection (Arafat Hossain, 2024). Increased counts of PD-1 positive cells are a 
marker of metastatic cancer, increased disease progression and decreased patient 
survival (Muenst et al., 2013). IC inhibitors (ICIs) have shown promising results in treating 
otherwise treatment-resistant cancers by activating T cell and T cell-dependent immune 
responses (Arafat Hossain, 2024). During tumorigenesis, spontaneous somatic mutations 
can give rise to a plethora of mutated proteins, that vary between individuals and can 
therefore harbour individual-specific neoantigens (Jhunjhunwala et al., 2021). Public  (i.e. 
shared) neoantigens are recurring mutations in known common oncogenes that can be 
used as universal targets of precision immunotherapies (Klebanoff & Wolchok, 2017; 
Zhang, Lu, et al., 2021), whereas individualised neoepitopes require development of 
personalised neoantigen-specific immunotherapy (Jhunjhunwala et al., 2021). One of the 
known hallmarks of cancer is cell dedifferentiation – a process, where cancer cells revert 
to a precursor cell like state, which can elicit the expression of otherwise 
developmentally- and tissue-restricted proteins termed cancer-testis antigens (CTAs) 
(Fratta et al., 2011). Therefore, CTAs present good biomarkers and targets for antitumor 
therapeutics. Neoantigens can also rise in processes where proteins are post-
translationally modified (PTM) in an abnormal manner that the immune system detects 
as foreign. For example, citrullination is a PTM where arginine is deiminated to citrulline. 
Anti-citrulline antibodies are primarily associated with rheumatoid arthritis and its 
progression (Loh et al., 2024). Aberrant glycosylation patterns are associated with 
tumour progression, metastasis and immune evasion (Pinho & Reis, 2015). 
Disialoganglioside GD2, a tumour-associated glycolipid highly expressed in 
neuroblastoma, is the target of monoclonal antibody therapies like dinutuximab to 
induce tumour cell death with minimal impact on normal tissues (X.-Y. Liu et al., 2022). 
In addition, targeting cryptic epitopes, that are revealed upon abnormal folding of 
proteins (for example due to mutations in diseases like cancer), can represent an 
alternative therapeutic strategy with fewer side effects than some standard-of-care anti-
cancer antibodies, which may show cross-reactivity with self-proteins (H. Xu et al., 2025). 
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2 Bioinformatical prediction and experimental validation of 
epitopes 

2.1 Characterisation of epitopes 
Epitopes i.e. antigenic determinants are specific molecular patterns on proteins, 
carbohydrates, lipids and nucleic acids that can bind receptors of T (TCRs) or B (BCRs) 
cells and activate the adaptive immune response (Commins et al., 2011; de Wit et al., 
2025; Dowds et al., 2014; J. Li et al., 2025; Stern et al., 2024). 

Epitope recognition and therefore the specific structure of epitopes differ 
substantially between T and B cells. T cell epitopes (TCEs) are linear protein-derived 
peptides, which are presented by APCs on either MHC I or MHC II complexes to the CD8+ 
T cytotoxic or CD4+ helper T cells, respectively. Depending on the MHC class, which are 
different in structure and peptide size allowance, the length of linear epitopes varies 
from 9-11 (MHC I) to 9-22 (MHC II) amino acid residues. Whereas TCRs can only bind 
continuous protein-derived epitopes presented on MHC complexes, BCRs can also bind 
conformational protein-derived epitopes, non-protein structures and other free soluble 
antigens. However, in case of T cell dependent B cell response, which is required for the 
generation of memory B cells and antibodies, the target epitopes remain identical. 
(Sanchez-Trincado et al., 2017) 

B-cell epitopes (BCEs) can be described as linear (continuous) or conformational 
(discontinuous). Linear epitopes decode consecutive amino acid residues of the antigen 
whereas conformational epitopes can decode spatially separated amino acid residues or 
short consecutive amino acid sequences that may not follow the linear sequence of the 
antigen (Ras-Carmona et al., 2022; Sanchez-Trincado et al., 2017). The ratio of linear to 
conformational B cell epitopes has been under speculation for decades, with different 
sources reporting that >90% of B cell epitopes are discontinuous (Carroll et al., 2024), but 
the proportion has been difficult to estimate partly probably due to being influenced by 
the specific context, antigenic background (Barlow et al., 1986; EL-Manzalawy & 
Honavar, 2010; Van Regenmortel, 1996, 2009) and technological restrictions (De Leon et 
al., 2024). Systematic overview of B cell epitopes has shown that they primarily consist 
of ~15 residues (also reported 4-12 amino acids (Buus et al., 2012; Tang et al., 1988), 5-
25 amino acids (Kringelum et al., 2013)), with an average of 5 amino acid linear stretches, 
containing predominantly hydrophobic amino acids in the centre and charged residues 
in the flanking areas (Kringelum et al., 2013). 

The human immune system is hypothetically capable of generating an immune 
response to virtually unlimited variety of molecular structures (natural or synthetic) due 
to the hypervariability of the HLA locus and genetic recombination processes in the BCR 
and TCR genes, which can create a high number of combinations of epitope-binding 
receptors and antibodies (Lossius et al., 2016). During B cell maturation each cell that 
survives negative selection will be carefully evaluated and not only are cells with highest 
BCR-antigen affinity selected, but also the specificity is further improved by somatic 
hypermutation (SHM) processes. SHM ensures that the generated antibody response is 
epitope-specific and capable of binding non-covalently to their target epitopes with high 
affinity (Merkenschlager et al., 2025). Broad antibody eliciting epitopes can contain 
germline-encoded amino-acid-binding (GRAB) motifs, that ascertain the elicitation of a 
population of antibodies against the same epitope across individuals, populations and 
even species (i.e. public immunodominant epitopes) (E. L. Shrock et al., 2023). Different 
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epitopes of the same antigen can elicit the generation of neutralising and non-
neutralising antibodies (Dugan et al., 2020). Vaccines against neutralising antibody 
eliciting epitopes are most effective (Guthmiller et al., 2022; Z. Hu et al., 2021). In 
addition, antibodies generated against immunodominant epitopes of related or 
structurally similar antigens may cross-react, either to convey continued protection or 
instead interfere with the generation of effective epitope-specific response through 
immune imprinting (Lima et al., 2022; Wrynla et al., 2025). Due to genetic diversity of 
human population, antigenic determinants from the same pathogen or antigen may elicit 
protective antibody responses in some individuals but not in others, partly due to HLA-
restricted epitopes (Bian et al., 2024). In conclusion, the development process of new 
effective vaccines and therapeutics may need to consider the genetic heterogeneity, 
immune background and individual immune repertoires highlighting the importance of 
delineating epitope-specific immune responses at the individual level. 

2.2 Epitope prediction approaches 
Identification of specific BCEs is of great importance for clinical and biotechnological 
applications, including vaccine design, disease diagnostics and development of new 
antibody-based therapeutics (Crooke et al., 2020; J. Li et al., 2025; Natarajan et al., 2021; 
Sadam et al., 2021). There are numerous different methods and approaches to predict B 
cell epitopes. One of the earliest approaches used to predict BCEs were based on the 
physicochemical characteristics of amino acid residues. Over 188 physical properties of 
amino acid residues have been summarised into 10 Kidera factors that can be used as 
basis for describing the physicochemical properties of peptide sequences (Kidera et al., 
1985). Properties including hydrophilicity, hydrophobicity (Sweet & Eisenberg, 1983), 
polarity (Radzicka & Wolfenden, 1988), flexibility and protrusion index (PI) (Thornton et 
al., 1986) of a given protein sequence give indication of surface accessibility and potential 
antigenicity of amino acid sequences and therefore their potential to bind antibodies or 
BCRs (Eisenberg et al., 1984; Hopp & Woods, 1981; Karplus & Schulz, 1985; Kyte & 
Doolittle, 1982). Relative surface accessibility (RSA) and secondary structure are features 
that can be computed with online tools like NetSurfP and NetSurfP-3.0 (Høie et al., 2022; 
Petersen et al., 2009). Methods to describe different physicochemical properties of 
residues are widely used as basis in BCE prediction pipelines to this day. A single 
parameter method developed by Kolaskar and Tongaonkar in 1990, which uses the 
surface distribution of hydrophobic amino acids leucine, cysteine and valine predicts 
antigenicity with 75% accuracy (Kolaskar & Tongaonkar, 1990). Already in the 1990s 
certain minimal amino acid motifs, essential for T cell and MHC binding, were described 
and the first tools using experimentally generated data like SYFPEITHI were created 
(Rammensee et al., 1999). Furthermore, for BCEs it has been shown that certain public 
epitopes (recognised across different individuals) contain some critical residues, 
including enriched lysine enrichment at epitope borders (E. L. Shrock et al., 2023). 
Abnormal glycosylation patterns can also be predictors of epitope sequences, wherein 
their presence or absence creates antigenic determinants recognisable by the immune 
system (Alves et al., 2021; Pon et al., 2020; Sikora et al., 2021). Conversely, added glycans 
on amino acid residues can influence the surface accessibility of BCEs and thus mask 
them from antibodies (Wintjens et al., 2020). 
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Sequence-based epitope prediction methods were one of the first computational 
strategies that incorporated primary protein sequences with knowledge of the 
physicochemical properties of amino acids to determine antigenicity. These include 
methods that apply a sliding window approach, which considers the properties of each 
amino acid and its neighbouring residues in a potential antigen sequence to calculate 
averaged scores across peptide segments, indicating whether each residue has a high or 
low probability of being a part of an epitope (EL-Manzalawy & Honavar, 2010; Jespersen 
et al., 2017). 

Sequence based prediction methods have been furthered along by the development 
of reference protein and epitope databases. As one of the reference resources in the 
epitope-mapping field, Immune Epitope Database (IEDB) has curated and hosts several 
epitope prediction tools since 2004 (Vita et al., 2024). IEDB enables linear BCE prediction 
from primary protein sequence by using 5 different amino acid propensity scales, 
including hydrophilicity prediction (Parker et al., 1986), beta turn prediction (Chou & 
Fasman, 1978), surface accessibility scale (Emini et al., 1985), flexibility scale (Karplus & 
Schulz, 1985) and antigenicity scale (Kolaskar & Tongaonkar, 1990). In addition to 
facilitating epitope prediction tools, IEDB has incorporated data from more than 25,000 
publications into one database that houses over 1.6 million immune epitopes (both 
continuous and discontinuous sequences) from experimental B cell, T cell and MHC 
assays (Vita et al., 2024). IEDB is regularly used as a reference database to benchmark 
new algorithms that aim to predict new epitopes (F. Liu et al., 2024; Ras-Carmona et al., 
2022). Other smaller datasets of experimentally determined B cell epitopes exist – for 

 

Figure 2. Hallmarks of B cell epitopes. B cell epitopes are antigenic determinants that bind B cell 
receptors and antibodies. BCEs exist in two structurally different forms – linear and conformational. 
The length of BCEs varies from 5 to 15 amino acid residues. BCEs have distinct physicochemical 
properties, including enrichment of Lysine at specific epitope borders. Antibodies bind antigen 
epitopes through their paratope. BCEs must be accessible for antibody or BCR binding. Leu – leucine, 
Cys – cysteine, Val – valine. Figure created with BioRender.com. 
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example, Bcipep is a smaller database that includes links to other repositories including 
Protein Data Bank (PDB) (Burley et al., 2025) and Swiss-Prot/Uniprot (The UniProt 
Consortium, 2025) but is limited in size and focuses on B cell epitopes (Saha et al., 2005). 
Bioinformatical approaches to BCE predictions have also greatly benefitted from 
experimental protein structure databases like PDB and most recently from 
breakthroughs in solving protein structures with bioinformatical predictions, which 
enable the use of predicted structures of ca 200 million proteins and other biomolecules 
with AlphaFold 3 model (Abramson et al., 2024). 

Nowadays, prevailing methods to predict B cell epitopes couple data from high 
throughput experiments together with bioinformatical approaches to describe new 
potential antigenic targets. Different statistical machine learning (ML) algorithms that 
incorporate know features of BCEs and protein sequence (and/or structure) databases 
are widespread (Table 1). Numerous different approaches and subtypes of ML 
algorithms are broadly used including hidden Markov models (HMMs), random forests 
(RF) and others (Sanchez-Trincado et al., 2017). For example, a linear BCE prediction 
algorithm called LBCE-BERT has been developed that uses IEDB for benchmarking and 
combines traditional amino acid physicochemical properties with sequence features and 
machine learning (F. Liu et al., 2024). Ras-Carmona et al. used a sequence similarity-
based method that utilises Basic Local Alignment Search Tool (BLAST) to predict possible 
new linear B cell epitopes by determining sequence commonalities of known BCEs from 
IEDB and showed that their method (BepiBlast) was more accurate than many other 
commonly used ML-based BCE prediction methods (Ras-Carmona et al., 2022). In 
addition, ElliPro is a web-tool that does not require model training and incorporates 
BLAST and conformational PDB structures to predict epitopes based on the predicted 
protein conformation and amino acid composition (Ponomarenko et al., 2008; R Taylor 
et al., 1983; Thornton et al., 1986). IEDB hosts both BepiPred 1.0 (Larsen et al., 2006) and 
BepiPred 2.0 (Jespersen et al., 2017), which predict linear or sequential BCEs from 
primary protein sequences by applying knowledge from known properties of BCEs and 
incorporating them with ML algorithms to estimate the probability of peptide sequences 
being epitopes. BepiPred 1.0 relies on amino acid propensity scales coupled with a HMM, 
whereas BepiPred 2.0 uses a RF algorithm trained on crystal structures to predict amino 
acids, which have a high probability of being a part of discontinuous epitopes. Building 
on linear epitope prediction tools, researcher have created neural network-based 
approaches to try predicting both linear and conformational epitopes together. For 
example, CALIBER is based on more traditional sliding window and supervised learning 
like RF methods, where each residue in a sequence gets a probability score of being a 
part of an epitope (Israeli & Louzoun, 2024). DiscoTope 3.0 is an online tool capable of 
predicting conformational BCEs by being trained on data from PDB crystalline structures 
or using AlphaFold predictions of monomeric protein conformational structures (Høie et 
al., 2024). These are some examples how ML-algorithms are used today to predict BCEs, 
with many more reported elsewhere (Sanchez-Trincado et al., 2017). 
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Table 1. Examples of B cell epitope (BCE) prediction methods and tools. Both linear and 
discontinuous epitope prediction methods using machine learning (ML) or other approaches are 
provided. Discont. – discontinuous epitope, RSA – relative surface accessibility, PI – protrusion 
index, BLAST – Basic Local Alignment Search Tool, HMM – Hidden Markov Model, RF – Random 
Forest, ESM-2 – Evolutionary Scale Modelling, BERT - Bidirectional encoder representations from 
transformers, IEDB – Immune Epitope Database, PDB – Protein Data Bank. 

Method BepiBlast BepiPred 
2.0 CALIBER DiscoTope-

3.0 ElliPro LBCE-
BERT 

Predicted 
BCEs Linear Linear, 

discont. 
Linear, 
discont. Discont. Linear, 

discont. Linear 

Approaches 

Physico-
chemical 
properties 

  

Determi-
ned by 
different 
methods, 
including 
NetSurfP 

Determi-
ned by 
different 
methods, 
including 
NetSurfP 
and Kidera 
factors 

Antigen 
sequence 
and RSA 
scores in 
addition to 
other 
factors 

Determi-
ned by 
different 
methods, 
including 
PI  

Amino 
acid 
composi-
tion and 
anti-
genicity 
scales 

BLAST Basis of 
method       

Used for 
linear 
sequences 

  

ML models None HMM, RF RF, ESM-2 XGBoost None BERT, 
XGBoost 

Training/validation data 

Swiss-Prot 
/UniProt 

    
Training 
(user 
input) 

 

IEDB Training Validation Training / 
validation     Bench-

marking 

Bcipep Validation         Bench-
marking 

PDB   Training / 
validation 

Training / 
validation 

Training / 
validation 

Training 
(user 
input) 

  

Alpha Fold       Training / 
validation     

 
As previously described, many BCE prediction algorithms have used publicly available 

datasets like IEDB (Vita et al., 2024), Swiss-Prot/UniProt (The UniProt Consortium, 2025) 
or PDB (Burley et al., 2025) to train and validate BCE predicting models (Israeli & Louzoun, 
2024; Jespersen et al., 2017; F. Liu et al., 2024; Ras-Carmona et al., 2022). Since many ML 
algorithms are dependent on experimental data or public databases to generate training 
and validation datasets, some caveats need to be considered. Publicly available datasets 
can be limited and biased towards overrepresented and specific sequences garnering 
more scientific interests (including sequences from pathogens like SARS-CoV-2, 
herpesviruses, influenza or HIV), while rare antigens, genetic haplotypes or proteins with 
challenging crystallisation properties (like membrane proteins) (E. P. Carpenter et al., 



21 

2008) are systematically under-represented (Villanueva-Flores et al., 2025). To 
circumvent underrepresentation bias, many BCE prediction algorithms have used 
AlphaFold-predicted structures (Abramson et al., 2024; Høie et al., 2024). In addition, 
data with negative outcomes (true non-epitopes) are scarcely reported, which can skew 
models towards over-predicting and over-estimating epitopes (Villanueva-Flores et al., 
2025). 

B cell epitope prediction can contribute to rapid vaccine developments in time 
sensitive situations. At the height of the SARS-CoV-2 pandemic in 2020, Crook et al. 
combined different webtools including available protein databases and epitope 
prediction tools (such as BepiPred and DiscoTope) to predict potential new vaccine-
candidate epitopes (both linear and conformational), identifying 41 TCEs and 6 BCEs from 
all 10 proteins of the SARS-CoV-2 proteome (Crooke et al., 2020). In addition, 
Brewpitopes is a multidisciplinary approach to BCE prediction, where linear epitope 
prediction, structural epitope prediction, target protein subcellular location, accessibility 
predictions and different glycosylation prediction tools are combined into a detailed 
pipeline (Farriol-Duran et al., 2023). However, independent benchmarking of nine state-
of-the-art conformational BCE predicting models, including Bepipred-2.0 and ElliPro, has 
demonstrated poor performance (ROC AUC < 0.6) and the authors have cautioned 
researchers to use in silico prediction tools with reservations (Cia et al., 2023). To 
conclude, ML algorithms have transformed the field of B cell epitope prediction and 
generated valuable tools for disease diagnostics, vaccine development and drug design, 
but further advancements are still needed. 

2.3 Experimental approaches to describe B cell epitopes 
Bioinformatical B cell epitope prediction approaches depend on high-quality 
experimental data to generate reference epitope datasets upon which prediction 
algorithms can be built, benchmarked and/or validated against (Figure 3). Experimental 
approaches to epitope mapping, prediction and validation are diverse and comprise of 
very different methodological approaches based on antibody-antigen reactions. 
Depending on whether the aim is to delineate linear and/or conformational epitopes and 
whether the expected output is low or high throughput, BCEs can be defined using a wide 
range of different experimental methods, including mass spectroscopy (MS), nuclear 
magnet resonance (NMR), X-ray crystallography, cryo-electron microscopy (cryo-EM) 
and protein and peptide display-based approaches (Abbott et al., 2014; Ferguson et al., 
2025; Schwarz et al., 2021; G. J. Xu et al., 2015). Delineation of conformational BCEs is 
usually dependent on structural assays like NMR, X-ray crystallography or cryo-EM, which 
have historically been low throughput, because the structure of each specific antibody-
antigen complex must be resolved to identify the epitope sequence (Abbott et al., 2014; 
García-Nafría & Tate, 2021; Merino & Raunser, 2017). However, advances have been 
made to resolve polyclonal antibody responses using combination of cryo-EM and ML 
approaches (Ferguson et al., 2025). In addition, synthetic recombinant or native protein-
based methods, where proteins maintain their native conformation can be used to assess 
antibody response to structural epitopes. Mammalian (Thalén et al., 2024) and yeast 
(Najar et al., 2017) cell surface display methods can be used for high throughput epitope 
mapping of structural epitopes of human or pathogen-derived protein antigens, 
including membrane-bound proteins such as G protein-coupled receptors (GPCRs), which 
are important therapeutic development targets (Huang et al., 2019). Delineation of linear 
BCEs can be performed with peptide-based approaches, including MS analysis, peptide 
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arrays, phage- or bacteria-displayed peptide libraries (Pantazes et al., 2016; G. J. Xu et 
al., 2015). Peptide display-based approaches trade resolution for high throughput 
making them practical for large-scale epitope screening assays and identification of 
binding sites compared to MS or other structural approaches (Matsumoto et al., 2025). 
MS-based tandem methods enable the detection of peptide epitopes together with post-
translational modification (PTM) patterns at large scale (Geffen et al., 2023). 
 

Figure 3. Epitope prediction workflow. Machine learning algorithms use data from high-
throughput experiments or biological molecule databases to generate reference datasets (training 
and validation) for epitope prediction models. Biological experiments, including (but not limited to) 
mass-spectrometry, protein crystallisation techniques for determining protein conformational 
structures, phage and peptide display methods and data from individual bioassays are combined 
into open databases (UniProt, IEDB, PDB), that can be accessed by the scientific and public 
communities and data can be reused and repurposed. The AlphaFold database, housing high-
quality structural protein models, is also used as reference dataset for the prediction of 
discontinuous epitopes. Physicochemical properties of each amino acid residue can be calculated 
using specific methods and incorporated when predicting new epitopes from peptide sequences. 
Pre-developed sequence similarity tools like BLAST can be also used as an input. When using public 
databases as a source of training data, data must first be cleaned and filtered to fit the needs of 
the expected model. Model performance can be evaluated against a subset of data that has been 
held out from model training. Ultimately, the predicted BCE epitopes serve as guidelines for 
experimental scientist who wish to use them for potential biomarker, therapeutic or biological tool 
development. 3D – three dimensional. Figure created with BioRender.com. 

Peptide microarrays, synthetic peptide libraries and peptide display assays with short 
overlapping peptide sequences have been widely used to discover and characterise 
antibody response to human and pathogen proteomes, including to describe antibody 
response at epitope-precision to SARS-CoV-2 (Schwarz et al., 2021), common human 
viruses (Bjornevik et al., 2022; Mina et al., 2019; G. J. Xu et al., 2015), autoantigens 
(Larman et al., 2011), major antigens of tick-borne pathogens (Tokarz et al., 2018), the 
human gut microbiota (Vogl et al., 2021), viruses that affect gut bacteria (Liebhoff et al., 
2024), the entire human proteome (Zandian et al., 2017) and to describe epitope 
responses associated with the development of human disease (Jaago et al., 2022; Larman 
et al., 2013; Sadam et al., 2021). Peptide display libraries bind both neutralising and non-
neutralising antibodies, therefore describing the full spectrum of antibody activity, 
although the functional consequences of antibody responses can be difficult to connect 

 



23 

to a specific biological outcome without additional experiments (Paull et al., 2019). In 
peptide-based BCE defining experiments, presented or displayed peptide libraries are 
used to mimic potential antigen sequences or structures. Therefore, library design is 
carefully considered since the number, length and diversity of peptides in the library 
determines the number of potential epitopes detected. There are advantages to using 
peptide display technology compared to peptide microarrays. Peptide arrays usually 
encode far fewer peptides compared to high throughput phage or bacterial display 
assays (105-106 vs 1010 peptides, respectively) (Larman et al., 2011; Legutki et al., 2014; 
Pantazes et al., 2016; Tokarz et al., 2018; Wu et al., 2019; Zandian et al., 2017). 

Another consideration in library design is peptide length. When designing peptide 
libraries to study antibody response to a wide array of antigens, researchers have long 
used a tiling approach, where the primary sequences of a reference set of proteins 
(either of human or pathogen origin) is split into fixed length peptides (usually ranging 
from 12 to 60 amino acids residues) with a fixed overlap to achieve 2x coverage of the 
input proteome (Larman et al., 2011; Liebhoff et al., 2024; G. J. Xu et al., 2015). These 
short sequence peptide libraries can quickly amount to millions (even billions) of 
peptides (depending on the size and length of the input proteome), out of which only a 
fraction is reactive with antibodies from human samples (Liebhoff et al., 2024). The 
length of peptides in reference (displayed) libraries needs to be carefully considered 
since it will affect the number of potentially cross-reactive peptide-epitopes that are 
generated (Berglund et al., 2008). The length of displayed peptides should be optimised 
for high epitope resolution i.e. single epitope detection – peptides that are too long may 
contain multiple epitopes, which will potentially hinder delineation of single epitopes 
(Richer et al., 2015). A random 12-mer peptide library with the complexity of 1010 
peptides has been shown to represent all possible 6 amino acid motifs with 99% 
confidence, generating sufficient diversity to discover immune response patterns to 
potentially any biological organism or protein antigen (Kamath et al., 2020). To reduce 
the cost of experimental approaches and expedite epitope defining numerous 
bioinformatical epitope prediction methods have been developed to date. To scale down 
the number of presented peptides in an assay, Liebhoff et al. have developed a ML 
algorithm called Dolphyn that computationally selects fewer peptides into the reference 
library from a classical tiling output (compressing the display library by 78%) to increase 
number of antibody binding (antigenic) peptides in the assay (Liebhoff et al., 2024). 

The design of peptide display libraries can also vary due to the method by which the 
individual sequences of peptides are generated. Technologies based on phage 
immunoprecipitation sequencing (PhipSeq and MVA) use E. coli bacteriophages (like T7 
or M13), which mimic antigen epitopes either through peptides derived from primary 
antigen protein sequences (Mohan et al., 2018; G. J. Xu et al., 2015) or by displaying 
randomised peptide sequences (Sadam et al., 2021; Wu et al., 2019). Antigen-derived 
protein or peptide arrays are biased towards detecting antibodies against structures and 
sequences defined by the pre-selected reference library, whereas randomised peptide 
libraries offer an alternative, potentially decoding antibody response to a hypothesis free 
range of environmental and commensal antigens (Jaago et al., 2022; Pantazes et al., 
2016; Pupina et al., 2022; Sadam et al., 2021, 2021). Bacterial display technologies like 
SERA (Serum Epitope Repertoire Analysis) use randomised peptide sequences displayed 
on the coat proteins of E. coli to decode a broad spectrum of auto- and pathogen antigens 
(Pantazes et al., 2016). E. coli M13 phage-displayed randomised peptide libraries have 
been used to determine epitopes that elicit human anti-factor IX response in mice (Lozier 
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et al., 2005), to identify peptide sequences capable of binding Bacillus anthracis for more 
efficient detection (Sainath Rao et al., 2010), to develop new biomarkers for systemic 
lupus erythematosus (Wu et al., 2019) and to determine specific epitope sequences that 
bind antibodies following immunisation with specific antigens (J.-N. Li et al., 2019). 

Peptide display libraries in essence mimic linear epitope sequences with varied 
lengths of defined amino acid residues. Antigen-derived peptide libraries usually capture 
linear BCEs if the displayed peptides are too short (7-12 residues) to fold into the same 
conformational structure present in the original antigen (D. Hu & Irving, 2023). 
Randomised peptide sequences allow for hypothesis free discovery of antibody-binding 
reactive peptides that describe both linear and conformational B cell epitopes, since 
randomised peptide display libraries contain sufficient peptide diversity and may also 
display mimics of structural epitopes by harbouring linear stretches of conformational 
epitopes (Kamath et al., 2020). For example, antibodies generated by immunising rabbits 
with the Staphylococcus aureus FnBPA-A protein bound 12-mer peptides from a 
randomised E. coli M13 phage display library that shared no more than three continuous 
amino acid residues with the primary sequence of FnBPA-A (J.-N. Li et al., 2019). 

2.4 Computational strategies to delineate epitopes from mass-
sequencing experiments 
Nobel prize laureate in Physiology or Medicine, Dr. Sydney Brenner once coined the 
phrase “Low input, high throughput, no output”, to criticise the generation of vast 
amounts of data, without tools, methods or skills required to translate data into useful 
biological insight (Friedberg, 2008). This critique remains valid in the field of high 
throughput peptide array- and display-based sequencing methods, which generate 
millions of reads per each analysed sample (Jaago et al., 2022; Pantazes et al., 2016; G. J. 
Xu et al., 2015). These extensive datasets create a challenge for downstream data 
analysis that could be described as the curse of dimensionality (CoD) – a situation where 
the number of detected features exceed the number of samples analysed, which can 
reduce the value of individual data points, and increase computational burden and the 
risk of overfitting due to noise (Altman & Krzywinski, 2018). To mitigate CoD effects, 
while preserving biologically meaningful amino acid sequence patterns, high throughput 
peptide display methods benefit from peptide grouping or clustering algorithms, that 
identify similar peptides to reveal statistically enriched recognition patterns and combine 
the abundance of detected immune response into fewer representative features (Elbre, 
2017; Pantazes et al., 2016). 

Antibody-binding peptide sequences from high throughput experiments can be 
condensed into representative motif sequences to downscale the amount of information 
processed in downstream analyses. There are several different motif generation tools 
that look for repetitive and characteristic structures (patterns) in sequences, including 
MEME (Multiple Expectation-maximisation for Motif Elicitation) (Bailey & Elkan, 1994), 
IMUNE (Identifying Motifs Using Next-generation sequencing Experiments) (Pantazes et 
al., 2016) and SPEXS2 (Sequence Pattern EXhaustive Search 2) (Elbre, 2017). These 
algorithms can use experimentally or bioinformatically defined peptide sequences as 
input to describe representative epitopes as motif sequences that retain the most 
frequently detected and discriminative amino acids together with their relative location 
within each peptide. MEME has been shown to be less effective in defining disease-
specific epitope sequences, more computationally expensive, 4 times slower and limited 
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in the number of input peptides compared to IMUNE (Pantazes et al., 2016). SPEXS2 is a 
statistical enrichment-based motif discovery tool, that is optimised for large datasets 
(including high-throughput phage display) (Elbre, 2017). In addition, custom motif 
generation tools utilising machine learning models like random forest have been 
integrated into full pipelines to define sample-specific epitopes (Ashkenazy et al., 2021). 

To confer biological insight, each generated epitope sequence (peptide-mimic or 
representative motif) is further analysed to associate the abundance of antibody 
response to epitope mimics with the immune response to specific epitopes of 
autoantigens, pathogen proteins, allergens or other biologicals (Jaago et al., 2022; 
Pantazes et al., 2016; Sadam et al., 2021; G. J. Xu et al., 2015). The annotation strategy 
used to delineate potential true or genuine antigens as the source of immune response, 
can depend on 1) design of the peptide/antigen library used to identify epitope-mimics 
in the experiment (random sequence versus antigen-derived sequence libraries) and 2) 
type of the detected epitope sequences (continuous peptides or representative motif 
sequences). Of note, whereas experimentally derived epitope-mimicking peptide 
sequences are continuous, representative motif sequences can contain wildcard 
positions i.e. positions, where the exact amino acid residue is not conserved and can vary 
(Elbre, 2017; Pantazes et al., 2016). Annotating peptide epitopes in pre-defined or 
antigen-derived library experiments is relatively straightforward – each peptide in the 
reference library has been tiled from the primary amino acid sequence of a known 
reference protein and the copy number of each peptide in the input library is known 
(Larman et al., 2011; G. J. Xu et al., 2015). To annotate B cell epitopes derived from library 
experiments using randomised peptides with unknown origin, the defined epitope 
sequences can be queried against sequences found in curated databases, including 
human or pathogen proteins in Swiss-Prot/UniProt (The UniProt Consortium, 2025) or 
experimentally tested epitope sequences of pathogens, allergens or autoantigens in IEDB 
(Vita et al., 2024). To generate hypotheses about the origin of determined epitope 
sequences, continuous peptides and discontinuous motifs (with wildcard positions) can 
be queried against known databases with regular expression (regex) methods, which 
help detect sequence similarity in reference proteins, help identify candidates for 
epitope origins and can be used to screen large databases (Kolakowski et al., 1992). 
However, regex-based approaches cannot estimate whether the observed sequence 
similarity is biologically meaningful or merely due to random chance without additional 
experimental validation. Short predicted epitopes (e.g. 4–5 amino acids) may yield 
numerous matches from a database search (Bastas et al., 2008), most of which are likely 
random alignments or may indicate potential cross-reactivity between antigens 
(McClain, 2017). To reduce the number of random matches, sequence alignment and 
search tools based on probabilistic scoring matrices can be used. Freely available 
sequence similarity algorithms include Motif Alignment and Search Tool (MAST) (Bailey 
& Gribskov, 1998) and BLAST (Altschul et al., 1990) that can query representative motifs 
and peptide sequences against reference protein databases. MAST uses position specific 
scoring matrices created during motif prediction in MEME (containing the full amino acid 
probability characterisation of each motif) to search for matches within a reference 
database of proteins (Bastas et al., 2008). Regular BLAST uses statistical scoring functions 
based on substitution matrices such as Blocks Substitution Matrix (BLOSUM) and Point 
Accepted Mutation (PAM) matrix, which estimate the probability of amino acid 
substitutions during evolution. Of note, BLOSUM62 is the default scoring matrix in BLAST, 
while PAM30 is often preferred for aligning short or closely related peptide sequences 
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(Altschul, 1991; Altschul et al., 2005). While MAST estimates motif match scores, BLAST 
calculates sequence alignment scores, but both MAST and BLAST evaluate the chance of 
observing each match/alignment by calculating an E-value, which indicates whether the 
number of motif matches (in MAST) or sequence alignments (in BLAST) is greater or equal 
to the number of match observations or alignment score values that would occur by 
chance in a reference database of a given size. Specifically, a higher E-value indicates 
frequently occurring random matches, whereas a lower E-value indicates that a match is 
unlikely to occur randomly. (Altschul et al., 2005; Bailey & Elkan, 1994) A caveat for 
annotating B cell epitopes with either tool is that short identical sequences, showing 
100% match between reference and query, generate high alignment score E-values, 
because the probability of random matches for shorter sequences is higher (Altschul et 
al., 1990; Boratyn et al., 2012). Since linear B cell epitopes are relatively short, on average 
spanning 4-12 amino acid residues (Buus et al., 2012), querying epitope sequences from 
high throughput experiments against extensive reference databases with BLAST may fail 
to achieve statistical significance. To circumvent and query large databases with high-
throughput peptide assay-generated epitope datasets simultaneously several 
customised workflows have been reported. For example, Epitope-Mediated Antigen 
Prediction (E-MAP) determines cognate antigens in a hypothesis free approach by 
combining motif definition with MEME and motif query with MAST into one pipeline 
(Bastas et al., 2008). Protein-based Immunome Wide Association Study (PIWAS) couples 
randomised bacterial display library platform SERA (Kamath et al., 2020) with Kmer-Tiling 
of Protein Epitopes (K-TOPE) (Paull et al., 2019) to bioinformatically associate 
experiment-derived peptide-epitopes with potential antigens and calculate epitope-
specific antibody response enrichment (Haynes, Kamath, Waitz, et al., 2021). 
Contemporary scientific methods frequently turn to machine learning models that 
incorporate epitope sequence and structural information to determine potential 
antigens (Villanueva-Flores et al., 2025). 
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3 Epitope predictions for precision medicine 
Precise epitope mapping has potential implementation in numerous medical 
applications, including understanding autoimmune or infectious disease aetiology 
(Schwarz et al., 2021; Tariq et al., 2026), vaccine and immunotherapy development for 
chronic diseases or cancer (Parvizpour et al., 2020) and discovery of new biomarkers for 
precision medicine (Hörauf et al., 2024). Knowledge of epitope-specific immune 
response mechanisms help researchers understand the underlying processes of immune 
mediated diseases and can be incorporated into development of new vaccines, 
immunodiagnostics and -therapies. 

3.1 Processes affecting immune memory 
Past vaccinations and infections, even sickness experienced during childhood, can 
influence an individual’s immune system throughout life. Specifically, primary immune 
response to one pathogen can induce and/or modify the elicitation of secondary immune 
responses to an unrelated pathogen, a phenomenon known as heterologous immunity 
(Nor Isamuddin et al., 2025). Researchers have shown that contracting a specific subtype 
of influenza in childhood “imprints” the pattern of the major hemagglutinin (HA) antigen 
to immune memory, which in turn can potentially confer lifelong protection from the 
avian-version of the influenza virus (Gostic et al., 2016). Immune imprinting (original 
antigenic sin) is a mechanism wherein the immune system prefers memory B cells raised 
to previously targeted antigens and recalls antibodies against already known epitopes 
instead of generating a new and specific response to the newly encountered antigen 
(Francis, 1960). This process can be used to design cross-reactive vaccines with broad 
coverage of protection against similar or even unrelated antigens. However, immune 
imprinting can hinder the development of new vaccines for pathogens with high 
mutation frequency that require yearly boosters (including influenza and SARS-CoV-2) 
particularly when the generation of non-neutralising cross-reactive antibodies from 
vaccinations of related viruses interferes with protection against seasonal influenza 
viruses (Khurana et al., 2013). SARS-CoV-2 infection boosts antibodies generated against 
other common seasonal human coronaviruses, but these antibodies are non-neutralising 
and do not confer protection from SARS-CoV-2 (Anderson et al., 2021; E. Shrock et al., 
2020). In a study looking at the effects of pre-existing immunity on new antibody 
responses to influenza infection, Dugan et al. showed that both natural infection and 
vaccination induced antibody responses to neutralising epitopes of HA from past 
responses, but that natural infection also induced more responses to non-neutralising 
targets than vaccine, ultimately conferring less protection than vaccines (Dugan et al., 
2020). mRNA vaccines towards new SARS-CoV-2 variants effectively elicit neutralising 
antibody responses, but these are generated by the recalling of the memory B cells 
generated during infection with the original Wuhan strain (Tortorici et al., 2024). In 
addition, B cell immunity, including antibody responses and immune memory, may be 
disrupted by naïve infections. Mina et al. showed that primary measles infection can 
erase pre-existing antibody repertoires, effectively eliminating protective immune 
memory against previously generated pathogens (Mina et al., 2019). In conclusion, 
immune memory shaped by previous infections, vaccinations and environmental 
exposures, has measurable effects on both adaptive and innate immune responses that 
facilitate long-term susceptibility to chronic inflammatory, autoimmune, 
neurodegenerative and metabolic diseases, and influence the individual response to 
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vaccines and treatment (including immunotherapies). Understanding how previous 
immune responses (immune history) might influence new responses can help predict 
biomarkers for disease and guide the design of new pharmaceuticals. 

3.2 Disease-associated immune repertoire as potential biomarkers 
Biomarkers are characteristics measured as indicators of normal biological processes 
(health), pathogenic processes (disease) or responses to exposure (infection, 
environmental factors) and intervention (including therapies) (FDA-NIH Biomarker 
Working Group, 2016). Biomarkers can be used to screen, diagnose, prognose or monitor 
disease and to predict therapy response (Aronson & Ferner, 2017). Diagnostic 
biomarkers are used to detect or confirm presence of a disease or its subtype, whereas 
predictive biomarkers identify individuals most likely to respond to a medical 
intervention or environmental agent in a positive way (improved survival, symptomatic 
benefit) or by developing an adverse effect (FDA-NIH Biomarker Working Group, 2016).  

Immune repertoire is highly dynamic, responsive to change in homeostasis and 
therefore reflective of potential disease and healing processes. Many studies have 
reported associations between common pathogens and onset of chronic diseases. For 
example, neurotropic human herpes simplex virus 1 (HSV-1) infection has been 
associated with the onset of peripheral neuropathy (H. Lu et al., 2023), and 
immunisations against influenza (Jeong et al., 2025) and naïve influenza infection (Zhang, 
Gool, et al., 2021) have been associated with the onset of narcolepsy type 1. These 
studies indicate that upon infection or environmental exposure immune repertoire 
changes in a way that inadvertently or directly causes disease. Delineating specific 
immune responses like antibody response profiles and their mechanistic consequences 
could therefore provide potential diagnostic and/or predictive biomarkers. For example, 
specific antibody response patterns to common human pathogens, including human 
herpesviruses, Helicobacter pylori and bacteria found in oral microbiome have been 
associated with the development of atherosclerotic cardiovascular disease (Hansson, 
2005; Jaago et al., 2022). Furthermore, antibodies generated against group A 
Streptococcus bacteria M-protein can cross-react with the cardiac myosin and in this way, 
streptococcal infection of the throat or skin can trigger myocarditis or kidney-disease 
(Adderson et al., 1998; Cunningham et al., 1997). In a study looking at whole-proteome 
autoantibody profiles of 250 multiple sclerosis patients, Zamecnik et al. described stable 
antibody signatures that were detected in 10% of patients both 5 years before and a year 
after disease onset (Zamecnik et al., 2024). The antibody-targeted sequences were found 
to share sequence similarity with both autoantigens and common human pathogens, and 
this signature has been proposed as a potential predictive biomarker for multiple 
sclerosis (Zamecnik et al., 2024). Furthermore, longitudinal studies have shown that 
antibody response to EBNA-1 protein of Epstein-Barr virus (EBV), a common herpesvirus 
infecting more than 90% of adult population (Kuri et al., 2020), is associated with 
increased risk in development of multiple sclerosis (Bjornevik et al., 2022; Sadam et al., 
2021).  

Fluctuations in immune repertoire that drive susceptibility and/or progression of 
chronic inflammatory diseases are candidates for diagnostic biomarkers. These 
measurable changes in immune repertoire can be due to past infections or 
environmental exposures and detected with single or multiplex antibody panels. For 
example, tick bites can induce so called alpha-gal syndrome, which is a food allergy to 
red meat mediated through the elicitation of IgE molecules targeting the carbohydrate 
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galactose-alpha-1,3-galactose (Commins et al., 2011). Common herpesvirus infections 
can also elicit immune responses that associate with autoimmunity-like phenotypes. 
Reactivation or infection with human herpesviruses can trigger autoimmune encephalitis 
by elicitation of autoantibodies that target autoantigens of the central nervous system 
(Maltsev & Fedirko, 2022). Furthermore, antibody signatures must be considered in the 
context of each disease, where the antibody patterns or antibodies targeting different 
epitopes might have distinct functional roles. For example, autoantibodies against type I 
interferon have been shown to serve as biomarkers for fatal outcomes in COVID-19 
(Bastard et al., 2021), whereas the occurrence of anti-nuclear antibodies in systemic 
lupus erythematosus are associated with an ameliorated disease severity (Bradford et 
al., 2023). Understanding how immune repertoires are linked to disease development 
and progression can help predict diagnostic or predictive biomarkers and inform epitope-
specific strategies for the design of new pharmaceuticals. 

3.3 Epitope-specific strategies in the development of vaccines and 
therapeutics 
Therapeutic modulation of maladaptive immune response-specific immune cascades can 
reduce risk and progression of disease (P. Kong et al., 2022). Therefore, determining 
antibody response at epitope precision can act as a guide in therapy design (Montero-
Calle et al., 2024). From a therapeutic point of view, the immune response can both be 
induced and stimulated, also modulated or suppressed (Strzelec et al., 2023). Depending 
on the condition and disease of the patient, one individual may require immune 
activation while another modulation or inhibition. Therefore, understanding the 
specificity of immune response is essential for the development of effective therapeutic 
strategies. Antibodies are useful tools in clinical screening and diagnosis steps, since their 
collection is minimally invasive, and their use in biomarker and therapeutic discovery has 
been prevailing in recent years (Montero-Calle et al., 2024). Of note, antibodies 
comprised ~20% of United States of America Food and Drug Administration approved 
therapeutics according to 2018 data (Castelli et al., 2019). 

Systems vaccinology claims that a person’s baseline “immune setpoint”, a 
combination of age, sex, genetic and epigenetic variation, prior infections or 
vaccinations, microbiome composition and metabolic state, can predict vaccine 
responsiveness (Raeven et al., 2019). Pre-existing antibody patterns have been 
demonstrated as a potential tool to predict individual immune response to future 
infections and vaccinations. In a study comprising more than 4000 people, including both 
immunosuppressed and healthy individuals, Song et al. showed that levels of pre-existing 
antibodies targeting common human pathogens can predict blunted immune response 
to SARS-CoV-2 vaccine and be used to predict antibody levels upon vaccination or 
infection (Song et al., 2026). Furthermore, monitoring and analysing the broad spectrum 
of antibody responses elicited by vaccinations can guide researchers in designing new 
more effective vaccines. Identifying the most antigenic and neutralising-antibody 
response eliciting regions of the pathogen antigens can be used to design vaccines with 
a lasting and protective immune response (Haynes, Kamath, Bozekowski, et al., 2021). 
Neutralising antibodies targeting epitopes in the receptor binding domain of SARS-CoV-
2 Spike protein have been defined (Ju et al., 2020; Pinto et al., 2020; Yuan et al., 2020). 
In addition, computational approaches have designed vaccines containing multiple highly 
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immunogenic SARS-CoV-2 epitopes within a single multiplex-vaccine (Deepthi et al., 
2025). 

Mechanisms of innate immunity have been leveraged to create tumour-associated 
antigen and neoepitope-based dendritic cell vaccines, which help boost cancer patient’s 
own immune response, create lasting immune memory and protect against relapses 
(Heras-Murillo et al., 2025; Q. Li et al., 2024). In cancer patients the presence of 
autoreactive antibodies is frequently reported and correlates with activated immune 
surveillance and better prognosis. For example, interferon alfa-2b treatment in 
melanoma patients elicited autoimmune responses in 25% of the study cohort, which 
were associated with fewer relapses and longer median survival compared to patients 
who did not develop autoantibodies (Gogas et al., 2006). Profiling antibody response at 
epitope precision may reveal cancer-specific neoepitopes that correlate with clinical 
features and treatment outcomes. Epitope-specific antibody boosting has been shown 
to correlate with therapeutic efficacy. In one study a breast cancer patient showed 
increased antibody response to a specific accessible epitope of a known cancer antigen 
called EPS8 in response to immune checkpoint blockade immunotherapy (Routh et al., 
2023). Monitoring antibody responses can therefore be used to make informed decisions 
regarding the use of aggressive treatment regimen, allowing assessment of whether and 
individual patient is likely to get meaningful benefit. In addition, elucidation of public or 
private antigenic neoepitopes or cancer-associated epitopes can be useful for developing 
effective cancer vaccines that circumvent central tolerance mechanisms to elicit a strong 
immune response and prolong overall survival (Weber et al., 2024; Zaidi et al., 2025). For 
example, even a limited set of 15 HLA alleles and 50 shared cancer antigens can 
theoretically generate more than 28 000 neoepitope-HLA pairs (Gurung et al., 2024). 
Researchers have begun to describe public and private neoepitopes from mRNAs 
together with machine learning approaches to predict the MHC class restriction and 
epitope sequences showing promising tumour inhibition and cellular immune response 
in a murine colorectal cancer models (Ji et al., 2025). Random peptide libraries with 
epitope motif discovery (SERA platform together with IMUNE) and epitope mapping 
(PIWAS) have been used to delineate cancer-patient-specific antibody responses to 
tumour antigen NY-ESO-1 (W. S. Chen et al., 2020). 

Immunotherapies have revolutionised the management of chronic diseases like 
cancers, autoimmune diseases and allergies. When designing immune system activating 
therapeutics, exact target epitopes must be thoroughly considered, since broad 
immunisation strategies might cause unintended or even potentially fatal immune 
related adverse events (Sharma et al., 2023). For example, in a murine model of breast 
cancer, monoclonal antibodies (mAbs) generated against different epitopes of the 
oncoprotein ErbB-2, had divergent effects dependent on their exact targets – one mAb 
inhibited tumour growth, whereas others stimulated active cancer proliferation (Yip et 
al., 2001). Convalescent plasma therapy derived from SARS-CoV-2 recovered patients has 
also been evaluated using Fc array binding assays to determine which antibody 
properties are linked to the effectiveness of the treatment and to potentially reverse 
engineer new therapeutics (Natarajan et al., 2021). In addition, the efficacy of 
immunotherapies may decline in individuals who develop anti-drug antibodies (ADA). 
Clinically significant ADAs are antibodies that affect the pharmacokinetics, 
pharmacodynamics, efficacy and safety of a given drug (Swanson, 2024). Neutralising 
ADAs interfere with the drug’s therapeutic mode of action by binding the specific region 
engineered to bind to its therapeutic target (Shankar et al., 2014). ADAs can also elicit 
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adverse effects, like anaphylaxis or antibody-mediated immunodeficiency diseases 
(Gunn et al., 2016). Immune checkpoint inhibitor (ICI) therapies including anti-PD-1, anti-
PD-L1, can elicit ADA responses – a systematic review covering 141 clinical trials reported 
that anti-PD-L1 treatment induced ADAs in 29.6% of liver cancer patients and that 
combination ICI therapies had higher incidence of ADAs than monotherapies (Galle et al., 
2024). Therefore, monitoring antibody responses before, during and after treatment 
may help predict treatment response and possible side-effects. 

In conclusion, antibody patterns in single-epitope resolution in the context of different 
chronic and infectious diseases could be candidates for potential biomarkers to either 
predict disease state, progression or therapy response and help inform the design of new 
vaccines and therapeutics (Figure 4). 
 

 

Figure 4. Personalised approach to disease prevention, diagnosis and therapy. An individual’s 
immune history comprises of their genetics (HLA haplotypes, immune gene polymorphisms), past 
infections (molecular mimicry, immune imprinting), vaccination history, individual microbiome, 
contacted environmental agent (environmental and food allergens) and specific biochemical 
modifications that can occur on their proteins, including post-translational modifications like 
glycosylation (neoepitope generation, altered antigen processing). Immune history lays the ground 
for an individual-specific epitope landscape, that will serve as a basis for personalised medicine. 
Personalised approaches can include specific epitope patterns as biomarkers for disease diagnosis, 
prevention and prediction and epitope-specific responses can guide development of personalised 
therapies, including vaccines and immunotherapy. Figure created with BioRender.com. 
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4 Aims of the study 
Immune history can influence an individual’s risk of developing disease and response to 
therapies. Insight into individual epitope-specific immune responses can therefore help 
researchers determine underlying processes of immune mediated disease and be useful 
in developing new diagnostics, vaccines and therapies. 

Herein, we aimed to explore B cell epitope-specific antibody responses across diverse 
clinical cohorts, including in health, chronic disease, infections and immunotherapy, 
predict the original antigens associated with these epitope patterns, and evaluate the 
potential of predicted epitopes as candidate biomarkers for health and disease. 
 
In detail, we aimed to: 
 

1. Describe health and disease-associated antibody signatures and predict target 
epitopes using next-generation phage display in diverse clinical cohorts including 
malignant cancers, immunotherapy, cardiovascular disease and viral exposure. 

2. Characterise epitope-specific antibody responses in cancer patients, chronically 
ill individuals and healthy controls to describe how immune history shapes cross-
reactive or protective antibody signatures. 

3. Evaluate the antibody signatures of disease- or health-associated epitopes as 
predictive tools for clinical outcomes, including cardiovascular disease risk, 
immunotherapy response and post-treatment complications after cancer 
surgery. 
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5 Materials and methods 
The methodological approaches applied in this thesis are outlined below and described 
in greater detail in the corresponding publications: 
 

• Mimotope Variation Analysis, MVA (Publications I, II, III and IV) * 
• MVA with competing agent (Publication I) * 
• Data pre-processing and quality control (Publications I, II, III and IV) 
• Peptide grouping with SPEXS2 (Publications I, II, III and IV) 
• Immunoprofile similarity testing (Publications I, II and IV) 
• Group-specific feature selection with statistical testing (Publications I, II, III and 

IV) 
• Sequence alignment analyses 

o With tool BLAST+ and reference database Swiss-Prot/UniProt 
(Publication II and III) 

o With regular expression-based tools and reference databases 
(Publications I, II, III and IV) 

• Data visualisation (Publications I, II, III and IV) 
• Commercial ELISA (Publications I, II, III and IV) * 
• Phage display-based ELISA (Publication II and III) * 
• Peptide display-based ELISA (Publication IV) * 
• SARS-CoV-2 S native protein dot-ELISA (Publication II) 

 
* Performed by others 
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6 Results and discussion 

6.1 Characterisation of epitope-specific antibody response in 
individuals of diverse immune background 
An individual’s immune repertoire of both innate and adaptive immune response 
patterns provides an in depth look into past exposures to infections, immunisations, 
environmental agents and past or chronic disease (Zaslavsky et al., 2025). We employed 
experimental and bioinformatic B cell epitope prediction and validation methods to 
describe antibody-epitope response in 1) cancer patients receiving immunotherapy, in 2) 
individuals of wide clinical diagnoses to describe effects of heterologous immunity on 
new, previously un-encountered pathogens, chronic disease and therapeutics, and 3) 
described disease-specific immune patterns across multiple diagnoses for the 
development of new biomarkers (Figure 5). 
 

Figure 5. B cell epitope determination strategies. In publications underlying this thesis we 
employed mimotope variation analysis (MVA) to describe immune patterns in 1) cancer patients 
undergoing immunotherapy treatments, 2) the context of heterologous immunity pertaining to 
potential molecular mimicry of SARS-CoV-2 and associated coronaviruses together with other 
immune history in a diverse cohort of both chronically diseased and healthy individuals and 3) 
described disease-specific antibody responses as potential diagnostic and predictive biomarkers. 
Figure created with BioRender.com. 

In publications I-IV we analysed the antibody epitope patterns in different chronic, 
inflammatory and infectious diseases (Table 2). We described antibody signatures i.e. 
immuno-dominant epitope profiles in different clinical diagnosis groups, including 
cohorts of malignant cancer (non-small cell lung cancer, melanoma and breast cancer) 
(Publication I - IV), cardiovascular disease (coronary artery disease, acute coronary 
syndrome and myocardial infarction) (Publication II, III), neuropsychiatric disorder (first 
episode psychosis and schizophrenia) (Publication II, III), autoimmune disease 
(myasthenia gravis, multiple sclerosis, psoriasis) (Publication II, III), neurological disorder 
(narcolepsy) (Publication III), metabolic disease (type 2 diabetes) (Publication II), 
inflammatory disease (sarcoidosis) (Publication III), infectious disease (COVID-19) 
(Publication II), human papilloma virus (HPV)-associated cervical dysplasia (Publication 
III) and cancer immunotherapy (pembrolizumab and MelCancerVac®) (Publication I) 
(Table 2). In publication IV we described the antibody response patterns of breast cancer 
patients already included in publications II and III from the point of view of developing 
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post-surgical neuropathic pain (CPSNP) after intercostobrachial nerve resection. Healthy 
controls samples were included in discovery and validation cohorts of publication I-III 
and in the validation cohort of publication IV. Timepoint samples of immunotherapy 
receiving NSCLC patients, acute COVID-19 patients and breast cancer patients with 
CPSNP were included in publications I, II and IV. Altogether, we analysed 1068 unique 
samples from 938 individuals with disease- or health-associated immune backgrounds 
(Publications I-IV) (Table 2). 

Table 2. Characterisation of clinical study cohorts. Disease sub-cohorts (1 to 13), including groups 
of individuals with clinical diagnoses (CASE) and along with ethnicity/sex/age matched controls 
(CTRL) or healthy control (HC) samples are described where applicable. The number of samples 
belonging to each group is described, asterisks (*) denote sub-cohorts, where timepoint samples 
were also included in analyses, but not described in the table. Mean age with standard deviation 
and number of men (M), women (F) or unknown (NA) is depicted. Reference column shows in which 
publication (I-IV) the cohort was included or if it has been published elsewhere. Of note, publication 
III included 2 ethnically different validation cohorts (III_2 and III_3). Description of disease sub-
cohorts: 1 – Allergy (undefined), 2 – Autoimmune diseases, including myasthenia gravis (MG), 
multiple sclerosis (MS) and psoriasis. 3 – Cancer, patients with cancer diagnoses, including non-
small cell lung cancer (NSCLC) and breast cancer (BC), 4 – Cancer/Immunotherapy, including NSCLC 
patients who received MelCancerVac® dendritic cell treatment (MelVac/MelVac-CTRL), melanoma 
patients who received Pembrolizumab treatment (PEM-Mel) and control samples for NSCLC group 
(CTRL-NSCLC), 5 – Cancer/Neuropathic pain, breast cancer (BC) patients who underwent surgical 
resection of the tumour and intercostobrachial nerve and who later developed post-surgical 
neuropathic pain (CPSNP) or did not develop neuropathic pain (non-CPSNP), 6 – Cardiovascular 
diseases, including stable coronary artery disease and acute coronary syndrome (CVD), and 
myocardial infarction (MI), 7 – Gynaecological disease, samples from patients with cervical 
intraepithelial pathologies and positive human papillomavirus (HPV) status, 8 – Infectious disease, 
patients with acute SARS-CoV-2 infection disease (COVID-19), 9 – Inflammatory disease, patients 
with sarcoidosis diagnosis, 10 – Metabolic disease, samples from type 2 diabetes (T2D) patients, 
who also had foot ulcers, 11 – Neurological disease, samples from narcolepsy (NRC) patients, 12 – 
Neuropsychiatric disorders, including first episode psychosis (FEP) and schizophrenia (SZ), 13 – 
Healthy control samples from North Estonian Medical Centre Blood Bank (CTRL-Mel and HC) and 
from individuals without any specified primary diagnosis (unspecified HC). 

# Group Name Country 
of origin 

Samples 
(n) 

Age 
(mean ± 

SD), 
years 

Gender 
(M/F/NA) 

Publica-
tion(s) 

1 CASE Allergy Estonia 4 5.2 ± 2.5 1 M; 3 F III 

2 

CASE MG Finland 129 58.8 ± 
15.5 57 M; 72 F III 

CTRL HC for MG Finland 50 41.8 ± 
12.7 14 M; 36 F III 

CASE MS Finland 20 32.3 ± 7.8 4 M; 16 F 
(Sadam et 

al., 2021), II 
and III 

CASE Psoriasis Estonia 31 54.9 ± 
15.4 7 M; 24 F III 

3 
CASE NSCLC Denmark 18* 59.2 ± 7.9 7 M; 8 F; 3 

NA I 

CTRL BC Finland 6* 53.3±7.0 6 F III_3, IV 
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4 

CASE 
MelVac/ 
MelVac-

CTRL 
Denmark 6* 55.7 ± 8.4 4 M; 2 F 

(Engell-
Noerregaard 
et al., 2013), 

I 
CASE PEM-Mel Estonia 5 67.6 ± 9.2 2 M; 3 F I 

CTRL CTRL-
NSCLC Belgium 10 65.3 ± 8.4 5 M; 5 F I 

5 

CASE BC Finland 57 55.7±7.2 57 F 
(Kaunisto et 
al., 2013), II 

and III_3 
CASE CPSNP Finland 27* 53.9±6.1 27 F (Kaunisto et 

al., 2013), IV  CTRL non-CPSNP Finland 30* 57.4±7.8 30 F 

6 

CASE CVD Finland 64 62.8 ± 8.4 50 M; 14 F (Jaago et al., 
2022), II and 

III_3 CTRL HC for CVD Finland 32 60.2±8.3 17 M; 15 F 

CASE MI Estonia 50 66.8 ± 
12.6 

29 M; 13 F; 
8 NA II and III_1 

CASE MI Estonia 40 66.8 ± 
12.6 28 M; 12 F III_2 

CTRL HC for MI Estonia 61 46.2 ± 
15.5 25 M; 36 F II 

CTRL HC for MI Estonia 50 40.8 ± 9.9 20 M; 30 F III_1 

CTRL HC for MI Estonia 49 40.4 ± 9.7 20 M; 29 F III_2 

7 CASE HPV Estonia 42 32.8 ± 5.8 42 F III_2 

8 CASE COVID-19 Estonia 6* 57.2±7.8 4 M; 2 F II 

9 CASE Sarcoidosis Estonia 47 41.1 ± 13 17 M; 30 F III_2 

10 CASE T2D Belgium 25 69.0 ± 8.7 21 M; 4 F II 

11 
CASE NRC Finland 16 17.6 ± 7.8 6 M; 10 F (Sadam et 

al., 2018), 
III_3 CTRL HC for NRC Finland 32 25.6 ± 8.3 18 M; 12 F; 

2 NA 

12 

CASE FEP Estonia 30 25.6±4.9 16 M; 14 F (Leppik et 
al., 2020; 

Parksepp et 
al., 2020), II 

CTRL HC for FEP Estonia 30 24.0±6.1 15 M; 15 F 

CASE SZ Finland 30 41.9±18.4 12 M; 18 F II and III_3 

CTRL HC for SZ Finland 30 42.1±18.2 12 M; 18 F II and III_3 

13 

CTRL CTRL-Mel Estonia 80 38.5 ± 
10.7 42 M; 38 F I 

CTRL HC Estonia 109 40.6±11.6 64 M; 45 F II 

CTRL HC Estonia 91 38.6 ± 11 63 M; 28 F III_2 

CTRL Unspecified 
HC Estonia 24 49.5 ± 

20.6 24 F III_2 

 
We used mimotope variation analysis (MVA), a high throughput M13 bacteriophage 

display technology that leverages a library of random 12-mer peptides with the 
complexity of 109, SPEXS2 exhaustive pattern search algorithm (Elbre, 2017) and 
downstream statistical data analysis and annotation methods to describe the IgG 
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immune responses and associate them with candidate antigenic epitopes (Figure 6) 
(Publications I-IV). In high-yield sequencing data analysis, pre-analysis, quality 
assurances and normalisation steps are essential to minimise technical variations. During 
MVA data quality check erroneous sequencing reads or reads without the engineered 
peptide-coding insert are removed and quality sequences with confirmed peptide-coding 
inserts are bioinformatically translated into 12-mer peptides (Figure 6a-b). MVA 
generates, on average, 3 million reads that translate up to 0.6 million unique peptides 
per sample (Publication I-IV), which creates a curse of dimensionality (CoD) problem 
affecting downstream data analysis processes and possibly hindering the detection of 
biologically relevant relationships and patterns (Altman & Krzywinski, 2018). To mitigate 
CoD, while preserving biologically meaningful amino acid sequence information MVA 
incorporates an algorithm called SPEXS2, that reveals statistically enriched recognition 
patterns from peptide datasets (Elbre, 2017) (Figure 6c). A randomised bacterial peptide 
display platform called SERA facilitates a similar clustering algorithm called IMUNE, which 
is also used to identify disease biomarkers (Haynes, Kamath, Waitz, et al., 2021; Pantazes 
et al., 2016) and define pathogen-specific antibody epitopes (Haynes, Kamath, 
Bozekowski, et al., 2021). Pantazes et al. showed that IMUNE out-performs common 
motif discovery algorithm MEME (Bailey & Elkan, 1994) by enabling the simultaneous 
analysis of tens of millions of peptides in a fourth of the time (9 hours vs 40 hours) that 
it would take MEME (Pantazes et al., 2016). In MVA immunoprofiles are generated as a 
combination of individual- or group-specific motifs, where each motif gets a value that 
reflects the normalised count of all peptides containing the motif sequence in a given 
sample (Figure 6d-e). 
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Figure 6. Mimotope variation analysis and downstream data analysis steps. Mimotope variation 
analysis (MVA). In MVA, human serum or plasma is incubated with E.coli M13 bacteriophage 
display library that displays up to 109 unique random 12-mer peptides as part of the pIII coat 
protein. Each reaction receives 5x1010 phage particles to ensure phage diversity. After biopanning, 
wherein antibodies from the sample bind target epitope mimicking phage-presented peptides via 
Fab region, the phage-antibody complexes are captured via binding antibody Fc region with protein 
G-coated magnetic beads. The bound phage DNA is extracted, amplified with PCR, while each 
sample is also barcoded enabling multiplexed experiment setups, and sequenced with a short single 
read sequencing run. DNA ANALYSIS I: EPITOPE DEFINITIONS. a| Sequenced reads are quality 
checked and additionally mapped against the E.coli M13-library phage genome to remove reads 
coming from wild-type E.coli M13 or mutant wild-type E.coli M13 phages, that do not contain the 
engineered displayed peptide. b| Sequences with confirmed peptide-coding inserts are 
bioinformatically translated to 12-mer peptide sequences. c| Statistically enriched motif sequences 
are derived from sample peptides with SPEXS2 algorithm. SPEXS2 evaluates the occurrence of a 
pattern in samples against a reference peptide set and determines recurring motif sequences with 
length from 3 amino acids to 11 amino acids. DATA ANALYSIS II: DATA MINING FOR BIOMARKER 
DISCOVERY. d-e| Peptide counts are influenced by sequencing runs, different platforms and 
coverage and to analyse samples run on different experiments a normalisation step is required. On 
average MVA generates about 3 million reads per sample, therefore Counts Per 3 Million (CP3M) is 
used to normalise read count to library depth. Immunoprofiles can be generated from peptides and 
their normalised counts or based on representative epitope motifs, where the motif count is the 
sum of all peptides containing the sequence of that motif in each sample. This way, motif 
generation acts as one data dimensionality reduction method where datapoints from one sample 
can decrease from millions to thousands of features. f-g| Based on immunoprofile count data, 
group-specific (both disease and health) features can be delineated using different statistical 
methods, including additional dimensionality reduction, group comparisons, regression analyses 
and machine learning algorithms. Delineated biomarker candidates are validated using 
independent methods, including single peptide-based ELISA assays, Western blots, or dot blots. 
MVA and data analysis steps have also been detailed in previous publications (Elbre, 2017; Jaago 
et al., 2022; Sadam et al., 2018, 2021, 2026). Figure created with BioRender.com. 
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6.2 Variability and dynamics of epitope-specific antibody response 
The number of generated representative epitope motifs (with clustering algorithms like 
SPEXS2, IMUNE or MEME) depends on the number of peptides (and samples) used as 
input and can vary significantly. In our work we show that the number of epitopes 
defined as motif consensus sequences varies across different sub-cohorts (Publication I-
IV) and depends on the specific approach and methods used to select peptides 
(Publication II). For example, in publication II we delineated epitope motif sequences for 
8 clinically different subgroups with the combined total of ~23,000 epitope consensus 
sequences. The approach taken to determine consensus sequences was determined by 
the specific clinical question of each subgroup. In some groups, matched control cohorts 
were included to limit effect of covariable clinical features, whereas for others matched 
controls were not included and the parameters of SPEXS2 were optimised to maximise 
the number of epitope sequences generated for each group. Therefore, the final number 
of generated epitope sequences varied from a few hundred to thousands per study group 
(Publication II). The sheer number of generated epitope sequences reflects the 
differential composition of an individual’s immunoprofile. Each person’s immune 
repertoire is unique due to highly polymorphic human leukocyte antigen (HLA) genes, 
which introduce genetic heterogeneity that diversifies the capacity for epitope 
recognition across individuals (Khan et al., 2022). MVA analysis has demonstrated that 
different individuals with the same disease and immunotherapy background can have 
divergent antibody reactivities (in both composition and magnitude) against dominantly 
detected peptide antigens (Publication I-IV, Figure 7). Longitudinal samples collected 
from the same individuals show stable antibody response to the same dominant peptides 
and antibody profiles show significant similarities within individuals (Wilcoxon Rank Sum 
test, p < 0.0001) than compared to other individuals with the same or different disease 
background (Figure 7). We showed that dominant epitope-specific antibody response, in 
addition to being uniquely individual, is consistently stable in both short- (days to weeks) 
(Publications I and II) and long-term (years) intervals (Publication I and IV) irrespective 
of disease profile or therapeutic intervention in these specific studies (Figure 7). In 
publication I we show that the antibody response to dominant epitopes in an 
immunotherapy receiving NSCLC patient, who received 35 doses of a dendritic cell-
derived autologous vaccine, was highly similar (cosine similarity index > 0.5) in all 4 time-
series samples collected over a 2-year period and that 5 of the same immunotherapy-
receiving NSCLC patients showed on average more similar antibody response patterns to 
their 2 week follow-up samples compared with randomly paired immunoprofiles 
(Wilcoxon Rank Sum test, p < 0.0001). In an independent cohort study of over 200 
people, the antibody response patterns at 5-year follow-up showed higher average 
correlation between paired samples than unpaired samples (Pearson R values 0.78 
versus 0.27) (Vogl et al., 2021). In another study involving 500 individuals, PhipSeq-
derived antibody signatures unambiguously associated paired samples, that were 
collected 6 years apart, with ~96% accuracy (Zamecnik et al., 2024). Furthermore, in 
publication II we show, that antibody response to some SARS-CoV-2 Spike (S) resembling 
epitopes remain stable in COVID-19 patients in the acute and recovery phase of COVID-
19 disease, although the timeframe to definitively determine stability of antibody 
response to these epitopes was short (i.e. weeks). However, sustained SARS-CoV-2-
specific adaptive immune responses after COVID-19 infection, including anti-S 
neutralising IgGs with half-lives longer than 200 days have been documented elsewhere 
(K. W. Cohen et al., 2021). In publication IV, we showed that major antibody epitope 
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seroreactivities remained highly correlated between timepoint samples of breast cancer 
patients (average cosine similarity index 0.79 and Wilcoxon Rank Sum test, p < 0.0001) 
collected 4 to 9 years after tumour resection. These stable and sustained antibody 
response patterns act as an immune fingerprint, wherein the same individuals can be 
identified based on their serum antibody epitope repertoires even after years of 
exposure to different environmental and pathogenic agents (Dupic et al., 2021). In a 
case-study conducted over an 11-month time-period to study healthy immune repertoire 
fluctuations, B cell repertoires remained stable even after 2 episodes of naturally 
contracted rhinovirus infection (Mitsunaga & Snyder, 2020). 
 

Figure 7. Immunodominant antibody patterns remain stable across short-term (days to weeks) 
and long-term (years) timeframes. Cosine similarity index (CSI) values were calculated based on 
the similarity of top 1000 most frequently detected peptides in each sample from patients in cohorts 
from publication I, II and IV who had timepoint samples available (n=170 samples). Publication I - 
9 patients (7 patients had 2 timepoints, 1 patient has 3 timepoints and another 4 timepoint 
samples), Publication II - 6 patients (3 patients had 2 timepoints, 1 patient had 3 timepoints and 2 
patients had 4 timepoints), Publication IV - 63 patients (2 timepoints). CSI values are calculated in 
pairs between samples that come from distinctive patients (Different_patient) or from the same 
individual (Same_patient). Mean CSI values are statistically significantly lower for samples that 
come from distinct patients compared to samples that come from the same individual: Publication 
I – 0.013 vs 0.652 (p-value 3.17*10-11), Publication II – 0.151 vs 0.636 (p-value 1.43*10-9), 
Publication IV – 0.037 vs 0.755 (p-value 5.12*10-39). Wilcoxon Rank Sum test, FDR adjusted p-
values. 

In NSCLC patients receiving autologous dendritic cell immunotherapy, MelCancerVac® 
boosted antibody response to 15 specific epitopes of melanoma-associated antigens 
(Publication I). Although antibody response to majority of the 15 epitopes was patient-
specific (“private”), antibody response to 2 epitopes was similarly boosted in all patients 
(“public”) (Publication I). It has been documented that antibody response can be shaped 
by specific GRAB motifs in V gene segments, that predispose antibodies to recognise 
specific structural features, which creates “public” or shared immune responses between 
individuals (E. L. Shrock et al., 2023). Similarly, in SARS-CoV-2 infection a spectrum of 
public and private epitopes can be defined, wherein antibodies target common and 
patient-specific epitopes (E. Shrock et al., 2020). Analysis of most dominant peptide 
epitopes from longitudinal samples of the study cohort patients indicate that some 
shifting in dominant antibody responses occurred during different timepoints and that 
some patients shared more similar epitope-specific antibody response than others 
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(Figure 7). The composition of dominant epitopes in some patients shifted during disease 
progression, so that the longitudinal samples from the same individuals became 
dissimilar over time (CSI < 0.5, Same_patient, Figure 7), whereas some patients exhibited 
shared similar antibody reactivity to the same epitope mimicking peptides (CSI > 0.5, 
Different_patient, Figure 7). These analyses demonstrate that epitope-specific immune 
responses can be highly individual and heterogenous but also target same 
immunodominant sequences or structures. Delineation of these individual-specific 
patterns across different diseases, could help drive development of new pharmaceuticals 
and enable personalisation of treatment for each individual (Ng et al., 2025). 

Key insight: 

An individual’s antibody response pattern is stable across short 
(days to weeks) and long (years) timeframes and can be described 

as an immune fingerprint by which the same individuals can be 
identified even after years of repeated exposure to environmental 

and pathogenic antigens. 

6.3 Antibody response associated with autoantigen epitopes in 
immunotherapy 
Immunotherapy is a treatment option taking advantage of the body’s own immune 
system to combat disease, including cancer (Siddiqui et al., 2025). Cancer vaccines and 
immune checkpoint inhibitors (ICI) have shown promising results in the management of 
many cancers, however a large portion of patients show treatment resistance or 
immune-related adverse effects (Sharma et al., 2023) and therefore predicting treatment 
response could be beneficial to curb unwanted side-effects and treatment-resistance. 
Pre-existing autoreactive antibodies have been shown to be predictive of therapy 
response in cancer patients receiving ICI-s. For example, autoantibodies to interferon 
type I family proteins can predict ICI treatment responsive patients with odds ratios of 
2.1 to 6.7 (Dai et al., 2025). In publication I we examined melanoma cell-derived antibody 
response upon autologous dendritic cell vaccine administration in non-small cell lung 
cancer (NSCLC) patients (MelVac) and upon pembrolizumab (anti-PD-1) treatments in 
melanoma patients (PEM-Mel) to predict common antigenic targets. Through sequence 
similarity searches using IEDB reported data and protein primary sequences from Swiss-
Prot/UniProt we predicted 15 melanoma antigen-specific epitopes common to patients 
receiving immunotherapy (Publication I). In publication I we also show that top antibody 
response at peptide recognition level across immunotherapy-receiving melanoma 
patients was divergent. Upon vaccination, some individuals retained antibody response 
to specific dominant epitope motifs, in others antibody response to new epitopes 
prevailed (Publication I). This suggests that immunotherapy may have induced changes 
in dominant immune response, helped break immune tolerance and induce epitope 
spreading (Kellermann et al., 2024). Although, patients receiving different 
immunotherapy treatments had high reactivity to different epitopes of the same 
predicted target proteins, they still showed similarly increased response to melanoma-
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associated antigens when compared to controls (Publication I). For example, both PEM-
Mel and MelVac had significantly (Wilcoxon Rank Sum test, p<0.001) more antibodies 
detected against peptides mimicking known melanoma antigens CSPG4, PMEL and TGO1 
when compared to controls (Publication I). This may be explainable by the diversity of 
HLA genotypes, which generates heterogenous immunopeptidomes between individuals 
and influences the recognition of tumour antigens (Chowell et al., 2019). In publication I 
we also validated that the enhanced epitope-specific immune response was specific to 
melanoma derived-antigens and not unspecific cross-reactive proteins. This was 
supported by the observation that competition with melanoma cell lysate, wherein 
melanoma-specific proteins bind serum antibodies and therefore reduce antibody 
availability, led to reduced epitope-specific antibody responses (Wilcoxon Rank Sum test, 
p<0.05), but did not affect immune response targeting unrelated common herpesvirus 
antigens, such as those of Epstein-Barr virus (EBV) and cytomegalovirus (CMV) 
(Publication I). Given that the 15 predicted epitopes bioinformatically mapped to widely 
expressed antigens (including MAGE family proteins), the humoral response towards 
these antigens could mark excessive immune attack and damage to self-tissues as 
concluded by others from studies of ICI-based therapies of melanoma and NSCLC (de 
Moel et al., 2019; Gowen et al., 2018; Toi et al., 2019). Recruitment of cellular adaptive 
immunity mechanisms were confirmed by data from MelCancerVac® trial, where INFγ 
analysis demonstrated T cell-specific response correlating with vaccine-specific immunity 
and sustained stable disease (Engell-Noerregaard et al., 2013). These results suggest that 
MVA-predicted epitopes of intracellular antigens could indicate immunotherapy or 
cancer associated tumour cell death and could be useful to monitor immunotherapy 
treatment response. 

Key insight: 

Autologous cell therapy (MelCancerVac®) administered to non-
small cell lung cancer patients elicits patient-specific antibody 

responses that are linked to melanoma-associated tumour 
antigens. 

6.4 Immune memory and heterologous immunity of pathogens 
associate with disease 
In publications II-IV we studied antibody-mediated immune memory and heterologous 
immunity through specific pathogen-derived epitope-antibody relationships in cohorts 
of different chronic disorders, including cardiovascular disease and cancer.  

In publication II we explored the potential role of heterologous B cell immunity in 
SARS-CoV-2 infection using MVA-derived immunoprofiles of SARS-CoV-2 naïve 
individuals. Previously it has been shown that there are cross-reactive memory T cells 
(Mateus et al., 2020), and cross-reactive, but non-neutralising SARS-CoV-2 antibodies in 
pre-pandemic COVID-19 naïve individuals (Selva et al., 2021). Our study cohort consisted 
of 538 individuals with a diverse clinical background, including chronic cardiovascular, 
neuropsychiatric and metabolic disease (Table 2). Therefore, immune features derived 
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from this cohort were also associated with different comorbidities (Publication II). MVA 
derives immune features from E. coli M13-bacteriophage random 12-mer peptide library, 
where the target peptide epitopes are not associated with specific parent molecules and 
therefore, requires sequence similarity analyses to determine true original and 
potentially cross-reactive antigens. To predict SARS-CoV-2 Spike (S) epitopes with a 
potential to cross-react with antibodies in naïve individuals we used a bioinformatical 
approach where we scanned the primary sequence of S for matching amino acid 
consensus sequences with features from our disease-associated immunoprofiles with 
the criteria of at least 4 matching amino acid residues and evaluated the cross-reactive 
potential of each amino acid residue with a rolling window method (Publication II). We 
also generated a random reference profile where the features were shuffled to 
qualitatively assess alignment within local protein regions to evaluate statistical 
significance of alignment using simulated random alignments (Publication II). In the end, 
we predicted 15 epitopes on the S protein that are potentially cross-reactive with the 
different components of immune memory (Publication II). Similar to our findings, groups 
utilising random bacterial display (SERA), have characterised SARS-CoV-2 whole 
proteome epitopes in both SARS-CoV-2 naïve and COVID-19 patients using two 
complimentary methods – IMUNE and PIWAS (Haynes, Kamath, Bozekowski, et al., 
2021). Whereas our and IMUNE approach include reduction of 12-mer peptides to 
representative linear motif sequences and sequence similarity searches against a set of 
potential target proteins, PIWAS identifies candidate antigens by fragmenting 12-mer 
peptides into 5-6 amino acid k-mers and tiling them across protein sequences in a 
reference proteome (Haynes, Kamath, Waitz, et al., 2021). Regardless of approach, both 
MVA and SERA/IMUNE/PIWAS described SARS-CoV-2 S epitopes targeted by the naïve 
and COVID-19 patient populations, finding 3 partially overlapping IgG epitopes (S1.9, S2.2 
and S2.5) (Publication II) (Haynes, Kamath, Bozekowski, et al., 2021). In addition, epitope 
S2.5 overlaps with sequences reported as highly reactive in individuals with severe, mild 
and asymptomatic SARS-CoV-2 infection (Y. Li et al., 2020; Mishra et al., 2021). 
Furthermore, out of the 15 MVA predicted S epitopes, 7 partially overlapped with 
epitopes previously described for COVID-19 naïve individuals and some overlapped with 
epitopes where antibody response has been described in patients with different stages 
of COVID-19 disease (Publication II). We hypothesised that these immune patterns could 
influence future SARS-CoV-2 immune responses though immune imprinting or 
heterologous immunity mechanisms, potentially interfering with the generation of an 
effective SARS-CoV-2 neutralising response or providing some protection against the 
virus. It has been documented that immune imprinting on earlier SARS-CoV-2 strains 
hinders the generation of potent neutralising antibody response to new vaccines in 
people who have received prior vaccinations or have been infected with earlier strains 
of the virus (Tortorici et al., 2024; Wrynla et al., 2025). Conversely, pre-existing antibody 
response, possibly due to previous common human coronavirus (HCoV) infections, did 
confer some protection against earlier strains of SARS-CoV-2 infection (Nguyen et al., 
2024). We used BLAST+ (Basic Local Alignment Search Tool with command line 
application) (Camacho et al., 2009) and sequences from Swiss-Prot/UniProt database to 
show that this pre-existing and potentially SARS-CoV-2 Spike cross-reacting antibody 
response binds peptides that share sequence homology to common human viruses, 
including HCoVs, but also herpes-, papilloma- and respiratory viruses (Publication II). 
Sequence alignment with BLAST+ across human viral antigen reference database showed 
that MVA described peptides (i.e. epitope mimics) in sera samples of SARS-CoV-2 naïve 
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individuals frequently aligned to other HCoV proteins (Publication II). It has been 
documented that SARS-CoV-2 infection induces antibodies that are non-neutralising to 
SARS-CoV-2 and are derived from pre-existing memory B cells generated against other 
HcoVs (Anderson et al., 2021; E. Shrock et al., 2020). In addition, out of 15 MVA identified 
possibly cross-reactive epitopes on the Spike protein of SARS-CoV-2 virus, two (S1.8 and 
S2.2) showed sequence similarity to proteins of CMV and EBV (Publication II). Out of 199 
of the tested cohort samples, 83.4% were CMV seropositive compared to 95.9% (out of 
241 samples) that tested positive for anti-EBV antibodies (Publication II), suggesting that 
these epitopes may come from prior exposure to common herpesviruses. Notably, 
despite low sequence homology between CMV and SARS-CoV-2 it has been documented 
that CMV-specific T cells have been shown to cross-react with SARS-CoV-2 Spike protein 
(Pothast et al., 2022). 

In publication III we explored the potential role of heterologous B cell immunity in the 
development of cardiovascular diseases (CVD) by using MVA-derived immunoprofiles of 
myocardial infarction (MI) patients and healthy controls. MI is a serious cardiovascular 
event that is usually preceded by development of atherosclerotic lesions in the arteries 
(Hansson, 2005). It has been shown that B cells can have conflicting roles in 
atherosclerotic processes. In detail, innate-like B1 cells produce natural IgM antibodies 
that protect against atherosclerosis, whereas conventional antigen driven B2 cells can 
generate adaptive antibodies that may promote progression of atherosclerosis (Que et 
al., 2018; Sage et al., 2019). In addition, pathogenic burden and elevated antibodies 
against bacterial and viral pathogens in MI have been documented (Jung & Lee, 2022; 
Reunanen et al., 2002). Our discovery cohort consisted of 50 MI patients and 50 healthy 
controls (Table 2). Therefore, immune features derived from this cohort were associated 
with both health and disease (Publication III). Antibody response to one of the epitopes 
from this set of immunoprofile features presented as significantly more enriched in 
healthy individuals when compared to MI patients (Mann-Whitney U test, p-value 1.5e-

10) and the N-terminal epitope motif GI.D (glycine – isoleucine - any amino acid - aspartic 
acid) was predicted to be highly immunogenic (Publication III). To investigate the origin 
of this strong antibody response, we leveraged IEDB, Swiss-Prot/UniProt and BLAST+ and 
aligned GI.D-motif containing MVA-derived peptide epitopes to tiles of picornavirus 
antigens (Publication III). We determined that GI.D is a common motif found in viral 
protein 1 (VP1) sequences of picornaviruses, including enteroviruses like polio-, 
coxsackie- and vaccine-derived polioviruses (Publication III). VP1 protein and enterovirus 
RNA has been detected in heart tissue of CVD patients (Y. Li et al., 2000). Interestingly, 
increased serum antibody titres against coxsackie B1-5 viruses in patients following 
myocardial infarction has been documented before (Nikoskelainen et al., 1983). We 
concluded that the predicted cardiovascular health protective antibody response is likely 
derived from prior infections with enteroviruses or immunisations with poliovirus 
vaccines. In this context, immune memory and heterologous immunity may exert 
beneficial effects for health. 

In publication IV we explored the potential role of heterologous B cell immunity in the 
development of post-surgical neuropathic pain (CPSNP) in breast cancer patients by 
using MVA-derived immunoprofiles and public databases. We determined 9344 epitope 
sequences either enriched in CPSNP or non-CPSNP-specific immunoprofiles (Publication 
IV). We referred to the IEDB database and showed that 1882 of the 9344 CPSNP and non-
CPSNP-specific antibody responses target epitopes that map to specific antigens of 
common human pathogens including major herpesviruses like herpes simplex virus 1 
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(HSV-1) and 2 (HSV-2), EBV, CMV, enterovirus CVB3, human rhinovirus (HRV) and human 
papillomavirus 16 (HPV-16) (Publication IV). Serology analysis revealed that pathogen 
burden i.e. seropositivity of HSV-1, HSV-2, CMV and EBV, was proportionally higher in 
CPSNP group compared to non-CPSNP and that there were significantly more HSV2 
seropositive individuals in the group who developed neuropathic pain (48% in CPSNP 
versus 20% in non-CPSNP, Fisher’s exact test p value 0.027) (Publication IV). Infections 
can lead to chronic pain by causing direct nerve damage and by enhancing overall pain 
sensitivity and central sensitisation (S. P. Cohen et al., 2022). Previously it has been 
documented that HSV-1 can escape antiviral immunity and cause neuropathic pain 
through upregulating pro-inflammatory signals (E. Kong et al., 2024) and a rare unilateral 
pain syndrome with neuropathic pain features has been reported in association with 
recurrent HSV infections (Kallio-Laine et al., 2008). We showed that HSV-2 glycoprotein 
D (gD) epitope-mimicking peptide reactive antibodies were significantly more abundant 
in seropositive CPSNP patients (Wilcoxon Rank Sum test, FDR-adjusted p-value < 0.01) 
and experimental validation analyses confirmed that seropositivity to HSV-2 gD protein-
derived peptides was significantly higher in CPSNP compared to controls (Wilcoxon Rank 
Sum test, FDR-adjusted p-value < 0.05) (Publication IV). We concluded that the 
bioinformatically defined epitope of HSV-2 glycoprotein D represents a genuine antibody 
target in HSV-2 seropositive samples (Publication IV). Case studies, describing HSV-2-
associated pain, tingling, numbness and other abnormal sensations in the legs, feet and 
lower torso have been published (Ooi & Zawar, 2011; Shields & Alsorogi, 2019), however 
the mechanisms by which HSV-2 may contribute to the development of CPSNP remain 
unclear. Further research is required to clarify the role of human herpesviruses in the 
pathophysiology of neuropathic pain. 

Key insight: 

SARS-CoV-2 naïve individuals harbour potentially cross-reactive 
antibody signatures derived from pre-existing immunity against 
common human viruses, that could interfere with the generation 

of a broad and neutralising SARS-CoV-2 immune response. 

6.5 Epitope-specific antibody response as biomarkers of disease and 
guidelines for therapy 
Epitope-specific antibody response patterns have been proposed as biomarkers in 
human disease and numerous studies have been conducted to discover candidates. For 
example, SERA identified epitopes preferentially targeted by antibodies in celiac disease 
(Pantazes et al., 2016) and MVA has delineated antibody response patterns predicting 
optic neuritis progression to multiple sclerosis (Sadam et al., 2021). In publication III, we 
showed that antibody response to an epitope on enteroviral (EV) antigens may be used 
to predict risk of developing cardiovascular diseases (CVD) like myocardial infarction 
(MI), coronary artery disease and acute coronary syndrome. Antibody response to GI.D 
motif-encompassing peptides was 36% and 24% lower in men and women with a CVD 
diagnosis (Publication III). Development of atherosclerosis has been shown to be 
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promoted by enterovirus coxsackievirus B (CV-B) infections in animal models (Ilbäck et 
al., 1990) and the presence of EVs in atherosclerotic plaque has previously been 
documented (Musher et al., 2019). Of note, antibody response to this potentially 
protective GI.D epitope was dependent on vaccine type, with oral poliovirus-vaccine 
(OPV) showing increased antibody reactivity in both men and women (34% and 29 % 
respectively) compared to an intravenous (IPV) vaccine (Publication III). The differences 
between these two vaccines, including binding agents and antigen diversity, amount to 
differences in antibody response, that may serve as a guideline to the development of 
biomarkers, the design of vaccines and therapies targeting cardiovascular disease and 
MI. 

Combining multiple epitope-specific antibody responses into a multivariate model 
may outperform the single epitope biomarkers by providing broader biological context 
(Rosado et al., 2021) and could increase test generalisability by accommodating 
heterogenous antibody responses across individuals (Jia et al., 2022). Here, we aimed to 
describe multiplex-epitope-specific immune patterns in different disease backgrounds 
and in immunotherapy. In publication I we demonstrated that a combination of antibody 
response to 3 epitopes with sequence similarity to melanoma-associated antigens can 
differentiate and could act as a biomarker of melanoma-associated immunity elicited by 
immunotherapies with 91% sensitivity and 100% specificity. Similarly, logistic regression 
model including autoantibody signatures against 6 tumour-associated antigens has 
shown good performance (AUC 0.841, sensitivity 76.6% and specificity 72.34%) in 
predicting diagnosis and differentiating different stages of gastric cancer from healthy 
controls (S. Wang et al., 2018). In addition, an autoantibody panel of 7 cancer-associated 
proteins showed good performance in detecting squamous cell carcinomas, where at 
least 76% of studied patients had autoantibody reactivity to at least 1 antigen in the panel 
(Chapman et al., 2008). Furthermore, in publication II we explored the association of 
predicted SARS-CoV-2 Spike antibody response patterns as biomarkers of ill health. 
Clinical characteristics like obesity, older age, diabetes, levels of C-reactive protein (CRP) 
and others each confer additional risk to developing severe COVID-19 upon SARS-CoV-2 
infection (Laires et al., 2021; Rosa et al., 2025). Machine learning models combining the 
most impactful clinical characteristics have been made to transcend the description of 
individual pathologic conditions and to predict overall risk of severe COVID-19 with high 
accuracy (AUC 0.9) (Ozawa et al., 2025). We aimed to add description of individual 
antibody response to evaluate risk conferred by immune history. We showed that 
individuals with an acute or chronic disease background had significantly higher 
prevalence of predicted SARS-CoV-2 S pre-existing immunity than controls (χ2 test, 
p < 0.00019) (Publication II). A combined logistic regression model of antibody responses 
to 3 epitopes with sequence similarity to SARS-CoV-2 Spike protein differentiated 
patients with acute and chronic conditions (including cardiovascular disease, breast 
cancer, multiple sclerosis, type 2 diabetes and neuropsychiatric disorders) with 71% 
sensitivity and 68% specificity. Some of these epitopes were associated with specific 
clinical phenotypes, i.e. antibody response to peptides-mimicking Spike epitope “S18” 
was associated with hypertension (Publication II). We concluded that this model could 
be used to predict pre-existing risk of developing aggravated immunopathology upon 
exposure to SARS-CoV-2 and that it supplements other clinical biomarkers described for 
severe COVID-19. 

In publication IV we explored the role of pre-existing antibody response in 
development of post-surgical neuropathic pain (CPSNP) in breast cancer patients. 
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Previously it has been shown that inflammatory markers, like high sensitivity CRP and 
orosomucoid protein are found in higher abundance in CPSNP patients relative to 
controls (Mustonen et al., 2019). High levels of pro-inflammatory cytokines in the 
cerebrospinal fluid of neuropathic pain patients has also been reported (Bäckryd et al., 
2017). The development of neuropathic pain has also been associated with common 
human virus infections – neuropathic pain affects about 50% of people aged over 70 
following herpesvirus infection (Watson, 2010) and 25% of people following COVID-19 
(Herrero-Montes et al., 2022). We explored the pathogen-derived antibody load of 
breast cancer patients in both pre- and post-surgical timepoints and found that a 
combination test measuring antibody response to peptides mimicking specific epitopes 
of CVB-3, EBV, CMV, HPV-16 and HSV-2 predict the probability of CPSNP occurrence in 
breast cancer patients with 84.6% accuracy (Publication IV). The test was validated with 
an independent control cohort of Finnish women, confirming that the observed ROC 
performance was not cohort-specific, but generalisable to others as well (AUC 0.806) 
(Publication IV). Together, these findings establish epitope-resolved antibody profiling 
as a powerful framework for identifying predictive and diagnostic biomarkers spanning 
infection, chronic disease, and immune-mediated conditions. 

Key insights: 

1. Pre-existing epitope-specific antibody response to poliovirus VP1 
antigen, potentially derived from naïve infections or previous 

vaccinations, is associated with lower risk of developing 
cardiovascular disease, including myocardial infarction. 

2. Epitope-specific antibody response generated against antigens 
of common human viral pathogens (including herpesviruses, 

rhinovirus and human papillomavirus) can predict the 
development of post-surgical neuropathic pain in breast cancer 

patients. 
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7 Conclusion 
In this thesis, next-generation phage display mimotope variation analysis was applied to 
explore the antibody response patterns elicited across health, chronic disease, 
infections, and immunotherapy. By integrating high-throughput experimental profiling 
with computational antigen annotation, we mapped disease-associated antibody 
epitopes, characterised differences between health and disease, evaluated their clinical 
predictive potential, and demonstrated the translational value of epitope-resolved 
immune profiling. 

Based on analysis of 938 individuals and 1068 samples representing diverse disease 
backgrounds, the following conclusions were drawn: 

1. MVA next-generation phage display profiling method enables prediction and 
systematic mapping of disease-associated epitope-specific antibody signatures 
across cancer, viral exposure, cardiovascular risk, and neuropathic pain cohorts, 
supporting large-scale immune biomarker discovery. 

2. Epitope-resolved antibody repertoires differ between healthy and diseased 
populations but remain individually stable over time, reflecting the influence of 
immune history and heterologous immunity. 

3. Epitope-specific antibody responses correlate with immunotherapy engagement, 
cardiovascular disease risk modulation, and susceptibility to post-surgical 
neuropathic pain, supporting their potential as predictive biomarkers of clinical 
outcome. 

4. Integration of MVA method with computational antigen profiling enables scalable 
epitope annotation and identification of candidate antigens, supporting 
personalised diagnostics and therapies. 
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Abstract 
 

Epitope-level Antibody Profiling for the Development of 
Diagnostics and Therapeutics Using Next Generation Phage 
Display 

 
Immune system protects the organism from pathogens, environmental allergens and 
even pathological cellular processes that might lead to cancer. Previous antigenic 
exposure can shape the immune response to unrelated antigens of microbial or self-
protein origin. Cross-reactive immune memory both decodes disease-associated 
immune patterns and confers protection from new pathogens and diseases. In this thesis 
mimotope variation analysis, a high throughput phage display technology, was used to 
investigate the antibody response patterns elicited in response to personalised 
immunotherapy treatments, the role of heterologous immunity via antibody reactivities 
in different disease backgrounds and described antibody response patterns 
characteristic of different chronic and infectious diseases that could potentially be used 
as predictive or diagnostic biomarkers for health and disease. Based on a combined study 
cohort of 938 individuals, we showed that epitope-specific antibody patterns differ 
between healthy and diseased populations but remain individually stable over time and 
reflect the influence of immune history and heterologous immunity. Furthermore, 
epitope-specific and individualistic antibody responses harboured markers reflecting 
immunotherapy responses, cardiovascular disease risk and susceptibility to post-surgical 
neuropathic pain. Overall, integration of high-throughput epitope-specific antibody 
response profiling with computational antigen-mapping methods across diverse disease 
cohorts as large-scale immune biomarker discovery, supports advances in the 
development of personalised diagnostics and therapies. 
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Lühikokkuvõte 
 

Antikehaepitoopide kaardistamine diagnostika ja teraapia 
arenduseks järgmise põlvkonna faagikuvamise meetodiga 
 
Inimese immuunsüsteemil on oluline roll organismi kaitsmisel seda potentsiaalselt 
kahjustavate tegurite eest, mille hulka kuuluvad muuhulgas erinevad haigustekitajad (sh 
viirused, bakterid), keskkonna allergeenid ja isegi halvaloomulised rakulised protsessid, 
mis võivad viia vähkkasvajate tekkeni. Iga kokkupuude eelmainitud teguritega vermib 
immuunreaktsiooni, mis võib hiljem rist-reaktiivsuse protsessi käigus ära tunda sarnase 
molekulaarse mustriga mikroobset või inimvalgulist päritolu antigeeni. Rist-reaktiivsed 
immuunmälu komponendid peidavad endas haigusseoselisi immuun-mustreid ja aitavad 
kaitsta uute haigustekitajate ja haiguste tekke eest.  

Käesolevas töös kasutati suure läbilaskvusega faagi-kuvamis-tehnoloogiat nimega 
mimotoop variatsioon analüüsi (MVA) kirjeldamaks spetsiifilisi antikehaepitoopide 
mustreid personaliseeritud immuunteraapiat saanud vähipatsientides, uurimaks 
heteroloogse immuunsuse rolli erinevates nakkus- ja kroonilistes haigustes ning 
kirjeldamaks haigusspetsiifilisi antikehaepitoopide immuunreaktsioone, mis oleksid 
kasutatavad potentsiaalsete biomarkeritena. Selle töö ühendatud uuringukohorti kuulus 
938 erinevat inimest (kokku 1068 prooviga) ning töö peamised tulemused on järgnevad: 

 
1. MVA järgmise põlvkonna profileerimismeetod võimaldab süstemaatiliselt 

kaardistada haigusseoselisi antikehaepitoopide immuunmustreid ning toetab 
sellega immuunbiomarkerite avastamist. 

2. Epitoobi-spetsiifilised antikehamustrid erinevad tervete ja haigete 
populatsioonide vahel, kuid püsivad üksikisiku tasandil ajas stabiilsed ning 
peegeldavad sellega immuunmälu ja heteroloogse immuunsuse mõju. 

3. Spetsiifilised antikehaepitoop-mustrid on seotud immuunteraapia eduka 
toimimisega, südame- ja veresoonkonna haiguste ning operatsioonijärgse 
neuropaatilise valu tekkeriskiga, ning  esindavad seega võimalikke biomarkereid. 

4. MVA koos arvutuslike antigeeni profileerimiskatsetega võimaldab suures mahus 
epitoopide annoteerimist ja kandidaat-antigeenide identifitseerimist, mis 
omakorda toetab personaliseeritud diagnostikameetodite ja teraapiate 
väljatöötamist. 
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Abstract

Background: Immunotherapies, including cancer vaccines and immune checkpoint inhibitors

have transformed the management of many cancers. However, a large number of patients

show resistance to these immunotherapies and current research has provided limited find-

ings for predicting response to precision immunotherapy treatments.

Methods: Here, we applied the next generation phage display mimotope variation analysis

(MVA) to profile antibody response and dissect the role of humoral immunity in targeted

cancer therapies, namely anti-tumor dendritic cell vaccine (MelCancerVac®) and immu-

notherapy with anti-PD-1 monoclonal antibodies (pembrolizumab).

Results: Analysis of the antibody immune response led to the characterization of epitopes

that were linked to melanoma-associated and cancer-testis antigens (CTA) whose antibody

response was induced upon MelCancerVac® treatments of lung cancer. Several of these

epitopes aligned to antigens with strong immune response in patients with unresectable

metastatic melanoma receiving anti-PD-1 therapy.

Conclusions: This study provides insights into the differences and similarities in tumor-

specific immunogenicity related to targeted immune treatments. The antibody epitopes as

biomarkers reflect melanoma-associated features of immune response, and also provide

insights into the molecular pathways contributing to the pathogenesis of cancer. Concluding,

antibody epitope response can be useful in predicting anti-cancer immunity elicited by

immunotherapy.
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Plain language summary
Immunotherapy treatments, which

utilize the patient’s own immune

system to fight cancer, have become

a standard treatment of cancer.

However, for many patients’ immu-

notherapy does not work. During the

immune response the body produces

proteins called antibodies. This study

characterized the antibodies pro-

duced following treatment with two

different types of immunotherapies

that treat skin cancer, to gain insights

into how the immune system

responds in different individuals. Our

results demonstrate that multiple

proteins that are present in patients

with skin cancer are specifically tar-

geted by the immune system during

skin cancer specific immunotherapy.

Our results should help further anti-

cancer drug development.
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Knowledge of the immunosuppressive tumor micro-
environment has markedly improved within the last dec-
ade (reviewed in ref. 1). To achieve immunogenicity, tumor

cells must express antigens capable of eliciting immune activa-
tion. The identification of applicable tumor antigens is indis-
pensable for the development of effective cancer immunotherapy.
Most known tumor antigens are considered canonical if derived
from protein-coding regions in contrast to noncanonical antigens
that include sequences outside protein-coding regions or that are
generated by antigen-processing2. Melanoma cells are considered
highly immunogenic with well-described tumor-associated anti-
gens (TAAs)3, including cancer-testis antigens (CTAs)4 and neo-
antigens carrying novel epitopes of self-antigens5. Some well-
known examples include carcinoembryonic antigen (CEA), B
melanoma antigen 1 (BAGE), G antigens (GAGEs), cancer/testis
antigen 1 (CTAG1; also known as NY-ESO1), and melanoma-
associated antigens (MAGEs) (Rev in ref. 6). The antigenic
repertoire is a critical factor for immunosurveillance and cancer
progression7. However, most studies have focused on the role of
T cells in these battles8, while considerably less is known about B
cell response9. Humoral response against cross-reactive auto-
antigens has been detected in different cancers10. A burst of
recent publications is pointing to the role of antibodies con-
tributing to tumor control11 as cancer-associated autoimmunity
targeting non-malignant tissues may reflect favorable disease
outcome12. On the other hand, the reasons underlying the
immunogenicity of the tumor, or the lack of it, are not well
understood13. The antitumor immunity can result from many
factors including MHC genetic variation, tumor mutational load,
tissue microenvironment13, but also by cell stress, reactivation of
embryonic or gonadal transcription, epigenetic instability, aber-
rant RNA splicing, and others14,15. For example, it is argued that
the capture of either apoptotic or necrotic cancer cells by mac-
rophages and dendritic cells in the tumor microenvironment may
lead to immune suppression or stimulate inflammatory pathways
contributing to antitumor cytotoxicity16.

Discoveries in cancer biology have led to new strategies in
awakening tumor immunogenicity, including checkpoint block-
ade, adoptive cellular therapy, and cancer vaccines, underscoring
the role of the immune system in waging the war on cancer tissue.
Among these are monoclonal antibodies that target cancer
immune checkpoint inhibitors (ICIs) including anti-CTLA-4,
anti-PD-1, and anti-PD-L1/2 antibodies that are able to restore
anticancer immunity and are widely used for the management of
various cancers, including melanoma17. Immunogenicity of CTAs
has led to the use of melanoma-associated antigens as promising
candidates for novel cancer treatments18,19. In addition to
monoclonal antibodies, cancer vaccines, in particular those based
on dendritic cells (DCs) as vectors for antigen delivery, are a
major focus of current developments20. To date, personalized
neoantigen-based DC vaccines are evolving and have shown
clinical success in melanoma and other solid tumors21.

Biomarkers associated with clinical prognosis of the cancer
and/or severe immune-related adverse effects (irAEs) of the drugs
are areas of active investigation. Different biomarkers have been
tackled with variable success, such as levels of PD-L122, genetic
mutations23, inflammatory cytokines24, and the presence of
tumor-infiltrating lymphocytes (reviewed in ref. 25). Tumor
infiltrating B lymphocytes contribute to anti-tumor immunity by
promoting antibody response to tumor antigens26,27. High titer
antibodies against melanoma differentiation antigens (TRP1/
TYRP1, TRP2/TYRP2, gp100, MelanA/MART1) were observed
in responder group of melanoma patients treated with ICI mAbs
(monotherapies with Nivolumab, Pembrolizumab or Ipilimumab,
or the combination of Nivolumab and Ipilimumab)28,29. How-
ever, pre-treatment autoantibody profiles in melanoma patients

were reported to predict ICI treatment-associated toxicity30.
Connectedly, DC vaccines also stimulate robust antibody
response31–33 and in some cases, this is associated with prolonged
recurrence-free survival32. Despite big hopes, clinical benefit of
immunotherapies has remained limited only to a subset of
patients34,35 and it is currently undetermined whether increase or
decrease in immune response to specific tumor antigens is ben-
eficial to the patient36,37.

Here, we explore the use of a high precision approach called
mimotope variation analysis (MVA), a next generation random
peptide phage display method to delineate cancer therapy-associated
antibody immune response at epitope resolution. We hypothesize
that the pre-existing and treatment-induced antibodies against spe-
cific antigen targets could reflect the response elicited by anti-tumor
drug and that this response could be predictive of cancer immu-
nogenicity and thus, sensitivity to immune therapy. We generate
data to test this hypothesis by immunoprofiling analysis of the anti-
melanoma antibody response in the sera samples from the phase II
clinical trial of patients with non-small cell lung cancer (NSCLC)
receiving autologous DC therapy based on allogenic melanoma cell
lysate (MelCancerVac®)38,39. We correlate the findings on
melanoma-specific antigen profiles with those from a group of
patients with unresectable metastatic melanoma receiving anti-PD1
(pembrolizumab) treatment as a part of their standard-of-care. We
verify the melanoma-antigen specificity using MVA-based compe-
tition, and further determine a three-epitope biomarker signature of
melanoma-specific antibody response elicited by both immu-
notherapies. Our results demonstrate the relevance of antibody
epitope profiling to better understand the fine line separating ben-
eficial immunosurveillance from harmful autoimmunity in the
anticancer immune response elicited by different types of therapy.

Methods
Study population. The present study analyzed samples from a
total of 119 individuals from 2 different clinical cohorts of
NSCLC and melanoma patients and their appropriate controls,
whose clinical characteristics are shown in Table 1 and Supple-
mentary Table 1. The study was conducted in accordance with
the guiding principles of the Declaration of Helsinki and the
study participants gave informed consent before enrollment.

The NSCLC patient cohort (n= 24) included longitudinal
study of patients diagnosed with advanced NSCLC, who
participated in the phase II clinical trial evaluating the
effectiveness of MelCancerVac® vaccine38,39 (Supplementary
Table 2). The clinical trial, completed at the time of this study,
was designed and carried out by Dandrit Biotech A/S and
approved by European Medicines Agency (https://www.
clinicaltrialsregister.eu/ctr-search/trial/2006-002202-54/DK). Out
of the 24 study participants, 6 NSCLC patients donated blood
samples before vaccination (group: MelVac-CTRL) and after
receiving MelCancerVac® (group: MelVac), while 18 NSCLC
patients had not received any doses of the vaccine at the time of
sample donation (group: NSCLC).

The melanoma group comprised of patients with unresectable
and metastatic melanoma (n= 5, ICD-10: C43; group: PEM-Mel),
who received KEYTRUDA® (anti-PD-1 monoclonal antibody
pembrolizumab, Schering-Plough Labo NV) immunotherapy as a
part of standard-of-care. Serum samples of melanoma patients
were collected 3 weeks after the first immunotherapy treatment,
when patients came to receive the second dose (European
Medicines Agency guidelines for KEYTRUDA therapy) and were
provided by EGeen International (Mountain View CA, USA;
ethical permit: 236/T-5).

Control groups included subjects with no history of cancer
(n= 10, group: CTRL-NSCLC), with approvals for recruitment to
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the study from the Ethics Committee of the University Hospital
of Liège (permit: 2018/77), and healthy blood donors (n= 80,
ICD-10: Z52.0; group: CTRL-Mel) from the Blood Center of
North Estonia Medical Center with the approval of the Ethics
Review Committee on Human Research of the National Institute
for Health Development, Estonia (permit: 1045).

Mimotope variation analysis (MVA). MVA, the next generation
phage display method was used to determine individual immu-
noprofiles reflecting antibody repertoires for the study
cohort40,41. Two μl of serum or plasma, previously precleared to
plastic and E. coli/wt M13 phage particles, was incubated with
5 μl of phage library (~5 × 1011 phage particles, derivative of
Ph.D.-12, NEB, UK) overnight at +4 °C. The human immu-
noglobulin G (IgG)-captured phages were pulled down by protein
G-coated magnetic beads (NEB, S1506S). IgG-bound phage DNA
was extracted and samples were barcoded and sequences ampli-
fied by PCR. Pooled samples were analyzed by Illumina
sequencing (50 bp single end read, Brigham Young University
DNA Sequencing Center, Utah, USA).

MVA with DDM-1.7 cell line lysate competition. MelCancer-
Vac® (DanDrit Biotech, Denmark/Enochian Biosciences, USA) is
a therapeutic cellular vaccine based on autologous dendritic cells
pulsed with the lysate of allogeneic melanoma cells (DDM-1.7)
expressing several tumor antigens, including melanoma-
associated antigens42. In MVA competition assay, freshly pro-
duced lysate from DDM-1.7 melanoma cells (Cellin Technologies,
Estonia) was used to pre-block the study samples before MVA
assay. Briefly, 30 μl of cell lysate (3 mg/ml) was incubated with
2 μl of serum or plasma before overnight incubation with the
phage library and MVA was conducted as described.

Data analysis and peptide antigen clustering. Data were pro-
cessed with peptide data sets cleaned of sequencing errors and
known artefacts, and counts normalized to 3 million reads40,41.
Final dataset of 12-mer peptides consisted on average of
3.26 × 106 peptide sequences (5.8 × 105 unique) per sample, with
a combined total of ~4.2 × 108 peptide sequences. SPEXS2
exhaustive pattern search algorithm40,41 was used to group
similar peptides and reveal enriched recognition patterns (epi-
topes) in the studied peptide sets (Supplementary Fig. 1a). Each
sample was analyzed separately for identification of sample-
specific epitopes that had ≥4 fixed amino acid positions. For data
analysis of MelVac samples, the identification of epitopes was
performed in a discriminative manner, where peptide sets from
MelVac-CTRL and MelVac samples of the same patient were
compared to each other. Epitopes that represented peptides that
were at least 2-fold more enriched in the query sample (MelVac)
as compared to paired sample peptide set (MelVac-CTRL) and
with a hypergeometric p-value < 1 × 10−8 were selected for fur-
ther analysis. For melanoma cohort (n= 5, PEM-Mel) the iden-
tification of epitopes was performed as non-discriminatory, where
patient-specific epitopes were identified in comparison to a
random-generated peptide set. Epitopes that represented peptides
that were 10-fold more enriched in the query (PEM-Mel) than
randomly generated reference peptide set and had a hypergeo-
metric p-value < 1 × 10−8, were selected for further analysis.
Altogether 54,055 core epitopes for melanoma and 18,021 epi-
topes for MelVac groups were selected, representing a dataset of
melanoma-specific antibody immune response. In addition,
pairwise comparison of MelVac-CTRL and MelVac sample
datasets generated 17,690 pre-treatment-specific core epitopes.T
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Sequence alignment. The set of melanoma-associated antigens
used in sequence alignment were chosen from Weinert et al.,
2009 data describing genes expressed in the DDM-1.7 melanoma
cells42 (Supplementary Fig. 1b). Sequences of the epitopes of the
antigens were downloaded from Immune Epitope Database
(IEDB43, date accessed: 24.09.2020, www.iedb.org). Altogether,
the IEDB database contained 2234 epitopes of 102 proteins
expressed in the melanoma cell lysate DDM-1.742. All antigen
alignments were conducted using custom Excel VBA scripts.

For sequence similarity analysis, 2234 linear IEDB epitopes
were exactly aligned with 54,055 melanoma and 18,021
vaccination-specific epitopes generated with SPEXS2. Thirty-five
database entries (altogether 34 unique proteins) with sequence
identity to at least 1 epitope from both melanoma and
vaccination-specific epitope sets were recruited for further
antigen-specific analysis. Primary protein sequences were down-
loaded from UniProtKB database44 using accession codes
matching IEDB epitope entry names (date accessed: 09.10.2020,
www.uniprot.org). These 35 protein sequences were aligned with
54,055 melanoma, 18,021 vaccination-specific, and 17,690 pre-
vaccination-specific epitopes, with the criteria that every fixed
amino acid from SPEXS2-determined epitopes was to match with
the protein sequence. Out of these, altogether 8562 epitopes
aligned to sequences of 35 melanoma-associated antigens.

ELISA. Human cytomegalovirus (CMV) and Epstein-Barr virus
(EBV) serostatuses were measured from blood samples with ISO-
17025 accredited methods. In brief, serological analyses were
performed with anti-CMV ELISA (IgG) method (EUROIMMUN
EI 2570–9601G) and with anti-EBV-CA ELISA (IgG) method
(EUROIMMUN EI 2791–9601G) according to the manu-
facturer’s specifications. Absorbance was measured at 450 nm
with SpectraMax Paradigm (Molecular Devices). For CMV ser-
ology, 41 samples tested positive, 13 negative and 2 samples were
borderline and therefore excluded from further correlation ana-
lyses. For EBV serology, all measured samples were conclusive: 35
tested positive, 3 samples were negative.

Statistics and reproducibility. The study included 119 inde-
pendent study subjects. Samples donated at different time points
were considered as paired samples of the individual (n= 130).
Technical replicates are defined as the same sample profiled in
independent MVA experiments. No randomization or blinding to
sample characteristics was conducted, samples were divided into
groups based on clinically relevant diagnoses. Group-wise com-
parisons of median values were visualized using violin- or box-
plots with individual data points, and statistical significance
is shown where applicable. To evaluate the reproducibility of
MVA data, the values of peptide abundance in two technical
replicates were compared using Pearson’s correlation coefficient
analysis (R package “ggpubr”) and the correlation value between
replicates was established as R= 0.95 (P < 0.0001). Other samples
were not measured repeatedly.

Statistical analysis. Statistical analyses were conducted with R
statistical programming language v.4.0.4 and RStudio environ-
ment v.1.4.110645,46. Data were analyzed, graphs were produced
and visualized using R packages “reshape2”, “tidyverse”, “pre-
crec”, “ggpubr”, “ggsci”, “scales”, “patchwork”, “egg”, “ggalt” 2021
versions45–58.

Cosine similarity indices (CSIs) for sample comparisons based
on top 2500 peptide abundance values and composition were
calculated with the cosine function in R package “lsa”59.

Top 50 immunodominant characteristics were defined from
group-specific epitopes generated in SPEXS2 analysis. For post-

(Vac, n= 6) or pre- (Pre, n= 6) vaccination samples the
abundance of group-specific epitopes (18,021 for Vac and
17,690 for Pre, respectively) were calculated as the number of
IgG-bound peptides containing the epitope sequence in the
sample. The 50 epitopes with the highest abundance values were
selected for analysis. Z-scores for the comparison of antibody
response to top 50 immunodominant characteristics were
calculated individually for each patient. First, the mean of top
epitope abundance values across both Pre and Vac samples was
calculated, then the mean was subtracted from the value of each
epitope (mean centered) and the result divided by the standard
deviation (autoscaled). For graphical presentation the values are
capped off at the 97.5th percentile value of each patient.

Boxplots were generated using the style of Tukey with R
packages “ggpubr” or “ggplot2”47,48. In figures the upper, middle
and lower boxplot lines represent the 75th, 50th, and 25th
percentiles, while whiskers represent the largest or smallest value
within 1.5 times interquartile range above the 75th percentile or
below the 25th percentile, respectively. The p-values of two-sided
Wilcoxon Rank Sum test were visualized with “ggpubr” or
“ggplot2” packages47,48.

Wilcoxon Rank Sum test (with continuity correction, base R
“stats” package46) was used to assess the group-differentiating
features of 8562 unique epitopes aligning to melanoma-associated
antigens, while custom Excel VBA script was used to determine
the sensitivity and specificity while maximizing Youden’s index
for each biomarker. MedCalc® Statistical Software (v.19.7.2, www.
medcalc.org; 2021) was used to conduct logistic regression and
ROC analysis of 15 epitopes as a combinational test.

Reporting summary. Further information on research design is
available in the Nature Research Reporting Summary linked to
this article.

Results
Highly individual patterns of top antibody response are elicited
by immune therapy. To characterize immunotherapy-specific
antibody repertoires and dissect the role of the immune system in
biological therapies, our analysis included two different immu-
notherapy cohorts and controls comprising 119 individuals (Table 1
and Supplementary Table 1). First, sera samples of NSCLC patients
from the phase II clinical trial receiving autologous DC vaccine
MelCancerVac® (Supplementary Table 2) and second, sera samples
of melanoma patients receiving monoclonal anti-PD-1 antibody
pembrolizumab as part of their standard care. To characterize the
most prevalent antibody immune response in our study cohort, we
used mimotope variation analysis (Supplementary Fig. 1)40,41.
Briefly, individual blood samples were incubated with M13 phage-
displayed 12-mer peptide library to capture individual-specific IgG
antibody repertoires and high-throughput sequencing was used to
uncover captured peptides. Cosine similarity index (CSI), a measure
of similarity between the samples, was calculated to compare the
top antibody response by analysis of seroresponse to 2500 peptides
with the highest antibody reactivity in cohort samples (n= 130,
Table 1). Analysis showed that different individuals with the same
disease and immunotherapy background presented remarkable
differences in the composition and magnitude of the dominant
antibody response to different peptide antigens (CSI < 0.3, Supple-
mentary Fig. 2a, Supplementary Data 1). The dominant antibody
response to peptide antigens within groups of MelVac and MelVac-
CTRL, PEM-Mel and CTRL-Mel was highly dissimilar (CSI < 0.4,
Fig. 1a). However, longitudinal samples from the same individual
showed similar IgG response to the top antigens (Supplementary
Fig. 2b). For example, clear similarity in the top immunoprofile
features of a patient denoted as MelVac1, who received 35 different
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vaccinations of MelCancerVac® and showed stable disease over
a 2-year period, was evident irrespective of the vaccination
stage (CSI > 0.5, Fig. 1b). Overall, the antibody response pro-
files from the paired MelVac and MelVac-CTRL samples
shared more similar features with each other than with
unpaired NSCLC samples (Fig. 1c, Wilcoxon Rank Sum test,
p < 0.0001, Supplementary Fig. 2b). Of note, the similarity to
melanoma patients in the top 2500 peptide composition of
NSCLC patients did not increase significantly upon vaccina-
tion with MelCancerVac® (Wilcoxon Rank Sum test, p > 0.05,
Supplementary Fig. 2c). Next, to delineate epitopes char-
acteristic to MelVac group we used SPEXS2 exhaustive pattern
search algorithm (Supplementary Fig. 1a). Comparison of
seroresponse values to the top 50 most targeted epitopes in
both pre- and post-vaccination samples of the same patient
revealed common antigenic features present in both conditions
(Fig. 2 and Supplementary Data 2). However, we also observed
that seroresponse to the top 50 antigens changed upon Mel-
CancerVac® vaccination, although these changes were largely
individual-specific (Fig. 2). Specifically, some patients main-
tained antibody reactivity to majority of epitopes upon vacci-
nation (MelVac2, MelVac4–6), whereas the top response
epitopes in others changed (MelVac1, MelVac3, Fig. 2).
Overall, our data showed that even though intra-individual
cancer immunoprofiles were more similar than inter-
individual ones, the antibody immune response in NSCLC
cohort was dynamic upon MelCancerVac® vaccination with
changes both in the composition and abundance to immuno-
dominant antigens.

Immune reactivity targets epitopes of melanoma antigens. We
hypothesized that dendritic cell vaccine therapy based on mela-
noma cell lysate could elicit melanoma-antigen-specific antibody

Fig. 1 Top antibody response is individual-specific. a–c The top antibody response was analyzed using cosine similarity indices (CSI) by comparing the
composition and abundance values of the 2500 most IgG-bound peptides in each sample to that of the rest of the cohort in pairs (Supplementary Data 1).
CSI values (range from 0 to 1, y-axis) between samples belonging to the indicated groups (x-axis) are depicted. Numbers above boxplots indicate the
number of comparison pairs shown as dots. Comparisons of samples to themselves (CSI= 1) are not depicted. Comparisons between different individuals
are indicated with circles while, comparison of the samples of the same patient are indicated with triangles. a Pairwise comparison between study groups
and their matched controls. PEM-Mel – melanoma patients receiving pembrolizumab treatment (n= 5); CTRL-Mel – healthy controls for melanoma group
(n= 80); MelVac – NSCLC patients who received MelCancerVac® vaccine (n= 6); MelVac-CTRL – paired samples of MelVac group taken before
vaccination (n= 6); NSCLC – non-small cell lung cancer patients (n= 18); CTRL-NSCLC – non-cancer controls for NSCLC group (n= 10). b Pairwise
comparisons of the 4 longitudinal samples of one NSCLC patient, who received 35 doses of MelCancerVac® and remained with stable disease
(Supplementary Table 2), to the 4 samples themselves (MelVac1 vs MelVac1) and to the rest of the study cohort (n= 126 samples, MelVac1 vs Cohort).
c Pairwise comparisons of pre- and post-vaccination immunoprofiles of vaccinated NSCLC patients (n= 6). MelVac Paired – comparison of pre- and post-
vaccination samples of the same patient;MelVac Random - comparison of the pre-vaccination sample of one patient to the post-vaccination samples of all 5
other patients. Two-sided Wilcoxon Rank Sum test, **** p < 0.0001, p-values not adjusted for multiple comparisons.

Fig. 2 The heterogeneity of antibody response converges on
immunodominant epitopes. Heatmaps depict differential antibody
response to the 50 most immunodominant epitopes detected in pre- (Pre,
n= 6) and post- (Vac, n= 6) vaccination samples of patients who received
MelCancerVac® treatment (MelVac1-MelVac6). Rows depict
immunodominant epitopes with numbers on the left of each panel referring
to the specific epitope sequences provided in Supplementary Data 2. The
number of epitopes differs for each patient as some epitopes were in the
top 50 for both Pre and Vac samples, while some were detected in only one
sample of the patient. Z-scores depict the abundance of IgG-binding
peptides containing the immunodominant epitopes in each sample and are
calculated separately for every patient by mean centering and autoscaling
the abundance values across both Pre and Vac samples. Epitopes are ranked
by highest-to-lowest abundance values as observed in the Vac sample.
Z-score scale is cut-off at 97.5th percentile for better visualization of
each panel.
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response in NSCLC patients. In particular, considering that out of
all protein antigens known to be expressed by the DDM-1.7 mel-
anoma cells42, 102 proteins were reported to have epitopes showing
serologically positive findings in Immune Epitope Database (IEDB).
To characterize protein-specific immune responses in immu-
notherapy patients, we used SPEXS2 exhaustive pattern search
algorithm to group individual peptides of MelVac, MelVac-CTRL,
and PEM-Mel groups into representative epitopes and compared
the delineated epitopes with known antigenic sequences. Altogether,
antibody response to IEDB epitopes with sequence similarity to 35
proteins was detected in both MelVac and PEM-Mel groups
(Supplementary Table 3). To characterize potential new antibody
targets, we aligned the cancer-group-specific epitopes with the
primary sequence of these 35 proteins. With an average of 340
epitope alignments per protein, 8562 unique epitopes from either
MelVac, MelVac-CTRL or PEM-Mel group matched exactly with
these antigens (Fig. 3a and Supplementary Data 3). Although,
immunotherapy groups showed high reactivity to different sets of
epitopes, the overall antibody response converged on the same
antigenic proteins (Fig. 3a). Significant difference in antibody
response to epitopes of known melanoma antigens CSPG4 (#4),
PMEL (#6) and TGO1 (#31) was noticeable between PEM-Mel and
MelVac and their respective control groups (Wilcoxon Rank Sum
test, p < 0.001, Fig. 3b, Supplementary Data 4). Antibody response
to a subset of melanoma-associated antigens (MAGA3 (#9),
MAGE1 (#17), and NSE3/MAGEG1 (#25)) was pronounced in
MelVac group and high in PEM-Mel group (Fig. 3c, Wilcoxon
Rank Sum test, p < 0.05). Overall, we observed melanoma-
associated antigen-specific IgG signatures elicited by MelCancer-
Vac® and anti-PD-1 immunotherapies.

Fifteen group-discriminating epitopes converge on antigens
associated with modulation of extracellular matrix and tumor
cell survival pathways. To identify specific changes in immune
response upon immunotherapy, we divided the study cohort into
two subsets: controls (n= 90) and cancer samples with
melanoma-associated attributes (n= 11, comprising of both
MelVac and PEM-Mel groups). ROC analysis of 8562 antigen-
associated epitopes resulted in 15 most group-discriminating
antigenic determinants (markers M1 to M15) with sensitivity >
0.72 and specificity > 0.67 (Supplementary Fig. 3 and Supple-
mentary Table 4). Notably, several of the resolved 15 biomarkers
(M1-M15) mapped to the same antigens, but to different epitopes
(M2 and M7 to MAGD2; M2 and M5 to MAGE1; M2 and M6 to
PMEL; M3 and M11 to MORC4; M4 and M10 to MAGEMG50;
M8 and M14 to CSPG4; M9 and M13 to CRGB1, Supplementary
Table 5). Analysis of protein structure and biological relevance
data from UniProtKB database indicated that majority of these 15
epitopes aligned to antigenic regions that were enriched in polar
amino acids and located preferentially in regions with no known
structural domains or in disordered segments. For example, M2
and M7 to MAGD2, M2, and M5 to MAGE1, M7 to MAGD1,
M10 to MAGEMG50; M9 and M13 to CRGB1 and M12 to
MAGE6. Some epitopes encompassed well-conformed domains
like coiled-coil repeat of G3V599 for M1, leucine rich repeat of
PRA22 for M3, cadherin-like CSPG repeats for M8 and M14.
Biologically, these antigens are associated with extracellular-
matrix formation (MAGEMG50) and modulation collagen pro-
tein turnover pathways (G3V599, CSPG4, and TGO1), with P53-
associated apoptosis (MAGEMG50) and/or via ubiquitin ligase
activity (MAGE1, MAGD1, MAGA3), but also with melanosome

Fig. 3 Individual-specific immunoprofiles of antibody response to melanoma-associated antigens. a Heatmap showing the antibody response to
melanoma-antigens in patients with cancer and in the controls. Log10-transformation of the average abundance of the IgG-bound peptides containing
epitopes with 100% identity to the indicated proteins are depicted. Value range ≤ 2.4 and ≥ 3.3 is provided for better visual representation. Group names
of samples are depicted on the y-axis, individuals shown in numbers. x-axis indicates different melanoma-associated antigens (a total of 35 proteins)
shown in Supplementary Table 3 and Supplementary Data 3. b, c Violin plots showing the average abundance of IgG-bound peptides containing epitopes
with 100% identity to the specific proteins (shown above each graph, Supplementary Data 4) from panel a across study sub-cohorts. Two-sided Wilcoxon
Rank Sum test, ns p > 0.5, *p < 0.05, **p < 0.01, *** p < 0.001, **** p < 0.0001, p-values not adjusted for multiple comparisons. CTRL-Mel – healthy controls
for melanoma group (n= 21, all individuals older than 45 years); PEM-Mel –melanoma patients receiving pembrolizumab treatment (n= 5);MelVac-CTRL –
paired samples of MelVac group taken before vaccination (n= 6); MelVac – NSCLC patients who received MelCancerVac® vaccine (n= 6); NSCLC – non-
small cell lung cancer patients (n= 18).
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biogenesis (PMEL), ciliary signaling (ARMC) and lipoprotein
signaling (G3V599). We also analyzed whether antibody response
to common human herpesviruses, including cytomegalovirus
(CMV) and Epstein-Barr virus (EBV) contributed to the
treatment-elicited anti-cancer immunity given that EBV and
CMV are the most prevalent infection types in tumors60 and can
act as independent biomarkers for cancer immunotherapy61. For
that, we analyzed EBV and CMV serology and showed that ser-
opositivity to these common herpesviruses (Supplementary
Fig. 4) was not correlated with treatment-elicited antibody
response to the resolved top 15 melanoma-associated epitopes

(Supplementary Data 5, 6). Based on both clinical serology and
MVA data, we concluded that melanoma-associated antibody
response linked to immunotherapy pointed onto apoptotic sig-
naling and extracellular matrix-remodeling pathways conveyed
by tumor-antigens but was not correlated with the common
herpesviral antigens.

MelCancerVac® boosts prior antibody response against a
subset of melanoma-associated antigens. Analysis of long-
itudinal samples revealed that antibody response to the majority

Fig. 4 Antibody response to 15 melanoma-specific epitopes is pre-existing before MelCancerVac® vaccination and boosted upon vaccine stimulation.
a Comparison of antibody response to 15 epitopes in samples taken before (n= 6, MelVac-CTRL) and after vaccination (n= 6, MelVac) in six
MelCancerVac® receiving patients (MelVac1-MelVac6). x-axis denotes 15 epitopes as biomarkers (M1-M15), y-axis (Abundance ratio) shows the ratio of
abundance values of IgG-bound peptides between paired MelVac and MelVac-CTRL samples of the patient (MelVaci[Mabundance+ 1]/MelVac-
CTRLi[Mabundance+ 1], i – number of patient, M – biomarker) in base 10 logarithmic scale. Dashed line indicates ratio value 0 (1 in linear scale), i.e., where
antibody reactivity to peptides containing the specific epitopes remained unchanged in MelCancerVac® post-vaccination cohort. Values > 0 indicate rise in
seroreactivity after vaccination while <0 indicates decrease. Source abundance values for each epitope are presented in Supplementary Data 5. b Vaccine-
dependent antibody response enhancement to the resolved epitopes was common. Data are shown for epitopes M4 and M5 by comparing abundances of
IgG-bound peptides from the vaccinated patients, before (MelVac-CTRL) and after vaccination (MelVac). Abundance – number of IgG-bound peptides
containing the specified epitope sequence detected in the sample. Two-tailed paired Wilcoxon Rank Sum test, * p < 0.05, p-values not adjusted for multiple
comparisons. c Box plots show the abundance of IgG-bound peptides containing the specified epitopes (M1, M3, M9, M13, and M14) upon MVA
competition analysis.MelVacComp – data from competition with DDM-1.7 melanoma cell lysate is shown. Relative abundance – the abundance of IgG-bound
peptides containing the specified epitopes normalized to values of the paired vaccination-specific sample (MelVac) for each patient. d Box plots show the
abundance of IgG-bound peptides containing sequences of the viral capsid antigen p18 (EBV VCA p18 epitope (161 GGQPHDTAPRGARKK 175) and the
epitope of glycoprotein B (CMV gB; 70 ETIYNTTLKY 80)40 from MVA competition analysis.MelVacComp – data from competition with DDM-1.7 melanoma
cell lysate is shown. Abundance – the abundance of IgG-bound peptides containing the specified epitopes in base 10 logarithmic scale.
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of the 15 melanoma-differentiating epitopes was detectable in
MelVac-CTRL samples with levels boosted by MelCancerVac®

administration in paired MelVac samples (Fig. 4a and Supple-
mentary Fig. 5). Although the seroresponse changes to the
majority of the 15 epitopes were patient-specific, reactivity to the
epitope markers M4 (MAGEMG50) and M5 (MAGE1) was
similarly boosted by vaccine in all patients (Wilcoxon Rank Sum
test, p < 0.05, Fig. 4b). Furthermore, MVA with melanoma cell
lysate competition confirmed that the high antibody reactivity
observed in MelVac samples was specific to melanoma proteins as
blocking with cell lysate interfered with IgG binding to most of
the aforementioned epitopes, with significant effects for M1, M3,
M9, M13, and M14 (Fig. 4c and Supplementary Fig. 6). The
specificity of blocking with anti-melanoma-lysate was further
confirmed by analyzing independent EBV and CMV-associated
epitopes. Namely, the antibody response to epitopes of the viral
capsid antigen p18 (EBV VCA p18; 161 GGQPHDTAPRGARKK
175) and glycoprotein B (CMV gB; 70 ETIYNTTLKY 80)40 did not
change upon competition (Fig. 4d). Therefore, we conclude that
antibody response boosted upon MelCancerVac® vaccination is
specific to epitopes related to melanoma-associated antigens and
is frequently correlated with pre-existing immune response to
these antigens.

Three-epitope signature as a biomarker of immunotherapy-
elicited melanoma-specific response. As high melanoma-specific
response appears to be a feature of tumor immunogenicity and its
sensitivity to targeted treatments, we were interested to examine
the prognostic utility of the resolved epitopes in therapy-elicited
response. We used logistic regression and ROC analysis and
found that 3 epitope biomarkers: M3 (ARMC9/PRA22/MORC4)
(73% sensitivity, 97% specificity), M9 (CRBG1) (Sens 82% sen-
sitivity, 81% specificity) and M11 (MORC4) (73% sensitivity, 90%
specificity) in combination differentiated cancer patients based on
melanoma-specific response elicited by treatments from controls
with area under curve (AUC) of 0.991, ~91% sensitivity and 100%
specificity (Fig. 5a, b and Supplementary Fig. 7). Here we show
that antibody reactivity to a small subset of epitopes of known
melanoma-associated antigenic determinants serves as a bio-
marker associated with melanoma-specific immunity elicited by
cancer immunotherapies.

Discussion
Here, we note unique and divergent changes in melanoma-
antigen immune profiles in cancer patients receiving immu-
notherapy treatments that implicate distinct humoral immune
functions connected to the therapy. The IgG response to specific
epitopes of a subset of melanoma-antigens was associated with
dendritic cell vaccine treatments in lung cancer. Patients receiving
MelCancerVac® showed prior response to some epitopes which
was enhanced upon treatments, concluding these as potential
biomarkers associated with anti-melanoma immunity already at
the pre-treatment stage. The same epitopes were targeted by
antibodies in melanoma patients receiving anti-PD-1 therapy.
The resolved antigenic determinants were in proteins involved in
the formation and modulation of extracellular matrix, and also
tumor cell survival. Resolved antibody response targeting mela-
noma or melanoma-like features in cancer elicited by different
types of immunotherapies sets the stage for future investigations
of the epitopes and their clinical relevance as biomarkers for
predicting therapy efficiency in larger studies.

Herein, we used MVA to discover epitope biomarkers asso-
ciated with anti-cancer antibody response. Our data establish that
individuals with cancer show highly heterogenous immune
response to peptide antigens that is neither clinical group, cancer

type nor immunotherapy specific. This finding was expected and
could be related to the genetic variation and history of previously
encountered pathogens62. However, we found clear similarities in
antibody response to melanoma-associated proteins, including
CTAs, a group of antigens now exceeding more than 200
proteins63 in patients upon different immunotherapy treatments.
The resolved epitopes were mapped to extra- and intracellular
proteins associated with the formation and modulation of
extracellular matrix, but also with tumor cell survival, ciliary
functions and lipoprotein signaling. Despite the fact that CTAs
are mostly internal tumor antigens, the restricted expression of
CTAs in tissues and their antigenicity has promoted utilizing
them as targets for immunotherapies64. Interestingly, among
other epitopes targeted by treatment-elicited antibody response in
melanoma and NSCLC cases was of MAGE-A3 protein. MAGE-
A3 has been detected in up to 76% of melanomas and in 30–50%
of NSCLCs and is thus currently trialed as a target for
immunotherapy65,66. Antibody response to epitopes coalescing
on other MAGE group of proteins could be related to the poor
prognostic features of metastases and melanoma progression37,67.
On the other hand, given that the resolved group of antigens
included widely expressed proteins (including MAGE family of
antigens like MAGE-D), the humoral response towards these
could mark excessive immune-attack and damage to self-tissues
as concluded by others from studies of ICI-based therapies of
melanoma and NSCLC30,68,69. This suggests that MVA-defined
epitopes from intracellular antigens could be indicators of
immunotherapy-associated tumor cell death. Our data on het-
erogenic immune response to melanoma-antigens are in good
harmony with the findings on the heterogeneous expression of

Fig. 5 Antibody reactivity to epitopes of melanoma-antigens is
associated with immunotherapy. a Box plots showing the IgG response to
peptides containing the 3 epitopes that were most differentiating for
melanoma-specific immunotherapy as deemed by logistic regression model
analysis. Abundance – number of IgG-bound peptides containing the epitope
biomarker sequence detected in a sample. Control – healthy controls for
melanoma group (CTRL-Mel, n= 80) and non-cancer controls of NSCLC
group (CTRL-NSCLC, n= 10); MelVac – NSCLC patients who received
MelCancerVac® vaccine (n= 6); PEM-Mel – melanoma patients receiving
pembrolizumab treatment (n= 5). Two-sided Wilcoxon Rank Sum test
**p < 0.01, *** p < 0.001, p-values not adjusted for multiple comparisons.
b Logistic regression model of biomarkers M3, M9, and M11. AUC – area
under curve; SE – standard error; CI – confidence interval.
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CTAs70. Therefore, characterization of the antibody response
towards to canonical tumor antigens, including CTAs at pre- and
post-treatment stage at epitope resolution could provide new
strategies to detect and tackle cancer.

Most of the anti-melanoma-associated antigen immune response
that we described for the NSCLC MelCancerVac® cohort was also
detected in patients with unresectable metastatic melanoma who
received anti-PD-1 antibody (pembrolizumab) immunotherapy. We
found that the resolved epitopes of MAGE-A antigens were similarly
targeted by antibodies in both cases, suggesting the redundant cel-
lular functions of the underlying antigens in lung cancer and mel-
anoma. We expected to detect the anti-melanoma immunogenicity
mainly in post-vaccination cases, but interestingly we determined
antitumor immunity already at the pre-vaccine stage. Data from
IFNγ analysis of MelCancerVac® trial demonstrated T cell-specific
response correlating with vaccine-specific immunity and sustained
stable disease38. These findings on the ICI-associated restoration of
T cell activity by MelCancerVac® are in good agreement with the
observed anti-melanoma-specific humoral response patterns detec-
ted by our analysis. This once again highlights the importance to
determine the elicited antibody response to specific tumor antigens
as a measure of the anti-tumor activity associated with immune
treatments for assessing the clinical utility of the treatment. How-
ever, to confirm the relationship between the melanoma-antigen
associated epitopes and clinical efficacy, the number of patients
needs to be substantially increased in future studies.

Autoantibodies have the potential to provide unique finger-
prints that reflect the nature of the malignant process in the
affected organ. Studies of B cell immunity on melanoma have
demonstrated its important role in anti-tumor response, but also
in irAEs associated with ICIs71. Relatedly, Toi et al. reported that
although the presence of preexisting antibodies was associated
with clinical benefits, it also led to the development of irAEs in
NSCLC patients treated with anti-PD-1 monotherapy69. There-
fore, the antibody epitopes we determined might be useful to
assess immunopathological effects in order to minimize the
probability of deleterious autoimmunity.

We validated the findings of epitopes mapped to melanoma-
associated antigens from MVA competition analysis using mela-
noma cell lysate-specific antibody depletion approach from Mel-
CancerVac® samples. Interestingly, antibody response against three
melanoma antigens observed in the pre-vaccination group, that were
further confirmed to be therapy-connected by melanoma-lysate
competition assay suggests that these could act as positive bio-
markers of anti-tumor response to immune therapy. This is inter-
esting in the light of the recent studies showing that preexisting
antibody response in peripheral blood to tumor antigens, amongst
these to MAGE1 carrying the resolved M5 epitope, is predictive of
good clinical response to anti-PD-1 monotherapy of NSCLC72–74.
Currently, high mutational burden in a tumor has been shown to
predict sensitivity to anti-PD-1 therapies75. The expression of certain
CTAs (for example MAGE-A) has been linked to poor disease
prognosis due to reduced treatment response76 or is used to predict
resistance to immunotherapy77. Our research on mapping the
anticancer immunity to specific epitopes of tumor antigens prior to
therapy could provide valuable prognostic knowledge for making the
best therapeutic decisions, minimizing the probability of deleterious
autoimmunity, and also for identification of novel targets for
immunotherapy.

A big obstacle for effective cancer immunotherapy is the
scarcity of immunotherapeutic biomarkers with specific clinical
correlation to treatment efficacy and in relation to possible side
effects. Here, we connected antibody profiles as defined by MVA
to anti-tumor immunity elicited by immunotherapy at epitope
precision. Our data provide support for the use of epitopes of
tumor antigens as biomarkers for patient stratification and in

immune monitoring. Future studies will elaborate on the con-
nection between antibody profiles and ICI treatment outcomes.

There are several important caveats to this study. Although the
MVA data covers a broad range of peptide antigens, extensive
knowledge of the immune proteome of cancer is quite limited.
Therefore, the mechanisms of how antibody response to the
examined melanoma-specific antigens precisely impacts tumor
immunogenicity, effective therapeutic targeting, or therapy efficacy
remain to be solved. In addition, despite the use of multiple statis-
tical methods and efforts to provide authentic targets to our findings,
it is certainly possible for an epitope to play an important role in
cancer and may mimic tumor-antigens but be derived from other
antigens. For example, MAGE-A6 (amino acids 172–187) and
Mycoplasma penetrans HF-2 permease (amino acids 216–229) share
structural homology and elicit complex immunologic cross-
reactivity78. We were thus careful with our conclusions: we can
implicate an epitope by similarity to a self-protein but it is premature
to exclude neoepitopes, cryptic epitopes, and metagenome-
associated epitopes for which we do not have data. Finally,
although this study harnessed the use of samples from a phase II
clinical trial for the discovery of blood biomarkers, due to the limited
number of samples further clinical studies are warranted.

Data availability
Source data underlying the main figures are provided as Supplementary Data files 1–6.
The whole sequencing datasets generated and/or analyzed in this study are not publicly
available due to containing sensitive clinical information but are available from the
corresponding author upon reasonable request via a material transfer agreement.

Code availability
The R packages used to generate and analyze data presented in this study are described in
the Methods section and available to all. The SPEXS2 algorithm for delineating epitopes
from peptide sets can be found at https://github.com/egonelbre/spexs2. The custom Excel
VBA used to find sequence similarities between generated epitopes and protein
sequences are available from the corresponding author upon request.

Received: 20 July 2021; Accepted: 25 April 2022;

References
1. Cerezo-Wallis, D. & Soengas, M. S. Understanding tumor-antigen

presentation in the new era of cancer immunotherapy. Curr. Pharm Des. 22,
6234–6250 (2016).

2. Chong, C., Coukos, G. & Bassani-Sternberg, M. Identification of tumor
antigens with immunopeptidomics. Nat. Biotechnol. https://doi.org/10.1038/
s41587-021-01038-8 (2021).

3. Michels, J. et al. Multiplex bead-based measurement of humoral immune
responses against tumor-associated antigens in stage II melanoma patients of
the EORTC18961 trial. Oncoimmunology 7, e1428157 (2018).

4. Gordeeva, O. Cancer-testis antigens: Unique cancer stem cell biomarkers and
targets for cancer therapy. Semin. Cancer Biol. 53, 75–89 (2018).

5. Verdegaal, E. M. et al. Neoantigen landscape dynamics during human
melanoma-T cell interactions. Nature 536, 91–95 (2016).

6. Finn, O. J. The dawn of vaccines for cancer prevention. Nat. Rev. Immunol. 18,
183–194 (2018).

7. Dunn, G. P., Old, L. J. & Schreiber, R. D. The immunobiology of cancer
immunosurveillance and immunoediting. Immunity 21, 137–148 (2004).

8. Waldman, A. D., Fritz, J. M. & Lenardo, M. J. A guide to cancer
immunotherapy: From T cell basic science to clinical practice. Nat. Rev.
Immunol. 20, 651–668 (2020).

9. Shalapour, S. & Karin, M. The neglected brothers come of age: B cells and
cancer. Semin. Immunol. 52, 101479 (2021).

10. Mirandola, L. et al. Novel antigens in non-small cell lung cancer: SP17,
AKAP4, and PTTG1 are potential immunotherapeutic targets. Oncotarget 6,
2812–2826 (2015).

11. Fridman, W. H. et al. B cells and cancer: To B or not to B? J. Exp. Med. https://
doi.org/10.1084/jem.20200851 (2021).

COMMUNICATIONS MEDICINE | https://doi.org/10.1038/s43856-022-00114-7 ARTICLE

COMMUNICATIONS MEDICINE | (2022)2:48 | https://doi.org/10.1038/s43856-022-00114-7 | www.nature.com/commsmed 9



12. Zitvogel, L., Perreault, C., Finn, O. J. & Kroemer, G. Beneficial autoimmunity
improves cancer prognosis. Nat. Rev. Clin. Oncol. 18, 591–602 (2021).

13. Blankenstein, T., Coulie, P. G., Gilboa, E. & Jaffee, E. M. The determinants of
tumour immunogenicity. Nat. Rev. Cancer 12, 307–313 (2012).

14. Dersh, D., Holly, J. & Yewdell, J. W. A few good peptides: MHC class I-based
cancer immunosurveillance and immunoevasion. Nat. Rev. Immunol. 21,
116–128 (2021).

15. Leko, V. & Rosenberg, S. A. Identifying and targeting human tumor antigens
for T cell-based immunotherapy of solid tumors. Cancer Cell 38, 454–472
(2020).

16. Fonseca, C. & Dranoff, G. Capitalizing on the immunogenicity of dying tumor
cells. Clin. Cancer Res. 14, 1603–1608 (2008).

17. Passarelli, A., Mannavola, F., Stucci, L. S., Tucci, M. & Silvestris, F. Immune
system and melanoma biology: A balance between immunosurveillance and
immune escape. Oncotarget 8, 106132–106142 (2017).

18. Kruit, W. H. et al. Selection of immunostimulant AS15 for active
immunization with MAGE-A3 protein: results of a randomized phase II study
of the European Organisation for Research and Treatment of Cancer
Melanoma Group in Metastatic Melanoma. J. Clin. Oncol. 31, 2413–2420
(2013).

19. Vansteenkiste, J. et al. Adjuvant MAGE-A3 immunotherapy in resected non-
small-cell lung cancer: phase II randomized study results. J. Clin. Oncol. 31,
2396–2403 (2013).

20. Wculek, S. K. et al. Dendritic cells in cancer immunology and
immunotherapy. Nat. Rev. Immunol. 20, 7–24 (2020).

21. Carreno, B. M. et al. Cancer immunotherapy. A dendritic cell vaccine
increases the breadth and diversity of melanoma neoantigen-specific T cells.
Science 348, 803–808 (2015).

22. Shen, X. & Zhao, B. Efficacy of PD-1 or PD-L1 inhibitors and PD-L1
expression status in cancer: Meta-analysis. BMJ 362, k3529 (2018).

23. Rizvi, N. A. et al. Cancer immunology. Mutational landscape determines
sensitivity to PD-1 blockade in non-small cell lung cancer. Science 348,
124–128 (2015).

24. Trebeschi, S. et al. Predicting response to cancer immunotherapy using
noninvasive radiomic biomarkers. Ann. Oncol. 30, 998–1004 (2019).

25. Linette, G. P. & Carreno, B. M. Tumor-infiltrating lymphocytes in the
checkpoint inhibitor era. Curr. Hematol. Malig. Rep. 14, 286–291 (2019).

26. Gilbert, A. E. et al. Monitoring the systemic human memory B cell
compartment of melanoma patients for anti-tumor IgG antibodies. PLoS One
6, e19330 (2011).

27. Ladanyi, A. Prognostic and predictive significance of immune cells infiltrating
cutaneous melanoma. Pigment Cell Melanoma Res. 28, 490–500 (2015).

28. Diem, S. et al. Immunoglobulin G and subclasses as potential biomarkers in
metastatic melanoma patients starting checkpoint inhibitor treatment. J.
Immunother. 42, 89–93 (2019).

29. Fassler, M. et al. Antibodies as biomarker candidates for response and survival to
checkpoint inhibitors in melanoma patients. J. Immunother. Cancer 7, 50 (2019).

30. Gowen, M. F. et al. Baseline antibody profiles predict toxicity in melanoma
patients treated with immune checkpoint inhibitors. J. Transl. Med. 16, 82 (2018).

31. Battaini, F. et al. Antibody response after vaccination with antigen-pulsed
dendritic cells. Int. J. Biol. Markers 19, 213–220 (2004).

32. Block, M. S. et al. Th17-inducing autologous dendritic cell vaccination
promotes antigen-specific cellular and humoral immunity in ovarian cancer
patients. Nat. Commun. 11, 5173 (2020).

33. Santin, A. D. et al. Human papillomavirus type 16 and 18 E7-pulsed dendritic
cell vaccination of stage IB or IIA cervical cancer patients: A phase I
escalating-dose trial. J. Virol. 82, 1968–1979 (2008).

34. Lu, J., Lee-Gabel, L., Nadeau, M. C., Ferencz, T. M. & Soefje, S. A. Clinical
evaluation of compounds targeting PD-1/PD-L1 pathway for cancer
immunotherapy. J. Oncol. Pharm. Pract. 21, 451–467 (2015).

35. Yun, S., Vincelette, N. D., Green, M. R., Wahner Hendrickson, A. E. &
Abraham, I. Targeting immune checkpoints in unresectable metastatic
cutaneous melanoma: A systematic review and meta-analysis of anti-CTLA-4
and anti-PD-1 agents trials. Cancer Med. 5, 1481–1491 (2016).

36. Stamell, E. F., Wolchok, J. D., Gnjatic, S., Lee, N. Y. & Brownell, I. The
abscopal effect associated with a systemic anti-melanoma immune response.
Int. J. Radiat. Oncol. Biol. Phys. 85, 293–295 (2013).

37. Barrow, C. et al. Tumor antigen expression in melanoma varies according to
antigen and stage. Clin. Cancer Res. 12, 764–771 (2006).

38. Engell-Noerregaard, L. et al. Clinical and immunological effects in patients
with advanced non-small cell lung-cancer after vaccination with dendritic cells
exposed to an allogeneic tumor cell lysate. World J. Vaccines 03, 68–76 (2013).

39. Kvistborg, P. et al. Comparison of monocyte-derived dendritic cells from
colorectal cancer patients, non-small-cell-lung-cancer patients and healthy
donors. Vaccine 28, 542–547 (2009).

40. Sadam, H. et al. Identification of two highly antigenic epitope markers
predicting multiple sclerosis in optic neuritis patients. EBioMedicine 64,
103211 (2021).

41. Sadam, H. et al. Prostaglandin D2 receptor DP1 antibodies predict vaccine-
induced and spontaneous narcolepsy type 1: Large-scale study of antibody
profiling. EBioMedicine 29, 47–59 (2018).

42. Weinert, B. T. et al. Real-time PCR analysis of genes encoding tumor antigens
in esophageal tumors and a cancer vaccine. Cancer Immun. 9, 9 (2009).

43. Vita, R. et al. The Immune Epitope Database (IEDB): 2018 update. Nucleic
Acids Res. 47, D339–D343 (2019).

44. UniProt, C. UniProt: the universal protein knowledgebase in 2021. Nucleic
Acids Res. 49, D480–D489 (2021).

45. RStudio Team. RStudio: Integrated Development Environment for R. RStudio,
PBC, Boston, MA. http://www.rstudio.com/ (2021).

46. R Core Team. R: A language and environment for statistical computing. R
Foundation for Statistical Computing, Vienna, Austria. https://www.R-project.
org/ (2020).

47. Kassambra, A. ggpubr: ‘ggplot2’ Based Publication Ready Plots. R package
version 0.4.0. (2020).

48. Wickham, H. ggplot2: Elegant Graphics for Data Analysis. Springer-Verlag
New York (2016).

49. Wickham, H., Averick, M., Bryan, J., Chang, W. & McGowan, L. Welcome to
the Tidyverse. J. Open Source Softw. 4, 43 (2019).

50. Sito, T. & Rehmsmeier, M. Precrec: Fast and accurate precision-recall and
ROC curve calculations in R. Bioinformatics 33, 145–147 (2017).

51. Wickham, H. & Seidel, D. scales: Scale Functions for Visualization. R package
version 1.1.1. (2020).

52. Henry, L. & Wickham, H. purrr: Functional Programming Tools. R package
version 0.3.4. (2020).

53. Pedersen, T. L. patchwork: The Composer of Plots. R package version
1.1.1.(2020).

54. Auguie, B. egg: Extensions for ‘ggplot2’: Custom Geom, Custom Themes, Plot
Alignment, Labelled Panels, Symmetric Scales, and Fixed Panel Size. R
packageversion 0.4.5. (2019).

55. Rudis, B., Bolker, B. & Schulz, J. ggalt: Extra Coordinate Systems, ‘Geoms’,
Statistical Transformations, Scales and Fonts for ‘ggplot2’ R packageversion
0.4.0. (2017).

56. Wickham, H. Reshaping Data with the reshape Package. Journal of Statistical
Software, 21, 1–20 (2007).

57. Saito, T. & Rehmsmeier, M. Precrec: fast and accurate precision-recall and
ROC curve calculations in Bioinformatics, 33, 145-147 (2017).

58. Xiao, N. ggsci: Scientific Journal and Sci-Fi Themed Color Palettes for
‘ggplot2’.R package version 2.9. (2018).

59. Wild, F. lsa: Latent Semantic Analysis. R package version 0.73.2. (2020).
60. Chen, S. et al. The viral expression and immune status in human cancers and

insights into novel biomarkers of immunotherapy. BMC Cancer 21, 1183
(2021).

61. Varn, F. S., Schaafsma, E., Wang, Y. & Cheng, C. Genomic characterization of
six virus-associated cancers identifies changes in the tumor immune
microenvironment and altered genetic programs. Cancer Res. 78, 6413–6423
(2018).

62. Watson, C. T., Glanville, J. & Marasco, W. A. The individual and population
genetics of antibody immunity. Trends Immunol. 38, 459–470 (2017).

63. Gjerstorff, M. F., Andersen, M. H. & Ditzel, H. J. Oncogenic cancer/testis
antigens: Prime candidates for immunotherapy. Oncotarget 6, 15772–15787
(2015).

64. Li, X. F., Ren, P., Shen, W. Z., Jin, X. & Zhang, J. The expression, modulation,
and use of cancer-testis antigens as potential biomarkers for cancer
immunotherapy. Am. J. Transl. Res. 12, 7002–7019 (2020).

65. Vansteenkiste, J. F. et al. Efficacy of the MAGE-A3 cancer immunotherapeutic
as adjuvant therapy in patients with resected MAGE-A3-positive non-small-
cell lung cancer (MAGRIT): a randomised, double-blind, placebo-controlled,
phase 3 trial. Lancet Oncol. 17, 822–835 (2016).

66. Dreno, B. et al. MAGE-A3 immunotherapeutic as adjuvant therapy for
patients with resected, MAGE-A3-positive, stage III melanoma (DERMA): a
double-blind, randomised, placebo-controlled, phase 3 trial. Lancet Oncol. 19,
916–929 (2018).

67. Roeder, C. et al. MAGE-A3 is a frequent tumor antigen of metastasized
melanoma. Arch. Dermatol. Res. 296, 314–319 (2005).

68. de Moel, E. C. et al. Autoantibody development under treatment with
immune-checkpoint inhibitors. Cancer Immunol. Res. 7, 6–11 (2019).

69. Toi, Y. et al. Profiling preexisting antibodies in patients treated with anti-PD-1
therapy for advanced non-small cell lung cancer. JAMA Oncol. 5, 376–383
(2019).

70. Jakobsen, M. K. et al. The cancer/testis antigen gene VCX2 is rarely expressed
in malignancies but can be epigenetically activated using DNA
methyltransferase and histone deacetylase inhibitors. Front. Oncol. 10, 584024
(2020).

71. Willsmore, Z. N. et al. B cells in patients with melanoma: Implications for
treatment with checkpoint inhibitor antibodies. Front. Immunol. 11, 622442
(2020).

ARTICLE COMMUNICATIONS MEDICINE | https://doi.org/10.1038/s43856-022-00114-7

10 COMMUNICATIONS MEDICINE | (2022)2:48 | https://doi.org/10.1038/s43856-022-00114-7 | www.nature.com/commsmed



72. Ohue, Y. et al. Serum antibody against NY-ESO-1 and XAGE1 antigens
potentially predicts clinical responses to anti-programmed cell death-1
therapy in NSCLC. J Thorac. Oncol. 14, 2071–2083 (2019).

73. Tan, Q. et al. Autoantibody profiling identifies predictive biomarkers of
response to anti-PD1 therapy in cancer patients. Theranostics 10, 6399–6410
(2020).

74. Zhou, J. et al. Peripheral blood autoantibodies against to tumor-associated antigen
predict clinical outcome to immune checkpoint inhibitor-based treatment in
advanced non-small cell lung cancer. Front. Oncol. 11, 625578 (2021).

75. McGranahan, N. et al. Clonal neoantigens elicit T cell immunoreactivity and
sensitivity to immune checkpoint blockade. Science 351, 1463–1469 (2016).

76. Wong, P. P. et al. Identification of MAGEA antigens as causal players in the
development of tamoxifen-resistant breast cancer. Oncogene 33, 4579–4588
(2014).

77. Shukla, S. A. et al. Cancer-germline antigen expression discriminates clinical
outcome to CTLA-4 blockade. Cell 173, 624–633 e628 (2018).

78. Vujanovic, L., Shi, J., Kirkwood, J. M., Storkus, W. J. & Butterfield, L. H.
Molecular mimicry of MAGE-A6 and Mycoplasma penetrans HF-2 epitopes
in the induction of antitumor CD8(+) T-cell responses. Oncoimmunology 3,
e954501 (2014).

Acknowledgements
Previous members of DanDrit Biotech A/S team Eric Leire (Genflow Biosciences,
Immunethep), Mai-Britt Zocca (IO Biotech ApS) are thanked for assistance on study
execution. We thank A.-H. Pool from the Department of Neuroscience, University of
Texas Southwestern Medical Center, for the expertize that supported this work. The
members of Protobios team are thanked for their excellent technical support. This study
was supported by research funding grants of Protobios (5.1–4/20/170, and PRG573) from
the Estonian Ministry of Education and Estonian Research Council, respectively, and
H2020-MSCA-RISE-2016 (EU734791) and H2020 PANBioRA (EU760921) projects
from the European Union. T.T. and J.T. were partially supported by Estonian Research
Council (grant PRG805) and European Union through the European Regional Devel-
opment Fund (Project No. 2014–2020.4.01.15–0012). J.T. was partially supported by the
grant from Estonian Ministry of Education and Research (2014–2020.4.01.21–0315).

Author contributions
A.R., M.J., H.S., N.P., A.P., M.A., A.M. and K.P. conceived and designed the study. M.A.
and A.M. consulted the clinical data. A.R., M.J., H.S., N.P., A.P., J.T., and K.P. analyzed

and interpreted the data. M.A., T.T., and K.P. supervised the study. A.R., A.G., and K.P.
drafted the manuscript. All authors revised and approved the final manuscript for
submission.

Competing interests
A.P. and K.P. are inventors of the patent application (PCT Application No. US/
14079626) filed by Protobios that covers the use of phage display method for manip-
ulating and monitoring humoral immunity. All other authors declare no competing
interests.

Additional information
Supplementary information The online version contains supplementary material
available at https://doi.org/10.1038/s43856-022-00114-7.

Correspondence and requests for materials should be addressed to Kaia Palm.

Peer review information Communications Medicine thanks the anonymous reviewers
for their contribution to the peer review of this work.

Reprints and permission information is available at http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,

adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons license, and indicate if changes were made. The images or other third party
material in this article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons license and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this license, visit http://creativecommons.org/
licenses/by/4.0/.

© The Author(s) 2022

COMMUNICATIONS MEDICINE | https://doi.org/10.1038/s43856-022-00114-7 ARTICLE

COMMUNICATIONS MEDICINE | (2022)2:48 | https://doi.org/10.1038/s43856-022-00114-7 | www.nature.com/commsmed 11





89 

Appendix 2 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Publication II 
Jaago, M.*, Annika Rähni*, Pupina, N., Pihlak, A., Sadam, H., Tuvikene, J., Avarlaid, A., 
Planken, A., Planken, M., Haring, L., Vasar, E., Baćević, M., Lambert, F., Kalso, E., Pussinen, 
P., Tienari, P. J., Vaheri, A., Lindholm, D., Timmusk, T., … Palm, K. (2022). Differential 
patterns of cross-reactive antibody response against SARS-CoV-2 spike protein 
detected for chronically ill and healthy COVID-19 naïve individuals. Scientific Reports, 
12(1), 16817. https://doi.org/10.1038/s41598-022-20849-6 
 
 
  





 |        (2022) 12:16817  | 

www.nature.com/scientificreports

*

Protobios LLC, Tallinn, Estonia. Department of Chemistry and Biotechnology, Tallinn University of Technology, 
Tallinn, Estonia. North Estonia Medical Centre Foundation, Tallinn, Estonia. Institute of Clinical Medicine, 
Psychiatry Clinic of Tartu University Hospital, University of Tartu, Tartu, Estonia. Department of Physiology, 
Institute of Biomedicine and Translational Medicine, University of Tartu, Tartu, Estonia. Center of Excellence 
for Genomics and Translational Medicine, University of Tartu, Tartu, Estonia. Dental Biomaterial Research Unit 

Department of Periodontology and Oral 
Surgery, Faculty of Medicine, University of Liege, Liege, Belgium. Department of Anaesthesiology, Intensive Care 
and Pain Medicine, Helsinki University Hospital, Helsinki, Finland. SleepWell Research Programme, Department 
of Pharmacology, University of Helsinki, Helsinki, Finland. Oral and Maxillofacial Diseases, Helsinki University 
Hospital, University of Helsinki, Helsinki, Finland. Translational Immunology Research Program, Department of 
Neurology, Neurocenter, Helsinki University Hospital, University of Helsinki, Helsinki, Finland. Department of 
Virology, Medicum, University of Helsinki, Helsinki, Finland. Department of Biochemistry and Developmental 
Biology, Faculty of Medicine, University of Helsinki, Helsinki, Finland. Minerva Foundation Institute for Medical 
Research, Helsinki, Finland. 
of Medicine and Health Sciences, University of Nottingham, Nottingham, United Kingdom. Present address: 
DXLabs LLC, Tallinn, Estonia. These authors contributed equally: Mariliis Jaago and Annika Rähni. *email: kaia@
protobios.com



Vol:.(1234567890)

 |        (2022) 12:16817  | 

www.nature.com/scientificreports/

Abbreviations
ACE2  Angiotensin-converting enzyme 2
ADE  Antibody-dependent enhancement
AUROC  Area under the receiver operating characteristic
BC  Breast cancer
CAD  Coronary artery disease
CMV  Human cytomegalovirus
CoV  Coronavirus
CVD  Cardiovascular disease
Dot-ELISA  Dot enzyme-linked immunosorbent assay
EBV  Epstein-Barr virus
FEP  First episode psychosis
HCoV  Human coronavirus
HLA  Human leukocyte antigen
HSV-1  Herpes simplex virus-1
HT  Hypertension
mAb  Monoclonal antibody
MI  Myocardial infarction
MS  Multiple sclerosis
MVA  Mimotope-variation analysis
ND  Neuropsychiatric disorder
NP  Neuropathic pain
RBD  Receptor binding domain
RU  Relative unit
S  SARS-CoV-2 spike glycoprotein
S1  S1 subunit of S
S2  S2 subunit of S
SZ  Schizophrenia
T2D  Type 2 diabetes

The coronavirus disease 2019 (COVID-19) pandemic has unveiled the pathogenicity of SARS-CoV-2 with surges 
by the currently prevailing SARS-CoV-2 variant B.1.1.529 (described first in 2021)1 designated as Omicron dis-
playing unusually large number of mutations and fast-spreading  sublineages2,3. In general, clinical manifestations 
of SARS-CoV-2 infection range from asymptomatic and relatively milder, flu-like  symptoms4–6 to long-lasting 
complications known as the post-COVID syndrome or long  COVID7,8. This complex clinical picture along with 
confirmative studies that vaccination protects against severe forms of  disease9 points to the immune system as 
a key factor in the control of SARS-CoV-210.

The relative manifestation of symptoms in infected is likely attributable to the partial protection conferred by 
the pre-existing immune memory. The preference of the immune system to recall existing memory cells, rather 
than stimulate a de novo response when encountering a novel but closely related antigen is referred to as immune 
imprinting, historically known as original antigenic  sin11. Overall, immune imprinting would lead to enhanced 
immunity, whereas established pre-immunity may also increase cross-reactive antibody response towards 
epitopes that are shared between the current and the previously encountered  antigen12,13. Studies have observed 
cross-reactivity between endemic common cold human coronaviruses (HCoVs) and SARS-CoV-214–16,whereas 
whether this cross-reactivity17,18 is beneficial or detrimental to COVID-19 disease is not  clear14,19–25. Cross-
reactivity through heterologous immunity may arise through recognition of identical antigenic epitopes shared 
by different pathogens, or through recognition of unrelated epitopes owing to cross-reactivity of individual T 
and B cell  receptors26. Shifts in antibody response to respiratory syncytial virus, cytomegalovirus (CMV) and 
herpes simplex virus-1 (HSV-1) were noted in patients with severe COVID-1927. Cross-protective effects of non-
COVID-19 vaccines against SARS-CoV-2 are currently tested in clinical trials for polio, measles-mumps-rubella, 
influenza, and Bacillus Calmette–Guérin vaccines (rev  in28) with promising pre-publication  findings29. Collec-
tively these data demonstrate that people at the stage of the current pandemic carry heterogeneous, immune-
imprinted repertoires derived from their distinctive histories of infection and vaccination.

Given that the infections with SARS-CoV-2, in particular with its Omicron variants have become so com-
mon, it is likely that these confer boosting to the prior immune repertoire. Reports are emerging on find-
ings of IgG autoantibodies in COVID-19 patients with a significant subset of patients developing new-onset 
 autoantibodies30–33 that could place them at risk for progression to autoimmunity. Studies reporting on myo-
carditis after receiving mRNA vaccines against COVID-1934–38 suggest molecular mimicry between the vaccine 
product and self-antigens as an underlying  mechanism39.

Given that the relationships between prior antigen exposure, through infection or vaccination with SARS-
CoV-2, and the immune responses to subsequent infections with emerging viruses is still incompletely under-
stood, but is of paramount importance to exit the COVID-19 pandemic, we employed an unbiased approach 
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of next generation peptide phage display mimotope variation analysis (MVA)40,41, to delineate cross-reactive 
immunity hallmarks on SARS-CoV-2 S glycoprotein in COVID-19 naïve subjects. Using samples from both 
COVID-19 naïve individuals and patients with a COVID-19 diagnosis, we identified pre-existing antibody 
response to multiple S protein sites by using recombinant S protein subunits of SARS-CoV-2 that was increased 
in patients with severe COVID-19 disease. Among these, three epitopes with cross-reactivity to SARS-CoV-2 
S were features of underlying acute and/or chronic clinical conditions. Thus, highlighting the risk for chronic 
condition exacerbation following SARS-CoV-2 S protein exposure due to infection or vaccination.

Reagent or resource Source Identifier
Antibodies
Human IgG reference pool Sigma-Aldrich Cat#i4506
Rabbit anti-human IgG (H&L) (HRP) Abcam Cat#ab6759
Biological samples (serum, plasma)
COVID-19 Tartu University Hospital COVID-19
Coronary artery disease Helsinki University Hospital CVD (CAD)
Myocardial infarction North Estonia Regional Hospital CVD (MI)
T2D and T2D with foot ulcers (DFU) University of Liege T2D
Multiple sclerosis Helsinki University Hospital MS
Breast cancer Helsinki University Hospital BC

First episode psychosis, schizophrenia Psychiatry Clinic of Tartu University 
Hospital, Helsinki University Hospital ND (FEP; SZ)

Healthy donor North Estonia Medical Blood Centre HC
Chemicals, peptides, and recombinant proteins
SARS-CoV-2 spike protein S1 subunit Icosagen Cat#P-305-100
SARS-CoV-2 spike protein S2 subunit Icosagen Cat#P-306-100
Ph.D.™-12 phage display peptide library (modi-
fied from original library) New England Biolabs Cat#E8110S

Critical commercial assays
Catalysed signal amplification (CSA) system II, 
biotin-free, HRP, DAB+ Dako (Agilent) Cat#K1497

Anti-CMV ELISA (IgG) EUROIMMUN Cat# EI 2570-9601 G
Anti-EBV-CA ELISA (IgG) EUROIMMUN Cat# EI 2791-9601 G
Software and algorithms
SPEXS2 algorithm Courtesy of Egon Elbre https:// github. com/ egone lbre/ spexs2
ImageJ v. 1.53a Schneider et al., 2012 https:// imagej. nih. gov/ ij/
RStudio v. 1.3.959 RStudio Team, 2020 https:// www. rstud io. com
R “tidyverse” packages Wickham et al., 2019 https:// doi. org/ 10. 21105/ joss. 01686
R “HPAanalyze” package Tran et al., 2019 https:// doi. org/ 10. 1186/ s12859- 019- 3059-z
R “ggpubr” package Courtesy of Kassambara https:// CRAN.R- proje ct. org/ packa ge= ggpubr

R “ggbeeswarm” package Courtesy of Clarke and Sherrill-Mix https:// CRAN.R- proje ct. org/ packa ge= ggbee 
swarm

MS Office Excel 2016 Microsoft Corporation https:// www. micro soft. com
Adobe Photoshop CS4 version 11.0 Adobe Systems Inc https:// www. adobe. com
Other
Protein G magnetic beads New England Biolabs Cat#S1430S
Immune epitope database Immune Epitope Database https:// www. iedb. org
Human protein atlas v.20.0 Uhlen et al.,  201542 https:// www. prote inatl as. org

UniProtKB human reference proteome 43 https:// www. unipr ot. org/ prote omes/ UP000 
005640; ID: UP000005640

SARS-CoV-2 proteome sequences 44 https:// www. viral zone. expasy. org/ 8996

The study was conducted in accordance with the guiding principles of the Declaration 
of 182 Helsinki and the study participants gave written informed consent before enrolment. The sample data 
on myocardial infarction (MI), breast cancer (BC) and schizophrenia (SZ) samples are described in detail in 
Pupina et al.  202245. The use of multiple sclerosis (MS) and coronary artery disease (CAD) cohort samples was 
approved by the regional ethics committees (Dno 83/13/03/01/201340 and licence no 106/200746, respectively). 
Use of samples from type II diabetes (T2D) patients was approved by the Ethics Committee of University Hos-
pital of Liege (permit no 2018/78). First-episode psychosis (FEP) cohort and samples from COVID-19 patients 
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were used with the approval of the Ethics Committee of the University of Tartu (licenses no. 362/T-3 and 312T-2, 
respectively) and have previously been studied  in47,48. Healthy blood donor (HC) samples were procured from 
the North Estonia Medical Blood Centre (Tallinn, Estonia) and approved with study licence TAIEK no 1045.

The antibody immune profiles were generated by MVA from SARS-CoV-2 naïve indi-
viduals (n = 538, Table 1), comprising patients with different clinical diagnoses (n = 276) and healthy controls 
(n = 262). COVID-19 naïve blood samples were collected prior to SARS-CoV-2 emergence (between April 2010 
to Dec 2018) and chosen to represent a cross-section of the general uninfected, unexposed, unvaccinated popu-
lation. Cardiovascular disease  (CAD46 and  MI45) and neuropsychiatric disease (FEP and  SZ45,47,48) samples are 
matched with control samples (Table 1) by the design of the original studies. Type II diabetes (T2D), multiple 
sclerosis (MS) and breast cancer (BC) sub-cohort patient samples have been analysed against selected controls 
samples (Table 1). In addition, time-series samples from six patients with COVID-19 diagnoses were analysed 
by MVA, and samples from two of these patients were analysed by dot-ELISA methods (Table S1). These samples 
were initially collected in the hospital emergency room (ER) and consecutive time-series samples were collected 
in the stationary care unit during disease progression or recovery process.

For qualitative and quantitative characterisation of humoral immune 
response, we used an in-house developed mimotope-variation analysis (MVA) method as described 
 previously40,41. In brief, modified random 12-mer peptide phage library (Ph.D.-12, New England Biolabs) was 
used. Two μl of serum/plasma samples was precleared to plastic and E. coli/wild type M13 phage particles. After 
preclearing, serum/plasma samples were incubated with 2.5 μl library (~ 5 ×  1011 phage particles) and phage-
immunoglobulin G (IgG) antibody complexes were recovered using protein G-coated magnetic beads (S1430S, 
New England Biolabs). Captured phage DNA was analysed by next generation sequencing (Illumina HiSeq, 
50-bp single end reads) with barcoded primers for sample multiplexing. To evaluate the reproducibility of the 
data, we compared peptide abundance in two replicates using Pearson correlation coefficient, which was 0.985 
(p < 0.0001) (Fig. S1). Obtained sequences were bioinformatically cleaned of sequencing errors and known arte-
facts, yielding peptide profiles for further analysis.

Peptides in a sample dataset cleaned of sequenc-
ing errors and known artefacts were normalised to 3 million reads (RPM units). SPEXS2 exhaustive pattern 
search  algorithm41 was used to cluster similar peptides and reveal recognition patters (epitope consensuses) 
that were enriched in studied peptide sets. The identification of core consensus sequences was either performed 
discriminatorily (see below for details), where selected peptide sets were studied for enrichment compared to 
control group, or non-discriminatorily (see below for details), where enrichment was identified compared to a 
random-generated peptide set (hypothesis-free). The decision of whether to compare sample peptides to ran-
dom-generated reference peptide sets or to peptides from matched controls samples was determined by the 
clinical question of the  study40,45,46with parameters chosen to maximise the number of epitope consensuses in 
the output. In brief, for each clinical group, 100,000s of distinct peptide antigens were used as input, from which 

Table 1.  Descriptions of clinical cohorts of COVID-19 naïve individuals.

No Cohort (abbreviation) Study group Group size (n) Gender
Age (mean ± standard 
deviation (SD)), years Origin Case or ctrl Previous studies

Cardiovascular diseases (CVD, with comorbidities including obesity, hypertension, diabetes)
1 CAD No-CAD 32 17M/15 F 60.2 ± 8.3 Finland Ctrl 46

Stable-CAD 32 26M/6F 64.3 ± 8.4 Finland Case 46

Acute coronary syndrome 32 24M/8F 61.3 ± 8.2 Finland Case 46

2 MI HC 61 25M/36F 46.2 ± 15.5 Estonia Ctrl 45

MI 50 29M/13F/10 not available 
(NA) 66.8 ± 12.6 Estonia Case 45

3 T2D and foot ulcer T2D 25 21M/4F 69.0 ± 8.7 Belgium Case None
Autoimmune disease
4 MS MS 20 4M/16F 32.3 ± 7.8 Finland Case 40,45

Cancer
5 BC BC 57 0M/57F 55.7 ± 7.2 Finland Case 45

Neuropsychiatric disorders (ND)
6 FEP HC 30 15M/15F 24.0 ± 6.1 Estonia Ctrl 47,48

FEP 30 16M/14F 25.6 ± 4.9 Estonia Case 40,47,48

7 SZ HC 30 12M/18F 42.1 ± 18.2 Finland Ctrl 45

SZ 30 12M/18F 41.9 ± 18.4 Finland Case 45

Healthy blood donors
8 Donors HC 109 64M/45F 40.6 ± 11.6 Estonia Ctrl 40,45
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1000s of distinct core epitopes were identified with SPEXS2 algorithm. The output of distinct core epitopes 
generated for each of the sub-cohorts (CAD, MI, T2D, BC, FEP, SZ, MS) were combined together and further 
analysis was carried out across the whole study cohort. Altogether a total set of core epitopes (n = 22,949) was 
generated, for the entire cohort including data from samples of different age groups, genders and clinical back-
ground. All the 22,949 consensus epitope sequences were aligned to primary sequence of the SARS-CoV-2 spike 
glycoprotein (S) (UniProtKB code: P0DTC2).

The generation of distinct consensus epitopes (n = 8088) for CAD cohort 
is described in detail  in46. The generation of distinct consensus epitopes (n = 4019) for MI cohort is  in45.

For analysis of T2D with foot ulcer condition, most abundant and shared peptides from MVA immunoprofiles 
were selected with criteria: peptide must be present in ≥ 10 repeats in one sample; and must be present in ≥ 2 
samples. The resulting peptide set was compared with random-generated peptide set of same length and enriched 
consensuses were identified using SPEXS2 algorithm, using hypergeometric p-value <  10–7 and motif to be pre-
sent in ≥ 4 distinct peptides. As a result, epitopes (n = 1169) with ≥ 4 fixed amino acid positions were identified.

For cancer-related immunoprofiles, patients with surgically removed BC (denoted as BC), top 900 most abun-
dant peptides from each sample were screened separately for epitope consensus identification (≥ 5 fixed amino 
acid positions). These identified from ≥ 2 samples were extracted for further analysis and motifs more detected 
in BC were selected. Additionally, peptides from a large non-unique dataset (shared in ≥ 2 samples) that did not 
contain any consensuses identified by the above-mentioned approach, were examined separately. Peptides pre-
sent in ≥ 4 samples (> 10%) in BC group were extracted and common consensus sequences were identified with 
SPEXS2 tool (with hypergeometric p-value <  10–3, ≥ 5 fixed amino acid positions, epitope consensus to be present 
in ≥ 4 unique peptides). Altogether, distinct consensus epitopes (n = 1,014) were selected for further analysis.

Within FEP and SZ cohorts, most abundant and shared group-specific peptide 
antigens were extracted for each of the control and case groups, based on criteria: the chosen peptide must be 
present in ≥ 10 repeats in one sample; and must be present in ≥ 10% of the samples within the given group. Core 
consensus epitopes were defined for each group independently with SPEXS2 as motifs that were more enriched 
when compared to at least one of the 3 different reference sets: (1) random-generated reference set of same 
length, where amino acids were scrambled within-peptides; (2) random-generated reference set of same length, 
where amino acids were scrambled within amino acid positions- and across peptides; and (3) the top abundant 
peptide set from the control group. Distinct consensus epitopes identified from SPEXS2 analyses were selected, 
based on criteria: hypergeometric p-value <  10–6 (FEP), <  10–5 (HC of FEP), <  10–8 (SZ), or <  10–6 (HC of SZ); 
consensus epitope present in ≥ 4 distinct peptides; ≥ 4 fixed amino acid positions. Epitope consensuses matching 
these criteria were selected for FEP (n = 228), SZ (n = 1785), HC of FEP (n = 1935), HC of SZ (n = 760).

Within MS group, subgroups with or without initial optic neuritis diagnosis were analysed separately. The 
topmost abundant peptides from both subgroups were extracted with criteria: peptide count ≥ 5 in ≥ 1 sample. 
Using SPEXS2 the peptide sets were compared to top peptide set of age- and sex-matched controls with no MS 
 diagnosis40 using criteria: hypergeometric p-value <  10–7; epitope consensus to be present in ≥ 4 distinct peptides 
and have ≥ 4 fixed amino acid positions. As a result, distinct epitopes (n = 3,500) were identified for MS group.

The primary sequence of SARS-CoV-2 S (P0DTC2) was obtained 
from www. viral zone. expasy. org/ 8996 (date accessed 25.03.2020). To predict immunogenic regions on S, we 
followed two complimentary alignment approaches. First, primary sequence of SARS-CoV-2 S protein was 
scanned with distinct epitope consensus (n = 22,949) with the criterion of  ≥ 4 exact-matching amino acid posi-
tions. Random reference profile was generated by scanning with shuffled-sequence motifs (≥ 4 exact positions) 
in order to qualitatively assess alignment enrichment on local protein regions. An additional random alignment 
distribution was simulated with 3 independent alignments with scrambled motifs in order to assess statistical 
significance of specific alignment results. Specific alignments with values above 97.5th percentile (two-tailed) 
of simulated distribution were considered statistically significant (*p < 0.025, **p < 0.005, ***p < 0.0005). Two 
regions (amino acid positions 623–633 and 708–713) were excluded based on lower count of unique peptide 
epitopes (< 200) or insufficient specific/random ratio (< 3 positions with ratio ≥ 2) values. Secondly, to identify 
regions with less prevalent yet sufficiently high alignment enrichment results, an additional approach was taken. 
For the epitope consensuses, the number of fixed amino acids for alignments was 4. Therefore, on a protein 
region of 20 amino acids, the probability of exact match with this region was 17/204 = 1.1 ×  10–4. With an input 
of all epitope consensuses (n = 22,949), the number of theoretical exact alignments to any 20-amino acid region 
would be 2.4. Therefore, to identify potential immunogenic regions, the threshold for significance was set to ≥ 3 
of exact-aligned epitope consensuses. Based on this criterion, epitopes S1.4 and S2.1 were included with the 
other described immunogenic regions. The composition of top 10 most abundant peptides representing the 15 
defined S epitopes across the cohort of 538 samples is shown in Table S2.

Alignment profiles on the primary sequence of SARS-CoV-2 S protein were generated using custom Excel 
VBA scripts and MS Office Excel, and visualised using R “tidyverse”  packages49. The data was visualised using 
centred weighted moving averages across 9 amino acid positions. The displayed value (value) was calculated per 
each amino acid position (n), taking into account the raw values (a) of given and four adjacent positions in both 
directions and multiplying those with weights (from 1 to 5):

value =
1 ∗ (an−4 + an+4) + 2 ∗ (an−3 + an+3) + 3 ∗ (an−2 + an+2) + 4 ∗ (an−1 + an+1) + 5 ∗ an

25
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Individual sample peptide alignment. For the analysis of individual peptide align-
ments of samples that were used in dot-ELISA (n = 9), all peptide sequences underlying the 15 MVA-predicted 
epitopes were aligned to SARS-CoV-2 S protein primary sequence, taking into account the different abundance 
values of peptides in individual immunoprofiles. Alignment was performed with ≥ 4 matching amino acid po-
sitions, ratio of specific/random alignment (with shuffled peptide sequences) was calculated for each amino 
acid position on SARS-CoV-2 S protein primary sequence, and data was visualised as heatmaps using centred 
weighted moving averages of ratios across nine amino acid positions.

Human pathogen and human proteome alignment. Reference proteins of common human viruses were 
obtained from UniProtKB with keywords “taxonomy: “Viruses [10239]”” + “host: human” + “reviewed: yes” (date 
accessed: 10.11.2020, altogether 6114 viral proteins). Human reference proteome was obtained from UniProt 
Proteome database (Proteome ID: UP000005640, date accessed: 16.11.2020, altogether 75,069 sequences).

Constructed viral protein and human protein databases were first scanned with 15 SARS-CoV-2 S protein 
epitope representative motifs. Using custom Excel VBA scripts a reference set of viral and human proteins that 
contained at least 1 predicted S protein epitope was generated. 7.5% (458) of human-associated virus proteins and 
6.3% (4,968) of human proteome sequences matched ≥ 1 MVA predicted S protein epitope(s). Next, the primary 
sequences of reference set proteins from Swiss-Prot (excluding TrEMBL) were aligned with MVA captured pep-
tides containing these 15 S epitopes (900 most abundant peptides per each defined epitope across 538 samples) 
by using standalone BLAST + blastp function (v. 2.11.0) with the following criteria: (i) word size: 2, (ii) gap open 
penalty: 9, (iii) gap extend penalty: 1, (iv) substitution matrix: PAM30, (v) threshold: 11, and by disallowing 
composition-based statistics correction. E-value threshold for human virus proteins was set to 200,000, while 
E-value threshold for human proteome alignment was set to 2000. Output was further curated to select for the 
highest scoring target alignments of the 15 epitopes of SARS-CoV-2 S based on E-value (< 0.05, except for human 
coronavirus proteins, where E-value > 0.05 was allowed) and identity (> 48%, i.e. at least 5 matching amino acid 
positions in the 12-mer peptide for viral proteins and > 52%, i.e. at least 5 matching amino acid positions from 
the 12-mer peptide for human proteins) (Tables S3 and S4).

The alignment data were visualised using R statistical programming (v. 4.0.2, https:// www.R- proje ct. org/) and 
RStudio environment (http:// www. rstud io. com/). Violin plots were produced and visualised using R “tidyverse” 
 packages49.

Human Protein Atlas (HPA, v. 20.0, http:// www. prote inatl as. org)42 gene expression data was used to visualise 
the expression of human proteins that aligned with SARS-CoV-2 S protein epitope peptides. “HPAanalyze” R 
 package50 was used to access gene expression data of normal tissue from HPA repository. Expression data deemed 
“Uncertain” by the “Reliability” parameter were excluded and data was visualised with “ggplot2”51.

IgG-bound peptide abundance 
values of 15 epitopes were calculated for each sample in the COVID-19 naïve cohort (n = 538) and normalised 
per epitope with the 97.5% percentile value (to allow for comparison of epitopes). Subjects with a relatively 
higher response (normalised value > 0.5) to at least two epitopes on S protein (of the 15) were grouped into the 
“high” group, whereas others to the “low” group.

B cell epitopes for the SARS-CoV-2 S protein for naïve 
individuals were derived from Grifoni et al.  study52, for COVID-19 from several published  studies27,53–57. Amino 
acids of SARS-CoV-2 S protein important for binding of human ACE2 have been reported by different  groups58 
and anti-spike RBD neutralising antibody CR3022 discontinuous epitope were reported by ter  Meulen59 and 
Rogers and  colleagues53. Domains of SARS-CoV-2 S protein were accessed  from54,60. Raw data of  PEPperCHIP® 
SARS-CoV-2 Proteome Microarray is from Schwarz et al.,  202161. Reported epitopes in Immune Epitope Data-
base (IEDB) were accessed on 11.07.2022 with the following criteria: Organism—SARS-CoV2 (ID:2697049); 
Antigen—Spike glycoprotein (PODTC2); B cell Assay—Outcome "Positive" and Neutralization" (Table S5).

Independent validation experiments for IgG immunoreactivity 
measured by MVA were performed with dot-ELISA experiments. Peptides containing CMV- and EBV-specific 
epitopes previously described  in40 were printed as follows. Recombinant phages displaying in the N-terminus of 
the pIII of M13 peptides of interest, specifically (TLPMDTSPRAHW containing epitope of viral capsid antigen 
(VCA) p18 of Epstein-Barr virus (EBV)) (specific) and TLPMDASPRAHW (control). In addition, peptides con-
taining epitope of glycoprotein B (gB) of human cytomegalovirus (CMV) NETIYNTTLKYGGGGDYKDDD(LY
S(BIOTIN)) were synthesised by Genescript (US). For dot-ELISA, peptides or peptide-displaying phages printed 
onto nitrocellulose filter pads (Amersham Bioscience) as duplicates by  SpotBot® 4 (Arrayit) were exposed to 
human precleared sera/plasma (dilution 1:100 for MS sub-group samples and 1:50 for CAD sub-group samples) 
for 1 h at room temperature and then incubated with rabbit anti-human IgG (HRP) (Abcam, ab6759; dilution 
1:1000) as a secondary antibody. Images were scanned using EttanTM DIGEImager (GE Healthcare Life Sci-
ences). All printed dot intensities were calculated and analysed further as averages of duplicates. With CAD 
samples, n = 28 samples were assayed for seroreactivity to epitope on gB of CMV and n = 54 samples for VCA 
p18 of EBV. Seroreactivity to epitope on gB of CMV was calculated by subtracting the background intensity of 
the dot and displayed in arbitrary units (AU). Seroreactivity to epitope on VCA p18 of EBV was calculated as the 
difference between signals of specific vs control phage (signal difference, in AU) in the MS cohort, whereas in the 
CAD cohort as the ratio between signals of specific vs control displayed epitopes (signal ratio, in AU).
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Spike protein fragments of S1 subunit (amino acids 14–681, cat no. P-305–
100), S2 subunit (aa 693–1218, cat no. P-306–100) and RBD (aa 319–541, cat no. P-307–100) (Icosagen AS) 
were diluted in 1× PBS (pH 7.4), blotted onto nitrocellulose membranes (50 ng of protein per dot) (Amersham 
Biosciences, cat no. RPN 1520D) and blocked with 5% non-fat dried milk powder (DMP) (Applichem, cat. no. 
A0830) in 1xPBS-0.05%-Tween20 for 1 h at room temperature. For linear epitope analysis, spike protein subu-
nits S1, S2 and RBD were denatured in 4 M Urea (Applichem, cat. no. A8113) for 1 h at room temperature prior 
to blotting. Sera/plasma samples (1:50 dilutions) were pre-treated overnight with 1:2 solution of E. coli phage 
lysate in 2.5% DMP in 1xPBS-0.05%-Tween20 at + 4 °C to reduce non-specific signals. Blocked nitrocellulose 
membranes (5% DMP in 1xPBS-0.05%-Tween20, 1 h at RT) were washed with 1xPBS-0.05%-Tween20 and incu-
bated for 4 h at room temperature with human sera/plasma sample dilutions to form SARS-CoV-2 S protein-
specific immunoglobulin and S subunit complexes. After washes, membranes were incubated with 1:1000 rabbit 
anti-human IgG HRP-conjugated secondary antibody (Abcam, cat no. ab6759) in 2.5% DMP in 1× PBS-0.05%-
Tween20 for 1 h at room temperature. Signal amplification system (Dako, CSA II System kit, cat no. K1497) was 
used for sensitivity enhancement with reagents diluted to either 1:10 for amplification reagents or to 1:100 for 
DAB chromogen in 1× PBS-0.05%-Tween20 buffer. Membranes were digitally scanned and signals quantified 
using ImageJ software (version 1.53a)62. The averages from two technical replicate dots were calculated per each 
experiment (n = 3) and intensity values were represented as proportional to a COVID-19 positive case (P1#1, 
Table S1). Averages ± SEM of three independent experiments are represented on figures.

Anti-CMV and anti-EBV serostatus was measured from serum/plasma samples with ISO/IEC-
17025:2017 accredited methods. In brief, serological analyses were performed with anti-CMV IgG ELISA 
method (EUROIMMUN EI 2570-9601 G) and with anti-EBV CA IgG ELISA method (EUROIMMUN EI 2791-
9601 G) according to manufacturer’s specifications. Absorbance was measured at 450  nm with SpectraMax 
Paradigm (Molecular Devices). Altogether serum or plasma samples of 199 subjects from the clinical cohorts of 
healthy donors (n = 83), MS (n = 20), or CAD (n = 96) were analysed for anti-CMV IgG antibodies and 241 sub-
jects from the clinical cohorts of healthy donors (n = 19), MS (n = 20), FEP (n = 60), SZ (n = 46), or CAD (n = 96) 
were analysed for anti-EBV CA IgG antibodies.

All statistical analyses (Pearson correlation calculation, Mann–Whitney U test, mul-
tiple linear regression analysis) were done using R statistical programming and RStudio environment (https:// 
www.R- proje ct. org/; URL: http:// www. rstud io. com/). Boxplot graphs were produced and visualised using R 
“tidyverse”  packages49, “ggbeeswarm”, and “ggpubr”63,64. On boxplots, the upper, middle and lower boxplot lines 
represent the 75th, 50th and 25th percentiles, while whiskers represent the largest or smallest value within 1.5 
times interquartile range above the 75th percentile or below the 25th percentile, respectively and outer dots 
indicate outliers. Reported p-values were not adjusted for multiple comparisons, as this study was viewed as a 
hypothesis-free approach with an emphasis on discovering new relationships in a retrospective cohort.

We 
used a high throughput random peptide phage display method (MVA)33,34 to investigate potential cross-reactive 
antibody epitopes on SARS-CoV-2 S antigen in a cohort of SARS-CoV-2 unexposed (= COVID-19 naïve, also 
unvaccinated) individuals (n = 538, Table 1). Our discovery cohort of COVID-19 naïve included sera samples 
collected before 2017 from both, healthy individuals (Ctrl) and people diagnosed with various acute illnesses 
and chronic conditions (Case) to reflect the overall diversity of general population (Table 1). The mean age in 
case sub-cohorts of adults varied from 24 to 69 years, and the proportion of men varied between 20 and 84% for 
most sub-cohorts (Table 1).

Using MVA we defined 15 highly antigenic epitopes on the S protein, of which ten were on subunit 1 (S1) and 
five on subunit 2 (S2) (Fig. 1 and Table 2). The majority of these epitopes (epitopes S1.1 to S2.4) were exposed 
on the exterior surface of SARS-CoV-2 S trimer (Fig. S2A). Seven of the 15 identified epitopes were partially 
overlapping with epitopes previously reported for COVID-19 unexposed  individuals52 with an average overlap 
of 60% per epitope (Table 2). Epitopes S2.2 and S2.5 colocalised precisely with antigenic determinants reported 
by others, whereas epitope S1.8 extended to a more C-terminal region (amino acids 570–582) (Table 2). Fur-
thermore, almost half of resolved epitopes (S1.8, S1.9, S1.10, S2.1, S2.2, S2.3, and S2.5) mapped to antigenic 
regions of S against which immune response has been detected in asymptomatic, mild, and severe COVID-19 
cases (Table 2  and27,55–57). In good agreement with published data from SARS-CoV-2 proteome-based peptide 
 arrays61, we found that linear peptides from these studies that contained our resolved epitopes on S protein 
showed differential seroreactivity in naïve, mild and severe COVID-19 samples (Fig. S3).

Epitopes S1.1 to S7 locating to the N-terminal region of S1, encompassed the antigenic sites against which 
antibody response was detected by others in COVID-19  patients27,55–57,61,65 and also its neutralising effects (Table 2 
and Table S5). Interestingly, three epitopes (S1.1 to S1.3) were encompassing the anti-NTD supersite of S with 
neutralisation  activity66–68. Four epitopes (S1.4 to S1.7) were identified in the receptor binding domain (RBD, 
amino acids 319 to 542) of SARS-CoV-2 S protein, spanning amino acid residues (319 to 542) that are involved in 
angiotensin-converting enzyme 2 (ACE2)  binding53, and targeted by neutralising  antibodies69,70 (Fig. 1, Fig. S2B). 
The epitope S1.5 overlapped at the I468 residue with the binding site of highly neutralising antibodies which 
showed good breadth against SARS-CoV-2 variants but not against BA.2.12.1 and BA.4/BA.5 Omicron sub-
lineages with L452  mutations71. Additionally, epitopes S1.1, S1.3-S1.8, S1.10 and S2.2 encompassed antigenic 
regions with SARS-CoV-2 S neutralising activity (Tables 2 and S5) with S1.6 with overlapping in the E484 residue 
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of the Omicron BA.1 escape mutant (E484A)2. A few of the resolved epitopes (S1.9, S1.10 and S2.5) included 
N-glycosylation sites (72 and Table 2). However, some data demonstrate that glycosylation is not essential for 
serorecognition of linear epitopes in spike upon COVID-19  infection73. Of note, some of the epitopes, includ-
ing with neutralising/protective activity, embedded the common mutations of the emerging Omicron variants 
(Fig. 1, Tables 2 and S5).

Collectively, these data suggest that IgG antibody responses to distinct epitopes of SARS-CoV-2 S protein is 
common across the naïve population and reactivity to the same antigenic regions is detected by serostudies of 
COVID-19 patients (Table 2 and ref in the Table 2).

Next, we wanted to know whether cross-strain or cross-species immunity could be behind 
the observed epitope-specific pre-existing anti-SARS-CoV-2 S immunoreactivity. Sequence alignment analysis 
across human viral antigens resulted in frequent detection of other human coronaviruses (HCoVs, including 
SARS-CoV, OC43 and HKU) (Fig. 2A, Table S3). In addition, significant homology of the resolved S epitopes was 
also observed with common herpes-, papilloma-, and respiratory (including influenza) viral antigens (Table S3). 
For example, antigens of human cytomegalovirus (CMV) and of Epstein-Barr virus (EBV), shared significant 
similarity with peptides containing epitopes S1.8 and S2.2 (Fig. 2A, Table S3) and these epitopes similar to CMV 
and EBV seroprevalence were also associated with age (Fig. S4A). Diagnostic serology measurements confirmed 
CMV and EBV seropositivity in analysed samples (Fig. S5A). However, in samples with CMV and EBV serol-
ogy findings differential epitope-specific anti-S antibody response was evident (Figs. S6, S7), suggesting that 
herpesviral antigens can be direct molecular mimics of S antigenic determinants or indirectly associated with 
the heterologous immunity towards SARS-CoV-2 S. Epitopes S1.10 and S2.5 showed higher antibody responses 
in CMV + samples of both Ctrl and Case groups when compared to CMV-samples (Fig. S6), while seroresponse 

Figure 1.  MVA-defined epitopes on SARS-CoV-2 spike protein. Alignment profiles of the most abundant and 
common immune response features from MVA immunoprofiling data of COVID-19 naïve subjects (n = 538), 
including altogether 22,949 unique epitopes characterising core motif sequences (hypergeometric p-value <  10–3 
for core epitope recognition) on the primary sequence of SARS-CoV-2 S protein (UniProtKB code: P0DTC2). 
The abundance of aligned core epitope sequences (black Specific, primary y-axis) in peaks was significantly 
higher (**p < 0.01, ***p < 0.001) compared to random alignment (light gray random, primary y-axis). Of aligned 
core epitopes, 111 were with exact matches in all amino acid positions (blue specific, secondary y-axis). Regions 
of primary sequence with alignment load of > 2 motifs (the calculated theoretical random) (gray random line, 
secondary y-axis) were considered as potentially immunogenic and included in further analysis. Alignment 
profiles were visualised as centred moving averages across 9 amino acids. 15 epitopes (designated S1.1….10 on 
subunit 1 of S (S1) and S2.1….5 on subunit 2 of S (S2)) from MVA data analysis (predicted) were defined on 
SARS-CoV-2 S protein (x-axis) with representative consensus sequences shown. Common mutations observed 
in emerging SARS-CoV-2 variants were mapped to MVA-identified S epitopes and highlighted with red labels. 
Most common variants with enhanced transmissibility of SARS-CoV-2 variants with L452R, E484K/Q, and 
H655Y  mutations99,109,123 encompass epitopes in S1.5, S1.6, or S1.10 respectively. Primary y-axis—abundance of 
specific- vs random-aligned sequences with ≥ 4 matching positions (includes also exactly-matching sequences). 
Secondary y-axis—abundance of aligned motif sequences with all positions matching. SARS-CoV-2 S protein 
domains are adapted from Wrapp et al.54 with additional information on RBD from Yuan et al.53. SS signal 
peptide 1–12; NTD N-terminal domain (13–303); RBD receptor binding domain (319–542); S1/S2 S1 subunit end 
and S2 start site (683–686); S2’ S2’ protease cleavage site (815–816); FP fusion peptide (816–833); HR1 heptad 
repeat 1 (908–985); CH central helix (986–1035); CD connector domain (1076–1141); HR2 heptad repeat 2 
(1163–1202); TM transmembrane domain (1214–1234).
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to epitopes S1.6, S1.8, S1.9 and S2.1 was significantly higher (S1.8, S1.9, S2.5) or lower (S1.6) in EBV + samples 
of Case group when compared to EBV + Ctrl group (Fig. S7). High sequence similarity was also found between 
epitopes of SARS-CoV-2 S protein and antigens of influenza A H1N1 (FLUA), respiratory syncytial virus type 
B (HRSV-B), rhinoviruses 2/16 (HRV-2/16), adenovirus A type 12 (HAdV-A) and most frequent papillomavi-
ruses (HPV6 and HPV11, Fig. 2A, Table S3). By using dot-ELISA, we independently validated the IgG antibody 
response detected by MVA at a peptide level to common epitopes of CMV glycoprotein B and EBV VCA p18 
 proteins40 (Fig. S5B). Collectively, our data conclude that heterologous immunity between epitopes of various 
common human viruses and SARS-CoV-2 S can be common.

Table 2.  The epitopes identified by MVA on SARS-CoV-2 spike glycoprotein are validated by using external 
data showing partial overlap with antigenic domains reported for COVID-19 naïve and diseased and with 
neutralising epitopes. The following information is given in columns: unique identification (a), amino acid 
position (b), amino acid sequence with glycosylation patterns bolded and underlined (c), representative 
epitope consensus sequence (d), immunogenic regions with amino acid positions on S indicated from other 
informatic and seroreactivity studies and from IEBD data on B cell neutralising antibody response (see 
Table S5) (e), frequent mutations described in new variants of being monitored (VBM) and of concern (VOC) 
of SARS-CoV-2  S122, where the highly mutated Omicron (B.1.1.529) sublineages (designated with “O”) that 
have enhanced transmissibility and mutations that show differential (often escape from) neutralising antibody 
response (marked with “*”) are shown in (f) as A1, A2, A3, A4, A5—Omicron sublineages, BA1, BA2, BA3, 
BA4 and BA4 respectively.2,71,99,109,122–126. N neutralising/protective antibodies shown, **, high IgG titre was 
associated with poor clinical outcome (development of pneumonia, needing care in the intensive unit or 
needing assisted pulmonary ventilation).

Epitope 
identification (a)

Amino acid 
position (b) Sequence (c)

Representative 
epitope (d)

Data on antigenic regions from other studies (e)
S mutants of 
variants of 
SARS-CoV-2 
(f)

Bio-informatic 
predictions in 
COVID-19 naïve

Serostudies
IEBD: B cell neutralising 
antibody response

COVID-19 
naïve

COVID-19 
diseased

S1 subunit
S1.1 26–34 PAYTNSFTR NSF.R P26 P26S124

S1.2 47–58 VLHSTQDL-
FLPF V..S..D…P – Q52R124

S1.3 170–185 YVSQPFLM-
DLEGKQGN L..K.GN 178–185

S1.4 384–390 PTKLNDL PTKL..L 384–390

S1.5 445–471
VGGNYNY-
LYRLFRKSNL-
KPFERDISTE

K….DI.T 469–48352 445–471

G446SO:A1,A32,71

L452MOA271

L452QO:A2 71

L452R O:A4,571

L452R/Q*127

G446SO2

S1.6 481–495 NGVEGFNCYF-
PLQSY N.VE.F 469–48352 481–495

E484K/Q*123,127

E484AO2

F486VO:A571

F490S124

Q493/KO2

S1.7 514–523 SFELLHAPAT S…LH…T 514–523

S1.8 570–582 ADTTDAVRD-
PQTL PQTL 550–57027

553–57055 N**
550–57027

532–58827

560–61627

A570 A570D124

S1.9 599–612 TPGTNTSNQ-
VAVLY GTN.S 592–62052 588–64427

560–61627 –

S1.10 650–660 LIGAEHVNNSY L..A…..SY 652–66152 655–67256 N**
616–67227 H655 H655Y128*O124

N658S O:A571

S2 subunit

S2.1 757–768 GSFCTQLN-
RALT T.LNR 757–76952 766–78527 – N764KO125

S2.2 804–815 QILPDPSKPSKR I.P…KP
810–81657

785–80527

810–83027

809–82655 N**
787–82256

810–81657

785–80527

810–83027

812–86827

–

S2.3 858–869 LTVLPPLLT-
DEM V.P.L…E 867–88052 812–86827 – T859N126

S2.4 937–944 SLSSTASA SL.S…A 915–94652 –

S2.5 1151–1161 ELDKYFKNHTS EL….K…S 1157–116452 1146–116627 1147–115856

1146–116627 1148–1158
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Recent evidence also suggests that the existence of pre-COVID-19 autoimmunity plays a role in disease 
 outcome30,74. Therefore, we focused on the human proteome and identified at least 63 human proteins with highly 
similar antigenic determinants to resolved epitopes of SARS-CoV-2 S (Fig. 2B, Table S4). Furthermore, analysis of 
the Human Protein Atlas expression  data42 revealed that these proteins were differentially expressed with several 
of them displaying central nervous system and immune system specificity (Fig. S8). For example, epitope S1.3 
mapped to kinase D-interacting substrate of 220 kDa (KIDINS220, Fig. 2B, Table S4), which has a crucial role in 
neuronal and cardiovascular  development75. Relatedly, immune responses against epitope S1.3 were stronger in 
COVID-19 naïve men with heart disease (Fig. S4B). Epitope S1.7 showed mimicry to leucine-rich repeat serine/
threonine protein kinase 2 (LRRK2; Fig. 2B, Table S4), which is associated with Parkinson’s and inflammatory 

Figure 2.  15 SARS-CoV-2 S protein epitopes mimic common viral protein antigens and self-proteins 
implicated in normal development and disease. Pathogen proteins and human proteome were accessed from 
UniProtKB and aligned with 13,500 most abundant IgG-bound 12-mer peptides containing one representative 
SARS-CoV-2 S protein epitope (from S1.1 to S2.5) using standalone BLAST with alignment criteria customised 
to short sequences. (A,B) Viral and human proteins mimicked by SARS-CoV-2 S protein epitopes are depicted 
on violin plots and were identified using blastp alignment analysis at E-value ≤ 0.05 (except for visualising SARS-
CoV, SARS-CoV-2, HKU1, and OC43 alignments where E-value was not restricted). Each dot represents the 
relative abundance of IgG response to a peptide in one sample from the cohort of SARS-CoV-2 naïve subjects 
(n = 538). See Tables S3 and S4 for detailed information on pathogen and human protein alignments, full protein 
names and accession codes.
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bowel  diseases76,77. High sequence similarity was found between epitope S2.2 and tropomodulin 1 (TMOD1) 
that is linked to synaptogenesis, chronic pulmonary disease and  cancer78. Interestingly, epitope S2.3 that showed 
differential immunoreactivity in COVID-19 naïve smokers and women with hypertension (Fig. S4C,D) shared 
high sequence similarity with proteins associated with  hypertension79, acute respiratory distress syndrome, 
periodontitis in  smokers80,81, but also with proteins involved in the development of the nervous  system81, and 
psychiatric  disorders82 (Fig. 2B, Table S4). Collectively, our data show that distinct seroresponse to epitopes of 
SARS-CoV-2 S protein in COVID-19 naïve could accommodate cross-reactive targets of B cell response against 
both, viral pathogens and self-proteins.

Next, we randomly picked samples (n = 8) from the COVID-19 naïve cohort 
with differential epitope profiles (Fig. 3A) along with the pooled IgGs of healthy subjects (n = 2700) (Fig. 3B,C, 
Table S1) to test for the presence of anti-S seroreactivity by dot-ELISA. Samples from patients from intensive 
care unit with severe COVID-19 disease (n = 2, COVID-19 +) were included for reference (Fig. 3B,C, Table S1).

The dot-ELISA signals detecting IgG response to recombinant spike subunits in both COVID-19 naïve and 
COVID-19 + samples were at similar value range (Fig. 3B, Fig. S9). Notably, anti-SARS-CoV-2 S protein serore-
activity was detected in all studied COVID-19 naïve samples (n = 9) (Fig. 3B) with more cross-reactivity to S2 
subunit as compared to S1 (S2/S1 signal ratio > 1), although one naïve individual (#1) showed a reversed pattern 
(S2/S1 signal ratio < 1, Fig. 3C).

Next, we analysed samples from patients who had been admitted to the hospital with the COVID-19 diagnosis 
(Table S1). Detailed, epitope-specific analysis of time-series samples from SARS-CoV-2 infected patients (n = 6) 
and matched controls (n = 6) was performed using MVA. While reactivity to epitopes S1.1 and S1.3 increased 
during COVID-19 progression, reactivity to epitopes S1.8, S2.1 and S2.4 remained high across the studied time-
window (Fig. 3D, Table S1). High reactivity to epitopes S1.1, S1.3, S1.4 (located in the RBD) and S1.8 was detected 
in three COVID-19 patients and in some COVID-19 naïve individuals, however the high antibody reactivity to 
S1.4 decreased in time of the COVID-19 patients’ stay in the hospital. Low immune reactivity to S1.10 and S2.5 
was observed in COVID-19 diseased, wherein response to these epitopes in naïve was high (Fig. 3D). Overall, 
we show that epitopes on spike protein identified in COVID-19 naïve are differentially targeted by antibodies 
elicited in COVID-19 patients.

We investigated whether pre-existing anti-
body response to SARS-CoV-2 S epitopes in COVID-19 naïve people could be landmarks of ill-health. For that, 
COVID-19 naïve cohort was divided into two: a Case group (n = 276) of subjects with diagnosis of different 
acute and chronic conditions (cardiovascular disease (CVD), breast cancer (BC), multiple sclerosis (MS), type 2 
diabetes (T2D), or neuropsychiatric disorders (ND)), and a Control group (n = 262) (Table 1). First, we observed 
that pre-existing high immune response to epitopes of the S protein was significantly prevalent in the Case 
group ( 2 test, ****p < 0.0001) (Fig. 4A and Fig. S10B), whereas the classification into low- or high- seroresponse 
groups was neither associated with age nor gender ( 2 test, ns p > 0.05, Fig. S10A). Correlation analysis showed 
no correlation between age of subjects and abundance of immune response as detected by MVA (Pearson R < 0.3, 
Table S6).

As Case group included a different proportion of “low” and “high” sub-groups compared to Control group 
(Fig. 4A), we developed multivariable logistic regression models by using 80% of the subset as a training data 
set to identify which pre-existing antibody epitopes on S were pathogenic and associated with serious health 
problems. We found that antibody response to epitopes S1.6, S1.8 and S2.1 was effective for identifying Case 
subjects with diagnosis of serious acute and chronic conditions (95% confidence interval (CI) for the area under 
the receiver operating characteristic (AUROC) was 0.697…0.790), sensitivity 71.0%, specificity 68.6% and the 
balanced accuracy 69.8%) (Fig. 4B). Separately, prior high antibody response to S1.6 was more frequent in Con-
trol group, whereas pre-existing response to S1.8 and S2.1 was more prevalent in Case group (Fig. 4C). Cross-
validation of the model against independent testing dataset (20% subset of data) was equally accurate within 
both “low” and “high” groups, with balanced accuracy values of 62% and 65%, respectively (Fig. S10C). Further, 
we observed that pre-existing antibody response to some of these S-specific epitopes was associated with certain 
disease groups. For example, pre-existing response to epitope S1.8 was higher in subjects with hypertension 
(Fig. S4B). Overall, we suggest that prior seroresponse to a combination of three epitopes of S (S1.6, S1.8 and 
S2.1) may be used for predicting the underlying risk of aggravated immunopathology of acute/chronic condition 
due to or associated with exposure to SARS-CoV-2 S antigen.

Here, 
we employed a high-resolution antibody response profiling technology (MVA) on a heterogenous cohort of 
COVID-19 naïve subjects including healthy subjects and people with one or more chronic or acute condition(s). 
Highly varied antibody response to SARS-CoV-2 and its emerging variants, in respect to antibody titres and 
neutralising activity, in the infected, vaccinated or people with hybrid immunity has been reported by several 
 studies83–86. However, few of these studies have characterized the individual differences in the pre-existing anti-
body epitope repertoire. We identified 15 highly immunogenic epitopes characteristic to naïve populations in 
SARS-CoV-2 S protein localising in NTD, RBD, FP, HR1 and HR2 domains with notable heterogeneity among 
individuals (Figs.  1 and 4A). Our 3D analysis showed that majority of these were surface-exposed epitopes 
(Fig. S2) and encompassed antigenic regions determined by other studies underscoring the clinical relevance of 
the resolved 15 epitopes (Table 2). However, a notable difference between our findings and others (see Table 2 
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Figure 3.  Differential antibody response to SARS-CoV-2 spike protein in COVID-19 diseased and naïve 
individuals. (A) Individual MVA immunoprofiles of antibody response to 15 epitopes of SARS-CoV-2 S in 
COVID-19 naïve samples shown as a ratio of specific vs random alignments. Ratios are visualised as centred 
moving averages across 9 amino acids. Y-axis—identifiers of samples, IgG pool refers to human pooled IgG 
sample, numbers 1–8 refer to COVID-19 naïve subjects (same as in B,C), Predicted—MVA-delineated epitopes 
on SARS-CoV-2 S; S1.1 to S1.10—epitopes on subunit 1 of S (dark blue); S2.1 to S2.5—epitopes on subunit 
2 of S (orange colour); total abundance—calculated total abundance of IgG-bound peptides aligned to S per 
individual sample; colour bar (ratio)—ratio of alignment loads of specific vs random (scrambled) IgG-bound 
peptide sets. (B) Seroreactivity of COVID-19 naive (n = 8) and COVID-19 patients (n = 2) to spike protein 
subunits S1 and S2. 50 ng of SARS-CoV-2 S protein recombinant subunits S1 and S2 were immobilised on 
nitrocellulose slides and incubated with human serum/plasma samples to measure immunoreactivity to SARS-
CoV-2 spike protein. Samples (n = 8) of selected subjects from COVID-19 naïve cohort (COVID-19 naïve 
1–8) were used, alongside with the pooled human IgG sample (IgG pool, n = 2700 individual healthy donors, 
Sigma-Aldrich, # I4506). Samples (n = 2) taken at hospital intensive care admittance from patients (P1#1, P2#1) 
diagnosed with COVID-19 were included as positive controls for anti-spike immunoreactivity (COVID-19+, 
1–2). Dots represent dot-ELISA data normalised to the sample from patient 1 (P1#1) (COVID-19+) separately 
for S1 and S2 subunits (100 represents 100%). Bar plot shows the sum of average of dot-ELISA results for S1 and 
S2 from independent experiments (n = 3). Error bars represent summarised SEM from independent S1 and S2 
results. (C) Scatter plot depicts average ratio of SARS-CoV-2 S2 and S1 signals in dot-ELISA experiments (n = 3) 
from (B). Error bars represent SEM. (D) Heatmap shows the abundance of IgG-bound peptides containing 
the 15 epitopes of SARS-CoV-2 S protein in COVID-19 patients and controls. MVA immunoprofiles of serial 
samples from COVID-19 patients (n = 6) at different time points, where #1 is the sample taken at time of 
hospital admittance and “#n” where n designates the number of days from the first sample withdrawal. CTRL 
(n = 6) are age- and gender-matched healthy subjects selected from the cohort of 538 people. Relative abundance 
depicts the abundance of IgG-bound peptides containing the corresponding S epitopes, where values above 2000 
are capped to 2000.
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for references) was that we observed cross-reacting IgG reactivity in COVID-19 naïve individuals to epitopes 
(S1.4, S1.5, S1.6) in RBD that included residues of the binding sites of neutralising antibodies (Table S5). We 
observed that predominant seroreactivity in naïve sera was against antigenic determinants outside the RBD of 
SARS-CoV-2 S (Fig. 1), consistent with the increasing recognition of non-RBD neutralising antibody  response87. 
Several of these epitopes concurred with the dominant linear epitopes that were identified by the study of mRNA 
vaccines as shared by vaccine naïve individuals and COVID-19 infected  subjects88. Further, NTD-targeting anti-
bodies with neutralising activities are of high interest (ref  in67). Our epitope S1.3 locates to the N4 loop of the S 
protein, which is an antigenic site of monoclonal antibodies with potent neutralising activity directed to  NTD66 
thus suggesting that anti-S1.3 antibodies might interfere with anti-NTD supersite neutralising  potential89. Sev-
eral of the resolved epitopes within the S2 subunit overlapped with neutralisation determinants of SARS-CoV-2 
S protein reported by  others21,43,45,52 suggesting that there is quite substantial polyclonal neutralising potency 
towards SARS-CoV-2 in COVID-19 naïve sera. Of note, immunisation with S2 in mice has shown more potent 

Figure 4.  Antibody response to immunodominant epitopes on SARS-CoV-2 spike protein as predictors of ill 
health. (A) Individual immunoprofiles of SARS-CoV-2 S protein epitopes in COVID-19 naïve subjects, grouped 
into Ctrl (n = 262) or Case (with presented chronic diseases) (n = 276). “low” or “high”—subjects with relatively 
lower or higher overall response to S, calculated based on abundance of IgG-bound peptides containing 
the epitopes (S1.1 to S2.5) on SARS-CoV-2 spike protein (see “Methods”). x-axis—individual samples sub-
grouped by Abundance (blue colour bar) where colour intensity shows individual abundance of IgG-bound 
peptides containing epitopes of spike normalised with 97.5th percentile value for visualisation. Age (grey 
colour bar) in Ctrl; y-axis—epitopes on Spike; S1 epitopes on subunit 1 of S; S2 on subunit 2 of S; COVID-19 
naïve Case sub-groups: BC breast cancer (n = 57), MS multiple sclerosis (n = 20), T2D type 2 diabetes (n = 25), 
CVD—cardiovascular disease (n = 114), ND—neuropsychiatric disorders (n = 60). (B) Multivariable logistic 
regression analysis was used to describe the associations of epitope seroresponse predictors with the acute and/
or chronic disease outcomes. Figure shows receiver operating characteristic (ROC) curve of using response to 
epitopes S1.6, S1.8, and S2.1 on training data (80% subset, i.e. 431/538 samples) for classifying Case (n = 276) 
vs Ctrl (n = 262). Area under curve (AUC) = 0.74 with 95% CI = (0.70…0.79). On validation with test set of 
20% (107/538) samples, the select model classified samples into Case vs Ctrl with balanced accuracy of 62.0% 
for “low” group and 65.2% for “high” group (Fig. S10C). (C) Separately, antibody response to epitope S1.6 was 
identified as prevalent among Ctrl group subjects, whereas immune responses to epitopes S1.8 and S2.1 were 
prevalent among Case group in COVID-19 naïve cohort. Mann–Whitney U test, **p < 0.01; ****p < 0.0001. 
Group sizes: Ctrl (n = 262), Case (n = 276); abundance—abundance of IgG-bound peptides containing respective 
epitopes.
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neutralising antibody response than booster  vaccines90. Given that recent molecular studies show the abun-
dance of neutralising antibody targets on the SARS-CoV-2 S  protein91, our data on pre-existing immunity high-
lights the need to correlate these findings on polyclonal neutralisation potency and its breadth with histories of 
infections and  vaccinations92–94. Countries are likely to have distinct immune profiles because their histories of 
COVID-19 waves and vaccination rates differ, suggesting that these differences manifest in differential cross-rec-
ognition of SARS CoV-2 infections/vaccines at the level of binding and neutralising antibody-based immunity.

Many of the SARS-CoV-2 Omicron sublineages have evolved that carry distinct spike mutations and represent 
an antigenic shift resulting in escape from antibodies induced by previous infection or  vaccination95. Our data 
show that some of these mutations (specifically, L452Q/R, E484K, F486V, N658S), frequently present in novel 
variants of  concern68,71) are located within epitopes S1.5, S1.6, and S1.10 respectively (Fig. 1 and Tables 2 and 
S5). E484K has been shown to decrease the neutralisation ability of anti-spike antibodies  tenfold96–99, L452Q/R 
and F486V are escape mutations in the RBD of Omicron sublineages from the cross-reactivity of neutralising 
antibodies, and N658S contributes to interference on hACE2  binding71. Cross-reactive antibodies targeting 
the dominant linear epitopes on SARS-CoV-2 S may contribute to neutralisation. Foremost, neutralising anti-
bodies targeting the linear epitope 440–4492, such as REGN-10987 (Imdevimab)100, COV2-2130 (Cilgavimab, 
component of Evusheld)101 and LY-CoV1404  (Bebtelovimab102) were reported to neutralise BA.2 subvariants 
and BA.4/5, with LY-CoV14044 notably demonstrating high potency against all Omicron  subvariants71. On the 
other hand, cross-reactive activity from the binding of antibodies to SARS-CoV-2 could contribute to the control 
of infection by antibody-dependent  mechanisms83 and potentially amplify the damage that the virus causes to 
the body. The related mechanism involves antibody-dependent enhancement (ADE), a phenomenon in which 
non-neutralising/binding or sub-neutralising antibodies promote virus infection (rev  in103). Most recently, early 
evidence of ADE in SARS-CoV-2 has begun  emerging104. All these data further underscore the necessity for 
precise molecular characterisation of the effects of the pre-existing antibody on shaping the immunity to emerg-
ing SARS-CoV-2 infections and vaccines.

Most recently, the question of whether 
immune history affects SARS-CoV-2 infection outcome has been replaced by the question to what extent pre-
existing immunity plays a role. Similar to studies on influenza whereby the antibody response to older virus 
strains had profound and negative impacts on subsequent  immunity13 cross-reactive antibody reactivity con-
ferred by prior seasonal coronaviruses has widely been reported (ref  in20,105). Higher titres of IgG against the 
HCoV-OC43 S protein were observed in patients with severe COVID-19106, concluding that such immunologi-
cal imprinting by previous seasonal coronavirus infections negatively impacted on the antibody response against 
SARS-CoV-2  infection107. Similarly, the exposure to the antigenically shifted Omicron primarily leads to a recall 
of existing memory B cells specific for epitopes shared by multiple SARS-CoV-2 variants rather than by priming 
naïve B cells recognising Omicron-specific epitopes showing that previous SARS-CoV-2 infection history can 
imprint a profound negative impact on the subsequent protective  immunity86.

In addition to cross-reactive epitopes with Omicron sublineages and also with endemic coronaviruses evi-
dence of heterologous immunity between SARS-CoV-2 and pathogenic bacteria was  reported108. Our study 
advances the concept showing that the cross-reactivity to epitopes of SARS-CoV-2 S protein with potential func-
tional impacts could stem from the molecular mimicry with antigens of previously encountered other pathogens, 
including herpes-, papilloma-, adeno-, rhino-, influenza and other viruses (Fig. 2A). In good agreement with this, 
CMV seropositivity and age-related reduction in antibody titres against certain CMV antigens associated with the 
severity of SARS-CoV-2  infection109. Conversely, several other studies suggest cross-protection against COVID-
19 incidence and severity from vaccines of  influenza28,110–112 and of other pathogens (polio, HIB, MMR, Varicella, 
PCV13, and HepA–HepB)28,110–113. These mechanisms may include generation of cross-protective antibodies 
through molecular mimicry. Cross-reacting antibodies with SARS-CoV-2 proteins elicited by  poliovirus114 and 
pneumococcal  bacteria115 have been identified, whereas for the mumps virus (via the MMR vaccine), the cross-
reactivity of the vaccine antigen (measles fusion glycoprotein) with RBD of SARS-CoV-2 spike was  suggested113. 
Additionally, monoclonal antibodies against SARS-CoV-2 S RBD have been shown to cross-react with the Ebola 
glycoprotein and HIV-1  gp140116. Our data predict 15 cross-reactive SARS-CoV-2 spike-like epitopes in common 
pathogens (Fig. 2A). Although it is not clear how this pre-existing anti-pathogen humoral immunity impacts 
SARS-CoV-2 infections or vaccine efficacy, Heterologous Vaccine Intervention as a strategy against COVID-19 
is advocated by governmental bodies as advantageous for populations with suboptimal response to vaccination 
(e.g., patients with altered immunocompetence)117. Altogether these findings along with ours illustrate how 
immunological imprinting from prior exposure, i.e., ‘original antigenic sin’, can strongly affect the response to 
novel antigens. Whether the 15 SARS-CoV-2 S epitopes presented here elicit cross-reactive antibody response 
with antigens of pathogens and/or of human origin needs further investigation by functional studies.

To our knowledge, this is a sole study to fine-map pre-existing 
antibody immunity to epitopes on SARS-CoV-2 S that associate with acute and/or chronic conditions like car-
diovascular, neurological and oncological disease. Vastly different serological signatures to SARS-CoV-2 S that 
we detected in subjects with COVID-19 were also observed in healthy and people with chronic disease diagnosis 
suggesting a model where (recurrent) exposure to SARS-CoV-2 S-specific immune stimuli would progressively 
induce antibodies against certain epitopes landmarking chronic disease. We show the value of three epitopes on 
S as biomarkers to discriminate within COVID-19 naïve subjects between healthy and chronically diseased (with 
95% CI, AUROC 0.69…0.79) (Fig. 4B and Fig. S10C). Ever since the first COVID-19 cases, immune-mediated 
manifestations have been  reported118. A total of 55 long-term effects are associated with COVID-19119. Among 
these are myriad neurologic complications—including confusion, stroke, and neuromuscular disorders—which 
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manifest during acute COVID-19 and related maladies lasting for months, and implicate immune dysfunction, 
including anti-neural autoimmune  dysregulation120. Autoimmunity has become the hallmark of post-COVID 
syndrome and latent autoimmunity correlates with humoral response to SARS-CoV-274. Here, we elaborate this 
aspect of findings further by our data showing that the resolved 15 epitopes on SARS-CoV-2 S protein share 
similarity with many human proteins of immune and nervous system origins (Fig. S8). Specifically, epitope S1.6 
of RBD shares similarity with regions in highly expressed CNS proteins (Fig. 2B). Relatedly, H1N1 infection and 
the Pandemrix vaccine were found to be associated with  narcolepsy121 by stimulating immune response target-
ing many cross-reactive  autoantigens41. This suggests that conservation of antigenic sites across pathogen and 
human proteomes that we observed as epitopes on SARS-CoV-2 S protein in COVID-19 naïve individuals may 
have resulted (at least partially) from limited immune pressure for compatible immune fitness. However, further 
studies on epitopes of SARS-CoV-2 S are warranted, in particular in the settings of emerging strains and growing 
number of vaccines.

Collectively, our study provides evidence on the pre-existing immunity in COVID-19 naïve/unvaccinated 
individuals targeting 15 dominant epitopes on S protein. We show that this cross-reactive antibody response is 
boosted during SARS-CoV-2 infection in epitope-specific manner (Fig. 3D). Our findings are consistent with 
similar reports on pre-existing anti-SARS-CoV-2 S antibody immunity from others on cohorts with different 
genetic and demographic  backgrounds27,55–57,61,86. We also show that pre-existing immunity on SARS-CoV-2 S 
shares epitope mimics associated with ill health. Overall, these data support the role of personal immune his-
tory with functional consequences to the diversity of antibodies elicited due to the phenomenon of heterologous 
immunity, i.e. back-boosting, i.e. immune imprinting, i.e. “original antigenic sin”86,118. The study lends further 
credence to MVA generated immunoprofiles as robust and generalisable.

A weakness of the study is the scarcity of information on the study participants, with 
no available data on the immune history of their infections and vaccinations. Another caveat is the limited 
sample size of COVID-19 infected individuals which we used for validating the pre-existing seroreactivity pat-
terns observed in naïve samples. Further studies will be necessary to determine what roles the resolved epitopes 
play in anti-SARS-CoV-2 immunity. Although the resolved epitopes were located on the exterior surface of the 
spike trimer by and spike-specific seroreactivity in naïve sera was confirmed independently by dot-ELISA using 
globular and denatured S subunits, it needs further analysis of the function of these antigenic sites of whether 
these target neutralising or binding antibodies. Although our data analysis results show differential anti-SARS-
CoV-2 S epitope reactivity in herpesvirus positive/negative individuals, further studies are warranted to prove 
direct cross-reactivity between SARS-CoV-2 S and other pathogens. The unexpected finding of the SARS-CoV-2 
S epitopes to embed potential pathogenic antigenic determinants will require further investigation in the future. 
Deciphering the biological role of the conservation of the heterologous immunity hot-spots on SARS-CoV-2 S 
may contribute to the design of future vaccines.

The data are not publicly available due to containing information that could compromise research participant 
privacy/consent. Any materials that can be shared will be released via a material transfer agreement.

No new reagents or materials were generated as part of this study.
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Summary
Background Major cardiac events including myocardial infarction (MI) are associated with viral infections. How-
ever, how specific infections contribute to the cardiovascular insults has remained largely unclear.

Methods We employed next generation phage display mimotope-variation analysis (MVA) to explore the link
between antibody-based immune response and severe cardiovascular conditions. Here, we used a case-control
design, including the first-stage discovery cohort (n = 100), along with cohorts for second-stage discovery (n = 329)
and validation (n = 466).

Findings We observed strong antibody response to the peptide antigens with Gly-Ile-X-Asp (G-I-X-D) core structure
in healthy individuals but not in patients with MI. Analysis of the origin of this epitope linked it with the N-terminus
of the VP1 protein of poliovirus 3 (PV3), but also other species of picornaviruses. Consistently, we found low levels of
antibody response to the G-I-X-D epitope in individuals with severe cardiac disease complications.

Interpretation Our findings imply that antibody response to the G-I-X-D epitope is associated with polio vaccina-
tions and that high antibody levels to this epitope could discriminate healthy individuals from prospective MI
patients as a blood-derived biomarker. Together, these findings highlight the importance of epitope-specific antibody
response and suggest that protective immunity against the polio- and non-polio enteroviral infections support
improved cardiovascular health.
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Introduction
Cardiovascular diseases (CVDs) are the leading global
burden with coronary artery disease (CAD) as a major
contributor to the fatalities, and myocardial infarction
(MI) accounting for most of the mortality.1,2

External stress factors that have detrimental impact
on the integrity of the cellular machinery promote the
development of cardiac disorders.3 CAD is the most
common heart problem that involves the blood vessels
and usually starts as a result of atherosclerosis and may
culminate in MI, a major adverse cardiovascular event.4

In the atherosclerotic disease process, the role of inflam-
mation has become well established.5,6 Considerable
evidence has emerged indicating that infections contrib-
ute to chronic inflammation either through direct
effects by hijacking cellular processes and inducing host
inflammatory cascades, or indirectly via an autoim-
mune-mediated response, or a combination of both.7

Infectious diseases of the heart are heterogenous.
They have variable clinical presentations as any type of
microorganism, e.g. bacteria, fungi, parasites, and
viruses, may affect more than one cardiac structure.8 A
number of acute and chronic infections including Chla-
mydophila pneumoniae, Helicobacter pylori, Porphyromo-
nas gingivalis, influenza and coronaviruses, e.g. SARS-
CoV-29,10 has been linked to atherosclerosis11 and MI.12

In both cross-sectional and cohort studies, elevated anti-
bodies against C. pneumonia, H.pylori, periodontal
pathogens,Mycoplasma pneumoniae, herpes viruses, and
enteroviruses have been demonstrated.13�16 Further,

data suggest that the general infectious burden poses a
greater risk for coronary heart disease (CHD) than any
single pathogen.17�19 A unique study by Pesonen and
co-workers showed that the antibody titers against
pathogens like enteroviruses cumulatively increased the
risk for CHD, whereas the risk for acute coronary events
decreased with increasing number of childhood conta-
gious diseases.20 On the other hand, childhood oral
infections and infection-related hospitalisations were
associated with subclinical carotid atherosclerosis and
adverse atherosclerosis phenotype in adults.21,22

Increased risk for acute coronary syndrome (ACS) was
found for acute bacterial pneumonia, urinary tract infec-
tion and bacteremia with different bacterial strains.23

Excess mortality from cardiovascular disease during
influenza epidemics was recognised early in the 20th
century, and recent reports indicate that COVID-19 may
also be associated with a similar increase.23 There is no
direct evidence that viral vaccines would have an influ-
ence on atherosclerosis in humans.24 However, studies
showed that influenza and pneumococcal vaccination
reduce the risk for cardiovascular events in adults by
36%25 and 17%,26 respectively. The molecular mecha-
nisms by which vaccinations exert these protective
effects have not been defined.

The current study investigated the relationship
between antibody immune response associated with MI
by using an untargeted, high-throughput next genera-
tion peptide phage display method (MVA). We have cor-
related these results with the data from the case-control
cohort comprising of patients with angiographically ver-
ified CVDs status, i.e. ACS and chronic CAD, and popu-
lation-based controls to evaluate associations of
antibody immune response as a predictive blood bio-
marker for CVD conditions.

Methods

Ethics statement
The study was conducted in accordance with the guid-
ing principles of the Declaration of 182 Helsinki and
the study participants gave written informed consent
before enrolment. The ethical approvals were obtained
from the local ethics review committees of Estonia (177/
T-2, 211/M-22, 281/T-5; 351), and Finland (the Helsinki
University Central Hospital ethics committee (106/
2007, 303/2007); Helsinki University Hospital (Dno
83/13/03/01/2013); Helsinki Biobank (HBP2018006)).
Healthy sera donor samples were procured from the
North Estonia Medical Blood Centre (Tallinn, Estonia).

Study populations
The summary of the study design is illustrated in Figure
S1. Baseline characteristics for the cohorts used are
shown in Tables 1 and S1, S3 and S4. In brief, study was

Research in context

Evidence before this study

Cardiovascular diseases (CVDs) are the leading cause of
death globally. High blood pressure, smoking, high cho-
lesterol levels, obesity, and diabetes are among the
major risk factors contributing to CVD development.

Added value of this study

Here, we used high-throughput analysis of the antibody
immune response in search of novel CVD-associated
biomarkers and found value in measuring the immuno-
reactivity to a single viral epitope as a blood-based bio-
marker for the risk assessment of the CVD associated
acute cardiac events.

Implications of all the available evidence

The understanding of novel viral infection-associated
mechanisms along with noninvasive cardiac-specific
biomarkers may yield valuable insights into the CVD
pathophysiology and prevention at an early stage of
the disease. Given that we relate this epitope to cross-
protective poliovirus antigens, the study data would
contribute to further vaccine use and improvements.
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designed as 2-stage case-control study including three
cohorts, Estonia I and II, and Finland I. Using a case-
control design, the first-stage discovery cohort (Estonia
I, n = 100) was built from the samples collected by
North Estonian Regional Hospital (Tallinn, Estonia)
including serum or plasma of MI (n = 50) and HC
(n = 50). MI was diagnosed according to electrocardio-
gram and cardiac marker analysis (troponin, creatine
kinase-MB). The case condition included ST-elevation
(STEMI) and non-ST-elevation (NSTEMI) myocardial
infarction patients. All MI samples were collected less
than 12 h before or after the coronary angiography pro-
cedures and stored at �80 °C until further use. Heart
conditions were excluded for the HC group. In the sec-
ond stage of the study, we were aiming to associate the
discovered epitope with different types of poliovirus vac-
cines. Another discovery cohort Estonia II (n = 329) was
created by combining samples of previous retrospective
studies from (a) subjects born in years 1927�1958
(n = 101, No vaccine), when no polio vaccine was avail-
able, also in Estonia, (b) subjects born in years of OPV
vaccination according to the national immunisation his-
tory (years 1959�2007, n = 224, OPV), and (c) individu-
als born in years of IPV vaccination programmes in
Estonia (years 2008�2011, n = 4, IPV) (Table S3). It
should be mentioned that individuals from No vaccine
group could have received OPV during mass vaccination
programmes in 1959 and 1960 in their adulthood27,28

(Figure S2). Regarding clinical background, the Estonia
II cohort consisted of MI cases (n = 40) and either
healthy blood donors (ICD-10: Z52.0, n = 135) or sam-
ples from individuals with different primary diagnoses
with no history of MI (n = 154) (including patients with
cervical intraepithelial pathologies (n = 42), prediabetes
(n = 6), psoriasis (n = 31), sarcoidosis (n = 47), allergies
(n = 4), or individuals without any specified primary
diagnosis (n = 24)) collected during physician appoint-
ments. The validation cohort Finland I (n = 466) was
built to replicate the findings from Estonia I (Table S4).
This cohort included the plasma samples of the Coro-
gene study29 to represent subjects with CAD/ACS
(CVD, n = 64). The CVD group included samples from
patients with chronic coronary artery disease (CAD,
n = 32) and with acute coronary syndrome (ACS, n = 32)
who were diagnosed by coronary angiography, cardiac
enzyme and symptomatic findings30 (Table S4). The

control group (CTRL, n = 402) included samples from
individuals with no known history of CAD, ACS or MI
and who were either healthy (n = 125) or had different
primary diagnoses (n = 277) (including gum disease
(n = 25),30 breast cancer (n = 57),31 myasthenia gravis
(n = 129), multiple sclerosis (n = 20),32 narcolepsy
(n = 16),33 or schizophrenia (n = 30)).

To examine confounding of age and gender,
matched subgroups were generated from Estonia II and
Finland I cohorts using R package “MatchIt”. Estonia II
sex and age matched subgroups for CTRL and MI
included age and gender matched males from No vac-
cine group (No vaccine-M-CTRL (n = 13), No vaccine-M-
MI (n = 18)), and females (No vaccine-F-CTRL (n = 8),
No vaccine-F-MI (n = 12)) (Table S5). Also, age and gen-
der matched males from OPV group were included
(OPV-M-CTRL (n = 18), OPV-M-MI (n = 10) as there
were no females in OPV-MI group (Table S5). For Fin-
land I, M-CTRL (n = 50), M-CVD (n = 50), F-CTRL
(n = 56), and F-CVD (n = 14) subgroups were generated
(Table S6).

Mimotope-variation analysis
All study samples were analysed using the mimotope-
variation analysis method (MVA,32,33). In brief, modified
random 12-mer peptide phage library (originally derived
from Ph.D.-12, New England Biolabs) was amplified
according to the manufacturer’s protocol. 2 ml of
plasma/serum samples, previously precleared to plastic
and E. coli/wt M13 phage particles, were incubated with
2.5 ml library (»5 £ 1011 phage particles) and immuno-
globulin G (IgG) fraction was recovered using protein
G-coated magnetic beads (S1430S, New England Biol-
abs). IgG-bound phage DNA was analysed by next gen-
eration sequencing (Illumina HiSeq, 50-bp single end
reads). Sequence data were screened for sequencing
errors and known artefacts, yielding specific peptide
datasets for further analysis. A brief description of MVA
method is provided in Figure S3.

Data processing and motif clustering
Data processing was performed as described
previously.32,33 Final dataset consisted of 1,3 £ 106

unique peptides across Estonia I discovery cohort

Healthy control (HC) Myocardial infarction (MI)

Group size (n) 50 50

Gender 20 M; 30F 29 M; 13 F; 8 NA

Mean age §SD (min-max), years 40.76 § 9.86 (21�58) 66.78 § 12.58 (38�88)*; 10 NA

Table 1: Characterisation of the Estonia I cohort (Figure S1).
The age of the individuals was fixed at the time of sample collection. HC � healthy control; MI � myocardial infarction patients; M � male; F � female; NA � not

available: patient agreeing to the study did not disclose the exact age or gender.

* � data on 40 subjects.
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samples. For further analysis, we selected peptides by
the criteria that a peptide was to be present in at least
10% of the samples in the study group and detected at
least 10 times in one sample. For sequence-based pep-
tide analysis and hypergeometric tests, SPEXS2 algo-
rithm was used (http://egonelbre.github.io/spexs2/)
with the following criteria: hypergeometric p-value
<10�5; motif present in �4 distinct peptides; �4 fixed
amino acid positions. As a result, 3260 and 759 distinct
epitopes were identified for HC and MI groups, respec-
tively. As some of the epitopes observed in HC and MI
groups were identical, 3711 unique epitope consensuses
were found altogether.

Data analysis and statistical methods
Fisher scores for unique 3711 epitope consensuses were
calculated to find HC and MI group-differentiating epit-
opes (threshold >0.04). For further analysis, 202 the
most characteristic group-differentiating epitopes were
selected. Epitope-forming clusters were defined using
Pearson correlation matrix analysis with hierarchical
clustering of peptides based on log10 abundance values.
Visualisation of Pearson correlation matrix was per-
formed using R statistical programming in RStudio
environment using “pheatmap” package.34 To define
characteristic sequence logos for each cluster, position
weight matrices were generated and visualised as
sequence logos using in-house “MotifTree” algorithm.35

Pairwise comparisons with Mann-Whitney U test
were performed for discovering the difference in anti-
body response to the peptides of epitopes between ana-
lysed groups. All comparisons made are indicated in the
figures with brackets between respective groups. In the
cases of multiple comparisons, p.adjust function in R
was used to adjust p-values using Holm-Bonferroni cor-
rection. Boxplots were used to display variation in sam-
ples for tested groups and statistical results. Each
boxplot indicates the median (bold line), 25th and 75th
percentiles (lower and upper lines of the box), the upper
whisker of the boxplots extends from upper line of the
box to the largest value no further than 1.5 * interquar-
tile range (IQR, the distance between the 25th and 75th
percentiles), the lower whisker extends from the lower
line of the box to the smallest value at most 1.5 * IQR.
Boxplots were created using “ggpubr”36 package in
RStudio environment. y-axis of boxplots represents total
abundance of peptides meaning the sum of decimal log-
arithms of the peptide sequence counts detected in one
individual sample.

For selecting the group-differentiating peptides con-
tributing to the 51 epitopes with G-I-X-D consensus
sequence, Fisher scores were calculated (threshold
>0.03), resulting in 140 unique peptides (TOP140).
TOP140 peptide abundance values were used in heat-
map image analyses for the visualisation of differences
in the antibody response between tested groups.

Heatmap image analyses were visualised using
”pheatmap”34 package in RStudio environment.

Kendall correlation analysis was performed for
studying correlations between MVA and ELISA or dot
ELISA results and Spearman correlation analysis for
studying correlations between age and the strength of
antibody response to the G-I-X-D epitope. “ggpubr”36

package in RStudio environment was used to visualise
correlation analyses.

For the initial G-I-X-D epitope identification, IEDB
database was used (v3.0, date accessed: 24.03.2021).
Since IEDB search engine does not allow searches with
undetermined amino acids in the query sequences the
peptide sequence G-I-E-D-L was used. The undefined
amino acid in G-I-X-D was assigned as glutamic acid (E)
based on observational data of amino acids in the pepti-
des contributing to G-I-X-D. Leucine (L) was added to
the 4 amino acid motif-based on observational data of
amino acids in the peptides contributing to G-I-X-D to
lengthen the motif and garner more substantial and
specific results.

To study the origin of G-I-X-D epitope more pre-
cisely, peptides characterising Cluster I, II, and III,
were selected by Fisher score analysis (TOP258, thresh-
old >0.03). Alignments of TOP258 peptides were per-
formed against 100 amino acid fragments of
picornaviruses (Table S2) using standalone BLAST (v.
2.8.1). Alignments were performed using “blastp-short”
task37 which is optimised for query sequences shorter
than 30 residues (Scoring matrix: PAM30). The t-dis-
tributed Stochastic neighbor Embedding (t-SNE) analy-
sis was performed for the visualisation of the alignment
results as plots using the “Rtsne” package in R.38

To assess biomarker performance on predicting MI
diagnosis, receiver operating characteristic (ROC) analy-
sis was performed on Estonia I cohort (n = 100; Table 1).
Generalised linear model-based statistical analysis was
performed with “glm” function using gaussian distribu-
tion and identity link, and visualised with “jtools” pack-
age, statistical comparison of different models was done
using “anova” function with F-test in R. Also, packages
“ggplot2” and “tidyverse”39 in RStudio environment
were used for data manipulation and visualisation.

For age and sex-matched cohort design, the age and
sex of study subjects were fixed at the time of sample
collection considering that MI samples were collected <

12 h before or after angiography procedures. Finland I
cohort CVD samples were collected as in.29

Phage dot ELISA
M13 phage particles displaying the relevant peptides
were printed onto nitrocellulose coated glass slides
(10,485,323, Whatman) using SpotBot� 4 arrayer
(Arrayit) in four dilutions (1:2, 1:10, 1:100, 1:1000).
1xPBS-20% glycerol and mQ were used as negative con-
trols and human IgG serial dilutions (12�50 ng/μl) as
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positive controls. Human serum or plasma (1:50), previ-
ously precleared to plastic and E. coli/wild type M13
phage antigens, was used as primary antibody while
rabbit anti-human IgG H&L (HRP) (#ab6759, Abcam,
RRID: AB_955,434) (1:1000) was used as a secondary
antibody. Both antibody incubations were conducted at
room temperature for 1 h with agitation. The presence
of bound human IgG antibodies was detected using
reaction with catalyzed Signal Amplification (CSA) Sys-
tem II, Biotin-Free, HRP, DAB+ (Dako, Agilent, Cat#:
K1497), diluted in the substrate buffer (1:100). Results
were visualised using Ettan DigeImager (GE Healthcare
Life Sciences) and signals (image colour-intensities)
quantified using ImageQuant software version 8.1 (GE
Healthcare Life Sciences).

Human coxsackievirus IgG ELISA
Anti-coxsackievirus B1, B3 and B5 VP1 epitopes serosta-
tus was measured from 14 (7 HC and 7 MI patients)
serum or plasma samples. In brief, serological analyses
were performed with anti-coxsackievirus IgG ELISA
method (ESR134G, SERION ELISA classic) in dupli-
cates according to manufacturer’s protocol. Absorbance
was measured using SpectraMax Paradigm microplate
reader (Molecular Devices). The results were interpreted
according to manufacturer’s specifications.

Role of funding source
We confirm no role of funders in study design, data col-
lection, analysis and interpretation, or writing the
report. The corresponding author had full access to all
the data of this study and submitted the manuscript for
publication.

Results

Characterisation of the top antibody response in MI
patients
In order to explore antibody epitope features associated
with MI, we generated immunoprofiles of the myocar-
dial infarction patients (MI; n = 50) and healthy donors
(HC; n = 50) constituting the discovery cohort Estonia I
(Table 1, Figure S1 and Table S1) using the next genera-
tion peptide phage display MVA technology32,33 (Figure
S3). In brief, individual plasma or serum samples were
incubated with M13 phage-displayed 12-mer random
peptide library to capture individual-specific antibody
(IgG) repertoires. The DNA of IgG-bound phages was
lysed and antigen coding-sequences were amplified
using PCR. Then, amplicons were subjected to high-
throughput DNA sequencing and the obtained data was
translated to peptides underlying the subject- and
group-specific immunoprofiles. For delineating antigen
recognition patterns, peptides were clustered by using
unsupervised hierarchical clustering analysis yielding

ultimately in 3711 consensus epitopes. From these, 202
that discriminated the healthy donors from MI patients
were selected with the cut-off Fisher score values
>0.04. Further Pearson correlation analysis revealed
that 75 of the healthy group-specific epitopes (TOP75)
formed three distinct clusters: Cluster I, II and III
(Figure 1a). Cluster I comprised of peptides with G-I-X-
D consensus, Cluster II of peptides containing W-W-N,
and Cluster III of peptides containing [AS]-X-Y-X-[YF]-
X-X-K consensus patterns (Figure 1b). Notably, high-
titer antibody response to peptides containing the G-I-
X-D pattern was specific for healthy people (p = 1.5e�10;
Figure 1b), regardless of gender (Figures 1c and S4).
Together, we observed a strong and homogenous anti-
body response to a few epitopes that was characteristic
to healthy and absent or weak in patients with MI
(p = 1e�06 for Cluster II, p = 6.6e�06 for Cluster III;
Figure 1b). By assessing the G-I-X-D performance on
Estonia I cohort (n = 100) as a biomarker in predicting
MI using receiver operating characteristic (ROC) analy-
sis, we found that measuring antibody response to a sin-
gle (G-I-X-D) epitope as a biomarker could discriminate
MI patients from healthy controls with 64% sensitivity
at 84% specificity (AUC 0.740, CI 0.643 to 0.823,
p < 0.0001; Figure S5).

Conserved epitope harbours the N-terminal G-I-X-D
core structure
Since we observed a strong and rather homogenous
antibody response to a few antigenic epitopes that was
characteristic to healthy individuals and absent or weak
in patients with MI, we analytically validated the MVA
findings of the immunogenicity of the biggest G-I-X-D-
defined cluster (Cluster I, Figure 1a,b) using phage dot
ELISA method (Figures 2a and S6). All TOP140 G-I-X-
D epitope containing peptides encompassed G-I-X-D
motif N-terminally. Therefore, to examine the impor-
tance of G-I-X-D epitope location in the peptide
sequence, we analysed phages displaying peptides
where G-I-X-D was located either in the N-terminus
(GIEDVMDVMPMP; Figure 2a) in reference to peptides
or the epitope sequence was located further downstream
from the N-terminus (ADGPGGPGIPDG; Figure S6).
Based on MVA data, samples with either high immuno-
reactivity to TOP140 peptides containing the G-I-X-D
epitope (abundance values > 40; HC, nr1�5 and MI,
nr1,2) or low immunoreactivity (abundance values < 25;
HC, nr6,7 and MI, nr3�7) from Estonia I cohort (Table
S1) were selected for analysis. Phage dot ELISA analysis
data confirmed the MVA data findings on the antibody
reactivity to the G-I-X-D epitope (Figure 2a), but also
established that N-terminal location of the epitope was
imperative to discriminate between samples with high
and low immunoreactivity (Kendall correlation, R = 0.6,
p = 0.002; Figure 2b). Altogether, these analyses con-
firm that N-terminal G-I-X-D is a highly immunogenic
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Figure 1. MVA analysis reveals three major epitopes associated with a differential antibody response in MI diseased compared to
healthy controls. a. Clustering of peptides of the Estonia I cohort resulted altogether in 3711 unique epitope patterns. Fisher score
(threshold>0.04) was used to select the most group-differentiating ones, resulting in 202 epitopes. Using Pearson correlation matrix
analysis and hierarchical clustering based on log10 abundance, TOP75 epitope patterns clustered into 3 group-differentiating epito-
pes (Clusters I, II and III). Dark blue colour shows high correlation between TOP75 epitopes (>0.7), light blue - low correlation (<0.3).
b. The immunoreactivity to the 3 group-differentiating epitopes discriminates between HC and subjects with MI. On boxplots, bold
line indicates the median, lower and upper lines indicate 25th and 75th percentiles, and whiskers are shown in the style of Tukey. Pair-
wise comparison with Mann-Whitney U test, p-values reported above the brackets. Sequence logos (on the right) of G-I-X-D for Clus-
ter I, W-W-N for Cluster II, and [AS]-X-Y-X-[YF]-X-X-K for Cluster III. y axes - Abundance, IgG bound peptides, anti-G-I-X-D seroresponse
measured by MVA. c. Heatmap image analysis of TOP140 peptides from Cluster I shows that antibody response to this epitope is
more common in healthy individuals. Each column represents the TOP140 peptide profile of the individual sample. Each line repre-
sents a peptide with unique sequence. Colour code (Abundance in log10) depicts the strength of immunoreactivity to unique pepti-
des in rows containing the G-I-X-D epitope. HC � healthy controls; MI �myocardial infarction patients.
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epitope detected in antibody immune response profiles
of healthy subjects of Estonia I cohort.

Conservation of the antibody G-I-X-D epitopes across
the enteroviral species
We next used the immunoprofile data collected from
the Estonia I cohort to look for possible associations of
the defined motifs with pathogen-associated antigens.
Substring searches of the Immune Epitope Database
and Analysis Resources (IEDB, date accessed:
24.03.2021; www.iedb.org) using linear peptides with
“GIEDL” sequence that contribute substantially to the
harbored G-I-X-D epitope were performed. This
resulted in two referenced epitopes with sequences of
GIEDLISEVAQGALTLSL (ID 79,229,40) and GIEDLI-
SEVAQGAL (ID 100,065,41), respectively, that both
were derived of the genome polyprotein of EV-C
(human poliovirus type 3). Next, to widen the pool of
potential pathogens, substring searches with shorter
“GI” sequence across Enteroviruses (ID 12,059, Entero-
virus) resulted in 30 records. Data showed that PVs, cox-
sackieviruses A (CV-A) and coxsackieviruses B (CV-B)
all share high sequence similarity encompassing amino
acids 1 to 11 downstream of the VP3/VP1-specific prote-
ase 3C cleavage site (Figure 3a and Table S2). Further
alignment analysis of peptides from Clusters I, II, and
III differentiating the HC group of Estonia I (Figure 3b
and Table S2) confirmed that Cluster I defined by the

G-I-X-D consensus epitope was highly specific to the N-
terminus of EV-C VP1 antigens (Figure 3c). Notably, the
N-termini of VP1 proteins of the human poliovirus type
3 (PV3), coxsackieviruses A17 (CA17) and A20 (CA20)
showed the highest homology with G-I-X-D-containing
peptides, whereas peptides of Clusters II and III did not
align to EV-C proteomes (Figure 3b). Next, we investi-
gated whether the G-I-X-D epitope could originate from
other picornaviral species. Data showed that in addition
to EV-C, G-I-X-D core epitope-containing peptides
aligned also to different species of EV-A, EV-B and pare-
chovirus A types (Figure 3c and Table S2). In addition,
high similarity was observed with VP1 N-termini of vac-
cine-derived polioviruses (VDPVs), namely VDPV3
(VDPV3/EST/Env2008 (GenBank: KC784372.1,
Figure 3a). Of note, analysing our MVA data we found
that seroreactivity to the recently described peptide
sequences PALTAVETG and PALTAAETG, derived of
the VP1 proteins of human PV-1/3 and CV-B1/B3 viruses
and also shared by many other picornaviruses,42 did not
differentiate MI cases from controls (Figure S7), further
confirming the functional relevance of the G-I-X-D find-
ings. Then, we used conventional ELISA method to
measure IgG response in Estonia I cohort sera (n = 14;
same samples as in Figure 2a) against VP1 of several
enteroviral species, including coxsackieviruses B1, B3
and B5 and with reported cross-reactivity to poliovirus
type 3.43 Interestingly, differential readouts were
obtained for all samples analysed and there was a

Figure 2. Phage dot ELISA data confirms MVA findings linking immune response to G-I-X-D core epitope with improved cardiac
health. a. Seven samples from both, HC and MI groups were selected for phage dot ELISA assay based on high (HC1�5, MI1,2) or
low seroresponse (HC6,7, MI3�7) to TOP140 peptides containing the G-I-X-D epitope. N-terminally G-I-X-D epitope displaying
phages (GIEDVMDVMPMP) along with FLAG epitope (DYKDDDDK) displaying phages as negative controls (Control) were incubated
with selected serum or plasma samples. Results are shown as relative (%) to the highest detected signal across study samples (y-
axis). Error bars indicate SEM (n = 2 technical replicates). b. Phage dot ELISA and MVA data of selected samples are in strong positive
correlation (Kendall correlation, R = 0.6, p = 0.002), whereas in moderate correlation with coxsackie viral antigens (Fig. S8a). HC �
healthy controls; MI � myocardial infarction patients.
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moderate linear relationship with MVA G-I-X-D find-
ings (Kendall correlation, R = 0.35, p = 0.079; Figure S8a).
However, only a few (n = 3) serum samples exceeded the
thresholds for coxsackieviral IgG seropositivity (Figure
S8b). Overall, from this data it can be concluded that the

antibody response to G-I-X-D epitopes could stem from
the PVs and/or PV vaccine antigens, also from vaccine-
derived polioviruses (VDPVs) and/or from alike viral anti-
gens, such of VP1 of EV-B types (coxsackieviruses B), but
also other species of picornavirus family.

Figure 3. N-terminal G-I-X-D sequence is common in picornaviral VP1 proteins. a. Alignments of N-termini of VP1 sequences of
poliovirus (PV) and non-PV species (Table S2) are shown. Scissors indicate PV3/PV1 protease 3C cleavage sites in PVs, VDPVs and cox-
sackieviruses A and B. Colours indicate >40% amino acid identities in select positions (different colours indicate different amino
acids). b,c. TOP258 peptides with epitopes of Cluster I, II and III were aligned to 100 aa fragments of select enteroviral C (b) and other
picornaviral proteomes (c) (Table S2) using standalone BLAST. Interrupted lines indicate peptide affiliation to the cluster (pink-col-
oured line � Cluster I, blue-coloured line � Cluster II, green-coloured line � Cluster III). The dot indicates one alignment with each of
the TOP258 peptides. Peptides with no alignments or peptides aligned to one region only are shown as one dot, peptides aligned
to many fragments are shown as repeated dots according to the number of alignments. The size of each dot corresponds to peptide
abundance (Counts) across the HC cohort. Viruses are colour coded. VDPV � vaccine-derived poliovirus; PV1, PV2, PV3 � poliovirus 1, 2,
or 3, respectively; CA1, CA11, CA13, CA17, CA19, CA20, CA21, CA22, CA24, CB1, CB2, CB3, CB4, CB5, CB6 � coxsackievirus A1, A11, A13,
A17, A19, A20, A21, A22, A24, B1, B2, B3, B4, B5, or B6, respectively; NI � peptides with no alignments to the picornaviruses (grey dots); y-
and x-axes: tsne1, 2, or 3 � t-SNE dimension 1, 2, or 3, respectively.
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Immunoreactivity to G-I-X-D epitope is associated
with OPV/IPV use and is weak in patients with
myocardial infarction
We hypothesised that the observed differences in seror-
eactivity patterns to G-I-X-D could be associated with
PV immunisation (Figure S2). To investigate this
hypothesis, we created the second stage of the study
with the second Estonian discovery cohort (Estonia II,
Figure S1) that included samples of individuals
(n = 329) that were grouped according to the year of
birth. People born before the year 1959 when no vacci-
nation with OPV against PV was available in Estonia
comprised group No vaccine (n = 101) (Figure 4 and
Table S3). Individuals born in the years of OPV vaccina-
tion in Estonia, 1959�2007, comprised group OPV
(n = 224) and individuals born in the years of IPV vacci-
nation, the year 2008 and later were included in IPV
group (n = 4) (Figures 4 and S2 and Table S3). Data
analysis concluded that high seroreactivity to the G-I-X-
D epitope was common to the OPV group and was low
in No vaccine and IPV groups (Mann Whitney U test,
p < 0.0001 or p < 0.05, respectively, Holm-Bonferroni
adjustment for 3 comparisons) (Figure 4a,b). No gender
differences in any vaccine groups were detected
(Figures 4a and S9). Additionally, individuals without a
history of MI from Estonia II cohort (n = 309) in the
OPV group showed higher seroreactivity to the G-I-X-D
epitope as compared with individuals from No vaccine
and IPV groups (Mann Whitney U test, p < 0.001 or
p < 0.05, respectively, Holm-Bonferroni adjustment for
3 comparisons) (Figure S10). However, no correlation
between the antibody response to the G-I-X-D epitope
and the age of the subjects within the OPV group was
found (Spearman correlation, R = 0.071, p = 0.3; Figure
S11). We further used statistical modelling of data to
determine whether vaccination status, age and gender
affect antibody response to G-I-X-D epitope, and
found that in contrast to OPV vaccination, gender
and age had no significant effects on the serores-
ponse to G-I-X-D epitope (Table S7). Adding an
interaction term between age and gender failed to
improve the model (F-test, p = 0.5092). Therefore,
we concluded that the antibody response to G-I-X-D
epitope did not depend on gender or age, but only
on OPV vaccination and MI diagnosis.

Next, we analysed the Estonia I cohort to evaluate
association of the immunoreactivity to G-I-X-D with the
risk of MI independent of the poliovirus vaccine expo-
sure. Importantly, patients with MI exhibited a signifi-
cant decrease in immune response to the G-I-X-D
epitope compared to healthy individuals of No vaccine
and OPV groups (Mann Whitney U test, p < 0.05,
Holm-Bonferroni adjustment for 4 comparisons)
(Figure 4c). Moreover, analysis of subgroups of the Esto-
nia II cohorts matched by the vaccination status, age
and gender (Table S5) further confirmed the findings
that patients with MI showed significantly reduced

response to G-I-X-D epitope compared to people with-
out primary diagnosis of MI (Figure S12).

Next, to replicate findings of the G-I-X-D epitope
association with cardiovascular disease and poliovirus
vaccines, we comparatively analysed the data from the
immunoprofiles of Finland I validation cohort
(n = 466) (Figure S1, Table S4). IPV has been the pre-
dominantly used vaccine by the Finnish national polio-
virus immunisation programme, apart from years
1984�1985 with high rate of OPV use (https://www.
cdc.gov/mmwr/preview/mmwrhtml/00000682.htm).
Data analysis showed that antibodies against G-I-X-D
epitopes were more prevalent in healthy subjects of
Estonia I cohort than in the control subjects of Finland
I cohort (p < 0.0001, Holm-Bonferroni adjustment for
4 comparisons, Figure 4d). However, the anti-G-I-X-D
antibody response was significantly lower in CVD (MI
or CAD/ACS) subgroup as compared to controls of both
Estonia I and Finland I (Mann Whitney U test,
p < 0.0001 and p < 0.001, respectively, Holm-Bonfer-
roni adjustment for 4 comparisons, Figures 4d and S13
(CTRL vs ACS)). A weak negative correlation between
age and the anti-G-I-X-D seroresponse (Spearman corre-
lation, R=-0.14, p = 0.0041) in the Finland I control
group (n = 402) was observed (Figure S14). Therefore,
we excluded the effects of age on the observed associa-
tion between the increased risk of CVD and decreased
antibody response to the G-I-X-D epitope. Analysing the
age and sex-matched subgroup of the Finland I cohort
(Table S6), we found that anti-G-I-X-D antibody
response was significantly lower in men with CVD com-
pared to controls (Mann Whitney U test, p < 0.05,
Holm-Bonferroni adjustment for 2 comparisons),
whereas no statistically significant effect was seen for
women (Mann Whitney U test, p = 0.83, Holm-Bonfer-
roni adjustment for 2 comparisons), possibly due to the
small sample size for this gender group (Figure S15).

Finally, we used generalised linear model-based statis-
tical modelling across our cohorts (Estonia II, and Fin-
land I) to determine the relationship between the anti-G-
I-X-D seroresponse and CVD, taking into account the vac-
cination status, age and gender (Figure 4e, Table S8).
Our results indicated that vaccination with OPV was
strongly associated with an increased anti-G-I-X-D seror-
eactivity in both men and women (34% and 29%, respec-
tively), whereas vaccination with IPV and increasing age
of patients showed slight decreasing but statistically
unsignificant trends in the anti-G-I-X-D seroresponse.
Importantly, the modelling across all data showed that
CVD diagnosis was associated with 36% and 24% drop
in the anti-G-I-X-D seroresponse in both men and
women, respectively (Figure 4e, Table S8).

Altogether, our data conclude that a low titer anti-
body response to the G-I-X-D epitope is associated with
cardiac complications. Our results additionally suggest
beneficial effects of polio vaccinations with OPV even in
countries that have eradicated poliovirus.
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Figure 4. High immunoreactivity to the G-I-X-D epitope is associated with improved cardiac health. a. MVA data of subjects from
Estonia II cohort with the known year of birth independent of their diagnosis were selected to analyse the association of the anti-
body reactivity to G-I-X-D epitope with polio vaccinations (Fig. S2). Regarding clinical background, the Estonia II cohort consisted of
MI cases (n = 40) and either healthy blood donors (ICD-10: Z52.0, n = 135) or samples from individuals with different primary diagno-
ses with no history of MI (n = 154). All individuals were grouped according to their year of birth, forming three major groups as fol-
lows: No vaccine (n = 101; people born before 1959, years when no vaccination against poliomyelitis was done in Estonia), OPV
(n = 224; individuals born in years 1959�2007 when OPV vaccination in Estonia was in the national immunisation schedule), IPV
(n = 4; individuals born in 2008 and after, years of IPV vaccination in Estonia). Heatmap shows the antibody response to TOP140 pep-
tides containing the G-I-X-D epitope. Each column represents the TOP140 peptide immunoprofiles in individual samples. Each line
represents a peptide with unique sequence. Intensity of the colour correlates with the strength of immunoreactivity to the G-I-X-D
peptides in rows (Abundance, in log10). b. People born in years of OPV vaccination in Estonia (1959�2007, OPV) have higher immu-
noreactivity to G-I-X-D peptides as compared with No vaccine or IPV groups. Groups: No vaccine (n = 101); OPV (n = 224) and IPV
(n = 4), the entire Estonia II cohort, including MI cases (Table S3). c. High immunoreactivity to peptides with G-I-X-D detected in
healthy individuals born in Estonia in years of OPV vaccination (1959�2007, HC-OPV) as well as in those born before 1959 (HC-No
vaccine) as compared to low antibody response observed in MI patients (MI-No vaccine and MI-OPV). Groups: HC-No vaccine (n = 7);
HC-OPV (n = 43); MI-No vaccine (n = 30); MI-OPV (n = 10). d. High immune reactivity to G-I-X-D epitope observed in subjects of
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Discussion
Herein we identified a highly antigenic epitope located
at the N-terminus of VP1 proteins of EV-B and -C type
enteroviruses (EVs), including polioviruses (PVs), and
observed that strong antibody immune response to this
epitope was associated with improved cardiovascular
health. Thus, this epitope has the potential as a site of
broadly neutralising reactivity against EVs and possibly
other species of the picornavirus family. Secondly, the
conserved G-I-X-D epitope has potential as blood bio-
marker for risk assessments of major cardiac events, as
poor response against the conserved G-I-X-D epitope
was strongly associated with severe cardiac conditions
of MI and CAD/ACS. Still, the mechanisms by which
inadequate antibody response to the G-I-X-D epitope
contributes to the progression of MI need further stud-
ies. Lastly, our data highlight the potential beneficial
role of heterologous cross-reactive immunity of PV vac-
cines or natural EV infections against a spectrum of
clinical heart conditions.

Exploratory data analysis of this study using MVA
identified an epitope mimicking the N-terminus of VP1
protein of EV-C type and alike viral species that was
strongly associated with improved cardiac health
(Figure 1). Namely, poor antibody response to this epi-
tope with G-I-X-D consensus stratified MI subjects from
healthy with 64% sensitivity at 84% specificity (Figure
S5). Further analytical validation and annotation analy-
ses concluded that the major antigenic site (the N-termi-
nal glycine of the processed VP1 viral antigen) is highly
conserved across EVs, in particular among the EV-B
and EV-C species, also in PVs and VDPVs, and addition-
ally among other Picornaviridae (Figure 3c). Compara-
tive conventional ELISA testing for enteroviral anti-VP1
seroresponse showed limited concordance with MVA
findings, further supporting the wider viral origin of the
G-I-X-D epitope. These data have global implications.
The genus Enterovirus includes rhinoviruses and EVs
(types A to D, with EV-C including PVs 1 to 3) that infect
humans.44 The climate and socio-economic factors con-
tribute to the geographic distribution of different EV
types.44,45 In Europe and the United States, for example,
EVs are found in 5�12% of the population.46 Most of

these belong to EV-B, whereas in Asia, EV-A types are
common.47�49 In contrast, non-polio type EV-Cs are rel-
atively rare.45 Notably, EV genotypes change over time
primarily through recombination of both conventional
and unconventional EV types that most frequently
occurs at non-capsid regions, as reported for EV-As.50

Viruses constituting the oral poliovirus vaccine (OPV)
are inherently genetically instable.51,52 Recombination
with other EV-C types into highly divergent strains46

leads to the OPV-derived VDPVs that achieve the level
of transmissibility similar to natural PVs53�55 and can
cause acute flaccid paralysis.56 It is well documented
that following persistent EV infections, cardiac tissues
become inflamed57 and that EV types A and B are
responsible for cardiac disease.58,59 In this study, we
show that the G-I-X-D epitope is well-conserved across
EVs and even wider across other species of Picornaviri-
dae, suggesting that heterologous immunity can be
mediated by cross-reactive antibodies to shared antigens
of this rapidly evolving virus family.

The immunoprofiling of people of Estonia II cohort
born during the OPV vaccination (1959�2007) revealed
that high titer antibody response against the G-I-X-D
epitope was more common compared to those individu-
als born before 1959, when no vaccines were available
(Figure 4b), and also compared to the individuals of Fin-
land I cohort, who had mostly received IPV polio vac-
cine according to the Finnish national immunisation
programmes (https://www.cdc.gov/mmwr/preview/
mmwrhtml/00000682.htm) (Figure 4d,e). These dif-
ferences in the observed anti-G-I-X-D response could be
explained by the difference in the antigenic structure of
poliovirus vaccines. Commercial IPVs are produced by
incubations with formaldehyde that is known to result
in some loss of immunogenicity due to the partial
destruction of specific antigenic epitopes.60 Notably,
the antibody response to VP3/VP1 cleavage site of PVs
has been detected in OPV but not in IPV recipients,
thus leaving a gap in the PV-associated immune
response.61 Most recent studies have shown high
sequence variability of the VP1 N-terminal domain,62

that is externalised in the a-helical conformations for
interactions with host cell membranes.63, 64 Despite the

Finland I with no CVD diagnostic history (CTRL-FIN) and in donors from Estonia I (HC-EST) as compared to individuals from groups of
cardiovascular disease (CAD/ACS, CVD-FIN and MI, MI-EST, correspondingly). Groups: HC-EST (n = 50) and MI-EST (n = 50) � Estonia I
discovery cohort (Table 1); CTRL-FIN (n = 402) and CVD-FIN (n = 64) � Finland I cohort (Table S4). b�d. Pairwise comparison with
Mann-Whitney U test, * p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001, Holm-Bonferroni correction was used to adjust p-values
for multiple comparisons. On boxplots, bold line indicates the median, lower and upper lines indicate 25th and 75th percentiles, and
whiskers are shown in the style of Tukey. y axes � Abundance, IgG bound peptides, anti-G-I-X-D seroresponse measured by MVA. HC
� healthy controls; MI � myocardial infarction patients; CVD � cardiovascular disease (including acute coronary syndrome patients
(CAD/ACS)); CTRL � control group e. Modelling of anti-G-I-X-D response in Estonia II and Finland I cohorts with generalised linear
model using the formula “log2(G-I-X-D abundance) » Vaccination status + Age/10 + CVD diagnosis”. People younger than 18 years
were excluded from the analysis, non-vaccinated people with no primary diagnosis of CVD were used as the reference level. Esti-
mates of the indicated coefficients (y-axis) are shown with circles and squares, 95% confidence interval is shown with line. OPV and
IPV indicate vaccination with the respective vaccine, Age/10 indicates age divided by 10 (i.e., the effect of being 10 years older), MI/
CAD/ACS designates any of the indicated primary diagnosis.
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VP1 N-terminal hypervariability, the Gly residue of the
Q/G dipeptide forming the VP3/VP1 cleavage site65 that
is part of the G-I-X-D epitope defined by our study,
remains highly conserved.66 Thus, the findings of the
current study suggest that the data on the G-I-X-D epi-
tope could be useful in advancing poliovirus vaccines or
in testing vaccine efficacy against evolving PV strains.
To the best our knowledge, there is neither monoclonal
antibody that would correlate with protective properties
in humans and be used to estimate polio vaccine
potency nor a validated test for the analysis of epitope-
specific poliovirus-induced antibody response. This is
important, given that the same widely accepted struc-
tural rearrangement model of the VP1 capsid proteins is
valid across picornaviruses.64

Here we define the role of an EV-associated common
epitope as protective against acute CVD events (MI and
ACS). The latter is not surprising as EVs have been
detected in atherosclerotic plaques67 and, as highlighted
recently, in association with MI plaque disruptions.68 In
one study, antibody response to EV antigens was
detected in 49% of patients with CAD and in 54.3% of
those with MI.69 Other studies observed that coxsackie-
virus B (CV-B) promoted atherosclerosis in animal mod-
els.70 However, the mechanisms of how EVs contribute
to CVDs are not clear. Based on our study data, inade-
quate antibody response against the N-terminus of PV1
presenting the G-I-X-D epitope could hypothetically
allow direct infection and lytic effects or the poor clear-
ance of the EV species and lead to chronic inflammation
of the heart tissue. We observed that anti-G-I-X-D anti-
body response was relatively lower in subjects of Fin-
land I in general as compared to Estonia I cohort and
was determined as particularly low in the MI subgroup
of Estonia I and CVD subgroup of Finland I
(Figures. 4d and S13). Based on our modelling data
(Figure 4e), we suggest that these differences could be
explained by the differential use of PV vaccines (OPV vs
IPV) between countries, also by individual heterologous
immunity towards EV/picornaviral species, both of
which are essential to support cardiovascular health.
Potentially, changes in the gut microbiota composition
linked with CVD71 could impair gut immune regulation
promoting EV replication.72 Our data highlight the
importance of the long-term, stable, and high-titer anti-
body response against the N-terminal epitope of VP1
antigen of EVs in protecting against severe heart dam-
age (MI, CAD, ACS). However, further studies are
needed to establish robust correlations.

The main strengths of this study are concordant
results in two ethnic populations covering a wide age
range that the antibody response to a highly antigenic
epitope reflects improved cardiovascular health. Addi-
tionally, the study includes a comprehensive analysis of
the antibody epitope repertoire associated with enterovi-
ruses and cardiovascular health. The main weaknesses
are associated with the retrospective study design that

we complemented with a descriptive analysis of publicly
available data on national immunisation programmes
against polio in Estonia and in Finland (Figure S2). We
describe a potential biomarker for the assessment of
risks associated with severe CVD (MI and ACS) and
raise important questions on the role of common viral
infections in the heart pathophysiology. The exact
mechanisms by which these may lead to heart failure
remain to be established. Our results stress the impor-
tance of dissecting the role of heterologous immunity
against EV infections, also primed by globally used PV
vaccines.
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pain in women treated for breast 
cancer

Neuropathic pain, Post-surgical pain, Antibody response, Herpesvirus

Neuropathic pain (NP) is defined as pain caused by a lesion or disease of the somatosensory nervous system1. 
Surgical nerve injuries can lead to persistent peripheral NP (chronic post-surgical NP, CPSNP). CPSNP is 
especially prevalent (14–31%) in patients operated on for breast cancer (BC)2,3, injury to the intercostobrachial 
nerve (ICBN) during axillary surgery being an important cause. However, not all ICBN injuries lead to CPSNP. 
The biological mechanisms explaining why similar nerve injuries become painful in some, but not in all, still 
need to be elucidated.

Development and maintenance of pain following the onset of peripheral nerve lesion is a complex process 
involving multiple peripheral and central mechanisms4,5. Extensive preclinical and growing clinical evidence 
shows that neuroimmune interactions play a key role in this process and involve both innate and adaptive 
immune systems6–8. However, antibodies are less studied in the context of NP, although it has been shown 
that antibodies and their complexes have the potential to induce nociceptor hyperexcitability through multiple 
mechanisms9,10. In the context of nerve injury, pre-existing antibodies derived from previous exposures to 
environmental pathogens11, and autoantibodies, could enhance nociception due to trauma-related events9,10. 
Also, tissue injury could lead to exposure of hidden antigens and the generation of autoantibodies with pro-
nociceptive properties12,13. However, the role of humoral immune responses in painful peripheral nerve injury 
has largely remained unexplored and clinical studies are scarce.
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In this explorative study, we used mimotope variation analysis (MVA)14, a next generation random 12-
mer peptide phage display method, for large-scale assessment of the antibody epitope repertoire in CPSNP 
after BC surgery, which had been complicated by nerve injury. The data generated by MVA immunoprofiling 
have successfully been used to identify novel antibody epitope biomarkers for vaccination-induced narcolepsy, 
multiple sclerosis, and COVID-1914–17. We compared the targeted peptide epitope profiles (immunoprofiles) in 
the clinical samples of patients with persistent painful versus painless surgical injuries to ICBN. In this, our aim 
was to assess whether specific immunodominant antibody epitopes associate with CPSNP after BC treatments. 
We analyzed samples from two timepoints: before surgery and at follow-up (4–9 years from surgery). In these 
settings, we addressed two questions: (1) Do patients with painful and painless surgical nerve injury present with 
a pre-existing distinct antibody epitope spectrum before nerve injury? (2) Are there CPSNP-associated changes 
in the immunodominant antibody response that emerges after surgical nerve injury and BC treatment? With 
this approach, our aim was to increase understanding of the immunological features in the pathophysiology of 
CPSNP and identify novel biomarkers for CPSNP.

We used the same study group that was previously described by Lötsch et al.18 and Mustonen et al.19. We included 
57 patients, of whom 27 had CPSNP, with a matched control group of 30 non-CPSNP patients (Fig.  1 and 
Table S1). The patient characteristics, including the type of cancer and cancer treatments, have been previously 
reported elsewhere19. At the follow-up visit, patients in the CPSNP group were on average approximately four 
years younger (mean age 60,3 vs. 64.0 years) than patients in the non-CPSNP group (Fig. 2b).

The groups had no significant differences in surgical and cancer treatments or in cancer type. Mastectomy 
was performed on 16 (59%) patients in the CPSNP group and 20 (67%) patients in the non-CPSNP group. Most 
patients (96% in CPSNP group and 83% in non-CPSNP group) had undergone axillary lymph node clearance. 
Chemotherapy was administered to 23 (85%) patients in the CPSNP group and 25 (83%) patients in non-CPSNP 
group. Docetaxel was included in the chemotherapy regimen in all but one patient in CPSPN and two patients 
in non-CPSNP group. Presurgical samples were taken from both groups (Timepoint 1 [T1]); the mean follow-
up time was 6.5 years, ranging from 4 to 9 years (Timepoint 2 [T2], Fig. 2a). In the CPSNP group, the median 
worst pain past week score was 5/10 NRS, with overall pain intensity ranging from 4 to 8/10 NRS. For CPSNP 
patients, the median score in the Douleur Neuropathique 4 (DN4) screening questionnaire was 6/10 ranging 
from 3 to 8/10. At the follow-up visit, four patients in the CPSNP group reported on-demand use of paracetamol 
or NSAID, one patient reported on-demand use of paracetamol-codeine combination drug, and one patient 
used regular neuropathic pain medication (gabapentinoid and amitriptyline). None of the patients in the non-
CPSNP group reported any use of pain medications. None of the patients had received any neuromodulatory 
pain treatments.

To identify the antibody epitope response repertoire, we performed MVA immunoprofiling of serum samples 
from CPSNP and non-CPSNP groups collected at two timepoints (n = 126; Fig. 2c, Fig. S1). Data analysis when 

Fig. 1. Patient selection. *Other reasons include metastasized cancer and diagnosis of inflammatory or 
neurological disease. CPSNP: persistent post-surgical neuropathic pain; NP: neuropathic pain; NRS: numerical 
rating scale.
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comparing the individual pre-operative and follow-up samples resulted in defined sets of peptides that were 
highly individual-specific but similar at both timepoints. The cosine similarity index (CSI) was remarkably high 
on average (0.79) for paired samples (n = 59 comparisons), while CSI was significantly lower on average (0.04) 
in unpaired samples (Fig. 2d, Fig. S2). These results demonstrated that the seroreactivity against major antibody 
epitopes remained similar in time in the same subject but differed between subjects.

To define differences in antibody epitope profiles among study groups, we performed an unsupervised clustering 
analysis of the most abundant (immunodominant) peptides detected by MVA and determined group-specific 
epitopes (Fig. S1). To further investigate the origin of these immune features, we aligned the epitope sequences 
(n = 9344) to the peer-reviewed epitopes from the IEDB with exact matching. This annotation analysis identified 
1882 epitopes showing high sequence similarity with the reported epitopes of 79 common human pathogens 
(Table S2). Table S2 shows annotated linear epitopes associated with pathogen antigens. Antibody immune 
response to these epitopes was detected in both pre-surgery and follow-up (Timepoints T1 and T2) samples 
from the patients with CPSNP (Fig. 3a). Pairwise data analysis confirmed the persistence of immune response 
to the selected epitopes over time (Spearman rho and p-values between timepoint samples showed high 
correlation: ρ = 0.88, p = 1.7*10− 6 (CPSNP) and ρ = 0.80, p = 1.6*10− 6 (non-CPSNP), Fig. 3b). Further clustering 
analysis resulted in 17 distinct pathogen-associated epitope clusters (Fig. 3c). Annotation analysis indicated that, 

Fig. 2. Characterization of antibody epitope profiles from the serum of patients with CPSNP (n = 27) and 
non-CPSNP (n = 30) by MVA. (a) Clinical study design. Samples from 57 patients with breast cancer (BC) 
diagnosis were analyzed. Each patient had given two samples: one before (timepoint 1, T1) and another after 
(timepoint 2, T2) surgery. The period between T1 and T2 varied between 4 and 9 years. The control group 
(CTRL) included serum samples derived from T1 and T2 timepoints from six patients from the same cohort 
without ICBN injury and without pain. (b) Age distribution of the 63 patients at T1 and T2. (c) Antibody 
epitope profiling with MVA. MVA workflow comprised different sequential steps: (i) immunocapture of IgG-
phage complexes from a sample using the phage library (random 12-mer peptide M13 phage library); (ii) high-
throughput Illumina HiSeq2500 short DNA sequencing of bar-coded phage DNA; (iii) bioinformatical data 
analysis resulting in antibody epitope identification. The sequenced DNA reads obtained were quality-checked, 
translated to peptide sequences, and sample- and cohort-specific epitopes from peptide sets were developed 
by the SPEXS2 pattern search algorithm. Schematic presentation was created with biorender.com (d) Highly 
individual immunoreactive epitope profiles shared similar features in paired sera (T1 and T2) samples, as 
observed from MVA. The 5000 most IgG-bound (abundant) peptide values (read counts) from each sample 
were taken into immunoprofile similarity analysis. For all sample pairs, the normalized scalar products of 
peptide count vectors were calculated for the cosine similarity index (CSI, R package lsa). The CSI values 
depicted are 0.70 and above (color-coded scale on the right), showing highly correlated immune profiles. 
Based on CSI analysis, the data of one CPSNP, one non-CPSNP and two CTRL samples were removed from 
quantitative analyses (Table S1). Group sizes: Paired samples n = 59, Unpaired sample pairs = 6844. Sample pairs 
were combined from timepoint samples of cohort patients: CPSNP n = 26, non-CPSNP n = 29 and CTRL n = 4 
(Table S1). BC: breast cancer; CPSNP: chronic post-surgical neuropathic pain; CSI: cosine similarity index; 
CTRL: control; MVA: mimotope variance analysis; NGS: next generation sequencing; NP: neuropathic pain; 
T1: timepoint 1; T2: timepoint 2.
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while most clusters were heterogenous and contained epitopes of different viral antigens (Cluster 4 and 15, for 
example, Table S2), some clusters were very clearly linked to a specific epitope of a specific pathogen (Fig. 3c). 
For example, Clusters 5 and 8 were strongly associated with the human cytomegalovirus (CMV) antigen of 
phosphoprotein 150 (pp150). Clusters 10 and 12 contained epitopes associated with the glycoprotein D (gpD) 
of human herpes simplex viruses (HSV1 and HSV2). Cluster 2 was more distinct for non-CPSNP than for 
CPSNP and was enriched in epitopes associated with enteroviruses (Fig. 3c and Table S2). We then quantified 
the antibody response against these major epitope clusters (Fig. 3c) that were specifically associated with CPSNP. 
Amongst these, antibody responses against the epitopes of seven viruses emerged as the most discriminating 
(Tables S2- S3), specifically against antigenic determinants of the polyprotein of human rhinovirus (HRV C3); 
regulatory protein E2 of human papilloma virus 16 (HPV16); polyprotein of coxsackievirus B3 (CVB3); pp150 
of CMV; glycoprotein D of HSV1 and HSV2; capsid protein VP26 of EBV (Fig. 3d). We further hypothesized 

Fig. 3. Distinct antibody immune response for CPSNP relates to antigens of common pathogens. (a–c) 
Annotation analysis of group discriminative epitope mimics resulted in epitopes (n = 1882) showing 
sequence similarity to common pathogens (n = 79) from the Immune Epitope Database (IEDB) (Table S1). 
4188 antigenic determinants of common pathogens were selected. Summarized log-transformed values of 
seroreactivity to these IgG bound epitopes in each sample of CPSNP (n = 26), non-CPSNP (n = 29) or CTRL 
(n = 4) groups are depicted in a boxplot. Wilcoxon Rank Sum test, p-values adjusted with FDR: **** p ≤ 0.0001. 
(b) Pairwise analysis of pre-operative (T1) and follow-up (T2) samples of CPSNP (n = 26) and non-CPSNP 
(n = 29) patients. Summarized log-transformed values of seroreactivity to IgG bound epitopes in each sample 
are depicted in a boxplot. Spearman rho and p-values between timepoint samples showed high correlation: 
ρ = 0.88, p = 1.7*10− 6 (CPSNP) and ρ = 0.80, p = 1.6*10− 6 (non-CPSNP). (c) t-SNE analysis of 1882 antibody 
epitopes identified 17 different clusters (Table S2). For t-SNE and clustering analysis, the abundance of immune 
response values to 1882 epitopes in 63 cohort pre-operative samples (27 CPSNP, 30 non-CPSNP and 6 CTRL) 
were normalized to 3 million reads and log-transformed. Epitope clusters were detected using the R package 
Rtsne (dims 2, perplexity 15, max_iter 500) and R package dbscan (epsilon 2, minPts 10) (Table S2). (d) Seven 
epitopes from different clusters stood out as the most interesting group-discriminating epitopes that aligned to 
79 different human pathogen epitopes presented in IEDB (Table S1). The sequences of these epitopes belonging 
to common human viruses are depicted with amino acid regions. A permutation-based test was performed 
to evaluate statistical significance of each aligned protein–motif pair (Table S2). For each pair, the protein 
sequence was held constant while the amino acid positions of the matched motif were randomly shuffled 
10,000 times to generate permuted motif variants preserving amino acid composition. Each permuted motif 
was aligned to the target protein sequence, and the number of exact matches was recorded. The empirical 
p-value was calculated as: (number of permuted matches + 1)/(number of permutations + 1) and p-values were
adjusted with FDR. The highest adjusted p-value is shown. AUC: area under the ROC curve; B. pertussis: 
Bordetella pertussis; CPSNP: chronic post-surgical neuropathic pain; CTRL: control; CVB3: Coxsackievirus 
B3; EBV: Epstein-Barr virus; CMV: human cytomegalovirus; HRV-C3: human rhinovirus C3; HSV1/2: Herpes 
simplex virus 1/2; T1: timepoint 1; T2: timepoint 2.

 |        (2026) 16:12511 

www.nature.com/scientificreports/



that some of the identified epitopes related to these common pathogens could be linked to autoimmune mimicry 
(Table S4). We observed accumulations of immune response targeting extracellular domains of various human 
protein or secretory protein antigens, as well as those that could directly influence pain signaling. Among others, 
for example, the epitope of HRV-C3/HPV16 (Cluster 11/Cluster 6) showed mimicry of the epitope of the human 
collagen alpha-3(VI) chain, a beaded filament collagen shown to have a role in cancer and acute wound healing 
(UNIPROT ID P12111) (Table S4). These results indicated that a high pathogen load was a dominating feature 
differentiating patients with or without CPSNP.

We analyzed overall seropositivity to EBV, CMV, HSV1 and HSV2 and observed that those for EBV and CMV 
were prevalent across all study groups, whereas seropositivity for HSV1, and particularly HSV2, were less 
common (Fig. 4a, Table S1). The percentage of HSV2 seropositive individuals was higher in the CPSNP group 
than in the non-CPSNP or CTRL groups (HSV2: 48.2%/20.0%/33.3%, Fisher’s Exact test p value 0.027) (Fig. 4a). 
Next, because the annotation analysis of the antibody profiles to IEDB-reviewed epitopes revealed clear links 
with common human pathogens, we used the overall seropositivity results to validate the findings of MVA. We 
assessed the potential of seroreactivity to herpesviral antigens (pp150 of CMV, gpD of HSV1, gpD of HSV2) 
for accurate classification (Fig. 4b). The antibody response to the examined epitopes was significantly higher in 
the seropositive samples (Wilcoxon Rank Sum test, FDR-adjusted p < 0.01, Fig. 4b). Additionally, the response 
to gpD antigen of HSV2 was greater in CPSNP samples than in non-CPSNP samples (Wilcoxon Rank Sum 
p < 0.05, Fig. S3). Finally, an epitope-specific ELISA using peptides corresponding to epitopes of pp150 CMV 
(892GRGSRVGVPSLKPTLGGKAV911) and gpD HSV2 (368MAPKRLRLPHIRDDD383) independently confirmed 
that the MVA findings were genuine targets of the IgG response associated with these pathogens and potentially 
linked to neuroinflammation (Fig. 4c, Fig. S4).

The marked difference in seroreactivity to herpesviruses between the CPSNP and non-CPSNP groups led us 
to explore the potential of using seroreactivity to antigenic epitopes of the seven common viruses, both against 
individual viruses and collectively for classification. Individually, antibody responses to single epitopes of CMV, 
EBV, HRV, HPV16, HSV1 and HSV2 were notably higher in pre-surgery samples of CPSNP than non-CPSNP 
samples (Fig. 5a). Anti-CVB3 was an exception, as the responses against its epitope were lower in CPSNP than 
in non-CPSNP samples. In post-operative samples collected 4–9 years after surgery, the seroresponse to most 
epitopes remained similarly associated with CPSNP (Fig. S5).

We then analyzed all seven features to develop a logistic regression model aimed at predicting CPSNP in 
BC patients. These data showed that the seroresponse to the defined set of viral epitopes of CVB3, EBV, CMV, 
HPV-16, and HSV-2, presented a novel predictive biomarker that distinguished CPSNP patients from non-
CPSNP patients pre-surgery, achieving a balanced accuracy of 84.6% (Fig. 5b). The observed cross-validated 
AUC was 0.85 and was significantly greater than expected by chance based on a permutation test (p = 0.00089). 
Baseline clinical characteristics were comparable between the CPSNP and non-CPSNP groups19. The variables 
demonstrating minor difference between the two groups were age and BMI before (T1) and after surgery (T2). 
The reported biomarker associations remained stable after age and BMI adjustments (Fig. S6).

This model was validated on an independent control cohort16,17 comprising age-, sex-, and country-matched 
individuals (n = 28, achieving AUC = 0.806, with a sensitivity of 0.73 and a specificity of 0.75, Fig. S7). Altogether, 
our findings suggested that immunity load to pathogens may play a significant role in modulating pain signaling 
and could provide new avenues for therapeutic interventions.

Discussion
In this study, we present a hypothesis-free analysis of antibody epitopes in patients with painful (CPSNP) and 
painless (non-CPSNP) nerve injury after BC surgery, using MVA immunoprofiling. MVA uncovered highly 
individualized immunoprofiles in the paired samples across study groups (pre-operative and follow-up), while 
also identifying shared immunoreactive features. We identified 1882 epitopes that were differently targeted by 
antibody response in the two study groups, and these epitopes showed high sequence similarity to antigens of 
common human pathogens. These included epitope mimics of the polyprotein of HRV-C3, regulatory protein 
E2 of HPV16, phosphoprotein 150 of CMV, capsid protein VP26 of EBV and envelope glycoprotein D of HSV1 
and HSV2, whereas epitopes of polyprotein of CVB3 were associated with painless nerve injury. Similar immune 
responses to the epitopes of these common human viruses were detected in the samples collected before surgery 
and after the follow-up showing that the findings persisted over time. Five of these specific epitopes (epitopes 
of CMV, EBV, HSV2, CVB3, and HPV-16) could be potentially clinically useful as preoperative predictors of 
CPSNP in patients undergoing BC surgery (AUC of 0.9, 95% CI, 0.794–0.963). This suggests that immune load 
linked to common viruses is associated with an increased risk of developing CPSNP.

The antibody repertoire reflects both the past and current activity of the adaptive immune system. Immune 
response against previously encountered environmental pathogens has been identified as a potential risk factor 
for various autoimmune disorders20, as well as in other contexts, including psychiatric disorders21. Recently, 
serological evidence of multiple infections was associated with multisite chronic pain22. To the best of our 
knowledge, this is the first study to report an association between antibody responses against common and latent 
viruses and the risk of developing persistent pain after surgical nerve injury.

Neuropathic pain (NP) is caused by disease or a lesion in the somatosensory system. However, not all nerve 
lesions become chronically painful. Immune system has a major contribution in the resolution on pain after 
nerve injury but also in the maladaptive mechanisms that lead to persistent pain23,24. Moreover, cellular immune 
response to nerve injury is regarded as a possible therapeutic target25. The crosstalk between immune system and 
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NP includes interactions with both innate and adaptive immunity. This process involves almost every immune 
system component and cell type, including macrophages, neutrophils, T cells, glial cells, cytokines, chemokines 
and inflammatory mediators7,13,23–25. However, the role of humoral immune mechanisms has been less studied 
in the context of painful nerve injury, although growing evidence implicates its potential contribution in certain 
persistent pain conditions9,10,26,27.

Antibodies may exert pronociceptive effects through immune-complex formation, complement activation, 
and Fc-receptor–mediated sensitization of peripheral nociceptors, providing a potential mechanistic link 

Fig. 4. Serology findings of high seropositivity confirm the chronic pathogen burden in CPSNP and non-
CPSNP groups. (a) IgG response measured by ELISA for common viruses and/or their specific antigens. 
Serology was measured for EBV (Anti-EBV-CA IgG ELISA, 2791–9601 G), CMV (Anti-CMV, EI 2570–9601 
G), HSV1 (Anti-HSV1-gC1, EI2531-9601-2G), HSV2 (Anti-HSV2-gG2, EI2532-9601-2G) for 59 clinical 
samples ((CPSNP (n = 26), non-CPSNP (n = 29), CTRL (n = 4)). The percentage of HSV seropositivity was 
higher in the CPSNP group than in non-CPSNP or CTRL groups (Fisher’s Exact Test p ≤ 0.05) whereas 
statistically significant only for HSV2 (Fisher’s Exact Test p = 0.027). CPSNP group – 24/3/0 CMV, 27/0/0 
EBV, 20/7/0 HSV1, 13/12/2; non-CPSNP – 21/8/1 CMV, 29/0/1 EBV, 20/10/0 HSV1, 6/23/1 HSV2; CTRL 
– 3/1/0 CMV, 5/1/0 EBV, 1/3/2 HSV1, 2/4/0 HSV2, (numbers referring to POS/NEG/B). (b) MVA-detected 
immunodominant epitopes classify seroresponse to herpesviral antigens pp150 of CMV, gpD of HSV1 and 
gpD of HSV2. Summarized seroreactivity values of IgG-bound peptides that contained epitopes with sequence 
similarity to the three epitopes of common herpesviruses are shown as cohort samples are divided by serology 
status (NEG, POS) and groups (CPSNP, non-CPSNP); Wilcoxon Rank Sum test, p-values adjusted with FDR, 
** p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001. (c) Epitopes of pp150 of CMV and gpD of HSV1/2 were validated 
using epitope-specific ELISA with CMV and HSV2 POS/NEG serum samples and peptides displaying epitope 
of pp150 of CMV (left: n = 23) and epitope of gpD of HSV2 (right: n = 23). Signal intensities were calculated 
as Signal/Background ratio (RLU). Wilcoxon Rank Sum test, FDR-adjusted p-values: ****p ≤ 0.0001. CPSNP: 
chronic post-surgical neuropathic pain; CTRL: control; EBV: Epstein Barr virus (human gammaherpesvirus 
4); CMV: human cytomegalovirus (human betaherpesvirus 5); HSV1/2: Herpes simplex virus 1/2 (human 
herpesvirus 1/2); NEG: seronegative; POS: seropositive; B: borderline RLU: relative light unit.
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between adaptive immunity and pain processing9,10. For example, IgG from complex regional pain syndrome 
(CRPS) and fibromyalgia patients can transfer pain-like hypersensitivity to rodents26,27. Furthermore, in a subset 
of fibromyalgia patients, autoantibodies bind to satellite glia cells in the dorsal root ganglia (DGR) of the sensory 
nerves28. In the context of nerve injury, a mouse model showed accumulation of IgG in DRG and dorsal spinal 
cord with potential pro-nociceptive effect13. A clinical study of spinal cord injury patients showed an antibody-
mediated autoimmune response that was associated with a higher need of NP medication12. However, there is a 
lack of clinical studies concerning the role of antibodies in painful peripheral nerve injury.

Our data suggest an elevated immune response to multiple human herpesviruses as a risk factor for developing 
persistent NP after breast cancer surgery. Human herpesvirus infections or their post-infection syndromes have 
been associated with persistent NP in different contexts, with post-herpetic neuralgia the most well-known. 
Apart from these, the association of latent herpesvirus infections and other NP conditions is less studied. A rare 
unilateral pain syndrome with NP features has been reported in association with recurrent HSV infections29. 
Indeed, HSV1 and − 2 remain latent in the ganglia of sensory nerves with the potential of clinical or subclinical 
reactivation later in life. Although these viruses are known to reside primarily in trigeminal (HSV1) and sacral 
(HSV2) ganglia, HSV1 can sometimes reside in thoracic ganglia30 suggesting a plausible anatomical link to the 
CPSNP-related findings in the present study.

EBV infects mainly B cells and epithelial cells, CMV infects monocytes, lymphocytes and epithelial cells. 
After primary infection the reactivations of CMV and EBV are usually asymptomatic. Previously, seropositivity 
to EBV has been associated with chronic multisite musculoskeletal pain and inflammatory joint pain22,31. 
Other chronic pains are common comorbidities in NP, and they associate with risk of developing CPSNP after 
surgery32,33. High antibody titers to both EBV and CMV have been associated with elevated levels of other 
inflammatory mediators such as CRP and IL-6 indicating that the activity of multiple herpesviruses can drive 

Fig. 5. Antibody response to seven highly antigenic epitopes of common viruses as candidate markers for 
predicting CPSNP pre-operatively. (a) Seven epitopes, including those of pp150 of CMV, gpD of HSV1 and 
HSV2, polyprotein of HRV C3, regulatory protein E2 of HPV16, capsid protein VP26 of EBV, and polyprotein 
of CVB3, were deemed most discriminating (Tables S2 and S3). Summarized values of IgG-bound peptides 
with sequence similarity to the seven epitopes from Fig. 3d are depicted in a boxplot for each pre-surgery 
sample of the CPSNP (n = 26) or non-CPSNP (n = 29) groups. Wilcoxon Rank Sum test, p-values FDR adjusted: 
* p ≤ 0.05; ** p ≤ 0.01. (b) Logistic regression model with values of antibody responses to five of these epitopes 
(pp150 of CMV, gpD of HSV2, E2 of HPV16, VP26 of EBV, polyprotein of CVB3) in pre-operative samples 
predicts CPSNP with high specificity (1) and sensitivity (0.69) (AUC 0.9). The observed cross-validated AUC 
was 0.85 and was significantly greater than expected by chance based on a permutation test (p = 0.00089). 
Groups compared: CPSNP (n = 26); non-CPSNP + CTRL (n = 29 + 4). AUC: area under the ROC curve; CPSNP: 
chronic post-surgical neuropathic pain; CTRL: control; CVB3: Coxsackievirus B3; EBV: Epstein-Barr virus 
(human gammaherpesvirus 4); CMV: human cytomegalovirus (human betaherpesvirus 5); HPV16: human 
papillomavirus 16; HRV-C3: human rhinovirus C3; HSV1/2: Herpes simplex virus 1/2 (human herpesvirus 
1/2).
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general inflammation34. Furthermore, general inflammation and higher levels of pro-inflammatory cytokines 
have been associated with NP in different contexts in both pre-clinical and clinical studies6,7,23. This is in line 
with our data showing elevated antibody response to multiple herpesviruses in CPSNP. High antibody levels to 
latent herpesviruses are indirect indicators of viral reactivations and they also serve as an indicator of immune 
dysregulation, due to their associations with elevated levels of inflammation34,35. The compromised immune 
function which predisposes individuals to recurrent and prolonged herpesviral reactivation specifically could 
be the underlying factor for the elevated risk of CPSNP following nerve injury36. However, our study does not 
provide direct information about immune function, inflammation, or herpesvirus reactivations and further 
studies are needed to confirm this hypothesis.

Notably, compared with the CPSNP group, the non-CPSNP group patients exhibited an elevated IgG 
response targeting epitopes that mimic the polyprotein of CVB3, a common human enterovirus causing flu-
like symptoms and sometimes myocarditis. It remains unclear how antibody response to CBV3 could associate 
with favorable outcome in terms of pain development after surgical nerve injury. The clinical relevance of this 
finding needs further evidence. Interestingly, in a recent MVA study, robust antibody response to a conserved 
enteroviral epitope was associated with better cardiovascular health17.

Our modelling results suggest that antibody response to specific antigen epitopes of CMV, EBV, HSV2, 
CVB3, and HPV-16 prior to surgery could be useful predictors of CPSNP in patients undergoing BC surgery. 
There are several mechanisms that could be hypothesized. Firstly, antibodies could be nociceptive per se, like 
in CRPS and fibromyalgia. Secondly, antibodies may jointly induce general inflammation34, which interferes 
with normal nerve regeneration and leads to pain sensitization24,36. Thirdly, antibodies may be markers of 
compromised immune functions, which would be the biological cause of lack of regeneration and pain. Lastly, 
reverse causality is also worthy of consideration, because chronic NP is associated with increased stress and 
psychological burden32,37 and stress is known to induce reactivations of herpesviruses. All in all, our findings 
support the hypothesis that prior infections and viral re-activations potentially prime neuroimmune pathways 
that facilitate the development and persistence of NP following surgical injury. Since our study does not provide 
direct information about the underlying mechanisms, further research is necessary to clarify the role of antibody 
responses in NP development.

Strengths of this study include a prospective setting of thoroughly characterized study groups of painful and 
painless nerve injury patients after BC surgery. Our data is unique, because a similar setting is very difficult to 
obtain in most other NP etiologies where the onset of nerve lesion and NP are usually unpredictable. Another 
strength of this study is its comprehensive immune response analysis. The interaction between the immune 
system, inflammation, and pain is intricate. MVA allowed us to screen a vast set of peptides, accelerating the 
discovery process of antigens associated with chronic pain at the epitope level. However, our study does not 
provide direct information on active infection, pathogen load, or viral reactivation. The patient cohort is small, 
but the patient groups were carefully characterized with a detailed assessment of NP along with preoperative 
and follow-up samples with timespan up to nine years. These together add considerable depth to our study. Our 
results may not be directly generalizable to men and to other NP etiologies, because our study groups comprised 
of BC treated women with surgical nerve injury.

Our analysis demonstrated that the antibody response profiles in BC patients experiencing CPSNP showed 
reactivity to multiple viral antigens. These immune response patterns may be candidates as predictive markers 
assessing the risk of pain development during the preoperative stage. This finding could pave ways to new 
therapeutic opportunities, such as use of antiviral drugs, for the prevention and management of neuropathic 
pain. Since our results from clinical patients are preliminary, we encourage further studies to elucidate the 
multidisciplinary mechanisms and potential treatment avenues in persistent NP.

We have previously described the diagnosis of NP in 251 women whose treatment for BC involved axillary 
surgery and ICBN resection (as reported by the surgeons). We examined the patients for the presence or absence 
of CPSNP of the ICBN 4–9 years after surgery32. All patients were recruited from a previous prospective cohort 
of 1000 women operated on for BC at the Helsinki University Hospital during 2006–201038. Thus, we were able 
to use data and samples collected preoperatively from the patients in the current study. During surgery, the 
operating surgeon reported the handling of ICBN (totally resected, partially resected, spared or not identified). 
Patients with total or partial ICBN resection were invited for the follow-up research visits for the current study. 
Follow-up research visits took place during 2014–2016, 4–9 years after surgery32. The visits included thorough 
clinical sensory examination by a neurologist (HH) for diagnosis of NP according to stepwise grading criteria 
(unlikely, possible, probable, definite NP)39, and collection of blood samples. The contents of sensory examination 
and NP grading have previously been reported in detail elsewhere32. To fulfill the criteria for definite NP, the pain 
and sensory alterations had to be located within the area of ICBN innervation and the ICBN resection had to 
be confirmed by the operating surgeon. Because of the surgeon’s report of nerve lesion, no additional diagnostic 
tests are needed to fulfill the criteria of definite NP39. We used the “worst pain past week” in the Brief Pain 
Inventory (BPI) long form to measure pain intensity on a Numerical Rating Scale (NRS, 0–10). NRS ≥ 4/10 was 
considered to reflect at least moderate pain intensity and clinically meaningful pain40. All patients were asked for 
the presence of pain in other body locations (back, neck, joints, head, other) and use of current pain medications. 
In addition, Douleur Neuropathique 4 (DN4) questionnaire41 was completed for each patient with pain.

For the current study assessing the role of antibody response profiles in CPSNP, we selected subgroups 
using the following criteria: (1) the CPSNP group included patients fulfilling the criteria of definite NP39 and 
pain intensity ≥ 4/10 on the NRS and (2) the non-CPSNP group included patients with ICBN resection with 
no CPSNP and no other pains. Patients with ongoing cancer treatment, neurological or autoimmune diseases 
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were excluded from the present analysis. Patient selection is presented in Fig. 1. For technical control purposes, 
preoperative and follow-up samples from six BC-operated patients without ICBN injury and without pain were 
included in the MVA studies. These patients were from the same original cohort as the analyzed groups32.

The Coordinating Ethics Board of the Helsinki and Uusimaa Hospital District approved the study 
(149/13/03/00/14) which was also registered in ClinicalTrials.gov (NCT02487524). This study was performed in 
accordance with the Declaration of Helsinki. All patients gave written informed consent.

The cancer treatment data were accessible from the previous study38. All patients had been operated on for 
unilateral BC, and none had received neoadjuvant treatment. Breast surgery was either mastectomy or breast 
conserving surgery (BCS) accompanied with axillary surgery, which was either sentinel lymph node biopsy 
(SLNB) or axillary lymph node dissection (ALND). The resection of the ICBN (either total or partial) was 
verified by the operating surgeon. Oncological treatments, including radiotherapy, chemotherapy, and endocrine 
treatment, were administered according to national treatment protocols. The chemotherapy regimen comprised 
a combination of docetaxel and CEF (cyclophosphamide, epirubicine, and 5-fluorouracil). Trastuzumab 
was administered to the patients with HER2 (human epidermal growth factor 2) -positive BC. Tamoxifen 
(premenopausal women) or aromatase inhibitor (postmenopausal women) comprised the endocrine treatment.

Plasma samples for the MVA were collected at two separate timepoints: at induction of anesthesia for the BC 
surgery (Timepoint 1 [T1]) and at the research visit 4–9 years after surgery (Timepoint 2 [T2]). Plasma from 
blood samples collected into ethylenediaminetetra-acetic acid (EDTA) tubes was extracted by centrifugation 
at 3000 revolutions per minute (RPM) for 10 min, and transferred to cryogenic vials, which were immediately 
frozen and stored at −80 °C. Both the preinjury and follow-up samples were drawn and prepared by the same 
research nurse. The follow-up research visit protocol included the analysis of basic laboratory parameters and 
inflammatory markers, including high-sensitivity C-reactive protein (hs-CRP). The collection of study samples 
has been reported previously32.

Sample (n = 126) processing by MVA was performed according to standard MVA protocols14. In brief, plasma 
samples (n = 126, 2 μl of plasma per analysis) were incubated with Escherichia coli M13 phage library displaying 
random 12-mer peptides (complexity 1 × 109 peptides; NEB, E8111L). IgG–phage complexes were isolated with 
protein G-coated magnetic beads (NEB, S1430) and amplified by Phusion High Fidelity PCR (Thermo Scientific) 
for next-generation sequencing. An average of 3  million peptide-encoding DNA sequences per sample was 
achieved: 5000 most abundantly detected peptides by abundance values (read counts) from each sample were 
taken into immunoprofile-similarity analysis. For comparisons, the normalized scalar products of peptide count 
vectors were calculated for the cosine similarity index (R package lsa) that ultimately resulted in a 126 × 126 
sample immunoprofile-similarity matrix. Due to not meeting technical criteria, four samples (two controls, 
one CPSNP and one non-CPSNP), were excluded from downstream group comparison and regression analyses 
(Table S1).

Cohort-specific epitope selection
To delineate cohort-specific antibody response, the data comparison of the most immunodominant epitopes 
between CPSNP and non-CPSNP groups was carried out (see schematic overview of the data analysis workflow, 
Fig. S1). The most immunodominant epitopes were determined by clustering analysis (defining 5–11 positions-
long epitopes that all contained five fixed amino acids) and hypergeometric test analysis where SPEXS2 Software 
was used14. Samples of these two groups at either timepoint (T1, before surgery; T2, at the 4–9 years follow-up) 
were compared with each other using optimal cut-point analysis (R package cutpointr, maximizing the Youden 
metric) and Student’s t-test (R Stats Package, log-transformed). Based on the group comparisons, 9344 epitopes 
were chosen for further analysis (t-test p < 0.05 and Youden > 0.25).

Alignment analysis on infectious epitopes of IEDB and marker epitope selection
To look for potential mimicry with human and pathogen antigens, group-specific (n = 9344) epitopes were 
exactly aligned with sequences of T and B cell peer-reviewed epitopes in a public database (Immune Epitope 
Database [IEDB], version: epitope_full_v3.tsv, 2,225,965 epitopes of which 2,214,634 were linear, date accessed: 
15.04.2024) (see schematic overview of data analysis workflow, Fig. S1). Based on the relevance (determined 
by assessed probability of pathogen exposure) and alignment scores, the most relevant microorganisms were 
selected (n = 79, Table S2). To evaluate the statistical significance of specific epitope–motif alignments, we 
performed permutation-based tests for each aligned epitope–motif pair (n = 6254). For each pair, the epitope 
sequence was held constant while the amino acid positions of the matched motif were randomly shuffled 10,000 
times to generate permuted motif variants preserving amino acid composition. Each permuted motif was 
aligned to the original epitope sequence, and the number of exact matches was recorded. The empirical p-value 
was calculated as: (number of permuted matches + 1)/(number of permutations + 1) and p-values were adjusted 
with FDR. 1882 epitopes that showed sequence similarity with the revised epitopes from IEDB, were visualized 
and clustered using R packages Rtsne (where t-SNE is stochastic neighbor embedding)42–44 and dbscan45. For 
clustering analysis, the relative values of immune response to the 1882 epitopes in T1 samples (n = 63) were 
log-transformed. Epitope clusters were identified using the Rtsne function from R’s Rtsne package (dims = 2, 
perplexity = 15, max_iter = 500) and the dbscan function from the dbscan package (epsilon = 2, minPts = 10). 
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Altogether, 17 different clusters were identified (Table S2). Further, the most relevant epitopes and antigens 
identified by the study cohort were described by alignment scores (Table S3) where the seven most interesting 
leads (with the highest alignment scores) were selected (see schematic overview of data analysis workflow, 
Fig. S1). The total immune response value for each epitope was calculated by summarizing the counts of all 
unique peptides containing the aligned motifs and log-transformed per sample (Wilcoxon Rank Sum test, 
p-values unadjusted). Following regression and receiver operating characteristic (ROC) analyses, corresponding 
visualizations were created using MedCalc Statistical Software (version 17.0.4, MedCalc Software Bvba, Belgium) 
(see schematic overview of data analysis workflow, Fig. S1). For independent validation (regression and ROC 
analyses), previously published immunoprofiles were used for country- (Finland), age- (52.9 ± 6.21 years) and 
sex- (female) matched clinical samples (n = 26) with no diagnoses of BC and NP pain16.

Alignment analysis on autoantigenic epitopes of IEDB
Autoimmune-associated epitopes were filtered from the original IEDB database (version: epitope_full_v3.tsv, 
export on 15.04.2024) alignment with 1882 queried epitopes (see schematic overview of data analysis workflow, 
Fig. S1). All autoimmune-associated peer-reviewed B cell epitopes containing 82 infection-related epitope 
mimics were included in the study (Table S4). For the antigens identified, cellular locations were gained from the 
UNIPROT database (column intracellular/extracellular, column features – cytoplasm, endoplasmic reticulum, 
cell membrane, secreted, cell junction, cell projection, chromosome, Golgi apparatus, lysosome, mitochondrion, 
nucleus, recycling endosome, NA – data not available) (Table S4).

For epitope validation, in-house epitope-specific enzyme-linked immunosorbent assay (ELISA) was used to 
analyze randomly selected samples with proportional seronegative and -positive sample representation (human 
cytomegalovirus [CMV] pp150, n = 23; herpes simples virus 2 [HSV2] gpD, n = 23). Peptides containing target 
epitopes identified by MVA (for CMV pp150 901SLKPTLGGK910, for HSV2 gpD 370PKRLRLPHIRDD383) and 
control epitope (1AASAASAA8) were synthesized with C-terminal addition (GGGDYKDDDKK(biotin), CASLO 
ApS). Nunc Immobilizer Streptavidin-coated 96-well plates (Thermo Scientific, 436015) were coated with 0.03 μg/
ml (3 ng/well) peptides in 1xPBS for 1 h at room temperature and washed with 0.1% PBS-Tween. After blocking 
unspecific binding with 5% BSA for 1 h and washing with 0.1% PBS-Tween, diluted plasma samples (plasma 
dilution 1:1000) in 1% BSA 0.1% PBS-Tween were allowed to bind to peptides overnight at + 4 °C. Next day, the 
plate was washed with 0.1% PBS-Tween and incubated with secondary antibodies (polyclonal anti-human-HRP 
(1:1000; goat anti-human IgG (H + L) (Invitrogen, 31410) for 1 h at room temperature. Finally, the plate was 
washed with 1x phosphate-buffered saline (PBS), and 20x dilution of chemiluminescent substrate (SuperSignal™ 
ELISA Femto Substrate (Thermo Scientific, 37075)) was added. Results were measured within 5 min using a 
multimodal microplate reader (Hidex Oy). The signal intensities were calculated as Signal/Background ratio 
(relative light unit [RLU]) (Wilcoxon Rank Sum test p-values, Pearson correlation coefficients).

Commercial ELISA tests were used to determine the serology of 59 samples (CTRL [control, n = 4], CPSNP 
[n = 26], non-CPSNP [n = 29]) to herpesviruses Ebstein-Barr virus (EBV; Anti-EBV-CA IgG ELISA, 2791–9601 
G), CMV (Anti-CMV, EI 2570–9601 G), HSV1 (Anti-HSV1-gG1, EI2531-9601-2G), HSV2 (Anti-HSV2-gG2, 
EI2532-9601-2G) by analyzing samples from T1 (Table S1). Analyses were carried out in accordance with the 
manufacturers’ specifications. Absorbency was measured at 450 nm multimodal microplate reader (Hidex Oy).

Statistical analyses were conducted with R statistical programming language (v.4.2.3) and RStudio environment 
(v. 2024.09.1 Build 394). Data were analyzed, graphs were produced and visualized using R packages tidyverse46, 
ggpubr47, ggsci48 and scales49. Cosine similarity indices (CSIs) for sample comparisons based on the top 5000 
peptide abundance values and composition were calculated with the cosine function in R package lsa50. Boxplots 
were generated using the style of Tukey with R packages ggpubr and ggplot251. In figures, the upper, middle 
and lower boxplot lines represent the 75th, 50th, and 25th percentiles, while whiskers represent the largest or 
smallest value within 1.5x interquartile range above the 75th percentile or below the 25th percentile, respectively. 
The p-values of Wilcoxon Rank Sum tests were visualized with R ggpubr or ggplot2 packages, and statistical 
significance is shown where applicable. Student’s t-tests (base R Stats Package), along with each epitope’s Youden 
index calculation analysis (R package cutpointr52, maximizing the Youden metric), were used to identify 9344 
unique group-differentiating features. MedCalc® Statistical Software (v.20.121.2, www.medcalc.org; 2022) was 
used to conduct logistic regression and ROC analyses of five pathogen epitopes were used as combinational 
tests. The proportion of seropositive and -negative samples was evaluated with Fisher’s Exact Test from the R 
Stats Package53. Spearman’s ρ statistic for epitope-specific ELISA and MVA data correlation were calculated with 
cor.stat from the R Stats Package. Age adjusted logistic regression, ROC/AUC and cross-validation calculations 
were performed in R with glm() function from “stats”, “pROC”54 and “caret”55 packages. Model performance was 
assessed using 5-fold cross-validation. Statistical significance was evaluated using a permutation test in which 
outcome labels were randomly shuffled 10,000 times, generating a null distribution of cross-validated AUC 
values. The permutation p-value was calculated as the proportion of permuted AUCs greater than or equal to the 
observed AUC obtained from the unpermuted data.

All data are available upon reasonable request to the corresponding author (clinical data) and Kaia Palm 
(MVA-data, [kaia@protobios.com](mailto: kaia@protobios.com)).
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