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UNIVERSITY OF SOUTHAMPTON FACULTY OF MEDICINE 
ABSTRACT 

Thesis for the degree of Doctor of Philosophy 
 

Bioinformatics Approaches to Vaccine Design for Bacterial Pathogens 
Ashley Ivan Heinson 

 

This thesis focused on bacterial vaccinology and employed a newly emergent branch of 

vaccinology; reverse vaccinology (RV). RV is an in silico process that predicts vaccine 

candidates from an entire bacterial proteome, thus enabling the realisation of a greater number 

of putative vaccine candidates when compared to conventional vaccinology approaches. A 

previous RV classifier that utilised the computational field of machine learning (ML) was used to 

predict bacterial protective antigens (BPAs) (i.e. vaccine candidates) for Mycobacterium 

tuberculosis (Mtb). Mtb was chosen as the initial focus for RV approaches in this thesis because 

one third of the world’s population are infected with Mtb and in 2015 Mtb infection killed 1.8 

million people. It is also being recognised that the only clinically licensed vaccine against Mtb 

infection, Bacille Calmette-Guérin (BCG), has varying rates of protection. Predicted BPAs by a 

published RV classifier were synthesised as DNA vaccines and tested in a mouse model of Mtb 

infection. However, the predicted BPAs were shown not to generate protection in repeat animal 

trials. To address the negative result obtained when testing BPAs predicted by a previous RV 

classifier, enhancements were made to the previously published RV classifier (i.e. nested leave-

tenth-out cross-validation, subcellular localisation bias removal, increased size of training 

dataset and increased type of protein annotation tools used to generate features). Finally, the 

enhanced RV classifier, developed in this thesis, was assessed using a more biologically 

revealing metric termed recall in the proteomes of Mtb and Neisseria meningitidis serogroup B 

(MenB). MenB was chosen to assess the recall metric as it enabled comparisons to the 

BEXSERO vaccine, which was the first clinically licensed vaccine developed using RV. In 

summary, this thesis has developed a biologically relevant RV classifier that can now be used to 

predict BPAs for any bacterial pathogen with a sequenced genome. It is envisaged that these 

predicted BPAs could then be used to facilitate the rapid formulation of novel subunit vaccines.  
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Chapter 1: Introduction!

1.1: Vaccinology 

Vaccinology has long been an important arm of modern medicine and is the only 

form of research that has completely eradicated an infectious disease (i.e. Smallpox)[1]. 

Vaccination against smallpox was also the first documented use of vaccination and 

was undertaken in 1796 in Gloucestershire (England) by Edward Jenner[2]. Jenner 

noticed that a milkmaid infected with a bovine disease, cowpox, had gained protection 

against the more virulent smallpox virus. Pus was extracted from the milkmaid’s arm 

and used to inoculate an 8 year old boy, James Phipps. After the inoculation Jenner 

tested the vaccination by exposing Phipps to the smallpox virus. Despite exposure to 

smallpox Phipps remained healthy, James Phipps was immune to the virus[1-3]. It 

should be noted that the eventual eradication of smallpox came as a result of using a 

vaccinia virus vaccine which replaced the use of cowpox as a vaccination agent 

against smallpox[4]. This early example of vaccinology still typifies our modern 

ideologies of a successful vaccine, which is that a lasting immune response will be 

generated. A lasting immune response is able to confer protection from future 

exposure to the disease. As well as eradicating smallpox, vaccine research has also 

rendered 26 infectious diseases preventable[2]. It is hoped that with greater levels of 

research and funding other diseases such as HIV, Malaria and TB will also one day be 

completely preventable by vaccination. 

Successes achieved by vaccinology should not be under stated, it is attributed 

with saving the lives of three million children annually[1]. Yet despite this there is room 

for tangible improvements. An example of this is that by using the vaccines currently 

licensed for clinical use in a more effective manner, it is estimated an additional two 

million children could be saved annually[1]. Vaccinology is currently being thrust to the 

forefront of modern medicine due to the ever-increasing drug resistance of pathogens. 

In the United States alone, two million people are infected with antibiotic resistant 

bacteria per annum, which directly costs the US healthcare system in excess of $20 

billion[5]. This growing resistance has been slow to be acted upon with funding bodies 

eager to fund therapeutics rather than preventative research[1]. However there is now a 

wider acceptance that vaccinology offers one of the most cost effective and realistic 

chances for controlling infectious diseases. Advances could be made through 

improvements in the use of current vaccines and also through the development of 

novel vaccines for diseases that currently have a partially preventative vaccine or for 

which there is currently no effective vaccine. This thesis contributes towards generating 
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novel vaccines, by exploring methods using in silico screening (i.e. Reverse 

vaccinology (RV)) to identify novel proteins in bacterial pathogens that act as protective 

antigens and may be incorporated into subunit vaccines.  

1.2: Vaccine Immunology 

Despite a lack of knowledge about the underlying mechanism the early attempts 

to confer protection through vaccination were similar to our practices today. In order to 

be able to design more effective vaccines with fewer side effects it is important to have 

an understanding of what occurs when a pathogen infects a human host and what 

types of immune responses results in protection. The immune system is split into two 

parts, the innate and the adaptive responses[3].  

1.2.1: The Innate Immune Response 

Innate immunity is activated first and is a more general response than the 

adaptive immune response, which is specific for different antigens. The innate immune 

system allows the host to rapidly respond to the site of an infection. It also plays an 

important role in activating the adaptive immune system[6]. When bacteria infect the 

body, the innate immune system will recognise the foreign pathogen and begin the 

process of disrupting the infection. This is accomplished in part by the innate immune 

system being responsible for killing pathogenic cells. One way that the innate immune 

system can cause the killing of a pathogen is by the complement system. The 

complement system is made up of proteins that are found the blood and act as a rapid 

response to a pathogen, as well as supporting antibodies in the adaptive branch of the 

immune system[7]. Complement activation triggers an enzymatic pathway that results in 

the recruitment of inflammatory cells, opsonisation of pathogens and the killing of 

pathogenic cells by membrane-attack complexes creating holes in the lipid bilayer of 

cell membranes[7]. Another way in which the innate immune system kills pathogens is 

through a process known as phagocytosis, which is carried out by Neutrophils and 

Macrophages. Cells infected with a pathogen are recognised by the innate immune 

system using molecules called pattern recognition receptors (PRRs)[6, 8]. The PRRs 

recognise well conserved bacterial pathogen-associated molecular patterns (PAMPs)[6]. 

When pathogen infected cells are recognised by the innate immune system 

inflammation engulfs the surrounding area. Inflammation is caused by the activation of 

macrophage cells due to the release of cytokines and chemokine’s upon PRR 

activation. Released chemokine’s and cytokines also play a role in the activation of the 

second branch of the immune system, the adaptive immune system[6].  
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There are many ways of activating the adaptive immune system and a common 

path is via the innate immune response’s professional antigen presenting cells (APC) 

such as dendritic cells. Dendritic cells respond to PAMPs through PRRs called toll like 

receptors (TLR)[6]. They phagocytose the bacteria and then present it’s antigens on the 

surface of the dendritic cell in a major histocompatibility complex (MHC). MHCs are 

made up of two types, MHC-I and MHC-II. Dendritic cells present the antigens on an 

MHC-II molecule and this is why they are known as professional APCs. Once a 

dendritic cell has been activated through pathogen interaction[9] it migrates to the lymph 

nodes, through the lymphatic system and performs its primary function which is to 

activate CD4 T-helper cells (Th cells)[10]. Dendritic cells with antigen presenting MHC-II 

molecules bind to T cell receptors on naive CD4 T cells to stimulate the production of 

activated CD4 Th cells[11]. 

1.2.2: The Adaptive Immune Response 

The adaptive immune response is slower than the innate immune response but it 

is specific to each antigen and has a “memory” that means with subsequent exposures 

to a pathogen the adaptive immune response will be faster and stronger[8]. The 

adaptive immune response can be split into two parts, cellular and humoral.  

Cellular immunity consists of two main types of T cell, CD4 and CD8. All T cells 

recognise antigens that have been processed and presented through an MHC 

molecule via T cell receptors. T cell receptors have randomly generated binding sites 

that allow specific recognition of antigens presented on MHC molecules, which allows 

a T cell response to individual pathogens as opposed to general bacterial PAMPS. 

CD8 T cells recognise antigens presented on MHC class I (MHC-I), this type of MHC is 

found on all nucleated cells[8]. Once CD8 T (T-cytotoxic) cells are activated they 

destroy any cell presenting the antigen that the CD8 T cell recognises (i.e. infected 

cells)[12]. CD8 T cells are only involved in the cellular branch of the adaptive immune 

system but CD4 T cells are involved in both the cellular and the humoral response and 

are commonly called T-helper cells (Th cells). Th cells recognise antigens presented in 

the MHC-II molecule and can be grouped as, Th1 or Th2 cells[13]. Th1 cells activate 

cellular immune responses by releasing chemicals such as interferon gamma. Th1 

cells also become memory T cells that persist for long periods of time within the body 

thus providing the “memory” of the cellular immune response.  

In the humoral arm of the adaptive immune response, activated Th2 cells cause 

the differentiation of B cells to form plasma cells (antibody releasing cells) and memory 

B cells. Plasma cells release antibodies that can bind to antigens from the pathogen[12]. 

B cell antibodies bind to the antigens in their native form and do not require the antigen 
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to have undergone processing and presentation on an MHC molecule[5]. Firstly the 

plasma cells produce the antibody IgM, however after a process of clonal expansion (to 

generate more clones of the effective antibody producing B-cell) this antibody is 

replaced by an IgG type, which is more effective at binding to antigens[8]. Antibodies do 

not break down the pathogen directly; they inhibit the pathogen by binding to a 

bacterial antigen and tag the pathogen for other parts of the immune system to 

degrade. Antibodies target the bound pathogen for destruction either by phagocytes 

(i.e. Neutrophils, Macrophages) or the complement system[3]. It is because of the 

memory B and T-cells that are generated by the Th cells that the adaptive immune 

response can react more quickly to successive exposures of the same pathogen. In 

summary, this section has described how the human immune system reacts to an 

infection with a bacterial pathogen and how long lasting immunity is generated. The 

goal of a vaccine is to generate such long lasting immunity through the formation of 

specific T- and B-memory cells. This is most successfully achieved by stimulating a 

robust immune response that involves both the innate and the adaptive immune 

system.  

1.2.3: Types of Vaccine 

A successful vaccine is able to deliver pieces of a pathogen to the host immune 

system so that immunological memory is triggered, and there are many methods of 

achieving this (i.e. live attenuated, inactivated and subunit vaccines). Live attenuated 

vaccines are an injection of the living pathogen into the host. The pathogen has been 

significantly weakened in the laboratory through mutations to vital areas of it’s DNA or 

through culture techniques (serial passage) that force the pathogen to adapt to 

different conditions than those found within the host (i.e. growing in different species, 

growing pathogen at lower temperatures)[14]. When this “altered” pathogen is injected 

into the host as a vaccine the pathogen will not replicate efficiently to cause a 

dangerous infection but will still induce immunological memory[14]. Modern laboratory 

techniques are able to induce mutations in desired locations that limit pathogenicity. 

The major advantage of live attenuated vaccination is that a strong immune response 

is induced as the immune system encounters the whole pathogen and has to mount a 

defence for this “controlled” infection. Due to the robust immune response generated 

live attenuated vaccines need a low number of doses to generate a lasting protection. 

The major drawback however is that live attenuated vaccines have a higher level of 

risk due to the pathogen’s potential ability to revert back to a virulent phenotype[8]. An 

example of this reversion was seen in a vaccine against the viral pathogen polio, the 

Sabin type 3 polio vaccine was shown to revert to a virulent polio infection[15]. Live 
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attenuated vaccines are more difficult to develop against bacterial pathogens due to 

large genomes and associated numbers of genes. Thus bacterial pathogens are more 

difficult to control reversion back to a pathogenic strain and therefore generate a safe 

vaccine. Another drawback is the need to refrigerate live attenuated vaccines. In 

summary, live attenuated vaccines are comprised of a whole pathogen and generate 

robust immune responses but do come with a risk of reversion to a pathogenic 

phenotype.  

Inactivated vaccines contain killed copies of the disease causing pathogen. The 

pathogen will have been killed in a laboratory either using chemicals, heat or radiation[8]. 

Inactivated vaccines are safer than live attenuated, as the dead pathogen can never 

revert back to a pathogenic phenotype. However inactivated vaccines stimulate a 

weaker immune response and may require booster vaccinations to maintain immunity[8]. 

The main advantage of inactivated vaccines is that they do not require refrigeration and 

can therefore be more easily distributed. Inactivated vaccines primarily induce humoral 

immunity but a drawback is that repeated doses are required to generate protection. In 

summary, inactivated vaccines are killed pathogens and an example of an inactivated 

vaccine is the cholera vaccine, Shanchol (Shantha Biotechnics) which is made up of 

killed whole Vibrio cholerae cells[16]. 

Subunit vaccines are composed of one or more purified components, commonly 

epitopes, proteins or polysaccharides combined with an adjuvant to boost the immune 

response[17, 18]. Advantages of subunit vaccines are that they are well tolerated, as they 

do not contain elements of the whole pathogen that could cause severe immune 

reactions. Furthermore, using components from multiple strains of the pathogen, 

subunit vaccines can induce protection against multiple strains and subtypes[17, 19]. The 

ability to incorporate complete proteins into subunit vaccines, allows proteins to fold 

into natural 3D structures such that discontinuous epitopes may be reconstituted[19]. 

Discontinuous epitope representation is important as it is estimated that up to 90% of 

B-cell epitopes are conformational and that host antibodies bind to conformational 

epitopes with a stronger neutralising effect than linear epitopes[20]. The components 

making up a subunit vaccine alter the effect on the immune system that these vaccines 

elicit. Historically polysaccharide vaccines could not elicit a T cell immune response, 

but due to advances in vaccine design this is now possible by conjugation to protein 

molecules[8]. This increases the robustness of the immune responses and the 

immunological memory elicited by such polysaccharide vaccines[14]. The disadvantage 

of subunit vaccines is that multiple doses are required to generate lifelong immunity[14]. 

An example of a subunit vaccine is the BEXSERO vaccine (Novartis) against Neisseria 

meningitidis serogroup B, which is composed of five antigens present as three proteins 
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(i.e. two of the three proteins are fusion proteins that represent two antigens in one 

protein, for a full explanation please see Seciton 1.8) as well as a detergent extracted 

outer membrane vesicle[21].  

This thesis employed the field of RV in an attempt to generate novel vaccine 

candidates for eventual inclusion into subunit vaccines. To facilitate an expedient, 

novel impact of RV subunit vaccines an organism for which traditional vaccine research 

has currently not resulted in an effective vaccine was targeted, Mycobacterium 

tuberculosis (Mtb)[22]. 

1.3: Mycobacterium tuberculosis 

Tuberculosis (TB) is caused by infection of an intracellular bacterial pathogen, 

Mtb. This pathogen most commonly infects the lungs (pulmonary tuberculosis)[23, 24] 

and is the cause of the most deaths due to infectious disease worldwide[23]. TB causes 

the death of four people every minute[24] and these high rates of infection persists 

despite one of the most comprehensive vaccine strategies worldwide. Even with a 

massively distributed vaccine, the physical numbers of TB disease have not decreased 

in the past decade[24] (Section 1.4) and therefore it is of upmost importance that this 

trend is halted. It should be noted that the lack of success in this field is not due to a 

lack of funding; an estimated 6.3 billion US dollars went into TB research in 2014[25]. 

New and emerging avenues of research such as RV provide exciting methods for 

generating novel candidates that might provide efficacy against TB.  

Almost one third of the world’s population is living with TB in a latent phase of 

infection. Approximately 90% of Mtb infections will be contained by the hosts immune 

system in a latent state within a mass inside the lung called a granuloma[24]. When in 

this latent infectious stage Mtb cannot be transmitted to another host[23]. If the TB 

infection does progress to an active stage then 45% of otherwise healthy individuals 

will die without treatment[23]. TB can enter the active infection stage of its life cycle due 

to the immune system being depleted, such as if an individual contracts HIV, develops 

diabetes, or becomes malnourished[23]. When in the active stage of infection the 

bacteria can be passed to another host, this occurs by droplets containing Mtb being 

transferred to another host through mechanisms such as; sneezing, coughing or 

laughing when in close proximity with others. During active infection, symptoms can be 

mild for months and this enables the spread of TB by the infected host before they 

realise the severity of their infection and seek treatment[23].  

Traditionally TB was treated with drugs such as isoniazid and rifampicin that have 

provided a strong protection against active infection[25]. Multiple drug resistant (MDR) 

strains of TB infection are becoming increasingly common. These strains are resistant 
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to at least isoniazid and rifampicin as well as other common anti-TB drugs[23]. In 

addition, new strains of extensively drug resistant TB (XDR TB) are emerging which 

are resistant to nearly all drug treatments[26]. XDR TB has already been confirmed in 58 

countries[24] and in 2013 480,000 infections with MDR/XDR TB were reported[25]. With 

MDR and XDR TB on the rise a more efficacious vaccine is required to prevent the 

spread of Mtb infection.  

1.4: Current Vaccines Against Tuberculosis Infection 

Drug resistant strains of Mtb are becoming more prevalent and therefore more 

emphasis is being put upon the prevention of infection, commonly by vaccination. The 

most widely administered vaccine worldwide confers protection against TB and this is 

the Bacille Calmette-Guérin (BCG). The BCG was developed in 1921 and 

approximately four billion doses have been administered[27]. However, the BCG vaccine 

exhibits largely different performances in efficacies (0-80%) in the pulmonary form of 

the TB[28]. It is widely accepted that in infants the BCG does confer protection but in 

adults (the most at risk age group) the BCG efficacy levels vary. Acceptance of this has 

resulted in the BCG being administered to new-borns and not teenagers in secondary 

schools as of 2005 in the UK[29]. Not only does the BCG confer varying rates of 

protection in adults from pulmonary TB, it has even been suggested that vaccination 

with the BCG allows the continued dissemination of Mtb by preventing childhood 

mortality (i.e. disease that would not be transmitted) but not infective adult pulmonary 

TB[30].  

Due to the front line vaccination (i.e. BCG) exhibiting variable protection it is 

desired that new preventative (prophylactic) therapies be developed for use against 

Mtb. Large amounts of research has been conducted using potential vaccine 

candidates (VCs) that provide immunity against TB with 16 currently in clinical trials[27].  

However even promising VCs for Mtb infection have faltered in large scale clinical trials, 

a prime example of this is the antigen AG85A. Attempts were made to boost the 

efficacy of the BCG which resulted in protection within guinea pig models of TB and 

successful phase one clinical trials[31]. This led to a strain of BCG being engineered that 

over expressed the antigens AG85A, AG85B and TB10.4[32]. However this only 

exhibited very slight improvement over wild-type BCG that was not significant[32]. 

Animal models of Mtb infection represent an important step, through which to identify 

novel potential VCs. It was with the aim of identifying novel VCs against Mtb infection 

that putative VCs predicted by RV were assayed in a murine model of Mtb infection in 

this thesis (Chapter 2).  
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The rising levels of drug resistant infections are not exclusive to Mtb. Drug 

resistance is echoed throughout bacterial pathogens in general as reported in a 

European intergovernmental conference, which called for a specific focus on vaccine 

research due to the rise of antimicrobial resistance[33]. Currently this trend, of antibiotic 

resistance, is becoming more threatening and recently the emergence of Escherichia 

coli (E. coli), Klebsiella pneumoniae and Pseudomonas aeruginosa that are resistant to 

the antibiotic colistin[34] has been threatening enough to break into the mainstream 

news (BBC and the Guardian). Through the work in this thesis I have developed a 

broad RV approach to predict VCs for all bacterial pathogens (Chapter 3). The focus of 

RV was applied to Mtb to test predictions of previous RV approaches (Chapter 2) and 

when evaluating the performance of a newly developed RV classifier (Chapter 4). 

1.5: Reverse Vaccinology 

Conventional vaccinology remains an active field of research but is increasingly 

supplemented with new branches of vaccinology, such as RV. Conventional 

vaccinology cultures a pathogen in the laboratory and purifies proteins or materials 

from that pathogen to be used as potential VCs. This process is time consuming and 

costly and also involves an extensive amount of laboratory work (i.e. culture, isolating 

VCs and validation). A typical RV pipeline occurs in silico and involves evaluating the 

whole of the genome/proteome of a pathogen and selecting proteins that will then 

become VCs through computational methods.  

In this thesis the bioinformatics immunotherapeutic approach taken was focussed 

on bioinformatic vaccine design (RV) with the intention of discovering novel vaccine 

candidates. To this end RV builds upon initial immunotherapeutic approaches by 

combining multiple sources of information to create predictions that model not only 

epitope prediction but a wide range of biological phenomena. Bioinformatic vaccine 

design can be achieved through a number of computational approaches and they are 

largely grouped under the umbrella of RV. For the purposes of this thesis RV will refer 

to the process of identifying whole proteins for incorporation into subunit vaccines, 

which has already led to the successful licensing of the subunit vaccine BEXSERO[35] 

and this is discussed in detail in Chapter 1.5.1. Other examples of RV include, epitope 

vaccine prediction and structural vaccinology[36]. Epitope vaccine prediction builds upon 

bioinformatics approaches to predict epitopes and aims to stimulate protection through 

forming a vaccine out of a series of epitopes. The epitopes to be included in potential 

vaccines are identified from the genome/proteome of a pathogenic species either by 

bioinformatics epitope prediction tools or by comparison to laboratory verified epitopes. 

Commonly the chosen epitopes are then compared across different strains of the 
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pathogenic organism by a Blast search[37]. Epitopes that show cross strain 

conservation are then incorporated into potential vaccines and their hypothetical 

population coverage is predicted utilising tools such as EPISOPT[38]. Some examples 

of epitope vaccine approaches are: “Towards the knowledge-based design of universal 

influenza epitope ensemble vaccines”[39], PEPVAC[40] and “Prediction of Epitope-Based 

Peptides for the Utility of Vaccine Development from Fusion and Glycoprotein of Nipah 

Virus Using In Silico Approach”[41].  

The other main type of bioinformatics vaccine design, sometimes considered as 

RV, is structural vaccinology. Structural vaccinology is a process where the 3D 

structures of known epitopes are taken into account to generate novel antigens but 

more commonly to enhance vaccine candidates. It has been suggested that structural 

vaccinology should be combined with predictions made by other branches of RV to 

enhance the vaccine candidate’s antigenicity and vaccine formulation approaches[19]. 

Resolving the crystal structures of proteins containing one or more protective epitopes 

led to the idea of structural vaccinology and this technique can be used to design 

minimised antigens which retain one or more key epitopes. The main advantage of 

structural vaccinology is that it can utilise 3D structure and can overcome some 

differences that are seen at the amino acid (aa) level but not on a 3D structure level. 

The other main advantage of structural vaccinology, which is also applicable to other 

branches of vaccinology, is that they can be used to target antigen variable pathogens 

by incorporating antigens/epitopes from multiple strains of the pathogen. In the 

particular case of structural vaccinology it has been demonstrated that multiple strain 

specific epitopes can be engineered onto a single immunogen[42]. Some examples of 

structural vaccinology are, “Structural vaccinology: structure-based design of influenza 

A virus hemagglutinin subtype-specific subunit vaccines”[43], and “Exploiting the 

Burkholderia pseudomallei Acute Phase Antigen BPSL2765 for Structure-Based 

Epitope Discovery/Design in Structural Vaccinology”[44]. 

As documented above, the RV approaches described within this thesis focus on 

identifying novel antigens that can confer protection against bacterial pathogens. From 

here onwards in this thesis RV refers to a bioinformatics vaccinology approach that 

identifies whole bacterial proteins as potential vaccine candidates. RV has been 

primarily focused on bacterial over viral pathogens due to the complexities of their 

protein coding genomes[45-51]. A major limitation of the RV approach is that only protein 

vaccine candidates can be identified[19]. In summary, RV is a branch of vaccinology that 

has led the successful development of a vaccine (BEXSERO) and has the potential to 

discover VCs for any pathogen with a sequenced genome. 
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1.5.1: Reverse Vaccinology Early Success 

BEXSERO is the first vaccine developed from an RV approach that is in 

widespread clinical use[35]. BEXSERO is a subunit vaccine that protects against 

Neisseria meningitidis serogroup B (MenB) that was the most common form of 

bacterial meningitis in Europe[52]. Meningitis occurs when the bacteria infect the 

meninges of the body and can cause inflamation and swelling in this area, which 

results in increased pressure on the brain, and can lead to death. Patients who suffer 

from meningococcal meningitis suffer a mortality rate of between 10 to 15% and 

regular epidemics occur along the African menigitis belt[53]. Vaccines against 

meningococcal meningitis are able to have a positive impact in areas where they have 

been succesfully administered[54]. Vaccines for meningococcal serogroups (A, C, Y and 

W135) had already been created via conventional vaccinology approaches, using the 

polysaccharide capsule[55]. However, for MenB these capsular polysaccharides were 

poor immunogens and caused autoimmunity in humans[52, 55, 56]. Pizza and colleagues 

in the laboratory of Rino Rappuoli were the pioneers of an early RV approach, which 

applied a filtering method to the genome of MenB strain MC58[52]. In their process they 

identified the protein coding genes in the genome of MC58 and used bioinformatics 

programs to predict subcellular localisation. The tools used to predict subcellular 

localisation were PSORTb[57], ProDom[58] and the Blocks[59] database. After these initial 

steps they were left with 570 proteins, which were cloned and expressed in E. coli. Of 

the 570 proteins, 350 were expressed as recombinant proteins, purified, used for 

immunogenicity assays and had their predicted surface expression confirmed. These 

characteristics were interrogated by enzyme-linked imunosorbent assay (ELISA) and 

fluorescence activated cell sorting (FACS) techniques. Finally, three proteins (i.e., 

Neisseria heparin binding antigen (NHBA, NMB2132), Factor H binding protein (fHbp, 

NMB1870), Neisserial adhesion A (NadA, NMB1994)) were chosen that showed 

conservation across multiple MenB strains[52, 60]. Novartis Vaccines incorporated these 

proteins to formulate a vaccine named BEXSERO. The final subunit vaccine 

BEXSERO was comprised of three recombinant proteins, NMB1994, NMB2132 as a 

fusion protein with NMB1030, and NMB1870 as a fusion protein with NMB2091[21, 60, 61]. 

These three recombinant proteins (five antigens) were combined with a detergent 

extracted outer membrane vesicle (DOMV) suspension. This DOMV was derived from 

the Neisseria meningitidis strain NZ98/254 and the primary antigenic component of the 

suspension was Porin A (PorA)[62, 63]. The BEXSERO vaccine is now being 

incorporated into the National Health Service (NHS) childhood vaccination program[64, 

65] and has also been licensed for clinical use in the EU, Canada and Australia[35]. It 
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should be stated that the predicted advantage of increased speed in an RV approach 

has yet to be realised. BEXSERO took over a decade to develop from RV predicted 

VCs to a final vaccine. However, RV does enable the entire bacterial proteome to be 

evaluated for the discovery novel VCs. 

1.5.2: Filtering Approaches to Reverse Vaccinology 

Filtering approaches to RV started with the entire proteome of a bacterial 

pathogen and passed the constituent proteins through a series of filters until a small 

number of putative VCs remained[19]. A step incorporated into all filtering approaches 

was the removal of cytoplasmic proteins. The first automated RV filtering pipeline was 

The New Enhanced Reverse Vaccinology Environment (NERVE) (Figure 1.1)[47]. The 

NERVE pipeline was implemented in two stages and utilised eight separate perl scripts. 

The two stages of the NERVE pipeline were data production and data selection. Data 

production utilised protein annotation tools to annotate proteins within a pathogen’s 

proteome and consisted of; subcellular localisation, predicted by PSORTb[57]. Topology 

predictions as predicted by HMMTOP[66]. Adhesin prediction as predicted by SPAAN[67]. 

Similarity to human proteins, which utilised the blast algorithm[37]. Following the data 

production stage the data selection stage was undertaken, this is where the proteome 

was filtered. First proteins that were predicted to be cytoplasmic and had more than 

two trans-membrane domains were removed. Secondly a filter to remove proteins with 

a low prediction of being an adhesin and with a risk of causing autoimmunity was 

applied. The cut offs for the similarity to human proteins and probability of being an 

adhesin filters were determined by tuning these values in 10 proteomes containing 

known antigens. Proteins that remained after all of the filtering stages were classed as 

VCs and were presented in an html table. The next RV filtering pipeline, Vaxign[45], built 

upon NERVE by creating a user friendly web interface for the pipeline as well as 

adding MHC class I and MHC class II epitope prediction to the evaluation of predicted 

VCs[45]. 
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Figure 1.1: NERVE Reverse Vaccinology Pipeline. NERVE used protein annotation 

tools to generate information to describe proteins in a proteome for vaccine candidate 

(VC) prediction. This information consisted of subcellular localisation, predicted by 

PSORTb[57]. Topology predictions as predicted by HMMTOP[66]. Adhesin prediction as 

predicted by SPAAN[67]. Similarity to human proteomes, which utilised the blast 

algorithm[37]. Initially cytoplasmic proteins with more than two trans-membrane 

domains were removed. Next proteins with a low chance of being an adhesin and a 

high similarity to human proteins were excluded. Cut off values were tuned on ten 

proteomes that contain known antigens. The proteins that were predicted to be good 

VCs were then presented in an html table. Adapted from Vivona et al[68]. 
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  The most recent RV filtering pipeline is the Jenner-predict server (Figure 1.2), 

which can be found online http://14.139.240.55/vaccine/home.html[46]. The Jenner-

predict pipeline achieved greater accuracies than all previous filtering based 

approaches and took into account host pathogen interactions. This was achieved by 

using known functional domains and the protein classes that they relate to (i.e., 

adhesin, virulence, invasion, porin, flagellin, colonisation, toxin, choline-binding, 

penicillin-binding, transferring-binding, fibronectin-binding and solute binding). The 

Jenner-predict pipeline first removed cytosolic proteins, predicting if a protein was 

cytosolic or not by using the subcellular localisation predictor PSORTb[57]. If the protein 

passed this filter HMMTOP[69] was used to predict the presence of trans-membrane 

helices. If a protein had less than 3 trans-membrane helices then it passed to the next 

filter. The Pfam[70] (protein families database) filter used hidden Markov models to 

compare the potential domains within the protein. The Jenner-predict pipeline 

characterised a “master list” of protein domains that are involved with host-pathogen 

interactions and pathogenesis. Proteins without domains present in the master list 

were considered poor VCs and were removed. After the initial filtering stages (i.e. 

subcellular localisation, trans-membrane domains and protein family domains) three 

measures were used to assess the remaining proteins vaccine potential, 

immunogenicity, autoimmunity and conservation. Immunogenicity was assessed by 

comparing the proteins to known B-cell and T-cell epitopes in the IEDB database using 

blast[37]. Proteins were considered a match for an epitope if a blast of 80% identity 

match with a minimum of nine amino acids (aa) length. Autoimmunity of potential VCs 

was evaluated using blastp[37] through two methods, implementing a cut off of 35% 

identity in at least 80 aa length or a continuous identical matching sequence of 9 or 

more aa in the alignment. Cross-strain conservation of VCs was evaluated using 

blastp[37] to compare proteins across strains of the same pathogen. If a protein was 

found with a blastp cut off of greater than 85% sequence identity and a minimum of 

90% query coverage then cross stain conservation was deemed to be positive. 

Predicted VCs are then output in a ranked table that used the immunogenicity, 

autoimmunity and cross conservation scores for ranking. This ranking was achieved by 

proteins with more epitope matches being ranked more highly, and proteins with 

homology to humans being marked down.  
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Figure 1.2: Jenner Predict Reverse Vaccinology Pipeline. This 

pipeline first removes proteins based on subcellular localisation 

(PSORTb[57]), number of trans-membrane helices (HMMTOP[66]) 

and known immunogenic protein families (Pfam[70]). Once putative 

vaccine candidates (VCs) have been selected for a ranking criteria 

was then generated, using epitope mapping (experimentally verified 

B and T cell epitopes were downloaded from IEDB, 

http://www.iedb.org), conservation across strains (blast[37]) and 

similarity to human proteins (blast[37]). Adapted from Jenner-predict 

server: prediction of protein VCs in bacteria based on host-

pathogen interactions[46]. 
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The main drawback of filtering approaches to date was that they followed the 

conventional school of vaccinology thought that all VCs would be located on the 

exterior of the bacterial pathogen. In Chapter 3, a literature curation of 200 protective 

antigens validated in animal models was shown to contain 14% that were predicted to 

be localised within the cytoplasm (PSORTb[57]). All filtering approaches would have 

removed such cytoplasmic proteins, and thus these proven protective antigens would 

have been excluded from the analysis. This was a major motivation for the 

development of Machine Learning (ML) approaches to RV that are able to identify 

putative VCs throughout the entire proteome of bacterial pathogens regardless of 

subcellular localisation. 

1.6: Machine Learning 

ML in RV is a small but promising field of research and to enable a thorough 

understanding of this area of research ML is described in this section before moving on 

to ML in RV. ML is a branch of computer science that uses algorithms to learn 

generalisable patterns in datasets. ML has a wide range of applications from spam 

filters to stopping credit card fraud and even predicting the winner of the football world 

cup[71]. The actual task of undertaking ML can be done in a number of different ways, 

using a number of different algorithms. Due to the wide breadth of ML applications and 

implementations it is hard to come up with a strict definition of ML. I would describe it 

as using a computer to learn rules from training data and then applying those rules to 

unseen data (i.e., a test dataset). Briefly, a ML classification pipeline for two classes 

(i.e. a positive class and a negative class) is conducted by first generating training data. 

The training data is comprised of the combined positive and negative training datasets. 

From this training data, information (annotation features) is passed to the ML algorithm 

to train the ML classifier. The aim when training a ML classifier is to learn 

generalisations from the training data, that distinguish between the positive and 

negative classes. This trained classifier is then validated to assess the performance of 

the trained classifier. For a working example of an ML classifier please see Section 1.7. 

1.6.1: Algorithms for Classification 

There are many types of ML algorithms that can be implemented when 

conducting ML classification, with new variations being developed continually. Some 

algorithms are more common and these include, Decision Trees, Neural Networks and 

Support Vector Machines[72]. 

Decision tree classification can suffer from lower accuracies than other 

algorithms but the main advantage of using decision trees is that due to their linearity, 
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the classification decision can be easily viewed and interpreted[73]. A method to 

increase the accuracies obtained by decision tree classifiers is known as random 

forests[74]. Random forests are a combination of decision trees, where multiple decision 

trees are used to predict a classification and the average prediction is used as the 

classifiers output[74]. Random forests enable a boosting of accuracies obtained by 

decision trees but also lose some interpretability when compared to individual decision 

tree classification. Decision trees are created from a root node and then from the root 

node, new nodes are created by the data undergoing iterative feature selection steps. 

These steps segregate samples through rules such as determined threshold cut-offs, 

which best divide the feature space[73, 75]. This process repeats until the terminal node 

is generated and a classification decision is made. Due to the number of layers in 

decision trees, they are not very computationally efficient classifiers[75]. The advantages 

of decision trees are that they are robust to noise and are simple classifiers to build. 

The disadvantages are, they can become very complex, needing many trees to classify 

the data and are therefore not efficient, also they are unable to consistently achieve as 

high accuracies as some of the other classification algorithms. Decision trees are 

interpretable classifiers, but suffer from lower accuracies than some of the other 

common classification algorithms. 

The Neural Network (NN) algorithm is thought of as a sophisticated option for 

classification problems. NN classifiers are made up of many layers, an input layer, 

output layer, and any number of hidden layers. The more hidden layers that a NN has 

the more abstract features an NN can learn (i.e. deep NN), however, most commonly 

NNs are made up of 3 layers in total (1 hidden layer). The input layer takes a vector of 

the features to be learnt from and passes these on to the hidden layers, which apply a 

different weight for each hidden unit, a bias term and transforms the data using a non-

linear function. This process repeats for every hidden layer within a network until the 

algorithm, reaches the output layer. During the training process of this algorithm the 

bias and weighting terms have to be learnt, this is conducted by minimising a loss 

function. The loss function is minimised through a process known as 

backpropagation[73, 76]. Advantages of NNs are that they can model complex 

relationships that are not obvious in the original dataset due to transformations at the 

nodes and if trained correctly they can be very accurate. This is especially true when 

using deep NNs. Disadvantages are that they are not understandable and with many 

layers will require a large amount of computational time. NNs and deep NNs represent 

a very accurate classification algorithm but require considerable expertise and time to 

train correctly. 
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One of the most widely utilised classification algorithms is the Support Vector 

Machine (SVM). Vapnik first introduced SVMs in 1963 and this approach to 

classification has since been shown to be very robust, even when dealing with noisy 

data[77]. SVM is one of the most commonly used classification algorithms, particularly in 

bioinformatics and often achieves superior accuracies to other classification 

techniques[75]. The drawbacks to SVM classification are that a kernel function needs to 

be selected and the model is hard to interpret. It uses a “black box” decision module 

whereby it is not clear how the SVM learns rules to classify data. SVMs were employed 

for the ML RV approach detailed in this thesis due to, high accuracies in classification, 

ease of implementation and the comparability of results to previous work[48].  

An SVM classifies data by finding the maximum margin hyperplane between two 

classes[73, 75, 78]. A visualisation of this can be achieved by assuming that a classification 

problem has two features and classification classes are separable by a straight line (a 

two dimensional hyperplane). One can draw several lines (Figure 1.3, L1, L2 and L3), 

which separate the two groups, but the optimal SVM classifier will set the decision 

margin as the line which gives the maximal margin between the two classes (Figure 

1.3, L1). This is known as the maximum margin hyperplane (Figure 1.3). When training 

an SVM there is one parameter that applies for all types of SVM and this is the cost 

function (C). C determines how much to penalise a classifier for misclassifications. 

Using a high C results in a complex model that may not generalise well to other data. 

Choosing a low value C will result in a model with high variance that has not modelled 

the training data correctly. C therefore directly affects how hyperplanes are drawn and 

is optimised when training a SVM[79]. For example, in certain data the separating 

margin may not be separable with a straight line due to contamination, sample miss 

labelling or anomalous results, an SVM deals with these samples by implementing 

something that is known as the soft margin. The soft margin allows the miss 

classification of some samples to maintain a greater overall classification with a better 

maximal margin hyperplane. The soft margin can be adjusted by the C value and is a 

balance between miss-classifying too many examples and maintaining a good, 

generalisable hyperplane. 
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Figure 1.3: A Representation of Possible Hyperplanes generated by a 

Support Vector Machine (SVM) Trained on Two Features. In two-

dimensional space there are many lines (hyper planes in multi dimensions) 

that would separate these two groups of data (blue triangles and dark yellow 

stars). An SVM selects the line with the largest distance between the two 

groups (i.e. the maximal margin hyperplane). In this example that would be 

the line L1. X1 and X2 represent two features used to train a SVM. Adapted 

from[78].  
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Another important concept of SVM’s is the kernel function. Sticking with the 2 

features example in 2D space some classes may not be separable by a straight line. 

The SVM kernel function projects this two dimensional data onto higher dimensions, 

this will result in it being separable with a straight line. It is possible to prove that for 

any data set with consistent labels a kernel function exists that will separate the data 

linearly. However, with an increasing number of features the possible solutions for this 

increases exponentially and this is known as the “curse of dimensionality”[78]. When 

raising the data to higher and higher dimensions it becomes harder for an algorithm to 

find the answer and this can lead to overfitting. The kernel is a vital part of the SVM 

and can be manipulated to give better accuracies; it is common practice to try simple 

kernels when first training a classifier to see which gives better accuracies. The kernel 

dramatically increases the power of an SVM by enabling its use on linearly un-

separable data. To enable non-linear SVM classification the SVM classifiers 

implemented in this thesis utilised a radial bias function kernel (RBF). Utilising the RBF 

kernel enabled a direct comparison to the previous RV classifier[48], on which this thesis 

built. Despite the ability of ML to classify even noisy datasets (i.e. SVM) often a stage 

of feature selection is required to achieve maximal classification accuracies. 

1.6.2: Feature Selection 

Feature selection removes less informative or noisy features to leave the 

smallest number of features that can achieve maximal accuracies. It is desirable to 

remove features for several reasons. Firstly, that removing noisy features results in 

higher accuracies for ML classifiers. Secondly, by removing features you make the 

model less complex and this speeds up the process of ML (i.e. training the classifier 

and making predictions on unknown data). Thirdly, utilising a smaller number of 

features can make it easier to understand the ML classifier and how class predictions 

are being made. There are methods of feature selection that independently evaluate 

each feature’s deterministic ability and there are also methods that take into account 

the cumulative effects of features. Since it has been shown that features that are not 

informative individually can be informative when evaluated together[80], this thesis 

employed a feature selection strategy that took into account the cumulative effect of 

features when performing feature selection. This strategy was greedy backward feature 

elimination. Greedy backward feature elimination is a computationally exhaustive 

method of feature selection. The greedy backward feature elimination algorithm starts 

off by including all features in the dataset, removing one feature at a time and building 

a classifier. The removed feature is then replaced and another feature is removed. This 

continues until every feature has been omitted once. The feature that has the least 
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effect (the least informative) on the accuracy of the classifier is then discarded 

(eliminated). If more than one feature is deemed as equally the least informative, then 

one of the joint least informative features is eliminated at random. The process then 

repeats until all features are removed or a desired optimal feature number is reached. 

Due to the random process incorporated in greedy backward feature elimination it is 

often recommended that the procedure be repeated iteratively to break ties generated 

through the random step in greedy backward feature elimination. 

1.6.3: Validation 

To assess the accuracies of ML classifiers a separate test dataset must be 

utilised. Commonly, in conventional ML studies, the training data is split into a training 

dataset and a test dataset, where the test dataset is left out when training the classifier 

and performing feature selection (i.e. Hold out validation). This test dataset can then be 

used to evaluate the classifiers ability to make predictions on unseen data for a low 

amount of computational time. Another example of a validation method that is used to 

estimate the performance of a ML classifier is k-fold cross-validation[81]. K-fold cross-

validation has been shown to model the generalisation error better than the more 

traditional hold out validation process, but is more computationally expensive[81]. When 

applying ML to biological research there is often not a large enough dataset to perform 

a holdout validation and k-fold cross-validation is implemented. The RV classifier 

developed in this thesis (Chapter 3) used a k-fold cross-validation, specifically, k=10, 

leave-tenth-out cross-validation (LTOCV). LTOCV is performed by removing one tenth 

of the training dataset when training a classifier, this “left out” tenth then becomes a 

test dataset. The process repeats until the whole dataset has been used as a test 

dataset, one tenth at a time. LTOCV cross validation enables a realistic estimate of a 

classifiers performance on unseen data even when limited training data is available. A 

final example of how one could validate an ML classifier in a practical way is by testing 

the predictions of the ML classifier. An example of this occurs in this thesis (Chapter 2) 

where predictions from an RV classifier of proteins that would confer protection against 

Mtb (i.e. bacterial protective antigens) were used for testing in mouse models of 

infection.  

It is becoming increasingly common to encounter ML in the field of Bioinformatics 

and there is a growing library of software packages that facilitate this. Some packages, 

languages and programs that enable ML without one having to code the algorithms 

themselves are: Matlab[82], Python packages (SciKit-Learn[83]), R[84] (i.e. libsvm[85]) 

packages and also individual stand alone programs such as WEKA[86]. The growth of 

big data analysis using ML can be shown in many fields, but the potential of RV with 
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the power of ML could result in putative VCs being taken into clinical trials for vaccines 

within the next few years. 

1.7: Machine Learning & Reverse Vaccinology  

ML approaches to RV are able to take into account all proteins within a pathogens 

proteome and make predictions for each protein as to whether it should be considered 

as a putative VC. Two published studies utilise ML in RV. The pioneering study of 

Doytchinova and Flower resulted in the VaxiJen classifier[87]. A positive training dataset 

of 100 known antigens was generated through a literature curation effort. This curation 

defined proteins as known antigens if the protein or part of the protein had been shown 

to induce a protective response in an appropriate animal model after immunisation. 

Construction of an ML classifier relies on an equal number of each prediction group 

being represented in the training data, in this case known antigens and non-antigens. 

To generate a matching negative training dataset (i.e. non-antigens) proteins were 

randomly sampled from the same bacterial species as each protein in the positive 

training dataset. By chance this random sampling of a bacterial proteome could include 

antigens that had yet to be described. In an attempt to limit the inclusion of 

undescribed antigens a blastp similarity comparison was implemented where any 

newly sampled non-antigen with an expectation value (E-value) > three to a protein in 

the positive or negative training datasets the protein was resampled. Next features 

were generated from the positive (i.e. known antigens) and the negative (i.e. non-

antigens) training datasets, this was achieved by using auto cross covariance (ACC) 

transformations. These ACC transformations transformed the proteins to a uniform 

length and captured information from the proteins such as molecular size, 

hydrophobicity and weight. Then a discriminant analysis by partial least squares (DA-

PLS) was performed and the VaxiJen classifier was able to achieve an accuracy of 82% 

when discriminating non-protective from protective proteins.  

Bowman et al[48] built upon Doytchinova and Flower’s (i.e. VaxiJen)[87] initial 

approach by creating a RV classifier that was used to distinguish bacterial protective 

antigens (BPAs) from non-BPAs. BPAs were different from the antigens curated in 

Doytchinova and Flower’s approach to ML in RV[87] in that a BPA was only included if 

the whole protein was shown to be protective in an animal model and not part of the 

protein. The specific definition of a BPA was a bacterial protein that when injected into 

an animal model gave significant protection (p < 0.05) following immunisation and 

subsequent challenge with the bacterial pathogen (i.e. bacterial load reduction or 

survival assay). Through incorporating protective proteins from the previous ML RV 

approach that met the definition of a BPA and undertaking a literature curation 136 
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BPAs were identified to make up the positive training dataset. In accordance with 

Doytchinova & Flower’s approach[87], to generate the negative training dataset this 

study used randomly selected proteins from the same bacterial species as each 

positive BPA. Similarly to the Doytchinova and Flower’s approach[87] this study also 

implemented a blastp[37] screen whilst generating negative training data. Blastp was 

used to exclude randomly sampled non-BPAs that had > 98% identity with any antigen 

in the positive training dataset. To generate a diverse negative training dataset, if a 

selected negative training protein (non-BPA) had an E-value of < 10E-3 when 

compared to other non-BPAs, it was discarded and re-sampled. When the proteins to 

be included in the classifier (136 BPAs and 136 non-BPAs) had been selected 

annotation features that the ML classifier could learn were needed. Instead of 

implementing ACC transformations to generate features as in Doytchinova and 

Flower’s RV classifier (i.e. VaxiJen[87]) Bowman et al[48] generated features from the 

training data by running the proteins through a series of protein annotation tools. The 

outputs from these tools were then parsed. Nineteen protein annotation tools were 

used to derive 122 annotation features (Appendix A). Bowman et al were able to 

classify BPAs from non-BPAs with a maximal accuracy of 92%[48]. 

As the work detailed in this thesis builds upon the RV classifiers developed by 

Doytchinova et al (Vaxijen)[87] and Bowman et al[48], a description of the work carried 

out in the most recent ML RV manuscript follows (i.e. Bowman et al[48]). Firstly Bowman 

et al sought to show improvements over the VaxiJen classifier[87]. The new method of 

generating features was compared to the previous RV approach[87] (i.e. protein 

annotation tools as opposed to ACC transformations) (Figure 1.4). It was shown that 

using the ACC descriptions gave lower accuracies than using features derived from 

protein annotation tools. It was also observed that combining the ACC descriptors and 

protein annotation tool derived features gave no improvement in accuracies. Bowman 

et al proceeded using only the features generated using protein annotation tools. 
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Figure 1.4: Different Types of Annotation Features have an 

Effect on the Classification Accuracies of BPAs from non-

BPAs. Shows the ability of the DA-PLS classifier to discriminate 

the Doytchinova and Flower[87] training data using ACC 

annotations and Bowman et al[48] annotations derived from protein 

annotation tools, as well as the accuracies obtained when both 

annotation sets are combined. 

 

 

After generating an annotated dataset several ML algorithms; SVM, DA-PLS 

(used in VaxiJen[87]) and Linear Regression were compared to see which obtained the 

greatest accuracy (Figure 1.5). Bowman et al also compared the training dataset in 

their study with the previous ML study in this field (VaxiJen classifier[87]). Bowman et al 

found that SVM classification consistently yielded the highest accuracies when 

classifying BPAs and non-BPAs. They also showed that there were negligible 

differences in accuracies between the VaxiJen[87] annotated dataset and the dataset 

generated in their research (Bowman et al[48]). It was decided to proceed by exploring 

classifiers built using the SVM classification method on the newly developed, larger 

dataset of BPAs and non-BPAs[48]. 
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Figure 1.5: Evaluation of Different Machine Learning Approaches 

and Datasets on Classifying BPAs and non-BPAs. Comparing the 

effect of using Support Vector Machines, Linear Regression and DA-

Partial Least Square Regression when making classifications of BPAs 

or non-BPAs. This figure also compares two different training sets, 

Bowman et al[48] and Doytchinova and Flower (i.e. VaxiJen)[87]. 

  
 
Next the study attempted to minimise the impact of randomly incorporating un-

described BPAs into the negative training dataset of non-BPAs. To mitigate this, five 

negative training datasets were generated to evaluate which dataset was able to train 

the classifier to achieve the highest accuracy (i.e. has the greatest ability to separate 

BPAs from non-BPAs). Negative training dataset three trained the most accurate SVM 

classifier (Figure 1.6A). The 136 BPAs curated from the literature when combined with 

the 136 non-BPAs from the negative training dataset three were named BPAD136. 

After proceeding with BPAD136 Bowman et al showed that a maximal accuracy of 92% 

could be achieved when classifying BPAs and non-BPAs (Figure 1.6B).  
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Figure 1.6: Support Vector Machine Classification Accuracies when Classifying BPAs and non-

BPAs Utilising Different Negative Training Datasets and Across Multiple Iterations: A Shows the 

accuracies obtained when using different randomly generated negative training datasets, with a 

constant positive training dataset. B Shows the maximal achievable accuracies when employing the 

Bowman et al RV pipeline[48]. 

  
 
Next the annotation features utilised by the SVM trained on BPAD136, obtaining the 

highest accuracies were used to try and elucidate what determines the difference 

between BPAs and non-BPAs. To do this an F score was calculated for each 

annotation feature. The F score compares the ratio of variability between the two 

groups (BPA and non-BPA) to the variability within each group[88, 89]. Features with the 

largest F scores were determined to be more powerful in discriminating BPAs from 

non-BPAs. The main drawback of the F score metric was that it did not take into 

account cumulative effects of features. The top 10 annotation features were 

represented in a pie chart (Figure 1.7). 

The most deterministic feature between BPAs and non-BPAs (Figure 1.7) was 

“PSORTb-ProbCytoplasm”, which was a feature that predicted whether or not the 

protein is localised to the cytoplasm. The main perceived benefit of ML in RV as 

opposed to filtering approaches was that ML RV took into account the entire proteome 

(i.e. proteins from all subcellular localisations) when predicting BPAs (i.e. VCs). 

Bowman et al[48] revealed that the most deterministic feature of predicting a non-BPA 

was that the protein is predicted to have a subcellular localisation of cytoplasmic 

(Figure 1.7). This suggested that ML RV utilising entire proteomes for predictions of 

BPAs was not an advantage. Filtering approaches to RV all exclude proteins with a 

subcellular localisation predicted as cytoplasmic as an early filtering criterion. As 

Bowman et al[48] deemed that a protein predicted to be localised in the cytoplasm is the 

number one most deterministic feature between BPAs and non-BPAs this would 
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appear to substantiate previous filtering RV methodologies. Chapter 3 of this thesis 

improved upon this method, constructing a more biologically reflective classifier, from 

which it was possible to infer differences between BPAs and non-BPAs that reflect 

protective immunity and not subcellular localisation.  

 
 

!

Figure 1.7: The Ten Most Discriminative Features 

for Classifying BPAs and non-BPAs. Pie chart 

showing the top 10 most discriminative annotation 

features by F score, the + or – sign represents the 

features relating to protection or not respectively[48].  

 

 

Recall was first described by Bowman et al[48] and measures the ability of a 

classifier to recall known BPAs when in a background of an entire bacterial proteome. 

To undertake recall a classifier was used to rank every protein in a pathogens 

proteome for the predicted probability of being a BPA. The number of known BPAs 

recalled above a threshold (i.e. top 100 predicted BPAs) was assessed using a 

hypergeometric test (i.e. Fishers exact test). The hypergeometric test evaluated 

whether the classifier was significantly enriching the top 100 predicted BPA lists with 

known BPAs. Bowman et al[48] again compared their RV classifier to the previous RV 

classifier Vaxijen[87]. The Bowman et al[48] classifier was shown to recall all BPAs 

across six pathogenic proteomes with a higher rank than the Vaxijen classifier[87], 

accept for one BPA (Figure 1.8). Bowman et al then went on to show that the top 100 

predicted BPA lists produced by the RV classifier that they developed was significantly 

enriched for known BPAs in all instances[48].  
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Figure 1.8: Recall Curves Generated when Recalling Known BPAs when in the 

Background of Bacterial Proteomes. Bowman et al RV classifier[48] and the VaxiJen 

RV classifier[87] were used to rank proteins in pathogenic proteomes for their predicted 

probability of being a bacterial protective antigen (BPA). The position of known BPAs 

in the ranked proteome was expressed as a percentage of the entire proteome. 

Pathogenic species (A) Borrelia burgdorferi, (B) Helicobacter pylori, (C) 

Mycobacterium tuberculosis, (D) Staphylococcus aureus, (E) Streptococcus 

pneumoniae, and (F) Treponema pallidum.  

! !
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1.8: Chapter Overview  

Chapter 2: Laboratory Validation of Vaccine Candidates Previously Predicted by 

Reverse Vaccinology 

This chapter attempted to generate novel VCs for inclusion into a subunit vaccine for 

protection against Mtb infection. An RV classifier was used to make predictions of 

BPAs from the proteome of Mtb. Six predicted BPAs from the RV classifier were 

evaluated in a murine model of Mtb infection. 

Hypothesis 2.1: The six VCs selected for animal challenge experiments would 

confer significant levels of protection against infection with the pathogen Mtb. 

 

Chapter 3: Enhancing the Biological Relevance of Machine Learning Classifiers 

for Reverse Vaccinology 

This chapter addressed the lack of protection generated by the six BPAs tested in a 

murine model of infection (Chapter 2) by revising the RV approach. !

Hypothesis 3.1: BPAs curated from the literature, contain a signal for protective 

antigens compared to randomly permuted data. 

Hypothesis 3.2: Using a correctly nested leave-tenth-out cross-validation would 

reduce the accuracies achieved when classifying BPAs and non-BPAs. 

Hypothesis 3.3: Increasing the size of the training data and the number and 

breadth of annotation tools would increase the accuracies obtained when classifying 

BPAs and non-BPAs. 

 

Chapter 4: Evaluating the Ability of Enhanced Classifiers for Recalling Known 

Protective Proteins from Bacterial Proteomes 

This chapter evaluated the enhanced RV classifier (BPAD200+N+B+AF) generated in 

Chapter 3 using a biologically relevant metric, recall. BPA predictions from the 

enhanced classifier (developed in Chapter 3) were also compared to the six predicted 

BPAs from a previous RV classifier that were shown not to be protective through 

murine models of protection (Chapter 2). 

Hypothesis 4.1: The BPAD200+N+B+AF classifier would be able to significantly 

enrich for known antigens in top 100 predicted BPA lists for bacterial pathogens.  

Hypothesis 4.2: The six proteins assayed for protective efficacy in Chapter 2 

would not be significantly enriched in the top 100 predicted BPAs for Mtb using the 

BPAD200+N+B+AF classifier. 
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Chapter 2: Laboratory Validation of Vaccine 
Candidates Previously Predicted by Reverse 
Vaccinology 

2.1: Introduction 

Tuberculosis (TB), caused by infection with the pathogen Mycobacterium 

tuberculosis (Mtb), is still a serious problem for global health care. TB is estimated to 

have killed 1.5 million people in 2013[23] and the rise of multi-drug resistant (MDR) TB 

has also made the disease more difficult to treat with commonly used antibiotics. High 

rates of infection with TB persist despite one of the largest vaccination campaigns in 

history being deployed against TB with 100 million new born babies every year being 

vaccinated against the disease[90]. Recently there has been an increase in efforts to 

generate more effective vaccination regimes to prevent infection with Mtb. Currently 

the only vaccine available is the Bacillus Calmette-Guérin (BCG), which is a live 

attenuated vaccine derived from passaged Mycobacterium bovis. BCG confers good 

protection against miliary and meningeal Mtb however offers unsatisfactory protection 

against pulmonary Mtb which accounts for up to 70% of all infections[91]. Many vaccine 

trials using BCG have been carried out and varying levels of protection have been 

reported in different clinical trials (i.e. 80% protection in the UK but 0% protection in 

South India)[92]. There are many theories as to why this variation exists but the two 

leading causes appear to be due to prior exposure to environmental mycobacteria and 

the age at which the vaccine is administered[92]. Due to the varying degrees of 

protection attributed to the BCG vaccine in pulmonary Mtb, current research efforts 

focus on finding a more effective vaccine[93].  

A field of research that could be used to predict novel vaccine candidates (VCs) 

for Mtb is reverse vaccinology (RV). RV is a branch of in silico vaccine research where 

the entire bacterial proteome is considered whilst predicting putative VCs (Chapter 1, 

Section 1.5). The field of RV has incorporated machine learning (ML) and a full 

description of this can be found in Chapter 1, Section 1.7. The ML RV approach 

developed by Bowman et al[48] was used in this chapter to predict putative VCs for 

testing in an animal challenge. Briefly Bowman et al[48] built upon previous ML RV 

approaches[87] by increasing the training dataset size through a literature curation for 

bacterial protective antigens (BPAs), generating biologically descriptive annotation 

features and implementing a support vector machine (SVM) to distinguish between 

BPAs and non-BPAs. A BPA was defined as a bacterial protein that when used to 
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immunise an animal model conferred significant levels of protection (p < 0.05) following 

subsequent challenge with the bacterial pathogen (i.e. bacterial load reduction or 

survival assay). The RV study of Bowman et al[48] obtained an accuracy of 92% when 

classifying BPAs and non-BPAs.  

The work detailed in this chapter utilised the classifier developed by Bowman et 

al[48] to predict novel BPAs in Mtb. For the purpose of this chapter predicted BPAs were 

called putative VCs when selected for formulation into DNA vaccines (Section 2.2.1). 

As Mtb has no none correlates of protection[94], a putative VC would only be considered 

a VC if animal challenge models resulted in significant levels of protection against Mtb 

infection, following vaccination with a putative VC. Protection in animal challenge 

models was the outcome (BPA) that the Bowman et al[48] classifier was shown to be 

able to predict. It was envisaged that predictions of BPAs by the RV classifier 

developed by Bowman et al[48] (Chapter 1 Section 1.7) would be able to confer 

protection in animal challenge models of Mtb infection. The work detailed in this 

chapter generated six putative VCs that were then used as DNA vaccines to evaluate 

protection generated in a mouse model of Mtb infection. 

 

Hypothesis 2.1: The six VCs selected for animal challenge experiments would 

confer significant levels of protection against infection with the pathogen M. 

tuberculosis. 

!  
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2.2: Methods 

2.2.1: In Silico Selection of Vaccine Candidates 

Six predicted BPAs (i.e. putative VCs) were selected using three filtering criteria 

from the top 100 predicted BPAs for the Mtb proteome. The top 100 predicted BPAs 

were generated from the Bowman et al[48] RV classifier (detailed in Chapter 1.7). The 

first filtering criteria identified novel predicted BPAs by excluding proteins protected by 

vaccine related patents as well as proteins in known immunogenic families, such as the 

PPE and PE protein families. The PPE protein family contains an 180 amino acid N-

terminal domain with PR, Pro-Glu, at positions nine and ten, and the PE protein family 

is characterised by the presence of 110 amino acid N-terminal domain with PE, Pro-

Glu, at positions nine and ten[95]. The predicted BPAs were then subjected to a second 

filtering criteria for predicted trans-membrane domains using TMHMM[96] and those with 

three or more predicted trans-membrane domains were removed. Proteins with 

multiple trans-membrane domains were removed due to the fact that they are more 

difficult to clone and express in the laboratory[46, 52, 68]. A final filtering criterion used 

previously published Mtb expression data[97-100] to ensure predicted BPAs were 

expressed by Mtb at the transcript level, which indicated that the protein was being 

translated and thus exposed to the host immune system. The literature studies were 

used to denote an expression cut off to form the final filtering criteria by comparing the 

filtered predicted BPAs to known BPA expression scores in Mtb infection. To calculate 

known BPA expression scores a value was assigned (0,1,2,3) depending on whether 

the protein was ranked in the 4th (lowest), 3rd, 2nd or 1st quartile of expression levels for 

each study. These were then averaged across four studies[97-100] to give a single 

expression score for each protein. An average expression cut-off of 1.2 was 

implemented and thus predicted BPAs with an average expression score of less than 

1.2 were excluded. From the final filtered list six predicted BPAs were selected by a 

panel of collaborators to be taken forward into mouse challenge experiments. The 

collaboration that selected the six selected BPAs for laboratory trials was comprised of 

prominent members of the TB vaccine community, laboratory animal trial researchers 

and ML in RV practitioners (Prof Helen McShane, Dr. Ann Rawkins, Ms. Yper Hall, Dr 

Elena Sylianou, Dr Christopher Woelk and myself).  

2.2.2: DNA Amplification of Putative Vaccine Candidates  

In order to amplify the DNA for incorporation of the six putative VCs into DNA vaccines, 

primers for polymerase chain reaction (PCR) were designed for each of the putative 

VCs. This was undertaken in collaboration with Public Health England (PHE) using 
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their protocol DGM015 (Appendix B). Briefly, gene sequences for the six putative VCs 

were obtained from tuberculist[101] (An Mtb database that integrates genome, protein, 

structural, transcriptome and drug information), the start and stop codons were 

removed and 18 bp from the start and the end of the gene were used as the primers. A 

pre-designed leader sequence (forward leader, 

GGGGACAAGTTTGTACAAAAAAGCAGGCT reverse leader, 

GGGGACCACTTTGTACAAGAAAGCTGGGT) was then added to these primers. 

These products were used as the primers for the PCR reaction. PCR was performed 

using KAPA HiFi as per the manufacturer’s instructions; KAPA HiFi HotStart ReadyMix 

75 µl, Forward Primer 4.5 µl, Reverse Primer 4.5 µl, genomic DNA (Mtb H37Rv) 12 µl, 

water (PCR-grade) 54 µl. This was split up into three reactions (three tubes) for each 

putative VC. The PCR reaction ran for the cycles listed in Table 2.1. 

 

 

Step Temperature Duration Cycles 

Initial 

Denaturation 
95 °C 3 min 1 

Denaturation 98 °C 20 sec 

35 Annealing 60 °C 15 sec 

Extension 72 °C 1 min 

Final Extension 72 °C 1 min 1 

Table 2.1: Polymerase Chain Reaction Cycling 

parameters. Abbreviations: min; minute(s), sec; 

seconds. 

 

 

DNA amplification of the putative VCs was confirmed by gel electrophoresis, 

which assessed the size of DNA fragments. Products from the PCR were run using a 1% 

agarose in Tris-acetate with EDTA (TAE) gel, using sybersafe gel stain (Cat No; 

163795-75-3, Sigma, Missouri, USA). The wells were loaded with 5 µl DNA (i.e. 

putative VC), 3.3 µl of cyan yellow (Cat No: 10482035, Thermo Fisher Scientific, 

Waltham, USA) and 11.7 µl of water to give a total reaction volume of 20 µl. In an 

empty well 20 µl of ladder (1 µg/µl) was loaded (Invitrogen 1 kb plus DNA ladder). This 
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was run at 100 volts for 30 minutes. Putative VC1 was run on a second gel, using 1% 

agarose in TAE gel, using sybersafe gel stain (Cat No; 163795-75-3, Sigma, Missouri, 

USA). The wells were loaded with: 8.33 µl cyan yellow (Cat No: 10482035, Thermo 

Fisher Scientific, Waltham, USA), 50 µl of DNA (i.e. Putative VC1) and 40 µl of this 

mixture was loaded into the wells, in another lane 40 µl of ladder (1 µg/µl) was loaded 

(Invitrogen 1kb plus DNA ladder). This was run at 100 volts for 1 hour. All amplified 

DNA products (i.e. putative VCs) were purified using QIAquick PCR Purification kit (Cat 

No: 28104, Qiagen, Venlo, Netherlands) as per the manufacturer’s instructions except 

for putative VC1. The DNA for putative VC1 was purified using a gel extraction kit 250 

QiAquick, (Cat No: 28706, Qiagen, Venlo, Netherlands) this was used as per the 

manufacturer’s instructions. 

2.2.3: Cloning DNA into pVAX DNA Vaccines 

The purified PCR products (i.e. Putative VCs) were transferred into a vector 

(pVax) to be used as a DNA vaccine. This reaction was carried out in two stages, first a 

BP reaction and secondly the LR reaction. This was achieved following the PHE’s One 

tube Gateway Cloning protocol, DGM014 (Appendix C) using the Gateway 

Technology reagent kit (Cat No: 12535-019, Invitrogen, Carlsbad, USA). The complete 

BP reaction mix is listed in Table 2.2 and was combined in a microcentrifuge tube and 

mixed by vortexing. The BP reaction mix was incubated at 25 °C overnight. The LR 

reaction was performed using 10 µl of the BP reaction mix and combining the LR 

reaction mix as detailed in Table 2.3, mixing again by vortexing. Next LR mix was 

incubated for 4 hours at 25 °C. After the incubation OneShot Top 10 E. coli cells (Cat 

No: C404010 Invitrogen, Carlsbad, USA) were subjected to heat shock to take up the 

plasmid that had been generated by the LR reaction. Heat shock to enable the uptake 

to the plasmid was achieved by adding 2 µl of proteinase K solution (Gateway 

Technology reagent kit, Invotrogen, Carlsbad, USA) to LR reaction mix and this was 

incubated at 37 °C for 10 minutes. The LR reaction (1.5 µl) was added to OneShot 

Top10 E. coli and incubated on ice for 5 minutes. The cells were then subjected to heat 

shock 42°C for 30 seconds and then returned to ice for 2 minutes. Next 250 µl of SOC 

medium (Cat No: 15544034, Thermo Fisher Scientific, Waltham, USA) was added and 

this mix was incubated for 1 hour at 37 °C at 220 rpm. Finally the E. coli was plated on 

L-agar plates containing 10mg/ml kanamycin at differing colony forming unit (CFU) 

concentrations by using differing amounts of the transformed E. coli. For each gene, 1 

(µl), 10 (µl), 100 (µl) and the rest of the OneShot Top 10 E. coli tube was plated and 

left at 37 °C overnight. The gateway cloning procedure ensures selection of 

transformed colonies. If DNA was not inserted into the plasmid then there would have 
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been an active suicide gene within the plasmid and this would kill the bacteria. Another 

layer of protection built into the gateway system is that the bacteria only survived if the 

pVax plasmid was present, this contained a gene that conferred resistance to the 

kanamycin present in the growth media. Resulting colonies on this plate would 

therefore have a copy of the pVax plasmid present and also an insertion at the desired 

site within this plasmid. The plasmid map of pVax can be seen in Figure 2.1. 

 

 

 

Protein 
TE Buffer 

(µl) 

pDONR Zeo 

(µl) 

PCR Product 

(µl) 

BP Clonase II 

(µl) 

Total 

Volume (µl) 

Putative VC1 5.7 1.3 5 3 15 

Putative VC2 9.2 1.3 1.5 3 15 

Putative VC3 9.2 1.3 1.5 3 15 

Putative VC4 9.2 1.3 1.5 3 15 

Putative VC5 9.2 1.3 1.5 3 15 

Putative VC6 9.2 1.3 1.5 3 15 

Table 2.2: Reaction Mixtures for BP reaction. Reaction mixtures used in the BP reaction of 

the gateway cloning protocol. Abbreviations: TE Buffer; Tris-HCL and EDTA, pDONR Zeo; 

forms the entry clone used in the gateway reaction finally used to insert the desired DNA into 

the pVax destination vector in the LR reaction.  

Protein BP Reaction Mix (µl) pVax (µl) LR Clonase II (µl) 
Total 

(µl) 

Putative VC1 10 2 3 15 

Putative VC2 10 2 3 15 

Putative VC3 10 2 3 15 

Putative VC4 10 2 3 15 

Putative VC5 10 2 3 15 

Putative VC6 10 2 3 15 

Table 2.3: Reaction Mixtures for LR reaction. Reaction mixtures used in the LR reaction 

of the gateway cloning protocol. 
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!
Figure!2.1:!Pvax!Plasmid!Map:!Plasmid!map!
showing!elements!in!the!Pvax!plasmid!used!as!
DNA!vaccines.!Abbreviations:!Pcmv;!
Cytomegalovirus!promoter,!BGH(pA;!
Polyadenylation!signal,!pUC(ori;!Origin!of!
Replication,!ccdB;!Toxin!ccdB!gene,!attR;!
Insertion!sites!for!Gateway!Cloning!Protocol,!T7;!
Prokaryotic!promoter,!CmR;(chloramphenicol!
resistance!gene.!

!
 

The resulting DNA vaccines (pVax plasmid plus inserted putative VC) were 

purified using mini prep plasmid purification kits as per the manufacturers protocol (Cat 

No: 27106, Qiagen, Venlo, Netherlands). Following purification validation of the desired 

insert was confirmed by a restriction digest, which was again carried out as per the 

manufacturer’s protocol provided by New England BioLabs (Ipswich, USA). The 

reaction was left to run for 15 minutes. Empty pVax (destination vector) and pDONR 

Zeo (entry clone) were used as controls. Products of the restriction digests were 

subjected to gel electrophoresis for size separation. A gel of 1% agarose in TAE, using 

sybersafe gel stain (Cat No: 163795-75-3, Sigma, Missouri, USA) was run. The 

restriction digest product for each putative VC (10 µl) was combined with 2 µl of gel 

loading buffer. This gel was run at 100V for 30 minutes. All putative VCs met the 

expected sizes of fragments, listed in Table 2.4. To confirm the presence of the 

desired inserts (i.e. putative VC) with no point mutations purified pVax vectors (i.e. 

DNA vaccines) were sent for sequencing at Beckman Coulter Genomics Sequencing 

(Essex, UK). Following confirmation that there were no point mutations and that the 

desired putative VCs had been successfully cloned into DNA vaccines, the amount the 

 

Map and Features of pVAX™200-DEST 

 
Map of pVAX™200-
DEST 

The map below shows the elements of pVAX™200-DEST. The complete 
sequence of pVAX™200-DEST is available for downloading from our Web 
site (www.invitrogen.com) or from Technical Service (see page 33).  
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DNA vaccines was amplified. Amplification of desired DNA vaccines was achieved by 

using confirmed, sequenced, colonies as a starter culture for 8 hours at 37 °C and the 

DNA vaccine plasmids being purified in larger quantities as per the manufacturers 

instructions in Qiagen-Endofree-Plasmid-Purification, Giga prep plasmid purification 

kits (Cat No: 12391, Qiagen, Venlo, Netherlands). Restriction digests were again used 

to confirm successful purification of the desired DNA vaccines, using the same 

methods and gel visualisation as above. Again, all putative VCs met the expected sizes 

of fragments, listed in Table 2.5. 

 

! !
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Vector 

Restriction 

Enzymes used 

for Restriction 

Digest 

Size of 

Fragments 

Total size of 

pVax plasmid 

in base pairs 

pDONR Zeo XmaI 2315, 1976 4291 

Gateway pVAX Vector HindIII, Xma I 3392, 1442 4834 

pENTR-VC1 XmaI  2442 2442 

pVAX-VC1 HindIII  3549 3549 

pEntr-VC2 XmaI  2616 2616 

pVAX-VC2 HindIII  3723 3723 

pEntr-VC3 XmaI  2853 2853 

pVAX-VC3 HindIII  3960 3960 

pEntr-VC4 XmaI  2033, 859, 99 2991 

pVAX-VC4 HindIII, XmaI  3381, 618, 99 4098 

pEntr-VC5 HindIII, XmaI  1805, 973, 447 3225 

pVAX-VC5 HindIII, XmaI  3495, 447, 390 4332 

pEntr-VC6 XmaI  2628, 653, 439 3720 

pVAX-VC6 HindIII, XmaI  3614, 1213 4827 
!

Table 2.4: Expected Fragment Sizes Following Restriction Digest After 

Miniprep. Digest of the isolated predicted vaccine candidates cloned into a pVax 

vector. After the gateway cloning procedure and Miniprep plasmid purification.!
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2.2.4: DNA Vaccine Expression in Mammalian Cells  
Following the successful creation of pVax DNA vaccines the expression of the 

plasmids in mammalian cells was confirmed following transfection into Hamster Kidney 

Cells (BHK-21) using western blotting. The PHE Protocol “DGM18: BHK-21 

Transfection Protocol for the Evaluation of pVax DNA Vaccines” (Appendix D) was 

used. Briefly, the DNA vaccine was diluted in OptiMEM (Cat No: 31985-062, Invitrogen, 

Carlsbad, USA), and then 5µl lipofectamine (Cat No: 18324-012, Invitrogen, Carlsbad, 

USA) was added to 20 µl OptiMEM/DNA mix. Cultured BHK-21 cells had the growth 

media removed and then 0.2 ml of MEM (Minimum Essential Media, Thermo Fisher 

Scientific, Waltham, USA) plus glutamine was added to the cells. The DNA OptiMEM 

complex (0.2 ml) was added to grown BHK-21 cells and left for 5 hours at 37°C. After 

this the media was replaced with fetal bovine serum (Cat No: F9665, Sigma, Missouri, 

USA) and kanamycin. The cells were grown for 2 days at 37°C.! This protocol 

transfected the DNA vaccines into BHK-21. The expressed proteins were then 

visualised using western blotting. Another mycobacterial protein (i.e. Rv3537) that had 

previously been proven to successfully express in BHK-21 cells was used as a positive 

control. This was conducted as per the PHE DGM07 SDS PAGE and Western Blotting 

protocol (Appendix E). First separating the proteins on a gel, (Cat No: NP0321BOX 

Invitrogen, Carlsbad, USA), adding 10 µl MagicMark protein ladder for western blot 

Protein  

Restriction Enzymes 

used for Restriction 

Digest 

Size of Fragments 

Putative VC1 PvuII 360, 3189 

Putative VC2 PvuII 240, 360, 570, 2553 

Putative VC3 PvuII 360, 954, 2646 

Putative VC4 HindIII, XmaI 99, 618, 3381 

Putative VC5 

HindIII, XmaI 390, 447, 3495 

HindIII 3942, 390 

Putative VC6 HindIII, XmaI 439, 1213, 3175 

Table 2.5: Expected Fragment Sizes Following Restriction 

Digestion After Gigaprep: Digest of the putative vaccine 

candidates, following the second restriction digest after the 

Gigaprep procedure. 
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visualisation (Cat No: LC5952, Invitrogen, Carlsbad, USA) and 5 µl of SeeBlue pre-

stained protein standard for gel electrophoresis visualisation (Cat No: LC5952, 

Invitrogen, Carlsbad, USA) in the same well and 20 µl of the transfection samples in 

other wells. Then the gel was run for 45 minutes at 200 Volts. Next the protein was 

transferred onto a nitrocellulose membrane (Cat No: RPN203D, GE healthcare, Little 

Chalfont, UK) inside a typical western blotting assembly (i.e. sponge, filter paper, gel, 

nitrocellulose membrane, filter paper, sponge, construction) this transfer occurred at 40 

V for 60 minutes. The nitrocellulose membrane was then placed in blocking buffer (3% 

milk in PBS Tween) for 45 minutes. After removing the initial blocking buffer a solution 

of primary antibody (8.4 µl of primary antibody Cat No: MCA1360, AbD Serotec, 

Kidlington, UK) in 25 ml of blocking buffer was added and left for 45 minutes. Next the 

membrane was washed three times in PBS tween and exposed to the secondary 

antibody (8.4 µl, Cat No: A9044, Sigma, Missouri, USA) in 25 ml blocking buffer before 

a further three washes in PBS tween. The antibody tagged protein was then visualised 

using enhanced chemiluminescence kits as per the manufacturers instructions (Cat No: 

32106 Thermo Fisher Scientific, Waltham, USA). Finally the DNA vaccine plasmids 

(pVax vectors) were diluted to 1 mg/ml using a NanoDrop 2000 

(ThermoFisherScientific, Waltham, USA) in sterile phosphate buffer saline (PBS) 

solution. The DNA vaccines were aliquoted into six doses of 1.2 ml vaccines. 

2.2.5: Mouse Challenge of Mtb Infection 

To test the protective efficacy of the putative VCs, an infectious mouse model of 

Mtb was used[102]. Collaborators at The University of Oxford, Dr Helen McShane and Dr. 

Elena Stylianou conducted these experiments. This challenge experiment was 

comprised of eight groups of eight, six to eight week old female CB6F1 mice; two 

control groups, BCG (six weeks before challenge, 4*105  CFU) and a naïve group, with 

six groups that were immunised with one of the six putative VCs. A total of 1 mg of 

pVax construct (i.e. DNA vaccine) in each vaccine was injected into a hind leg 

(intramuscular), three times with two week intervals. One month after the last 

immunisation, mice were subjected to aerosol challenge with 50-100 colony forming 

units of Mtb (Figure 2.2). The differences in CFUs in the lungs were then statistically 

determined using a Mann-Whitney test[103]. This challenge experiment was repeated in 

a second run after the first experiment generated a significant level of protection for 

one of the novel putative VCs. All procedures were performed in accordance with the 

Animals (Scientific Procedures) Act 1986 under project license number 30/2889 

granted by the Home Office in the UK. 
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!

Figure 2.2: Mice Challenge Experimental Timeline. This figure shows the 

challenge experiment schedule testing the putative VCs. Mice (CB6F1 strain) were 

given 1 ml of 1 mg/ml of DNA vaccines 3 times with 2 week intervals. They were then 

challenged with Mycobacterium tuberculosis (Mtb). BCG and naïve groups were used 

as controls. This experiment was repeated twice. Abbreviations: CFU; Colony forming 

units. 
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2.3: Results 

2.3.1: Six Predicted BPAs were Selected for Validation in 
Mouse Models of Mtb Infection 

First six putative VCs were selected from the top 100 predicted BPAs for Mtb as 

predicted by Bowman et al[48]. Three filters were applied to the top 100 predicted BPA 

for Mtb list, firstly proteins in known immunogenic families (PE and PPE) and described 

in vaccine related patents were removed, this left 62 BPAs from the top 100 predicted 

BPAs in Mtb list. Secondly predicted BPAs with more than two trans-membrane 

domains were excluded, 58 predicted BPAs remained after this filter. Finally a filter that 

measured the expression of predicted BPAs compared to known BPAs as an average 

across four microarray studies[97-100] (detailed in 2.2.1) was implemented. Any 

remaining predicted BPA with an expression score of less than 1.2 was removed, this 

left 33 predicted BPAs that met the criteria deemed necessary to be considered for 

laboratory validation. From this list of 33 predicted BPAs six were selected by 

collaborators as a sample of predicted BPAs and were used in laboratory trials. The six 

selected putative VCs were: Rv3886c, Rv2190c, Rv2068, Rv1857, Rv1677 and 

Rv0608c (a table of the six annotated VCs can be found Appendix F). Selected 

candidates and their expected base pair lengths are shown in Table 2.6. 

 

 

 

 

 

!

!

!  

Gene PCR product (bp) 

Putative VC1 (Rv0680c) 427 

Putative VC2 (Rv1677) 601 

Putative VC3 (Rv1857) 838 

Putative VC4 (Rv2068) 976 

Putative VC5 (Rv2190c) 1210 

Putative VC6 (Rv3886c) 1705 

Table 2.6: Size of PCR product for each putative 

vaccine candidate: RV numbers were obtained from the 

H37RV genome from the Tuberculist[101] Mtb database. The 

purified PCR products from putative VCs were all of the 

expected size. Abbreviations: VC; vaccine candidate, PCR; 

Polymerase Chain Reaction, bp; Base Pair.!
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2.3.2: DNA of the Selected Vaccine Candidates was 
Successfully Amplified 

The desired DNA sequences of the putative VCs were created by amplifying the 

genes in the laboratory from the genome of Mtb H37Rv using PCR. The primers used 

for this can be seen in Appendix G. The products of this PCR reaction were then 

visualised on a gel to confirm that the products were of the expected sizes (Figure 2.3). 

In all of the putative VCs except for putative VC1 the bands that correspond to the 

desired sizes are much more prominent than any others (i.e. the desired sequence of 

DNA has been amplified cleanly). PCR purification was then used to extract the DNA 

from the PCR products for all of the products except for putative VC1. Putative VC1 

was not the only band visualised in the gel. A second gel (data not shown) was run for 

putative VC1, for a longer time to allow greater separation of the DNA fragments. A 

greater separation of DNA fragment sizes enabled a DNA gel extraction kit to purify the 

desired fragment of DNA for putative VC1. The DNA sequence for the six putative VCs 

were successfully amplified from the Mtb genome and the concentrations of DNA 

isolated are listed in Table 2.7. 

!

Figure 2.3: Electrophoresis Gel Depicting Polymerase Chain Reaction Products for 

each Vaccine Candidate (VC). DNA products from PCR reaction for each putative VC 

were run on an agarose gel to enable visualisation and determine fragment size. All DNA 

products were amplified successfully accept Putative VC1. Lanes left to right: Size key of 

Ladder, Ladder, Putative VC1, Putative VC2, Putative VC3, Putative VC4, Putative VC5 

and Putative VC6 

VC1 VC2 VC3 VC4 VC5 VC6 Marker 
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2.3.3: DNA was Successfully Cloned into pVAX DNA 
Vaccines 

Next the amplified DNA of the putative VCs was inserted into pVax plasmids via 

the Gateway cloning procedure, to synthesise the final DNA vaccines. After the 

Gateway cloning procedure four colonies from each DNA construct (i.e. DNA vaccine) 

were selected and grown in culture. The plasmids (i.e. DNA vaccines) were then 

purified using Qiagen mini prep. As a quality control, a restriction digest was used to 

evaluate the inserts (i.e. putative VCs) within the pVax vector. Comparing the observed 

sizes in the gel (Figure 2.4) to the predicted fragment sizes confirmed that the correct 

gene (i.e. putative VC) was inserted into the plasmid and there were no cloning errors. 

To confirm point mutations had not randomly occurred the purified pVax vectors (i.e. 

DNA vaccines) were sent for sequencing from colonies 1D, 2D, 3A, 4A, 5A and 6D 

(Figure 2.4). All colonies contained the desired DNA insert with no point mutations. 

Once it was established that the correct DNA had been inserted into the pVax vectors, 

a gigaprep protocol was implemented to multiply and purify the DNA plasmids (i.e. 

DNA vaccine). A further restriction digest was used to confirm the presence of desired 

DNA inserts within the purified vaccines following gigaprep. The restriction digest 

Protein 
Concentration 

(ng/µl) 
260/280 260/230 

Putative VC1 25 1.96 0.003 

Putative VC2 220.6 1.85 2.16 

Putative VC3 320.4 1.85 2.13 

Putative VC4 429.5 1.85 2.11 

Putative VC5 379 1.84 2.11 

Putative VC6 500.3 1.84 1.95 

Table 2.7: Purified Vaccine Candidate DNA 

Concentrations. DNA concentrations Obtained after 

purification from polymerase chain reaction synthesis of 

vaccine candidates. 
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results following the gigaprep protocol were as expected and uncut plasmid DNA was 

predominantly supercoiled (Figure 2.5). Putative VC5 and putative VC3 were re-run 

due to low yields from the initial gigaprep protocols, the restriction digest after the 

second gigaprep can be seen in Figure 2.5B. All six putative VCs were successfully 

amplified and purified through gigaprep procedures and the following restriction digest 

again confirmed the presence of the desired DNA insert. 
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(A) 

 

(B) 

 

Figure 2.4: Restriction Digest Results for Isolated pVax DNA Vaccines. 

Figure showing the restriction digest on the miniprep for DNA vaccines. Four 

colonies were harvested for each vaccine candidate to maximise the chances 

of harvesting the correct insert. (A). Left to right: Ladder, Uncut pDONR Zeo, 

Uncut pVax, Ladder, (Putative VC1) 1A, 1B, 1C, 1D, Ladder, (Putative VC2) 

2A. 2B, 2C, 2D, Ladder, (Putative VC3) 3A, 3B, 3C, 3D, Ladder. (B). Left to 

right: Ladder, (Putative VC4) 4A, 4B, 4C, 4D, Ladder, (Putative VC5) 5A, 5B, 

5C, 5D, Ladder, (Putative VC6) 6A, 6B, 6C, 6D, pDONR Zeo, pVax, Ladder. 
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(A) 

 

(B) 

 

Figure 2.5: Restriction Digest of Gigaprep DNA Vaccines. Two separate gels were run 

for the vaccine candidates as too little DNA was generated from the gigaprep of putative 

VC3 and putative VC5. (A). Left to right reflects cut to uncut:  putative VC1, putative VC2, 

putative VC3, putative VC4, putative VC5, and putative VC6. (B) left to right reflects cut to 

uncut, putative VC3 and putative VC5. Putative VC5 cut with different restriction enzymes 

in (A) (HindIII and XmaI) and (B) (HindIII) hence different bands.  

Marker Marker VC3 VC5 

Marker Marker 
VC2 VC1 VC3 VC4 VC5 VC6 
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2.3.4: DNA Vaccine Expression was shown in Mammalian 
Cells  

A transfection protocol was used to confirm that all six DNA vaccines expressed 

protein in mammalian cells. For five of the six putative VCs there was a strong protein 

expression, however putative VC2 only exhibited a very faint signal (Figure 2.6). The 

faint signal in this lane could be due to low protein expression, however it is much more 

faint than for the other DNA vaccines. Our collaborators at PHE have previously 

observed efficacious vaccines that have failed this transfection assay, so it was still 

deemed worthy to carry this vaccine forward to animal trials. The DNA vaccines were 

then diluted and aliquoted into individual vaccine doses, they were to be administered 

at 1mg/ml (+/-5%) at an amount of 1 mg per mouse. Therefore the DNA vaccines were 

aliquoted into six 1.2 ml (1mg/ml) vaccine doses (Table 2.8). 

  

!

Figure 2.6: Chemiluminescence Detected on Film Following a Transfection 

Assay using Six DNA Vaccines. Western Blot analysis of vaccine candidates 

transfected into eukaryotic cells. Ladder for size comparison of protein bands. From 

left to right (expected size, kDa): Marker, putative VC1 (21.9), putative VC2 (27.9), 

putative VC3 (35.2), putative VC4 (41.2), putative VC5 (48.4), putative VC6 (64.3), and 

two duplicates of the positive control (60.6). 
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Controls 
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2.3.5: Protective Capabilities of Vaccine Candidates in a 
Mouse Model of Mtb Infection 

Testing of the protective efficacy of six DNA vaccines against TB was conducted 

in a murine model of Mtb infection[102]. The first animal challenge yielded positive 

results and the levels of protection conferred following Mtb challenge are shown in 

Figure 2.7 A. Two putative VCs stood out, VC2 and VC4, with putative VC2 achieving 

significant levels of protection against Mtb infection using a Mann Witney test (p = 

0.026) and VC4 approaching significant levels of protection (p = 0.06, Mann Witney). 

The animal challenge assay was repeated for a second time (Figure 2.7 B) to confirm 

these results but none of the tested putative VCs conferred significant protection 

against Mtb challenge. Overall putative VC2 stimulated some level of protection, but 

this was not robust enough to be observed in repeat experiments. 

! !

DNA Vaccine 
Final DNA Vaccine 

Concentration (ng/µl) 
A260/280 A260/230 

Putative VC1 968.0 1.89 2.25 

Putative VC2 989.8 1.87 2.27 

Putative VC3 982.5 1.92 2.22 

Putative VC4 958.0 1.88 2.26 

Putative VC5 999.9 1.92 2.22 

Putative VC6 988.5 1.89 2.20 

Table 2.8: DNA Concentrations in Final DNA Vaccines. The 

concentration of DNA within the vaccines that were used in animal 

challenge experiments to assay protective efficacy of the putative VCs 

against Mtb infection. 
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!  

(A)!

!

(B) 

 

Figure 2.7: Colony Forming Units Measured in the Lungs of a Mouse Model of Mycobacterium 

tuberculosis (Mtb) Infection. Results for a repeated animal challenge of Mtb infection after DNA 

vaccination regimens. Each putative Vaccine Candidate was administered within a DNA vaccine three 

times at two week intervals. One month after the last immunisation, mice were exposed to aerosol 

challenged with Mtb. Mice were then sacrificed and the colony forming units (CFU) were measured 

from the lungs.  MW = Mann-Whitney, ***p<0.001, *p<0.05. Abbreviations: BCG; Bacillus Calmette-

Guérin, VC; Vaccine Candidate, CFU; Colony Forming Unit.!
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2.4: Discussion 
In this chapter, six putative VCs were generated as DNA vaccines for protection against 

Mtb infection and evaluated in mouse challenge model experiments. In one of the mouse 

challenge experiments, putative VC2, Rv1677 did confer significant levels of protection against 

infection with Mtb but in a repeat challenge experiment this result was not replicated. Therefore, 

hypothesis 2.1, that the six in silico predicted putative VCs will confer significant protection 

against Mtb infection was not supported.  

An initial animal challenge experiment revealed the ability of putative VC2 to confer 

significant levels of protection against Mtb infection and this suggested that RV could be used to 

find novel VCs in the proteomes of even extremely well characterised pathogens (Mtb). This 

work selected six completely novel putative VCs from the top 100 predicted BPA list for Mtb from 

Bowman et al[48]. Novel putative VC selection was achieved by the exclusion of known BPAs and 

predicted BPAs from known immunogenic families as it had already been shown that the RV 

classifier developed by Bowman et al[48] can recall known BPAs in the Mtb proteome. By 

selecting only the most novel predicted BPAs, the aim was to discover putative VCs for use in 

subunit vaccines against Mtb infection. 

The obvious limitation of the approach detailed in this chapter is the lack of protection 

generated by the putative VCs in mouse models of Mtb infection. It might have been worth 

taking a step backwards and conducting immunogenicity testing on the six putative VCs as well 

as less “novel” predicted BPAs (i.e. predicted BPAs from known protective protein families in 

Mtb) by Bowman et al[48]. Immunogenicity testing would have enabled further exploration and 

understanding of RV’s ability to predict immune stimulating antigens. Although this would have 

been an academic exploration as Mtb is considered not to have good correlates of protection[104].  

The reasons behind the lack of protection generated by the DNA vaccine candidates are 

not understood, but some possible causes are discussed below. The most likely cause of the 

lack of protection described in this chapter is that the proteins selected as putative VCs were not 

BPAs. This would stem from the method implemented to select putative VCs. This chapter 

utilised an ML RV approach to predict putative VCs and this approach was published by 

Bowman et al[48]. Despite Bowman et al generating the largest and most advance approach to 

ML in RV the work conducted in this chapter led to an in depth re-evaluation of ML in RV which 

is described in full in Chapter 3 of this thesis. The work conducted in Chapter 3 of this thesis 

revealed previously unknown errors and also implemented improvements to the Bowman et al[48] 

approach that led to an enhanced ML RV approach[105]. Briefly, it was shown that Bowman et 

al[48] had over estimated the accuracies obtained by their approach of predicting BPAs as a 

nested leave tenth out cross validation (LTOCV) approach had not been implemented. This over 

estimation of accuracies would mean that more predicted BPAs from this pipeline would have to 
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be tested in the laboratory to discover a novel BPA than previously thought. Next an artificial 

bias was discovered in the training data of the Bowman et al[48] pipeline, which captured a signal 

for extracellular proteins as opposed to the desired signature of a BPA. This subcellular bias 

was removed in the enhanced approach detailed in Chapter 3. After the corrections of nesting 

the LTOCV and removing the artificial subcellular bias were implemented to the Bowman et al[48] 

ML RV pipeline improvements (i.e. an increase in the size of the training data and an increase in 

the annotation tools used to describe the training data) were implemented which boosted the 

accuracies obtained by ML RV approaches. It is hypothesized that predictions made, by the 

enhanced ML RV classifier described in Chapter 3, would result in more likely putative VC 

candidates than the predictions of BPAs from the Bowman et al[48] pipeline that were used in this 

chapter. Chapter 4 of this thesis explored differences between predictions of BPAs from the 

newly described (Chapter 3) enhanced ML RV classifier and the Bowman et al[48] classifier via 

the metric Recall[48].  

Another possible cause for the lack of protection conferred by the DNA vaccines are that 

there was no guarantee that the putative VCs were expressed during Mtb infection. In an 

attempt to factor this into the selection of the putative VCs this chapter undertook a comparison 

of four microarray expression studies of Mtb culture[97-100]. These studies would have described 

genes that are constitutively expressed in Mtb under normal growth conditions, however the 

DNA vaccines generated in this chapter were intended to prime an immune response to proteins 

that are present at an infectious stage of the Mtb lifecycle. Ideally the gene expression or protein 

measurement of Mtb proteins would have been measured during Mtb infection within a human 

or animal model host. Unfortunately, this data was not available at the time of this research. To 

select putative VCs it was decided that showing that the putative VC is expressed in the culture 

of Mtb gave an indication that the protein is physically synthesised by Mtb. 

Despite the corrections described in Chapter 3 that have been since implemented to the 

Bowman et al[48] approach to ML in RV, the significant protection obtained in the first mouse 

challenge experiment pointed to RV’s ability to identify novel VCs against Mtb infection. If this 

challenge were to be repeated it would be suggested that a positive control (known BPA, i.e. 

AG85[106]) should be generated as a DNA vaccine in parallel with the putative VCs described in 

this chapter to enable further validation of the DNA vaccine generation and animal challenge 

techniques conducted for the work in this chapter. Generating a previously described BPA as a 

DNA vaccine at the same time as the putative VCs described in this chapter would have further 

confirmed that the vaccination formulation (i.e. DNA vaccine) and immunisation protocol were 

able to generate significant levels of protection in mouse models of Mtb infection. That said 

using the current vaccination protocol a significant level of protection was seen in the first animal 

challenge experiment (i.e. putative VC2 p = 0.026, Mann Whitney test) and therefore it would be 

surmised that the DNA vaccination protocol used in this pipeline was successfully implemented. 
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Additionally if this challenge were to be repeated it would have been suggested that at least one 

protein from a known immunogenic family would have been incorporated into the experimentally 

validated putative VC list.  

Another limitation of the work carried out in this chapter was that the mouse challenge 

experiments were only repeated twice, and each of the repeated experiments generated 

different results. Ideally a third repeat of the mouse challenge experiment would have been run 

to obtain a reproducible result. However as animal challenge experiments are expensive it was 

decided to investigate the predictions of BPAs in silico as opposed to running further repeats of 

the mouse challenge experiments. When investigating the RV classifier developed by Bowman 

et al[48] it was deemed that improvements to this pipeline could be made. Chapter 3 of this thesis 

details the improvements made to the Bowman et al classifier. Briefly, it was discovered that 

Bowman et al[48] had overestimated the performance of their classifier when classifying BPAs 

from non-BPAS. An artificial bias was also removed from the RV classifier, with regards to 

subcellular localisation in the positive (BPA) and negative (non-BPA) training data. Finally an 

increase was made to both the amount of the training data and the type of protein annotation 

tools used to train RV classifiers. A full investigation and revision of the ML approach to RV was 

conducted in the next chapter. 

Despite a hint of protection generated by putative VC2 in one repeat of the mouse 

challenge model of Mtb infection, a replicate signal could not be found in repeated experiments 

(Figure 2.7). Following the rejection of hypothesis 2.1, it was acknowledged that refinements 

needed to be made to the RV classifier[48], before it could routinely be used to select novel VCs 

for Mtb. To address the need for refinements the work discussed in Chapter 3 of this thesis 

implemented a number of enhancements (i.e. nested cross validation, balanced training data, 

increased size of training data and increased number of annotation features) to the RV classifier 

developed by Bowman et al[48]. It was hypothesised that the improvements to ML in RV 

documented in Chapter 3 would reveal more immunologically focussed top 100 predicted BPA 

lists for the pathogen Mtb. 

!  
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2.5: Statement of Contribution for Research in this Chapter. 

In this chapter, I carried out the selection of the six VCs with input from my 

collaborators Dr. Ann Rawkins (PHE) and Prof. Helen McShane (University of Oxford) 

and Dr Christopher Woelk. I then went to PHE Porton Down, UK to fabricate the DNA 

vaccines under the supervision of Dr Ann Rawkins and Yper Hall. In addition, I 

received laboratory training from Sofiri Daminabo. The DNA vaccines were then sent to 

Prof. Helen McShane’s Laboratory in Oxford and Dr. Elena Stylianou completed the 

assessment of the protective efficacy of the six VCs in a mouse model of Mtb infection. 

!
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Chapter 3: Enhancing the Biological Relevance 
of Machine Learning Classifiers for Reverse 
Vaccinology  

3.1: Introduction 

Vaccine strategies and development continue to be at the forefront of current 

scientific research. An emergent new field within vaccinology is reverse vaccinology 

(RV). When RV was first introduced it promised many improvements over conventional 

vaccinology research such as increased speed, reduced cost, and the ability to screen 

entire proteomes to produce increased numbers of novel vaccine candidates. Whilst 

some of these advantages have been realised the much lauded speed increase of 

vaccine design has not yet materialised. However the advantages afforded by RV 

mean that this branch of vaccinology contains the potential to be used to generate 

novel subunit vaccines.  

Methodologies in RV vary but the most advanced and sophisticated methods 

published use machine learning (ML)[48, 87]. Doytchinova and Flower[87] were the first to 

apply ML to the field of RV. In this study a training dataset of 100 known antigens was 

generated through a literature curation that defined a known antigen as a protein (or 

part of a protein) that, “has been shown to induce a protective response in an 

appropriate animal model after immunisation”. A negative training dataset was 

constructed by randomly sampling 100 proteins or non-antigens from the same 

bacterial species that corresponded to each known antigen in the positive training 

dataset. The proteins in this training dataset were annotated with auto cross-

covariance (ACC) transformations, which reflect hydrophobicity, molecular size, and 

polarity. The annotated proteins were used to train a classifier based on discriminant 

analysis by partial least squares (DA-PLS), which was able to achieve an accuracy of 

82% when distinguishing non-antigens from known antigens.  

In an extension to Doytchinova and Flower’s[87] work, Bowman et al[48] focused 

exclusively on bacterial protective antigens (BPAs) defined as, “a whole protein that led 

to significant protection (p < 0.05) in an animal model (i.e. bacterial load reduction or 

survival assay) following immunisation and subsequent challenge with the bacterial 

pathogen”. Bowman et al[48] expanded upon the previous ML RV approach[87] by 

focusing on antigens from bacterial species, utilising protein annotation tools for 

greater numbers of features relevant to biological annotation and implemented a 

support vector machine (SVM). The positive BPAs were obtained by a literature 
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curation for proteins that fitted the description of a BPA. This was combined with a 

randomly generated negative training dataset (non-BPAs) to create the BPAD136 

training dataset. To extract information from these proteins, annotation tools that 

described biological features were used to annotate the training datasets. Next a SVM 

was applied for the classification of the two groups (BPA and non-BPA). This SVM was 

able to achieve a maximum accuracy of 92% (for more details see Chapter 1, Section 

1.7). 

Chapter 2 of this thesis tested six putative BPAs predicted by the Bowman et 

al[48] classifier in a murine model of M. tuberculosis infection. However these six 

predicted BPAs were shown not to confer protection. The aim of this chapter (i.e. 

Chapter 3) was to improve upon previous ML approaches to RV, to construct a more 

accurate classifier, from which biological inferences about differences between BPAs 

and non-BPAs could be made. It was observed that the previous publication (Bowman 

et al[48]) had not correctly implemented a nested cross-validation and therefore had 

overestimated the accuracies obtained by their application of ML in RV. When training 

an SVM classifier two main stages occur, feature selection and parameter optimisation 

(described in Chapter 1, Section 1.6). In the Bowman et al[48] study the whole dataset 

(136 BPAs and non-BPAs) was used when conducting feature selection and parameter 

optimisation. The whole dataset was then split into leave-tenth-out cross-validation 

(LTOCV) training and test datasets. The Bowman et al[48] RV classifier had been 

exposed to the test dataset at the feature selection and parameter optimisation stages; 

therefore the classifier was over estimating the accuracies achieved when classifying 

BPAs and non-BPAS. This was not a nested approach to cross-validation, which is 

currently state of the art for cross-validation in the ML field.  

This chapter sought to establish that ML in RV is able to predict protection (i.e. 

BPAs) and to improve upon the classifier developed by the previous ML RV 

approach[48]. This chapter first proved the ability of a signal for protection to be 

captured by comparing classification on a dataset of curated BPAs and non-BPAs to a 

dataset that represented noise (permutation testing). The following improvements were 

implemented compared to the previous RV classifier[48]: a nested approach to cross-

validation, removal of an artificial bias, increased size of the training data by 64 BPAs 

and 64 non-BPAs and the incorporation of new protein annotation tools that are able to 

model different aspects of biology (e.g. T-cell epitope prediction and Adhesin 

prediction). 

 

Hypothesis 3.1: BPAs curated from the literature, contain a signal for protective 

antigens compared to randomly permuted data.  
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Hypothesis 3.2: Using a correctly nested leave-tenth-out cross-validation would 

reduce the accuracies achieved when classifying BPAs and non-BPAs.  

Hypothesis 3.3: Increasing the size of the training data and the number and 

breadth of protein annotation tools would increase the accuracies obtained when 

classifying BPAs and non-BPAs. 
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3.2: Methods 

3.2.1: Overview of Changes from Bowman et al[48] to 
Heinson et al[105] 

The alterations that form part of the finalsed Heinson et al[105] RV ML approach 

were a small part of many research pathways. Before presenting the finalised research 

pipeline implemented by Heinson et al[105], it was deemed worthwhile to provide an 

overview of the main research directions that were taken when investigating RV ML 

approaches and these can be seen in Figure 3.1. Briefly the previous ML RV 

approach, published by Bowman et[48] al, in which an ML classifier was built to 

distinguish BPAs and non-BPAs was explored and expanded. Firstly the annotations 

derived from the bioinformatics protein annotation tools were parsed in a standardised 

manner across all tools. Secondly the amount of training data (BPAs, non-BPAs) was 

increased to 200 BPAs and 200 non-BPAs (detailed in 3.2.2). Thirdly the number of 

protein annotation tools utilised to generate information about the BPAs and non-BPAS 

was F to 34 and these were parsed to generate 525 annotation features (detailed in 

3.2.3). Next, spurious differences in the randomly generated negative training data 

(non-BPAs) were explored by generating five non-BPA negative training datasets. It 

was shown that the variation caused by different random negative datasets was 

smaller than the variations across repeated iterations of feature selection on the same 

training data. When comparing the negative training data (non-BPAs) to the positive 

training data (BPAs) an artificial subcellular localization bias was apparent. This 

subcellular localization bias had been introduced by the random method of selecting 

negative training data (non-BPAs). To enable ML RV approaches to capture a 

signature for immunological protection this subcellular localization bias was removed 

by matching BPAs (positive training data) and non-BPAs (negative training data) for 

subcellular localization and thus a new negative training dataset was formed (detailed 

in 3.2.2). Following the removal of the subcellular localisation bias from the training 

data, it was observed that alterations to ML RV classifiers utilised different feature 

numbers when obtaining maximum accuracies when classifying BPAs and non-BPAs. 

To enable a direct comparison of the alterations made to the ML RV approach the 

number of features utilized by the ML RV classifiers was fixed. Conducting a 

permutation analysis revealed that the number of features which best separated the 

protective signal from random noise was 10. Therefore 10 feature classifiers were 

utilised to asses changes to ML RV classifiers (detailed in 3.2.5). Finally a comparison 

of un-optimised different ML algorithms was conducted (detailed in 3.2.4) which 
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revealed that a Support Vector Machine (SVM) with a radial bias function achieved 

equally the highest accuracies when distinguishing between BPAs and non-BPAs. The 

accrual of the above alterations to the Bowman et al[48] approach to ML in RV is 

described in detail below and published in the Heinson et al[105] ML RV manuscript. 

 
 

  

 

Figure 3.1: Overview of the Research Directions Taken Whilst Generating a New Machine 

Learning Approach to Reverse Vaccinology: Showing an overview of the research process when 

conducting revisions to the Bowman et al[48] Machine Learning (ML) Reverse Vaccinology (RV) 

pipeline in the process of generating the Heinson et al[105] ML RV approach. 

Bowman et al 136 BPAs & 136 non-
BPAs, 122 annotation features 19 
bioinformatics protein annotation 
tools. 

The number of protein annotation 
tools used to describe the BPAs and 
non-BPAs was increased to 34 
protein annotation tools and these 
generated 525 features. 

A standardised method to parse the 
output from bioinformatics protein 
annotation tools was implemented. 
Additionally proteins were run 
through tools that required gram 
positive or negative information on 
both settings. This created noise for 
these protein annotation tools 

Proteins were only run through 
correct gram stain option on protein 
annotation tools that required this 
information and a standardised 
feature Set from Bowman et al was 
generated. 

The amount of training data on 
which the previous classifier 
(Bowman et al) was trained on was 
increased to 200BPAs and 200 non-
BPAs 

Changed assessment of accuracies  
from percentages (%) to a more 
standard method of assesing 
accuracies in machine learning, 
receiver operating characteristic 
curves and area under the curve 
statistics.  

Five negative training datasets (non-
BPAs) were generated. The 
difference between datasets was 
smaller than the differences 
between repeated iterations. 

An artificial bias was discovered 
between the BPAs and non-BPAs 
that was different distributions of 
subcellular localisation existed 
between the BPAs and non-BPAs. A 
novel negative dataset (non-
BPAs )that matched the BPAs for 
subcellular localisation was created 
to remove this bias. 

To overcome variation generated by 
repeated iterations of greedy 
backward feature elimination ROC 
curves  that were the average of five 
iterations of Leave Tenth out Cross 
Validation were implemented. 

To enable a fair comparison of  the 
changes made to the  previous 
method a set feature number was 
defined using permutation analysis. 
This revealed that 10 features best 
separated signal from noise.  

This led to the publication of: 
Heinson AI, Gunawardana Y, 
Moesker B, Hume CC, Vataga E, 
Hall Y, Stylianou E, McShane H, 
Williams A, Niranjan M, Woelk CH; 
Enhancing the Biological Relevance 
of Machine Learning Classifiers for 
Reverse Vaccinology. International 
Journal of Molecular Sciences 
2017;18(2) 
 

Multiple machine learning 
algorithms were compared, Support 
Vector Machine with Radial Bias 
Function was shown to be equal to 
the highest performing algorithms. 
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3.2.2: Training Data 

A literature curation identified 64 new BPAs which were combined with 136 

previously characterised BPAs[48] for a positive training dataset totaling 200 BPAs. A 

BPA is a bacterial protein that has led to significant protection (p < 0.05) in an animal 

model (i.e., bacterial load reduction or survival assay) following immunisation and 

subsequent challenge with the bacterial pathogen. A bacterial protein was only 

retained as a BPA if two independent researchers agreed that it had met this definition. 

This extensive literature curation was undertaken by utilising Google Scholar. Search 

terms were: “Potential Vaccine Candidate”, “Protective antigen”, “Bacterial Vaccine 

Candidate”, “Bacterial Vaccine Antigen”, “Bacterial Protein Antigen”, “Novel vaccine 

Candidate”, “Bacterial Vaccine Candidate”, and “Vaccine Candidate Mouse”. The 

curation effort searched through the first ten result pages for each one of these search 

terms. When a potential BPA had been found the information was curated to fully 

characterise the proteins in catagories such as; “NCBI Protein ID”, “Species”, 

“Refference”. For a full list of the curation effort please see a table of 136 BPAs curated 

by Bowman et al[48] and a table describing the 64 newly curated BPAs in Appendix H. 

A negative dataset of non-BPAs was generated to match each BPA in the 

positive training dataset by randomly selecting a protein from the same bacterial 

species as each BPA. This study also matched the subcellular localisation, such that a 

non-BPA was selected from the same subcellular localisation as the corresponding 

BPA. The bioinformatics program PSORTb was used to predict subcellular localization 

as this was the most accurate subcellular localization prediction tool available, 

achieving stated accuracies of 97.9% for gram positive and 98.3% for gram negative 

bacterial organisms[57]. A blastp[50] was used to discard any non-BPAs that matched to 

known BPAs (i.e. > 98% similarity) or non-BPAs already selected (E-value < 10E−3). A 

BPA (ACF35754.1) had a subcellular localisation of extracellular. When selecting non-

antigens from the proteome of Salmonella enterica a paired exracellular protein that 

matched the blastp inclusion criteria could not be found and therefore a protein with 

unknown subcellular localisation was sampled instead for inclusion in the negative 

training dataset. Datasets that have balanced positive (i.e. BPA) and negative (i.e. non-

BPA) training datsets for subcellular localisation were given the “+B” tag. In summary, 

a dataset consisting of 200 BPAs and 200 non-BPAs was constructed and referred to 

throughout this thesis as BPAD200. BPAD200, as used to train ML classifiers can be 

accessed at! http://www.mdpi.com/1422-0067/18/2/312#supplementary by clicking on 

the download link, Supplementary File 1 (The “Zip-Document” link) and then from this 
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folder, supplementary_Table_2. Additionaly a FASTA list of all proteins in the 

BPAD200 dataset can be found in the appendices of this thesis (Appendix I). 

3.2.3: Increased Number of Protein Annotation Tools 

A second literature curation identified new protein annotation tools to generate 

novel annotation features for training SVM classifiers. This study increased the number 

of protein annotation tools used to train previous RV classifiers[48] from 19 to 34, and 

the output from these tools was parsed to generate 525 annotation features. In the 

previous approach[48] there was a lack of consistency applied when parsing the 

information from protein annotation tools. Certain tools were normalised for protein 

length whilst others were not. This study applied a standardised parsing method to all 

tools and this can be seen in Appendix J. The criteria for inclusion of the additional 

protein annotation tools utilised in this chapter was that they had to be able to be 

downloaded, installed and run locally as well as having a high throughput method that 

could run through entire bacterial proteomes using the tools standard settings. 

Additional bioinformatics protein annotation tools were included to generate novel 

biological annotation when compared to the previous approach[48]. Some examples of 

additional bioinformatics protein annotation tools included in the novel approach 

detailed in this chapter describe biological phenomena such as: T-Cell epitope 

prediction, Dbox and Ken box prediction, Small ubiquitin like modifiers, Surface 

accessibility of amino acids and Adhesin prediction. An example of how a tools output 

was parsed is given using the bioinformatics protein annotation tool GPS-SNO[107], the 

features generated from this tool were: GPS-SNO_max_Score, GPS-SNO_Count, 

GPS-SNO_Max_CutOffDiff, GPS-SNO_Avg_Score, GPS-SNO_Avg_CutOffDiff, GPS-

SNO_Length_Count, GPS-SNO_Length_Average, and GPS-

SNO_Length_Avg_CutOffDiff. Classifiers trained on datasets including additional 

annotation features not previously utilised in ML approaches to RV have the “+AF” tag, 

a full list of protein annotation tools and annotations features can be found in 

Appendix J.  

3.2.4: Machine Learning Classification 

To enable comparison to previous RV classifiers (i.e. Bowman et al[48]) SVMs 

with a radial bias function (RBF) kernel were used to construct all classifiers in this 

chapter and implemented using the python package libsvm[85]. It should also be noted 

that when conducting a preliminary pass of the classification of BPAs from non-BPAs a 

range of non-optimised ML algorithms were implemented in the software package 

Matlab[82] such as; Nearest Neighbor, Decision Tree, Discriminant Analysis, SVM with 



 

! 65!

RBF Kernel, SVM with Quadratic Kernel and a Linear SVM. Of the non-optimised 

classifiers SVM with a RBF kernel yielded the joint highest accuracies. An optimised 

implementation of the SVM with a RBF kernel required the optimisation of two 

parameters, γ and C. Where, C is the cost function and γ is particular to an RBF kernel 

such that its value affects how much each training example can influence the decision 

margin. For more details see Chapter 1 (Section 1.6.1). Optimisation for both of these 

parameters was conducted within the libsvm package using a grid search method. The 

datasets were comma separated variable formatted tables and were comprised of rows 

of proteins (BPA or non-BPA) and columns that represent annotation features. These 

annotation features were on differing scales and distributions and were scaled as 

individual features between -1 and 1 as is standard before training classifiers[85]. 

BPAD200, as used to train the ML classifier can be accessed at 

http://www.mdpi.com/1422-0067/18/2/312#supplementary by clicking on the download 

link Supplementary File 1 (The “Zip-Document” link) and then from this folder 

supplementary_Table_2. All implementations of the SVM in this chapter used a non-

specific filtering step based on F-score (Figure 3.2)[88, 89] to reduce the number of 

annotation features used to train SVM classifiers, from 525 to 200.  

 

 

 

Figure 3.2: F Score Used for Feature Selection: F Score was 

utilised to lower the number of features from 525 to 200 before 

submission to greedy backward feature elimination and support 

vector machine training and classification. The F score compares 

the variability between the two classes (Bacterial Protective 

Antigen (BPA) and Non-BPA) (Numerator) against the variability 

within the two classes (denominator)[88].  

 

 

The remaining 200 features then underwent greedy backward feature elimination 

(as described in Chapter 1, Section 1.6.2) to determine the most informative feature 

set. When features had equal information content the algorithm randomly selected 
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which feature to remove, SVM classifiers were trained across five separate iterations to 

overcome the impact of randomly breaking such ties.  

For all instances, except when implementing the previous RV classifier[48] 

(“BPAD136”, detailed in Section 3.1), classifiers were evaluated using a nested 

LTOCV model[108]. Classifiers trained using a nested LTOCV approach were given the 

“+N” tag. This enabled an SVM score to be obtained for each protein within the training 

data of BPAs and non-BPAs. The first step in a fully nested approach was to split the 

data into 10 parts and isolate one of these tenths as the test dataset. Feature selection 

and parameter optimisation were then only applied to the remaining training dataset 

(i.e. the remaining 9/10ths of the data). An SVM classifier was then built on only the 

training dataset and used to predict the class (BPA or non-BPA) of the test data in the 

tenth left out. This process was repeated a further nine times leaving the remaining 

tenths of the training data out, one at a time.  

3.2.5: Permutation Analysis 

Permutation analysis was used to determine the optimal feature number for SVM 

classifiers. Labels (BPA and non-BPA) were randomly permuted five times, generating 

five datasets. The AUCs (Area Under the Curve) achieved when training SVM 

classifiers using greedy backward feature elimination on these datasets were averaged 

and compared to the average AUC obtained over five iterations of greedy backward 

feature elimination of BPAD200+N+B+AF (BPAD200, nested cross validation “+N”, 

balanced for subcellular localisation “+B” and using additional annotation features 

“AF”). This process was repeated with SVM classifiers trained using different numbers 

of features. 

3.2.6: Statistics 

Receiver operating characteristic (ROC) curves were used to evaluate the 

performance of SVM classifiers in this study. ROC curves were generated by plotting 

the true positive rate (TPR, i.e. sensitivity) over the false positive rate (FPR, i.e. 

1−specificity)[109]. Area under the curve (AUC) values were calculated from ROC curves 

and differences between curves was assessed with the DeLong[110] statistical test. P-

values of <0.05 were considered significant. ROC curves for LTOCV were generated 

as an average SVM score across the five iterations for each protein in the training 

dataset. 
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3.2.7: Hierarchical Clustering 

The subcellular localisations of BPAs from BPAD200 were predicted using the 

protein annotation tool PSORTb[57]. A BPA was labeled as extracellular if it was 

predicted to be localised close to the surface of the cell (i.e. cell wall, extracellular, 

outer membrane, or periplasmic). BPAs with a predicted subcellular localisation of 

periplasmic were included in the extracellular group as these proteins clustered 

predominantly with the extracellular as opposed to intracellular group. If a BPA was 

predicted to be localised to the cytoplasm or cytoplasmic membrane it was defined as 

intracellular. Intracellular and extracellular BPAs from BPAD200 were clustered using a 

Euclidean distance calculation and a Ward clustering metric using the 

ClassDiscovery[111], and Dendextend[112] packages in R[84].  
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3.3: Results 

3.3.1: Permutation Analysis Revealed a Strong Protective 
Signal for BPAs Curated from the Literature 

Initially, the BPAD200 dataset was used to determine that a signal for protective 

efficacy had been captured when curating BPAs from the literature record. The 

difference in AUC values generated from the classifier trained on BPAD200 (i.e. 

BPAD200+N+B+AF classifier) and the randomly permuted data was evaluated when 

training classifiers built on different numbers of features (Figure 3.3A). Classifiers 

consisting of 10 features demonstrate the greatest and most significant separation in 

AUC (average p = 1.13 × 10−12, DeLong test[110]) between BPAD200 and the randomly 

permuted data (Figure 3.3B). These results clearly demonstrate that the literature 

curation of BPAs captured a strong protective signal and that 10 features was the 

optimal number for discriminating BPAs from non-BPAs as opposed to noise. 

Therefore, SVM classifiers containing 10 features were used to evaluate the changes 

in classification accuracies of each of the modifications to the RV approach (i.e. 

BPAD200, +N, +B, and +AF). 
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(A) (B) 

  

Figure 3.3 Comparison of the Difference in Area Under the Curve Between SVM 

Classifiers Trained on the Dataset BPAD200 and Datasets of Noise Generated 

using Randomly Permuted Data Labels: (A) Plot of the difference in area under the 

curve (AUC) between five iterations of SVM trained on the BPAD200 dataset (i.e. 

BPAD200+N+B+AF classifier) and five datasets with randomly permuted labels trained 

on increasing feature numbers. Support vector machine (SVM) classifiers were trained 

to discriminate bacterial protective antigens (BPAs) and non-BPAs. Receiver operator 

characteristic (ROC) curves generated from a nested leave-tenth-out cross-validation 

approach for different numbers of features selected by greedy backward feature 

elimination. Five iterations were performed to assess the random breakage of ties 

during greedy backward feature elimination and AUC was averaged across iterations 

for each feature set. This analysis was then repeated with five datasets where the BPA 

and non-BPA labels were randomly permuted. The average AUC was calculated 

across the five randomly permuted data sets for each number of features. (B) ROC 

curves for the average of the five iterations of the 10 feature SVM classifier trained on 

BPAD200 (i.e. BPAD200+N+B+AF) (black solid line) and from each of the five 

randomly-permutated datasets (dotted grey lines). 
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3.3.2: A Nested Approach had a Significant Impact on the 
Ability of SVMs to Classify BPAs  

Having demonstrated that the BPAD200+N+B+AF classifier trained on datasets 

curated from the literature had captured a biological signal reflective of BPAs, the 

multiple modifications made to the RV classifier of Bowman et al[48] were assessed in a 

stepwise manner. The starting point for this assessment was the BPAD136 classifier 

from the previous study[48], consisting of 136 BPAs and 136 non-BPAs. Bowman et 

al[48] had not implemented a truly nested cross-validated approach. Implementing a 

nested approach caused a significant reduction in AUC (p = 9.69 × 10−5, DeLong 

test[110]) when migrating from an overfit (BPAD136, AUC = 0.962) to a nested 

(BPAD136+N, AUC = 0.861) approach (Figure 3.4). Therefore, the implementation of 

a nested approach to cross-validation is recommended for RV studies as this enabled 

a better estimation of the performance of classifiers when distinguishing between BPAs 

and non-BPAs. 
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Figure 3.4 Receiver Operating Characteristic (ROC) Curves Assessing the 

Performances Obtained through Different Classifier Modifications: ROC curves 

were generated from support vector machine (SVM) classifiers utilising 10 features 

selected by greedy backward feature elimination in a leave-tenth-out cross-validation 

approach. Averages were plotted across five iterations of classifiers implemented to 

randomly break ties resulting from the greedy backward feature elimination procedure. 

The benchmark to assess these modifications was a non-nested, non-balanced 

training dataset of 136 BPAs and 136 non-BPAs annotated with 122 features from 19 

protein annotation tools (BPAD136)[48]. Subsequent modifications were added in a 

stepwise fashion and included: a nested cross-validation approach (BPAD136+N), 

balanced selection of non-BPAs for predicted subcellular localisation (BPAD136+N+B), 

increased size of training data (BPAD200+N+B), and additional features (525 total) 

derived from an increased number of protein annotation tools (BPAD200+N+B+AF) 
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3.3.3: Correcting a Bias in the Selection of Negative 
Training Data Lowered the Accuracies of SVM Classifiers when 
Predicting BPAs 

Comparing the subcellular localisations (as predicted by PSORTb[57]) of the BPAs 

and non-BPAs in BPAD136 revealed that the negative training data (non-BPAs) had a 

larger proportion of proteins predicted to be located in the cytoplasm (Figure 3.5 A,B). 

This resulted from the random selection of non-BPAs for the negative training data 

from a bacterial genomic context where the most common subcellular localisation is 

cytoplasmic. To correct this bias, a new negative training dataset was generated, 

where each non-BPA was selected to match not only the bacterial species of the 

corresponding BPA, but also its subcellular localisation (Figure 3.5C). Removing this 

bias in subcellular localisation decreased the ability of the SVM classifier to 

discriminate between BPAs and non-BPAs as reflected in a significant reduction in 

AUC (p = of 3.44 × 10−5, DeLong test[110]) when comparing BPAD136+N to 

BPAD136+N+B (Figure 3.4). The performance of the SVM classifier was reduced 

because it could no longer utilise differences in subcellular localisation to discriminate 

BPAs from non-BPAs. This was reflected by the removal of features related to bacterial 

subcellular localisation (e.g. PSORTb and SignalP) from the top 10 features utilised by 

the classifier (data not shown). 
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(A) (B) 

   

(C)   

  

 

Figure 3.5 Pie Charts Comparing the Predicted Subcellular Localisation of the 

Positive and Negative Training Data for BPAD136: Pie charts showing subcellular 

localisation as predicted by PSORTb[57] for the numbers of BPAs and non-BPAs in the 

following subsets of the BPAD136 dataset: (A) Positive training data (i.e. 136 BPAs), 

(B) Negative training data (i.e. 136 non-BPAs), and (C) negative training data balanced 

for subcellular localisation (i.e. 136 non-BPAs).   
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3.3.4: Increasing the Size of the Training Data had a 
Positive Impact on the Ability of SVMs to Classify BPAs 

A literature curation obtained 64 new BPAs. These BPAs expanded the positive 

training data set from 136 to 200 BPAs. The 64 additional BPAs were paired with 64 

non-BPAs balanced for subcellular localisation to form the training data set of the 

classifier BPAD200+N+B. Increasing the size of the training data in this manner led to 

improvements in AUC (Figure 3.4, 0.697 to 0.735), although this change was not 

statistically significant. 

3.3.5: Increasing the Number of Protein Annotation Tools 
Enhanced the Ability of SVMs to Classify BPAs 

 The effect of including new annotation features derived from protein annotation 

tools (e.g., Spaan[67], MHCpan[113], GPS-MBA[114]) on the ability of SVM classifiers to 

distinguish BPAs from non-BPAs was examined. An additional 15 protein annotation 

tools were included in comparison to the previous RV classifier (Bowman et al[48]). The 

total number of 34 protein annotation tools was used to generate the training dataset 

for the BPAD200+N+B+AF classifier, which was comprised of a total of 525 features. 

The incorporation of these additional features resulted in an SVM classifier 

(BPAD200+N+B+AF) with an increased AUC (0.787) when compared to 

BPAD200+N+B (Figure 3.4). Although this increase did not obtain significance, it 

should be noted that when the incorporation of additional BPAs and protein annotation 

tools were considered together (i.e., BPAD136+N+B to BPAD200+N+B+AF) there is a 

significant increase in AUC (p = 2.11 × 10−2, DeLong test[110]). Finally, the top 10 

features selected by greedy backward feature elimination for the discrimination of 

BPAs and non-BPAs in the training data of the BPAD200+N+B+AF classifier, 

contained novel features derived from the additional protein annotation tools. These 

novel features were related to T-cell epitope prediction that had not previously been 

included in ML RV approaches[48, 87] (Table 3.1)  
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3.3.6: Intracellular and Extracellular BPAs Utilised Different 

Features for Classification  

 An unsupervised approach was used to further explore the biological signals in 

the features derived from protein annotation tools used to annotate the 200 BPAs 

curated from the literature record. Utilising a hierarchical clustering approach of 142 

BPAs predicted to have subcellular localisation by PSORTb[57] other than “unknown” 

only revealed clear differences between intracellular and extracellular BPAs when 

clustering the antigens from BPAD200 using all 525 features (Figure 3.6 A). Clustering 

of the BPAs ustilising 200 F score selected (Figure 3.6 B) or 10 greedy backward 

feature selected (Figure 3.6 C) features did not reveal a difference between 

intracellular and extracellular BPAs. It was shown that as the features that best 

characterised the differences between BPAs and non-BPAs (defined on a combined 

subcellular dataset BPAD200) become more focused on the differences between BPAs 

and non-BPAs (Figure 3.6 A to B to C) the signal between intracellular and 

extracellular BPAs was masked. This was expected as both the F score and greedy 

backward feature elimination procedure select features that best distinguish between 

BPAs of all subcellular localisations and non-BPAs of all subcellular localisations. 

Therefore the techniques used to select the features utilised in (Figure 3.6 B and C) 

both select features that generalise across all subcellular localisations but are different 

between BPAs and non-BPAs. The features selected by the feature selection are 

masking the true signal that a difference exists between intracellular and extracellular 

BPAs. Hierarchical clustering using all 525 annotation features, revealed two groups 

that corresponded to predicted subcellular localisation, i.e. intracellular or extracellular 

(Figure 3.6 A). This suggested that intracellular and extracellular BPAs may have 

fundamentally different biological properties that are being described through the data 

curation and annotation approach detailed in this chapter. Therefore, it was 

hypothesized that greater accuracies would be achieved when classifiers were trained 

separately on intracellular and extracellular BPAs. To test this hypothesis, two training 

datasets were constructed from the training data of BPAD200+N+B+AF: intracellular 

BPAD51 (iBPAD51) consisting of 51 BPAs and 51 non-BPAs with subcellular 

localisation predicted as intracellular, and extracellular BPAD91 (eBPAD91) with 91 

BPAs and 90 non-BPAs with subcellular localisation predicted as extracellular. A 

matching non-BPA balanced for subcellular localisation could not be found that met the 

inclusion criteria for ACF35754.1, detailed in methods (Section 3.2.2), thus, the 

negative training data was reduced by one.  

  



 

!78!

(A) 

 

(B) 

 

(C) 

 

Figure 3.6 Hierarchical Clustering of BPAs from the Training Data of the 

BPAD200+N+B+AF Classifier: Hierarchical clustering of 142 BPAs from BPAD200 using all (A) 

525 annotation features, (B) 200 most deterministic features based on F score of BPAs and non-

BPAs in BPAD200+N+B+AF and (C) 10 most deterministic features based on BPAs and non-

BPAs based on greedy backward feature elimination (Table 3.1).  Distances between BPAs 

were calculated using Euclidean metrics and then clustered using the Ward algorithm. Grey 

labels at the branch tips refer to BPAs with subcellular localisation predicted by PSORTb [57] as 

intracellular (i.e., cytoplasm or cytoplasmic membrane) and black labels as extracellular BPAs 

(i.e., extracellular, periplasmic, outer membrane, cell wall). 
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Classifiers trained on iBPAD51 and eBPAD91 had lower AUC values when 

compared to the BPAD200+N+B+AF classifier (Figure 3.7A). The classifiers had been 

trained on datasets of different sizes and this might explain the superior performance of 

BPAD200+N+B+AF, which was the largest dataset. Therefore, classifiers were trained 

on randomly selected subsets of the BPAD200+N+B+AF training data of decreasing 

size (Figure 3.7B). This facilitated a better comparison of intracellular (trained on 

iBPAD51) or extracellular (trained on eBPAD91) classifiers, versus those trained using 

BPAs and non-BPAs from all subcellular localisations (BPAD200+N+B+AF). The 

accuracies derived from iBPAD51 and eBPAD91 were similar to data sets of similar 

size consisting of BPAs from all subcellular localisations (Figure 3.7B). This suggests 

there is no immediate benefit to training separate classifiers to recognise intracellular 

or extracellular BPAs. 
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To fully explore differences between the classifiers trained on intracellular 

(iBPAD51) and extracellular (eBPAD91) BPAs, the top 10 features selected by greedy 

backward feature elimination for each dataset were interrogated (Tables 3.2 and 3.3). 

The classifier trained on eBPAD91 (extracellular classifier) utilised features derived 

from types of protein annotation tools that were not utilised by the classifier trained on 

iBPAD51 (intracellular classifier). The unique features utilised by the classifier 

eBPAD91 were related to the following diverse array of biological phenomena: an 

adhesin predictor SPAAN[67] (which describes if the protein adheres to the surface of 

cells), surface accessibility, and secondary structure predictor NetSurfP[115] (which 

predicts the relative likelihood of sections of each protein being exposed on the surface 

of a protein structure), lipoprotein prediction LipoP[116] (which predicts if a protein will 

(A) (B)  

 

 

Figure 3.7 Plots Comparing the Performance of Intracellular, Extracellular and 

Combined Subcellular Localisation Classifiers: (A) ROC curves obtained from 

SVM classifiers trained to distinguish BPAs from non-BPAs in the following data 

sets: iBPAD51 (dotted line), eBPAD91 (solid grey line) and BPAD200+N+B+AF 

(black line). Curves were drawn by averaging results from five iterations of SVM 

classifiers consisting of 10 features selected by greedy backward feature elimination 

assessed in a LTOCV approach. (B) Plot showing the average percentage accuracy 

(five iterations) of SVM classifiers of 10 features trained on different sized subsets of 

BPAD200+N+B+AF for comparison to SVM classifiers derived from iBPAD51 and 

eBPAD91. 
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interact with lipids), as well as a cleavage site predictor NetChop[117] (which predicts if a 

protein will be cleaved by the human proteasome) (Table 3.2). Features derived from 

protein annotation tools that were unique to the classifier trained on iBPAD51 were 

largely related to immunogenicity and included: a B-cell epitope predictor[118] (predicts 

possible binding sites for B-cells), a T-cell epitope predictor[114] (predicts possible 

binding sites for T-cells) and a calpain cleavage predictor[119] (predicts a specific type of 

protein cleavage dependent on the presence of Ca2+) (Table 3.3). In summary, SVM 

classifiers appear to utilise features from different protein annotation tools to 

discriminate intracellular and extracellular BPAs from their respective non-BPAs. 

 

Rank Feature Protein Annotation Tool Type 
Rank in Intracellular 

Classifier 

1 Pad-value Adhesin 42 

2 DictOGlyc_Ser_Average_Threshold_Length Glycosylation 189 

3 LipoP_SPI_AvgScore Lipoprotein NF 

4 Netsurfp_RSA_Exposed_AverageDiff Surface accesibility and secondary structure NF 

5 PoloPhosphorylation_CorAvg Phosphorylation NF 

6 Net_Chop_CorCount Predicts Cleavage sites NF 

7 DictOGlyc-No_Score_Sites_Length Glycosylation NF 

8 GPS_SUMO_Suolyation_Average_Score 
Small Ubiquitin like modifiers (SUMOs) binding 

site prediction 
9 

9 ProtParam-PercIsoleucine General Annotation 144 

10 ProtParam-PercGlutamicAcid General Annotation NF 

Table 3.2 The top 10 Annotation Features Selected by Greedy Backward Feature Elimination for 

Discrimination of Extracellular BPAs and Non-BPAs: The top 10 annotation features selected by greedy 

backward feature elimination utilised by SVM classifier trained on eBPAD91. Protein annotation tools listed in bold 

represent types of protein annotation not present in the intracellular classifier’s top 10 annotation features, as 

selected by greedy backward feature elimination. NF: not found in the top 200 features of the intracellular classifier 

type that were submitted to the greedy backward feature elimination algorithm following non-specific F-score filtering. 
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Rank Feature Protein Annotation Tool Type 
Rank in Extracellular 

Classifier 

1 Bepipred-Count_Length B-Cell Epitope 149 

2 CCD_av_diff Calpain Cleavage NF 

3 YinOYang-TAverage-Difference1_Length Glycosylation NF 

4 ProtParam-GRAVY General Annotation 35 

5 NetOGlyc-T-Max-I Glycosylation 196 

6 YinOYang-T-Average_Length Glycosylation NF 

7 ProtParam-PercAlanine General Annotation 97 

8 NetPhosL-Y-MaxScore Phosphorylation NF 

9 GPS_SUMO_Sumoylaion_Average_Score 
Small Ubiquitin like modifiers (SUMOs) binding 

site predictor 
8 

10 MBAAgl7_CorAvg T-Cell Epitope predictor NF 

Table 3.3 The top 10 Annotation Features Selected by Greedy Backward Feature Elimination for 

Discrimination of Intracellular BPAs and Non-BPAs: The top 10 annotation features selected by greedy 

backward feature elimination utilised by SVM classifier trained on iBPAD51. Protein annotation tools listed in bold 

represent types of protein annotation not present in the extracellular classifier’s top 10 annotation features, as 

selected by greedy backward feature elimination. NF: not found in the top 200 features of the extracellular classifier 

type that were submitted to the greedy backward feature elimination algorithm following non-specific F-score filtering. 
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3.4: Discussion 

The work detailed in this chapter was consistent with hypothesis 3.1, that BPAs 

curated from the literature, annotated with protein annotation tools contain a signal for 

protective antigens compared to randomly permuted data (Figure 3.3). This chapter 

then made alterations to a previous ML in RV approach (Bowman et al[48], Figure 3.8) 

and proved hypothesis 3.2 to be correct, i.e. that implementing a correctly nested 

LTOCV did lower the accuracies achieved when classifying BPAs and non-BPAs. 

Furthermore an artificial bias within the training data was removed, which further 

lowered the accuracies obtained when classifying BPAs and non-BPAs. However, 

removing the subcellular localisation bias enabled a protective signature to be captured 

(Table 3.1), which was confirmed through permutation analysis (Figure 3.3). Finally 

this chapter proved hypothesis 3.3 to be correct, that increasing the size of the 

training data and the breadth of annotation tools used to describe the training data 

significantly improved the classification accuracies when distinguishing BPAs from non-

BPAs. In summary this chapter has addressed errors and biases in the most recent ML 

RV approach[48] and implemented improvements to this corrected approach resulting in 

a new RV classifier, i.e. BPAD200+N+B+AF (Figure 3.8). 
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Figure 3.8: Schematic Depicting Improvements made to the Previous Reverse 

Vaccinology (RV) Classifier: Side by side comparison of the Bowman et al[48] RV 

classifier and enhancements that were made to this approach[105]. Abbreviations: BPA; 

Bacterial Protective Antigen defined as a bacterial protein that when injected into an 

animal model gave significant protection (p<0.05) following immunisation and 

subsequent challenge with the bacterial pathogen (i.e. bacterial load reduction or 

survival assay), LTOCV; Leave-tenth-out cross-validation, SVM; Support vector 

machine. 

 
 

The proposed advantage gained by utilising ML in RV, specifically, that an 

organism’s entire proteome could be interrogated when predicting BPAs, was achieved 

through this work. Filtering approaches to RV had heavily relied upon removing any 

proteins that are unlikely to be expressed on the surface of a cell or externally. The 

previous ML RV approach (Bowman et al[48]) appeared to corroborate this view in that 

the most informative feature to discriminate between BPAs and non-BPAs was whether 
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a protein is located in the cytoplasm (“PSORTb-ProbCytoplasm (-)”[48]). If the protein 

was cytoplasmic that corresponded heavily with the protein being predicted as a non-

BPA. A classifier that deemed the most deterministic feature between the negative 

training data (non-BPAs) and positive training data (BPAs) as whether the protein is 

predicted to be localised in the cytoplasm would miss already validated BPAs that had 

a predicted subcellular localisation as cytoplasmic (Figure 3.5).  

Through data visualisation it was shown that the negative training data (non-

BPAs) had a much larger proportion of cytoplasmic proteins than the positive training 

data (BPAs) (Figure 3.5 A and B). This was due to the fact that the negative training 

data (non-BPAs) was selected randomly from the proteome of a bacterial species. 

Bacteria have more proteins predicted to have a cytoplasmic subcellular localisation 

than other subcellular compartments. By selecting a protein at random from a bacterial 

proteome there was a higher chance that the protein would have a cytoplasmic 

subcellular localisation than other localisations. The distribution of bacterial protein 

subcellular localisation generated an artificial subcellular localisation bias between the 

positive (BPA) and negative (non-BPA) training data for the previous RV classifier[48]. In 

this approach the subcellular localisation bias was removed and despite significantly 

lowering the accuracies obtained when classifying BPAs and non-BPAs (Figure 3.4), it 

was a crucial step because this enabled the classifier to more cleanly characterise a 

protective signal (Table 3.1). 

The features used by the BPAD200+N+B+AF classifier could be examined to 

determine which features are reflective of a BPA (Table 3.1). The main signal related 

to protective efficacy in the 10 most deterministic features between BPAs and non-

BPAs was the prediction of T-cell epitopes (bioinformatics tools NetMHC[113] and 

MBAAgl7[114]), a greater number of epitopes correlated with protection. In addition, 

annotation related to general biological processes, such as threonine glycosylation, 

phosphorylation, and lipoproteins, were positively linked with being a BPA. These 

processes have been implicated in controlling both the humoral and cellular immune 

responses[120-124]. For example, lipoproteins have been shown to increase the influence 

of major histocompatibility complex-II (MHC-II) activation on T-helper cells (Th cells)[121]. 

This is achieved by lipid rich microdomains co-localising and increasing the MHC-II 

molecules concentration on the cell surface, resulting in more efficient Th cell activation 

while requiring less antigen[121]. Lipoproteins have also been found to be a common 

component of bacterial membranes and often perform adhesin functions to host cells 

and thus are easily exposed to the immune system[125]. This is supported by the use of 

lipoproteins in licensed vaccines and this has been attributed to lipoproteins ability to 

stimulate both innate and adaptive immune responses[125]. Additionally it has also been 
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shown that the glycosylation of proteins can be represented on both the Mhc I and Mhc 

II complexes and thus cause the stimulation of an adaptive immune response[122]. 

Specifically with a focus towards developing subunit vaccines changes to glycosylation 

patterns have also been shown to impact the immunogenicity of subunit vaccines[126]. 

In summary, the classifier BPAD200+N+B+AF is using features that make biological 

sense with regards to predicting the protective qualities of BPAs. Furthermore the top 

ten most deterministic features between BPAs and non-BPAs (Table 3.1) 

demonstrated the value of epitope prediction tools but that other tools predicting 

general protein annotation features should also be considered and continue to be 

incorporated in future enhancements.  

Clustering BPAs in the training data of BPAD200+N+B+AF based on all 

annotation features derived from protein annotation tools revealed that BPAs grouped 

based on extracellular and intracellular predicted subcellular localisation (Figure 3.6 

A). Unexpectedly, separate intracellular (trained on iBPAD51), extracellular (trained on 

eBPAD91), and combined (BPAD200+N+B+AF) classifiers achieved similar accuracies 

(Figure 3.7 B). However, it was theorised that intracellular and extracellular classifiers 

would be selecting different features in order to capture biological differences whilst 

making predictions of BPA or non-BPA. A logical hypothesis was that extracellular 

classifiers utilise features related to B-cell epitopes since this antigen type was surface 

exposed and that intracellular classifiers require features related to T-cell epitopes 

since this antigen type was internalised. However, this was not the case, the 

intracellular classifier utilised features from both B-cell and T-cell epitope predictors but 

the extracellular classifier did not utilise features from any epitope prediction tools 

(Tables 3.2 and 3.3). This could have been due to the difficulty in predicting 

conformational epitopes from amino acid sequences[127]. It is estimated that 90% of B-

cell epitope binding is conformational[20]. To model this information CBTOPE[128] (a 

conformational B-cell epitope predictor) was included, however annotation features 

derived from CBTOPE were not present in the top ten annotation features used in 

classification for any of the classifiers constructed in this chapter. It is possible that with 

more advanced techniques these conformational epitopes will be more accurately 

predicted from amino acid sequences and may become an important part of the 

classification for extracellular BPAs. Instead the extracellular classifier used annotation 

features derived from more general protein annotation tools (e.g., adhesin prediction, 

surface accessibility, and general cleavage site prediction). Although the utility of 

separate intracellular and extracellular classifiers has not been demonstrated in this 

chapter it is clear that these classifier types were modeling different aspects of 
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protective biology and future studies should further explore this as more data becomes 

available.  

There are a number of limitations that may be affecting the ability of SVM 

classifiers to discriminate BPAs from non-BPAs in this chapter. Firstly, it is possible 

that the random selection of non-BPAs for the negative training data may have resulted 

in the mistaken addition of BPAs that simply have not yet been tested and documented 

in the literature record. To help to negate this limitation, non-BPAs with homology to 

BPAs were discarded. Furthermore, permutation analysis demonstrated that the non-

BPAs represent a useful negative training dataset since there was clearly a 

discriminatory signal between BPAs and non-BPAs compared to random noise (Figure 

3.3B).  

Another limitation was that most antigens previously tested and confirmed in the 

literature are predicted to be of unknown (29%) or extracellular (45.5%, eBPAD of 

BPAD200) subcellular localisation. This led to a small training dataset (iBPAD51) when 

building the intracellular classifier (51 BPAs and 51 non-BPAs). Incorporating more 

proteins in the training datasets may have enabled a better description of differences in 

protection derived through intracellular or extracellular proteins.  

It is envisaged that the application of ML approaches to RV will build upon the 

success of filtering approaches that led to the BEXSERO® vaccine. The SVM classifier 

constructed in this study (BPA200+N+B+AF) discriminates BPAs from non-BPAs and 

through comparisons to randomly permuted data clearly demonstrated that a signal for 

protective efficacy has been curated from the literature record. Future studies should 

concentrate on the expansion of the training data through the addition of more BPAs 

and the incorporation of new protein annotation tools since these enhancements were 

shown collectively to significantly increase the accuracy of the classifier (p-value = 2.11 

× 10−2, Delong test). This will increase the accuracy with which BPAs are predicted and 

reduce the number of laboratory assays that need to be performed in order to identify 

novel vaccine candidates. The BPAD200+N+B+AF classifier developed in this chapter 

has enhanced ML approaches to RV and could now be used to predict BPAs for all 

pathogens with a sequenced genome, which could ultimately lead to the development 

of novel subunit vaccines. Chapter 4 aimed to test the enhanced classifier’s 

(BPAD200+N+B+AF) ability to predicted novel BPAs using a metric termed recall that 

determines the biological relevance of RV classifiers. 
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Chapter 4: Evaluating the Ability of Enhanced 

Classifiers for Recalling Known Protective 

Proteins from Bacterial Proteomes 

4.1: Introduction 

Following improvements to machine learning (ML) classifiers utilised in reverse 

vaccinology (RV)[48, 87] (Chapter 3), resulting in the development of an enhanced 

classifier (BPAD200+N+B+AF), this chapter evaluated the biological relevance of the 

newly developed classifier. Chapter 3 of this thesis has enabled more realistic 

predictions of the accuracies obtained by ML RV approaches when separating 

bacterial protective antigens (BPAs) from non-BPAs. A BPA was defined as a bacterial 

protein that when used to immunise an animal model confers significant protection (p < 

0.05) following subsequent challenge with the bacterial pathogen (i.e. bacterial load 

reduction or survival assay)[48]. This approach improved upon an older RV classifier 

(Bowman et al[48]) by implementing a nested cross-validation approach, correcting an 

artificial bias for subcellular localisation, increasing the size of the training data and the 

breadth of features on which the classifier was trained. Having shown that increasing 

the number of features and the breadth of annotation features used by RV classifiers 

significantly increased the area under the curve when classifying BPAs and non-BPAS 

(BPAD136+N+B to BPAD200+N+B+AF, p = 2.11 × 10-2, Delong test, Chapter 3), the 

BPA predictions of the enhanced classifier (BPAD200+N+B+AF) was assessed in a 

biologically relevant metric termed recall[48].  

Recall, as defined by Bowman et al[48], was used to evaluate the biological 

relevance of a classifier. This was achieved by measuring the ability of the classifier to 

recall known BPAs when in a background of the entire bacterial proteome. Recall was 

assessed by using the classifier to rank all proteins in a bacterial proteome for the 

predicted probability of being a BPA. The number of known BPAs above a particular 

cut-off (e.g. top 100 predicted BPAs) for each bacterium was then evaluated using a 

hypergeometric test (i.e. Fishers exact test). This recall statistic established a practical 

confidence in the real world use of ML classifiers for RV. If a classifier was able to 

significantly recall known BPAs, then by inference, other highly ranked proteins may be 

considered as BPAs and thus potential vaccine candidates. 

In this chapter, the recall technique[48] was applied to the bacterial pathogens 

Neisseria meningitidis serogroup B MC58 (MenB) and Mycobacterium tuberculosis 

H37RV (Mtb). MenB was selected because a previous RV approach (Pizza et al[52]) 
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used the genome sequence of this pathogen to identify antigens for the BEXSERO 

vaccine. Proteins incorporated in the BEXSERO vaccine represented antigens that can 

be used as a test dataset to evaluate classifier accuracy. The immunology of MenB 

has also been extensively studied and MenB has robust immune correlates of 

protection[129]. Immune correlates of protection refer to a laboratory assay that is more 

cheaply and rapidly implemented compared to protection assays in animal models, but 

a positive result will likely predict protection in an animal model. For MenB a positive 

result in a serum bactericidal activity (SBA) assay strongly correlates with protection[129, 

130]. The SBA assay was shown to be a robust enough correlate of protection that 

vaccines for N. meningitidis serogroups A,C,W,Y and B have been licensed on data 

accumulated from this assay as opposed to traditional efficacy trials[131]. This chapter 

utilised MenB proteins that had been shown to have positive results in SBA assays to 

generate larger test samples on which the recall metric could be evaluated. 

Evaluating the recall metric in MenB enabled comparisons to RV’s previous 

success story and also to test the classifier’s (BPAD200+N+B+AF) ability to generate 

novel vaccine candidates the recall metric was applied to Mtb. This important pathogen 

is currently seeing a revival in vaccinology research due to the emergence of multiple 

and extensively drug resistant strains[132]. Recall in Mtb was evaluated using BPAs 

curated from a literature search that were present in the training data of the 

BPAD200+N+B+AF classifier. Furthermore, as a negative control, the recall metric was 

also used to evaluate the six predicted BPAs that failed to confer protection in a murine 

model of Mtb challenge in Chapter 2. In summary, this chapter assessed the biological 

relevance of the BPAD200+N+B+AF classifier derived in Chapter 3 of this thesis and 

this was achieved using the recall metric[48] by testing the following hypotheses:  

Hypothesis 4.1: The BPAD200+N+B+AF classifier would be able to significantly 

enrich for known antigens in top 100 predicted BPA lists for bacterial pathogens.  

Hypothesis 4.2: The six proteins assayed for protective efficacy in Chapter 2 

would not be significantly enriched in the top 100 predicted BPAs for Mtb using the 

BPAD200+N+B+AF classifier.  
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4.2: Methods 

4.2.1: Recall 

A recall metric, as described in Bowman et al[48] was implemented. Recall was 

evaluated by using a SVM classifier to output the predicted probability of each protein 

in a pathogenic proteome being a BPA. The proteins in the pathogenic proteome were 

then ranked by their predicted probability of being a BPA. The ability of a classifier to 

recall known antigens within the top 100 predicted BPAs was then assessed using a 

hypergeometric test (Section 4.2.8). 

4.2.2: Proteomes 

Proteomes for Mtb (ID: NC_000962) and MenB (ID: NC_003112) were 

downloaded from the NCBI genome database. The ID (NC_000962 or NC_003112) 

was entered at “https://www.ncbi.nlm.nih.gov/” and then the genome entry was 

selected. From this page the proteome was downloaded using the link “Download 

sequences in FASTA format for genome, proteome”. Files were downloaded as text 

files containing FASTA sequences, Mtb N = 3906 proteins and MenB N = 1943 

proteins.  

4.2.3: Proteome Annotation 

FASTA sequences of each protein in the Mtb and MenB proteomes were 

annotated with protein annotation tools as described in Chapter 3. The proteome of 

MenB was annotated using the top 10 classification features as determined for the 

BPAD200+N+B+AF classifier in Chapter 3, Table 3.1. Mtb was used to explore the 

influence of feature numbers on recall and utilised different feature combinations 

depending on the iteration. In total Mtb was annotated with 24 protein annotation tools 

and the output parsed to provide several annotation features per tool. For a full list of 

annotation tools and the parsed features for the BPAD200+N+B+AF classifier please 

see Appendix J. 

4.2.4: Classification 

The BPAD200+N+B+AF classifier, developed in Chapter 3, was used to make a 

classification prediction for each protein in the Mtb and MenB proteomes.! This 

classification resulted in a SVM-score, which was used to rank the proteins in each 

proteome for their probability of being a BPA. The recall carried out on the MenB 

genome used the top ten classification features determined for the BPAD200+N+B+AF 

classifier as described in Chapter 3, Table 3.1. To compare recall statistics using 
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different numbers of features in Mtb a feature selection step was implemented. This 

was conducted utilising a non-specific filter based on F score to reduce the feature 

numbers to 200. Then greedy backward feature elimination (detailed in Chapter 1, 

Section 1.6.1) was used on the entire training dataset of BPAD200+N+B+AF, before 

training of the classifier. Greedy backward feature elimination had a random step that 

was related to removing features that were deemed to have the same information 

content. When eliminating features one at a time sometimes multiple features were 

deemed to be the least informative to the classification of BPAs and non-BPAs, when 

this was the case one of these features was eliminated at random. To determine the 

effect of breaking these random ties, several iterations of the BPAD200+N+B+AF 

classifier was evaluated using the recall metric. The Mtb proteome was used to explore 

the effect that different numbers of features had on the recall metric due to the large 

number of known BPAs for Mtb (N = 16) within the training dataset of the 

BPAD200+N+B+AF classifier.  

4.2.5: Known Protective Proteins used for Recall 

The five antigens incorporated in the BEXSERO vaccine (Gene ID: NMB2132, 

NMB1030, NMB2091, NMB1870 and NMB1994[21]) were used to assess recall in MenB. 

Antigens for Mtb recall were found through a literature curation and met the definition 

of a BPA (i.e. proteins that led to significant protection (p-value < 0.05) when used to 

immunise an animal model and subsequently challenged with Mtb). A full explanation 

of the literature curation effort is detailed in Chapter 3, Section 3.2.1. These 16 known 

BPAs for Mtb were previously included in the training dataset of the 

BPAD200+N+B+AF classifier and were used to assess recall in this chapter. Finally, as 

a negative control, the ability of the BPAD200+N+B+AF classifier to recall the six 

predicted BPAs (Rv3886c, Rv2190c, Rv2068, Rv1857, Rv1677 and Rv0608c) that 

failed to elicit a protective immune response in Chapter 2 was also evaluated. 

4.2.6: Serum Bactericidal Activity Positive Proteins used 

for Recall 

The SBA assay is a measure of complement-mediated killing via antibody[130]. 

For immune responses to bacterial pathogens like MenB that rely on antibody killing for 

long-term protection this has been shown to be a very robust correlate of protection[130]. 

This chapter utilised a literature curation of SBA assays in the bacterial species of N. 

meningitidis. This curation was conducted by collaborator, Prof. Myron Christodoulides 

for a review article (in preparation[133]). The literature curated SBA assays were carried 

out under slightly differing experimental conditions but an overview of the SBA assays 
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follows. SBA assays were conducted using serum collected from a pre-exposed 

(vaccine) patient or animal. The innate complement activity of the serum sample was 

removed; commonly this was achieved by heat inactivation. The removed complement 

was then replaced by a naïve complement, commonly from rabbit or human. The 

survival of MenB was then assessed after incubation with different dilutions of the 

processed serum by plating the SBA assay reaction mix and counting the colony 

forming units (CFUs) of N. meningitidis. Typically the bactericidal titre of the antigen 

was measured. The bactericidal titre of a SBA assay was measured as the dilution of 

the test serum that resulted in at least a 50% decrease in CFUs per ml of Neisseria 

meningitidis[134]. This chapter utilised proteins from a literature curation undertaken by 

Prof. Christodoulides to form a test dataset (i.e. SBA positive proteins). A protein was 

incorporated into the SBA positive protein dataset if they were deemed to generate 

significant bactericidal activity against Neisseria meningitidis in a SBA assay, and had 

an orthologue in the MenB proteome (Section 4.2.7). A protein was deemed to 

generate significant bactericidal activity in a SBA assay if the CFUs of bacteria were 

significantly reduced (p = < 0.05) when compared to unvaccinated controls. SBA 

positive proteins were used to test the ability of the BPAD200+N+B+AF classifier to 

recall antigenic proteins when in the background of the entire MenB proteome. To 

avoid re-testing antigens from Section 4.2.5, the five antigens included in the 

BEXSERO vaccine were not incorporated into the SBA positive protein dataset. The 

SBA positive protein dataset was comprised of 18 proteins and a list of the SBA 

positive proteins can be seen in Appendix K. A subset of these 18 proteins (N=3) were 

also known BPAs included in the training data of the BPAD200+N+B+AF classifier, the 

15 proteins within the SBA positive proteins dataset, not included in the training data of 

BPAD200+N+B+AF, were also used as an individual test set to evaluate the recall 

metric. 

4.2.7: Orthologue Identification  

Known BPAs and SBA positive proteins were sometimes described in different strains 

of M. tuberculosis and N. meningitidis to those used for the recall metric in this chapter 

(Mtb: H37RV and MenB: MC58). An example of this being the known BPA for 

Mycobacterium tuberculosis: CAA88138.1, which was described as a BPA in the 

Erdman strain[106].! This known BPA was mapped onto the Mtb genome (i.e. 

Mycobacterium tuberculosis H37RV) using blastp[50] and the orthologue YP_177768.1 

with an E value of < 0.001 was used in the recall metric for Mtb in the place of 

CAA88138.1. As described above, literature curated proteins from the same bacterial 

species, but different pathogenic strains, were incorporated when conducting recall. 
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Orthologues were found to match these proteins, in the bacterial strain used for recall 

(i.e. Mtb: H37RV or MenB: MC58), and were identified using blastp. If an orthologue 

was discovered in the recall strain of the bacterial pathogen with a blastp E value < 

0.001 it was included in the recall statistic test datasets (i.e. known BPA or SBA 

positive proteins). 

4.2.8: Recall Statistics 

A Hypergeometric test was implemented in the statistical package R[135] using 

dhyper which tested the enrichment of known BPAs or SBA positive proteins in the top 

100 predicted BPA recall lists. The input parameters to dhyper were x, m, n and k. 

Where x = number of known BPAs recalled in the top 100, m = the number of known 

BPAs in the entire proteome, n = the number of non-BPAs in the entire proteome, and 

k = subsets of the proteome under assessment (i.e. top 100). P-values < 0.05 were 

considered statistically significant.  
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4.3: Results 

4.3.1: The Enhanced Classifier (BPAD200+N+B+AF) was 

able to Significantly Recall Proteins in the BEXSERO Vaccine  

The RV classifier, BPAD200+N+B+AF, was able to generate significantly 

enriched recall lists for the antigens in the subunit vaccine BEXSERO from a 

background of the entire proteome of MenB. Out of the five antigens incorporated in 

the BEXSERO vaccine, the BPAD200+N+B+AF classifier predicted four as BPAs. The 

fifth protein (NP_274866.1, NMB1870) was not predicted as a BPA and was recalled at 

a rank equivalent to 18.12% of the MenB proteome. Overall the classifier 

BPAD200+N+B+AF predicted 18.10% of the MenB proteome as BPAs. It should be 

noted that 18.10% of an organism’s genome being a biologically functioning BPA is 

unlikely but the selection of highly predicted BPAs is predicted to be useful for 

discovering novel BPAs. A hypergeometric test revealed that two out of five antigens 

from the BEXSERO vaccine were significantly recalled in the top 100 predicted BPAs 

(p = 0.022) (Figure 4.1). Therefore, this enhanced RV classifier (BPAD200+N+B+AF) 

was able to significantly recall antigens that had previously been incorporated into the 

BEXSERO vaccine. 
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A. 

!! 

B. 

 

Figure 4.1 Plot Depicting the Ability of the BPAD200+N+B+AF 

Classifier to Recall (A) Antigens Incorporated in the Vaccine 

BEXSERO and (B) Proteins that were Positive in a Serum 

Bactericidal Activity (SBA) Assay: The BPAD200+N+B+AF classifier 

was used to classify each protein within the proteome of MenB as a BPA 

or non-BPA. Proteins were also ranked on the predicted probability of 

being a BPA. The position of each protein in the ranked proteome of 

MenB was expressed as a percentage (N = 1943 proteins).  
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4.3.2: The Enhanced Classifier (BPAD200+N+B+AF) was 

able to Significantly Recall Proteins that were Positive in a 

Serum Bactericidal Assay for MenB 

The ability of the BPAD200+N+B+AF classifier to recall antigenic proteins, not 

incorporated in the BEXSERO vaccine, in the background of the MenB proteome was 

assessed (Figure 4.1 B). Specifically, the ability of the BPAD200+N+B+AF classifier to 

enrich for proteins that have been shown to be positive in a SBA assay against MenB, 

in the top 100 predicted BPAs was assessed (N=18, a list of the SBA positive proteins 

can be seen in Appendix K). The BPAD200+N+B+AF classifier predicted 15 out of the 

18 (83.33%) SBA positive proteins as BPAs. Nine of the 18 curated SBA positive 

proteins were recalled in the top 100 predicted BPAs by the classifier 

BPAD200+N+B+AF, reflecting a significant enrichment (p = 5.61E-08, Hypergeometric 

test). A subset of the SBA positive proteins test dataset (N=3), were known BPAs used 

to train the BPAD200+N+B+AF classifier. To evaluate the enhanced classifier’s 

(BPAD200+N+B+AF) ability to predict novel SBA positive proteins, recall was 

calculated whilst leaving the three SBA positive proteins, known BPAs out of the metric 

(N=15). When evaluating the ability of the BPAD200+N+B+AF classifier to recall the 15 

SBA positive proteins not used to train the BPAD200+N+B+AF classifier, a significant 

enrichment of SBA positive proteins was still achieved. In the top 100 predicted BPAs, 

eight of the 15 were recalled (p = 1.71E-07, Hypergeometric test). The recall results for 

the SBA positive proteins test dataset can be seen in Appendix K. In summary, the 

BPAD200+N+B+AF classifier was able to significantly recall SBA positive proteins in 

the top 100 predicted BPAs regardless of whether the SBA positive proteins tested 

were included in the training data of the classifier or not. 
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4.3.3: The Enhanced Classifier (BPAD200+N+B+AF) was 

able to Significantly Recall Known BPAs in Mtb  

Recall statistics were evaluated in Mtb and it was observed that classifiers 

utilising 10 features exhibited a large amount of variation in the number of known BPAs 

recalled in the top 100 predicted BPA lists across repeated iterations (Table 4.1). 

When evaluating the ability of the BPAD200+N+B+AF classifiers, constructed using 10 

features, to enrich top 100 predicted BPA lists for known BPAs, three out of five 

iterations did obtain significance (p = < 0.05, Hypergeometric test). To test whether 

increasing the number of features generated a more stable recall metric, 

BPAD200+N+B+AF classifiers were trained using 10, 20, 30, and 40 features (Table 

4.1). From five iterations it was not entirely clear whether using a larger number of 

features generated a more stable recall metric. However, classifiers built with 40 

features were able to significantly recall known BPAs across all five iterations. The 

higher performance of 40 feature classifiers was also visible in the majority of plots 

when comparing recall curves to those generated with 10 features (Figure 4.2). This 

suggests that classifiers with 40 features should be used for Mtb recall. 
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Figure 4.2 Plots Depicting the Ability of Classifiers to Recall Known Bacterial 

Protective Antigens (BPAs) from the Mycobacterium tuberculosis (Mtb) 

proteome: BPAD200+N+B+AF classifiers of different numbers of features were 

constructed with greedy backward feature elimination in order to rank proteins in the 

Mtb proteome for their probability of being a BPA. This was repeated over five 

iterations. The position at which known BPAs are recalled in the ranked proteome was 

expressed as a percentage of the entire proteome. Red = classifier utilising 40 

features. Black = classifier utilising 10 features. There are 16 known BPAs of Mtb in 

the training data of BPAD200+N+B+AF.  
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4.3.4: Recall of Previously Tested Laboratory Proteins 

In Chapter 2 of this thesis, six proteins that ranked in the top 100 predicted BPAs 

for Mtb using the RV classifier of Bowman et al[48] were tested in the laboratory and 

shown not to confer protection in a murine challenge model of Mtb infection (Figure 

2.6). The ability of BPAD200+N+B+AF classifiers trained on 40 features to recall these 

six proteins in the top 100 predicted BPAs was evaluated. It was shown that in three of 

the five iterations small subsets of the six proteins were included in the top 100 

predicted BPA lists (iteration 1 N=1, Iteration 2 N=1, Iteration 3 N=2, iteration 4 N=0, 

iteration 5 N=0). Only one of the iterations showed a significant enrichment for the six 

proteins previously tested in the laboratory (Iteration 3, p = 0.0088, Hypergeometric 

test). The majority of the recall iterations show that the enhanced classifier, 

BPAD200+N+B+AF, was not actively selecting the six proteins that failed to induce a 

protective response, this suggested that different BPAs were elevated within the top 

100 predicted BPAs of the BPAD200+N+B+AF classifier when compared to the RV 

classifier developed by Bowman et al[48].  
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4.4: Discussion 

The work in this chapter applied the recall metric[48] to demonstrate the biological 

relevance of the newly developed RV classifier, BPAD200+N+B+AF (Chapter 3). As 

hypothesised (Hypothesis 4.1), the BPAD200+N+B+AF classifier was able to 

successfully recall known antigens in a background of an entire proteome for both 

MenB and Mtb. A significant enrichment was also seen (p = 1.71E-07, Hypergeometric 

test) in the top 100 predicted BPAs for the proteome of MenB when evaluating 15 SBA 

positive proteins that were not present in the training data of the BPAD200+N+B+AF 

classifier. This strongly suggested that the BPAD200+N+B+AF classifier was able to 

identify novel SBA positive proteins in MenB. Since there is such a strong correlation 

between SBA positive proteins and protection (i.e. BPA) in MenB[129] it would be 

hypothesised that the BPAD200+N+B+AF classifier could be used to predict novel 

BPAs for MenB. It is envisaged that novel BPA predictions could ultimately be 

incorporated into a subunit vaccine to boost the efficacy of current MenB vaccines (i.e. 

BEXSERO). It was also shown that the BPAD200+N+B+AF classifier was able to 

significantly (p-value < 0.05) recall known BPAs in the Mtb proteome across five 

iterations when utilising 40 features. These 40 feature classifiers were employed to 

evaluate Hypothesis 4.2. Hypothesis 4.2 of this chapter predicted that the six 

proteins that failed to elicit protection in a mouse model of Mtb in Chapter 2 would not 

be significantly enriched for in the top 100 predicted BPAs for Mtb using the 

BPAD200+N+B+AF classifier. This hypothesis (i.e. Hypothesis 4.2) was not proven, 

when utilising the highest performing (40 feature) classifiers, a significant enrichment 

was obtained in one iteration of recall for the six proteins that failed in protection 

assays in Chapter 2 (Iteration 3, p = 0.0088, Hypergeometric test). However, the 

iteration (i.e. iteration 3) that significantly enriched the top 100 predicted BPAs, for the 

six previously tested BPAs only recalled two out of the six. Furthermore, four out of five 

iterations of BPAD200+N+B+AF classifiers trained on 40 features did not significantly 

enrich for these six proteins within the top 100 predicted BPAs, suggesting that the 

BPAD200+N+B+AF classifier was making different predictions of BPAs when 

compared to the previous RV classifier[48]. This implied that the top 100 predicted BPA 

lists from the BPAD200+N+B+AF classifier represented a novel resource of predicted 

BPAs for Mtb. 

Whilst further exploring the recall metric it was necessary to utilise a greater 

number of features to consistently, significantly enrich known BPAs in the top 100 

predicted BPAs for Mtb (Table 4.1). Across five iterations, when assessed using the 

recall metric, BPAD200+N+B+AF classifiers trained on 40 features appear to out 
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perform BPAD200+N+B+AF classifiers trained on smaller numbers of features (Table 

4.1, Figure 4.2). Despite BPAD200+N+B+AF classifiers trained on 40 features 

significantly recalling known BPAs in Mtb across all five iterations the number of 

recalled known BPAs in the top 100 predicted BPA lists varied. Variation was also seen 

when assesing the recall of BPAD200+N+B+A+F classifiers on six proteins that failed 

to elicit a protective immune response (Chapter 2), where one of five iterations did 

significantly enrich for the six proteins but the other four iterations did not. This 

variation was undesired, as different iterations result in different predicted BPAs and 

different abilities to recall known BPAs. This variation was a major limitation of this 

study. The most probable cause of the variable performance, of the 

BPAD200+N+B+AF classifiers to recall known BPAs displayed in this chapter, is the 

greedy backward feature elimination utilised to select features for each iteration of the 

classifiers. Greedy backward feature elimination included a random step in which, if the 

least informative features had equal discriminatory abilities between the two classes 

(BPA and non-BPA), then one was removed at random. It was suspected that it is a 

difficult and noisy problem to predict BPAs and one feature was not strongly 

discriminatory between the two groups (BPA and non-BPA). If this random step 

incorporated different features then the make up of the final classifiers would have 

been altered. That said the selected features sets often reflect the same biological 

phenomena (i.e. a different feature but generated from the same protein annotation 

tool). This was seen in the fact that across all five iterations of the 40 feature classifiers 

only 24 different protein annotation tools were used to generate the features.  

The simplest way of overcoming the variability associated with known BPA recall 

across iterations would be to fix the feature set. It was important to run different 

iterations and leave-tenth-out cross-validation to gain an understanding of how the 

classifier performed generally on unseen data. However, once the overall ability of the 

BPAD200+N+B+AF classifier to predict known BPAs was ascertained (Chapter 3), one 

could take the feature set derived from the iteration that gave the highest level of recall 

for future BPA predictions. A potentially more sensitive method, to overcome the 

variability associated with BPA recall by fixing a feature set, could be isolating a 

specific feature set for each pathogen. Pathogens have different methods of invading a 

host and evading their immune system. Currently there is not enough data to train 

classifiers for each pathogen. Due to difficulties in training dataset generation an option 

that would potentially need a smaller training dataset size increase would be to utilise a 

leave-one-bacteria-out validation (LOBOV). This would entail the known BPAs and 

non-BPAs of one bacterium being left out of the classifier’s training data and used as a 

test set to see how the classifier performs predicting BPAs in each specific bacterial 
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species. By performing LOBOV the ability of the BPAD200+N+B+AF classifier would 

be assessed on a wide range of bacterial species independently. One could envisage 

that predicting BPAs using ML RV approaches may be more successful in certain 

species over others. An example of a pathogen that would be of interest for a LOBOV 

approach would be Mtb. The pathogen Mtb is an unusual organism, as it is not classed 

as Gram positive or negative. Largely the training data for the BPAD200+N+B+AF 

classifier comprised of Gram positive (32.5%) or negative (57.5%) BPAs as opposed to 

mycobacterial (10%) BPAs. Due to fundamental differences in cell structure it could be 

hypothesised that separate classifiers for each of the types, Gram positive, Gram 

negative or mycobacterial would achieve better accuracies when classifying BPAs and 

non-BPAs. However a signal for Gram stain (i.e. Gram positive, Gram negative or 

mycobacterial) was not found when clustering the BPAs in the dataset BPAD200, 

differences were only revealed between BPAs when labelled by subcellular localisation 

(Figure 3.4). Furthermore, the construction of generalisable classifiers for each Gram 

stain is currently still hampered by the size of the training data. However, a 

generalisable signal of protection is being learnt by the combined Gram stain classifier 

(BPAD200+N+B+AF), which can be shown in Mtb. Despite mycobacterial being the 

smallest Gram stain class present in the training data for the BPAD200+N+B+AF 

classifier, a significantly enriched predicted BPA list was still generated when 

assessing the recall metric in the pathogen Mtb (Table 4.1). Due to Gram stain 

differences not being seen whilst interrogating the classifier’s (BPAD200+N+B+AF) 

training data, it is suggested that in the future as new protein annotation tools are 

incorporated into ML RV approaches, LOBOV should be considered to evaluate how 

generalisable the signal for BPAs are across individual bacterial pathogens. It is 

hypothesised that as new protein annotation tools become available their incorporation 

into ML RV approaches may reveal differences between bacterial species, which have 

not been realised in the current dataset.  

Once species differences can be detected in the ML RV training approaches then 

LOBOV should be conducted to gain an insight into the ability of classifiers to classify 

BPAs from bacterial species not present within the training dataset. The ability of RV 

classifiers to predict BPAs for bacterial species not present in the training data would 

enable the rapid prediction of BPAs for newly emergent pathogens. A scenario could 

be envisaged where a newly emergent pathogen[136], for which a genome sequence 

has been established but no protective antigens have been identified and RV would 

represent a rapid approach to identify BPAs. An example of this occurred in 1976, 

when a bacterial outbreak of unknown origin infected 221 individuals and killed 34 at 

the American Legion convention in Philadelphia[137]. It took six months to identify the 
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pathogenic cause as the bacterium Legionella pneumophila. If a similar situation arose 

today, the pathogen could be sequenced from infected individuals and could be 

exposed to an RV approach to facilitate the prediction of BPAs and subunit vaccine 

formulation. 

Future work to this approach of ML in RV is first suggested to focus on the 

bacterial pathogens (MenB and Mtb) interrogated in this chapter. The subunit vaccine 

BEXSERO has recently been incorporated into the NHS childhood vaccination 

program and is a successful vaccine[138]. However, early predictions of protection are at 

66.1% of vaccinated individuals, which leaves room for improvement[138]. It was shown 

that the BPAD200+N+B+AF classifier would have predicted four out of five proteins in 

the BEXSERO vaccine as protective and therefore is describing a protective signature 

for MenB. With that in mind, it is hypothesised that including additional predicted BPAs 

from the RV classifier tested in this chapter (BPAD200+N+B+AF) could potentially 

boost the protective efficacy of MenB vaccines. The field of Mtb vaccine research is 

again returning to prominence as a method to combat the spread of drug resistant 

strains of Tuberculosis[132], due to the variable protective efficacies witnessed in adults 

by the BCG[27]. It is envisaged that future collaboration with vaccine experts in the field 

of Mtb would lead to potential novel vaccine candidates being discovered. Selected 

predicted BPAs from BPAD200+N+B+AF should undergo animal challenge assays. If 

the predicted BPAs conferred protection then they could be incorporated into a new 

subunit vaccine against Mtb. In summary the work in this chapter has shown that the 

BPAD200+N+B+AF classifier is a biologically focussed classifier, which can be used to 

predict novel BPAs for any bacterial pathogen with a sequenced genome. 
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4.5: Statement of Contribution for Research in this Chapter 

I personally carried out all of the work detailed in this chapter. A list of literature curated 

SBA assays in N. meningitidis was provided by Prof. Myron Christodoulides; proteins 

from this list were used to form the SBA positive protein training dataset for recall.!
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Chapter 5: General Discussion, Limitations and 

Future Work 

5.1: General Discussion 

The research in this thesis followed a logical experimental workflow. First, 

predicted bacterial protective antigens (BPAs) from the reverse vaccinology (RV) 

pipeline of Bowman et al[48] were tested in a mouse model of tuberculosis (TB) infection 

(Chapter 2). When the desired protective efficacy was not achieved, the in silico RV 

approach was revised and errors related to implementing a nested cross validation 

approach and an artificial subcellular localisation bias were removed. After correcting 

for these, improvements in accuracy to this previous RV classifier were achieved 

through increasing the amount of training data on which the classifier was trained and 

the number of protein annotation tools used to annotate the training data 

(BPAD200+N+B+AF, Chapter 3). Finally, the ability of the BPAD200+N+B+AF 

classifier to recall known antigens in the background of entire proteomes was assessed 

for Neisseria meningitidis serogroup B (MenB) and Mycobacterium tuberculosis H37RV 

(Mtb) (Chapter 4). Collectively this thesis represents an advance in the field of RV and 

demonstrated that machine learning (ML) in RV research shows great promise.  

Laboratory testing of six predicted BPAs by the RV classifier of Bowman et al[48] 

was conducted in Chapter 2 of this thesis. It was hypothesised (hypothesis 2.1) that 

the six putative vaccine candidates (VC) selected for animal challenge experiments 

would confer significant levels of protection against infection with Mtb. This was shown 

not to be the case, prompting enhancements to the RV ML classifier as described in 

Chapter 3 of this thesis. It should be noted that despite an artificial bias and over 

estimations of obtained accuracies one of the predictions made by the Bowman et al[48] 

ML RV approach did show some level of protection in an mouse model of Mtb infection 

(Figure 2.7 A). However, this protection was not consistent across repeated animal 

challenge assays (Figure 2.7 B); improvements to the RV classifier were explored to 

address the lack of protection generated in the mouse models of Mtb infection utilised 

in Chapter 2.  

Chapter 3 extended the field of RV and confirmed that a signal for antigenic 

protection can be attained from a literature curation of BPAs (Figure 3.3, hypothesis 

3.1). In this chapter (Chapter 3) it was shown that implementing corrections (i.e. 

nested leave-tenth-out cross-validation (LTOCV) and removing an artificial subcellular 

localisation bias incorporated in the training data) to the previous RV classifier 

(Bowman et al[48]) lowered the estimated accuracies when classifying BPAs and non-
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BPAs. This was shown when testing hypothesis 3.2, that implementing a nested 

LTOCV would reduce the accuracies achieved when classifying BPAs and non-BPAs. 

By implementing a nested LTOCV the overfitting (i.e. higher accuracies) of the 

previous ML RV approach was removed. Furthermore the accuracies obtained when 

predicting BPAs and non-BPAs were lowered through the removal of the subcellular 

localisation bias. This is a vital correction for RV classifiers, by removing this 

subcellular localisation bias, the major advantage of ML approaches to RV (i.e. all 

subcellular localisations are included and therefore BPAs are predicted for all 

subcellular localisations) when compared to traditional filtering approaches can be 

realised.  

Previously, Bowman et al[48] had included an artificial bias that meant the 

negative training dataset had a much greater proportion of cytoplasmic proteins than 

the positive training dataset. This was reflected in the resulting classifier with the most 

deterministic feature between the positive and negative training datasets being whether 

a protein is localised to the cytoplasm (“PSORTb-ProbCytoplasm”)[48]. If the protein 

was predicted to have a cytoplasmic subcellular localisation this strongly correlated 

with the protein being predicted as a non-BPA. In the newly developed approach 

(BPAD200+N+B+AF) this artificial bias was removed by balancing the positive and 

negative training data for subcellular localisation. For every protein in the positive 

training data (BPA) a non-BPA from the same bacterial species, with the same 

predicted subcellular localisation was randomly selected to form the negative training 

data. Classifiers balanced for subcellular localisation were able to better capture a 

protective signature as opposed to a signal for subcellular localisation (Table 3.1). By 

removing this bias it enabled the classifier (BPAD200+N+B+AF) developed in this 

thesis to be utilised to explore the immunological signal for protection. Using greedy 

backward feature elimination on the BPAD200+N+B+AF training dataset revealed the 

top ten features (most deterministic between the positive training data i.e. BPA and the 

negative training data i.e. non-BPA) as deemed by the RV classifier developed in this 

thesis. Expected annotations such as epitope predictors were included in the top 10 

most deterministic features but also features describing more general biological 

phenomena were strongly represented (Table 3.1). The biological annotation in the top 

10 most deterministic features, between the positive and negative training data, 

consisted of glycosylation, phosphorylation and lipoproteins, all of which have been 

implicated in a protective immune response[120, 122, 123]. The mix of biological annotation 

included in the top 10 most deterministic features of BPAD200+N+B+AF highlights the 

complex mechanisms through which protection is conferred and underlines the fact 

that the specific attributes needed to confer protection require further research. 
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Ultimately these features (Table 3.1) suggest that epitope prediction on it’s own is not 

as informative when classifying BPAs and non-BPAs, as combining both general 

biological annotation and epitope predicting annotation. The final hypothesis 

(hypothesis 3.3) tested in Chapter 3 was that increasing the size of the training data 

and increasing the type of annotation tools incorporated when training classifiers to 

predict BPAs from non-BPAs would both individually increase the performance of RV 

classifiers and this was shown to be correct (Figure 3.4). This increase in the ability of 

RV classifiers was attributed to the enhanced BPAD200+N+B+AF classifier learning 

better generalisations, of the differences between BPAs and non-BPAs, from the 

expanded training datasets when compared to the previous RV classifier[48].  

 Chapter 4 tested the biological relevance of the RV classifier, 

BPAD200+N+B+AF, using a metric termed recall[48]. Firstly, hypothesis 4.1, that 

BPAD200+N+B+AF was able to significantly enrich for known antigens in top 100 

predicted BPA lists for bacterial pathogens, was proven correct (Figures 4.1 and 4.2). 

Secondly, hypothesis 4.2 that the six proteins assayed for protective efficacy in 

Chapter 2 would not be significantly enriched in the top 100 predicted BPAs for Mtb 

using the BPAD200+N+B+AF classifier was found not to be correct. A significant 

enrichment of the six proteins assayed for protective efficacy in Chapter 2 was 

obtained in one out of the five iterations of the BPAD200+N+B+AF classifier trained on 

40 features (Iteration 3 p = 0.0088, Hypergeometric test). However, four out of five 

iterations of the BPAD200+N+B+AF classifier trained on 40 features were shown not to 

significantly enrich for the six proteins previously tested in Chapter 2. Furthermore in 

the iteration of recall that significantly enriched for the six proteins previously tested 

Chapter 2, only a small subset (N=2) of the six previously predicted BPAs were 

present. Due to the fact that four out of five iterations of recall did not significantly 

enrich for the six previously predicted BPAs and in the iteration that they were enriched 

for they were only present as a small subset, it was suggested that the 

BPAD200+N+B+AF classifier was making novel BPA predictions. The work carried out 

in Chapter 4 has shown that the BPAD200+N+B+AF classifier developed in this thesis 

(Chapter 3) was able to generate biologically relevant predicted BPA lists that were 

different from the previous RV classifier[48]. 

The organisms selected for testing in Chapter 4 were Mtb and MenB. Mtb is the 

causative agent of TB and was selected for targeting with an RV approach as a 

response to a renewed focus on finding novel prophylactic vaccines for TB. This 

renewed focus on vaccine research in Mtb has primarily been a reaction to the rising 

levels of drug resistant Mtb infection, which is rapidly becoming resistant to common 

antibiotics[24, 132]. Currently the leading vaccine for preventing TB is the BCG[27] and 
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despite approximately four billion doses having been administered, rates of drug 

resistant TB infections are on the rise[132]. The BCG vaccine is good at protecting 

infants from all forms and adults from extrapulmonary forms of TB[27]. However the 

primary infective site of TB is the lungs (pulmonary) and therefore to prevent the 

continued spread of drug resistant strains a new prophylactic vaccine for Mtb is 

required. Chapter 4 confirmed the ability of the BPAD200+N+B+AF classifier to recall 

known BPAs in Mtb and by extension ML in RV’s ability to predict putative BPAs for 

protection studies against Mtb infection. The BPAs predicted in the proteome of Mtb by 

the BPAD200+N+B+AF classifier should be explored with experts in the field of TB 

vaccine research to facilitate the discovery of novel Mtb VCs. MenB was selected to 

enable a comparison to the success story attributed to RV (i.e. BEXSERO). Vaccines 

for the serogroups of A, C, W, and Y had been formulated using capsular 

polysaccharides but in serogroup B this was not possible. It was the application of early 

RV filtering approaches[52] that led to the identification of novel antigens that were 

incorporated into the subunit vaccine BEXSERO. Despite only recently being 

incorporated into the NHS childhood vaccination regime (2015) coverage of the 

BEXSERO vaccine is predicted at 66.1% protection[138]. This is a large improvement 

compared to no vaccine but also could still be improved upon. In Chapter 4 of this 

thesis it was shown that the BPAD200+N+B+AF classifier was able to characterise a 

signal for protection in MenB (Figure 4.1). Specifically the BPAD200+N+B+AF 

classifier predicted four out of five of the antigens incorporated in the vaccine 

BEXSERO as BPAs. It is envisaged that utilising the predictions of BPAs made by the 

BPAD200+N+B+AF classifier, novel BPAs for MenB could be discovered. Novel BPAs 

that are confirmed through laboratory trials could then be incorporated into subunit 

vaccines of the future to boost the efficacy of vaccines against MenB. In summary, 

future collaborations with experts in the field of vaccinology should be pursued to 

interrogate BPAs predicted by the BPAD200+N+B+AF classifier in animal protection 

assays in order to develop novel subunit vaccines in the future. 
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5.2: Limitations And Future Work 

Despite improving the application of ML to RV there were a number of limitations 

associated with the work in this thesis. General limitations that were present throughout 

this thesis and the approach to using ML in RV relate to the collection of the training 

data. Despite an intensive literature curation effort the training data for the 

BPAD200+N+B+AF classifier was composed of 200 positive training examples (BPAs) 

and 200 negative training examples (non-BPAs). This was not a large dataset in terms 

of traditional ML studies. It should be highlighted however, that this was the largest 

dataset of BPAs ever assembled, improving upon the previous datasets[48, 87]. This 

increase in training data was shown to increase accuracies obtained when classifying 

BPAs and non-BPAs (Figure 3.4). 

Due to the limited ability of curating BPAs, the training data of 

BPAD200+N+B+AF did not contain examples of BPAs from all bacterial species. The 

ability of the classifier to make predictions of BPAs for bacterial species not present in 

the training data was a potential limitation. Future work to evaluate the ability of the RV 

classifier to predict BPAs for bacterial species not included in the training data of 

BPAD200+N+B+AF could be focussed around a new metric termed leave-one-bacteria 

out-validation (LOBOV). LOBOV would be conducted by removing a bacterial species 

incorporated in the training data of a classifier. Separate classifiers with each bacterial 

species in turn left out and used as a test dataset (detailed in Chapter 4) would then 

be used to evaluate the classifier’s ability to predict BPAs in bacterial species not 

present in the training data of the classifier. It would be hypothesised that the 

BPAD200+N+B+AF classifier would perform consistently across all bacterial species, 

as the training data represents multiple classes of bacterial pathogens and is 

comprised of Gram negative, Gram positive and mycobacterial species. The smallest 

class of the training data is mycobacterial and it has been shown that the 

BPAD200+N+B+AF classifier can recall known BPAs in Mtb (Table 4.1 and Figure 4.2) 

despite being trained on a dataset mostly comprised of Gram positive and negative 

proteins. This suggests that the BPAD200+N+B+AF classifier has learnt a 

generalisable signature for bacterial protection (i.e. BPA) and this can be extrapolated 

across different classes (i.e. Gram negative, Gram positive or mycobacterial) of 

bacterial pathogens. 

Another limitation is that the training dataset may contain noise. This noise would 

have been incorporated during the selection of negative training data and also by the 

bioinformatics annotation tools that were used to generate features from the training 

data. First, non-BPAs were selected randomly from the same proteome as each known 
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BPA and this may have resulted in the mistaken addition of BPAs into the negative 

training data (non-BPAs) that have not yet been tested and confirmed in the literature 

record. To mitigate this, non-BPAs with homology to BPAs were discarded. A second 

source of noise could be the way in which the training features were generated. 

Proteins (BPAs and non-BPAs) in the training dataset were annotated with protein 

annotation tools. The annotation tools utilised to generate features did not achieve 100% 

accuracies for the biological characteristic that they were describing. For example, 

when predicting subcellular localisation using PSORTb, 26.5% of the BPAD136 

positive training data was identified as having an unknown subcellular localisation 

(Figure 3.5). Therefore, some noise was introduced into the features that were used to 

train the RV classifiers in this thesis. Despite both known potential sources of noise (i.e. 

negative training data generation and the bioinformatics annotation tools used to 

generate features) included when training RV classifiers, it has been shown that SVM 

classifiers are able to overcome this noise (Figure 3.3). Figure 3.1 demonstrated that 

the methods used to generate the training data and the annotation features, were able 

to capture a biological signal for protection in contrast to the result of randomly 

permuting the labels BPA and non-BPA (i.e., classifiers were not capturing randomly 

generated noise). In summary, the ML RV techniques detailed in this thesis may have 

included potential noise within the training datasets; despite this classifiers trained 

using these datasets (BPAD200+N+B+AF) have been shown to capture a biological 

signal for protection and not noise (Figure 3.3). Future studies should focus on 

maximising this signal to noise ratio. 

Future work to improve the ability of the BPAD200+N+B+AF classifier to capture 

a protective signature should be related to increasing the size of the training dataset 

(number of BPAs and non-BPAs) as well as increasing the range of protein annotation 

tools (used for feature generation). It was shown that by increasing the size of the 

training data and the breadth of protein annotation tools used to annotate the training 

data an increase in the accuracies obtained when classifying BPAs and Non-BPAs was 

achieved (Figure 3.4). 

A final limitation in this thesis was the attempted laboratory validation of predicted 

BPAs from the RV classifier of Bowman et al[48] (Chapter 2), which were shown not to 

be protective in mouse models of Mtb infection. Revisions to the RV classifier 

developed by Bowman et al[48] detailed in Chapter 3 were made to address the failure 

of the attempted laboratory validation for predicted BPAs. It would be informative to 

utilise predictions from the newly developed BPAD200+N+B+AF classifier (Chapter 3) 

for laboratory testing and this should be a goal for future work. Despite not being able 

to test novel BPAs predicted by the BPAD200+N+B+AF classifier in animal challenge 
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assays, when using the recall metric this newly developed classifier was shown to have 

biological relevance (Chapter 4).  

Additional future work could explore the impact of utilising different ML algorithms 

in RV approaches. The SVM algorithm was chosen in this application of ML to RV, as it 

was a widely applicable algorithm that achieved high accuracies even on noisy data 

and is still widely used in bioinformatics research[48, 72, 78]. An example of an ML 

algorithm that could match or surpass the accuracies achieved by SVMs is neural 

networks (NN) and more specifically deep NNs[72]. Deep NNs are an algorithm that is 

loosely based on a model of the human brain that is made up of layers known as input 

layer, a hidden layer and an output layer. The hidden layer applies functions and 

weights to each input (i.e. features from the input layer) this hidden layer is then utilised 

to generate an output. Deep NNs have several hidden layers that enable the algorithm 

to learn abstract and complex interactions by applying transformations to already 

transformed features, thus achieving high classification accuracies[73]. This additional 

work is beyond the scope of this thesis due to the biological focus and the desire to 

create a practical RV classifier that offers the ability to be utilised to generate novel 

VCs for laboratory validation.  

To expand the impact of this work and disseminate the predictions from the 

newly developed RV classifier, BPAD200+N+B+AF, future work would be to use the 

classifier to predict BPAs (i.e. putative VCs) for every bacterial pathogen with a 

sequenced genome. BPA predictions could then be dispersed throughout the vaccine 

community via a database named the bacterial protective antigen database (BPADb). 

By making BPA predictions available it will enable the rapid laboratory validation of 

predicted BPAs from this RV classifier. If successful, this platform will have the 

potential to significantly speed up vaccine discovery that would lead to the creation of 

many more subunit vaccines against bacterial infectious diseases. It is envisaged that 

laboratory testing of predicted BPAs would be reported to this database. This would 

enable novel laboratory confirmed BPAs to be incorporated into the training data of 

BPAD200+N+B+AF, further improving the classifier’s ability to distinguish between 

BPAs and non-BPAs. In summary, despite the limitations above, I have shown that a 

signal describing biological protection can be captured through a literature curation for 

BPAs. I have improved upon previous ML RV approaches and the ability of 

BPAD200+N+B+AF to identify novel potential BPAs has been shown through the recall 

metric.  

 

!  
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5.3: Concluding Remarks 

The major finding of this thesis was that the newly developed 

BPAD200+N+B+AF classifier was able to capture a signal for biological protection 

through a literature curation of BPAs (Figure 3.3). After proving that a signal for 

protection could be curated from a literature search, Chapter 3 implemented 

enhancements to the previous ML RV approach[48]. First, by correcting the assessment 

of classifier performance by implementing a nested LTOCV and then removing an 

artificial subcellular localisation bias from the training data. After these initial 

corrections, an increase in the performance of the classifier when distinguishing BPAs 

and non-BPAs was achieved by increasing the amount of training data and increasing 

the type of protein annotation tools used to generate features from the training data 

(Figure 3.4). 

The final chapter of this thesis (Chapter 4) established the biological relevance of 

the BPAD200+N+B+AF classifier and future work should first focus on testing novel 

predicted BPAs in laboratory assays. Upon successful confirmation of protection for 

predicted BPAs they can be incorporated in the formulation of new subunit vaccines. In 

conclusion, with the success of the BEXSERO (MenB) vaccine RV has emerged as a 

wing of vaccinology in its own right. I believe, that as our understanding grows of what 

makes a protein a BPA, based on the features selected by ML classifiers, that RV will 

routinely lead to the development of subunit vaccines that reduce mortality and 

morbidity in human populations. 

!
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ber of predicted phosphorylation 

sites, norm
alized for protein length 

 
 

N
etP

hosY
east 1.0 

W
eb 

P
hosphorylation 

23 M
axS

core 
M

axim
um

 score of predicted 
phosphorylation sites 

http://w
w

w
.cbs.dtu.dk/s

ervices/N
etP

hosY
east/ 

[5] 

 
 

 
 

24 A
vgS

core 
A

verage score of all predicted 
phosphorylation sites 

 
 

 
 

 
 

25 C
ount 

N
um

ber of predicted phosphorylation 
sites 

 
 

 
 

 
 

26 C
orrC

ount 
N

um
ber of predicted phosphorylation 

sites, norm
alized for protein length 

 
 

P
rotP

aram
 

B
iopytho

n 1.53 
Local 

B
asic P

rotein S
tats 

27 Isoelectric 
P

redicted isoelectric point 
http://ca.expasy.org/to
ols/protparam

.htm
l 

[6] 

 
 

 
 

28 Instability 
P

redicted instability index 
 

 
 

 
 

 
29 M

olecW
eight 

P
redicted M

olecular W
eight 

 
 

 
 

 
 

30 A
rom

aticity 
P

redicted protein arom
aticity 

 
 

 
 

 
 

31 G
R

A
V

Y
 

P
redicted grand average of 

hydropathy 
 

 

 
 

 
 

32 P
ercTurn 

P
ercent of protein predicted to be a 

part of a turn 
 

 

 
 

 
 

33 P
ercH

elix 
P

ercent of protein predicted to be a 
part of an alpha-helix 

 
 

 
 

 
 

34 P
ercS

heet 
P

ercent of protein predicted to be a 
part of a beta-sheet 

 
 

 
 

 
 

35 P
ercA

lanine 
P

ercentage of residues that are 
alanine 

 
 

 
 

 
 

36 P
ercC

ysteine 
P

ercentage of residues that are 
cysteine 

 
 

 
 

 
 

37 P
ercA

sparticA
cid 

P
ercentage of residues that are 

aspartic acid 
 

 

 
 

 
 

38 P
ercG

lutam
icA

cid 
P

ercentage of residues that are 
glutam

ic acid 
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39 P
ercP

henylalanine 
P

ercentage of residues that are 
phenylalanine 

 
 

 
 

 
 

40 P
ercG

lycine 
P

ercentage of residues that are 
glycine 

 
 

 
 

 
 

41 P
ercH

istidine 
P

ercentage of residues that are 
histidine 

 
 

 
 

 
 

42 P
ercIsoleucine 

P
ercentage of residues that are 

isoleucine 
 

 

 
 

 
 

43 P
ercLysine 

P
ercentage of residues that are 

lysine 
 

 

 
 

 
 

44 P
ercLeucine 

P
ercentage of residues that are 

leucine 
 

 

 
 

 
 

45 P
ercM

ethionine 
P

ercentage of residues that are 
m

ethionine 
 

 

 
 

 
 

46 P
ercA

sparagine 
P

ercentage of residues that are 
asparagine 

 
 

 
 

 
 

47 P
ercP

roline 
P

ercentage of residues that are 
proline 

 
 

 
 

 
 

48 P
ercG

lutam
ine 

P
ercentage of residues that are 

glutam
ine 

 
 

 
 

 
 

49 P
ercA

rginine 
P

ercentage of residues that are 
arginine 

 
 

 
 

 
 

50 P
ercS

erine 
P

ercentage of residues that are 
serine 

 
 

 
 

 
 

51 P
ercThreonine 

P
ercentage of residues that are 

threonine 
 

 

 
 

 
 

52 P
ercV

aline 
P

ercentage of residues that are 
valine 

 
 

 
 

 
 

53 P
ercTryptophan 

P
ercentage of residues that are 

tryptophan 
 

 

 
 

 
 

54 P
ercTyrosine 

P
ercentage of residues that are 

tyrosine 
 

 

N
etP

hosK
 

3.1 
Local 

P
hosphorylation 

55 M
axS

core 
M

axim
um

 score of predicted 
phosphorylation sites 

http://w
w

w
.cbs.dtu.dk/s

ervices/N
etP

hosK
/ 

[7] 

 
 

 
 

56 A
vgS

core 
A

verage score of all predicted 
phosphorylation sites 

 
 

 
 

 
 

57 C
ount 

N
um

ber of predicted phosphorylation 
sites 

 
 

 
 

 
 

58 C
orrC

ount 
N

um
ber of predicted phosphorylation 

sites, norm
alized for protein length 
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Y
inO

Y
ang 

1.2 
Local 

O
-Linked B

eta-N
-

acetylglucosam
ine 

59 M
axR

ank 
M

axim
um

 rank of predicted glc-n-ac 
sites 

http://w
w

w
.cbs.dtu.dk/s

ervices/Y
inO

Y
ang/ 

[8] 

 
 

 
 

60 A
vgR

ank 
A

verage rank of predicted glc-n-ac 
sites 

 
 

 
 

 
 

61 M
axS

core 
M

axim
um

 score of predicted glc-n-ac 
sites 

 
 

 
 

 
 

62 A
vgS

core 
A

verage score of predicted glc-n-ac 
sites 

 
 

 
 

 
 

63 M
axD

iff1 
M

axim
um

 difference betw
een the 

prediction scores and the low
er 

threshold 

 
 

 
 

 
 

64 A
vgD

iff1 
A

verage difference betw
een the 

prediction scores and the low
er 

threshold 

 
 

 
 

 
 

65 M
axD

iff2 
M

axim
um

 difference betw
een the 

prediction scores and the higher 
threshold 

 
 

 
 

 
 

66 A
vgD

iff2 
A

verage difference betw
een the 

prediction scores and the higher 
threshold 

 
 

 
 

 
 

67 C
ount 

N
um

ber of predicted glc-n-ac sites 
 

 
 

 
 

 
68 C

orrC
ount 

N
um

ber of predicted glc-n-ac sites, 
norm

alized for protein length 
 

 

LipoP
 

1.0a 
Local 

Lipoproteins &
 

S
ignal P

eptides 
69 P

eptidaseI 
P

redicted non-lipoprotein signal 
peptide cleavage site 

http://w
w

w
.cbs.dtu.dk/s

ervices/LipoP
/ 

[9] 

 
 

 
 

70 P
eptidaseII 

P
redicted lipoprotein signal peptide 

cleavage site 
 

 

 
 

 
 

71 Transm
em

brane 
P

redicted n-term
inal transm

em
brane 

helix 
 

 

 
 

 
 

72 C
ytoplasm

ic 
N

o predicted signal protein - 
predicted localization to the 
cytoplasm

 

 
 

 
 

 
 

73 S
core 

S
core associated w

ith the above 
prediction 

 
 

TargetP
 

1.1 
Local 

S
ubcellular 

Localization 
74 S

ecretS
core 

S
core for secretory pathw

ay signal 
peptide 

http://w
w

w
.cbs.dtu.dk/s

ervices/TargetP
/ 

[10] 

 
 

 
 

75 M
itoS

core 
S

core for the m
itochondrial targeting 

peptide 
 

 

 
 

 
 

76 O
therS

core 
S

core for non-secretory, non-
m

itochondrial localization 
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77 S
ecretFlag 

1 if the program
 predicts that the 

protein is secreted, otherw
ise 0 

 
 

 
 

 
 

78 M
itoFlag 

1 if the program
 predicts that the 

protein is localized to the 
m

itochondria, otherw
ise 0 

 
 

 
 

 
 

79 O
therFlag 

1 if the program
 predicts that the 

protein is neither secreted nor 
m

itochondrial, otherw
ise 0 

 
 

N
etN

G
lyc 

1.0a 
Local 

N
-G

lycosylation 
80 M

axS
core 

M
axim

um
 score of predicted N

-
glycosylation sites 

http://w
w

w
.cbs.dtu.dk/s

ervices/N
etN

G
lyc/ 

[11] 

 
 

 
 

81 A
vgS

core 
A

verage score of predicted N
-

glycosylation sites 
 

 

 
 

 
 

82 M
axR

ank 
M

axim
um

 rank of predicted N
-

glycosylation sites 
 

 

 
 

 
 

83 A
vgR

ank 
A

verage rank of predicted N
-

glycosylation sites 
 

 

 
 

 
 

84 C
ount 

N
um

ber of predicted N
-glycosylation 

sites 
 

 

N
etO

G
lyc 

3.1d 
Local 

O
-G

lycosylation 
85 M

axG
forT 

M
axim

um
 generalized score for all 

predicted threonine O
-glycosylation 

sites 

http://w
w

w
.cbs.dtu.dk/s

ervices/N
etO

G
lyc/ 

[12] 

 
 

 
 

86 M
axIforT 

M
axim

um
 isolated score for all 

predicted threonine O
-glycosylation 

sites 

 
 

 
 

 
 

87 A
vgG

forT 
A

verage generalized score for all 
predicted threonine O

-glycosylation 
sites 

 
 

 
 

 
 

88 A
vgIforT 

A
verages isolated score for all 

predicted threonine O
-glycosylation 

sites 

 
 

 
 

 
 

89 H
itsForT 

N
um

ber of predicted threonine O
-

glycosylation sites 
 

 

 
 

 
 

90 C
ountForT 

N
um

ber of possible threonine O
-

glycosylation sites 
 

 

 
 

 
 

91 M
axG

forS
 

M
axim

um
 generalized score for all 

predicted serine O
-glycosylation sites  

 

 
 

 
 

92 M
axIforS

 
M

axim
um

 isolated score for all 
predicted serine O

-glycosylation sites  
 

 
 

 
 

93 A
vgG

forS
 

A
verage generalized score for all 

predicted serine O
-glycosylation sites  

 

 
 

 
 

94 A
vgIforS

 
A

verages isolated score for all 
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-glycosylation sites 

 
 

 
 

95 H
itsForS

 
N

um
ber of predicted serine O

-
glycosylation sites 

 
 

 
 

 
 

96 C
ountForS

 
N

um
ber of possible serine O

-
glycosylation sites 

 
 

P
roP

 
1.0c 

Local 
C

leavage S
ites 

97 Furin-M
axS

core 
M

axim
um

 score of predicted 
cleavage sites (furin m

ode) 
http://w

w
w

.cbs.dtu.dk/s
ervices/P

roP
/ 

[13] 

 
 

 
 

98 Furin-A
vgS

core 
A

verage score of predicted cleavage 
sites (furin m

ode) 
 

 

 
 

 
 

99 Furin-C
ount 

N
um

ber of predicted cleavage sites 
(furin m

ode) 
 

 

 
 

 
 

100 G
eneral-M

axS
core M

axim
um

 score of predicted 
cleavage sites (general m

ode) 
 

 

 
 

 
 

101 G
eneral-A

vgS
core 

A
verage score of predicted cleavage 

sites (general m
ode) 

 
 

 
 

 
 

102 G
eneral-C

ount 
N

um
ber of predicted cleavage sites 

(general m
ode) 

 
 

B
epiP

red 
1.0b 

Local 
Linear B

-cell 
epitopes 

103 M
axS

core 
M

axim
um

 score of predicted linear 
epitopes 

http://w
w

w
.cbs.dtu.dk/s

ervices/B
epiP

red/ 
[14] 

 
 

 
 

104 A
vgS

core 
A

verage score of predicted linear 
epitopes 

 
 

 
 

 
 

105 P
ercE

pitope 
P

ercent of the protein predicted to be 
a part of a linear epitope 

 
 

TM
H

M
M

 
2.0c 

Local 
Transm

em
brane 

H
elices 

106 TransA
A

count 
N

um
ber of am

ino acids predicted to 
be a part of trans-m

em
brane helices 

http://w
w

w
.cbs.dtu.dk/s

ervices/TM
H

M
M

/ 
[15] 

 
 

 
 

107 S
tartA

A
count 

N
um

ber of am
ino acids, from

 the first 
60, predicted to be a part of trans-
m

em
brane helices 

 
 

 
 

 
 

108 C
ount 

N
um

ber of predicted trans-
m

em
brane helices 

 
 

H
M

M
TO

P
 

2.1 
Local 

Transm
em

brane 
H

elices 
109 C

ount 
N

um
ber of predicted trans-

m
em

brane helices 
http://w

w
w

.enzim
.hu/h

m
m

top/ 
[16] 

P
S

O
R

Tb 
3.0 

Local 
S

ubcellular 
Localization 

110 P
robC

ytoM
em

 
P

redicted probability that the protein 
is localized to the cytoplasm

ic 
m

em
brane 

http://w
w

w
.psort.org/ps

ortb/ 
[17] 

 
 

 
 

111 P
robC

ytoplasm
 

P
redicted probability that the protein 

is localized to the cytoplasm
 

 
 

 
 

 
 

112 P
robP

eriplasm
 

P
redicted probability that the protein 

is localized to the periplasm
 

 
 

 
 

 
 

113 P
robE

xtracell 
P

redicted probability that the protein 
is exported from

 the cell 
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114 P
robO

uterM
em

 
P

redicted probability that the protein 
is localized to the outer m

em
brane 

 
 

 
 

 
 

115 P
robC

ellW
all 

P
redicted probability that the protein 

is localized to the cell w
all 

 
 

S
ignalP

 
3.0 

Local 
S

ignal P
eptides 

116 N
N

-M
axC

 
N

eural netw
ork predicted m

axim
um

 
cleavage site score 

http://w
w

w
.cbs.dtu.dk/s

ervices/S
ignalP

/ 
[18] 

 
 

 
 

117 N
N

-M
axY

 
C

om
bined neural netw

ork predicted 
scores for cleavage and signal 
peptide probability 

 
 

 
 

 
 

118 N
N

-M
axS

 
N

eural netw
ork predicted m

axim
um

 
signal peptide site score 

 
 

 
 

 
 

119 N
N

-A
vgS

 
A

verage of all signal peptide scores 
n-term

inal to the predicted cleavage 
site 

 
 

 
 

 
 

120 D
-score 

A
verage value of A

vgS
 and M

axY
, 

know
n to provide better 

discrim
ination than M

axY
 alone 

 
 

 
 

 
 

121 H
M

M
-M

axC
 

A
lternate H

M
M

-based prediction of 
the likelihood of protein cleavage 

 
 

 
 

 
 

122 H
M

M
-P

robS
 

H
M

M
-based predicted probability of 

w
hether the protein has a signal 

peptide or not 

 
 

1In m
any cases several different annotation features could be derived from

 a single protein annotation tool and these are indicated in the table.  
A

bbreviations: A
F N

o., refers to a num
ber assigned to each of the 122 annotation features derived from

 the 19 protein annotation tools; A
F nam

e, 
refers to the label given to the annotation feature; R

ef., refers to the literature reference for the protein annotation tool listed below
; N

A
, not 

applicable.  S
hading is for display purposes only. 
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Title 

 
Generation of TB latency vaccine candidates 

Protocol 
Ref. DGM015 Version 01 Date 06/04/11 

Associated protocols,  Risk and 
GM Assessments  

Author(s) Robert Watson 
 
 
Primer Design 
 
View the gene sequence from Tuberculist - http://tuberculist.epfl.ch/ 
  
Copy the gene sequence into EditSeq. Copy the gene name into the information box 
below the sequence and save the file as the gene name 
 
Remove the first 3 base pairs and the last 3 base pairs from the DNA sequence (start 
and stop codons) 
 
The forward attB sequence = 5’GGGGACAAGTTTGTACAAAAAAGCAGGCT 3’. 
Add the attB forward sequence AS IT APPEARS IN THE FILEto the start of the gene 
..\..\EXP RESULTS\Latency vaccines\attB Latency gene sequences\attB forward 
sequence to add to gene.seq 
 
The reverse attB sequence = 5’ GGGGACCACTTTGTACAAGAAAGCTGGGT 3’  
Add the attB reverse sequence AS IT APPEARS IN THE FILE to the end of the gene 
..\..\EXP RESULTS\Latency vaccines\attB Latency gene sequences\attB reverse 
sequence to add to gene.seq 
 
Save this file as gene name with attB. Also add this information to the information 
panel below the sequence. 
 
Highlight the attB sequence at the start of the gene plus approx 18bp = 47 bp total. 
Copy this sequence into the database below. 
 
For the reverse sequence the process is slightly more complicated. Highlight the attB 
sequence at the end of the gene plus approx 18bp = 47 bp total. Select Goodies from 
the EditSeq menu. Then choose ‘ Reverse Complement’. This will output the 
sequence in the correct orientation for ordering as a primer. Copy this sequence into 
the database below. 
 
All designed primers are to be entered into the TB Latency vaccines database.xls 
document 
(\\Camr_dc2\new shares\research\Public Sector\Project 196\Experiment 
results\Planners and Databases\TB Latency vaccines database.xls) 
 
 
The attB sequence will not anneal to the TB genome, but will be incorporated into the 
sequence during extension. These attB sites allow simple insertion of the insert into a 
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108109
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pDONR Zeo plasmid, using the gateway transfer system. For more information see 
www.invitrogen.com 
 
Primers resuspended in Sigma water (W-4502) to achieve a 100µM stock solution. 
The volume to add will be provided with the supporting information for your primers. 
From this prepare a 5 µM working stock set for use in the PCR reactions as follows; 
add 10 µl of primer 1 to a tube. Add 10 µl of primer 2 to this tube. Add 180 µl of 
Sigma water (W-4502) to give a 5 µM primer set. 
 
PCR conditions 
 
 
Reaction: 
1µl of 100 ng/ul H37Rv genomic DNA 
0.4µl of AccuPrime Pfx (1U) 
5µl of AccuPrim Pfx Buffer 
6µl of attB 5 µM Forward+Reverse primer set 
36.6 µl DNA/RNase free water 
 
Thermocycler settings: 
 

1. 95°C 5 minutes 
2. 95°C 30 seconds 
3. 62°C 30 seconds 
4. 68°C 1 or 2 or 3+ minutes (1 minute per KB) 
5. Repeat steps 2-4 30 times 
6. 68°C 7 minutes 
7. 4°C hold 

 
Run 8µl of PCR product on 1% TAE agarose gel to check size and purity. 
 
Purify successful reactions before use in BP Gateway reactions, by either gel 
extraction if products appear dirty (QIAgen cat# 28706) or PCR clean up if products 
appear clean (QIAgen cat# 28106).  
 
Quantify the product after purification using the Nanodrop. 
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\\Camr_dc2\new shares\research\Public Sector\Project 196\Experiment 
protocols\Methods 

 
Title 

 

BHK-21 Transfection Protocol for the Evaluation of pVAX DNA 
Vaccines  

Protocol 
Ref. DGM18 Version 01 Date 21 Jul 11 

Associated protocols,  Risk and 
GM Assessments 

RA4999, RA5014, RD/0610-416 & 
amendments. 

Author(s) S Daminabo 
 
 
• Seed a 24 well plate BHK-21, a Syrian Hamster kidney cell line (ATCC; cat# CCL-10). Incubate 

until near confluence, roughly 85-90%. 
 
Reagent Preparation  

 
• Ensure test DNA has been diluted to 0.08 mg/ml in Optimem. 

 
32ul (vaccine dna stock) + 168ul (optimem) will give concentration of 0.08mg/ml 
 

• Dilute DNA in OptiMEM (Invitrogen; 31985-062) and mix gently as follow in eppendorf: 
 

Per well:  
o 22.5 ul OptiMEM + 2.5 ul DNA = 0.2 µg in 25 µl.  
o 21.25 ul OptiMEM + 3.75 ul DNA = 0.3 µg in 25 µl. 
o 20 ul OptiMEM + 5 ul DNA = 0.4 µg in 25 µl.  

 
For multiple wells, multiply the above. 
 
• Dilute  lipofectamine (Invitrogen; 18324-012) in OptiMEM as follows in eppendorf: 

 
Per well 
 

o 20 ul OptiMEM + 5 ul lipofectamine  
 
 

• Mix the lipofectamine/Optimem and DNA/Optimem to form complex, pipette up and down slowly 
to mix, incubate for 15-45 minutes at room temperature (NB complexes are stable at RT for 6 hrs). 

 

• Add 0.15 ml Optimem to the lipofectamine/DNA complex. Mix gently. 
 
Transfection Stage 

 
NB: Do not add antibiotics to the media during transfection. The cell wall is deliberately made 
permeable to allow uptake of plasmids into the cell. Adding antibiotics causes cellular toxicity as they 
accumulate in the cell in a higher than tolerable concentration, causing cell death. 
 

• Remove growth media from cells  
• Wash cells with PBS 1ml per well (2x) 
• Add 0.2 ml of MEM + l-glut per well  
• Add 0.2ml of complex and mix gently (by swirling or rocking plate) 
•  Incubate for 5 hours at 37°C in 5% CO2 incubator. 

 
 

• After 5 hours, remove media and replace with MEM, 2% FCS (Sigma; F9665) L-glut and 1x 
Penicillin/Streptomycin.  

• Incubate plate at 37°C in 5% CO2 for 2 days. 
 

 
Harvesting and plating 

• Harvest the cells after 2 days and then perform western blot 
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Title 

 
SDS PAGE and Western Blotting 

Protocol 
Ref. DGM07 Version 04 Date 14-Jun 2012 

Associated protocols,  Risk and 
GM Assessments RA4999 RA5014 

Author(s) Sofiri Daminabo  
 

 
Reagents and Materials 

 
Item Supplier Code Notes 

NuPAGE MES SDS Running 
Buffer (20x) 

Invitrogen NP0002 500 ml bottles (add 1 
to 10 L carbuoy and 

fill with dH20.) 
NuPAGE 4-12% Bis-Tris gel 
10 well 

Invitrogen NP0321BOX  

NuPAGE 4-12% Bis-Tris gel 
15 well 

Invitrogen NP0323BOX  

SeeBlue Plus 2 Invitrogen LC5952  
Magic Mark XP Invitrogen LC5602  
NuPAGE Transfer Buffer (20x) Invitrogen NP0006-1  
Methanol Stores   
Filter paper Whatman FIL2081  
Hybond ECL nitrocellulose GE healthcare RPN203D  
PBS/Tween 20 0.01M (10x) Cellgro 99-847-CM  
Skimmed milk powder Becton Dickinson DIFCO232100  
Mouse anti-V5 AbD Serotec MCA1360  
Anti-mouse IgG HRP conjugated Sigma A9044  
ECL Plus / 
Pierce ECL 

GE healthcare/ 
Thermo scientific 

RPN2132/ 
32109 

 

Developer Invitrogrn  P7042-1GA  
Fixer       Invitrogen P7167-1GA  

 
! Transfer Buffer 

• 200ml Methanol 
• 50ml NUpage Transfer buffer 
• 750ml distilled water – to make 1 litre, enough for one blot unit / tank 

 
! PBST Wash buffer  

• PBS/Tween 10x dilution 
 

! Blocking buffer (5% Marvel solution) 
• 5g non-fat milk powder 
• 95ml PBST wash buffer 

 
SDS-PAGE 
Denature sample at 70 degrees for 10 mins 
Remove pre-cast gel from packaging.  Remove comb and white sticker from the gel. 
Set up in gel tank.  Pour in running buffer ensuring that the central reservoir has formed a tight seal. 
Prepare and run protein gel with protein ladder and Magicmark standards (10ul), 200 V, > 45 mins. 
Select NuPage Gel 
Add 20ul of sample to well of choice. 5ul of Magic mark and See blue to the same well.. 
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Page 2 of 2 

Western Blot 
Create Sponge – filter paper – gel – nitrocellulose membrane – filter paper – sponge sandwich, keeping 
everything moist with transfer buffer. 
Place into transfer cassette so that current runs from gel to membrane (black to red). 
Select NuPage Blot 
Run at 40 V for > 60 min. (If Voltage does not reach 40V when transfer begins, go back and increase the 
current measured in Ampere) 
 
Immuno-detection 
Block in 3-5% milk in PBS/Tween (0.05%) for > 45 mins. 
Incubate with primary antibody diluted in block for > 45 mins.>1:3000 – 8.4ul (Antibody) 24.9916ml (blocking 
buffer). 
 
Wash 3 times, > 5 mins per wash, in PBS/Tween (0.05%). 
Incubate with secondary antibody diluted in block for > 45 mins.> 1:3000 – 8.4ul (Antibody) 24.9916ml 
(blocking buffer). 
Wash as above. 
 
ECL detection 
Mix ECL reagents A and B in a 40:1 ratio, e.g. 2ml solution A and 50µl solution B per membrane 
Apply ECL as per manufacturer instructions. 
Expose to film in dark room, place in developer, fixer and then water or use Bio-Rad scanner  
 
 
Lysis Buffer Preparation (Based on volume required per plate) 
 
NuPage sample reducing agent (10 x) (Invitrogen Cat: NP0009) 
 
NuPage LDS sample buffer (4 x) (Invitrogen Cat: NP0007 
 
Distilled water 
 
Making Developer and Fixer  
 
Fixer = 800 ml (Water) + 200 ml (Fixer replenisher) 
 
Developer = 780 ml (Water) + 220 ml (Developer) 
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H
aem

ophilus 
influenzae 

N
egative 

47 
om

p1 (fadL) 
O

uter m
em

brane protein P
1 (O

m
p1) 

N
P

_438563 
[34] 

48 
H

ap 
H

ap adhesin, autotransporter protein 
A

A
N

37923 
[35] 

49 
om

p26 
O

uter m
em

brane protein 26 (O
m

p26) 
A

A
D

23967 
[36] 

50 
TbpB

 
transferrin binding protein B

 
Y

P
_248692 

[37] 
51 

om
pP

5 
O

uter m
em

brane protein P
5 (O

m
pP

5) 
Y

P
_248824 

[38] 
52 

om
pP

6 (pal) 
O

uter m
em

brane protein P
6 (O

m
pP

6) 
N

P
_438542 

[39] 

H
elicobacter pylori 

N
egative 

53 
cagA

 
C

ytotoxin-associated antigen (C
agA

) 
A

A
F17598 

[40] 
54 

gltA
 

C
itrate synthase 

N
P

_222744 
[41] 

55 
katA

 
C

atalase (K
atA

) 
A

A
C

16068 
[42] 

56 
napA

 
N

eutrophil activatin protein (N
apA

) 
A

A
A

67928 
[43] 

57 
ureB

 
U

rease B
 

P
69996 

[44] 
58 

V
acA

 
V

acuolating cytotoxin (V
acA

) 
A

A
D

04290 
[40] 

59 
groE

S
 

H
eat shock protein 10 kD

a  
( H

sp10, G
roE

S
) 

N
P

_222731 
[45] 

Legionella 
pneum

ophila 
N

egative 

60 
groE

L 
H

eat shock protein 60 kD
a (H

sp60, G
roE

L) 
Y

P
_094724 

[46] 
61 

O
m

pS
 

O
uter m

em
brane protein S

 (O
m

pS
) 

Y
P

_096954 
[46] 

62 
M

S
P

 
M

ajor secretory protein (M
S

P
), zinc 

m
etalloprotease 

Y
P

_094511 
[47] 

Listeria 
m

onocytogenes  
P

ositive 
63 

hly 
Listeriolysin O

 (H
ly) 

ZP
_05300691 

[48] 

M
ycobacterium

 
avium

 
M

ycobacterium
 

64 
groE

L 
H

eat shock protein 65 kD
a (H

sp65, G
roE

L) 
A

A
A

99670 
[49] 

M
ycobacterium

 bovis 
M

ycobacterium
 

65 
fbpA

 
Fibronectin binding protein antigen (FbpA

, A
g85A

)  
C

A
A

37206 
[49] 

M
ycobacterium

 
tuberculosis  

M
ycobacterium

 

66 
esxA

 
E

arly secretory antigenic target, 6 kD
a (E

S
A

T-6) 
Y

P
_178023  

[50] 

67 
fbpB

 
Fibronectin binding protein antigen B

 (FbpB
, 

A
g85B

) 
N

P
_216402 

[51] 

68 
hbha 

H
eparin-binding hem

agglutinin (H
bha) 

N
P

_214989 
[52] 

130

Table 3.1 Appendix

Appendix C, 3.1 (A)Appendix H (A)

131

140

152



69 
katG

 
C

atalase-peroxidase-peroxynitritase T (K
atG

) 
N

P
_216424 

[50] 
70 

m
pt63 

Im
m

unogenic protein (M
P

T63) 
N

P
_216442 

[53] 
71 

m
pt64 

Im
m

unogenic protein (M
P

T-64) 
N

P
_216496 

[54] 
72 

m
pt83 

Im
m

unogenic protein (M
P

T-83) 
N

P
_217389 

[53] 
73 

P
stS

-2 
P

hosphate-binding protein 2 (P
stS

-2) 
C

A
A

88137 
[55] 

74 
P

stS
-3 

P
hosphate-binding protein 3 (P

stS
-3) 

C
A

A
88138 

[55] 
75 

esxB
 

C
ulture filtrate antigen 10 kD

a (C
FP

10, E
sxB

) 
N

P
_218391 

[56] 

76 
fbpD

 
Fibronectin binding protein, M

P
T51/M

P
B

51 antigen 
85 com

plex C
 

Y
P

_002646905 
[57] 

77 
hspX

 
H

eat shock protein (hspX
), 14 kD

a antigen 
N

P
_216547 

[58] 
78 

M
tb8.4 

low
 m

olecular w
eight T-cell antigen (M

tb8.4) 
N

P
_215690 

[59] 
79 

P
P

E
14 

P
P

E
 fam

ily protein (P
P

E
14, M

tb41) 
N

P
_854596 

[60] 
80 

P
P

E
44 

P
P

E
 fam

ily protein (P
P

E
44) 

C
A

E
55522 

[61] 
81 

P
stS

-1 
P

hosphate-binding protein 1 (P
stS

-1) 
Y

P
_177770 

[62] 

N
eisseria 

m
eningitidis 

N
egative 

82 
LolB

 (N
M

B
0873) 

O
uter m

em
brane lipoprotein (LolB

) 
N

P
_273914 

[63] 
83 

N
M

B
1163 

P
utative periplasm

ic lipoprotein 
N

P
_274190 

[63] 
84 

nspA
 

O
uter-m

em
brane associated protein (N

spA
) 

A
A

C
36000 

[64] 
85 

tbpA
 

transferrin binding protein (TbpA
) 

A
A

F81744 
[65] 

86 
tbpB

 
transferrin binding protein (TbpB

) 
A

A
F81745 

[65] 
O

rientia 
tsutsugam

ushi 
N

egative 
87 

B
or56 

56-kD
a type-specific antigen (B

or56) 
Y

P
_001248444 

[66] 

P
asteurella 

m
ultocida 

N
egative 

88 
ToxA

 
P

asteurella m
ultocida toxin (P

M
T, ToxA

) 
P

17452 
[67] 

P
orphyrom

onas 
gingivalis 

N
egative 

89 
P

G
32 

Im
m

unoreactive 43kD
 antigen (P

G
32) 

A
A

D
51067 

[68] 
90 

P
G

33 
Im

m
unoreactive 42kD

 antigen (P
G

33) 
A

A
D

51068 
[68] 

P
seudom

onas 
aeruginosa  

N
egative 

 

91 
pcrV

 
Type III secretion protein (P

crV
) 

N
P

_250397 
[69] 

92 
toxA

m
ut 2 

E
xotoxin A

 m
utant 

A
A

B
59097 

[70] 
93 

oprF 
O

uter m
em

brane porin F (O
prF) 

N
P

_250468 
[71] 

R
ickettsia rickettsii 

N
egative 

94 
om

pA
 

O
uter m

em
brane protein A

 (O
m

pA
) 

A
A

A
26380 

[72] 
95 

om
pB

 
O

uter m
em

brane protein B
 (O

m
pB

) 
C

A
A

34403 
[73] 

S
alm

onella paratyphi 
A

 
N

egative 
96 

h1a 
Flagellum

 antigen phase 1a (H
1a) 

A
C

F35754 
[74] 

97 
spaO

 
S

urface presentation of antigens protein (S
paO

) 
A

C
F35726 

[74] 

S
alm

onella 
typhim

urium
 

N
egative 

98 
iicA

 
putative cytoplasm

ic protein (IicA
) 

A
A

D
45811 

[75] 
99 

m
ig-14 

putative transcriptional activator (M
ig-14) 

A
A

G
31201 

[75] 
100 

sseB
 

S
ecretion system

 effector B
 (S

seB
) 

A
A

C
28879 

[75] 

S
taphylococcus 

aureus 
P

ositive 

101 
cna 

C
ollagen adhesin (C

na) 
A

A
A

20874 
[76] 

102 
m

ecA
 

P
enicillin-binding protein 2 prim

e (M
ecA

) 
N

P
_373278 

[77] 
103 

sea
m

ut  
E

nterotoxin type A
 

1D
Y

Q
_A

  
[78] 

104 
clfa 

C
lum

ping factor A
 (C

lfa), Fibrinogen binding 
protein 

Y
P

_001331790 
[79] 

S
treptococcus 

agalactiae 
P

ositive 
105 

ap1-2a  
A

ncillary protein 1 of pilus 2a (A
P

1-2a) 
N

P
_688406 

[80] 
106 

ap1-2b 
A

ncillary protein 1 of pilus 2b, subtilase (A
P

1-2b) 
ZP

_00785378 
[80] 
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107 
bp-2a 

B
ackbone protein of pilus 2a (B

P
-2a) 

N
P

_688405 
[80] 

108 
bp-2b 

B
ackbone protein of pilus 2b (B

p-2b) 
ZP

_00785385 
[80] 

109 
G

B
S

104 
(S

A
G

0649) 
C

ell w
all surface anchor fam

ily protein, putative  
(S

A
G

0649) 
A

A
M

99541 
[81] 

110 
G

B
S

80 
(S

A
G

0645) 
C

ell w
all surface anchor fam

ily protein (S
A

G
0645) 

A
A

M
99537 

[81] 

111 
sip 

S
urface im

m
unogenic protein (S

ip) 
A

A
G

18474 
[82] 

S
treptococcus 

pneum
oniae 

P
ositive 

112 
cbpA

 
choline binding protein A

 (C
bpA

) 
Y

P
_817402 

[83] 
113 

pdb 
pneum

olysin (P
db) 

Y
P

_817150 
[83] 

114 
prtA

 (S
p130) 

S
erine protease (P

rtA
) 

N
P

_345151 
[84] 

115 
psaA

 
P

neum
ococcal surface adhesin A

 (P
saA

) 
A

A
B

09440 
[85] 

116 
pspA

 
P

neum
ococcal surface protein A

 (P
spA

) 
N

P
_357715 

[85] 

117 
lytB

 (S
p46) 

P
utative endo-beta-N

-acetylglucosam
inidase 

(LytB
) 

A
A

K
19156 

[84] 

118 
P

hpA
 

histidine triad protein (P
hpA

) 
A

A
K

26629 
[86] 

119 
phtA

 (S
p36) 

histidine triad protein (P
htA

) 
A

A
K

19155 
[84] 

120 
lytC

 (S
p91) 

1,4-beta-N
-acetylm

uram
idase (LytC

) 
Y

P
_873931 

[84] 
121 

pvaA
 (S

p101) 
P

neum
ococcal vaccine antigen A

 (pvaA
), P

X
O

2-08 
A

A
K

19158 
[84] 

S
treptococcus 

pyogenes  
P

ositive 
122 

fbpA
 

Fibronectin-binding protein (FbpA
) 

B
A

B
62098 

[87] 
123 

sfb 
Fibronectin-binding protein 1 (S

fb) 
C

A
A

48133 
[88] 

S
treptococcus suis 

serotype 2 
P

ositive 

124 
esa 

E
piderm

al surface antigen (E
sa) 

A
B

P
90422 

[89] 
125 

ibp 
IgG

-binding protein (Ibp) 
A

B
P

89196 
[89] 

126 
rfeA

 
R

TX
 fam

ily exoprotein A
 (R

feA
) 

A
B

P
89149 

[89] 
127 

sly 
S

uilysin (S
ly) 

A
B

P
90369 

[89] 

Treponem
a pallidum

 
N

egative 

128 
glpQ

 
G

lycerophosphodiester phosphodiesterase (G
lpQ

) 
N

P
_218698 

[90] 
129 

tm
pB

 
treponem

al m
em

brane protein (Tm
pB

) 
N

P
_219206 

[91] 
130 

tprK
 

tpr protein K
 (tprK

) 
A

A
F45140 

[92] 
131 

tpF1 
B

acterioferrin antigen (TpF1) 
N

P
_219475 

[93] 

Y
ersinia pestis 

N
egative 

132 
caf1 

C
apsular antigen F1 (C

af1) 
N

P
_395430 

[94] 
133 

lcrV
 

low
 calcium

 response protein V
 (LcrV

), V
 antigen 

N
P

_395165 
[95] 

134 
yapF (Y

P
O

0606) 
A

utotransporter protein (Y
apF) 

Y
P

_002345675 
[96] 

135 
ybtQ

 (Y
P

O
1914) 

Inner m
em

brane A
B

C
-transporter (Y

btQ
) 

Y
P

_002346905 
[96] 

136 
yscF 

N
eedle com

plex m
ajor subunit (yscF) 

N
P

_857727 
[97] 

D
escriptive inform

ation for the 136 bacterial protective antigens (B
P

A
s) in the B

P
A

 training data set . G
ene, refers to the gene sym

bol for the antigen; 
G

ram
, refers to G

ram
 stain and is not applicable (N

A
) for antigens from

 M
. tuberculosis; A

cc. N
o., refers to the accession num

ber at the N
ational 

C
enter of B

iotechnology Inform
ation (N

C
B

I, http://w
w

w
.ncbi.nlm

.nih.gov/) for the protein sequence of the antigen; R
ef., refers to the literature 

reference from
 w

hich descriptive inform
ation w

as curated for each bacterial protective antigen (B
P

A
).  S

hading is for display purposes only. 
2S

equence data for toxA
m

ut  w
as obtained by m

anually editing the sequence data for the toxA
 protein of P

. aeruginosa (strain P
A

103) available from
 

G
enB

ank w
ith accession num

ber A
A

B
59097.  R

esidue 553 w
as deleted and the histidine at residue 426 w

as replaced w
ith lysine to convert toxA

 to 
toxA

m
ut  as described by D

enis-M
ize et al. [70]. 
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>CAA37206.1
MQLVDRVRGAVTGMSRRLVVGAVGAALVSGLVGAVGGTATAGAFSRPGLPVEYLQVPSPSMGRDIKVQFQ
SGGANSPALYLLDGLRAQDDFSGWDINTPAFEWYDQSGLSVVMPVGGQSSFYSDWYQPACGKAGCQTYKW
ETFLTSELPGWLQANRHVKPTGSAVVGLSMAASSALTLAIYHPQQFVYAGAMSGLLDPSQAMGPTLIGLA
MGDAGGYKASDMWGPKEDPAWQRNDPLLNVGKLIANNTRVWVYCGNGKPSDLGGNNLPAKFLEGFVRTSN
IKFQDAYNAGGGHNGVFDFPDSGTHSWEYWGAQLNAMKPDLQRALGATPNTGPAPQGA

>CAA34403.1
MAQKPNFLKKLISAGLVTASTATIVASFAGSAMGAAIQQNRTTNGAATTVDGAGFDQTAAPANVGVALNA
VITANANNGINFNTPAGSFNGLLLNTANNLAVTVSEDTTLGFITNVVHNAHSFNLTLNAGKTLTITGQGV
TNAQAAATKNAQNVVVQFNNGAAIDNNDLKGVGRIDFGAPASTLVFNLANPTTQKAPLILGDNAVIANGV
NGTLNVTNGFIQVSNKSFATVKAINIADGQGIIFNTDANNANTLNLQAGGTTINFTGTDGTGRLVLLSKH
AAATNFNITGSLGGNLKGVIEFNTVAVDGQLTANAGAANAVIGTNNGAGRAAGFVVSVDNGKVATIDGQV
YAKDMVIQSANATGQVNFRHIVDVGADGTTAFKTAASKVTITQDSNFGNTDFGNLAAQIKVPNAITLTGN
FTGDASNPGNTAGVITFDANGTLESASADANVAVTNNITAIEASGAGVVQLSGTHAAELRLGNAGSIFKL
ADGTVINGKVNQTALVGGALAAGTITLDGSATITGDIGNAGGAAALQRITLANDAKKTLTLGGANIIGAG
GGTIDLQANGGTIKLTSTQNNIVVDFDLAIATDQTGVVDASSLTNAQTLTINGKIGTIGANNKTLGQFNI
GSSKTVLSNGNVAINELVIGNDGAVQFAHDTYLITRTTNAAGQGKIIFNPVVNNGTTLAAGTNLGSATNP
LAEINFGSKGVNVDTVLNVGEGVNLYATNITTTDANVGSFVFNAGGTNIVSGTVGGQQGNKFNTVALENG
TTVKFLGNATFNGNTTIAANSTLQIGGNYTADCVASADGTGIVEFVNTGPITVTLNKQAAPVNALKQITV
SGPGNVVINEIGNAGNHHGAVTDTIAFENSSLGAVVFLPRGIPFNDAGNTMPLTIKSTVGNKTAKGFDVP
SVVVLGVDSVIADGQVIGDQNNIVGLGLGSDNGIIVNATTLYAGISTLNNNQGTVTLSGGVPNTPGTVYG
LGTGIGASKFKQVTFTTDYNNLGNIIATNATINDGVTVTTGGIAGIGFDGKITLGSVNGNGNVRFADGIL
SNSTSMIGTTKANNGTVTYLGNAFVGNIGDSDTPVASVRFTGSDSGAGLQGNIYSQVIDFGTYNLGIVNS
NIILGGGTTAINGKIDLVTNTLTFASGTSTWGNNTSIETTLTLANGNIGHIVILEGAQVNTTTTGTTTIK
VQDNANANFSGTQTYTLIQGGARFNGTLGSPNFAVTGSNRFVNYSLIRAANQDYVITRTNNAENVVTNDI
ANSPFGGAPGVDQNVTTFVNATNTAAYNNLLLAKNSANSANFVGAIVTDTSAAITNVQLDLAKDIQAQLG
NRLGALRYLGTPETAEMAGPEAGAISAAVAAGDEAIDNVAYGIWAKPFYTDAHQSKKGGLAGYKAKTTGV
VIGLDTLANDNLMIGAAIGITKTDIKHQDYKKGDKTDVNGFSFSLYGAQQLVKNFFAQGSAIFSLNQVKN
KSQRYFFDANGNMSKQIAAGHYDNMTFGGNLTVGYDYNAMQGVLVTPMAGLSYLKSSDENYKETGTTVAN
KQVNSKFSDRTDLIVGAKVAGSTMNITDLAVYPEVHAFVVHKVTGRLSKTQSVLDGQVTPCINQPDRTTK
TSYNLGLSASIRSDAKMEYGIGYDAQISSKYTAHQGTLKVRVNF

>P27053.3
MGFRINTNVAALNAKANSDLNSRALDQSLSRLSSGLRINSAADDASGMAIADSLRSQANTLGQAISNGND
ALGILQTADKAMDEQLKILDTIKTKATQAAQDGQSLKTRTMLQADINRLMEELDNIANTTSFNGKQLLSG
GFTNQEFQIGSSSNQTIKASIGATQSSKIGVTRFETGSQSFSSGTVGLTIKNYNGIEDFKFDSVVISTSV
GTGLGALAEEINRNADKTGIRATFDVKSVGAYAIKAGNTSQDFAINGVVIGKVDYSDGDENGSLISAINA
VKDTTGVQASKDENGKLVLTSADGRGIKITGSIGVGAGILHTENYGRLSLVKNDGRDINISGTGLSAIGM
GATDMISQSSVSLRESKGQISAANADAMGFNAYNGGGAKQIIFASSIAGFMSQAGSGFSAGSGFSVGSGK
NYSAILSASIQIVSSARSISSTYVVSTGSGFSAGSGNSQFAALRISTVSAHDETAGVTTLKGAMAVMDIA
ETAITNLDQIRADIGSVQNQITSTINNITVTQVNVKSAESQIRDVDFASESANYSKANILAQSGSYAMAQ
ANSSQQNVLRLLQ

>P20626.1
MREKVVLFLSIIMAIMLPVGNAAAAPVVHNPASTANRPVYAIAHRVLTTQGVDDAVAIGANALEIDFTAW
GRGWWADHDGIPTSAGATAEEIFKHIADKRKQGANITFTWLDIKNPDYCRDARSVCSINALRDLARKYLE
PAGVRVLYGFYKTVGGPAWKTITADLRDGEAVALSGPAQDVLNDFARSENKILTKQKIADYGYYNINQGF
GNCYGTWNRTCDQLRKSSEARDQGKLGKTFGWTIATGQDARVNDLLGKANVDGLIFGFKITHFYRHADTE
NSFKAIKRWVDKHSATHHLATVADNPW

>AAA23236.1
MKKNLVKSLAIASAVISIYSIVNIVSPTNVIAKEISNTVSNEMSKKASYDNVDTLIEKGRYNTKYNYLKR
MEKYYPNAMAYFDKVTINPQGNDFYINNPKVELDGEPSMNYLEDVYVGKALLTNDTQQEQKLKSQSFTCK

NTDTVTATTTHTVGTSIQATAKFTVPFNETGVSLTTSYSFANTNTNTNSKEITHNVPSQDILVPANTTVE
VIAYLKKVNVKGNVKLVGQVSGSEWGEIPSYLAFPRDGYKFSLSDTVNKSDLNEDGTININGKGNYSAVM
GDELIVKVRNLNTNNVQEYVIPVDKKEKSNDSNIVKYRSLYIKAPGIK

>AAB59097.1
MHLIPHWIPLVASLGLLAGGSSASAAEEAFDLWNECAKACVLDLKDGVRSSRMSVDPAIADTNGQGVLHY
SMVLEGGNDALKLAIDNALSITSDGLTIRLEGGVEPNKPVRYSYTRQARGSWSLNWLVPIGHEKPSNIKV
FIHELNAGNQLSHMSPIYTIEMGDELLAKLARDATFFVRAHESNEMQPTLAISHAGVSVVMAQTQPRREK
RWSEWASGKVLCLLDPLDGVYNYLAQQRCNLDDTWEGKIYRVLAGNPAKHDLDIKPTVISHRLHFPEGGS
LAALTAHQACHLPLETFTRHRQPRGWEQLEQCGYPVQRLVALYLAARLSWNQVDQVIRNALASPGSGGDL
GEAIREQPEQARLALTLAAAESERFVRQGTGNDEAGAANADVVSLTCPVAAGECAGPADSGDALLERNYP
TGAEFLGDGGDVSFSTRGTQNWTVERLLQAHRQLEERGYVFVGYHGTFLEAAQSIVFGGVRARSQDLDAI
WRGFYIAGDPALAYGYAQDQEPDARGRIRNGALLRVYVPRSSLPGFYRTSLTLAAPEAAGEVERLIGHPL
PLRLDAITGPEEEGGRLETILGWPLAERTVVIPSAIPTDPRNVGGDLDPSSIPDKEQAISALPDYASQPG
KPPREDLK

>AAA26380.1
MANISPKLFKKAIQQGLKAALFTTSTAAIMLSSSGALGVATGVIATNNNAAFSNNVGNNNWNEITAAGVA
NGTPAGGPQNNWAFTYGGDYTVTADAADRIIKAINVAGTTPVGLNITQNTVVGSIITKGNLLPVTLNAGK
SLTLNGNNAVAANHGFDAPADNYTGLGNIALGGANAALIIQSAAPSKITLAGNIDGGGIITVKTDAAING
TIGNTNALATVNVGAGTATLGGAVIKATTTKLTNAASVLTLTNANAVLTGAIDNTTGGDNVGVLNLNGAL
SQVTGDIGNTNSLATISVGAGTATLGGAVIKATTTKLTDAASAVKFTNPVVVTGAIDNTGNANNGIVTFT
GNSTVTGNVGNTNALATVNVGAGLLQVQGGVVKANTINLTDNASAVTFTNPVVVTGAIDNTGNANNGIVT
FTGNSTVTGDIGNTNALATVNVGAGTATLGGAVIKATTTKLTNAASVLTLTNANAVLTGAIDNTTGGDNV
GVLNLNGALSQVTGNIGNTNSLATISVGAGTATLGGAVIKATTTKLTDAASAVKFTNPVVVTGAIDNTGN
ANNGIVTFTGNSTVTGDIGNTNSLATISVGAGTATLGGAVIKATTTKLTNAASVLTLTNANAVLTGAIDN
TTGGDNVGVLNLNGALSQVTGDIGNTNSLATISVGAGTATLGGAVIKATTTKITNAVSAVKFTNPVVVTG
AIDSTGNANNGIVTFTGNSTVTGDIGNTNALATVNVGAGTATLGGAVIKATTTKLTNAASVLTLTNANAV
LTGAIDNTTGGDNVGVLNLNGALSQVTGDIGNTNSLATISVGAGTATLGGAVIKATTTKLTNAASVLTLT
NANAVLTGAVDNTTGGDNVGVLNLNGALSQVTGDIGNTNSLATISVGAGTATLGGAVIKATTTKLTNAAS
VLTLTNANAVLTGAIDNTTGGDNVGVLNLNGALSQVTGDIGNTNSLATISVGAGTATLGGAVIKATTTKL
TDAASAVKFTNPVVVTGAIDNTGNANNGIVTFTGNSTVTGNVGNTNALATVNVGAGLLQVQGGVVKANTI
NLTDNASAVTFTNPVVVTGAIDNTGNANNGIVTFTGNSTVTGNVGNTNALATVNVGAGLLQVQGGVVKAN
TINLTDNASAVTFTNPVVVTGAIDNTGNANNGIVTFTGNSTVTGDIGNTNALATVNVGAGITLQAGGSLA
ANNIDFGARSTLEFNGPLDGGGKAIPYYFKGAIANGNNAILNVNTKLLTASHLTIGTVAEINIGAGNLFT
IDASVGDVTILNAQNINFRARDSVLVLSNLTGVGVNNILLAADLVAPGADEGTVVFNGGVNGLNVGSNVA
GTARNIGDGGGNKFNTLLIYNAVTITDDVNLEGIQNVLINKNADFTSSTAFNAGAIQINDATYTIDANNG
NLNIPAGNIQFAHADAQLVLQNSSGNDRTITLGANIDPDNDDEGIVILNSVTAGKKLTIAGGKTFGGAHK
LQTILFKGAGDCSTAGTTFNTTNIVLDITGQLELGATTANVVLFNDAVQLTQTGNIGGFLDFNAKNGMVT
LNNNVNVAGAVQNTGGTNNGTLIVLGASNLNRVNGIAMLKVGAGNVTIAKGGKVKIGEIQGTGTNTLTLP
AHFNLTGSINKTGGQALKLNFMNGGSVSGVVGTAANSVGDITTAGATSFASSVNAKGTATLGGTTSFANT
FTNTGAVTLAKGSITSFAKNVTATSFVANSATINFSNSLAFNSNITGGGTTLTLGANQVTYTGTGSFTDT
LTLNTTFDGAAKSGGNILIKSGSTLDLSGVSTLALVVTATNFDMNNISPDTKYTVISAETAGGLKPTSKE
NVKITINNDNRFVDFTFDASTLTLFAEDIAADVIDGDFAPGGPLANIPNAANIKKSLELMEDAPNGSDAR
QAFNNFGLMTPLQEADATTHLIQDVVKPSDTIAAVNNQVVASNISSNITALNARMDKVQSGNKGPVSSGD
EDMDAKFGAWISPFVGNATQKMCNSISGYKSDTTGGTIGFDGFVSDDLALGLAYTRADTDIKLKNNKTGD
KNKVESNIYSLYGLYNVPYENLFVEAIASYSDNKIRSKSRRVIATTLETVGYQTANGKYKSESYTGQLMA
GYTYMMPENINLTPLAGLRYSTIKDKGYKETGTTYQNLTVKGKNYNTFDGLLGAKVSSNINVNEIVLTPE
LYAMVDYAFKNKVSAIDARLQGMTAPLPTNSFKQSKTSFDVGVGVTAKHKMMEYRINYDTNIGSKYFAQQ
GSVKVRVNF

>AAA20874.1
MNKNVLKFMVFIMLLNIITPLFNKNEAFAARDISSTNVTDLTVSPSKIEDGGKTTVKMTFDDKNGKIQNG
DMIKVAWPTSGTVKIEGYSKTVPLTVKGEQVGQAVITPDGATITFNDKVEKLSDVSGFAEFEVQGRNLTQ

143

3.1 AppendixAppendix C, 3.2Appendix I

144

FASTA sequences for proteins in BPAD200Appendix I: FASTA sequences for proteins in the BPAD200 dataset (200BPAs and 200 non-BPAs). 

153

165



TNTSDDKVATITSGNKSTNVTVHKSEAGTSSVFYYKTGDMLPEDTTHVRWFLNINNEKSYVSKDITIKDQ
IQGGQQLDLSTLNINVTGTHSNYYSGQSAITDFEKAFPGSKITVDNTKNTIDVTIPQGYGSYNSFSINYK
TKITNEQQKEFVNNSQAWYQEHGKEEVNGKSFNHTVHNINANAGIEGTVKGELKVLKQDKDTKAPIANVK
FKLSKKDGSVVKDNQKEIEIITDANGIANIKALPSGDYILKEIEAPRPYTFDKDKEYPFTMKDTDNQGYF
TTIENAKAIEKTKDVSAQKVWEGTQKVKPTIYFKLYKQDDNQNTTPVDKAEIKKLEDGTTKVTWSNLPEN
DKNGKAIKYLVKEVNAQGEDTTPEGYTKKENGLVVTNTEKPIETTSISGEKVWDDKDNQDGKRPEKVSVN
LLANGEKVKTLDVTSETNWKYEFKDLPKYDEGKKIEYTVTEDHVKDYTTDINGTTITNKYTPGETSATVT
KNWDDNNNQDGKRPTEIKVELYQDGKATGKTAILNESNNWTHTWTGLDEKAKGQQVKYTVEELTKVKGYT
THVDNNDMGNLIVTNKYTPETTSISGEKVWDDKDNQDGKRPEKVSVNLLADGEKVKTLDVTSETNWKYEF
KDLPKYDEGKKIEYTVTEDHVKDYTTDINGTTITNKYTPGETSATVTKNWDDNNNQDGKRPTEIKVELYQ
DGKATGKTAILNESNNWTHTWTGLDEKAKGQQVKYTVEELTKVKGYTTHVDNNDMGNLIVTNKYTPETTS
ISGEKVWDDKDNQDGKRPEKVSVNLLANGEKVKTLDVTSETNWKYEFKDLPKYDEGKKIEYTVTEDHVKD
YTTDINGTTITNKYTPGETSATVTKNWDDNNNQDGKRPTEIKVELYQDGKATGKTAILNESNNWTHTWTG
LDEKAKGQQVKYTVDELTKVNGYTTHVDNNDMGNLIVTNKYTPKKPNKPIYPEKPKDKTPPTKPDHSNKV
KPTPPDKPSKVDKDDQPKDNKTKPENPLKELPKTGMKIITSWITWVFIGILGLYLILRKRFNS

>CAA48133.1
MNNKMFLNKEAGFLAHTKRKRRFAVTLVGVFFMLLASAGAIGFGQVAYAADEKTVPHRVSQNPEFPWYGY
DFYKGPYTRYHNLQLNLNGSKTYQAYCFNLKRFEPKKEGSYFPNWYKRWDGSEETFVKYADNPRKDNESS
RVIDVELEKNILRVLYNGYPNNGNGIMEGLEPLNAILVTQNAVWYYSDNSSIFNTDNFFTTEAKDLNIKP
EQLSLMRVALKKLIDPKLSEESLKPVPSTFRLNIFESQDKLYQNLLSAEFVPENPPKPGETPEHGPKTPE
LDGTPIPEGPQRPNESLEPTLPPVMLDGQEVPEVPSESLEPALPPLMPELDGQEVPEVPSESLEPALPPL
MPELDGQEVPEKPSVDLPIEDPRYEFNNKDQSPLAGESGETEYITEVYGNQQNPVDIDKKLPNETGFSGN
MVETEDTKEPGVLMGGQSESVEFTKDTQTGMSGQTTPQVETEDTKEPGVLMGGQSESVEFTKDTQTGMSG
QTASQVETEDTKEPGVLMGGQSESVEFTKDTQTGMSGQTTPQVETEDTKEPGVLMGGQSESVEFTKDTQT
GMSGFSETVTIVEDTRPKLVFHFDNNEPKVEENREKPTKNITPILPATGDIENVLAFLGILILSVLPIFS
LLKKQTKQ

>AAA67928.1
MKTFEILKHLQADAIVLFMKVHNFHWNVKGTDFFNVHKATEEIYEEFADMFDDLAERLVQLGHHPLVTLS
EALKLTRVKDETKTSFHSKDIFKEILGDYKHLEKEFKELSNTAEKEGDKVTVTYADDQLAKLQKSIWMLE
AHLA

>CAA88138.1
MKLNRFGAAVGVLAAGALVLSACGNDDNVTGGGATTGQASAKVDCGGKKTLKASGSTAQANAMTRFVNVF
EQACPGQTLNYTANGSGAGISEFNGNQTDFGGSDVPLSKDEPSGAARCGSPAWNLPVVFGPIAVTYNLNS
VSSLNLDGPTLAKIFNGSITQWNNPAIQALNRDFTLPGERIHVVFRSDESGTTDNFQRYLQAASNGAWGK
GAGKSFQGGVGEGARGNDGTSAAAKNTPGSITYNEWSFAQAHDLTMANIVTSAGGDPVAITIDSVGQTIA
GATISGVGNDLVLDTDSFYRPKRPGSYPIVLATYEIVCSKYPDSQVGTAVKAFLQSTIGAGQSGLGDNGY
IPIPDEFKSRLSTAVNAIA

>AAC36000.1
MKKALATLIALALPAAALAEGASGFYVQADAAHAKASSSLGSAKGFSPRISAGYRINDLRFAVDYTRYKN
YKAPSTDFKLYSIGASAIYDFDTQSPVKPYLGARLSLNRASVDLGGSDSFSQTSIGLGVLTGVSYAVTPN
VDLDAGYRYNYIGKVNTVKNVRSGELSVGVRVKF

>AAB07068.1
MKKLLKSVLAFAVLGSASSLHALPVGNPAEPSLMIDGILWEGFGGDPCDPCTTWCDAISLRLGYYGDFVF
DRVLKTDVNKQFEMGAAPTGDADLTTAPTPASRENPAYGKHMQDAEMFTNAAYMALNIWDRFDVFCTLGA
TSGYLKGNSAAFNLVGLFGRDETAVAADDIPNVSLSQAVVELYTDTAFAWSVGARAALWECGCATLGASF
QYAQSKPKVEELNVLCNAAEFTINKPKGYVGQEFPLNIKAGTVSATDTKDASIDYHEWQASLALSYRLNM
FTPYIGVKWSRASFDADTIRIAQPKLETSILKMTTWNPTISGSGIDVDTKITDTLQIVSLQLNKMKSRKS
CGLAIGTTIVDADKYAVTVETRLIDERAAHVNAQFRF

>AAB09440.1
MKKLGTLLVLFLSAIILVACASGKKDTTSGQKLKVVATNSIIADITKNIAGDKIDLHSIVPIGQDPHEYE
PLPEDVKKTSEADLIFYNGINLETGGNAWFTKLVENAKKTENKDYFAVSDGVDVIYLEGQNEKGKEDPHA
WLNLENGIIFAKNIAKQLSAKDPNNKEFYEKNLKEYTDKLDKLDKESKDKFNKIPAEKKLIVTSEGAFKY
FSKAYGVPSAYIWEINTEEEGTPEQIKTLVEKLRQTKVPSLFVESSVDDRPMKTVSQDTNIPIYAQIFTD
SIAEQGKEGDSYYSMMKYNLDKIAEGLAK

>CAA63564.1
MSLISKEELIKLAYSIRPRENEYKTILTNLDEYNKLTTNNNENKYLQLKKLNESIDVFMNKYKTSSRNRA
LSNLKKDILKEVILIKNSNTSPVEKNLHFVWIGGEVSDIALEYIKQWADINAEYNIKLWYDSEAFLVNTL
KKAIVESSTTEALQLLEEEIQNPQFDNMKFYKKRMEFIYDRQKRFINYYKSQINKPTVPTIDDIIKSHLV
SEYNRDETVLESYRTNSLRKINSNHGIDIRANSLFTEQELLNIYSQELLNRGNLAAASDIVRLLALKNFG
GVYLDVDMLPGIHSDLFKTISRPSSIGLDRWEMIKLEAIMKYKKYINNYTSENFDKLDQQLKDNFKLIIE
SKSEKSEIFSKLENLNVSDLEIKIAFALGSVINQALISKQGSYLTNLVIEQVKNRYQFLNQHLNPAIESD
NNFTDTTKIFHDSLFNSATAENSMFLTKIAPYLQVGFMPEARSTISLSGPGAYASAYYDFINLQENTIEK
TLKASDLIEFKFPENNLSQLTEQEINSLWSFDQASAKYQFEKYVRDYTGGSLSEDNGVDFNKNTALDKNY
LLNNKIPSNNVEEAGSKNYVHYIIQLQGDDISYEATCNLFSKNPKNSIIIQRNMNESAKSYFLSDDGESI
LELNKYRIPERLKNKEKVKVTFIGHGKDEFNTSEFARLSVDSLSNEISSFLDTIKLDISPKNVEVNLLGC
NMFSYDFNVEETYPGKLLLSIMDKITSTLPDVNKNSITIGANQYEVRINSEGRKELLAHSGKWINKEEAI
MSDLSSKEYIFFDSIDNKLKAKSKNIPGLASISEDIKTLLLDASVSPDTKFILNNLKLNIESSIGDYIYY
EKLEPVKNIIHNSIDDLIDEFNLLENVSDELYELKKLNNLDEKYLISFEDISKNNSTYSVRFINKSNGES
VYVETEKEIFSKYSEHITKEISTIKNSIITDVNGNLLDNIQLDHTSQVNTLNAAFFIQSLIDYSSNKDVL
NDLSTSVKVQLYAQLFSTGLNTIYDSIQLVNLISNAVNDTINVLPTITEGIPIVSTILDGINLGAAIKEL
LDEHDPLLKKELEAKVGVLAINMSLSIAATVASIVGIGAEVTIFLLPIAGISAGIPSLVNNELILHDKAT
SVVNYFNHLSESKKYGPLKTEDDKILVPIDDLVISEIDFNNNSIKLGTCNILAMEGGSGHTVTGNIDHFF
SSPSISSHIPSLSIYSAIGIETENLDFSKKIMMLPNAPSRVFWWETGAVPGLRSLENDGTRLLDSIRDLY
PGKFYWRFYAFFDYAITTLKPVYEDTNIKIKLDKDTRNFIMPTITTNEIRNKLSYSFDGAGGTYSLLLSS
YPISTNINLSKDDLWIFNIDNEVREISIENGTIKKGKLIKDVLSKIDINKNKLIIGNQTIDFSGDIDNKD
RYIFLTCELDDKISLIIEINLVAKSYSLLLSGDKNYLISNLSNTIEKINTLGLDSKNIAYNYTDESNNKY
FGAISKTSQKSIIHYKKDSKNILEFYNDSTLEFNSKDFIAEDINVFMKDDINTITGKYYVDNNTDKSIDF
SISLVSKNQVKVNGLYLNESVYSSYLDFVKNSDGHHNTSNFMNLFLDNISFWKLFGFENINFVIDKYFTL
VGKTNLGYVEFICDNNKNIDIYFGEWKTSSSKSTIFSGNGRNVVVEPIYNPDTGEDISTSLDFSYEPLYG
IDRYINKVLIAPDLYTSLININTNYYSNEYYPEIIVLNPNTFHKKVNINLDSSSFEYKWSTEGSDFILVR
YLEESNKKILQKIRIKGILSNTQSFNKMSIDFKDIKKLSLGYIMSNFKSFNSENELDRDHLGFKIIDNKT
YYYDEDSKLVKGLININNSLFYFDPIEFNLVTGWQTINGKKYYFDINTGAALTSYKIINGKHFYFNNDGV
MQLGVFKGPDGFEYFAPANTQNNNIEGQAIVYQSKFLTLNGKKYYFDNNSKAVTGWRIINNEKYYFNPNN
AIAAVGLQVIDNNKYYFNPDTAIISKGWQTVNGSRYYFDTDTAIAFNGYKTIDGKHFYFDSDCVVKIGVF
STSNGFEYFAPANTYNNNIEGQAIVYQSKFLTLNGKKYYFDNNSKAVTGLQTIDSKKYYFNTNTAEAATG
WQTIDGKKYYFNTNTAEAATGWQTIDGKKYYFNTNTAIASTGYTIINGKHFYFNTDGIMQIGVFKGPNGF
EYFAPANTDANNIEGQAILYQNEFLTLNGKKYYFGSDSKAVTGWRIINNKKYYFNPNNAIAAIHLCTINN
DKYYFSYDGILQNGYITIERNNFYFDANNESKMVTGVFKGPNGFEYFAPANTHNNNIEGQAIVYQNKFLT
LNGKKYYFDNDSKAVTGWQTIDGKKYYFNLNTAEAATGWQTIDGKKYYFNLNTAEAATGWQTIDGKKYYF
NTNTFIASTGYTSINGKHFYFNTDGIMQIGVFKGPNGFEYFAPANTDANNIEGQAILYQNKFLTLNGKKY
YFGSDSKAVTGLRTIDGKKYYFNTNTAVAVTGWQTINGKKYYFNTNTSIASTGYTIISGKHFYFNTDGIM
QIGVFKGPDGFEYFAPANTDANNIEGQAIRYQNRFLYLHDNIYYFGNNSKAATGWVTIDGNRYYFEPNTA
MGANGYKTIDNKNFYFRNGLPQIGVFKGSNGFEYFAPANTDANNIEGQAIRYQNRFLHLLGKIYYFGNNS
KAVTGWQTINGKVYYFMPDTAMAAAGGLFEIDGVIYFFGVDGVKAPGIYG

>CAA71822.1
MKKMLLSIFTTFVAVFLAACGGNSDSGASNSLERIKQDGVVRIGVFGDKPPFGYVDEKGVNQGYDIVLAK
RIAKELLGDENKVQFVLVEAANRVEFLKSNKVDIILANFTQTPERAEQVDFCLPYMKVALGVAVPQDSNI
SSIEDLKDKTLLLNKGTTADAYFTKEYPDIKTLKYDQNTETFAALIDQRGDALSHDNTLLFAWVKEHPEF
KMAIKELGNKDVIAPAVKKGDKELKEFIDNLITKLGEEQFFHKAYDETLKSHFGDDVKADDVVIEGGKI
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>CAA88137.1
MKFARSGAAVSLLAAGTLVLTACGGGTNSSSSGAGGTSGSVHCGGKKELHSSGSTAQENAMEQFVYAYVR
SCPGYTLDYNANGSGAGVTQFLNNETDFAGSDVPLNPSTGQPDRSAERCGSPAWDLPTVFGPIAITYNIK
GVSTLNLDGPTTAKIFNGTITVWNDPQIQALNSGTDLPPTPISVIFRSDKSGTSDNFQKYLDGASNGAWG
KGASETFNGGVGVGASGNNGTSALLQTTDGSITYNEWSFAVGKQLNMAQIITSAGPDPVAITTESVGKTI
AGAKIMGQGNDLVLDTSSFYRPTQPGSYPIVLATYEIVCSKYPDATTGTAVRAFMQAAIGPGQEGLDQYG
SIPLPKSFQAKLAAAVNAIS

>AAC16068.1
MVNKDVKQTTAFGAPVWDDNNVITAGPRGPVLLQSTWFLEKLAAFDRERIPERVVHAKGSGAYGTFTVTK
DITKYTKAKIFFKVGKKTECFFRFFTVAGERGSADAVRDPRGFAMKYYTEEGNWDLVGNNTPVFFIRDAI
KFPDFIHTQKRDPQTNLPNHDMVWDFWSNVPESLYQVTWVMSDRGIPKSFRHMDGFGSHTFSLINAKGER
FWVKFHFHTMQGVKHLTNEEAAEVRKYDPDSNQRDLFNAIARGDFPKWKLSIQVMPEEDAKKYRFHPFDV
TKIWYLQDYPLMEVGIVELNKNPENYFAEVEQVAFTPANVVPGIGYSPDRMLQGRLFSYGDTHRYRLGVN
YPQIPVNKPRCPFHSSSRDGYMQNGYYGSLQNYTPSSLPGYKEDKSARDPKFNLAHIEKEFEVWNWDYRA
DDSDYYTQPGDYYRSLPADEKERLHDTIGESLAHVTHKEIVDKQLEHFKKADPKYAEGVKKALEKHQKMM
KDMHGKDMHHTKKKK

>AAC28879.1
MSSGNILWGSQNPIVFKNSFGVSNADTGSQDDLSQQNPFAEGYGVLLILLMVIQAIANNKFIEVQKNAER
ARNTQEKSNEMDEVIAKAAKGDAKTKEEVPEDVIKYMRDNGILIDGMTIDDYMAKYGDHGKLDKGGLQAI
KAALDNDANRNTDLMSQGQITIQKMSQELNAVLTQLTGLISKWGEISSMIAQKTYS

>AAD04290.1
MEIQQTHRKINRPLVSLALVGALVSITPQQSHAAFFTTVIIPAIVGGIATGAAVGTVSGLLSWGLKQAEE
ANKTPDKPDKVWRIQAGRGFNNFPHKEYDLYKSLLSSKIDGGWDWGNAARHYWVKGGQWNKLEVDMKDAV
GTYKLSGLINFTGGDLDVNMQKATLRLGQFNGNSFTSYKDSADRTTRVDFNAKNILIDNFLEINNRVGSG
AGRKASSTVLTLQASEGITSSKNAEISLYDGATLNLASSSVKLMGNVWMGRLQYVGAYLAPSYSTINTSK
VTGEVNFNHLTVGDHNAAQAGIIASNKTHIGTLDLWQSAGLNIIAPPEGGYKDKPKDKPSNTTQNNANNN
QQNSAQNNNNTQVINPPNSAQKTEIQPTQVINGPFAGGKDTVVNINRINTNADGTIRVGGYKASLTTNAA
HLHIGKGGINLSNQASGRSLLVENLTGNITVDGPLRVNNQVGGYALAGSNANFEFKAGTDTKNGTATFNN
DISLGRFVNLKVDAHTANFKGIDTGNGGFNTLDFSGVTDKVNINKLITASTNVAIKNFNINELLVKTNGV
SVGEYTHFSEDIGSQSRINTVRLETGTRSIFSGGVKFKSGEKLVIDEFYYSPWNYFDARNIKNVEITRKF
ASSTPENPWGTSKLMFNNLTLGQNAVMDYSQFSNLTIQGDFINNQGTINYLVRGGKVATLNVGNAAAMMF
NNDIDSATGFYKPLIKINSAQDLIKNTEHVLLKAKIIGYGNVSTGTNGISNVNLEEQFKERLALYNNNNR
MDTCVVRNTDDIKACGMAIGNQSMVNNPDNYKYLIGKAWKNIGISKTANGSKISVYYLGNSTPTENGGNT
TNLPTNTTNNARSANYALVKNAPFAHSATPNLVAINQHDFGTIESVFELANRSKDIDTLYTHSGAKGRDL
LQTLLIDSHDAGYARQMIDNTSTGEITKQLNAATTTLNNIASLEHKTSSLQTLSLSNAMILNSRLVNLSR
KHTNNIDSFAKRLQALKDQRFASLESAAEVLYQFAPKYEKPTNVWANAIGGASLNNGSNASLYGTSAGVD
AYLNGQVEAIVGGFGSYGYSSFSNRANSLNSGANNTNFGVYSRIFANQHEFDFEAQGALGSDQSSLNFKS
ALLQDLNQSYNYLAYSAATRASYGYDFAFFKNALVLKPSVGVSYNHLGSTNFKSNSTNKVALSNGSSSQH
LFNASANVEARYYYGDTSYFYMNAGVLQEFANFGSSNAVSLNTFKVNAARNPLNTHARVMMGGELQLAKE
VFLNLGFVYLHNLISNIGHFASNLGMRYSF

>AAD23967.1
MKNIAKVTALALGIALASGYASAEEKIAFINAGYIFQHHPDRQAVADKLDAEFKPVAEKLAASKKEVDDK
IAAARKKVEAKVAALEKDAPRLRQADIQKRQEEINKLGAAEDAELQKLMQEQDKKVQEFQAQNEKRQAEE
RGKLLDSIQTATNNLARAKGYTYVLDANSVVFAVEGKDITEEVLKSIPASEKAQEKK

>AAD45811.1
MHTFRPYSLRHSDLLYEDIPLEIREQIILLIINTLGNCSSFYDMTLYCYHNSHSDEVYRRICKTLRKEYG
LFTL

>AAD51067.1

MKVKYLMLTLVGAIALNASAQENTVPATGQLPAKNVAFARNKAGRNWFVTLQGGVAAQFLNDNNNKDLMD
RLGAIGSLSVGKYHSPFFATRLQINGGQAHTFLGKNGEQEINTNFGAAHFDFMFDVVNYFAPYRENRFFH
LIPWVGVGYQHKFIGSEWSKDNVESLTANVGVMMAFRLGKRVDFVIEAQAAHSNLNLSRAYNAKKTPVFE
DPAGRYYNGFQGMATAGLNFRLGAVGFNAIEPMDYALINDLNGQINRLRSEVEELSKRPVSCPECPEVTP
VTKTENILTEKAVLFRFDSHVVDKDQLINLYDVAQFVKETNEPVTVVGYADPTGNTQYNEKLSERRAKAV
VDVLTGKYGVPSELISVEWKGDSTQPFSKKAWNRVVIVRSK

>AAD51068.1
MKAKSLLLALAGLACTFSATAQEATTQNKAGMHTAFQRDKASDHWFIDIAGGAGMALSGWNNDVDFVDRL
SIVPTFGIGKWHEPYFGTRLQFTGFDIYGFPQGSKERNHNYFGNAHLDFMFDLTNYFGVYRPNRVFHIIP
WAGIGFGYKFHSENANGEKVGSKDDMTGTVNVGLMLKFRLSRVVDFNIEGQAFAGKMNFIGTKRGKADFP
VMATAGLTFNLGKTEWTEIVPMDYALVNDLNNQINSLRGQVEELSRRPVSCPECPEPTQPTVTRVVVDNV
VYFRINSAKIDRNQEINVYNTAEYAKTNNAPIKVVGYADEKTGTAAYNMKLSERRAKAVAKMLEKYGVSA
DRITIEWKGSSEQIYEENAWNRIVVMTAAE

>AAD51621.1
MADLAKIVEDLSALTVLEAAELSKLLEEKWGVSAAAPVAVAAAGGAAPAAAAEEKTEFDVVLADGGANKI
NVIKEVRALTGLGLKEAKDLVEGAPKAVKEGASNDEAEKIKAQLEAAGAKVELK

>AAF17598.1
MTNETIDQQPQTEAAFNPQQFINNLQVAFLKVDNAVASYDPDQKPIVDKNDRDNRQAFDGISQLREEYSN
KAIKNPTKKNQYFSDFINKSNDLINKDNLIDIGSSIKSFQKFGTQRYRIFTSWVSHQNDPSKINTRSIRN
FMENIIQPPIPDDKEKAEFLKSAKQSFAGIIIGNQIRTDQKFMGVFDEFLKERQEAEKNGEPTGGDWLDI
FLSFVFNKEQSSDVKEAINQEPVPHVQPDIATTTTHIQGLPPESRDLLDERGNFSKFTLGDMEMLDVEGV
ADIDPNYKFNQLLIHNNALSSVLMGSHNGIEPEKVSLLYAGNGGFGAKHDWNATVGYKNQQGDNVATLIN
VHMKNGSGLVIAGGEKGINNPSFYLYKEDQLTGSQRALSQEEIRNKIDFMEFLAQNNAKLDNLSEKEKEK
FQNEIEDFQKDSKAYLDALGNDRIAFVSKKDPKHSALITEFGKGDLSYTLKDYGKKADRALDREKNVTLQ
GNLKHDSVMFVNYSNFKYTNASKSPDKGVGVTNGVSHLDAGFSKVAVFNLPDLNNLAITSFVRRNLENKL
VTEGLSLQEANKLIKDFLSSNKELVGKALNFNKAVADAKNTGNYDEVKKAQKDLEKSLRKREHLEKEVEK
KLESKSGNKNKMEAKAQANSQKDKIFALINKEANRDARAIAYSQNLKGIKRELSDKLEKINKDLKDFSKS
FDEFKNGKNKDFSKAEETLKALKGSVKDLGINPEWISKVENLNAALNEFKNGKNKDFSKVTQAKSDLENS
VKDVIINQKITDKVDNLNQAVSMAKATGDFSRVEQALADLKNFSKEQLAQQTQKNESFNVGKKSEIYQSV
KNGVNGTLVGNGLSGIEATALAKNFSDIKKELNEKFKNFNNNNNNGLENEPIYAKVNKKKTGQVASPEEP
IYAQVAKKVNAKIDRLNQAASGLGGVGQAGFPLKRHDKVDDLSKVGRSVSPEPIYATIDDLGGPFPLKRH
DKVDDLSKVGRSVSPEPIYATIDDLGGPFPLKRHDKVDDLSKVGRSVSPEPIYATIDDLGGPFPLKRHDK
VDDLSKVGLSRNQELAQKIDNLSQAVSEAKAGFFSNLEQTIDKLKDSTKYNSVNLWVESAKKVPASLSAK
LDNYATNSHTRINSNIQNGAINEKATGMLTQKNPEWLKLVNDKIVAHNVGSVPLSEYDKIGFNQKNMKDY
SDSFKFSTKLNNAVKDVKSSFTQFLANAFSTGYYSLARENAEHGIKNVNTKGGFQKS

>AAA99670.2
MLGRDGEARLCRRPTAAAWSSVAGTAPGQDVSSPIRRNHFAMAKTIAYDEEARRGLERGLNALADAVKVT
LGPKGRNVVLEKKWGSPTITNDGVSIAKEIELEDPYEKIGAELVKEVAKKTDDVAGDGTTTATVLAQALV
REGLRNVAAGANPLGLKRGIEKAVEKVTETLLKSAKEVETKDQIAATAAISAGDQSIGDLIAEAMDKVGN
EGVITVEESNTFGLQLELTEGMRFDKGYISGYFVTDAERQEAVLEDPFILLVSSKVSTVKDLLPLLEKVI
QAGKPLLIIAEDVEGEALSTLVVNKIRGTFKSVAVKAPGFGDRRKAMLQDMAILTGGQVISEEVGLSLES
ADISLLGKARKVVVTKDETTIVEGAGDSDAIAGRVAQIRTEIENSDSDYDREKLQERLAKLAGGVAVIKA
GAATEVELKERKHRIEDAVRNAKAAVEEGIVAGGGVALLHAIPALDELKLEGEEATGANIVRVALERPLK
QIAFNGGLEPGVVAEKVRNSPAGTGLNAATGKYEDLLKAGITEPVKVTRSALQNAASISGLFLTTEAVVA
DKPEKTAPPAGDPTGGMGGMDF

>AAF45140.1
MIDPSATSRYGSPRLVSNGFRHRRKVVYQRVGHRRFSLIFFFVVVLGRSPRLWAQVSFTPDIEGYAELAW
GIASDRGALKHGFKTTTDFKIVFPIVAKKDFKYRGEGNVYAEINVKALKLSLESNGGAKFDTKGSAKTIE
ATLHCYGAYLTIGKNPDFKSTFAVLWEPWTANGDYKSKGDKPVYEPGFEGAGGKLGYKQTDIAGTGLTFD
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IAFKFASNTDWEGKDSKGNVPAGVTPSKYGLGGDILFGWERTREDGVQEYIKVELTGNSTLSSDYAQARA
PAAGAKVSMKLWGLCALAATDVGHKKNGAQGTVGADALLTLGYRWFSAGGYFASQASNVFGGVFLNMAMR
EHDCAAYIKLETKGSDPDTSFLEGLDLGVDVRTYMPVHYKVLKALPRADIHFPVYGKVWGSYRHDMGEYG
WVKVYANLYGGTNKKATPPAAPATKWSKEYCGYYECGVVVSPLEKVEIRLSWEQGKLQENSNVVIEKNVT
ERWQFVGACRLIW

>AAF81744.1
MQQQHLFRFNILCLSLMTALPAYAENVQAGQAQEKQLDTIQVKAKKQKTRRDNEVTGLGKLVKSSDTLSK
EQVLNIRDLTRYDPGIAVVEQGRGASSGYSIRGMDKNRVSLTVDGVSQIQSYTAQAALGGTRTAGSSGAI
NEIEYENVKAVEISKGSNSVEQGSGALAGSVAFQTKTADDVIGEGRQWGIQSKTAYSGKNRGLTQSIALA
GRIGGAEALLIHTGRRAGEIRAHEDAGRGVQSFNRLVPVEDSSNYAYFIVKEECKNGSYETCKANPKKDV
VGKDERQTVSTRDYTGPNRFLADPLSYESRSWLFRPGFRFENKRHYIGGILEHTQQTFDTRDMTVPAFLT
KAVFDANKKQAGSLPGNGKYAGNHKYGGLFTNGENGALVGAEYGTGVFYDETHTKSRYGLEYVYTNADKD
TWADYARLSYDRQGVGLDNHFQQTHCSADGSDKYCRPSADKPFSYYKSDRVIYGESHRLLQAAFKKSFDT
AKIRHNLSVNLGFDRFGSNLRHQDYYYQHANRAYSSNTPPQNNGKKISPNGSETSPYWVTIGRGNVVTGQ
ICRLGNNTYTDCTPRSINGKSYYAAVRDNVRLGRWADVGAGLRYDYRSTHSDDGSVSTGTHRTLSWNAGI
VLKPTDWLDLTYRTSTGFRLPSFAEMYGWRAGVQSKAVKIDPEKSFNKEAGIVFKGDFGNLEASWFNNAY
RDLIVRGYEAQIKDGKEEAKGDPAYLNAQSARITGINILGKIDWNGVWDKLPEGWYSTFAYNRVRVRDIK
KRADRTDIQSHLFDAIQPSRYVVGLGYDQPEGKWGVNGMLTYSKAKEITELLGSRALLNGNSRNTKATAR
RTRPWYIVDVSGYYTVKKHFTLRAGVYNLLNYRYVTWENVRQTAGGAVNQHKNVGVYNRYAAPGRNYTFS
LEMKF

>AAF81745.1
MNNPLVNQAAMVLPVFLLSACLGGGGSFDLDSVDTEAPRPAPKYQDVFSEKPQAQKDQGGYGFAMRLKRR
NWYPQAKEDEVKLDESDWEATGLPDEPKELPKRQKSVIEKVETDSDNNIYSSPYLKPSNHQNGNTGNGIN
QPKNQAKDYENFKYVYSGWFYKHAKREFNLKVEPKSAKNGDDGYIFYHGKEPSRQLPASGKITYKGVWHF
ATDTKKGQKFREIIQPSKSQGDRYSGFSGDDGEEYSNKNKSTLTDGQEGYGFTSNLEVDFHNKKLTGKLI
RNNANTDNNQATTTQYYSLEAQVTGNRFNGKATATDKPQQNSETKEHPFVSDSSSLSGGFFGPQGEELGF
RFLSDDQKVAVVGSAKTKDKPANGNTAAASGGTDAAASNGAAGTSSENGKLTTVLDAVELKLGDKKVQKL
DNFSNAAQLVVDGIMIPLLPEASESGNNQANQGTNGGTAFTRKFDHTPESDKKDAQAGTQTNGAQTASNT
AGDTNGKTKTYEVEVCCSNLNYLKYGMLTRKNSKSAMQAGESSSQADAKTEQVEQSMFLQGERTDEKEIP
SEQNIVYRGSWYGYIANDKSTSWSGNASNATSGNRAEFTVNFADKKITGTLTADNRQEATFTIDGNIKDN
GFEGTAKTAESGFDLDQSNTTRTPKAYITDAKVQGGFYGPKAEELGGWFAYPGDKQTKNATNASGNSSAT
VVFGAKRQQPVQ

>AAG18474.1
MKMNKKVLLTSTMAASLLSVASVQAQETDTTWTARTVSEVKADLVKQDNKSSYTVKYGDTLSVISEAMSI
DMNVLAKINNIADINLIYPETTLTVTYDQKSHTATSMKIETPATNAAGQTTATVDLKTNQVSVADQKVSL
NTISEGMTPEAATTIVSPMKTYSSAPALKSKEVLAQEQAVSQAAANEQVSTAPVKSITSEVPAAKEEVKP
TQTSVSQSTTVSPASVAAETPAPVAKVAPVRTVAAPRVASVKVVTPKVETGASPEHVSAPAVPVTTTSTA
TDSKLQATEVKSVPVAQKAPTATPVAQPASTTNAVAAHPENAGLQPHVAAYKEKVASTYGVNEFSTYRAG
DPGDHGKGLAVDFIVGKNQALGNEVAQYSTQNMAANNISYVIWQQKFYSNTNSIYGPANTWNAMPDRGGV
TANHYDHVHVSFNK

>AAG31201.1
MVKIQEVKRILTRWQPSSFSLYREVFTQYGGSINMHPDIVDYFMKRYNWHFKFFHYKEDDKIKGAYFICN
DQNIGILTRRTFPLSSDEILIPMAPDLRCFLPDRTNRLSALHQPQIRNAIWKLARKKQNCLVKETFSSKF
EKTRRNEYQRFLKKSGSVKSVADCSSDELTHIFIELFRSRFGNTSSCYPADNLANFFSQLHHLLFGHILY
IEGIPCAFDIVLKSESQMNIYFDVSNGAIKNECRPLSPGSILMWLNISRARHYCQERQKKLLFSIGILKP
EWEYKRMWSTPYFTGKSIC

>NP_045547.1
MKYHIITTIFVFLFLACRPDFNIDQKDIKYPPTEKSRPKTESSKQKESKPKTEEELKKKQQEEELKKKQQ
EEELKKKQQEEELKKKQQEEELKKKQQEEELKKKQQEEELKKKQQEEELKKKQQEEELKKKQQEEELKKK

QQEEELKKKQQEEELKKKQQEEELKKKQQEEELKKKQQEEELKKKQQEEELKKKQQEEELKKKQQEEELK
KKQQEEELKKKQQEEELKKKQQEEELKKKQQEEEKEELRKQQLKNTLSNDLKKQIESAYNFKEKYVKSME
KEPEDHYGMTSFRGLNWGPGTEDISDNTERSIRYRRHTYTVLSPLDPHELKEFANIIQDINKLASVASIF
NSFSAIGGALDIVSDHLYFKKDNLDKLDIADLEILKNSFEQILYIKGSVAGKAKKLLLDYKNLKTDINKL
KSYSNELVNGIKQQALEAENLEELIVSKYKL

>NP_045688.1
MKKYLLGIGLILALIACKQNVSSLDEKNSVSVDLPGEMKVLVSKEKNKDGKYDLIATVDKLELKGTSDKN
NGSGVLEGVKADKSKVKLTISDDLGQTTLEVFKEDGKTLVSKKVTSKDKSSTEEKFNEKGEVSEKIITRA
DGTRLEYTGIKSDGSGKAKEVLKGYVLEGTLTAEKTTLVVKEGTVTLSKNISKSGEVSVELNDTDSSAAT
KKTAAWNSGTSTLTITVNSKKTKDLVFTKENTITVQQYDSNGTKLEGSAVEITKLDEIKNALK

>AAK19155.1
MKINKKYLVGSAAALILSVCSYELGLYQARTVKENNRVSYIDGKQATQKTENLTPDEVSKREGINAEQIV
IKITDQGYVTSHGDHYHYYNGKVPYDAIISEELLMKDPNYKLKDEDIVNEVKGGYVIKVDGKYYVYLKDA
AHADNVRTKEEINRQKQEHSQHREGGTPRNDGAVALARSQGRYTTDDGYIFNASDIIEDTGDAYIVPHGD
HYHYIPKNELSASELAAAEAFLSGRGNLSNSRTYRRQNSDNTSRTNWVPSVSNPGTTNTNTSNNSNTNSQ
ASQSNDIDSLLKQLYKLPLSQRHVESDGLVFDPAQITSRTARGVAVPHGDHYHFIPYSQMSELEERIARI
IPLRYRSNHWVPDSRPEQPSPQPTPEPSPGPQPAPNLKIDSNSSLVSQLVRKVGEGYVFEEKGISRYVFA
KDLPSETVKNLESKLSKQESVSHTLTAKKENVAPRDQEFYDKAYNLLTEAHKALFXNKGRNSDFQALDKL
LERLNDESTNKEKLVDDLLAFLAPITHPERLGKPNSQIEYTEDEVRIAQLADKYTTSDGYIFDEHDIISD
EGDAYVTPHMGHSHWIGKDSLSDKEKVAAQAYTKEKGILPPSPDADVKANPTGDSAAAIYNRVKGEKRIP
LVRLPYMVEHTVEVKNGNLIIPHKDHYHNIKFAWFDDHTYKAPNGYTLEDLFATIKYYVEHPDERPHSND
GWGNASEHVLGKKDHSEDPNKNFKADEEPVEETPAEPEVPQVETEKVEAQLKEAEVLLAKVTDSSLKANA
TETLAGLRNNLTLQIMDNNSIMAEAEKLLALLKGSNPSSVSKEKIN

>AAK19156.1
MKKVRFIFLALLFFLASPEGAMASDGTWQGKQYLKEDGSQAANEWVXDTHYQSWFYIKADANYAENEWLK
QGDDYFYLKSGGYMAKSEWVEDKGAFYYLDQDGKMKRNAWVGTSYVGATGAKVIEDWVYDSQYDAWFYIK
ADGQHAEKEWLQIKGKDYYFKSGGYLLTSQWINQAYVNASGAKVQQGWLFDKQYQSWFYIKENGNYADKE
WIFENGHYYYLKSGGYMAANEWIWDKESWFYLKFDGKMAEKEWVYDSHSQAWYYFKSGGYMTANEWIWDK
ESWFYLKSDGKIAEKEWVYDSHSQAWYYFKSGGYMAKNETVDGYQLGSDGKWLGGKTTNENAAYYQVVPV
TANVYDSDGEKLSYISQGSVVWLDKDRKSDDKRLAITISGLSGYMKTEDLQALDASKDFIPYYESDGHRF
YHYVAQNASIPVASHLSDMEVGKKYYSADGLHFDGFKLENPFLFKDLTEATNYSAEELDKVFSLLNINNS
LLENKGATFKEAEEHYHINALYLLAHSALESNWGRSKIAKDKNNFFGITAYDTTPYLSAKTFDDVDKGIL
GATKWIKENYIDRGRTFLGNKASGMNVEYASDPYWGEKIASVMMKINEKLGGKD

>AAK19158.1
MFKRIRRVLVLAVFLFAGYKAYRVHQDVKQVMTYQPMVREILSEQDTPANEELVLAMIYTETKGKEGDVM
QSSESASGSTNTINDNASSIRQGIQTLTGNLYLAQKKGVDIWTAVQAYNFGPAYIDFIAQNGKENTLALA
KQYSRETVAPLLGNRTGKTYSYIHPISIFHGAELYVNGGNYYYSRQVRLNLYIIKCFTLFSTSG

>P17452.2
MKTKHFFNSDFTVKGKSADEIFRRLCTDHPDKQLNNVKWKEVFINRFGQMMLDTPNPRKIVEKIINEGLE
KQGLKNIDPETTYFNIFSSSDSSDGNVFHYNSLSESYRVTDACLMNIFVERYFDDWDLLNSLASNGIYSV
GKEGAYYPDHDYGPEYNPVWGPNEQIYHSRVIADILYARSVWDEFKKYFMEYWQKYAQLYTEMLSDTFLA
MAIQQYTRQTLTDEGFLMVCNTYYGNKEEVQITLLDIYGYPSTDIICIEQKGLPTPKVILYIPGGTQPFV
EFLNTDDLKQWIAWHLKDNKHMVAFRKHFSLKQRQEGETFTGIDKALQYIAEESPEWPANKYILYNPTHL
ETENLFNIMMKRTEQRMLEDSDVQIRSNSEATRDYALSLLETFISQLSAIDMLVPAVGIPINFALSATAL
GLSSDIVVNGDSYEKRKYGIGSLVQSALFTGINLIPVISETAEILSSFSRTEEDIPAFFTEEQALAQRFE
IVEEELHSISPDDPPREITDENLHKIRLVRLNNENQPLVVLRRLGGNKFIRIEPITFQEIKGSLVSEVIN
PVTNKTYYVSNAKLLGGSPYSPFRIGLEGVWTPEVLKARASVIGKPIGESYKRILAKLQRIHNSNILDER
QGLMHELMELIDLYEESQPSSERLNAFRELRTQLEKALYLPEMEALKKQILQIPNKGSGAARFLLRTAMN
EMAGKTSESTADLIRFALQDTVISAPFRGYAGAIPEAIDFPVKYVIEDISVFDKIQTNYWELPAYESWNE
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GSNSALLPGLLRESQSKGMLSKCRIIENSLYIGHSYEEMFYSISPYSNQVGGPYELYPFTFFSMLQEVQG
DLGFEQAFATRNFFNTLVSDRLSLMENTMLLTESFDYTPWDAIYGDINYDEQFAAMSINERIEKCMNTYR
GVAFQNSSKSIDFFLNNLTTFIDNGLTEIAISDLPYDIVQQEISQFLQGSNEWKTLDAMLFNLDKGDING
AFRKLLQSAKDNNIKFRAIGHSDNSVPPFNNPYKSLYYKGNIIAEAIEKLDREGQKFVVFADSSLLNSTP
GTGRPMPGLVQYLKIPATVVDSDGAWQFLPDVASSRVPIEVTELENWQVLTPPQGKILGLKQFKLTAGFP
TEQSRLPLLENSVSEDLREELMQKIDAIKNDVKMNSLVCMEAGSCDSVSPKVAARLKDMGLEAGMGASIT
WWRREGGMEFSHQMHTTASFKFAGKEFAVDASHLQFVHDQLDTTILILPVDDWALEIAQRNRAINPFVEY
VSKTGNMLALFMPPLFTKPRLTRAL

>AAK26629.1
MKINKKYLVGSAAALILSVCSYELGLYQARTVKENNRVSYIDGKQATQKTENLTPDEVSKREGINAEQIV
IKITDQGYVTSHGDHYHYYNGKVPYDAIISEELLMKDPNYQLKDEDIISEIKGGYVIKVDGKYYVYLKDA
AHADNVRTKEEINRQKQEHSQHREGGTPRNDGAVALARSQGRYTTDDGYIFNASDIIEDTGDAYIVPHGD
HYHYIPKNELSASELAAAKAFLSGRGNLSNSRTYRRQNSDNTSRTNWVPSVSNPGTTNTNTSNNSNTNSQ
ASQSNDIDSLLKQLYKLPLSQRHVESDGLIFDPAQITSRTANGVAVPHGDHYHFIPYSQLSPLEEKLARI
IPLRYRSNHWVPDSRPEQPSPQSTPEPSPSPQPAPNPQPAPSNPIDEKLVKEAVRKVGDGYVFEENGVPR
YIPAKDLSAETAAGIDSKLAKQESLSHKLGAKKTDLPSSDREFYNKAYDLLARIHQDLLDNKGRQVDFEA
LDNLLERLKDVSSDKVKLVDDILAFLAPIRHPERLGKPNAQITYTDDEIQVAKLAGKYTTEDGYIFDPRD
ITSDEGDAYVTPHMTHSHWIKKDSLSEAERAAAQAYAKEKGLTPPSTDHQDSGNTEAKGAEAIYNRVKAA
KKVPLDRMPYNLQYTVEVKNGSLIIPHYDHYHNIKFEWFDEGLYEAPKGYSLEDLLATVKYYVEHPNERP
HSDNGFGNASDHVQRNKNGQADTNQTEKPNEEKPQTEKPEEETPREEKPQSEKPESPKPTEEPEEESPEE
SPEESEEPQVETEKVKEKLREAEDLLGKIQNPIIKSNAKETLTGLKNNLLFGTQDNNTIMAEAEKLLALL
KESK

>Q9RB65.2
MKSQFSWLVLSSTLACFTSCSTVFAATAENIGPSDSFDGSTNTGTYTPKNTTTGIDYTLTGDITLQNLGD
SAALTKGCFSDTTESLSFAGKGYSLSFLNIKSSAEGAALSVTTDKNLSLTGFSSLTFLAAPSSVITTPSG
KGAVKCGGDLTFDNNGTILFKQDYCEENGGAISTKNLSLKNSTGSISFEGNKSSATGKKGGAICATGTVD
ITNNTAPTLFSNNIAEAAGGAINSTGNCTITGNTSLVFSENSVTATAGNGGALSGDADVTISGNQSVTFS
GNQAVANGGAIYAKKLTLASGGGGGISFSNNIVQGTTAGNGGAISILAAGECSLSAEAGDITFNGNAIVA
TTPQTTKRNSIDIGSTAKITNLRAISGHSIFFYDPITANTAADSTDTLNLNKADAGNSTDYSGSIVFSGE
KLSEDEAKVADNLTSTLKQPVTLTAGNLVLKRGVTLDTKGFTQTAGSSVIMDAGTTLKASTEEVTLTGLS
IPVDSLGEGKKVVIAASAASKNVALSGPILLLDNQGNAYENHDLGKTQDFSFVQLSALGTATTTDVPAVP
TVATPTHYGYQGTWGMTWVDDTASTPKTKTATLAWTNTGYLPNPERQGPLVPNSLWGSFSDIQAIQGVIE
RSALTLCSDRGFWAAGVANFLDKDKKGEKRKYRHKSGGYAIGGAAQTCSENLISFAFCQLFGSDKDFLVA
KNHTDTYAGAFYIQHITECSGFIGCLLDKLPGSWSHKPLVLEGQLAYSHVSNDLKTKYTAYPEVKGSWGN
NAFNMMLGASSHSYPEYLHCFDTYAPYIKLNLTYIRQDSFSEKGTEGRSFDDSNLFNLSLPIGVKFEKFS
DCNDFSYDLTLSYVPDLIRNDPKCTTALVISGASWETYANNLARQALQVRAGSHYAFSPMFEVLGQFVFE
VRGSSRIYNVDLGGKFQF

>BAB62098.1
MRRAENNKHSRYSIRKLSVGVTSIAIASLFLGKVAYAVDGIPPISLTQKTTATTSENWHHIDKDGLIPLG
ISLEAAKEEFKKEVEESRLSEAQKETYKQKIKTAPDKDKLLFTYHSEYMTAVKDLPASTESTTQPVEAPV
QETQASASDSMVTGDSTSVTTDSPEETPSSESPVAPALSEAPAQPAESEEPSVAASSEETPSPSTPAAPS
TPAAPETPEEPAAPSQPAESEESSVAATTSPSPSTPAESETQTPPAVTKDSDKPSSAAEKPAASSLVSEQ
TVQQPTSKRSSDKKEEQEQSYSPNRSLSRQVRAHESGKYLPSTGEKAQPLFIATMTLMSLFGSLLVTKRQ
KETKK

>AAK92094.1
MNMSLSRIVKAAPLRRTTLAMALGALGAAPAAHADWNNQSIVKTGERQHGIHIQGSDPGGVRTASGTTIK
VSGRQAQGILLENPAAELQFRNGSVTSSGQLSDDGIRRFLGTVTVKAGKLVADHATLANVGDTWDDDGIA
LYVAGEQAQASIADSTLQGAGGVQIERGANVTVQRSAIVDGGLHIGALQSLQPEDLPPSRVVLRDTNVTA
VPASGAPAAVSVLGASELTLDGGHITGGRAAGVAAMQGAVVHLQRATIRRGDAPAGGAVPGGAVPGGAVP
GGFGPGGFGPVLDGWYGVDVSGSSVELAQSIVEAPELGAAIRVGRGARVTVSGGSLSAPHGNVIETGGAR

RFAPQAAPLSITLQAGAHAQGKALLYRVLPEPVKLTLTGGADAQGDIVATELPSIPGTSIGPLDVALASQ
ARWTGATRAVDSLSIDNATWVMTDNSNVGALRLASDGSVDFQQPAEAGRFKVLTVNTLAGSGLFRMNVFA
DLGLSDKLVVMQDASGQHRLWVRNSGSEPASANTLLLVQTPLGSAATFTLANKDGKVDIGTYRYRLAANG
NGQWSLVGAKAPPAPKPAPQPGPQPPQPPQPQPEAPAPQPPAGRELSAAANAAVNTGGVGLASTLWYAES
NALSKRLGELRLNPDAGGAWGRGFAQRQQLDNRAGRRFDQKVAGFELGADHAVAVAGGRWHLGGLAGYTR
GDRGFTGDGGGHTDSVHVGGYATYIADSGFYLDATLRASRLENDFKVAGSDGYAVKGKYRTHGVGASLEA
GRRFTHADGWFLEPQAELAVFRAGGGAYRAANGLRVRDEGGSSVLGRLGLEVGKRIELAGGRQVQPYIKA
SVLQEFDGAGTVHTNGIAHRTELRGTRAELGLGMAAALGRGHSLYASYEYSKGPKLAMPWTFHAGYRYSW

>NP_212737.1
MKSHILYKLIIFLTTSAAIFAADALKEKDIFKINPWMPTFGFENTSEFRLDMDELVPGFENKSKITIKLK
PFEANPELGKDDPFSAYIKVEDLALKAEGKKGDQFKIDVGDITAQINMYDFFIKISTMTDFDFNKESLFS
FAPMTGFKSTYYGFPSNDRAVRGTILARGTSKNIGTIQLGYKLPKLDLTFAIGGTGTGNRNQENDKDTPY
NKTYQGILYGIQATWKPIKNLLDQNEDTKSVIAETPFELNFGLSGAYGNETFNNSSITYSLKDKSVVGND
LLSPTLSNSAILASFGAKYKLGLTKINDKNTYLILQMGTDFGIDPFASDFSIFGHISKAANFKKETPSDP
NKKAEIFDPNGNALNFSKNTELGIAFSTGASIGFAWNKDTGEKESWAIKGSDSYSTRLFGEQDKKSGVAL
GISYGQNLYRSKDTEKRLKTISENAFQSLNVEISSYEDNKKGIINGLGWITSIGLYDILRQKSVENYPTT
ISSTTENNQTEQSSTSTKTTTPNLTFEDAMKLGLALYLDYAIPIASISTEAYVVPYIGAYILGPSNKLSS
DATKIYLKTGLSLEKLIRFTTISLGWDSNNIIELANKNTNNAAIGSAFLQFKIAYSGS

>NP_250397.1
MEVRNLNAARELFLDELLAASAAPASAEQEELLALLRSERIVLAHAGQPLSEAQVLKALAWLLAANPSAP
PGQGLEVLREVLQARRQPGAQWDLREFLVSAYFSLHGRLDEDVIGVYKDVLQTQDGKRKALLDELKALTA
ELKVYSVIQSQINAALSAKQGIRIDAGGIDLVDPTLYGYAVGDPRWKDSPEYALLSNLDTFSGKLSIKDF
LSGSPKQSGELKGLSDEYPFEKDNNPVGNFATTVSDRSRPLNDKVNEKTTLLNDTSSRYNSAVEALNRFI
QKYDSVLRDILSAI

>NP_250468.1
MKLKNTLGVVIGSLVAASAMNAFAQGQNSVEIEAFGKRYFTDSVRNMKNADLYGGSIGYFLTDDVELALS
YGEYHDVRGTYETGNKKVHGNLTSLDAIYHFGTPGVGLRPYVSAGLAHQNITNINSDSQGRQQMTMANIG
AGLKYYFTENFFAKASLDGQYGLEKRDNGHQGEWMAGLGVGFNFGGSKAAPAPEPVADVCSDSDNDGVCD
NVDKCPDTPANVTVDANGCPAVAEVVRVQLDVKFDFDKSKVKENSYADIKNLADFMKQYPSTSTTVEGHT
DSVGTDAYNQKLSERRANAVRDVLVNEYGVEGGRVNAVGYGESRPVADNATAEGRAINRRVEAEVEAEAK

>NP_214989.1
MAENSNIDDIKAPLLAALGAADLALATVNELITNLRERAEETRTDTRSRVEESRARLTKLQEDLPEQLTE
LREKFTAEELRKAAEGYLEAATSRYNELVERGEAALERLRSQQSFEEVSARAEGYVDQAVELTQEALGTV
ASQTRAVGERAAKLVGIELPKKAAPAKKAAPAKKAAPAKKAAAKKAPAKKAAAKKVTQK

>NP_215690.1
MRLSLTALSAGVGAVAMSLTVGAGVASADPVDAVINTTCNYGQVVAALNATDPGAAAQFNASPVAQSYLR
NFLAAPPPQRAAMAAQLQAVPGAAQYIGLVESVAGSCNNY

>NP_216402.1
MTDVSRKIRAWGRRLMIGTAAAVVLPGLVGLAGGAATAGAFSRPGLPVEYLQVPSPSMGRDIKVQFQSGG
NNSPAVYLLDGLRAQDDYNGWDINTPAFEWYYQSGLSIVMPVGGQSSFYSDWYSPACGKAGCQTYKWETF
LTSELPQWLSANRAVKPTGSAAIGLSMAGSSAMILAAYHPQQFIYAGSLSALLDPSQGMGPSLIGLAMGD
AGGYKAADMWGPSSDPAWERNDPTQQIPKLVANNTRLWVYCGNGTPNELGGANIPAEFLENFVRSSNLKF
QDAYNAAGGHNAVFNFPPNGTHSWEYWGAQLNAMKGDLQSSLGAG

>NP_216424.1
MPEQHPPITETTTGAASNGCPVVGHMKYPVEGGGNQDWWPNRLNLKVLHQNPAVADPMGAAFDYAAEVAT
IDVDALTRDIEEVMTTSQPWWPADYGHYGPLFIRMAWHAAGTYRIHDGRGGAGGGMQRFAPLNSWPDNAS
LDKARRLLWPVKKKYGKKLSWADLIVFAGNCALESMGFKTFGFGFGRVDQWEPDEVYWGKEATWLGDERY
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SGKRDLENPLAAVQMGLIYVNPEGPNGNPDPMAAAVDIRETFRRMAMNDVETAALIVGGHTFGKTHGAGP
ADLVGPEPEAAPLEQMGLGWKSSYGTGTGKDAITSGIEVVWTNTPTKWDNSFLEILYGYEWELTKSPAGA
WQYTAKDGAGAGTIPDPFGGPGRSPTMLATDLSLRVDPIYERITRRWLEHPEELADEFAKAWYKLIHRDM
GPVARYLGPLVPKQTLLWQDPVPAVSHDLVGEAEIASLKSQIRASGLTVSQLVSTAWAAASSFRGSDKRG
GANGGRIRLQPQVGWEVNDPDGDLRKVIRTLEEIQESFNSAAPGNIKVSFADLVVLGGCAAIEKAAKAAG
HNITVPFTPGRTDASQEQTDVESFAVLEPKADGFRNYLGKGNPLPAEYMLLDKANLLTLSAPEMTVLVGG
LRVLGANYKRLPLGVFTEASESLTNDFFVNLLDMGITWEPSPADDGTYQGKDGSGKVKWTGSRVDLVFGS
NSELRALVEVYGADDAQPKFVQDFVAAWDKVMNLDRFDVR

>NP_216442.1
MKLTTMIKTAVAVVAMAAIATFAAPVALAAYPITGKLGSELTMTDTVGQVVLGWKVSDLKSSTAVIPGYP
VAGQVWEATATVNAIRGSVTPAVSQFNARTADGINYRVLWQAAGPDTISGATIPQGEQSTGKIYFDVTGP
SPTIVAMNNGMEDLLIWEP

>NP_216496.1
MRIKIFMLVTAVVLLCCSGVATAAPKTYCEELKGTDTGQACQIQMSDPAYNINISLPSYYPDQKSLENYI
AQTRDKFLSAATSSTPREAPYELNITSATYQSAIPPRGTQAVVLKVYQNAGGTHPTTTYKAFDWDQAYRK
PITYDTLWQADTDPLPVVFPIVQGELSKQTGQQVSIAPNAGLDPVNYQNFAVTNDGVIFFFNPGELLPEA
AGPTQVLVPRSAIDSMLA

>NP_216547.1
MATTLPVQRHPRSLFPEFSELFAAFPSFAGLRPTFDTRLMRLEDEMKEGRYEVRAELPGVDPDKDVDIMV
RDGQLTIKAERTEQKDFDGRSEFAYGSFVRTVSLPVGADEDDIKATYDKGILTVSVAVSEGKPTEKHIQI
RSTN

>NP_217389.1
MINVQAKPAAAASLAAIAIAFLAGCSSTKPVSQDTSPKPATSPAAPVTTAAMADPAADLIGRGCAQYAAQ
NPTGPGSVAGMAQDPVATAASNNPMLSTLTSALSGKLNPDVNLVDTLNGGEYTVFAPTNAAFDKLPAATI
DQLKTDAKLLSSILTYHVIAGQASPSRIDGTHQTLQGADLTVIGARDDLMVNNAGLVCGGVHTANATVYM
IDTVLMPPAQ

>NP_218391.1
MAEMKTDAATLAQEAGNFERISGDLKTQIDQVESTAGSLQGQWRGAAGTAAQAAVVRFQEAANKQKQELD
EISTNIRQAGVQYSRADEEQQQALSSQMGF

>NP_222731.1
MKFQPLGERVLVERLEEENKTSSGIIIPDNAKEKPLMGVVKAVSHKISEGCKCVKEGDVIAFGKYKGAEI
VLDGTEYMVLELEDILGIVGSGSCCHTGNHDHKHAKEHEACCHDHKKH

>NP_222744.1
MSVTLINNENNARYEFETIECTRGPKAVDFSKLFETTGFFSYDPGYSSTAGCQSKISYINGKKGELYYRG
HRIEDLVAKYKYVDVCRLLLTGELPKNQDESLEFELELRHRSFVHESLLNMFSAFPSNAHPMAKLSSGVS
ILSTLYSTHQNMHTEEDYQTMARRIVAKIPTLAAICYRNEVGAPIIYPDIARSYVENILFMLRGYPYSRL
KHTTQGEVGITPLEVEAFDKILTLHADHGQNASSTTVRNVASTGVHPYAAISAGISALWGHLHGGANEKV
LLQLEEIGDVKNVDKYIARVKDKNDNFKLMGFGHRVYKSYDPRAKILKGLKDELHQKGVKMDERLSEIAA
KVEEIALKDEYFIERNLYPNVDFYSGTILRALKIPVRFFTPVFVIGRTVGWCAQLLEHVKSPQARITRPR
QVYVGD

>NP_224227.1
MKIPLRFLLISLVPTLSMSNLLGAATTEELSASNSFDGTTSTTSFSSKTSSATDGTNYVFKDSVVIENVP
KTGETQSTSCFKNDAAAGDLNFLGGGFSFTFSNIDATTASGAAIGSEAANKTVTLSGFSALSFLKSPAST
VTNGLGAINVKGNLSLLDNDKVLIQDNFSTGDGGAINCAGSLKIANNKSLSFIGNSSSTRGGAIHTKNLT
LSSGGETLFQGNTAPTAAGKGGAIAIADSGTLSISGDSGDIIFEGNTIGATGTVSHSAIDLGTSAKITAL
RAAQGHTIYFYDPITVTGSTSVADALNINSPDTGDNKEYTGTIVFSGEKLTEAEAKDEKNRTSKLLQNVA

FKNGTVVLKGDVVLSANGFSQDANSKLIMDLGTSLVANTESIELTNLEINIDSLRNGKKIKLSAATAQKD
IRIDRPVVLAISDESFYQNGFLNEDHSYDGILELDAGKDIVISADSRSIDAVQSPYGYQGKWTINWSTDD
KKATVSWAKQSFNPTAEQEAPLVPNLLWGSFIDVRSFQNFIELGTEGAPYEKRFWVAGISNVLHRSGREN
QRKFRHVSGGAVVGASTRMPGGDTLSLGFAQLFARDKDYFMNTNFAKTYAGSLRLQHDASLYSVVSILLG
EGGLREILLPYVSKTLPCSFYGQLSYGHTDHRMKTESLPPPPPTLSTDHTSWGGYVWAGELGTRVAVENT
SGRGFFQEYTPFVKVQAVYARQDSFVELGAISRDFSDSHLYNLAIPLGIKLEKRFAEQYYHVVAMYSPDV
CRSNPKCTTTLLSNQGSWKTKGSNLARQAGIVQASGFRSLGAAAELFGNFGFEWRGSSRSYNVDAGSKIK
F>NP_224506.1
MKKLLFSTFLLVLGSTSAAHANLGYVNLKRCLEESDLGKKETEELEAMKQQFVKNAEKIEEELTSIYNKL
QDEDYMESLSDSASEELRKKFEDLSGEYNAYQSQYYQSINQSNVKRIQKLIQEVKIAAESVRSKEKLEAI
LNEEAVLAIAPGTDKTTEIIAILNESFKKQN

>NP_224995.1
MFEAVIADIQAREILDSRGYPTLHVKVTTSTGSVGEARVPSGASTGKKEALEFRDTDSPRYQGKGVLQAV
KNVKEILFPLVKGCSVYEQSLIDSLMMDSDGSPNKETLGANAILGVSLATAHAAAATLRRPLYRYLGGCF
ACSLPCPMMNLINGGMHADNGLEFQEFMIRPIGASSIKEAVNMGADVFHTLKKLLHERGLSTGVGDEGGF
APNLASNEEALELLLLAIEKAGFTPGKDISLALDCAASSFYNVKTGTYDGRHYEEQIAILSNLCDRYPID
SIEDGLAEEDYDGWALLTEVLGEKVQIVGDDLFVTNPELILEGISNGLANSVLIKPNQIGTLTETVYAIK
LAQMAGYTTIISHRSGETTDTTIADLAVAFNAGQIKTGSLSRSERVAKYNRLMEIEEELGSEAIFTDSNV
FSYEDSEE

>NP_218698.1
MRGTYCVTLWGGVFAALVAGCASERMIVAYRGAAGYVPEHTFASKVLAFAQGADYLQQDVVLSKDNQLIV
AQSHILDNMTDVAEKFPRRQRADGHFYVIDFTVEELSLLRATNSFYTRGKRHTPVYGQRFPLWKPGFRLH
TFEEELQFIRGLEQTTGKKIGIYSEIKVPWFHHQEGKDIAALTLALLKKYGYQSRSDLVYVQTYDFNELK
RIKRELLPKYEMNVKLIQRVAYTDQRETQEKDSRGKWINYNYNWMFEPGGMQKIAKYADGVGPDWRMLIE
NEWSKVGAVRLSPMVSAIQDAKLECHVHTVRKETLPSYARTMDEMFSILFKQTGANVVLTDFPDLGVKFL
GKPARY

>NP_219206.1
MKTRNFSLVSALYVLLGVPLFVSAASYDDNEFSRKSRAYSELAEKTYDAGEYDVSAEYARLAEDFAQKSS
VYIKETMARTTAEDAMNAARTRHAWAKNERIDRAYPTEYLLASEAIKTGGLAFDSKQYDVALTWARKALD
ALKNVKPESQLLAKAAKEEAARKAAEARKLEEQRIAAQKAQEERKRAEEEAARKAAEARKLEEQRIAAQK
AQEERKRAEEEAARKAAEEAARKAEELEKGRVLPAQYKVTTWSIDRECFWNIAKNPAVYGNPFLWKKLYE
ANKDKIPQSKNPNWVEPETVLVIPSLKGEEREGLYEPNVKYRPLP

>NP_219475.1
MNMCTDGKKYHSTATSAAVGASAPGVPDARAIAAICEQLRQHVADLGVLYIKLHNYHWHIYGIEFKQVHE
LLEEYYVSVTEAFDTIAERLLQLGAQAPASMAEYLALSGIAEETEKEITIVSALARVKRDFEYLSTRFSQ
TQVLAAESGDAVTDGIITDILRTLGKAIWMLGATLKA

>NP_273914.1
MKHTVSASVILLLTACAQLPQNNENLWQPSEHISSFAAEGRLAVKAEGKGSYANFDWTYQPPVETININT
PLGSTLGQLCQDRDGALAVDGKGNVYQAESAEELSRQLVGFKLPIQYLHIWADGRRVAGAPYRILPDGIL
EQYGWTVGRTADSGGQVRTLQLNNGNLNIRLVFTEIGMPSETETPERCAARTR

>NP_274190.1
MMNPKTLSRLSLCAAVLALTACGGNGQKSLYYYGGYPDTVYEGLKNDDTSLGKQTEKMEKYFVEAGNKKM
NAAPGAHAHLGLLLSRSGDKEGAFRQFEEEKRLFPESGVFMDFLMKTGKGGKR

>1DYQ_A
MSEKSEEINEKDLRKKSELQGTALGNLKQIYYYNEKAKTENKESHDQFRQHTILFKGFFTDHSWYNDLLV
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RFDSKDIVDKYKGKKVDLYGAYAGYQCAGGTPNKTACMYGGVTLHDNNRLTEEKKVPINLWLDGKQNTVP
LETVKTNKKNVTVQELDLQARRYLQEKYNLYNSDVFDGKVQRGLIVFHTSTEPSVNYDLFGAQGQYSNTL
LRIYRDNKTINSENMHIDIYLYTS

>NP_345151.1
MKKSTVLSLTTAAVILAAYAPNEVVLADTSSSEDALNISDKEKVAENKEKHENIHSAMETSQDFKEKKTA
VIKEKEVVSKNPVIDNNTSNEEAKIKEENSNKSQGDYTDSFVNKNTENPKKEDKVVYIAEFKDKESGEKA
IKELSSLKNTKVLYTYDRIFNGSAIETTPDNLDKIKQIEGISSVERAQKVQPMMNHARKEIGVEEAIDYL
KSINAPFGKNFDGRGMVISNIDTGTDYRHKAMRIDDDAKASMRFKKEDLKGTDKNYWLSDKIPHAFNYYN
GGKITVEKYDDGRDYFDPHGMHIAGILAGNDTEQDIKNFNGIDGIAPNAQIFSYKMYSDAGSGFAGDETM
FHAIEDSIKHNVDVVSVSSGFTGTGLVGEKYWQAIRALRKAGIPMVVATGNYATSASSSSWDLVANNHLK
MTDTGNVTRTAAHEDAIAVASAKNQTVEFDKVNIGGESFKYRNIGAFFDKSKITTNEDGTKAPSKLKFVY
IGKGQDQDLIGLDLRGKIAVMDRIYTKDLKNAFKKAMDKGARAIMVVNTVNYYNRDNWTELPAMGYEADE
GTKSQVFSISGDDGVKLWNMINPDKKTEVKRNNKEDFKDKLEQYYPIDMESFNSNKPNVGDEKEIDFKFA
PDTDKELYKEDIIVPAGSTSWGPRIDLLLKPDVSAPGKNIKSTLNVINGKSTYGYMSGTSMATPIVAAST
VLIRPKLKEMLERPVLKNLKGDDKIDLTSLTKIALQNTARPMMDATSWKEKSQYFASPRQQGAGLINVAN
ALRNEVVATFKNTDSKGLVNSYGSISLKEIKGDKKYFTIKLHNTSNRPLTFKVSASAITTDSLTDRLKLD
ETYKDEKSPDGKQIVPEIHPEKVKGANITFEHDTFTIGANSSFDLNAVINVGEAKNKNKFVESFIHFESV
EEMEALNSNGKKINFQPSLSMPLMGFAGNWNHEPILDKWAWEEGSRSKTLGGYDDDGKPKIPGTLNKGIG
GEHGIDKFNPAGVIQNRKDKNTTSLDQNPELFAFNNEGINAPSSSGSKIANIYPLDSNGNPQDAQLERGL
TPSPLVLRSAEEGLISIVNTNKEGENQRDLKVISREHFIRGILNSKSNDAKGIKSSKLKVWGDLKWDGLI
YNPRGREENAPESKDNQDPATKIRGQFEPIAEGQYFYKFKYRLTKDYPWQVSYIPVKIDNTAPKIVSVDF
SNPEKIKLITKDTYHKVKDQYKNETLFARDQKEHPEKFDEIANEVWYAGAALVNEDGEVEKNLEVTYAGE
GQGRNRKLDKDGNTIYEIKGAGDLRGKIIEVIALDGSSNFTKIHRIKFANQADEKGMISYYLVDPDQDSS
KYQKLGEIAESKFKNLGNGKEGSLKKDTTGVEHHHQENEESIKEKSSFTIDRNISTIRDFENKDLKKLIK
KKFREVDDFTSETGKRMEEYDYKYDDKGNIIAYDDGTDLEYETEKLDEIKSKIYGVLSPSKDGHFEILGK
ISNVSKNAKVYYGNNYKSIEIKATKYDFHSKTMTFDLYANINDIVDGLAFAGDMRLFVKDNDQKKAEIKI
RMPEKIKETKSEYPYVSSYGNVIELGEGDLSKNKPDNLTKMESGKIYSDSEKQQYLLKDNIILRKGYALK
VTTYNPGKTDMLEGNGVYSKEDIAKIQKANPNLRALSETTIYADSRNVEDGRSTQSVLMSALDGFNIIRY
QVFTFKMNDKGEAIDKDGNLVTDSSKLVLFGKDDKEYTGEDKFNVEAIKEDGSMLFIDTKPVNLSMDKNY
FNPSKSNKIYVRNPEFYLRGKISDKGGFNWELRVNESVVDNYLIYGDLHIDNTRDFNIKLNVKDGDIMDW
GMKDYKANGFPDKVTDMDGNVYLQTGYSDLNAKAVGVHYQFLYDNVKPEVNIDPKGNTSIEYADGKSVVF
NINDKRNNGFDGEIQEQHIYINGKEYTSFNDIKQIIDKTLNIKIVVKDFARNTTVKEFILNKDTGEVSEL
KPHRVTVTIQNGKEMSSTIVSEEDFILPVYKGELEKGYQFDGWEISGFEGKKDAGYVINLSKDTFIKPVF
KKIEEKKEEENKPTFDVSKKKDNPQVNHSQLNESHRKEDLQREEHSQKSDSTKDVTATVLDKNNISSKST
TNNPNKLPKTGTASGAQTLLAAGIMFIVGIFLGLKKKNQD

>NP_357715.1
MNKKKMILTSLASVAILGAGFVASQPTVVRAEESPVASQSKAEKDYDAAKKDAKNAKKAVEDAQKALDDA
KAAQKKYDEDQKKTEEKAALEKAASEEMDKAVAAVQQAYLAYQQATDKAAKDAADKMIDEAKKREEEAKT
KFNTVRAMVVPEPEQLAETKKKSEEAKQKAPELTKKLEEAKAKLEEAEKKATEAKQKVDAEEVAPQAKIA
ELENQVHRLEQELKEIDESESEDYAKEGFRAPLQSKLDAKKAKLSKLEELSDKIDELDAEIAKLEDQLKA
AEENNNVEDYFKEGLEKTIAAKKAELEKTEADLKKAVNEPEKPAPAPETPAPEAPAEQPKPAPAPQPAPA
PKPEKPAEQPKPEKTDDQQAEEDYARRSEEEYNRLTQQQPPKAEKPAPAPKTGWKQENGMWYFYNTDGSM
ATGWLQNNGSWYYLNSNGAMATGWLQYNGSWYYLNANGAMATGWAKVNGSWYYLNANGAMATGWLQYNGS
WYYLNANGAMATGWAKVNGSWYYLNANGAMATGWLQYNGSWYYLNANGAMATGWAKVNGSWYYLNANGAM
ATGWVKDGDTWYYLEASGAMKASQWFKVSDKWYYVNGLGALAVNTTVDGYKVNANGEWV

>NP_373278.1
MKKIKIVPLILIVVVVGFGIYFYASKDKEINNTIDAIEDKNFKQVYKDSSYISKSDNGEVEMTERPIKIY
NSLGVKDINIQDRKIKKVSKNKKRVDAQYKIKTNYGNIDRNVQFNFVKEDGMWKLDWDHSVIIPGMQKDQ
SIHIENLKSERGKILDRNNVELANTGTAYEIGIVPKNVSKKDYKAIAKELSISEDYIKQQMDQNWVQDDT
FVPLKTVKKMDEYLSDFAKKFHLTTNETESRNYPLGKATSHLLGYVGPINSEELKQKEYKGYKDDAVIGK
KGLEKLYDKKLQHEDGYRVTIVDDNSNTIAHTLIEKKKKDGKDIQLTIDAKVQKSIYNNMKNDYGSGTAI

HPQTGELLALVSTPSYDVYPFMYGMSNEEYNKLTEDKKEPLLNKFQITTSPGSTQKILTAMIGLNNKTLD
DKTSYKIDGKGWQKDKSWGGYNVTRYEVVNGNIDLKQAIESSDNIFFARVALELGSKKFEKGMKKLGVGE
DIPSDYPFYNAQISNKNLDNEILLADSGYGQGEILINPVQILSIYSALENNGNINAPHLLKDTKNKVWKK
NIISKENINLLTDGMQQVVNKTHKEDIYRSYANLIGKSGTAELKMKQGETGRQIGWFISYDKDNPNMMMA
INVKDVQDKGMASYNAKISGKVYDELYENGNKKYDIDE

>NP_395165.1
MIRAYEQNPQHFIEDLEKVRVEQLTGHGSSVLEELVQLVKDKNIDISIKYDPRKDSEVFANRVITDDIEL
LKKILAYFLPEDAILKGGHYDNQLQNGIKRVKEFLESSPNTQWELRAFMAVMHFSLTADRIDDDILKVIV
DSMNHHGDARSKLREELAELTAELKIYSVIQAEINKHLSSSGTINIHDKSINLMDKNLYGYTDEEIFKAS
AEYKILEKMPQTTIQVDGSEKKIVSIKDFLGSENKRTGALGNLKNSYSYNKDNNELSHFATTCSDKSRPL
NDLVSQKTTQLSDITSRFNSAIEALNRFIQKYDSVMQRLLDDTSGK

>NP_395430.1
MKKISSVIAIALFGTIATANAADLTASTTATATLVEPARITLTYKEGAPITIMDNGNIDTELLVGTLTLG
GYKTGTTSTSVNFTDAAGDPMYLTFTSQDGNNHQFTTKVIGKDSRDFDISPKVNGENLVGDDVVLATGSQ
DFFVRSIGSKGGKLAAGKYTDAVTVTVSNQ

>NP_438542.1
MNKFVKSLLVAGSVAALAACSSSNNDAAGNGAAQTFGGYSVADLQQRYNTVYFGFDKYDITGEYVQILDA
HAAYLNATPAAKVLVEGNTDERGTPEYNIALGQRRADAVKGYLAGKGVDAGKLGTVSYGEEKPAVLGHDE
AAYSKNRRAVLAY

>NP_438563.1
MKKFNQSLLATAMLLAAGGANAAAFQLAEVSTSGLGRAYAGEAAIADNASVVATNPALMSLFKTAQFSTG
GVYVDSRINMNGDVTSHATIITSSSGIKAIEGGSASARNVVPGAFVPNLYFVAPVNDKFALGAGMNVNFG
LKSEYDDSYDAGIFGGKTDLSAINLNLSGAYRVTEGLSLGLGVNAVYAKAQVERNAGIIADSVKDNQVKT
ALTVQQEPLKFLDKYLPSKDTSVVSLQDRAAWGFGWNAGVMYQFNEANRIGLAYHSKVDIDFTDRTATSV
EANVIKAGKKGDLTLTLPDYLELSGFHQLTDKLAVHYSYKYTHWSRLTKLNASFEDGKKAFDKELQYSNN
SRVALGASYNLDEKLTLRAGIAYDQAASRHQRSAAIPDTDRTWYSLGATYKFTPNLSVDLGYAYLKGKKV
HFKEVKTIGDERSLTLNTTANYTSQAHANLYGLNLNYSF

>NP_539319.1
MQYSDRHWSPYWAQDFSGSLDVTASGFVGGVQAGYNWQLANGLVLGGEADFQGSTVKSKLVDNGDLSDIG
VAGNLSGDESFGLETKVQWFGTVRARLGFTPTERLMVYGTGGLAYGKVKTSLSAYDDGESFSAGNSKTKA
GWTLGAGVEYAVTNNWTLKSEYLYTDLGKRSFNYIDEENVNINMENKVNFHTVRLGLNYKF

>NP_539453.1
MNTRASNFLAASFSTIMLVGAFSLPAFAQENQMTTQPARIAVTGEGMMTASPDMAILNLSVLRQAKTARE
AMTANNEAMTKVLDAMKKAGIEDRDLQTGGINIQPIYVYPDDKNNLKEPTITGYSVSTSLTVRVRELANV
GKILDESVTLGVNQGGDLNLVNDNPSAVINEARKRAVANAIAKAKTLADAAGVGLGRVVEISELSRPPMP
MPIARGQFRTMLAAAPDNSVPIAAGENSYNVSVNVVFEIK

>NP_539986.1
MTRSEGLNMQVTETLNEGLKREIKVVVPAGDLEAKLAERLETARGRARINGFRPGKVPTAHLRKMYGKSF
MAEIVNEILNDSSRSILAERNEKSATQPEVIMSEDEKEAEKVLDGKADFVFSLNYEVLPAIEVKDFSKIA
VTREVVDISDEEVDEQVKRIASSTRTFETKKGKAENEDRVTIDYLGKLDGEPFEGGADNDAQLVLGSGQF
IPGFEEQLIGLKAGDEKVITVTFPAEYGAAHLAGKEATFDIKVKEVAKPNELVLDDETAKKLGIESLERL
RQVVREQIESQYGQITRQKVKRQILDALDGDYQFETPQKLVDAEFNNIWQQINFDLQQAGRTFEDEETTE
EAAREEYRKLAERRVRLGLVLSEIGEKAGVEVTEEELQRAVYDQVRRYPGQEKEIYDFLRRTPDAVANLR
APIFEEKVVDHLLANINVTDKKVSKEELTAEDEDAASEAKPAKKAAAKKKAAPKKKAEEGKSEEA

>NP_540166.1
MRTLKSLVIVSAALLPFSATAFAADAIQEQPPVPAPVEVAPQYSWAGGYTGLYLGYGWNKAKTSTVGSIK
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PDDWKAGAFAGWNFQQDQIVYGVEGDAGYSWAKKSKDGLEVKQGFEGSLRARVGYDLNPVMPYLTAGIAG
SQIKLNNGLDDESKFRVGWTAGAGLEAKLTDNILGRVEYRYTQYGNKNYDLAGTTVRNKLDTQDFRVGIG
YKF

>NP_540501.1
MKNYRAIGLAFTFTALSSLSAFAASLPGGASTLQETYQDWTVSCQSQKDTTACVMRQEQSSAQAGQRVLT
AELRNVAGGKVDGVLLMPFGLDLAKGASLKIDDTAGPNLTFSTCLPQGCLAPVSFDAKQVAALKSGTNIN
VTTTALSPSQPVAFKISLKGFGAALDRIQALTK

>NP_541568.1
MAPVANAQEKQNVEVLHWWTSGGEASALEVLKKDLESKGISWTDMPVAGGGGTEAMTVLRARVTAGNAPT
AVQMLGFDIRDWAEQGALGNLDTVASKEGWEKVIPAPLQEFAKYDGHWIAAPVNIHSTNWMWINKAALDK
AGGKEPTNWDELIALLDNFKAQGITPIAHGGQPWQDATIFDAVVLSFGPDFYKKAFIDLDPEALGSDTMK
QAFDRMSKLRTYVDDNFSGRDWNLASAMVIEGKAGVQFMGDWAKGEFLKAGKKPGEDFVCMRYPGTQGAV
TFNSDMFAMFKVSEDKVPAQLEMASAIESPAFQSAFNVVKGSAPARTDVPDTAFDACGKKAIADVKEANS
KGTLLGSMAHGYANPAAVKNAIYDVVTRQFNGQLSSEDAVKELVVAVEAAK

>AAM99537.1
MKLSKKLLFSAAVLTMVAGSTVEPVAQFATGMSIVRAAEVSQERPAKTTVNIYKLQADSYKSEITSNGGI
ENKDGEVISNYAKLGDNVKGLQGVQFKRYKVKTDISVDELKKLTTVEAADAKVGTILEEGVSLPQKTNAQ
GLVVDALDSKSNVRYLYVEDLKNSPSNITKAYAVPFVLELPVANSTGTGFLSEINIYPKNVVTDEPKTDK
DVKKLGQDDAGYTIGEEFKWFLKSTIPANLGDYEKFEITDKFADGLTYKSVGKIKIGSKTLNRDEHYTID
EPTVDNQNTLKITFKPEKFKEIAELLKGMTLVKNQDALDKATANTDDAAFLEIPVASTINEKAVLGKAIE
NTFELQYDHTPDKADNPKPSNPPRKPEVHTGGKRFVKKDSTETQTLGGAEFDLLASDGTAVKWTDALIKA
NTNKNYIAGEAVTGQPIKLKSHTDGTFEIKGLAYAVDANAEGTAVTYKLKETKAPEGYVIPDKEIEFTVS
QTSYNTKPTDITVDSADATPDTIKNNKRPSIPNTGGIGTAIFVAIGAAVMAFAVKGMKRRTKDN

>AAM99541.1
MKKRQKIWRGLSVTLLILSQIPFGILVQGETQDTNQALGKVIVKKTGDNATPLGKATFVLKNDNDKSETS
HETVEGSGEATFENIKPGDYTLREETAPIGYKKTDKTWKVKVADNGATIIEGMDADKAEKRKEVLNAQYP
KSAIYEDTKENYPLVNVEGSKVGEQYKALNPINGKDGRREIAEGWLSKKITGVNDLDKNKYKIELTVEGK
TTVETKELNQPLDVVVLLDNSNSMNNERANNSQRALKAGEAVEKLIDKITSNKDNRVALVTYASTIFDGT
EATVSKGVADQNGKALNDSVSWDYHKTTFTATTHNYSYLNLTNDANEVNILKSRIPKEAEHINGDRTLYQ
FGATFTQKALMKANEILETQSSNARKKLIFHVTDGVPTMSYAINFNPYISTSYQNQFNSFLNKIPDRSGI
LQEDFIINGDDYQIVKGDGESFKLFSDRKVPVTGGTTQAAYRVPQNQLSVMSNEGYAINSGYIYLYWRDY
NWVYPFDPKTKKVSATKQIKTHGEPTTLYFNGNIRPKGYDIFTVGIGVNGDPGATPLEAEKFMQSISSKT
ENYTNVDDTNKIYDELNKYFKTIVEEKHSIVDGNVTDPMGEMIEFQLKNGQSFTHDDYVLVGNDGSQLKN
GVALGGPNSDGGILKDVTVTYDKTSQTIKINHLNLGSGQKVVLTYDVRLKDNYISNKFYNTNNRTTLSPK
SEKEPNTIRDFPIPKIRDVREFPVLTISNQKKMGEVEFIKVNKDKHSESLLGAKFQLQIEKDFSGYKQFV
PEGSDVTTKNDGKIYFKALQDGNYKLYEISSPDGYIEVKTKPVVTFTIQNGEVTNLKADPNANKNQIGYL
EGNGKHLITNTPKRPPGVFPKTGGIGTIVYILVGSTFMILTICSFRRKQL

>NP_688405.1
MKRINKYFAMFSALLLTLTSLLSVAPAFADEATTNTVTLHKILQTESNLNKSNFPGTTGLNGKDYKGGAI
SDLAGYFGEGSKEIEGAFFALALKEDKSGKVQYVKAKEGNKLTPALINKDGTPEITVNIDEAVSGLTPEG
DTGLVFNTKGLKGEFKIVEVKSKSTYNNNGSLLAASKAVPVNITLPLVNEDGVVADAHVYPKNTEEKPEI
DKNFAKTNDLTALTDVNRLLTAGANYGNYARDKATATAEIGKVVPYEVKTKIHKGSKYENLVWTDIMSNG
LTMGSTVSLKASGTTETFAKDTDYELSIDARGFTLKFTADGLGKLEKAAKTADIEFTLTYSATVNGQAII
DNPESNDIKLSYGNKPGKDLTELPVTPSKGEVTVAKTWSDGIAPDGVNVVYTLKDKDKTVASVSLTKTSK
GTIDLGNGIKFEVSGNFSGKFTGLENKSYMISERVSGYGSAINLENGKVTITNTKDSDNPTPLNPTEPKV
ETHGKKFVKTNEQGDRLAGAQFVVKNSAGKYLALKADQSEGQKTLAAKKIALDEAIAAYNKLSATDQKGE
KGITAKELIKTKQADYDAAFIEARTAYEWITDKARAITYTSNDQGQFEVTGLADGTYNLEETLAPAGFAK
LAGNIKFVVNQGSYITGGNIDYVANSNQKDATRVENKKVTIPQTGGIGTILFTIIGLSIMLGAVVIMKRR
QSKEA

>NP_688406.1
MRKYQKFSKILTLSLFCLSQIPLNTNVLGESTVPENGAKGKLVVKKTDDQNKPLSKATFVLKTTAHPESK
IEKVTAELTGEATFDNLIPGDYTLSEETAPEGYKKTNQTWQVKVESNGKTTIQNSGDKNSTIGQNQEELD
KQYPPTGIYEDTKESYKLEHVKGSVPNGKSEAKAVNPYSSEGEHIREIPEGTLSKRISEVGDLAHNKYKI
ELTVSGKTIVKPVDKQKPLDVVFVLDNSNSMNNDGPNFQRHNKAKKAAEALGTAVKDILGANSDNRVALV
TYGSDIFDGRSVDVVKGFKEDDKYYGLQTKFTIQTENYSHKQLTNNAEEIIKRIPTEAPKAKWGSTTNGL
TPEQQKEYYLSKVGETFTMKAFMEADDILSQVNRNSQKIIVHVTDGVPTRSYAINNFKLGASYESQFEQM
KKNGYLNKSNFLLTDKPEDIKGNGESYFLFPLDSYQTQIISGNLQKLHYLDLNLNYPKGTIYRNGPVKEH
GTPTKLYINSLKQKNYDIFNFGIDISGFRQVYNEEYKKNQDGTFQKLKEEAFKLSDGEITELMRSFSSKP
EYYTPIVTSADTSNNEILSKIQQQFETILTKENSIVNGTIEDPMGDKINLQLGNGQTLQPSDYTLQGNDG
SVMKDGIATGGPNNDGGILKGVKLEYIGNKLYVRGLNLGEGQKVTLTYDVKLDDSFISNKFYDTNGRTTL
NPKSEDPNTLRDFPIPKIRDVREYPTITIKNEKKLGEIEFIKVDKDNNKLLLKGATFELQEFNEDYKLYL
PIKNNNSKVVTGENGKISYKDLKDGKYQLIEAVSPEDYQKITNKPILTFEVVKGSIKNIIAVNKQISEYH
EEGDKHLITNTHIPPKGIIPMTGGKGILSFILIGGAMMSIAGGIYIWKRYKKSSDMSIKKD

>AAN37923.1
MKKTVFRLNFLTACISLGIVSQAWAGHTYFGIDYQYYRDFAENKGKFSVGAKNIEVYNKEGTLVGTSMTK
APMIDFSVVSRNGVAALVGDQYIVSVAHNGGYNSVDFGAEGPNPDQHRFTYQIVKRNNYKPGKDNPYHGD
YHMPRLHKFVTDAEPAKMTDNMNGKNYADLSKYPDRVRIGTGEQWWRTDEEQKQGSKSSWLADAYLWRIA
GNTHSQSGAGNGTVNLSGDITKPNNYGPLPTGVSFGDSGSPMFIYDAIKQKWLINGVLQTGNPFSGAGNG
FQLIRKNWFYDNVFVEDLPITFLEPRSNGHYSFTSNNNGTGTVTQTNEKVSMPQFKVRTVQLFNEALKEK
DKEPVYAAGGVNAYKPRLNNGKNIYFGDRGTGTLTIENNINQGAGGLYFEGNFTVSSENNATWQGAGVHV
GEDSTVTWKVNGVEHDRLSKIGKGTLHIQAKGENLGSISVGDGKVILDQQADENNQKQAFKEVGIVSGRA
TVQLNSADQVDPNNIYFGFRGGRLDLNGHSLTFKRIQNTDEGAMIVNHNTTQVANITITGNESITAPSNK
NNINKLDYSKEIAYNGWFGETDENKHNGRLNLIYKPTTEDRTLLLSGGTNLKGNITQEGGTLVFSGRPTP
HAYNHLNRPNELGRPQGEVVIDDDWITRTFKAENFQIKGGSAVVSRNVSSIEGNWTVSNNANAAFGVVPN
QQNTICTRSDWTGLTTCKTVDLTDTKVINSIPTTQINGSINLTDNATVNIHGLAKLNGNVTLINHSQFTL
SNNATQTGNIQLSNHANATVDNANLNGNVHLTDSAQFSLKNSHFSHQIQGDKDTTVTLENATWTMPSDAT
LQNLTLNNSTVTLNSAYSASSNNAPRHRRSLETETTPTSAEHRFNTLTVNGKLSGQGTFQFTSSLFGYKS
DKLKLSNDAEGDYTLSVRNTGKEPEALEQLTLVESKDNKPLSDKLKFTLENDHVDAGALRYKLVKNNGEF
RLHNPIKEQELRNDLVRAEQAERTLEAKQVEQTAETQTSNARVRSKRAVFSDTLPDQSQLDVLQAEQVEP
TAEKQKNKAKKVRSKRAVFSDTLPDQSQLDVLQAEQVEPTAEKQKNKAKKVRSKRAAREFSDTPLDLSRL
KVLEVKLEVINAQQQVKKEPQDQEKQRKQKDLISRYSNSALSELSATVNSMLSVQDELDRLFVDQAQSAV
WTNIAQDKRRYDSDAFRAYQQKTNLRQIGVQKALANGRIGAVFSHSRSDNTFDEQVKNHATLTMMSGFAQ
YQWGDLQFGVNVGTGISASKMAEEQSRKIHRKAINYGVNASYQFRLGQLGIQPYFGVNRYFIERENYQSE
EVKVKTPSLAFNRYNAGIRVDYTFTPTDNISVKPYFFVNYVDVSNANVQTTVNSTVLQQPFGRYWQKEVG
LKAEILHFQLSAFISKSQGSQLGKQQNVGVKLGYRW

>AAN79749.1
MIHLFKTCMITAFILGLTWSAPLRAQDQRYISIRNTDTIWLPGNICAYQFRLDNGGNDEGFGPLTITLQL
KDKYGQTLVTRKMETEAFGDSNATRTTDAFLETECVENVATTEIIKATEESNGHRVSLPLSVFDPQDYHP
LLITVSGKNVN

>NP_757168.1
MKKSLLAVMLTGLFALVSLPALGNVNLEQLKQKAESGEAKAQLELGYRYFQGNETTKDLTQAMDWFRRAA
EQGYTPAEYVLGLRYMNGEGVPQDYAQAVIWYKKAALKGLPQAQQNLGVMYHEGNGVKVDKAESVKWFRL
AAEQGRDSGQQSMGDAYFEGDGVTRDYVMAREWYSKAAEQGNVWSCNQLGYMYSRGLGVERNDAISAQWY
RKSATSGDELGQLHLADMYYFGIGVTQDYTQSRVLFSQSAEQGNSIAQFRLGYILEQGLAGAKEPLKALE
WYRKSAEQGNSDGQYYLAHLYDKGAEGVAKNREQAISWYTKSAEQGDATAQANLGAIYFRLGSEEEHKKA
VEWFRKAAAKGEKAAQFNLGNALLQGKGVKKDEQQAAIWMRKAAEQGLSAAQVQLGEIYYYGLGVERDYV
QAWAWFDTASTNDMNLFGTENRNITEKKLTAKQLQQAELLSQQYIEKYAPEAWARMQKLKAQSAVKTGNK

>NP_783831.1
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MPITINNFRYSDPVNNDTIIMMEPPYCKGLDIYYKAFKITDRIWIVPERYEFGTKPEDFNPPSSLIEGAS
EYYDPNYLRTDSDKDRFLQTMVKLFNRIKNNVAGEALLDKIINAIPYLGNSYSLLDKFDTNSNSVSFNLL
EQDPSGATTKSAMLTNLIIFGPGPVLNKNEVRGIVLRVDNKNYFPCRDGFGSIMQMAFCPEYVPTFDNVI
ENITSLTIGKSKYFQDPALLLMHELIHVLHGLYGMQVSSHEIIPSKQEIYMQHTYPISAEELFTFGGQDA
NLISIDIKNDLYEKTLNDYKAIANKLSQVTSCNDPNIDIDSYKQIYQQKYQFDKDSNGQYIVNEDKFQIL
YNSIMYGFTEIELGKKFNIKTRLSYFSMNHDPVKIPNLLDDTIYNDTEGFNIESKDLKSEYKGQNMRVNT
NAFRNVDGSGLVSKLIGLCKKIIPPTNIRENLYNRTASLTDLGGELCIKIKNEDLTFIAEKNSFSEEPFQ
DEIVSYNTKNKPLNFNYSLDKIIVDYNLQSKITLPNDRTTPVTKGIPYAPEYKSNAASTIEIHNIDDNTI
YQYLYAQKSPTTLQRITMTNSVDDALINSTKIYSYFPSVISKVNQGAQGILFLQWVRDIIDDFTNESSQK
TTIDKISDVSTIVPYIGPALNIVKQGYEGNFIGALETTGVVLLLEYIPEITLPVIAALSIAESSTQKEKI
IKTIDNFLEKRYEKWIEVYKLVKAKWLGTVNTQFQKRSYQMYRSLEYQVDAIKKIIDYEYKIYSGPDKEQ
IADEINNLKNKLEEKANKAMININIFMRESSRSFLVNQMINEAKKQLLEFDTQSKNILMQYIKANSKFIG
ITELKKLESKINKVFSTPIPFSYSKNLDCWVDNEEDIDVILKKSTILNLDINNDIISDISGFNSSVITYP
DAQLVPGINGKAIHLVNNESSEVIVHKAMDIEYNDMFNNFTVSFWLRVPKVSASHLEQYGTNEYSIISSM
KKHSLSIGSGWSVSLKGNNLIWTLKDSAGEVRQITFRDLPDKFNAYLANKWVFITITNDRLSSANLYING
VLMGSAEITGLGAIREDNNITLKLDRCNNNNQYVSIDKFRIFCKALNPKEIEKLYTSYLSITFLRDFWGN
PLRYDTEYYLIPVASSSKDVQLKNITDYMYLTNAPSYTNGKLNIYYRRLYNGLKFIIKRYTPNNEIDSFV
KSGDFIKLYVSYNNNEHIVGYPKDGNAFNNLDRILRVGYNAPGIPLYKKMEAVKLRDLKTYSVQLKLYDD
KNASLGLVGTHNGQIGNDPNRDILIASNWYFNHLKDKILGCDWYFVPTDEGWTND

>NP_854596.1
MDFGLLPPEVNSSRMYSGPGPESMLAAAAAWDGVAAELTSAAVSYGSVVSTLIVEPWMGPAAAAMAAAAT
PYVGWLAATAALAKETATQARAAAEAFGTAFAMTVPPSLVAANRSRLMSLVAANILGQNSAAIAATQAEY
AEMWAQDAAVMYSYEGASAAASALPPFTPPVQGTGPAGPAAAAAATQAAGAGAVADAQATLAQLPPGILS
DILSALAANADPLTSGLLGIASTLNPQVGSAQPIVIPTPIGELDVIALYIASIATGSIALAITNTARPWH
IGLYGNAGGLGPTQGHPLSSATDEPEPHWGPFGGAAPVSAGVGHAALVGALSVPHSWTTAAPEIQLAVQA
TPTFSSSAGADPTALNGMPAGLLSGMALASLAARGTTGGGGTRSGTSTDGQEDGRKPPVVVIREQPPPGN
PPR

>NP_857727.1
MSNFSGFTKGTDIADLDAVAQTLKKPADDANKAVNDSIAALKDKPDNPALLADLQHSINKWSVIYNINST
IVRSMKDLMQGILQKFP

>NP_880571.1
MNTNLYRLVFSHVRGMLVPVSEHCTVGNTFCGRTRGQARSGARATSLSVAPNALAWALMLACTGLPLVTH
AQGLVPQGQTQVLQGGNKVPVVNIADPNSGGVSHNKFQQFNVANPGVVFNNGLTDGVSRIGGALTKNPNL
TRQASAILAEVTDTSPSRLAGTLEVYGKGADLIIANPNGISVNGLSTLNASNLTLTTGRPSVNGGRIGLD
VQQGTVTIERGGVNATGLGYFDVVARLVKLQGAVSSKQGKPLADIAVVAGANRYDHATRRATPIAAGARG
AAAGAYAIDGTAAGAMYGKHITLVSSDSGLGVRQLGSLSSPSAITVSSQGEIALGDATVQRGPLSLKGAG
VVSAGKLASGGGAVNVAGGGAVKIASASSVGNLAVQGGGKVQATLLNAGGTLLVSGRQAVQLGAASSRQA
LSVNAGGALKADKLSATRRVDVDGKQAVALGSASSNALSVRAGGALKAGKLSATGRLDVDGKQAVTLGSV
ASDGALSVSAGGNLRAKQLVSSAQLEVRGQREVALDDASSARGMTVVAAGALAARNLQSKGAIGVQGGEA
VSVANANSDAELRVRGRGQVDLHDLSAARGADISGEGRVNIGRARSDSDVKVSAHGALSIDSMTALGAIG
VQAGGSVSAKDMRSRGAVTVSGGGAVNLGDVQSDGQVRATSAGAMTVRDVAAAADLALQAGDALQAGFLK
SAGAMTVNGRDAVRLDGAHAGGQLRVSSDGQAALGSLAAKGELTVSAARAATVAELKSLDNISVTGGERV
SVQSVNSASRVAISAHGALDVGKVSAKSGIGLEGWGAVGADSLGSDGAISVSGRDAVRVDQARSLADISL
GAEGGATLGAVEAAGSIDVRGGSTVAANSLHANRDVRVSGKDAVRVTAATSGGGLHVSSGRQLDLGAVQA
RGALALDGGAGVALQSAKASGTLHVQGGEHLDLGTLAAVGAVDVNGTGDVRVAKLVSDAGADLQAGRSMT
LGIVDTTGDLQARAQQKLELGSVKSDGGLQAAAGGALSLAAAEVAGALELSGQGVTVDRASASRARIDST
GSVGIGALKAGAVEAASPRRARRALRQDFFTPGSVVVRAQGNVTVGRGDPHQGVLAQGDIIMDAKGGTLL
LRNDALTENGTVTISADSAVLEHSTIESKISQSVLAAKGDKGKPAVSVKVAKKLFLNGTLRAVNDNNETM
SGRQIDVVDGRPQITDAVTGEARKDESVVSDAALVADGGPIVVEAGELVSHAGGIGNGRNKENGASVTVR
TTGNLVNKGYISAGKQGVLEVGGALTNEFLVGSDGTQRIEAQRIENRGTFQSQAPAGTAGALVVKAAEAI
VHDGVMATKGEMQIAGKGGGSPTVTAGAKATTSANKLSVDVASWDNAGSLDIKKGGAQVTVAGRYAEHGE

VSIQGDYTVSADAIALAAQVTQRGGAANLTSRHDTRFSNKIRLMGPLQVNAGGAVSNTGNLKVREGVTVT
AASFDNETGAEVMAKSATLTTSGAARNAGKMQVKEAATIVAASVSNPGTFTAGKDITVTSRGGFDNEGKM
ESNKDIVIKTEQFSNGRVLDAKHDLTVTASGQADNRGSLKAGHDFTVQAQRIDNSGTMAAGHDATLKAPH
LRNTGQVVAGHDIHIINSAKLENTGRVDARNDIALDVADFTNTGSLYAEHDATLTLAQGTQRDLVVDQDH
ILPVAEGTLRVKAKSLTTEIETGNPGSLIAEVQENIDNKQAIVVGKDLTLSSAHGNVANEANALLWAAGE
LTVKAQNITNKRAALIEAGGNARLTAAVALLNKLGRIRAGEDMHLDAPRIENTAKLSGEVQRKGVQDVGG
GEHGRWSGIGYVNYWLRAGNGKKAGTIAAPWYGGDLTAEQSLIEVGKDLYLNAGARKDEHRHLLNEGVIQ
AGGHGHIGGDVDNRSVVRTVSAMEYFKTPLPVSLTALDNRAGLSPATWNFQSTYELLDYLLDQNRYEYIW
GLYPTYTEWSVNTLKNLDLGYQAKPAPTAPPMPKAPELDLRGHTLESAEGRKIFGEYKKLQGEYEKAKMA
VQAVEAYGEATRRVHDQLGQRYGKALGGMDAETKEVDGIIQEFAADLRTVYAKQADQATIDAETDKVAQR
YKSQIDAVRLQAIQPGRVTLAKALSAALGADWRALGHSQLMQRWKDFKAGKRGAEIAFYPKEQTVLAAGA
GLTLSNGAIHNGENAAQNRGRPEGLKIGAHSATSVSGSFDALRDVGLEKRLDIDDALAAVLVNPHIFTRI
GAAQTSLADGAAGPALARQARQAPETDGMVDARGLGSADALASLASLDAAQGLEVSGRRNAQVADAGLAG
PSAVAAPAVGAADVGVEPVTGDQVDQPVVAVGLEQPVATVRVAPPAVALPRPLFETRIKFIDQSKFYGSR
YFFEQIGYKPDRAARVAGDNYFDTTLVREQVRRALGGYESRLPVRGVALVAKLMDSAGTVGKALGLKVGV
APTAQQLKQADRDFVWYVDTVIDGQKVLAPRLYLTEATRQGITDQYAGGGALIASGGDVTVNTDGHDVSS
VNGLIQGRSVKVDAGKGKVVVADSKGAGGGIEADDEVDVSGRDIGIEGGKLRGKDVRLKADTVKVATSMR
YDDKGRLAARGDGALDAQGGQLHIEAKRLETAGATLKGGKVKLDVDDVKLGGVYEAGSSYENKSSTPLGS
LFAILSSTTETNQSAHANHYGTRIEAGTLEGKMQNLEIEGGSVDAAHTDLSVARDARFKAAADFAHAEHE
KDVRQLSLGAKVGAGGYEAGFSLGSESGLEAHAGRGMTAGAEVKVGYRASHEQSSETEKSYRNANLNFGG
GSVEAGNVLDIGGADINRNRYGGAAKGNAGTEEALRMRAKKVESTKYVSEQTSQSSGWSVEVASTASARS
SLLTAATRLGDSVAQNVEDGREIRGELMAAQVAAEATQLVTADTAAVALSAGISADFDSSHSRSTSQNTQ
YLGGNLSIEATEGDATLVGAKFGGGDQVSLKAAKSVNLMAAESTFESYSESHNFHASADANLGANAVQGA
VGLGLTAGMGTSHQITNETGKTYAGTSVDAANVSIDAGKDLNLSGSRVRGKHVVLDVEGDINATSKQDER
NYNSSGGGWDASAGVAIQNRTLVAPVGSAGFNFNTEHDNSRLTNDGAAGVVASDGLTGHVKGDANLTGAT
IADLSGKGNLKVDGAVNAQNLKDYRDKDGGSGGLNVGISSTTLAPTVGVAFGRVAGEDYQAEQRATIDVG
QTKDPARLQVGGGVKGTLNQDAAQATVVQRNKHWAGGGSEFSVAGKSLKKKNQVRPVETPTPDVVDGPPS
RPTTPPASPQPIRATVEVSSPPPVSVATVEVVPRPKVETAQPLPPRPVAAQVVPVTPPKVEVAKVEVVPR
PKVETAQPLPPRPVVAEKVTTPAVQPQLAKVETVQPVKPETTKPLPKPLPVAKVTKAPPPVVETAQPLPP
VKPQKATPGPVAEVGKATVTTVQVQSAPPKPAPVAKQPAPAPKPKPKPKPKAERPKPGKTTPLSGRHVVQ
QQVQVLQRQASDINNTKSLPGGKLPKPVTVKLTDENGKPQTYTINRREDLMKLNGKVLSTKTTLGLEQTF
RLRVEDIGGKNYRVFYETNK

>NP_882282.1
MRCTRAIRQTARTGWLTWLAILAVTAPVTSPAWADDPPATVYRYDSRPPEDVFQNGFTAWGNNDNVLDHL
TGRSCQVGSSNSAFVSTSSSRRYTEVYLEHRMQEAVEAERAGRGTGHFIGYIYEVRADNNFYGAASSYFE
YVDTYGDNAGRILAGALATYQSEYLAHRRIPPENIRRVTRVYHNGITGETTTTEYSNARYVSQQTRANPN
PYTSRRSVASIVGTLVRMAPVIGACMARQAESSEAMAAWSERAGEAMVLVYYESIAYSF

>AAR88321.1
MDAMKRGLCCVLLLCGAVFVSPSEVKQENRLLNESESSSQGLLGYYFSDLNFQAPMVVTSSTTGDLSIPS
SELENIPSENQYFQSAIWSGFIKVKKSDEYTFATSADNHVTMWVDDQEVINKASNSNKIRLEKGRLYQIK
IQYQRENPTEKGLDFKLYWTDSQNKKEVISSDNLQLPELKQKSSNTSAGPTVPDRDNDGIPDSLEVEGYT
VDVKNKRTFLSPWISNIHEKKGLTKYKSSPEKWSTASDPYSDFEKVTGRIDKNVSPEARHPLVAAYPIVH
VDMENIILSKNEDQSTQNTDSETRTISKNTSTSRTHTSEVHGNAEVHASFFDIGGSVSAGFSNSNSSTVA
IDHSLSLAGERTWAETMGLNTADTARLNANIRYVNTGTAPIYNVLPTTSLVLGKNQTLATIKAKENQLSQ
ILAPNNYYPSKNLAPIALNAQDDFSSTPITMNYNQFLELEKTKQLRLDTDQVYGNIATYNFENGRVRVDT
GSNWSEVLPQIQETTARIIFNGKDLNLVERRIAAVNPSDPLETTKPDMTLKEALKIAFGFNEPNGNLQYQ
GKDITEFDFNFDQQTSQNIKNQLAELNATNIYTVLDKIKLNAKMNILIRDKRFHYDRNNIAVGADESVVK
EAHREVINSSTEGLLLNIDKDIRKILSGYIVEIEDTEGLKEVINDRYDMLNISSLRQDGKTFIDFKKYND
KLPLYISNPNYKVNVYAVTKENTIINPSENGDTSTNGIKKILIFSKKGYEIG

>AAR88322.1
MDAMKRGLCCVLLLCGAVFVSPSAGGHGDVGMHVKEKEKNKDENKRKDEERNKTQEEHLKEIMKHIVKIE
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VKGEEAVKKEAAEKLLEKVPSDVLEMYKAIGGKIYIVDGDITKHISLEALSEDKKKIKDIYGKDALLHEH
YVYAKEGYEPVLVIQSSEDYVENTEKALNVYYEIGKILSRDILSKINQPYQKFLDVLNTIKNASDSDGQD
LLFTNQLKEHPTDFSVEFLEQNSNEVQEVFAKAFAYYIEPQHRDVLQLYAPEAFNYMDKFNEQEINLSLE
ELKDQRMLSRYEKWEKIKQHYQHWSDSLSEEGRGLLKKLQIPIEPKKDDIIHSLSQEEKELLKRIQIDSS
DFLSTEEKEFLKKLQIDIRDSLSEEEKELLNRIQVDSSNPLSEKEKEFLKKLKLDIQPYDINQRLQDTGG
LIDSPSINLDVRKQYKRDIQNIDALLHQSIGSTLYNKIYLYENMNINNLTATLGADLVDSTDNTKINRGI
FNEFKKNFKYSISSNYMIVDINERPALDNERLKWRIQLSPDTRAGYLENGKLILQRNIGLEIKDVQIIKQ
SEKEYIRIDAKVV

>YP_094511.1
MHPNYYLSPLAVAIALGIASPVKAADPIPLQKSSFSEVTQKFQLTLPGVMKGAVVSTNSLQFIRQHTDGN
KVTHVRMQQQYAGFPVFGGYAILHSKNATPSLATAKSDVKMNGVIYDGLQAELGQPKPSFVKNASLALQQ
FKDKYANKQISEDQVTPMIYIDEKHQAHWAYKVSVLVIHDDRIPERPTAIIDAETNKPFVQWDDVKTEKV
QAKGMGFGGNRKIGEYQFGKDLPLLEITRDSSVEMCFMENTDVKVVDMGHKYYSNNKPMQFTCKETPDTQ
STKTYYTGYSADGYDRDNGAASPTNDALYAGYVIKHMYHDWYGVEALTKSDGSPMQLVMRVHYGQGYENA
YWDGKQMTFGDGDTMMYPLVSLGVGGHEISHGFTEQHSGLEYFGQSGGMNESFSDMAAQAAEYYSVGKNS
WQIGPEIMKEDSGYDALRYMDKPSRDGMSIDVADDYYGGLDVHYSSGVYNHLFYILANQPNWNLRMAFDV
MVKANMDYWTPYSTFDEGGCGMLSAAKDLGYNLDDVKKSLSEVTINYQSCYVD

>YP_094724.1
MIMAKELRFGDDARLQMLAGVNALADAVQVTMGPRGRNVVLEKSYGAPTVTKDGVSVAKEIEFEHRFMNM
GAQMVKEVASKTSDTAGDGTTTATVLARSILVEGHKAVAAGMNPMDLKRGIDKAVLAVTKKLQAMSKPCK
DSKAIAQVGTISANSDEAIGAIIAEAMEKVGKEGVITVEDGNGLENELSVVEGMQFDRGYISPYFINNQQ
NMSCELEHPFILLVDKKVSSIREMLSVLEGVAKSGRPLLIIAEDVEGEALATLVVNNMRGIVKVCAVKAP
GFGDRRKAMLQDIAILTKGQVISEEIGKSLEGATLEDLGSAKRIVVTKENTTIIDGEGKATEINARITQI
RAQMEETTSDYDREKLQERVAKLAGGVAVIKVGAATEVEMKEKKARVEDALHATRAAVEEGIVAGGGVAL
IRAQKALDSLKGDNDDQNMGINILRRAIESPMRQIVTNAGYEASVVVNKVAEHKDNYGFNAATGEYGDMV
EMGILDPTKVTRMALQNAASVASLMLTTECMVADLPKKEEGVGAGDMGGMGGMGGMGGMM

>YP_096954.1
MFSLKKTAVAVLALGSGAVFAGTMGPVCTPGNVTVPCERTAWDIGITALYLQPIYDADWGYNGFTQVGGW
RHWHDVDHEWDWGFKLEGSYHFNTGNDINVNWYHFDNDSDHWFDFANWHNYNNKWDAVNAELGQFVDFSA
NKKMRFHGGVQYARIEADVNRYFNNFAFNGFNSKFNGFGPRTGLDMNYVFGNGFGIYAKGAAAILVGTSD
FYDGIGFVTGSKNAIVPELEAKLGADYTYAMAQGDLTLDVGYMWFNYFNAMHNTATNGLETDFAASGPYI
GLKYVGNV

>P69996.1
MKKISRKEYVSMYGPTTGDKVRLGDTDLIAEVEHDYTIYGEELKFGGGKTLREGMSQSNNPSKEELDLII
TNALIVDYTGIYKADIGIKDGKIAGIGKGGNKDMQDGVKNNLSVGPATEALAGEGLIVTAGGIDTHIHFI
SPQQIPTAFASGVTTMIGGGTGPADGTNATTITPGRRNLKWMLRAAEEYSMNLGFLAKGNASNDASLADQ
IEAGAIGFKIHEDWGTTPSAINHALDVADKYDVQVAIHTDTLNEAGCVEDTMAAIAGRTMHTFHTEGAGG
GHAPDIIKVAGEHNILPASTNPTIPFTVNTEAEHMDMLMVCHHLDKSIKEDVQFADSRIRPQTIAAEDTL
HDMGIFSITSSDSQAMGRVGEVITRTWQTADKNKKEFGRLKEEKGDNDNFRIKRYLSKYTINPAIAHGIS
EYVGSVEVGKVADLVLWSPAFFGVKPNMIIKGGFIALSQMGDANASIPTPQPVYYREMFAHHGKAKYDAN
ITFVSQAAYDKGIKEELGLERQVLPVKNCRNITKKDMQFNDTTAHIEVNPETYHVFVDGKEVTSKPANKV
SLAQLFSIF

>YP_177770.1
MKIRLHTLLAVLTAAPLLLAAAGCGSKPPSGSPETGAGAGTVATTPASSPVTLAETGSTLLYPLFNLWGP
AFHERYPNVTITAQGTGSGAGIAQAAAGTVNIGASDAYLSEGDMAAHKGLMNIALAISAQQVNYNLPGVS
EHLKLNGKVLAAMYQGTIKTWDDPQIAALNPGVNLPGTAVVPLHRSDGSGDTFLFTQYLSKQDPEGWGKS
PGFGTTVDFPAVPGALGENGNGGMVTGCAETPGCVAYIGISFLDQASQRGLGEAQLGNSSGNFLLPDAQS
IQAAAAGFASKTPANQAISMIDGPAPDGYPIINYEYAIVNNRQKDAATAQTLQAFLHWAITDGNKASFLD
QVHFQPLPPAVVKLSDALIATISS

>YP_178023.1
MTEQQWNFAGIEAAASAIQGNVTSIHSLLDEGKQSLTKLAAAWGGSGSEAYQGVQQKWDATATELNNALQ
NLARTISEAGQAMASTEGNVTGMFA

>P0A3S9.1
MRRIQSIARSPIAIALFMSLAVAGCASKKNLPNNAGDLGLGAGAATPGSSQDFTVNVGDRIFFDLDSSLI
RADAQQTLSKQAQWLQRYPQYSITIEGHADERGTREYNLALGQRRAAATRDFLASRGVPTNRMRTISYGN
ERPVAVCDADTCWSQNRRAVTVLNGAGR

>YP_248692.1
MKSVPLITGGLSFLLSACSGGGGSFDVDDVSNPSSSKPRYQDDTSSSRTKSNLEKLSIPSLGGGMKLVAQ
NLSGNKEPSFLNENGYISYFSSPSTIEDDVKNVKTENKIHTNPIGLEPNRALQDPNLQKYVYSGLYYIEN
WKDFSKLATEKKAYSGHYGYAFYYGNKTATDLPVSGVATYKGTWDFITATKYGQNYSLFSNARGQAYFRR
SATRGDIDLENNSKNGDIGLISEFSADFGTKKLTGQLSYTKRKTDIQQYEKEKLYDIDAHIYSNRFRGKV
TPTKSTSDEHPFTSEGTLEGGFYGPNAEELGGKFLARDKRVFGVFSAKETPETEKEKLSKETLIDGKLIT
FSTKTADATTSTTASTTADVKTDEKNFTTKDISSFGEADYLLIDNYPVPLFPEGDTDDFVTSKHHDIGNK
TYKVEACCKNLSYVKFGMYYEDKEKKNTNQTGQYHQFLLGLRTPSSQIPVTGNVKYLGSWFGYIGDDKTS
YSTTGNKQQDKNAPAEFDVNFDNKTLTGKLKRADSQNTVFNIEATFKNGSNAFEGKATANVVIDPKNTQA
TSKVNFTTTVNGAFYGPHATELGGYFTYNGNNPTATNSESSSTVPSPPNSPNARAAVVFGAKRQVEKTNK

>YP_248824.1
MKKTAIALVVAGLAAASVAQAAPQENTFYAGVKAGQGSFHDGINNNGAIKQNLSSANYGYRRNTFTYGVF
GGYQILNQDNFGLAAELGYDNFGRVKLREAGKPKAKHTNHGAHLSLKGSYEVLDGLDVYGKAGVALVRSD
YKFYEVANGTRDHKKGRHTARASGLFAVGAEYAVLPELAVRLEYQWLTRVGKYRPQDKPNTAINYNPWIG
SINAGISYRFGQGEAPVVAAPEMVSKTFSLNSDVTFAFGKANLKPQAQATLDSVYGEISQVKSAKVAVAG
YTDRIGSDAFNVKLSQERADSVANYFVAKGVAADAISATGYGKANPVTGATCDQVKGRKALIACLAPDRR
VEIAVNGTK

>YP_418725.1
MKSLFIASTMVLMAFPAFAESTTVKMYEALPTGPGKEVGTVVISEAPGGLHFKVNMEKLTPGYHGFHVHE
NPSCAPGEKDGKIVPALAAGGHYDPGNTHHHLGPEGDGHMGDLPRLSANADGKVSETVVAPHLKKLAEIK
QRSLMVHVGGDNYSDKPEPLGGGGARFACGVIE

>P0C109.1
MGISKASLLSLAAAGIVLAGCQSSRLGNLDNVSPPPPPAPVNAVPAGTVQKGNLDSPTQFPNAPSTDMSA
QSGTQVASLPPASAPDLTPGAVAGVWNASLGGQSCKIATPQTKYGQGYRAGPLRCPGELANLASWAVNGK
QLVLYDANGGTVASLYSSGQGRFDGQTTGGQAVTLSR

>YP_671699.1
MPTITTAQIKSTLQSAKQSAANKLHSAGQSTKDALKKAAEQTRNAGNRLILLIPKDYKGQGSSLNDLVRT
ADELGIEVQYDEKNGTAITKQVFGTAEKLIGLTERGVTIFAPQLDKLLQKYQKAGNKLGGSAENIGDNLG
KAGSVLSTFQNFLGTALSSMKIDELIKKQKSGSNVSSSELAKASIELINQLVDTAASINNNVNSFSQQLN
KLGSVLSNTKHLNGVGNKLQNLPNLDNIGAGLDTVSGILSVISASFILSNADADTGTKAAAGVELTTKVL
GNVGKGISQYIIAQRAAQGLSTSAAAAGLIASAVTLAISPLSFLSIADKFKRANKIEEYSQRFKKLGYDG
DSLLAAFHKETGAIDASLTTISTVLASVSSGISAAATTSLVGAPVSALVGAVTGIISGILEASKQAMFEH
VASKMADVIAEWEKKHGKNYFENGYDARHAAFLEDNFKILSQYNKEYSVERSVLITQQHWDTLIGELAGV
TRNGDKTLSGKSYIDYYEEGKRLEKKPDEFQKQVFDPLKGNIDLSDSKSSTLLKFVTPLLTPGEEIRERR
QSGKYEYITELLVKGVDKWTVKGVQDKGSVYDYSNLIQHASVGNNQYREIRIESHLGDGDDKVFLAAGSA
NIYAGKGHDVVYYDKTDTGYLTIDGTKATEAGNYTVTRVLGGDVKVLQEVVKEQEVSVGKRTEKTQYRSY
EFTHINGTDLTETDNLYSVEELIGTNRADKFFGSKFTDIFHGADGDDHIEGNDGNDRLYGDKGNDTLRGG
NGDDQLYGGDGNDKLTGGVGNNYLNGGDGDDELQVQGNSLAKNVLSGGKGNDKLYGSEGADLLDGGEGND
LLKGGYGNDIYRYLSGYGHHIIDDDGGKDDKLSLADIDFRDVAFKREGNDLIMYKAEGNVLSIGHKNGIT
FRNWFEKESGDISNHQIEQIFDKDGRVITPDSLKKAFEYQQSNNQANYVYGEYASTYADLDNLNPLINEI
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SKIISAAGNFDVKEERSAASLLQLSGNASDFSYGRNSITLTASA

>YP_694509.1
MKRKICKALICAALATSLWAGASTKVYAWDGKIDGTGTHAMIVTQGVSILENDLSKNEPESVRKNLEILK
ENMHELQLGSTYPDYDKNAYDLYQDHFWDPDTDNNFSKDNSWYLAYSIPDTGESQIRKFSALARYEWQRG
NYKQATFYLGEAMHYFGDIDTPYHPANVTAVDSAGHVKFETFAEERKEQYKINTAGCKTNEAFYTDILKN
KDFNAWSKEYARGFAKTGKSIYYSHASMSHSWDDWDYAAKVTLANSQKGTAGYIYRFLHDVSEGNDPSVG
KNVKELVAYISTSGEKDAGTDDYMYFGIKTKDGKTQEWEMDNPGNDFMTGSKDTYTFKLKDENLKIDDIQ
NMWIRKRKYTAFSDAYKPENIKIIANGKVVVDKDINEWISGNSTYNIK

>YP_817402.1
MFASKSERKVHYSIRKFSIGVASVAVASLVMGSVVHATENEGSTQAATSSNMAKTEHRKAAKQVVDEYIE
KMLREIQLDRRKHTQNVALNIKLSAIKTKYLRELNVLEEKSKDELPSEIKAKLDAAFEKFKKDTLKPGEK
VAEAKKKVEEAKKKAEDQKEEDRRNYPTNTYKTLELEIAEFDVKVKEAELELVKEEAKESRNEGTIKQAK
EKVESKKAEATRLENIKTDRKKAEEEAKRKADAKLKEANVATSDQGKPKGRAKRGVPGELATPDKKENDA
KSSDSSVGEETLPSSSLKSGKKVAEAEKKVEEAEKKAKDQKEEDRRNYPTNTYKTLDLEIAESDVKVKEA
ELELVKEEAKEPRDEEKIKQAKAKVESKKAEATRLENIKTDRKKAEEEAKRKAAEEDKVKEKPAEQPQPA
PATQPEKPAPKPEKPAEQPKAEKTDDQQAEEDYARRSEEEYNRLTQQQPPKTEKPAQPSTPKTGWKQENG
MWYFYNTDGSMATGWLQNNGSWYYLNANGAMATGWLQNNGSWYYLNANGSMATGWLQNNGSWYYLNANGA
MATGWLQYNGSWYYLNSNGAMATGWLQYNGSWYYLNANGDMATGWLQNNGSWYYLNANGDMATGWLQYNG
SWYYLNANGDMATGWVKDGDTWYYLEASGAMKASQWFKVSDKWYYVNGSGALAVNTTVDGYGVNANGEWV
N>YP_817150.1
MANKAVNDFILAMNYDKKKLLTHQGESIENRFIKEGNQLPDEFVVIERKKRSLSTNTSDISVTATNDSRL
YPGALLVVDETLLENNPTLLAVDRAPMTYSIDLPGLASSDSFLQVEDPSNSSVRGAVNDLLAKWHQDYGQ
VNNVPARMQYEKITAHSMEQLKVKFGSDFEKTGNSLDIDFNSVHSGEKQIQIVNFKQIYYTVSVDAVKNP
GDVFQDTVTVEDLKQRGISAERPLVYISSVAYGRQVYLKLETTSKSDEVEAAFEALIKGVKVAPQTEWKQ
ILDNTEVKAVILGGDPSSGARVVTGKVDMVEDLIQEGSRFTADHPGLPISYTTSFLRDNVVATFQNSTDY
VETKVTAYRNGDLLLDHSGAYVAQYYITWDELSYDHQGKEVLTPKAWDRNGQDLTAHFTTSIPLKGNVRN
LSVKIRECTGLAWEWWRTVYEKTDLPLVRKRTISIWGTTLYPQVEDKVEND

>YP_873931.1
MKTKIGLASICLLGLATSHVAANETEVAKTSQDTTTASSSSEQNQSSNKTQTSAEVQTNAAAHWDGDYYV
KDDGSKAQSEWIFDNYYKAWFYINSDGRYSQNEWHGNYYLKSGGYMAQNEWIYDSNYKSWFYLKSDGAYA
HQEWQLIGNKWYYFKKWGYMAKSQWQGSYFLNGQGAMMQNEWLYDPAYSAYFYLKSDGTYANQEWQKVGG
KWYYFKKWGYMARNEWQGNYYLTGSGAMATDEVIMDGTRYIFAASGELKEKKDLNVGWVHRDGKRYFFNN
REEQVGTEHAKKVIDISEHNGRINDWKKVIDENEVDGVIVRLGYSGKEDKELAHNIKELNRLGIPYGVYL
YTYAENETDAESDAKQTIELIKKYNMNLSYPIYYDVENWEYVNKSKRAPSDTGTWVKIINKYMDTMKQAG
YQNVYVYSYRSLLQTRLKHPDILKHVNWVAAYTNALEWENPHYSGKKGWQYTSSEYMKGIQGRVDVSVWY

>ABP89149.1
MTIKYPDGTIDLLSPVEVVKQADKTAPTVANDGKGNIVIVPSEKAVELVVSYVDNNGKSQTVVVTKGTDG
LWTASNTVVIVDPVTGQVIVPGSVIKPGTVVTAYSKDEVGNSSDSAEAEVVAVDENNSAAGVKVKSVTTN
ANNVEKKAKQLPNTGEEANSATSLGLVALGLGLALLAAKRRRDEEA

>ABP89196.1
MFEDPEVDIIYISTPHNTHINYLRKALKAGKHVLCEKSITLNSEELAEAIQLAEENQVVLAEAMTIFHMP
IYRQLSEVVASGKLGELKMIQMNFGSYKEYDMTNRFFNKNLAGGALLDIGVYALSFVRWFMIKKPNQVLS
QVKLAPTGVDEQVGILLSNDAGKMATIALTLHAKQPKRGTIAYDKGYIELYDYPRGQKAVITYTENGIQK
VIEAGETAKALSYEVADMEKAVAGIENTMHLAYTQDVMEIMTQLRKEWGLVYPEKM

>ABP90369.1
MRKSSHLILSSIVSLALVGVTPLSVLADSKQDINQYFQSLTYEPQEILTNEGEYIDNPPATTGMLENGRF

VVLRREKKNITNNSADIAVIDAKAANIYPGALLRADQNLLDNNPTLISIARGDLTLSLNLPGLANGDSHT
VVNSPTRSTVRTGVNNLLSKWNNTYAGEYGNTQAELQYDETMAYSMSQLKTKFGTSFEKIAVPLDINFDA
VNSGEKQVQIVNFKQIYYTVSVDEPESPSKLFAEGTTVEDLKRNGITDEVPPVYVSSVSYGRSMFIKLET
SSRSTQVQAAFKAAIKGVDISGNAEYQDILKNTSFSAYIFGGDAGSAATVVSGNIETLKKIIEEGARYGK
LNPGVPISYSTNFVKDNRPAQILSNSEYIETTSTVHNSSALTLDHSGAYVAKYNITWEEVSYNEAGEEVW
EPKAWDKNGVNLTSHWSETIQIPGNARNLHVNIQECTGLAWEWWRTVYDKDLPLVGQRKITIWGTTLYPQ
YADEVIE

>ABP90422.1
MDFGFDILAIMIPIIVVVLFVLLFVFGYVSAKPNEAIVITGLGKPRTLIGRSGFMIPFIEKRSYISIEQF
STDVQTTDFVPTLDFINVKADAVVKVKVGVSDELLNAAAQNFLNWKTADISASIQDVLEGNLREIIGQME
LRDMVNNRQAFAEKVQSNAAPDLAKMGLEIIAFTVQSFTDDNDVIKNLGIDNIVTIQKDAANARAKAERE
QAEVRAREDKAANDARVAADLEIAKKQNELAIEQANLKRRSDVQLAQANAAYGIEEQAQRKEIERATAEA
NIVKQQKEAEVKAEEVKVREQELSATIRKQAEAEKYARQQAAEADLIERQRKAEAELYETQREAEAQKAR
AEAAKYAAEQEAAGIEAKGRAEAEAIRLKLEAEAEGLSKKADAMAKFNDAAVTEMVVNVLPEIAKNIAAP
LGNVDKITMYGEGNASKMVGDLMTTMDKTTEGLGLNVRDLISATLTGRAMSTGLLTAQETKEVEGDKEK

>YP_001248444.1
MKKIMLIASAMSALSLPFSASAIELEDEVGLECGPYAKVGVVGGMITGAESTRLDSTDSEGKKHLSLTTG
LPFGGTLAAGMTIAPGFRAELGVMYLRNISAEVEVGKGEVDSKGEIKADSGGGTDAPIRKPFKLTPPQPT
MMPISIADRDFGIDIPNIPQAQAQAAQPPLNDQKRAAARIAWLKNCAGIDYMVKDPNNPGHMMVNPVLLN
IPQGNPNPVGQPPQRANQPANFAIHNHEQWRSLVVGLAALSNANKPSASPVKVLSDKIIQIYSDIKPFAD
IAGINVPDTGLPNSASIEQIQSKIQELGDTLEELRDSFDGYINNAFVNQIHLNFVMPPQAQQQQGQGQQQ
QAQATAQEAVAAAAVRLLNGSDQIAQLYKDLVKLQRHAGIRKAMEKLAAQQEEDAKNQGKGDCKQQQGAS
EKSKEGKVKETEFDLSMVVGQVKLYADLVTTESFSIYGGVGAGLAYTYGKIDNKDVKGYTGMVASGALGV
AINAAEGVCVDLEAGYMHSFSKVEDKYQVNAFIASACVRYNF

>YP_001331790.1
MNMKKKEKHAIRKKSIGVASVLVGTLIGFGLLSSKEADASENSVTQSDSASNESKSNDSSSVSAAPKTDD
TNVSDTKTSSNTNNGETSVAQNPAQQETTQSSSTNATTEETPVTGEATTTTTNQANTPATTQSSNTNAEE
LVNQTSNETTFNDTNTVSSVNSPQNSTNAENVSTTQDTSTEATPSNNESAPQSTDASNKDVVNQAVNTSA
PRMRAFSLAAVAADAPAAGTDITNQLTNVTVGIDSGTTVYPHQAGYVKLNYGFSVPNSAVKGDTFKITVP
KELNLNGVTSTAKVPPIMAGDQVLANGVIDSDGNVIYTFTDYVNTKDDVKATLTMPAYIDPENVKKTGNV
TLATGIGSTTANKTVLVDYEKYGKFYNLSIKGTIDQIDKTNNTYRQTIYVNPSGDNVIAPVLTGNLKPNT
DSNALIDQQNTSIKVYKVDNAADLSESYFVNPENFEDVTNSVNITFPNPNQYKVEFNTPDDQITTPYIVV
VNGHIDPNSKGDLALRSTLYGYNSNIIWRSMSWDNEVAFNNGSGSGDGIDKPVVPEQPDEPGEIEPIPED
SDSDPGSDSGSDSNSDSGSDSGSDSTSDSGSDSASDSDSASDSDSASDSDSASDSDSASDSDSDNDSDSD
SDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSD
SDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSASD
SDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSDSESDSDSESDSDSDSDSDSDSDSDSDSDSDSASD
SDSGSDSDSSSDSDSESDSNSDSESGSNNNVVPPNSPKNGTNASNKNEAKDSKEPLPDTGSEDEANTSLI
WGLLASIGSLLLFRRKKENKDKK

>ACF35726.1
MSLRVRQIDRREWLLAQTATECQRHGREATLEYPTRQGMWVRLSDAEKRWSAWIKPGDWLEHVSPALAGA
AVSAGAEHLVVPWLAATERPFELPVPHLSCRRLCVENPVPGSALPEGKLLHIMSDRGGLWFEHLPELPAV
AGGRPKMLRWPLRFVIGSSDTQRSLLGRIGIGDVLLIRTSRAEVYCYAKKLGHFNRVEGGIIVETLDIQH
IEEENNTTETAETLPGLNQLPVKLEFVLYRKNVTLAELEAMGQQQLLSLPTNAELNVEIMANGVLLGNGE
LVQMNDTLGVEIHEWLSESGNGE

>ACF35754.1
MEKIMAQVINTNSLSLLTQNNLNKSQSALGTAIERLSSGLRINSAKDDAAGQAIANRFTANIKGLTQASR
NANDGISIAQTTEGALNEINNNLQRVRELAVQSANSTNSQSDLDSIQAEITQRLNEIDRVSGQTQFNGVK
VLAQDNTLTIQVGANDGETIDIDLKQINSQTLGLDTLNVQKKYDVKSEAVTPSATLSTTALDGAGLKTGT
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GSTTDTGSIKDGKVYYNSTSKNYYVEVEFTDATDQTNKGGFYKVNVADDGAVTMTAATTKEATTPTGITE
VTQVQKPVAAPAAIQAQLTAAHVTGADTAEMVKMSYTDKNGKTIDGGFGVKVGADIYAATKNKDGSFSIN
TTEYTDKDGNTKTALNQLGGADGKTEVVSIDGKTYNASKAAGHNFKAQPELAEAAAATTENPLAKIDAAL
AQVDALRSDLGAVQNRFNSAITNLGNTVNNLSSARSRIEDSDYATEVSNMSRAQILQQAGTSVLAQANQV
PQNVLSLLR

>YP_002364847.1
MKKNTLSAILMTLFLFISCNNSGKDGNTSANSADESVKGPNLTEISKKITDSNAVLLAVKEVEALLSSID
ELAKAIGKKIKNDGSLGDEANHNESLLAGAYTISTLITQKLSKLNGSEGLKEKIAAAKKCSEEFSTKLKD
NHAQLGIQGVTDENAKKAILKANAAGKDKGVEELEKLSGSLESLSKAAKEMLANSVKELTSPVVVESPKK
P>YP_002345675.1
MNNHKIWRLSAVAVALLISGNSYADQTLHFAQQPHNTGDHTVIAAPEVNNFSLADLTANAEGQAVDATNA
GALSLRVEPTQGDAQANGVLVTSGTFTNQAQGSITVSASSQDQHAVASGLQATDAYWSTLRNQGSIRATS
NSLHGSAEVYGIQAGLAFSDAAGDHYGDHMMLSNEGVMQVSATAEQDAFASGIYTNAGNGVVNNGRLDVS
AHASAGDARATGLHTLSANPGVDPDPWNPANPTHLMSNNGSLSVTASGNNATASAISTEGEGVYIYNNGT
LIVDAFSESAQGGASAYGIHVLNGSATINSSGRILATATGGSQQQAYEVMADGSVVNIERYTLALGNETP
WAVSNGGSIVLGNGTQGADLVLMAGQASEGFAYGKEYSLDNLAYDTTSGQQSTVGGSIAGLYGITPDIKV
IHSGSSSSSLGSAALVYAPDVSHAGVSALAQRSSMEQASNIISSQLHSQLVSNAGCNQKLESADSCVFIT
PYAGEYRRDPVTSGYSGQRYGVLLGQNQHFGDFQLGWHGGYESASTDFNGTSVGRKEEINTLMLGVQGGM
KLSESLFIAATSTWFSSDTDYSDSNTYYGVGSQSGSYDSSGLYTDVSVGNSWQLNRNYAMTPMVGLTHIW
QQRDGYTVSSNNKNYDLIDTRYSSYSDHAVALHAGVRLDGRYPLTNETLLKPFFNVGFQQMLYGDEITID
QSIPNSPVVGVSTKDKTTQGTFDLGMALVSDNGVSASLQLSGMVNSDRQDFTGWANLGWAF

>YP_002346905.1
MKDNNPADNLAWRVIWRQLISSVGSQARMLRRSMLALLLAAFMQGIAFACLYPIIDALLRGDAPQLLNWA
MAFSVAAIVTLVLRWYGLGFEYRGHLAQATHELRLRLGEQLRRVPLEKLQRGRAGEMNALLLGSVDENLN
YVIAIANILLLTIVTPLTASLATLWIDWRLGLVMLLIFPLLVPFYYWRRPAMRRQMQTLGEAHQRLSGDI
VEFAQGMMVLRTCGSDADKSRALLAHFNALENLQTRTHRQGAGATMLIASVVELGLQVVVLSGIVWVVTG
TLNLAFLIAAVAMIMRFAEPMAMFISYTSVVELIASALQRIERFMAIAPLPVAEQSEMPERYDIRFDNVS
YRYEEGDGHALNHVSLTFPAASMSALVGASGAGKTTVTKLLMRYADPQQGQISIGGVDIRRLTPEQLNSL
ISVVFQDVWLFDDTLLANIRIARPQATRQEVEEAARAAQCLEFISRLPQGWLTPMGEMGGQLSGGERQRI
SIARALLKNAPVVILDEPTAALDIESELAVQKAIDNLVHNRTVIIIAHRLSTIAGAGNILVMEEGQVVEQ
GTHAQLLSHHGRYQALWQAQMAARVWRDDGVSASGEWVHE

>YP_002646905.1
MKGRSALLRALWIAALSFGLGGVAVAAEPTAKAAPYENLMVPSPSMGRDIPVAFLAGGPHAVYLLDAFNA
GPDVSNWVTAGNAMNTLAGKGISVVAPAGGAYSMYTNWEQDGSKQWDTFLSAELPDWLAANRGLAPGGHA
AVGAAQGGYGAMALAAFHPDRFGFAGSMSGFLYPSNTTTNGAIAAGMQQFGGVDTNGMWGAPQLGRWKWH
DPWVHASLLAQNNTRVWVWSPTNPGASDPAAMIGQAAEAMGNSRMFYNQYRSVGGHNGHFDFPASGDNGW
GSWAPQLGAMSGDIVGAIR

>YP_003076587.1
MNKKIHSLALLVNLGIYGVAQAQEPTDTPVSHDDTIVVTAAEQNLQAPGVSTITADEIRKNPVARDVSEI
IRTMPGVNLTGNSTSGQRGNNRQIDIRGMGPENTLILIDGKPVSSRNSVRQGWRGERDTRGDTSWVPPEM
IERIEVLRGPAAARYGNGAAGGVVNIITKKGSGEWHGSWDAYFNAPEHKEEGATKRTNFSLTGPLGDEFS
FRLYGNLDKTQADAWDINQGHQSARAGTYATTLPAGREGVINKDINGVVRWDFAPLQSLELEAGYSRQGN
LYAGDTQNTNSDAYTRSKYGDETNRLYRQNYSLTWNGGWDNGVTTSNWVQYEHTRNSRIPEGLAGGTEGK
FNEKATQDFVDNDLDDVMLHSEVNLPIDFLVNQTLTLGTEWNQQRMKDLSSNTQALTGTNTGGAIDGVSA
TDRSPYSKAEIFSLFAENNMELTDSTIVTPGLRFDHHSIVGNNWSPALNISQGLGDDFTLKMGIARAYKA
PSLYQTNPNYILYSKGQGCYASAGGCYLQGNDDLKAETSINKEIGLEFKRDGWLAGITWFRNDYRNKIEA
GYVAVGQNAVGTDLYQWDNVPKAVVEGLEGSLNVPVSETVMWTNNITYMLKSENKTTGDRLSIIPEYTLN
STLSWQAREDLSMQTTFTWYGKQQPKKYNYKGQPAVGPETKEISPYSIVGLSATWDVTKNVSLTGGVDNL

FDKRLWRAGNAQTTGDLAGANYIAGAGAYTYNEPGRTWYMSVNTHF

>YP_003110629.1
MIKCNNKTFNNLLKLTILVNLLISCGLTGATKIKLESSAKAIVDEIDAIKKKAASMGVNFDAFKDKKTGS
GVSENPFILEAKVRATTVAEKFVIAIEEEATKLKETGSSGEFSAMYDLMFEVSKPLQELGIQEMTKTVSM
AAEENPPTTAQGVLEIAKKMREKLQRVHKKNQDTLKKKNTEDSTAKS

>YP_003293996.1
MNKVKCYVLFTALLSSLCAYGAPQSITELCSEYRNTQIYTINDKILSYTESMAGKREMVIITFKSGATFQ
VEVPGSQHIDSQKKAIERMKDTLRITYLTETKIDKLCVWNNKTPNSIAAISMEN

>ACZ17766.1
MKRVITLFAVLLMGWSVNAWSFACKTANGTAIPIGGGSANVYVNLAPAVNVGQNLVVDLSTQIFCHNDYP
ETITDYVTLQRGAAYGGVLSSFSGTVKYNGSSYPFPTTSETPRVVYNSRTDKPWPVALYLTPVSSAGGVA
IKAGSLIAVLILRQTNNYNSDDFQFVWNIYANNDVVVPTGGCDVSARDVTVTLPDYPGSVPIPLTVYCAK
SQNLGYYLSGTTADAGNSIFTNTASFSPAQGVGVQLTRNGTIIPANNTVSLGAVGTSAVSLGLTANYART
GGQVTAGNVQSIIGVTFVYQ

>ADE88959.1
MSRYKTDNKQPRFRYSVLARCVAWANISVQVLFPLAVTFTPVMAARAQHAVQPRLSMENTTVTADNNVEK
NVASLAANAGTFLSSQPDSDATRNFITGMATAKANQEIQEWLGKYGTARVKLNVDKNFSLKDSSLEMLYP
IYDTPTNMLFTQGAIHRTDDRTQSNIGFGWRHFSENDWMAGVNTFIDHDLSRSHTRIGVGAEYWRDYLKL
SANGYIRASGWKKSPDVEDYQERPANGWDIRAEGYLPAWPQLGASLMYEQYYGDEVGLFGKDKRQKDPHA
ITAEVNYTPVPLLTLSAGHKQGKSGENDTRFGLEVNYRIGEPLEKQLDTDSIRERRMLAGSRYDLVERNN
NIVLEYRKSEVIRIALPERIEGKGGQTVSLGLVVSKATHGLKNVQWEAPSLLAAGGKITGQGNQWQVTLP
AYQAGKDNYYAISAIAYDNKGNASKRVQTEVVISGAGMSADRTALTLDGQSRIQMLANGNEQKPLVLSLR
DAEGQPVTGMKDQIKTELTFKPAGNIVTRTLKATKSQAKPTLGEFTETEAGVYQSVFTTGTQSGEATITV
SVDDMSKTVTAELRATMMDVSNSTLSANEPSGDVVADGQQAYTLTLTAVDSEGNPVTGEASRLRLVPQDT
NGVTVGAISEIKPGVYSATVSSTRAGNVVVRAFSEQYQLGTLQQTLKFVAGPLDAAHSSITLNPDKPVVG
GTVTAIWTAKDANDNPVTGLNPDAPSLSGAAAAGSTASGWTDNGDGTWTAQISLGTTAGELDVMPKLNGQ
DAAANAAKVTVVADALSSNQSKVSVAEDHVKAGESTTVTLVAKDAHGNAISGLSLSASLTGTASEGATVS
SWTEKGDGSYVATLTTGGKTGELRVMPLFNGQPAATEAAQLTVIAGEMSSANSTLVADNKTPTVKTTTEL
TFTMKDAYGNPVTGLKPDAPVFSGAASTGSERPSAGNWTEKGNGVYVSTLTLGSAAGQLSVMPRVNGQNA
VAQPLVLNVAGDASKAEIRDMTVKVNNQLANGQSANQITLTVVDSYGNPLQGQEVTLTLPQGVTSKTGNT
VTTNAAGKVDIELMSTVAGELEIEASVKNSQKTVKVKFKADFSTGQASLEVDAAAQKVANGKDAFTLTAT
VKDQYGNLLPGAVVVFNLPRGVKPLADGNIMVNADKEGKAELKVVSVTAGTYEITASAGNDQPSNAQSVT
FVADKTTATISSIEVIGNRAVADGKTKQTYKVTVTDANNNLLKDSEVTLTASPENLVLTPNGTATTNEQG
QAIFTATTTVAATYTLTAKVEQADGQESTKTAESKFVADDKNAVLAASPERVDSLVADGKTTATLTVTLM
SGVNPVGGTMWVDIEAPEGVTEADYQFLPSKNDHFASGKITRTFSTNKPGTYTFTFNSLTYGGYEMKPVT
VTINAVPADTEGAEEK

>ADE89421.1
MNKKFKYKKSLLAAILSATLLAGCDGGGSGSSSDTPSVDSGSGTLPEVKPDPTPTPEPTPEPTPDPEPTP
DPTPDPEPTPEPEPEPVPTKTGYLTLGGSQRVTGATCNGESSDGFTFTPGNTVSCVVGSTTIATFNTQSE
AARSLRAVDKVSFSLEDAQELANSENKKTNAISLVTSSDSCPADAEQLCLTFSSVVDRARFEKLYKQIDL
ATDNFSKLVNEEVENNAATDKAPSTHTSTVVPVTTEGTKPDLNASFVSANAEQFYQYQPTEIILSEGQLV
DSLGNGVAGVDYYTNSGRGVTDENGKFSFSWGETISFGIDTFELGSVRGNKSTIALTELGDEVRGANIDQ
LIHRYSTTGQNNTRVVPDDVRKVFAEYPNVINEIINLSLSNGATLDEGDQNVVLPNEFIEQFKTGQAKEI
DTAICAKTDGCNEARWFSLTTRNVNDGQIQGVINKLWGVDTNYQSVSKFHVFHDSTNFYGSTGNARGQAV
VNISNSAFPILMARNDKNYWLAFGEKRAWDKNELAYITEAPSIVQPENVTRDTATFNLPFISLGQVGEGK
LMVIGNPHYNSILRCPNGYSWGGGVNSKGECTLSGDSDDMKHFMQNVLRYLSNDIWQPNTKSIMTVGTNL
ENVYFKKAGQVLGNSAPFAFHEDFTGITVKQLTSYGDLNPEEIPLLILNGFEYVTQWSGDPYAVPLRADT
SKPKLTQQDVTDLIAYLNKGGSVLIMENVMSNLKEESASSFVRLLDAAGLSMALNKSVVNNDPQGYPDRV
RQRRATGIWVYERYPAADGAQPPYTIDPNTGEVTWKYQQDNKPDDKPKLEVASWQEEVEGKQVTRYAFID
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EAEYTTEESLEAAKAKIFEKFPGLQECKDSTYHYEINCLERRPGTDVPVTGGMYVPRYTQLNLDADTAKA
MVQAADLGTNIQRLYQHELYFRTKGSKGERLNSVDLERLYQNMSVWLWNDTKYRYEEGKEDELGFKTFTE
FLNCYANDAYAGGTKCSADLKKSLVDNNMIYGDGSSKAGMMNPSYPLNYMEKPLTRLMLGRSWWDLNIKV
DVEKYPGSVSAKGESVTENISLYSNPTKWFAGNMQSTGLWAPAQQDVTIKSSASVPVTVTVALADDLTGR
EKHEVALNRPPRVTKTYTLEANGEVTFKVPYGGLIYIKGDSKDDVSANFTFTGVVKAPFYKDGEWKNDLD
SPAPLGELESASFVYTTPKKNLEASNFTGGVAEFAKDLDTFASSMNDFYGRNDEDGKHRMFTYKNLTGHK
HRFTNDVQISIGDAHSGYPVMNSSFSTNSTTLPTTPLNDWLIWHEVGHNAAETPLNVPGATEVANNVLAL
YMQDRYLGKMNRVADDITVAPEYLDESNGQAWARGGAGDRLLMYAQLKEWAEENFDIKQWYPDGELPKFY
SDRKGMKGWNLFQLMHRKARGDDVGNSTFGGKNYCAESNGNAADTLMLCASWVAQADLSEFFKKWNPGAS
AYQLPGATEMSFQGGVSSSAYSTLASLKLPKPEKGPETINKVTEHKMSAE

>ADE91247.1
MAMFTPSFSGLKGRALFSLLFAAPMIHATDSVTTKDGETITVTADANTATEATDGYQPLSTSTATLTDMP
MLDIPQVVNTVSDQVLENQNATTLDEALYNVSNVVQTNTLGGTQDAFVRRGFGANRDGSIMTNGLRTVLP
RSFNAATERVEVLKGPASTLYGILDPGGLINVVTKRPEKTFHGSVSATSSSFGGGTGQLDITGPIEGTQL
AYRLTGEVQDEDYWRNFGKERSTFIAPSLTWFGDNATVTMLYSHRDYKTPFDRGTIFDLTTKQPVNVDRK
IRFDEPFNITDGQSDLAQLNAEYHLNSQWTARFDYSYSQDKYSDNQARVTAYDATTGTLTRRVDATQGST
QRMHATRADLQGNVDIAGFYNEILGGVSYEYYDLLRTDMIRCKKAKDFNIYNPVYGNTSKCTTVSASDSD
QTIKQENYSAYAQDALYLTDNWIAVAGIRYQYYTQYAGKGRPFNVNTDSRDEQWTPKLGLVYKLTPSVSL
FANYSQTFMPQSSIASYIGDLPPESSNAYEVGAKFELFDGITADIALFDIHKRNVLYTESIGDETIAKTA
GRVRSRGVEVDLAGALTENINIIASYGYTDAKVLEDPDYAGKPLPNVPRHTGSLFLTYDIHNMPGNNTLT
FGGGGHGVSRRSATNGADYYLPGYFVADAFAAYKMKLQYPVTLQLNVKNLFDKTYYTSSIATNNLGNQIG
DPREVQFTVKMEF

>ADE91828.1
MITSPPKRGMALVVVLVLLAVMMLVTITLSGRMQQQLGRTRSQQEYQQALWYSASAESLALSALSLSLKN
EKRVHLAQPWASGPRFFPLPQGQIAVTLRDAQACFNLNALAQPTTASRPLAVQQLIALISRLDVPAYRAE
LIAESLWEFIDEDRSVQTRLGREDSEYLARSVPFYAANQPLADISEMRVVQGMDAGLYQKLKPLVCALPM
ARQQININTLDVTQSVILEALFDPWLSPVQARALLQQRPAKGWEDVDQFLAQPLLADVDERTKKQLKTIL
SVDSNYFWLRSDITVNEIELTMNSLIVRMGPQHFSVLWHQTGESE

>NP_045689.2
MRLLIGFALALALIGCAQKGAESIGSQKENDLNLEDSSKKSHQNAKQDLPAVTEDSVSLFNGNKIFVSKE
KNSSGKYDLRATIDQVELKGTSDKNNGSGTLEGSKPDKSKVKLTVSADLNTVTLEAFDASNQKISSKVTK
KQGSITEETLKANKLDSKKLTRSNGTTLEYSQITDADNATKAVETLKNSIKLEGSLVGGKTTVEIKEGTV
TLKREIEKDGKVKVFLNDTAGSNKKTGKWEDSTSTLTISADSKKTKDLVFLTDGTITVQQYNTAGTSLEG
SASEIKNLSELKNALK

>ZP_05300691.1
MLVFITLILVSLPIAQQTEAKDASAFNKENSISSMAPPASPPASPKTPIEKKHADEIDKYIQGLDYNKNN
VLVYHGDAVTNVPPRKGYKDGNEYIVVEKKKKSINQNNADIQVVNAISSLTYPGALVKANSELVENQPDV
LPVKRDSLTLSIDLPGMTNQDNKIVVKNATKSNVNNAVNTLVERWNEKYAQAYPNVSAKIDYDDEMAYSE
SQLIAKFGTAFKAVNNSLNVNFGAISEGKMQEEVISFKQIYYNVNVNEPTRPSRFFGKAVTKEQLQALGV
NAENPPAYISSVAYGRQVYLKLSTNSHSTKVKAAFDAAVSGKSVSGDVELTNIIKNSSFKAVIYGGSAKD
EVQIIDGNLGDLRDILKKGATFNRETPGVPIAYTTNFLKDNELAVIKNNSEYIETTSKAYTDGKINIDHS
GGYVAQFNISWDEVNYDPEGNEIVQHKNWSENNKSKLAHFTSSIYLPGNARNINVYAKECTGLAWEWWRT
VIDDRNLPLVKNRNISIWGTTLYPKYSNKVDNPIE

>ZP_05821343.1
MMFARPLIASMLGAAVCLTALGTVAAPAFAAGESEVKVIVSGNAITNSDIKHRMAFLKLQRKSGNLNQLA
RNELTEEMLKRIEMKSRGINISDKEVDDAYAGFASRNKMTLAQLNQVMNQSGVTPEHFKKYIMVQMGWGR
LVSARFRATGMVSEQEAVQRMLKNGGKKPVATEYHLQQVIFVVPASKRSPALLAKRRQEANALRARFQNC
DSTRQQAKGILDVTVRDLGRIIEPQLPGEWSKDVKAAGVNRTTKPHDTEKGVEFLAVCSTRQVSDDRVAQ
LVFSMEGADSPAGQEKKAEELSKKYVQELREKATIVNR

>ZP_00785385.1
MKKKMIQSLLVASLAFGMAVSPVTPIAFAAETGTITVQDTQKGATYKAYKVFDAEIDNANVSDSNKDGAS
YLIPQGKEAEYKASTDFNSLFTTTTNGGRTYVTKKDTASANEIATWAKSISANTTPVSTVTESNNDGTEV
INVSQYGYYYVSSTVNNGAVIMVTSVTPNATIHEKNTDATWGDGGGKTVDQKTYSVGDTVKYTITYKNAV
NYHGTEKVYQYVIKDTMPSASVVDLNEGSYEVTITDGSGNITTLTQGSEKATGKYNLLEENNNFTITIPW
AATNTPTGNTQNGANDDFFYKGINTITVTYTGVLKSGAKPGSADLPENTNIATINPNTSNDDPGQKVTVR
DGQITIKKIDGSTKASLQGAIFVLKNATGQFLNFNDTNNVEWGTEANATEYTTGADGIITITGLKEGTYY
LVEKKAPLGYNLLDNSQKVILGDGATDTTNSDNLLVNPTVENNKGTELPSTGGIGTTIFYIIGAILVIGA
GIVLVARRRLRS

>ZP_00785378.1
MLKKCQTFIIESLKKKKHPKEWKIIMWSLMILTTFLTTYFLILPAITVEETKTDDVGITLENKNSSQVTS
STSSSQSSVEQSKPQTPASSVTETSSSEEAAYREEPLMFRGADYTVTVTLTKEAKIPKNADLKVTELKDN
SATFKDYKKKALTEVAKQDSEIKNFKLYDITIESNGKEAEPQAPVKVEVNYDKPLEASDENLKVVHFKDD
GQTEVLKSKDTAETKNTSSDVAFKTDSFSIYAIVQEDNTEVPRLTYHFQNNDGTDYDFLTASGMQVHHQI
IKDGESLGEVGIPTIKAGEHFNGWYTYDPTTGKYGDPVKFGEPITVTETKEICVRPFMSKVATVTLYDDS
AGKSILERYQVPLDSSGNGTADLSSFKVSPPTSTLLFVGWSKTQNGAPLSESEIQALPVSSDISLYPVFK
ESYGVEFNTGDLSTGVTYIAPRRVLTGQPASTIKPNDPTRPGYTFAGWYTAASGGAAFDFNQVLTKDTTL
YAHWSPAQTTYTINYWQQSATDNKNATDAQKTYEYAGQVTRSGLSLSNQTLTQQDINDKLPTGFKVNNTR
TETSVMIKDDGSSVVNVYYDRKLITIKFAKYGGYSLPEYYYSYNWSSDADTYTGLYGTTLAANGYQWKTG
AWGYLANVGNNQVGTYGMSYLGEFILPNDTVDSDVIKLFPKGNIVQTYRFFKQGLDGTYSLADTGGGAGA
DEFTFTEKYLGFNVKYYQRLYPDNYLFDQYASQTSAGVKVPISDEYYDRYGAYHKDYLNLVVWYERNSYK
IKYLDPLDNTELPNFPVKDVLYEQNLSSYAPDTTTVQPKPSRPGYVWDGKWYKDQAQTQVFDFNTTMPPH
DVKVYAGWQKVTYRVNIDPNGGRLSKTDDTYLDLHYGDRIPDYTDITRDYIQDPSGTYYYKYDSRDKDPD
STKDAYYTTDTSLSNVDTTTKYKYVKDAYKLVGWYYVNPDGSIRPYNFSGAVTQDINLRAIWRKAGDYHI
IYSNDAVGTDGKPALDASGQQLQTSNEPTDPDSYDDGSHSALLRRPTMPDGYRFRGWWYNGKIYNPYDSI
DIDAHLADANKNITIKPVIIPVGDIKLEDTSIKYNGNGGTRVENGNVVTQVETPRMELNSTTTIPENQYF
TRTGYNLIGWHHDKDLADTGRVEFTAGQSIGIDNNPDATNTLYAVWQPKEYTVRVSKTVVGLDEDKTKDF
LFNPSETLQQENFPLRDGQTKEFKVPYGTSISIDEQAYDEFKVSESITEKNLATGEADKTYDATGLQSLT
VSGDVDISFTNTRIKQKVRLQKVNVENDNNFLAGAVFDIYESDANGNKASHPMYSGLVTNDKGLLLVDAN
NYLSLPVGKYYLTETKAPPGYLLPKNDISVLVISTGVTFEQNGNNATPIKENLVDGSTVYTFKITNSKGT
ELPSTGGIGTHIYILVGLALALPSGLILYYRKKI

>ZP_05821969.1
MERNMAKVIGIDLGTTNSCVAVMDGKNAKVIENAEGARTTPSIIAFTDGDERLAGQPAKRQAVTNPEGTL
FAVKRLIGRRYDDPMVTKDKDLVPYKIVKGDNGDAWVEVHGKKYSPSQISAMILQKMKETAESYLGETVT
QAVITVPAYFNDAQRQATKDAGKIAGLEVLRIINEPTAAALAYGLDKSEGKTIAVYDLGGGTFDVSVLEI
GDGVFEVKSTNGDTFLGGEDFDIRLVEYLVAEFKKESGIDLKNDKLALQRLKEAAEKAKIELSSSQQTEI
NLPFITADQTGPKHLAIKLSRAKFESLVDDLVQRTVEPCKAALKDAGLKAGEIDEVVLVGGMTRMPKIQE
VVKAFFGKEPHKGVNPDEVVAMGAAIQGGVLQGDVKDVLLLDVTPLSLGIETLGGVFTRLIERNTTIPTK
KSQTFSTAEDNQSAVTIRVFQGEREMAADNKLLGQFDLVGIPPAPRGVPQIEVTFDIDANGIVNVSAKDK
GTGKEHQIRIQASGGLSDADIEKMVKDAEANAEADKKRRESVEAKNQAESLVHSTEKSLAEYGDKVSADD
KKAIEDAIAALKTSLEGEDAEDIKAKTQALAEVSMKLGQAMYEAAQAAEGAGAEGGEQASSSKDDVVDAD
YEEIDDNKKSS

>CAE55522.1
MDFGALPPEVNSARMYGGAGAADLLAAAAAWNGIAVEVSTAASSVGSVITRLSTEHWMGPASLSMAAAVQ
PYLVWLTCTAESSALAAAQAMASAAAFETAFALTVPPAEVVANRALLAELTATNILGQNVSAIAATEARY
GEMWAQDASAMYGYAAASAVAARLNPLTRPSHITNPAGLAHQAAAVGQAGASAFARQVGLSHLISDVADA
VLSFASPVMSAADTGLEAVRQFLNLDVPLFVESAFHGLGGVADFATAAIGNMTLLADAMGTVGGAAPGGG
AAAAVAHAVAPAGVGGTALTADLGNASVVGRLSVPASWSTAAPATAAGAALDGTGWAVPEEDGPIAVMPP
APGMVVAANSVGADSGPRYGVKPIVMPKHGLF

155

3.1 AppendixAppendix C, 3.2Appendix I

156

165

177



>AAA26522.1
MHNVSTTTTGFPLAKILTSTELGDNTIQAANDAANKLFSLTIADLTANQNINTTNAHSTSNILIPELKAP
KSLNASSQLTLLIGNLIQILGEKSLTALTNKITAWKSQQQARQQKNLEFSDKINTLLSETEGLTRDYEKQ
INKLKNADSKIKDLENKINQIQTRLSNLDPESPEKKKLSREEIQLTIKKDAAVKDRTLIEQKTLSIHSKL
TDKSMQLEKEIDSFSAFSNTASAEQLSTQQKSLTGLASVTQLMATFIQLVGKNNEESLKNDLALFQSLQE
SRKTEMERKSDEYAAEVRKAEELNRVMGCVGKILGALLTIVSVVAAAFSGGASLALAAVGLALMVTDAIV
QAATGNSFMEQALNPIMKAVIEPLIKLLSDAFTKMLEGLGVDSKKAKMIGSILGAIAGALVLVAAVVLVA
TVGKQAAAKLAENIGKIIGKTLTDLIPKFLKNFSSQLDDLITNAVARLNKFLGAAGDEVISKQIISTHLN
QAVLLGESVNSATQAGGSVASAVFQNSASTNLADLTLSKYQVEQLSKYISEAIEKFGQLQEVIADLLASM
SNSQANRTDVAKAILQQTTA

>AAA26524.1
MNITTLTNSISTSSFSPNNTNGSSTETVNSDIKTTTSSHPVSSLTMLNDTLHNIRTTNQALKKELSQKTL
TKTSLEEIALHSSQISMDVNKSAQLLDILSRNEYPINKDARELLHSAPKEAELDGDQMISHRELWAKIAN
SINDINEQYLKVYEHAVSSYTQMYQDFSAVLSSLAGWISPGGNDGNSVKLQVNSLKKALEELKEKYKDKP
LYPANNTVSQEQANKWLTELGGTIGKVSQKNGGYVVSINMTPIDNMLKSLDNLGGNGEVVLDNAKYQAWN
AGFSAEDETMKNNLQTLVQKYSNANSIFDNLVKVLSSTISSCTDTDKLFLHF

>AAC44468.1
MFRRSKNNSYDTLQTKQRFSIKKFKFGAASVLIGISFLGGFTQGQFNISTDTVFAAEVISGSAVTLNTNM
TKNVQNGRAYIDLYDVKNGKIDPLQLITLNSPDLKAQYVIRQGGNYFTQPSELTTVGAASINYTVLKTDG
SPHTKPDGQVDIINVSLTIYNSSALRDKIDEVKKKAEDPKWDEGSRDKVLISLDDIKTDIDNNPKTQSDI
ANKITEVTNLEKILVPRIPDADKNDPAGKDQQVNVGETPKAEDSIGNLPDLPKGTTVAFETPVDTATPGD
KPAKVVVTYPDGSKDTVDVTVKVVDPRTDADKNDPAGKDQQVNVGETPKAEDSIGNLPDLPKGTTVAFET
PVDTATPGDKPAKVVVTYPDGSKDTVDVTVKVVDPRTDADKNDPAGKDQQVNVGETPKAEDSIGNLPDLP
KGTTVAFETPVDTATPGDKPAKVVVTYPDGSKDTVDVTVKVVDPRTDADKNDPAGKDQQVNVGETPKAED
SIGNLPDLPKGTTVAFETPVDTATPGDKPAKVVVTYPDGSKDTVDVTVKVVDPRTDADKNDPAGKDQQVN
VGETPKAEDSIGNLPDLPKGTTVAFETPVDTATPGDKPAKVVVTYPDGSKDTVDVTVKVVDPRTDADKND
PAGKDQQVNVGETPKAEDSIGNLPDLPKGTTVAFETPVDTATPGDKPAKVVVTYPDGSKDTVDVTVKVVD
PRTDADKNDPAGKDQQVNVGETPKAEDSIGNLPDLPKGTTVAFETPVDTATPGDKPAKVVVTYPDGSKDT
VDVTVKVVDPRTDADKNDPAGKDQQVNVGETPKAEDSIGNLPDLPKGTTVAFETPVDTATPGDKPAKVVV
TYPDGSKDTVDVTVKVVDPRTDADKNDPAGKDQQVNVGETPKAEDSIGNLPDLPKGTTVAFETPVDTATP
GDKPAKVVVTYPDGSKDTVDVTVKVVDPRTDADKNDPAGKDQQVNVGETPKAEDSIGNLPDLPKGTTVAF
ETPVDTATPGDKPAKVVVTYPDGSKDTVDVTVKVVDPRTDADKNDPAGKDQQVNVGETPKAEDSIGNLPD
LPKGTTVAFETPVDTATPGDKPAKVVVTYPDGSKDTVDVTVKVVDPRTDADKNDPAGKDQQVNVGETPKA
EDSIGNLPDLPKGTTVAFETPVDTATPGDKPAKVVVTYPDGSKDTVDVTVKVVDPRTDADKNDPAGKDQQ
VNGKGNKLPATGENATPFFNVVALTIMSSVGLLSVSKKKED

>AAC02243.1
MKKTIVALAVAAVAATSANAATVYNQDGTKVDVNGSLRLILKKEKNERGDLVDNGSRVSFKASHDLGEGL
SALAYTELRFSKNVPVQVKDQQGEVVREYEVEKLGNNVHVKRLYAGFAYEGLGTLTFGNQLTIGDDVGLS
DYTYFNSGINNLLSSGEKAINFKSAEFNGFTFGGAYVFSADADKQALRDGRGFVVAGLYNRKMGDVGFAF
EAGYSQKYVKQEVEQNPPAAQKVFKDEKEKAFMVGAELSYAGLALGVDYAQSKVTNVDGKKRALEVGLNY
DLNDRAKVYTDFIWEKEGPKGDVTRNRTVAVGFGYKLHKQVETFVEAAWGREKDSDGVTTKNNVVGTGLR
VHF

>CAB46338.1
MFRQYNFEKGLNFSIRKFSVGIASVAIGSLLFILPQVLADETTSVTSATTPTGVTTTDANLVNPNNSTPT
STNRSATSTQGSNLSNTSEIIKPATLAATSPTTDNVAPSVDKRTYATSGDWTLQNPYADSVRNKNISPSV
RHESFKSAETTVVRHDNSTVKVTATITPVEGNDEGSGILTNGGNQSEYKATSEMFVGNVDPAKIPALGVY
TQPGRTEGGSKLSDKLNFNGKAPSTILTLKFDKAVTDPIIDLSGVGGNARLSFTETVMENGKIVEKFDYA
RGSYNSTFFDGITPGISLEKASSGVNLTVTANTVDVTDKNTFNESVVNPSDEDFVNGPDRTPDAVPAGTG
SIRLKGTFTDASFKLYHQAVPSTAFSKEKYHTGDGYYNSIANVRPTVVKPDSINGLNKHASDVIDYKISD
NNDISNDDLLRLSVRLQNPRGSVVVNYIDTEGNIIGTEYKDTTDAIPGTHYNTAESSGDLNSDATVERPS

TITKDGKVYDLVAENITVPVGKVNSDGTLATNGSSFNYGTDAASAEVAEGTKSVIYVISIKQESKGNVHA
RYVILGTETELASAKTVKSEAPIDEAYSDKAPATLEKDGKLYEFVHVRDNKGDAPADGKVTEQDQTITYE
YVEVPKGRVVVDYVIEGTATKPKDTYVDTPTAYIRDKEGQAIPYNTAENDSEKPLLLDKDGIKYELVSIQ
EGSAAEKGTLREGEQHVVYQYRKVVEVPSVKVGNVHARYVILGTETELASAKTVKSEAPIDEAYSDKAPA
TLEKDGKLYEFVHVRDNKGDAPADGKVTEQDQTITYEYKLKKDDADAVGNVVINYVDETGNVIKKPILDT
HESKVGTPYDTTDYKFAEIKFNGKIYKLVSAKTMGNEFGKVTEGTTEVTYVYRESVKSTLPKETGISIPS
ESESPKFISTQTTENRPNKGVLTSSKNPTNKSVLPTTGEESNRILGVVGITLVATTATLAASSLKRRKN

>AAF41790.1
MRKKLTALVLSALPLAAVADVSLYGEIKAGVEGRNYQLQLTEAQAANGGASGQVKVTKVTKAKSRIRTKI
SDFGSFIGFKGSEDLGDGLKAVWQLEQDVSVAGGGATQWGNRESFIGLAGEFGTLRAGRVANQFDDASQA
IDPWDSNNDVASQLGIFKRHDDMPVSVRYDSPEFSGFSGSVQFVPIQNSKSAYTPAYYTKNTNNNLTLVP
AVVGKPGSDVYYAGLNYKNGGFAGNYAFKYARHANVGRNAFELFLIGSGSDQAKGTDPLKNHQVHRLTGG
YEEGGLNLALAAQLDLSENGDKTKNSTTEIAATASYRFGNAVPRISYAHGFDFIERGKKGENTSYDQIIA
GVDYDFSKRTSAIVSGAWLKRNTGIGNYTQINAASVGLRHKF

>AAF42074.1
MNLKLVFESGDPVLIGVFVLMLLMSIVTWCLVVLRCIKLYRARKGNAAVKRHMRDTLSLNDAVEKVRAVD
APLSKLAQEALQSYRNYRRNEASELAQALPLNEYLVIQIRNSMAQIMRRFDYGMTALASIGATAPFIGLF
GTVWGIYHALINIGQSGQMSIAAVAGPIGEALVATAAGLFVAIPAVLAYNFLNRGTKILTQDLDAMAHDL
HVRLLNQKDS

>A46405
MFRRSKNNSYDTSQTKQRFSIKKFKFGAASVLIGLSFLGGVTQGNLNIFEESIVAASTIPGSAATLNTSI
TKNIQNGNAYIDLYDVKLGKIDPLQLIVLEQGFTAKYVFRQGTKYYGDVSQLQSTGRASLTYNIFGEDGL
PHVKTDGQIDIVSVALTIYDSTTLRDKIEEVRTNANDPKWTEESRTEVLTGLDTIKTDIDNNPKTQTDID
SKIVEVNELEKLLVLSVPDKDKYDPTGGETTVPQGTPVSDKEITDLVKIPDGSKGVPTVVGDRPDTNVPG
DHKVTVEVTYPDGTKDTVEVTVHVTPKPVPDKDKYDPTGGETTVPQGTPVSDKEITDLVKIPDGSKGVPT
VVGDRPDTNVPGDHKVTVEVTYPDGTKDTVEVTVHVTPKPVPDKDKYDPTGGETTVPQGTPVSDKEITDL
VKIPDGSKGVPTVVGDRPDTNVPGDHKVTVEVTYPDGTKDTVEVTVHVTPKPVPDKDKYDPTGGETTVPQ
GTPVSDKEITDLVKIPDGSKGVPTVVGDRPDTNVPGDHKVTVEVTYPDGTKDTVEVTVHVTPKPVPDKDK
YDPTGGETTVPQGTPVSDKEITDLVKIPDGSKGVPTVVGDRPDTNVPGDHKVTVEVTYPDGTKDTVEVTV
HVTPKPVPDKDKYDPTGGETTVPQGTPVSDKEITDLVKIPDGSKGVPTVVGDRPDTNVPGDHKVTVEVTY
PDGTKDTVEVTVHVTPKPVPDKDKYDPTGGETTVPQGTPVSDKEITDLVKIPDGSKGVPTVVGDRPDTNV
PGDHKVTVEVTYPDGTKDTVEVTVHVTPKPVPDKDKYDPTGGETTVPQGTPVSDKEITDLVKIPDGSKGV
PTVVGDRPDTNVPGDHKVTVEVTYPDGTKDTVEVTVHVTPKPVPDKDKYDPTGGETTVPQGTPVSDKEIT
DLVKIPDGSKGVPTVVGDRPDTNVPGDHKVTVEVTYPDGTKDTVEVTVHVTPKPVPDKDKYDPTGKAQQV
NGKGNKLPATGENATPFFNVAALTIISSVGLLSVSKKKED

>1DI0_A
MNQSCPNKTSFKIAFIQARWHADIVDEARKSFVAELAAKTGGSVEVEIFDVPGAYEIPLHAKTLARTGRY
AAIVGAAFVIDGGIYDHDFVATAVINGMMQVQLETEVPVLSVVLTPHHFHESKEHHDFFHAHFKVKGVEA
AHAALQIVSERSRIAALV

>AAK33158.1
MKKRILSAVLVSGVTLGAATTVGAEDLSTKIAKQDSIISNLTTEQKAAQNQVSALQAQVSSLQSEQDKLT
ARNTELEALSKRFEQEIKALTSQIVARNEKLKNQARSAYKNNETSGYINALLNSKSISDVVNRLVAINRA
VSANAKLLEQQKADKVSLEEKQAANQTAINTIAANMAMAEENQNTLRTQQANLVAATANLALQLASATED
KANLVAQKEAAEKAAAEALAQEQAAKVKAQEQAAQQAASVEAAKSAITPAPQATPAAQSSNAIEPAALTA
PAAPSAGPQTSYDSSNTYPVGQCTWGAKSLAPWAGNNWGNGGQWAYSAQAAGYRTGSTPMVGAIAVWNDG
GYGHVAVVVEVQSASSIRVMESNYSGRQYIADHRGWFNPTGVTFIYPH

>AAK33267.1
MSNKKTFKKYSRVAGLLTAALIIGNLVTANAESNKQNTASTETTTTNEQPKPESSELTTEKAGQKTDDML
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NSNDMIKLAPKEMPLESAEKEEKKSEDKKKSEEDHTEEINDKIYSLNYNELEVLAKNGETIENFVPKEGV
KKADKFIVIERKKKNINTTPVDISIIDSVTDRTYPAALQLANKGFTENKPDAVVTKRNPQKIHIDLPGMG
DKATVEVNDPTYANVSTAIDNLVNQWHDNYSGGNTLPARTQYTESMVYSKSQIEAALNVNSKILDGTLGI
DFKSISKGEKKVMIAAYKQIFYTVSANLPNNPADVFDKSVTFKELQRKGVSNEAPPLFVSNVAYGRTVFV
KLETSSKSNDVEAAFSAALKGTDVKTNGKYSDILENSSFTAVVLGGDAAEHNKVVTKDFDVIRNVIKDNA
TFSRKNPAYPISYTSVFLKNNKIAGVNNRTEYVETTSTEYTSGKINLSHQGAYVAQYEILWDEINYDDKG
KEVITKRRWDNNWYSKTSPFSTVIPLGANSRNIRIMARECTGLAWEWWRKVIDERDVKLSKEINVNISGS
TLSPYGSITYK

>AAK33444.1
MEKKQRFSLRKYKSGTFSVLIGSVFLVMTTTVAADELSTMSEPTITNHAQQQAQHLTNTELSSAESKSQD
TSQITLKTNREKEQSQDLVSEPTTTELADTDAASMANTGSDATQKSASLPPVNTDVHDWVKTKGAWDKGY
KGQGKVVAVIDTGIDPAHQSMRISDVSTAKVKSKEDMLARQKAAGINYGSWINDKVVFAHNYVENSDNIK
ENQFEDFDEDWENFEFDAEAEPKAIKKHKIYRPQSTQAPKETVIKTEETDGSHDIDWTQTDDDTKYESHG
MHVTGIVAGNSKEAAATGERFLGIAPEAQVMFMRVFANDIMGSAESLFIKAIEDAVALGADVINLSLGTA
NGAQLSGSKPLMEAIEKAKKAGVSVVVAAGNERVYGSDHDDPLATNPDYGLVGSPSTGRTPTSVAAINSK
WVIQRLMTVKELENRADLNHGKAIYSESVDFKDIKDSLGYDKSHQFAYVKESTDAGYNAQDVKGKIALIE
RDPNKTYDEMIALAKKHGALGVLIFNNKPGQSNRSMRLTANGMGIPSAFISHEFGKAMSQLNGNGTGSLE
FDSVVSKAPSQKGNEMNHFSNWGLTSDGYLKPDITAPGGDIYSTYNDNHYGSQTGTSMASPQIAGASLLV
KQYLEKTQPNLPKEKIADIVKNLLMSNAQIHVNPETKTTTSPRQQGAGLLNIDGAVTSGLYVTGKDNYGS
ISLGNITDTMTFDVTVHNLSNKDKTLRYDTELLTDHVDPQKGRFTLTSHSLKTYQGGEVTVPANGKVTVR
VTMDVSQFTKELTKQMPNGYYLEGFVRFRDSQDDQLNRVNIPFVGFKGQFENLAVAEESIYRLKSQGKTG
FYFDESGPKDDIYVGKHFTGLVTLGSETNVSTKTISDNGLHTLGTFKNADGKFILEKNAQGNPVLAISPN
GDNNQDFAAFKGVFLRKYQGLKASVYHASDKEHKNPLWVSPESFKGDKNFNSDIRFAKSTTLLGTAFSGK
SLTGAELPDGHYHYVVSYYPDVVGAKRQEMTFDMILDRQKPVLSQATFDPETNRFKPEPLKDRGLAGVRK
DSVFYLERKDNKPYTVTINDSYKYVSVEDNKTFVERQADGSFILPLDKAKLGDFYYMVEDFAGNVAIAKL
GDHLPQTLGKTPIKLKLTDGNYQTKETLKDNLEMTQSDTGLVTNQAQLAVVHRNQPQSQLTKMNQDFFIS
PNEDGNKDFVAFKGLKNNVYNDLTVNVYAKDDHQKQTPIWSSQAGASVSAIESTAWYGITARGSKVMPGD
YQYVVTYRDEHGKEHQKQYTISVNDKKPMITQGRFDTINGVDHFTPDKTKALDSSGIVREEVFYLAKKNG
RKFDVTEGKDGITVSDNKVYIPKNPDGSYTISKRDGVTLSDYYYLVEDRAGNVSFATLRDLKAVGKDKAV
VNFGLDLPVPEDKQIVNFTYLVRDADGKPIENLEYYNNSGNSLILPYGKYTVELLTYDTNAAKLESDKIV
SFTLSADNNFQQVTFKITMLATSQITAHFDHLLPEGSRVSLKTAQDQLIPLEQSLYVPKAYGKTVQEGTY
EVVVSLPKGYRIEGNTKVNTLPNEVHELSLRLVKVGDASDSTGDHKVMSKNNSQALTASATPTKSTTSAT
AKALPSTGEKMGLKLRIVGLVLLGLTCVFSRKKSTKD

>AAK33494.1
MRQIQSIRLIDVLELAFGVGYKEETTSQFSSDQPSQVVLYRGEANTVRFAYTNQMSLMKDIRIALDGSDK
SLTAQIVPGMGHVYEGFQTSARGIFTMSGVPESTVPVANPNVQTKYIRYFKVIDDMHNTMYKGTVFLVQP
QAWKYTMKSVDQLPVDDLNHIGVAGIERMTTLIKNAGALLTTGGSGAFPDNIKVSINPKGRQATITYGDG
STDIIPPAVLWKKGSVKEPTEADQSVGTPTPGIPGKFKRDQSLNEHEAMVNVEPLSHVVKDNIKVIDEKS
TGRFEPFRPNEDEKEKPASDVKVRPAEVGSWLEPATALPSVEMSAEDRLKS

>AAK33792.1
MKKYFILKSSVLSILTSFTLLVTDVQADQVDVQFLGVNDFHGALDNTGTAYTPSGKIPNAGTAAQLGAYM
DDAEIDFKQANQDGTSIRVQAGDMVGASPANSALLQDEPTVKVFNKMKFEYGTLGNHEFDEGLDEFNRIM
TGQAPDPESTINDITKQYEHEASHQTIVIANVIDKKTKDIPYGWKPYAIKDIAINDKIVKIGFIGVVTTE
IPNLVLKQNYEHYQFLDVAETIAKYAKELQEQHVHAIVVLAHVPATSKDGVVDHEMATVMEKVNQIYPEH
SIDIIFAGHNHQYTNGTIGKTRIVQALSQGKAYADVRGTLDTDTNDFIKTPSANVVAVAPGIKTENSDIK
AIINHANDIVKTVTERKIGTATNSSTISKTENIDKESPVGNLATTAQLTIAKKTFPTVDFAMTNNGGIRS
DLVVKNDRTITWGAAQAVQPFGNILQVIQMTGQHIYDVLNQQYDENQTYFLQMSGLTYTYTDNDPKNSDT
PFKIVKVYKDNGEEINLTTTYTVVVNDFLYGGGDGFSAFKKAKLIGAINTDTEAFITYITNLEASGKTVN
ATIKGVKNYVTSNLESSTKVNSAGKHSIISKVFRNRDGNTVSSEVISDLLTSTENTNNSLGKKETTTNKN
TISSSTLPITGDNYKMSPIMTILALISLGGLNAFIKKRKS

>AAK33814.1
MTNNQTLDILLDVYAYNHAFRIAKALPNIPKTALYLLEMLKERRELNLAFLAEHAAENRTIEDQYHCSLW
LNQSLEDEQIANYILDLEVKVKNGAIIDFVRSVSPILYRLFLRLITSEIPNFKAYIFDTKNDQYDTWHFQ
AMLESDHEVFKAYLSQKQSRNVTTKSLADMLTLTSLPQEIKDLVFLLRHFEKAVRNPLAHLIKPFDEEEL
HRTTHFSSQAFLENIITLATFSGVIYRREPFYFDDMNAIIKKELSLWRQSIV

>AAK34188.1
MKTKKVIILVGLLLSSQLTLIACQSRGNGTYPIKTKQSRKGMTSNKIKPIKKSKKTNKTHKGVAGVDFPT
DDGFILTKDSKILSKTDQGIVVDHDGHSHFIFYADLKGSPFEYLIPKGASLAKPAVAQRAASQGTSKVAD
PHHHYEFNPADIVAEDALGYTVRHDDHFHYILKSSLSGQTQAQAKQVATRLPQTSSLVSTATANGIPGLH
FPTSDGFQFNGQGIVGVTKDSILVDHDGHLHPISFADLRQGGWAHVADQYDPAKKAEKPAETHQTPELSE
REKEYQEKLAYLAEKLGIDPSTIKRVETQDGKLGLEYPHHDHAHVLMLSDIEIGKDIPDPHAIEHARELE
KHKVGMDTLRALGFDEEVILDIVRTHDAPTPFPSNEKDPNMMKEWLATVIKLDLGSRKDPLQRKGLSLLP
NLETLGIGFTPIKDISPVLQFKKLKQLLMTKTGVTDYRFLDNMPQLEGIDISQNNLKDISFLSKYKNLTL
VAAADNGIEDIRPLGQLPNLKFLVLSNNKISDLSPLASLHQLQELHIDNNQITDLSPVSHKESLTVVDLS
RNADVDLATLQAPKLETLMVNDTKVSHLDFLKNNPNLSSLSINRAQLQSLEGIEASSVIVRVEAEGNQIK
SLVLKDKQGSLTFLDVTGNQLTSLEGVNNFTALDILSVSKNQLTNVNLSKPNKTVTNIDISHNNISLADL
KLNEQHIPEAIAKNFPAVYEGSMVGNGTAEEKAAMATKAKESAQEASESHDYNHNHTYEDEEGHAHEHRD
KDDHDHEHEDENEAKDEQNHAD

>AAK34428.1
MKSFSLTFSFLNLLKYGTIKVMTKEFHHVTVLLHETVDMLDIKPDGIYVDATLGGSGHSAYLLSKLGEEG
HLYCFDQDQKAIDNAQVTLKSYIDKGQVTFIKDNFRHLKARLTALGVDEIDGILYDLGVSSPQLDERERG
FSYKQDAPLDMRMDRQSLLTAYEVVNTYPFNDLVKIFFKYGEDKFSKQIARKIEQARAIKPIETTTELAE
LIKAAKPAKELKKKGHPAKQIFQAIRIEVNDELGAADESIQDAMELLALDGRISVITFHSLEDRLTKQLF
KEASTVDVPKGLPLIPEDMKPKFELVSRKPILPSHSELTANKRAHSAKLRVAKKIRK

>AAK34472.1
MTTTEQELTLTPLRGKSGKAYKGTYPNGECVFIKLNTTPILPALAKEQIAPQLLWAKRMGNGDMMSAQEW
LNGRTLTKEDMNSKQIIHILLRLHKSKKLVNQLLQLNYKIENPYDLLVDFEQNAPLQIQQNSYLQAIVKE
LKRSLPEFKSEVATIVHGDIKHSNWVITTSGMIFLVDWDSVRLTDRMYDVAYLLSHYIPRSRWSEWLSYY
GYKNNDKVMQKIIWYGQFSHLTQILKCFDKRDMEHVNQEIYALRKFREIFRKK

>AAK34691.1
MRKKQKLPFDKLAIALMSTSILLNAQSDIKANTVTEDTPATEQAVETPQPTAVSEEAPSSKETKTPQTPD
DAEETIADDANDLAPQAPAKTADTPATSKATIRDLNDPSQVKTLQEKAGKGAGTVVAVIDAGFDKNHEAW
RLTDKTKARYQSKEDLEKAKKEHGITYGEWVNDKVAYYHDYSKDGKTAVDQEHGTHVSGILSGNAPSETK
EPYRLEGAMPEAQLLLMRVEIVNGLADYARNYAQAIIDAVNLGAKVINMSFGNAALAYANLPDETKKAFD
YAKSKGVSIVTSAGNDSSFGGKTRLPLADHPDYGVVGTPAAADSTLTVASYSPDKQLTETATVKTADQQD
KEMPVLSTNRFEPNKAYDYAYANRGMKEDDFKDVKGKIALIERGDIDFKDKIANAKKAGAVGVLIYDNQD
KGFPIELPNVDQMPAAFISRKDGLLLKENPQKTITFNATPKVLPTASGTKLSRFSSWGLTADGNIKPDIA
APGQDILSSVANNKYAKLSGTSMSAPLVAGIMGLLQKQYETQYPDMTPSERLDLAKKVLMSSATALYDED
EKAYFSPRQQGAGAVDAKKASAATMYVTDKDNTSSKVHLNNVSDKFEVTVTVHNKSDKPQELYYQATVQT
DKVDGKLFALAPKALYETSWQKITIPANSSKQVTIPIDVSQFSKDLLAPMKNGYFLEGFVRFKQDPTKEE
LMSIPYIGFRGDFGNLSALEKPIYDSKDGSSYYHEANSDAKDQLDGDGLQFYALKNNFTALTTESNPWTI
IKAVKEGVENIEDIESSEITETIFAGTFAKQDDDSHYYIHRHANGKPYAAISPNGDGNRDYVQFQGTFLR
NAKNLVAEVLDKEGNVVWTSEVTEQVVKNYNNDLASTLGSTRFEKTRWDGKDKDGKVVANGTYTYRVRYT
PISSGAKEQHTDFDVIVDNTTPEVATSATFSTEDRRLTLASKPKTSQPVYRERIAYTYMDEDLPTTEYIS
PNEDGTFTLPEEAETMEGATVPLKMSDFTYVVEDMAGNITYTPVTKLLEGHSNKPEQDGSDQAPDKKPET
KPEQDGSGQAPDKKPETKPEQDGSGQTPDKKPETKPEQDGSGQTPDKKPETKPEKDSSGQTPGKTPQKGQ
PSRTLEKRSSKRALATKASTKDQLPTTNDKDTNRLHLLKLVMTTFFLGLVAHIFKTKRTED

>AAK34694.1
MAKNNTNRHYSLRKLKTGTASVAVALTVLGAGFANQTEVKANGDGNPREVIEDLAANNPAIQNIRLRYEN
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KDLKARLENAMEVAGRDFKRAEELEKAKQALEDQRKDLETKLKELQQDYDLAKESTSWDRQRLEKELEEK
KEALELAIDQASRDYHRATALEKELEEKKKALELAIDQASQDYNRANVLEKELETITREQEINRNLLGNA
KLELDQLSSEKEQLTIEKAKLEEEKQISDASRQSLRRDLDASREAKKQVEKDLANLTAELDKVKEDKQIS
DASRQGLRRDLDASREAKKQVEKDLANLTAELDKVKEEKQISDASRQGLRRDLDASREAKKQVEKALEEA
NSKLAALEKLNKELEESKKLTEKEKAELQAKLEAEAKALKEQLAKQAEELAKLRAGKASDSQTPDTKPGN
KAVPGKGQAPQAGTKPNQNKAPMKETKRQLPSTGETANPFFTAAALTVMATAGVAAVVKRKEEN

>NP_250399.1
MNPITLERAGLPYGVADAGDIPALGRPVARDVESLRVERLAAPAAASASGTGVALTPPSAASQQRLEVAN
RAEIASLVQAVGEDVGLARQVVLAGASTLLSAGLMSPQAFEIELAKITGEVENQQKKLKLTEIEQARKQN
LQKMEDNQQKIRESEEAAKEAQKSGLAAKIFGWISAIASIIVGAIMVATGVGAAAGALMIAGGVMGVVSQ
SVQQAAADGLISKEVMEKLGPALMGIEMAVALLAAVVSFGGSAVGGLARLGAKIGGKAAEMTASLASKVA
DLGGKFGSLAGQSLSHSLKLGVQVSDLTLDVANGAAQATHSGFQAKAANRQADVQESRADLTTLQGVIER
LKEELSRMLEAFQEIMERIFAMLQAKGETLHNLSSRPAAI

>NP_219647.1
MTTPDNNTIDVSFPTFVRLNVATTDLADGNKSNAVTITETATANYVNVTQDLTSSTAKLECTQDLIAQGK
LIVTNPKSDISFGGRVNLADNTVNYSNGGAEVSFTNINSRQGKQYVPYGLYKNGEPKISMRSALSGGHVG
SGDTGGWGAEVLWDAYTEQLKDMTDGAVTLNSSNRGKLSFTASPEAPVLFRLSVFMRKNGDWLDNGVGGR
VMLYVNTTDSAGKTVRRLLGIAVCLGSTWYTTVPMFWCAATYYATSSGFFQLIVGERNFRVSSLSWSVVR
LPVVP

>NP_220344.1
MMKRLLCVLLSTSVFSSPMLGYSASKKDSKADICLAVSSGDQEVSQEDLLKEVSRGFSRVAAKATPGVVY
IENFPKTGNQAIASPGNKRGFQENPFDYFNDEFFNRFFGLPSHREQQRPQQRDAVRGTGFIVSEDGYVVT
NHHVVEDAGKIHVTLHDGQKYTAKIVGLDPKTDLAVIKIQAEKLPFLTFGNSDQLQIGDWAIAIGNPFGL
QATVTVGVISAKGRNQLHIVDFEDFIQTDAAINPGNSGGPLLNINGQVIGVNTAIVSGSGGYIGIGFAIP
SLMAKRVIDQLISDGQVTRGFLGVTLQPIDSELATCYKLEKVYGALVTDVVKGSPAEKAGLRQEDVIVAY
NGKEVESLSALRNAISLMMPGTRVVLKIVREGKTIEIPVTVTQIPTEDGVSALQKMGVRVQNITPEICKK
LGLAADTRGILVVAVEAGSPAASAGVAPGQLILAVNRQRVASVEELNQVLKNSKGENVLLMVSQGDVVRF
IVLKSDE

>NP_214802.1
MSQIMYNYPAMLGHAGDMAGYAGTLQSLGAEIAVEQAALQSAWQGDTGITYQAWQAQWNQAMEDLVRAYH
AMSSTHEANTMAMMARDTAEAAKWGG

>NP_268530.1
MDIIIGTSLLILVLAIFSLFNYKAPHGAKAMGALASAACASFLVEAFQDSFFGKVLGFQFLSEVGGANGS
LSGVAAAILVAIAIGVSPGYAVLIGLSVSGTGIIPGFVAGYVVSFLIKWMEKNIPGGLDLISIIIVGAPL
TRFLAQLITPVINSTLLTIGDILTSSANSNPIIMGMILGGTIVVVATAPLSSMALTAMLGLTGIPMAIGA
LSVFGSSFMNGVLFYRLKLGERKDNIAFAIEPLTQADVTSANPIPIYVTNFVGGAACGVLIALMKLVNDT
PGTATPIAGFAVMFAYNPVAKVLITALGCIIISLIVGYIGGSVFKNYRLVTKQELQARN

>NP_268623.1
MDLEQTKPNQVKQKIALTSTIALLSASVGVSHQVKADDRASGETKASNTHDDSLPKPETIQEAKATIDAV
EKTLSQQKAELTELATALTKTTAEINHLKEQQDNEQKALTSAQEIYTNTLASSEETLLAQGAEHQRELTA
TETELHNAQADQHSKETALSEQKASISAETTRAQDLVEQVKTSEQNIAKLNAMISNPDAITKAAQTANDN
TKALSSELEKAKADLENQKAKVKKQLTEELAAQKAALAEKEAELSRLKSSAPSTQDSIVGNNTMKAPQGY
PLEELKKLEASGYIGSASYNNYYKEHADQIIAKASPGNQLNQYQDIPADRNRFVDPDNLTPEVQNELAQF
AAHMINSVRRQLGLPPVTVTAGSQEFARLLSTSYKKTHGNTRPSFVYGQPGVSGHYGVGPHDKTIIEDSA
GASGLIRNDDNMYENIGAFNDVHTVNGIKRGIYDSIKYMLFTDHLHGNTYGHAINFLRVDKHNPNAPVYL
GFSTSNVGSLNEHFVMFPESNIANHQRFNKTPIKAVGSTKDYAQRVGTVSDTIAAIKGKVSSLENRLSAI
HQEADIMAAQAKVSQLQGKLASTLKQSDSLNLQVRQLNDTKGSLRTELLAAKAKQAQLEATRDQSLAKLA
SLKAALHQTEALAEQAAARVTALVAKKAHLQYLRDFKLNPNRLQVIRERIDNTKQDLAKTTSSLLNAQEA

LAALQAKQSSLEATIATTEHQLTLLKTLANEKEYRHLDEDIATVPDLQVAPPLTGVKPLSYSKIDTTPLV
QEMVKETKQLLEASARLAAENTSLVAEALVGQTSEMVASNAIVSKITSSITQPSSKTSYGSGSSTTSNLI
SDVDESTQRALKAGVVMLAAVGLTGFRFRKESK

>NP_268639.1
MIKRLISLVVIALFFAASTVSGEEYSVTAKHAIAVDLESGKVLYEKDAKEVVPVASVSKLLTTYLVYKEV
SKGKLNWDSPVTISNYPYELTTNYTISNVPLDKRKYTVKELLSALVVNNANSPAIALAEKIGGTEPKFVD
KMKKQLRQWGISDAKVVNSTGLTNHFLGANTYPNTEPDDENCFCATDLAIIARHLLLEFPEVLKLSSKSS
TIFAGQTIYSYNYMLKGMPCYREGVDGLFVGYSKKAGASFVATSVENQMRVITVVLNADQSHEDDLAIFK
TTNQLLQYLLINFQKVQLIENNKPVKTLYVLDSPEKTVKLVAQNSLFFIKPIHTKTKNTVHITKKSSTMI
APLSKGQVLGRATLQDKHLIGQGYLDTPPSINLILQKNISKSFFLKVWWNRFVRYVNTSL

>NP_273588.1
MALFLSIFPIVLLIWLMVKKNSMPSYVALPITAVLIYAIKLFYFDDAGMLLNATAASGLVKTLTPITVIF
GAIMFNRMMETTGCIDVIRKWLATISPNPVAQLMIIGWAFAFMIEGASGFGTPAAIAAPILMSLGFNPLK
VAIFTLVMNSVPVSFGAVGTPTWFGFAPLNLSAEDILAIGRQTGVMHFFAGFVIPVIGLGFIVPWSEIRK
NLGFVAIAVFSCTIPYVALAMVNEEFPSLVAGAIGLMVSVFAANQGWGLSKDHAKDPNAEKVPFAQVAKA
LAPLGMLIGMLVVTRIKQLGIKGILTSKEEWFSFQLPFDLSKITVSDSLTITFGNIFGQDVSASYQTLYV
PAWIPFVLTVWICILLYKTKFKDAWTIYSVTFNQTKKPLLALMGALIMVQLMLVGGDNSMVKIIGKEFAA
MAGEHWVYFSPYLGAIGAFFSGSNTVSNLTFGPIQQQIALDTGLSVTLILALQSVGGAMGNMVCLNNIIA
VCTVLDVKNSEGAIIKKTVIPMAIYGVIAVVAAMIFFL

>NP_346492.1
MSKDIRVRYAPSPTGLLHIGNARTALFNYLYARHHGGTFLIRIEDTDRKRHVEDGERSQLENLRWLGMDW
DESPESHENYRQSERLDLYQKYIDQLLAEGKAYKSYVTEEELAAERERQEVAGETPRYINEYLGMSEEEK
AAYIAEREAAGIIPTVRLAVNESGIYKWHDMVKGDIEFEGGNIGGDWVIQKKDGYPTYNFAVVIDDHDMQ
ISHVIRGDDHIANTPKQLMVYEALGWEAPEFGHMTLIINSETGKKLSKRDTNTLQFIEDYRKKGYLPEAV
FNFIALLGWNPGGEDEIFSREEFIKLFDENRLSKSPAAFDQKKLDWMSNDYIKNADLETIFEMAKPFLEE
AGRLTDKAEKLVELYKPQMKSVDEIIPLTDLFFSDFPELTEAEREVMTGETVPTVLEAFKAKLEAMTDDE
FVTENIFPQIKAVQKETGIKGKNLFMPIRIAVSGEMHGPELPDTIFLLGREKSIQHIENMLKEISK

>NP_395162.1
MTINIKTDSPIITTGSQLDAITTETVKQSGEIKKTEDTRHEAQAIKSSEASLSRSQVPELIKPSQGINVA
LLSKSQGDLNGTLSILLLLLELARKAREMGLQQRDIENKATITAQKEQVAEMVSGAKLMIAMAVVSGIMA
ATSTVASAFSIAKEVKIVKQEQILNSNIAGREQLIDTKMQQMSNIGDKAVSREDIGRIWKPEQVADQNKL
ALLDKEFRMTDSKANAFNAATQPLGQMANSAIQVHQGYSQAEVKEKEVNASIAANEKQKAEEAMNYNDNF
MKDVLRLIEQYVSSHTHAMKAAFGVV

>CAC98661.1
MKKATIAATAGIAVTAFAAPTIASASTVVVEAGDTLWGIAQSKGTTVDAIKKANNLTTDKIVPGQKLQVN
NEVAAAEKTEKSVSATWLNVRSGAGVDNSIITSIKGGTKVTVETTESNGWHKITYNDGKTGFVNGKYLTD
KAVSTPVAPTQEVKKETTTQQAAPAAETKTEVKQTTQATTPAPKVAETKETPVVDQNATTHAVKSGDTIW
ALSVKYGVSVQDIMSWNNLSSSSIYVGQKLAIKQTANTATPKAEVKTEAPAAEKQAAPVVKENTNTNTAT
TEKKETATQQQTAPKAPTEAAKPAPAPSTNTNANKTNTNTNTNTNTNNTNTNTPSKNTNTNSNTNTNTNS
NTNANQGSSNNNSNSSASAIIAEAQKHLGKAYSWGGNGPTTFDCSGYTKYVFAKAGISLPRTSGAQYAST
TRISESQAKPGDLVFFDYGSGISHVGIYVGNGQMINAQDNGVKYDNIHGSGWGKYLVGFGRV

>AAL18599.1
MKKLSILAISVALFASITACGAFGGLPSLKSSFVLSEDTIPGTNETVKTLLPYGSVINYYGYVKPGQAPD
GLVDGNKKAYYLYVWIPAVIAEMGVRMISPTGEIGEPGDGDLVSDAFKAATPEEKSMPHWFDTWIRVERM
SAIMPDQIAKAAKAKPVQKLDDDDDGDDTYKEERHNKYNSLTRIKIPNPPKSFDDLKNIDTKKLLVRGLY
RISFTTYKPGEVKGSFVASVGLLFPPGIPGVSPLIHSNPEELQKQAIAAEESLKKAASDATK

>NP_462896.1
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MKSLNTLVILTSVISTSVFAGAYVENREAYNLASDQMEFMLRVGYNSDMGAGIMLTNTYTLQRDDELKHG
YNEIEGWYPLFKPTDKLTIQPGGLINDKSIGSGGAVYLDVNYKFTPWFNLTVRNRYNHNNYSSTDLNGEL
DNNDSYEIGNYWNFIITDKFSYTFEPHYFYNVNDFNSSNGTKHHWEITNTFRYRINEHWLPYFELRWLDR
NVGPYHREQNQIRIGAKYFF

>AAM22954.1
MTAQTPIHVYSEIGKLKKVLLHRPGKEIENLMPDYLERLLFDDIPFLEDAQKEHDAFAQALRDEGIEVLY
LETLAAESLVTPEIREAFIDEYLSEANIRGRATKKAIRELLMAIEDNQELIEKTMAGVQKSELPEIPASE
KGLTDLVESSYPFAIDPMPNLYFTRDPFATIGTGVSLNHMFSETRNRETLYGKYIFTHHPIYGGGKVPMV
YDRNETTRIEGGDELVLSKDVLAVGISQRTDAASIEKLLVNIFKQNLGFKKVLAFEFANNRKFMHLDTVF
TMVDYDKFTIHPEIEGDLRVYSVTYDNEELHIVEEKGDLADLLAANLGVEKVDLIRCGGDNLVAAGREQW
NDGSNTLTIAPGVVVVYNRNTITNAILESKGLKLIKIHGSELVRGRGGPRCMSMPFEREDI

>NP_665438.1
MSTSFENKATNRGVITFTISQDKIKPALDKAFNKIKKDLNAPGFRKGHMPRPVFNQKFGEEVLYEDALNI
VLPEAYEAAVTELGLDVVAQPKIDVVSMEKGKEWTLSAEVVTKPEVKLGDYKNLVVEVDASKEVSDEDVD
AKIERERQNLAELIIKDGEAAQGDTVVIDFVGSVDGVEFDGGKGDNFSLELGSGQFIPGFEDQLVGAKAG
DEVEVNVTFPESYQAEDLAGKAAKFMTTIHEVKTKEVPELDDELAKDIDEDVDTLEDLKVKYRKELEAAQ
ETAYDDAVEGAAIELAVANAEIVDLPEEMIHEEVNRSVNEFMGNMQRQGISPEMYFQLTGTTQEDLHNQY
SAEADKRVKTNLVIEAIAKAEGFEATDSEIEQEINDLATEYNMPADQVRSLLSADMLKHDIAMKKAVEVI
TSTASVK

>AAN47806.1
MNLSKHTAVLTGIVFFLAFSLSMYVSVIEKAGTKDEYPYTMKIYYPRLEGIHPGAPVRILGVEKGIVRSL
DVVPIDEVEDQRFLNKDQTKAIEIIVRLKEPITLWDNYKITFQTNTILSGRTIDIDPGSFDKEETSFFQP
TYLEEEQKSPDFLPSADYFEDFFAASTGVIRENREDIRTSFNNFYEISEKLKSNRGTIPQIINSPETYDN
VIELLTDARIFGNDARRYLEGNRKLERSAPIPLTINMYRRTTLIGNVSNRYYFGKL

>AAN48316.1
MKHPKMNLLGALLLSSLFLNPLNSDPTLGNCEVFPTNNIWNTPVDTLPLHPFSESYVRSIGAQKKLKADF
GSGLWEGMPIGIPFILTSGANPVPVSFEYTDESEPGPYPIPHNAPIEGGETSDGDRHVLVVEQKTCKLYE
LYSARKKGKSWTAVSGAVFDLKSNQLRPANWTSADAAGLPILPGLVRYEEIASGEIKHAIRFTAKKTQKA
YLWPARHYASKITDKNVPPMGTRFRLKASFNIDGFSKENQVILRALKKYGMILADNGSDWFLSGAPNEKW
NNDQLHKLGKVLGDQFEAVDSESLMISTDSGEAKQN

>AAN48653.1
MGKNNSFRPKNSFLKFQVVFGFFLLSFISLNSEERSSILDPTFFLIHKNLNPSLGGLFETRKKFTSYGAW
FELPVWKRERKHFWKTHFLYENHKTFSVVHQTYIGLEYSFISEKKDLHPSVFVGWERGEKDLGIFGIHLT
IPDKQTIQVFGKTGKDFKSGSIFLHSNFDTGLQLFLGFSRTWDKSYTEDQFTLGIRVSWEKIYSSFFWNQ
TQEEESFLTGKFGISNFQQDLKSKTLFESTDEFQSNSLFKSKNLSSKNTKSKSFETSLLEKDKTNYSYIS
SFIRSYTNISISVQELLSAGFTLSSALEISKASYNSKEEFLKLFHSLSVKEQTKIFVLLKKKNPKHILKN
SILPKDKR

>NP_754374.1
MLYNIPCRIYILSTLSLCISGIVSTATATSSETKISNEETLVVTTNRSASNLWESPATIQVIDQQTLQNS
TNASIADNLQDIPGVEITDNSLAGRKQIRIRGEASSRVLILIDGQEVTYQRAGDNYGVGLLIDESALERV
EVVKGPYSVLYGSQAIGGIVNFITKKGGDKLASGVVKAVYNSATAGWEESIAVQGSIGGFDYRINGSYSD
QGNRDTPDGRLPNTNYRNNSQGVWLGYNSGNHRFGLSLDRYRLATQTYYEDPDGSYEAFSVKIPKLEREK
VGVFYDTDVDGDYLKKIHFDAYEQTIQRQFANEVKTTQPVPSPMIQALTVHNKTDTHDKQYTQAVTLQSH
FSLPANNELVTGAQYKQDRVSQRSGGMTSSKSLTGFINKETRTRSYYESEQSTVSLFAQNDWRFADHWTW
TMGVRQYWLSSKLTRGDGVSYTAGIISDTSLARESASDHEMVTSTSLRYSGFDNLELRAAFAQGYVFPTL
SQLFMQTSAGGSVTYGNPDLKAEHSNNFELGARYNGNQWLIDSAVYYSEAKDYIASLICDGSIVCNGNTN
SSRSSYYYYDNIDRAKTWGLEISAEYNGWVFSPYISGNLIRRQYETSTLKTTNTGEPAINGRIGLKHTLV
MGQANIISDVFIRAASSAKDDSNGTETNVPGWATLNFAVNTEFGNEDQYRINLALNNLTDKRYRTAHETI

PAAGFNAAIGFVWNF

>NP_755498.1
MAQRQPEKTAAGGCCFNSLYNKYSGITMMRKKYMPRALGPLLLVVLSPAVAQQNDDNEIIVSASRSNRTV
AEMAQTTWVIENAELEQQIQGGKELKDALAQLIPGLDVSSQSRTNYGMNMRGRPLVVLIDGVRLNSSRSD
SRQLDSVDPFNIDHIEVISGATALYGGGSTGGLINIVTKKGQPETMMEFEAGTKSGFNSSKDHDERIAGA
VSGGNDHISGRLSVAYQKFGGWFDGNGDATLLDNTQTGLQHSNRLDIMGTGTLNIDESRQLQLITQYYKS
QGDDNYGLNLGKGFSAISGSSTPYVSKGLNSDRIPGTERHLISLQYSDSDFLRQELVGQVYYRDESLRFY
PFPTVNANKQATAFSSSQQDTDQYGMKLTLNSQLMDGWQITWGLDAEHERFTSNQMFFDLAQASASGGLN
NHKIYTTGRYPSYDITNLAAFLQSSYDINDIFTVSGGVRYQYTENRVDDFIDYTQQQKIAAGKAISADAI
PGGSVDYDNFLFNAGLLMHITERQQAWFNFSQGVALPDPGKYYGRGIYGAAVNGHLPLTKSVNVSDSKLE
GVKVDSYELGWRFTGDNLRTQIAAYYSLSNKSVERNKDLTISVKDDRRRIYGVEGAVDYLIPDTDWSTGV
NFNVLKTESKVNGQWQKYDVKESSPSKATAYINWAPEPWSLRVQSTTSFDVSDAEGNDINGYTTVDFISS
WQLPVGTLSFSVENLFDRDYTTVWGQRAPLYYSPGYGPASLYDYKGRGRTFGLNYSVLF

>NP_757022.1
MKNKYIIAPGIAVMCSAVISSGYASSDKKEDTLVVTASGFTQQLRNAPASVSVITSEQLQKKPVSDLVDA
VKDVEGISITGGNEKPDISIRGLSGDYTLILVDGRRQSGRESRPNGSGGFEAGFIPPVEAIERIEVIRGP
MSSLYGSDAIGGVINIITKPVNNQTWDGVLGLGGIIQEHGKFGNSTTNDFYLSGPLIKDKLGLQLYGGMN
YRKEDSISQGTPAKDNKNITATLQFTPTESQKFVFEYGKNNQVHTLTPGESLDAWTMRGNLKQPNSKRET
HNSRSHWVAAWNAQGEILHPEIAVYQEKVIREVKSGKKDKYNHWDLNYESRKPEITNTIIDAKVTAFLPE
NVLTIGGQFQHAELRDDSATGKKTTETQSVSIKQKAVFIENEYAATDSLALTGGLRLDNHEIYGSYWNPR
LYAVYNLTDNLTLKGGIAKAFRAPSIREVSPGFGTLTQGGASIMYGNRDLKPETSVTEEIGIIYSNDSGF
SASATLFNTDFKNKLTSYDIGTKDPVTGLNTFIYDNVGEANIRGVELATQIPVYDKWHVSANYTFTDSRR
KSDDESLNGKSLKGEPLERTPRHAANAKLEWDYTQDITFYSSLNYTGKQIWAAQRNGAKVPRVRNGFTSM
DIGLNYQILPDTLINFAVLNVTDRKSEDIDTIDGNWQVDEGRRYWANVRVSF

>YP_026537.1
MAKDIKFSEEARRSMLRGVDTLANAVKVTLGPKGRNVVLEKKFGSPLITNDGVTIAKEIELEDAFENMGA
KLVAEVASKTNDVAGDGTTTATVLAQAMIREGLKNVTAGANPMGLRKGIEKAVVAAVEELKTISKPIEGK
SSIAQVAAISAADEEVGQLIAEAMERVGNDGVITLEESKGFTTELDVVEGMQFDRGYASPYMITDSDKME
AVLDNPYILITDKKISNIQEILPVLEQVVQQGKPLLIIAEDVEGEALATLVVNKLRGTFNVVAVKAPGFG
DRRKAMLEDIAILTGGEVITEELGRDLKSATVESLGRAGKVVVTKENTTVVEGVGSTEQIEARIGQIRAQ
LEETTSEFDREKLQERLAKLVGGVAVIKVGAATETELKERKLRIEDALNSTRAAVEEGIVAGGGTSLMNV
YTKVASIVAEGDEATGINIVLRALEEPVRQIAINAGLEGSVVVERLKGEKVGVGFNAATGEWVNMLETGI
VDPAKVTRSALQNAASVAAMFLTTEAVVADKPEPNAPAMPDMGGMGMGGMGGMM

>YP_030461.1
MSKIIGIDLGTTNSCVAVMEGGEPKVIPNPEGNRTTPSVVAFKNEERQVGEVAKRQAITNPNTIMSVKRH
MGTDYKVEVEGKDYTPQEISAIILQNLKASAEAYLGETVTKAVITVPAYFNDAERQATKDAGRIAGLEVE
RIINEPTAAALAYGLEKQDEEQKILVYDLGGGTFDVSILELADGTFEVISTAGDNRLGGDDFDQVIIDHL
VAEFKKENNIDLSQDKMALQRLKDAAEKAKKDLSGVTQTQISLPFISAGAAGPLHLELTLTRAKFEELSA
GLVERTLEPTRRALKDAGFAPSELDKVILVGGSTRIPAVQEAIKRETGKEPYKGVNPDEVVALGAAVQGG
VLTGDVEGVLLLDVTPLSLGIETMGGVFTKLIERNTTIPTSKSQVFSTAADNQPAVDIHVLQGERPMSAD
NKTLGRFQLTDLPPAPRGIPQIEVTFDIDANGIVNVRAKDLGTSKEQAITIQSSSGLSDEEVERMVQEAE
ANADADQKRKEEVELRNEADQLVFQTDKVVKDLEGKVDAAEVAKATEAKEALQAAIEKNELEEIRAKKDA
LQEIVQQLTVKLYEQAQAAAGQAEGAEGAQDAGAKKDNVVDAEFEEVKEDK

>YP_177697.1
MSYVIAAPEMLATTAADVDGIGSAIRAASASAAGPTTGLLAAAADEVSSAAAALFSEYARECQEVLKQAA
AFHGEFTRALAAAGAAYAQAEASNTAAMSGTAGSSGALGSVGMLSGNPLTALMMGGTGEPILSDRVLAII
DSAYIRPIFGPNNPVAQYTPEQWWPFIGNLSLDQSIAQGVTLLNNGINAELQNGHDVVVFGYSQSAAVAT
NEIRALMALPPGQAPDPSRLAFTLIGNINNPNGGVLERYVGLYLPFLDMSFNGATPPDSPYQTYMYTGQY
DGYAHNPQYPLNILSDLNAFMGIRWVHNAYPFTAAEVANAVPLPTSPGYTGNTHYYMFLTQDLPLLQPIR
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AIPFVGTPIAELIQPDLRVLVDLGYGYGYADVPTPASLFAPINPIAVASALATGTVQGPQAALVSIGLLP
QSALPNTYPYLPSANPGLMFNFGQSSVTELSVLSGALGSVARLIPPIA

>YP_328507.1
MKKLLKSVLVFAALSSASSLQALPVGNPAEPSLMIDGILWEGFGGDPCDPCTTWCDAISMRMGYYGDFVF
DRVLKTDVNKEFQMGAAPTTSDVAGLEKDPVANVARPNPAYGKHMQDAEMFTNAAYMALNIWDRFDVFCT
LGATTGYLKGNSASFNLVGLFGTKTQSSGFDTANIVPNTALNQAVVELYTDTTFAWSVGARAALWECGCA
TLGASFQYAQSKPKVEELNVLCNASEFTINKPKGYVGAEFPLDITAGTEAATGTKDASIDYHEWQASLAL
SYRLNMFTPYIGVKWSRVSFDADTIRIAQPKLAKPVLDTTTLNPTIAGKGTVVSSAENELADTMQIVSLQ
LNKMKSRKSCGIAVGTTVVDADKYAVTIETRLIDERAAHVNAQFRF

>YP_816547.1
MSQKNNKKKNKRKNLLTNILAGFLILLSLALIFNTQIRNIFIVWNTNKYQVSQVSKEKLEENQDTEGNFD
FDSVKAISSEAVLTSQWDAQKLPVIGGIAIPELEMNLPIFKGLDNVNLFYGAGTMKREQVMGEGNYSLAS
HHIFGVDNANKMLFSPLDNAKNGMKIYLTDKNKVYTYEIREVKRVTPDRVDEVDDRDGVNEITLVTCEDL
AATERIIVKGDLKETKDYSQTSDEILTAFNQPYKQFY

>ABN54438.1
MLFKPHRFVPKTVAAAALAAHGLAAHATAPFVVQDIKIEGLQRVEAGSVFAYLPIKQGDTFTDDKASEAI
RALYATGFFNDVRIATQGGVVIVQVQERPAIASIDFTGIKEFDKDNLNKALKAVGLSQGRYYDKALVDKA
EQELKRQYLTRGFYAAEVSTTVTPVDANRVSILFAVAEGPSAKIRQINFIGNKAFKTSTLRDEMQLSTPN
WFSWYTKNDLYSKEKLTGDLENVRSYYLNRGYLEFNIESTQVSISPDKKDMYLTVALHEGEPYTVSSVKL
AGNLLDRQAELEKLVKIKPGDRFSAEKLQQTTKAIVDKLGQYGYAFATVNAQPEIDQATHKVGLTLVVDP
SRRVYVRRINIVGNTRTRDEVVRREMRQLESSWFDSSRLALSKDRVNRLGYFTDVDVTTVPVEGTNDQVD
VNVKVAEKPTGAITLGAGFSSTDKVVLSAGISQDNVFGSGTSLAVNVNTAKSYRTLTVTQVDPYFTVDGI
KRITDVFYRTYQPLYYSTNSSFRIITAGGNLKFGIPFSETDTVYFGAGFEQNRLDVDSNTPQSYQDYVNE
FGRVSNTVPLTIGWSRDARDSALIPSRGYFTQANAEYGVPVGKIQYYKMDVQGQYYYSFARGFILGLNFQ
AGYGNGIGNPYPIFKNYYAGGIGSVRGYEPSSLGPRDTKTNDPIGGSKMVVGNIELTFPLPGTGYDRTLR
VFTFLDGGNVWGNAPGGTSTGANGLRYGYGIGLAWISPIGPLKLSLGFPLQKHEGDQYQKFQFQIGTAF

>EDK22348.1
MKIDTLTKNFSNYQTQINKDNDLVSNVHSDNVVKIQISDEARSLSQTNSKNEKEYEIKVSQEKIENHKDQ
NSIQNSKGGVNPALEALIAKLAEILAKIAELTQKMTNANEQMKTTFQKQIDVLKSQADVIQAQIQELQSQ
QA>YP_001197700.1
MKKKAVVGSVAALVLGMSLCSYQLGRFQAMEEQKNRVSYIEDSQSVQTTVAEQLTPDQVSAKENIDAEQI
VVKITDQGYVTSHGDHFHYYNGKVPFDAIFSEELVMKDPNYVLQDSHIINEVQDGYVIKVDGKYYLYLKD
PSKHKNVRSKEEVERQKGISSADSKNQAAGNSKDGRYRTDDGYVFNPTDVIEDTGDGFIVPHGDHFHFIP
KKDLSAAELKAAQDYWNQKGSVSSASGSQYGDRNNRAQQTTISAGQGQDLASLLAQLDATPLSQRHVEAD
GLVFDPRTITKKTAAGVIVPHGDHYHFIPYSQMSPLEEKISRMIGVNGAGVSSGAQASHSQHTLTQPNRP
VTPIGTVTTQPVSPTQPVLPTQPKQSTGKVVSYKGRQIPAYGKGLDGKAYFTSDGYTFSKDSITSVDDQG
LIASHGDHFHYVGFGELEDFEIKQVEEWVNEKAGKQVPPKTSEQVGNDAKPTTPSQGNDSKPVKPIQEEN
RPAFEYKQVTAKRKLAGKVVYEMEVGGKTYTYGRDELDLMKISFAELTLAEKDKQYIFDIAPLAEGDLKP
AMLVGMDQIPMKGANATYDTGQSFIIPHIDHIHVLPYTWLSKEQIATIRYIMQHPEIRPSAWTTSGHGDG
EATDLVPPILNATPKANRLGLKNWQIIHTAEEVMDARAKGKFATNDGYIFSAEDVLDPASFVFSQAFSLP
RATGGSLRSISKKDLSKEELEAVQTLLDKRDAEELAKNVTPIEKRAGLKNWQIVHSAEELAEAKAAGKYT
TKDGYIFDPADLLDPKVKIGTDNYRIPRVITDGYRRINKSDLYYLSELIPAEAMVAQREKSNSSLPSTPA
PTETGASAGETTRPEQPQVAKETAEEIYNRVEAKKVVPFEALTYNAGYATEVRNGTLVIPHQDHYHYVSF
KWFDQGSARSPEGYSLEDFLATVKYYMTNPQERPVSDDGWGVFTPKYTI

>YP_001332107.1
MKTRIVSSVTTTLLLGSILMNPVANAADSDINIKTGTTDIGSNTTVKTGDLVTYDKENGMHKKVFYSFID
DKNHNKKLLVIRTKGTIAGQYRVYSEEGANKSGLAWPSAFKVQLQLPDNEVAQISDYYPRNSIDTKEYMS

TLTYGFNGNVTGDDTGKIGGLIGANVSIGHTLKYVQPDFKTILESPTDKKVGWKVIFNNMVNQNWGPYDR
DSWNPVYGNQLFMKTRNGSMKAADNFLDPNKASSLLSSGFSPDFATVITMDRKASKQQTNIDVIYERVRD
DYQLHWTSTNWKGTNTKDKWIDRSSERYKIDWEKEEMTN

>YP_002037642.1
MLEITLKSPYQFAHILFQPTIVPHGGHYHFIPESDLSAGELAATYVFNPNDIVRDTGDAYIVRHGDHYHY
IPKSSLNNPPSHSNTEEVGSSSSSVLSNTSLHVHHEEEDGHGFDANRIISEDSEGFVIPHGDHNHYIKVQ
TKGYEAALKNKIPSLQSNYQPGTFDEKAVLAKVDQLLADSRSIYKDRLS

>YP_002037641.1
MKFSKKYIAAGSAVXVSLSLCAYALNQHRSQENKDNNRVSYVDGSQSSQKSENLTPDQVSQKEGIQAEQI
VIKITDQGYVTSHGDHYHYYNGKVPYDALFSEELLMKDPNYQLKDADIVNEVKGGYIIKVDGKYYVYLKD
AAHADNVRTKDEINRQKQEHVKDNEKVNSNVAVARSQGRYTTNDGYVFNPADIIEDTGNAYIVPHGGHYH
YIPKSDLSASELAAAKAHLAGKNMQPSQLSYSSTASDNNTQSVAKGSTSKPANKSENLQSLLKELYDSPS
AQRYSESDGLVFDPAKIISRTPNGVAIPHGDHYHFIPYSKLSALEEKIARMVPISGTGSTVSTNAKPNEV
VSSLGSLSSNPSSLTTSKELSSASDGYIFNPKDIVEETATAYIVRHGDHFHYIPKSNQIGQPTLPNNSLA
TPSPSLPINPGTSHEKHEEDGYGFDANRIIAEDESGFVMSHGDHNHYFFKKDLTEEQIKAAQKHLEEVKT
SHNGLDSLSSHEQDYPSNAKEMKDLDKKIEEKIAGIMKQYGVKRESIVVNKEKNAIIYPHGDHHHADPID
EHKPVGIGHSHSNYELFKPEEGVAKKEGNKVYTGEELTNVVNLLKNSTFNNQNFTLANGQKRVSFSFPPE
LEKKLGINMLVKLITPDGKVLEKVSGKVFGEGVGNIANFELDQPYLPGQTFKYTIASKDYPEVSYDGTFT
VPTSLAYKMASQTIFYPFHAGDTYLRVNPQFAVPKGTDALVRVFDEFHGNAYLENNYKVGEIKLPIPKLN
QGTTRTAGNKIPVTFMANAYLDNQSTYIVEVPILEKENQTDKPSILPQFKRNKAQENSKLDEKVEEPKTS
EKVEKEKLSETGNSTSNSTLEEVPTVDPVQEKVAKFAESYGMKLENVLFNMDGTIELYLPSGEVIKKNMA
DFTGEAPQGNGENKPSENGKVSTGTVENQPTENKPADSLPEAPNEKPVKPENSTDNGMLNPEGNVGSDPM
LDPALEEAPAVDPVQEKLEKFTASYGLGLDSVIFNMDGTIELRLPSGEVIKKNLSDLIA

>EET06073.1
MLGINSNINSLVAQQNLNGSQGALSQAITRLSSGKRINSAADDAAGLAIATRMQTQINGLNQGVSNANDG
VSILQTASSGLTSLTNSLQRIRQLAVQASNGPLSASDASALQQEVAQQISEVNRIASQTNYNGKNILDGS
AGTLSFQVGANVGQTVSVDLTQSMSAAKIGGGMVQTGQTLGTIKVAIDSSGAAWSSGSTGQETTQINVVS
DGKGGFTFTDQNNQALSSTAVTAVFGSSTAGTGTAASPSFQTLALSTSATSALSATDQANATAMVAQINA
VNKPQTVSNLDISTQTGAYQAMVSIDNALATVNNLQATLGAAQNRFTAIATTQQAGSNNLAQAQSQIQSA
DFAQETANLSRAQVLQQAGISVLAQANSLPQQVLKLLQ

>ACU44469.1
MNNNEKKVKYFLRKTAYGLASMSAAFAVCSGIVHADTSSGISDSIPHKKQVNLGAVTLKNLISKYRGNDK
AIAILLSRVDDFNRASQDTLPQLINSTEAEINNTLPQGRIIKQSIPVVRLKVERLGSGAIKAESINNIKA
ESINKIQGKSTNTIKAESINKIKVESINTIKAESINKIQAKPINTIKAESINTIKAESIHKIKPQSIKST
SATHVKVSDQELAKQSRRSQDIIKSLGFLSSDQKDILVKSISSSKDSQLILKFVTQATQLNNAESTKAKH
MAQNDVASIKNISLEVLEEYKEKIQRASTKSQVDELVAEAKKVVNSNKETLVNQANGKKQEIAKLENLSN
DEMLRYNTAIDNVVKQYNEGKLNITDAMNALNSIKQAAQEVAQKNLQKQYAKKIERISLKGLALSKKAKE
IYEKHKSILPTPGYYADSVGTYLNRFRDKRTFGNRSVWTGQSGLDEAKKMLDEVKKLLKELQDLTRGTKE
DKKPDVKPEAKPEAKPNIQVPKQAPTEAAKPALSPEALTRLTTWYNQAKDLLKDDQVKDKYVDILAVQKA
VDQAYDHVEEGKFITTDQANQLANKLRDALQSLELKDKKVAKPEAKPEVKPEAKPDVKPDVKPEAKPEAK
PEAKPEAKPEAKPEAKPEAKPEVKPDVKPEAKPDVKPEVKPDVKPEAKPDVKPEAKPDVKPEVKPEAKPE
VKPDVKPEARPEAKPEVKPDVKPEAKPEAKPEVKPDVKPEAKPEAKPATKKSVNTSGNLAVKKAIENKKY
SKKLPSTGEAASPLLAIVSLIVMLSAGLITIVLKHKKN

>AEB91475.1
MKANNHFKDFAWKKCLLGASVAALLVGCSPHIIETNEVALKLNYHPASEKVQALDEKILLLRPAFQYSDN
IAKEYENKFKNQTALKVEQILQNQGYKVISVDSSDKDDLSFSQKKEGYLAVAMNGEIVLRPDPKRTIQKK
SEPGLLFSTGLDKMEGVLIPAGFIKVTILEPMSGESLDSFTMDLSELDIQEKFLKTTHSSHSGGLVSTMV
KGTDNSNDAIKSALNKIFANIMQEIDKKLTQKNLESYQKDAKELKNKRNR
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>AER01005.1
MVKKILNLILLGAIAFSFTLCSSAEKKEESAAPEPSTQEQSAAANRNVDVNSPEAIADSLNEKLKDFRYP
DGLTRPGFSYKKADVTPGDFSEWSKTNAPVIKEGLRKLPDSYALEITGHTDAIGPEQAEGAKKGNIFYSE
LRANAVKQALIKQGIPANRIVTKGAGSSEPVSGLDAKDAKNRRVTFRFATSAPQQ

>AER03729.1
MHTLLTLILSLLLFSGLQSENKNSSSKKLSDSASWIPKENFTQLASQREKFKNVSHNETLKLEIGYKLLT
GKILQFGKLLSTENAYVPIESNEITSELSQLNDKTVRILCSMKGSTCNPIRYEIYPFWYSKEIKPWTIKK
IPDYVNHNIFAFNPTVSPDGKYLFWTAYVKRGKSGTQKIWYSKLDEKGFWEDGKEMNAPLNNEMPSAVIS
ALPGGNELFVFGTFGEKELLDELSKDFETKADLAARSSKNSNVYRKKIEELRAEYDEKTKQISSRVPLYK
SFKEKDSWSKPSILNFPNFYNLYRKRNDSSQEIFGGSTLSSSGRILIYSSQHKDSKGKLDLYVSKMLNDG
TFPLGTNLGDVINTTHEEMAPFLASDDRTLYFSSDGHKGLSIYMTKRIGEGWDQWTKPVEVSENLKGVNF
FSIPANSDWAYISKDGRLFMAYLPKEMRPEKVVIINGKVLDTDGNPLSADIHYESLKSHEKIGSAKSDPS
NGNFSIILPFGENYGFYAQKKGYLPVSQNLNLSSKKKFSEKVEVILQLPPIRERGSIQINNLFFESKSFQ
IAPESAPELDRLAEIVKENPDIEIQIEGHTDNIGKKKDNLILSEKRAAAVAEYLFQKHSISKTRIQTKGF
GDSVPLSKNDSEEARKKNRRVNFTILKKSK

>AER04228.1
MSLKNKNYVLSKKTILILFLVYFVFIISFFSIYSQDLSINQNPKPEKLKGSINTSLNEFGISLTDDGNIL
YFYSKRQNSNYTDIYKSTRTKDEWTQGEEIEVLNSNFDDQSPFILNREEGILFSSNRDGATEFQFANGKI
GVSRDIYFSKKINSSWTEPVLLPRAVNTEEIEENPFLFNNRLYFTRYPFGQVSEADIFVSVYKNNTWEKA
MSLPDPINTVYSEIAATISKDGKTIYFSSNRPGGFGGYDLYKSTLLENGNYSEPINLGPEINTTGDEAFF
LETNDRKTFYFCRRKERDYDIYSIVSNPFQELEKGKSISLDSIHFSLGSYEILENSFSILDNLNSYLKEN
LNIKIKITGHTDLNGDSQDNLILSRNRANAVKDYLVKRGIDSQRIITDGKGSSEPIVPMKNPETDYKNRR
TEFQIISR

>2Y1V_C
GAGTTTTSVTVHKLLATDGDXDKIANELETGNYAGNKVGVLPANAKEIAGVXFVWTNTNNEIIDENGQTL
GVNIDPQTFKLSGAXPATAXKKLTEAEGAKFNTANLPAAKYKIYEIHSLSTYVGEDGATLTGSKAVPIEI
ELPLNDVVDAHVYPKNTEAKPKIDKDFKGKANPDTPRVDKDTPVNHQVGDVVEYEIVTKIPALANYATAN
WSDRXTEGLAFNKGTVKVTVDDVALEAGDYALTEVATGFDLKLTDAGLAKVNDQNAEKTVKITYSATLND
KAIVEVPESNDVTFNYGNNPDHGNTPKPNKPNENGDLTLTKTWVDATGAPIPAGAEATFDLVNAQTGKVV
QTVTLTTDKNTVTVNGLDKNTEYKFVERSIKGYSADYQEITTAGEIAVKNWKDENPKPLDPTEPKVVTYG
KKFVKVNDKDNRLAGAEFVIANADNAGQYLARKADKVSQEEKQLVVTTKDALDRAVAAYNALTAQQQTQQ
EKEKVDKAQAAYNAAVIAANNAFEWVADKDNENVVKLVSDAQGRFEITGLLAGTYYLEETKQPAGYALLT
SRQKFEVTATSYSATGQGIEYTAGSGKDDATKVVNKKITIPQTGG

>YP_005657787.1
MQINNSLNSLSQYVKVNSNEENQNSKNQEQNALAQDPAVEVNISKEAKEKSNTSNQNNSQAPAQALNAQN
NTQQDSSSDSEDKLTELTQKLAEIQAKIVELTAKMSKANEDQIKSIESQIATLNAQASTIQAQIQELQSQ
QA>YP_007012122.1
MRLKSIVIATTVLLGSATASIAAGSDNIDTSANTNSATTQSSGFAANNFIAPFANTYSALTNKDNTWGPQ
DRTGQWYLGVDANGLAGTPNSPSGAGANFTIGYNINKYFAVQYNQLVGRVFAGLGEGVVNFSNNTMFTPY
AAGGAGWANLAGQATGAWDVGGGLKFELSRNVQASVDYRYIQTMAPSNISGANGRAGTNMIGAGLTWFFG
GKDTTNNDTGNIQDNGATTAAQTVAMPTIDESKYVLPAGIKQCEGNFNLTEDGVACYTVNGDEVTVYLDT
KFAYDKATLNAKGKKAIASFVNFIKDSNISSVTVKGYASQGQTGSEFDIYNQKLSEKRAQAVADYMKQLG
LDSEKIITKGFGYNDTLGGIHKSDPRNQRVEASVSAPLKEAN

>ENR47700.1
MKGFMIAAPASGSGKTTVTLGLLRALKRRGEVLAPVKAGPDYIDPAYHRAASGVDCFNLDPWAMRPELIS
ALSSRMTESGARVLVAEGMMGLFDGAIDGKGSSADLARLLDLPVVLVVDCARQSHSIAALVWGFSQFRKD
VLIEGVILNRVGSPRHEAMLRGALAPLGVPVLGALPRDPALSLPERHLGLVQADEHAGLESFLEQAADVM

EAHIDMDALQTIWLRPKRYDAMANVARLKPLGNRIAVARDDAFAFAYMHLFEGWRRRGAEISFFSPLADE
APKADADAIYLPGGYPELHAQRLAGASRFRTAIGDAAARGVTVYGECGGYMVLGKTLEDAAGVHHPMLGL
LPLETSFARRKLHLGYRLLEPLGGLPWDMPLKAHEFHYASIVREEKADRLFRVRDASGENLGEAGLRVGS
VSGSFMHVIDFSGEAA

>ENR50124.1
MEVILLERIGRLGQMGDTVKVKDGYARNFLLPQGKALRANEANKKKFEGQRAQLEAQNLERKNEAQAVAD
KLNGESFIVVRSAGETGQLYGSVSTRDIAEIITANGFTLHRNQVELNHPIKTIGLHEVSVSLHPEVQVKV
MVNIARSTEEAERQAKGEDLTSIEAIYGIEEQPLSEEVFDDEDEAEDQA

>WP_009872247.1
MKMNRIWLLLLTFSSAIHSPVQGESLVCKNALQDLSFLEHLLQVKYAPKTWKEQYLGWDLVQSSVSAQQK
LRTQENPSTSFCQQVLADFIGGLNDFHAGVTFFAIESAYLPYTVQKSSDGRFYFVDIMTFSSEIRVGDEL
LEVDGAPVQDVLATLYGSNHKGTAAEESAALRTLFSRMASLGHKVPSGRTTLKIRRPFGTTREVRVKWRY
VPEGVGDLATIAPSIRAPQLQKSMRSFFPKKDDAFHRSSSLFYSPMVPHFWAELRNHYATSGLKSGYNIG
STDGFLPVIGPVIWESEGLFRAYISSVTDGDGKSHKVGFLRIPTYSWQDMEDFDPSGPPPWEEFAKIIQV
FSSNTEALIIDQTNNPGGSVLYLYALLSMLTDRPLELPKHRMILTQDEVVDALDWLTLLENVDTNVESRL
ALGDNMEGYTVDLQVAEYLKSFGRQVLNCWSKGDIELSTPIPLFGFEKIHPHPRVQYSKPICVLINEQDF
SCADFFPVVLKDNDRALIVGTRTAGAGGFVFNVQFPNRTGIKTCSLTGSLAVREHGAFIENIGVEPHIDL
PFTANDIRYKGYSEYLDKVKKLVCQLINNDGTIILAEDGSF

>NP_049501.1
MKKMFMAVLFALASVNAMAADCAKGKIEFSKYNEDDTFTVKVDGKEYWTSRWNLQPLLQSAQLTGMTVTI
KSSTCESGSGFAEVQFNND
>YP_006626618.1
MMGYLSALITVLSMGTFLGIVWWAWSSHRQSANRESALLPFALPDEDGPAQQDGAMQP

>YP_006625715.1
MKPLPLAYLAALLPWYAGVIQAQSAPAAGDDASITLEAVRVEASADASAGGLAPAFAGGQVATGAKVGIL
GTRDNLETPFSITAYTNELIQDRQAKGVGDVLQNDPGVRVARGFGNFQESYFIRGFILSSDDIAYNGLYG
LLPRQYISTQLFERVEVLRGASAFLTGAPPSGGGIGGVINLVPKRAPNEPLTRFSAGYGSDSVLEASADI
GRRFGPDDSVGIRINAAQRGGETAIDGERTRTTVFALGLDWRGERARLSADIGYQDNRLKRARPNVTLAG
DAAKVPGAPDAGSNYAQPWSYSNERDVFGTLRGEYDFNGRITGWVAYGMRQSKEENSLANLNNVNGAGQG
KFYRFDNAREDTVNTGEIGLRAKARTGPVGHELVASASYFDLEKKNAYVMDFFNQFDTSIYDPVSYAKPA
ISSTAFRGNDMDDPAKQGVIRLASYALGDTMSFFDDKVLLTAGIRHQRLYQRDYSYDTGIGGTPYEQSHN
SPAAGLVVRVTPQVSLYANYIEALSAGDTAPQTANGLPVVNHGESLAPYVSKQKEVGVKFEHDGLGGGLA
LFSTDKPRGFVGDDQVFRASGKDRHRGVELTTYGELTRSVRVLGGLTWLDAKQLSTGNAATDGKRVIGVP
RFQANLGVEWDIPGVQGLTVDGRVVYTGSSYADAANTLEVPGWTRLDAGLRYMTDIGGHLVTWRARVENI
ANRDYWSSVGGYPGNGYLVLGGPRTFTLSASMEF

>YP_006626823.1
MPAATDPDIAALVARAAAVAPERRSGTLRDLDHIVILMQENRGFDHYYGALPGARGRADPHRAPTPDGDV
FVQAHAGQRLAPYPLAPALPPGQPLGHLTPHTWDDAQRAWNDGRMDQWLAAKGRLGMGYYRPEELPLQTA
LARAFTLCEAYHCSMHAGTNPNRLFLWTGTNDPHGQAGGPALVNTHDRPGPAHEGYAWTTYPERLQAAGV
DWAIYQDMADNYHDNPLAGFRQYRAELAGGAARAPLRERALSTRTLAALAEDAANGRLPQVAWIIAPAAD
SEHPEVSSPAQGAAFSARVLDILTRAPALWRRCALLLTYDENDCFFDHMPPPAPPGAAGGGSTADTAGEY
HQARGGPSAGTPDDPRALHGRAYGLGPRVPMLVVSPFSRGGWLDARVYDHTSVIRLLESRFGVAEPNISP
WRRAVCGDLSHAFDFTGAQDQAGAPGPRSRPSPYACHVEAWAADGRQRVRMANPGHATLVLHVYDCLRLA
QGPRRYTIEPGRQWEDSWPDAGADLACDLWILGPDGFHRHIRRHGAAAPLAAAWRDQPPALLLENRGAQA
LQARIESAYGEAPALLRLAPGEQAAWPYEPASRGWYDLTASAAGQSLRLAGRMRAAGPGRPDPRLG

>NP_212396.1
MIIPKKKQRVEKRKKNFLFNSKKSVNFELKDFANISNIGKRRKKVFKIKNFFKKKINFFKKVSLFFYKLK
IQNINHYEYKYYYKSLRDKVFDIFSVRFDYKLVFKLNAIIFIFILTFYINIFSYYGSYVFLNRLSLPKDY
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FIDTFLYYSDQDIAQISSYLPESNVSANVPGFKKNFVLKVFDHKIKPGETLSHVAARYQITSETLISFNE
IKDVRNIKPNSVIKVPNMKGIVYIVKKNDSISSIASAYNVPKVDILDSNNLDNEVLFLGQKLFIPGGRLP
KDFLKEVLGETFIYPVQGVITSGYGYRPDPFTGVISFHNGIDIANLANTPIKASREGVVVTAGFNAGGYG
KYIVISHSNGFQTLYAHLNSFAVKVGKKVSRGAVIGYMGSTGYSTGNHLHFTIFKNGKTENPMKYLR

>NP_212370.1
MLIFGFIGLFFLNIFSLHAQGIVTNKDAQEEFKWALNSYNNGIYDDALLSFKKILSFDPNNLDYHFWTGN
VYYRLGYVEEALMEWRNLKDQGYKVPYLRHLISTIEQRRGIFSNYELNFKKLVKVASLDNSIYKRPHGYQ
ITSLRADKYGGYYAANFVGNEILYFDVNNNVNALVKDGFSYLKSPYDVIEANNLLYVTLYSSDEIGVYDK
VLGVKRKSIGNKGTKDGELLAPQYMAIDKRNYIYVSEWGNKRVSKFGLEGDFILHFGSRTSGYKGLLGPT
GVTYLNENIYVADSLRNTIEVFDTSGNHLYSVFTSIEGIEGLSSDFVGNNVIVSSKDGVYKYSIAKKTIT
KILKADKMNSKISSSILDANNQMIVSDFNNAKVSVYKSDASLYDSLNVDVRRIIRLGGPKIYVELNVSSK
SGLPVVGLKSENFSISNENYYIVNPKVAYNVNASKDINIAVVFDKSSYMKKYDTDQIVGLNALMELSKNK
NFSFINATSVPIIDNIESLTNSIRNTSSLGPYSTDAVKTDVSLKLAGSGLMSKSSRRAVVYFSGGILNRK
AFEKYSLDTIVSYYKNNDIRFYLILFGNDPINSKLQYLVNETGGAVIPFSSYEGVSKVYDLILEQKTGTY
LLEYYYPGPQEPNKYFNLSVEANINQQTGRGEFAYFIN

>NP_212734.1
MAIFLKNKYFYLSLIFIIFLFLFVFSGFLFYSKPIIYDISPIPTSHKDIIVIKGNNLGYSTGEININNNY
LVKSSIISWNNTEIVFKITDEVNSGLIFVKGERGTSNELFLVISRQVPVKLNRKNIPFIFSEDKIILNAN
SSTLLQGMNLFSPFSTITIFLETKDKLYTILPQNILNVSENRVEFVSPKTLNSSGKLYVLLDNIQSNKVP
FSVKNDFFKWTLSDFKEFVIIEEIYFSQDVSSNFDSNPQDINFNIFYLRPIENERQKITERNSEHLDFNI
DNLFFENLKTNKFIFKTRVKTYKLNLEFLDAKYLESIEVNRDINNQEYKKYVQDKKKDYLSYSYVDLMSL
DSLILSKTSGSNSVYKLAKAIIDVLTSNFKIVENNLSLKDSIEEKKISSGNLIVLTNLLFLKYDIPLRNI
VGLYYDSNSLKLKEHFWFEFFLAGVGFVYFDIINAVLFKDSSKYFLNISDNYIQYGCKEDYDKNEFFDGY
LDSGFLKYKSLTNGSYSLMHRFVLEDNF

>NP_212856.1
MKINKTFILLFLFTKFSFVQAQANQILTEISPLSILSKNGKGSVYLKVSKSSDYILTLDKSSNSDFVFKI
YDISNKKYITDKVKRRDFKIRLDKNSLYAIIYVGTKNENIKFSLTDLDFSILSSDSLKAKTSKIEKEDLF
FTLKDLPVLNLTAKLKKYVLRIYKSNIYIAYQLENSDDIKVAEFIEDVGWFNLDSSVNRNITNIVNFDFS
INSKGNLYIAFVTKSGADFASELIVKKFNSRKWIDISPGHIENFGSLLNISIDLKDRLYLAYLREIRGEY
KINLISNMGYGSIWTDVIHAYLSKGDSNVNSSNIGLISEPFLGIFYNYKSNNEIKSEFIVNNENAWVNAN
IPSVYMANFIKGFFDSNFNQIIMSFVSENRPIVNICPLKSSRWINISPNVEMEGLSADIGLYKNNLFLAF
EDNNNVRLIYFKNKNWYFLNKLENFKSNVKSPQIGIYGNQGLVISTLSSNSNELFFTLICQ

>NP_212213.1
MNIDYFIKNKILHNSGINYQVKTKNLNPSNKLIEKIKAVNPKIKAKTWNEYNKEFYKILKIERNTMLIIL
ASIFIVIAVNTYYLQKRIIINKNKAILILLAMGLRIKKIKQIFFIHSIIICTVGGLLGLTLGISISLNIN
EILKIIDNLVNTLINFLNQILALKIDGIKIQIVKNTITPKLFLSDLTFTFCFACFSTMYSSMKATKKIGS
QKNIETINGQ

>NP_212767.1
MNKILEKIQNNTTILIEASAGTGKTHILENVVINLIKTKLYSINEILVLTFTKKATEEMHTRILKVIENA
YSNSKTNEILKEAYEQSKKLFISTINKFALHALNNFQIETENYSKYKPKEKFSKEIDEIVYDFLRKSDSL
IQALDIKDYELKVFKSDAKKTEEIVLKIKKAYERDTTQELGDWLKTQTAFENILLKKEELIKDYNKIIED
LDKMTKDEILSFYNKHIQTGKLEIEYSKENDIFKIAETLLKNKFFSTLIEKETKKNSKLSPKELKIKNDL
ICLGINIKHEKYKSEDNRNKNRNNLKQYVILKVEYKILKYIEKELKKTIKSTNTIDQNYIISNLKNYLKS
EDKKLLNAIKNRYKIILIDEAQDLSLIQIEIFKILKTAGIKLIFIADPKQIIYSFRKADISFYNKEIKNK
INTDARIVLKINHRSSKKLIGPLNKIFNNIYNNAIADEIEKIDFTNSLPNQKNDNNKIVINGQEIEGINI
ITTNTESEEDIYQKTALTIKYLLAYGKIAENNKIRNIKMQDIKVLCRGKNEINLIDKALKKEQIQTNKTQ
EKFLKTKEFSEIFYIIKCLDRKQSFKTLNYILSSKILNVPWNLQRILIKQDKICLIEEFIENIIVLLEKN
EITLINAINKITFEKNLWIKIANITKDQKIIEWAKNKINYKGLLIKEGKLENLKTYETTLEIISKIYHKE
QNIQSLISTLESLIINEEPEEIEEKINNINNDNESIELMTIHKSKGLGMNIVFLLNTTPIENSNFFSKKN

QFYKFYQDGKIEYDFFKLEENKKYARLKILSEEKNIFYVGATRAKFALFIIKINSITSKLLEIAKIFTID
DIKHDFNIHEFIGQKRFNKKKYNTNVNTKLIPPKPIIKNMFKKEYTSSFSSLTAQAHHKEFYENYDFKNI
NYEKETELDYEPGLEETLPKGKDIGNILHAAMEEIIFSTAKDTFDNFKKNNIEIIEKQIQKINSNLNTIE
IQNSLAKMIYNILTYNIRAINTRLCDIEELQKEMEFLIKINPEFQKQKYLFDKHFEDLHIKLSDGYLKGI
VDLIFKANNKIYILDYKTNYLGKNKEDYNITNLENTIKKEYYDLQYKIYALGIKKILFKNKKEYNQKFGG
IIYLFTRAFEDNIECLKSKFENGIYFNLPKFNDVDLDKIILELGIKRHL

>YP_222268.1
MIQSALFLMLGVLVAVFVVVLLGPSVWRRAFFLARRQVQAELPITLAEIRADRDGLRAEHAVAVSKLEQL
LKLERGKTAEQKVTLARQQDELKRIPLLEQNIARLEKRLGEEEKGAAEARQARDTALEKAEILQAELERV
QGHYVALESLADTLRIEISAHEAEISRLMSEITEMRHDRKDATARYNELSTQLTAAQTKLKSETRRNGEL
QQKLEKLISELSDAQEKLERQNRHGDGALMSADQIEIARQNAALREEMATLAARMVAITAEREGPDSPIH
KLLKGTALTEKGKGKKNKAPKSLATRIRDMQ

>YP_221386.1
MRYLARFCCKVRFSDAAAGDGHDSLVQPGRP

>YP_220816.1
MEQFVLDKRLHADTFYVARLGLCELRLMNDRRWPWLILVPRRPGLTEIHQMTPLDQTMLTFEAGIVAHAL
KTVTACQKINTGALGNVVRQLHVHVIARNEGDAGWPGPVWGHGVRETYDEKDAQKLIAEVRAAL

>YP_221262.1
MKQKFERILEPTDTWAIFDTTADVPAMMGTRLLIGLTEKEAEELLAILNAPPKGRNKRSAA

>YP_222757.1
MFRWGVLSTAKIGVTQVIPALAASDNGVVHAIASRDHARARAVAGRFGAPLAFGSYEELLASKEVDGVYI
PLPTSQHIEWTLKAAEAGKHVLCEKPIALCAGDIDQLIEARDRHGVTIAEAFMVYYHPQWIKLRALLAEG
AIGNLSHVQGVFSYFNVDPGNMRNQPGLGGGALPDIGVYPTVVTRMVTGREPLSVRASVEYDPGFGTDRY
ANVSARFDGFDLTFYVATQLAGRQCMVFHGDKGFIEVYAPFNTGKYGHGRITLHDASHMQATEWSFGDAN
HYQLQAQSFVRAARGENVPLFSLENSRANQKFIDAIYSAGRSGVSETV

>YP_222058.1
MLDIIILVVIGGAFGAMTREFIMLMVPPLTDGFPLDILVANVVACFLLGTVTALYARKIHSRDVHTIIGT
GMMGGVSTFSSFAYGSVVLASASMSAFLIAAAYVTVSVVAGYVAVLAGMKFGEKSADILHRYPPMASIID
SGLVTVESRHSVAETIERVAAKAKSMGMNVFTRVDHGAGAKEAGLGLPPTELIIFGNPQNGTVLMQDKRT
IGLDLPIRALAWEDGSGKVWLTVNDPAWLAQRHSLGLSSDVAIKAMVTGTGTVTKYAAGD

>YP_002733631.1
MSLISIGTLGGTIAMVEGGSGGGVVPTLTADALIAAVPQIRNYAQIKAQSLFQLPSPSLKFRHGLEVIGW
AENEVKSGADGIVLTQGTDTLEEMAFLLDLLWEHPQPLVLTGAMRSPRAPGADGPANLVAAVLTVASRLS
RERGVLVAMNDTIHAARWITKSHALSVQTFVSSDSGPLGYVYEETPVYINTLSRLPKIDRTQFNADVKIG
FYESLLDGDAQMLRSMFESGRYDGIVVAGFGAGHVSGDEADIIERYASRIPVVVASRTYGGRTATKTYGF
HGSEIDLQTKGAMLAGWLSPPQGAVIAVGTTGSG

>YP_002733166.1
MSAGTTRQKAIAKSLTLLLPAVPYSDSEPIRAAALAPHMKTLPPSTAVWLATVAHVRHTHTDYDALRDDG
YDKDSARFFVLNAINAKLTEWRATRLLSPEDDEAVEM

>YP_002731823.1
MLLLAAHFSSFALSPALAFEIFGIHLWGKDKKQDPDIIDPKTYSVDVTTTGDRKNADGKEADLKSVIEGA
SGLVSDADKPASGSAGLLAKARGDYRRILSALYGEGRYGGTISIKVDGREANDIPPDTEIPNNAKVAITV
DPGPQFLFSRTAISNIAPPPGNRRDKVQTPEEAGFAPGQEAKSGTILKAERLAVEAWRQEGYAKARVTGE
DVVADHADNRVSADIALDPGRKAYYGPVSVVGTARMDPQFVAWMTGLKPGQEYDPDDIENAKKRLGRMEV
FRAMTFEEADKIELDGSLPITLNVQERKPRRFGFGAEYSTIDGFGVTSYWMHRNLLGRGERLRFDAKVSG
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IGGSQDNSFDPKNYTYLLGASFAKPGVYTPDTDFVATLDAKREVLDAYTETSINAKTGFTQIFSDELSGA
LYANASQGHFVDDVFGKRDFTTAGLEGNLLYDSRNNKPDPSSGFYLVGNIQPFYEFHYGNFATRFTAEGR
TYHGFGQTDRVVLAGRLKVGSIVGGSIADLPPSQLFLAGGGGSVRGYGYRNIGVSAGNGNIIGGRSLVEA
NGEVRTRITDSIGAVAFVDAGYVGEKSFPDFSEQMRVGVGGGLRYLTSLGPIRLDVAVPLNRRSGDPNYG
FYVGIGQAF

>YP_002731824.1
MTRLFAIIAFFVFVVAAAVFAWPEQKVQMPAQAQAQTDTQAQGAAQPADDQPQAEEEKSYFLSFVENKLS
APNRRISISGISGVLSSEATVGSITVADREGVWLRIENVKLDWSRTALFLGRLSVQSLTAERIDVIRKPL
PDKGLPSPESSSFSLPELPISINLEQLDVARLHFGPTIFGLESDVSLKGSLSLADGSLNSNFDIKRLDGP
GGNFALRAAYANADQKLDLDLKVSEPANGIVANLLKIDGRPPVDLTLTGAGTLDDLKVALALDTNGSRTL
TGEFTLDRQGKGPDGGRVFAARFNGPIAVLVPPVFRDFFGAETVLSADGLVKDGGGFRLDDLALTSAALK
LKASAETDNDHFLDKLRIDAAIADESKGRVLLPVKGAETYIDNARFQVAYGDRPTNDWTGMLSINGLKNA
TLSASAIALDMGGLAENLNDPASRHITFSVNGGMDGISSPRADIAEALGGKITLAVNGAWRAGSPVELAQ
ADIEGNGLSLDLKGKINVFAFNGDIAAKVASLAPFGALANRNVAGSIDVKATGMVRPISGAFQLDFDGTA
ENVRTGTEAVDRILDGAVNLSGALGRSSEGFSARNFRIGNALSEITANGSLASDKADFDFGVMLSDLKLL
SDKASGPMTVKGSARGDDKLIALALRADVPQGTLAGRKLSNGGLDFNALLDGNATTGVALSGKLDGGALL
NGERVDLGSLIDIAHDEKRLTNLMFNAGGAHLSGNVTQSAKGLLSGALKLDAPDISTAAALFLADATGAA
NADITLDASDGRQNATVTANASGIRINGNHIASADIALTAKDLLGVPVVDGNAAARDIMVGTFGIDSFDA
SANASGSKTDFTANTRLKIGTVANAAGSLEPKDGGFELALATADVKQGALSAHLAAPATISMKGDEITFG
DIVVNTGDGQVRINGLVDGRLDLSVALTNLPLALANTFKPELGLGGTVNGTARITGTKEAPDIAFDMTAR
DVMAAELKKQGLGALNAEAKGTSANERLNIDARVTGGAASGTGIDVRANGAVPLGKGDLALDVNLTNLPL
VLLNGVVKGQDLAGNVTGTARITGPLTNPAANFNLRGSGLAAKPLRESGLAPLTLQAAGKYAAKAVDLSS
LQLDGPGGLNVTANGKIPFSGQGLGVNVNGNVPLALANRFLADRGAQASGTLSLTANVSGGFQKPQLRGM
FSTNGATFVDPETNLRFVNINVMGSMEGETITLRQVNANLSSGGSLSASGTISTNAVANFPANIEVKFNR
ARYADGKLVVATIDGGVSITGPLMRDPLISGRIDVDKAEITVPENLGGGAAYVPVHHKNTPKNVQVTLDR
ARVETRKNKVPTPVARPTVPRLDVVVSAPNQIFVRGRGLDTELGGRVRLTGPITNIRPVGSFDLIRGRIS
ILGQRITFDEGHVTLVGDLNPQLNFVARSEGDGITAIVTVTGTVDDLNIVFSSSPELPQDEVLAQLIFKR
SIGKLSAFQIAQLAAAAAELAGGSNNSLINKLRQGTGLDDLDVVTNSKGETSVRAGRYIRDNIYLGVEAG
ARGTTKGTVNLDISRNLKVKGAFGAEDDSSGGIFYEKDY

>YP_002732480.1
MKFTSNRKHHRYFRLFSKAMLSYQPSIQCAESQILDLTVNTTAHEIIPKSVTSSDKKRTIPARAFRLFQL
MKFGNWERAHFCRHPILMDTSPGSFAYEYDCLLKMAFWSRSSLSQFLCSFHHCIEYPSDAIPSKEYFGI

>YP_002733724.1
MSADIRFDSLKTIVPAVSRETADRLIAFEDLFRKWSKAINLASPSTLADLWNRHILDSAQLFPLAKEATR
WLDIGSGGGFPGIVTACFLAERSGGCIDLVESAGKKAAFLRTAAGHLHVPARVHSARIESMWEKIETPQV
VTARALASLGDLFTLAEPWLSDGAKALFQKGRDYQREIDESRVGWSFDLVKHPSAIDQASVILEISNLRR
KTD

>YP_008746387.1
MQVSYKTISSYEYDAISGQYKQVDKQVEDYSSTSDSDFMDILSKLEENSGISSTEENLQNNTQSSNSNSS
QYAQMSSMYAYRFRQNEGELSLKAQSASVHNDLLNQNANGQNKDSSLLGDLLNAI

>YP_179748.1
MQNFKELNEKIAWQKVDNLLPVIIQDAKTCEVLMLGFMNNEALEKSLESGKVVFFSRTKQRLWMKGEESG
NFLNIIDLSLDCDNDTLLILANPVGPTCHTGDISCFEKISKNADFVFLARLEKLINARKNADENTSYTAK
LFKSGTKRIAQKVGEEGVETALAATVKDKEELICEAADLMYHLSVLLADANLSFSDVISKLKERHKA

>NP_296643.1
MLVMPFSLRSTSFCFLACLCSYSYGLASSPQVLTPNVIIPFKGDDIYLNGDCVFASIYAGAEQGSIISAN
GQNLTIVGQNHTLSFTDSQGPALQNCAFISAEEKISLRDFSSLLFSKNVSCGEKGMISGKTVSISGGDSI
VFKDNSVGYSSLPSVGQTPTTPIVGDVLKGSIFCVETGLEISGVKKELVFDNTAGNFGAVFCSRAAQGDT

TFTVKDCKGKILFQDNVGSCGGGVIYKGEVLFQDNEGEMLFRGNSAHDDLGILDANPQPPTEVGGGGGVI
CTPEKTVTFKGNKGPITFDYNFAKGRGGAIQSQTFSLVADSAVVFSNNTAEKGGGAIYALEVNVSTNGGS
ILFEGNRASEGGAICVSEPIAANNGGLTLHAADGDIIFSKNMTSDRPGERSAIRILDSGTNVSLNASGAS
KMIFYDPVVQNNPATPPTGTSGEIKINESGSGSVVFTAETLTPSEKLNVINATSNFPGNLTVSSGELVVT
KGATLTVGNITATSGRVTLGSGASLSAVAGTAGTCTVSKLGIDLESFLVPTYETAKLGADTTVAVNNNPT
LDLVMANETEMYDNPLFMNAVTIPFVTLVSLQTTGGVTTSAVTLNNADTAHYGYQGSWSADWRRPPLAPD
PSGMTPLDKSNTLYVTWRPSSNYGVYKLDPQRRGELVPNSLWVSGSALRTFTNGLKEHYVSRDVGFIASV
QALGDYVLNYKQGNRDGFLARYGGFQAVAASHYENGGIFGVAFGQLYGQTKSRLYDSKDAGNITILSCFG
RSYIDVKGTETVVYWETAYGYSVHRMHTQYFNGKTNKFDHSKCRWHNNSYYAFVGAEHNFLEYCIPTRQL
ARDYDLTGFMRFEMSGGWSSGAKETGALPRHFDRGTGHNMSLPIGVVAHAVSNGRRSPPSKLTINMGYRP
DIWRVTPHCNMKIIANGVKTPIQGSPLARHAFFLEVHDTLYVRHLGRAYMNYSLDARHRQTTHFVSLGLN
RIF

>NP_445596.1
MSTRRPIQLLDPLTINQIAAGEVIENSVSVVKELIENSLDAGADEIEIETLGGGQGAIIIRDNGCGFRAE
DIPIALQRHATSKIREFSDIFSLNSFGFRGEALPSIASISKMEIQSSIEGDEGVRTVIHGGDIVSCEPCA
RQLGTTVIVNSLFYNVPVRRGFQKSMQSDRLGIRKLIENRILSTANIGWSWISEGHHEIQIAKQQGFQER
VAYVMGDHFMQDALTIDKEANGVRIVGVLGSPSFHRPTRQGQKIFINDRPIESLFISKKVGDAYALLLPL
HRYPVFVLKLYLPSSWCDFNVHPQKIEARILKEELVGDCIKEAIVETLACPPGILCRTHQEIEESDSVPL
PMFRMLETSDVQEEESVEFDQNLFAYSSEDVSLEKQEYTSRGPKSQMDWIYSSDVRFLTSLGRVVLAEDL
EGVHIIFTAAARKHLFFLSLMQENSRMYQSQALLIPLRLQVTPEEAFFFSHHGRTLCDLGIEISQVGPCV
FSIESTPTVIGEEELKEWLLLLAARGSTDINSEALTALMKETLTQATFSKHQHVFDVSWLKLLWSVGKPE
KGFDGARIRRLILDSDFMEG

>NP_445074.1
MPGWQWFFYLYSQYTRHLKALILEKKQGLCFWAKFFSFC

>NP_444680.1
MEQTLSIIKPDSVSKAHIGEILSIFEQSGLRIAAMKMMHLSQTEAEGFYFVHRERPFFQELVDFMVSGPV
VVLVLEGANAVSRNRELMGATNPAEAASGTIRAKFGESIGVNAVHGSDTLENAAVEIAYFFSKIEVVNAS
KPLV

>NP_444832.1
MASGIGGSSGLGKIPPKDNGDRSRSPSPKGELGSHEISLPPQEHGEEGASGSSHIHSSSSFLPEDQESQS
SSSAASSPGFFSRVRSGVDRALKSFGNFFSAESTSQARETRQAFVRLSKTITADERRDVDSSSAAATEAR
VAEDASVSGENPSQGVPETSSGPEPQRLFSLPSVKKQSGLGRLVQTVRDRIVLPSGAPPTDSEPLSLYEL
NLRLSSLRQELSDIQSNDQLTPEEKAEATVTIQQLIQITEFQCGYMEATQSSVSLAEARFKGVETSDEIN
SLCSELTDPELQELMSDGDSLQNLLDETADDLEAALSHARLSFSLDDNPTPIDNNPTLISQEEPIYEEIG
GAADPQRTRENWSTRLWNQIREALVSLLGMILSILGSILHRLRIARHAAAEAVGRCCTCRGEECTSSEED
SMSVGSPSEIDETERTGSPHDVPRRNGSPREDSPLMNALVGWAHKHGAKTKESSESSTPEISISAPIVRG
WSQDSSVSFIVMEDDHIFYDVPRRKDGIYDVPSSPRWSPARELEEDVFGDYEVPITSAEPSKDKNIYMTP
RLATPAIYDLPSRPGSSGSSRSPSSDRVRSSSPNRRGVPLPPVPSPAMSEEGSIYEDMSGASGAGESDYE
DMSRSPSPRGDLDEPIYANTPEDNPFTQRNIDRILQERSGGASASPVEPIYDEIPWIHGRPPATLPRPEN
TLTNVSLRVSPGFGPEVRAALLSESVSAVMVEAESIVPPTEPGDGESEYLEPLGGLVATTKILLQKGWPR
GESNA

>YP_006096033.1
MDTIDLGNNESLVYGVFPNQDGTFTAMTYTKSKTFKTENGARRWLERNSGE

>YP_006096653.1
MQELSMLRMTPLASAIVALLLGIEAYAAEETFDTHFMIGGMKDQQVANIRLDDNQPLPGQYDIDIYVNKQ
WRGKYEIIVKDNPQETCLSREVIKRLGINSDNFASGKQCLTFEQLVQGGSYSWDIGVFRLDFSVPQAWVE
ELESGYVPPENWERGINAFYTSYYVSQYYSDYKASGNNKSTYVRFNSGLNLLGWQLHSDASFSKTNNNPG
VWKSNTLYLERGFAQLLGTLRVGDMYTSSDIFDSVRFSGVRLFRDMQMLPNSKQNFTPRVQGIAQSNALV
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TIEQNGFVVYQKEVPPGPFAITDLQLAGGGADLDVSVKEADGSVTTYLVPYAAVPNMLQPGVSKYDFAAG
RSHIEGASKQSDFVQAGYQYGFNNLLTLYGGSMVANNYYAFTLGTSWNTRIGAISVDATKSHSKQDNGDV
FDGQSYQIAYNKFVSQTSTRFGLAAWRYSSRDYRTFNDHVWANNKDNYRRDENDIYDIADYYQNDFGRKN
SFSANMSQSLPEGWGSVSLSTLWRDYWGRSGSSKDYQLSYSNNLRRISYTLAASQAYDENHHEEKRFNIF
ISIPFDWGDDVTTPRRQIYMSNSTTFDDQGFASNNTGLSGTVGNRDQFNYGVNLSHQHQGNETTAGANLT
WNAPVATVNGSYSQSSTYRQAGASVSGGIVAWSGGVNLANRLSETFAVMNAPGIKDAYVNGQKYRTTNRN
GVVVYDGMTPYRENHLMLDVSQSDSEAELRGNRKIAAPYRGAVVLVNFDTDQRKPWFIKALRTDGQPLTF
GYEVNDIHGHNIGVVGQGSQLFIRTNEVPPSVNVAIDKQQGLSCTITFGKEIDESRNYICQ

>YP_006097351.1
MKYISLFLFILLLCGCKQQELLNHLDQQQANDVLAVLQRHNINAEKKDQGKTGFSIYVEPTDFASAVDWL
KIYNLPGKPDIQISQMFPADALVSSPRAEKARLYSAIEQRLEQSLKIMDGIVSSRVHVSYDVDTGDSGKT
ALPIHISVLAVYEKDINPEIKINDIKRFIVNSFASVQYENISVVLSKRRDIIEQAPTYEISEPVFAYDKT
MPVSILLALMSIATCWLLWKYRAILTNLIRLKNK

>YP_006095340.1
MNTARLNQGTPLLLNAVSKHYAENIVLNQLDLHIPAGQFVAVVGRSGGGKSTLLRLLAGLETPTAGDVLA
GSTPLAQIQEDTRMMFQDARLLPWKSVIDNVGLGLQGQWRDAARRALAAVGLENRAREWPAALSGGQKQR
VALARALIHRPGLLLLDEPLGALDALTRLEMQDLIVSLWQEHGFTVLLVTHDVSEAVAMADRVLLIEEGK
IGLDLTVDIPRPRRLGSVRLAELEAEVLQRVMQRGHSEQPIRRHG

>YP_006095913.1
MTNINTACVKNNASYQLNNALPNKETISSNFCERLAQWGNKSLNNGEERAIAVERIKEAYNSNMASLDLS
YLDLSELPPIPSTVNTLNLEKNCLTCLDFTDNASLVNINLSFNKIKTITFPNESKLENIYIDHNNLENLD
LKNQYSLVNLEAQNNNLTKINISDSYKLKFLNLDYNKLASLDLSRQESLIELSAHHNMITDLILHNHPRM
KKITLNDNHIAHLNAKTTTKLEYLNLSNNNLLPTDDIDQLISSKHLWHVLVNGINNDPLAQMQYWTAVRN
IIDDTNEVTIELSYNLAITNIDTSDEHLVEVSENSEGNHIKDNDSMSIRYRSKYYSREYALIEEETIFSD
AELKAILPMHRMYGVGDYKSNSSSLPSHSGLKDPTGTPVCYYIHNEDKPSLGYGSTPNNWLSQSFSTEL

>YP_006094651.1
MPLRRFSPGLKAQFAFGMVFLFVQPDASAADISAQQIGGVIIPQAFSQALQDGMSVPLYIHLAGSQGRQD
DQRIGSAFIWLDDGQLRIRKIQLEESEDNASVSEQTRQQLMALANAPFNEALTIPLTDNAQLDLSLRQLL
LQLVVKREALGTVLRSRSEDIGQSSVNTLSSNLSYNFGIYNNQLRNGGNNTSSYLSLNNVTALREHHVVL
DGSLYGIGSGQQDSELYKAMYERDFAGHRFAGGMLDTWNLQSLGPMTAISAGKIYGLSWGNQASSTIFDS
SQSATPVIAFLPAAGEVHLTRDGRLLSVQNFTMGNHEVDTRGLPYGIYDVEVEVIVNGRVISKRTQRVNK
LFSRGRGVGAPLAWQIWGGSFHMDRWSENGKKTRPAKESWLAGASTSGSLSTLSWAATGYGYDNQAVGET
RLTLPLGGAINVNLQNMLASDSSWSNIASISATLPGGFSSLWVNQEKTRIGNQLRRSDADNRAIGGTLNL
NSLWSKLGTFSISYNDDRRYNSHYYTADYYQNVYSGPFGSLGLRAGIQRYNNGDSNANTGKYIALDLSLP
LGNWFSAGMTHQNGYTMANLSARKQFDEGTIRTVGANLSRAISGDTGDDKTLSGGAYAQFDARYASGTLN
INSAADGYINTNLTANGSVGWQGKNIAASGRTDGNAGVIFDTGLENDGQISAKINGRIFPLNGKRNYLPL
SPYGRYEVELQNSKNSLDSYDIVSGRKSHLTLYPGNVAVIEPEVKQMVTVSGRIRAEDGTLLANARINNH
IGRTRTDENGEFVMDVDKKYPTIDFRYSGNKTCEVALELNQARGAVWVGDVVCSGLSSWAAVTQTGEENE
S>YP_006094524.1
MVKKAIVTAMAVISLFTLMGCNNRAEVDTLSPAQAAELKPMPQSWRGVLPCADCEGIETSLFLEKDGTWV
MNERYLGAREEPSSFASYGTWARTADKLVLTDSKGEKSYYRAKGDALEMLDREGNPIESQFNYTLEPAQS
SLPMTPMTLRGMYFYMADAATFTDCATGKRFMVANNAELERGYLAARGHSEKPMLLSVEGHFTLEANPDT
GAPTKVLAPDTAGKFYPNQDCSSLGQ

>YP_006094626.1
MSPAVFYMKAAGKTKGIVMFIGHLPAGYLITCTLMKRLPLIARHARWAMVIGLLGAVAPDFDLFWCYLVD
NGQRHHHLYPSHWPLLWFALLAATLVWAGIAKNKLPAWLGVVFCLNSIAHLLLDTLVGDIWWLMPFVNQP
FAFFHITAVHHPWWLNFLLHWSFLLELALVVAAIAMWCRRNAKMVNA

>YP_006094558.1
MPTPCYISITGQTQGNITAGAFTADSVGNIYVQGHEDEMLVQEFLHNVTVPTDPQSGQPSGQRAHKPFIF
TVALNKAVPLLYNALASGEMLPKVELHWWRTSVEGKQEHYFTTRLTDATIVDMNLHMPHCQDPAQREFTQ
LLAVSLAYRKVEWEHIKSGTSGADDWRAPLEA

>YP_006097604.1
MSNTLIINGAKKFAHSNGQLNDTLTEVADGTLRDLGHDVRIVRADSDYDVKAEVQNFLWADVVIWQMPGW
WMGAPWTVKKYIDDVFTEGHGTLYASDGRTRKDPSKKYGSGGLVQGKKYMLSLTWNAPMEAFTEKDQFFH
GVGVDGVYLPFHKANQFLGMEPLPTFIANDVIKMPDVPRYTEEYRKHLVEIFG

>YP_005179212.1
MTTENPAIPTKKKKSFWKKMKPLFGLTVLIPTAFSAVYFGLFASDIYVSESSFVVRSPRSQSSLSGVGAL
LQSTGFSRSQDDTYSVQEYMRSRTALSALEQGLPLRTFYSEKGDLLSRFNGFGLNDTQEAFYRYFKERLS
VDVDSISGIATLRVHAFDAEEGYQINERLLKEGESLINRLNERARKDTIEFAEQAVKDAEKNVNETAQAL
SQYRIKNKIFDLPAQSGVQLSLISSLKSELIRVETQLAQLVSITPDNPQVPALQMRQKSLKKEIDEQTRQ
LSGNGNSAATQTADYQRLMLANELAQQQLAAAMTSLQNTRGEADRQQLYLEVISQPSKPDWALEPSRIYN
IIATFIIGLMLYGVLNLLIASIREHKN

>YP_005179356.1
MKKSLLAVIVGAFAFASVADANIYAEGDIGLSQTKANGSNNTRVEPRVSVGYKVGNTRVAGDYTHHGKVD
GTKIQGLGASVLYDFDTNSKVQPYVGARVATNQFKYTNRAEQKFKSSSDIKLGYGVVAGAKYKLDGNWYA
NGGVEYNRLGNFDSTKVNNYGAKVGVGYGF

>YP_005178261.1
MQAINPNWNVPKNIHAFTTTREGGVSLAPYLSFNLGDHVGDDKSAVKTNRTLLVEKFGLPQKPIFLTQTH
STRVLQLPYSEQNLEADAVYTNVPNQVCVVMTADCLPVLFTTTSGNEVAAAHAGWRGLCDGVLEETVKYF
QAKPEDIIAWFGPAIGPKAFQVGIDVVEKFVAVDEKAKLAFQPDAIEDGKYLSNLYQIATQRLNNLGITQ
IYGGNHCTFNEKEKFFSYRRDNQTGRMASVIWFE

>YP_005178684.1
MKILGIETSCDETGVAIYDEEKGLIANQLYTQIALHADYGGVVPELASRDHIRKTAPLIKAALEEANLTA
SDIDGIAYTSGPGLVGALLVGATIARSLAYAWNVPAIGVHHMEGHLLAPMLDENSPHFPFVALLVSGGHT
QLVRVDGVGKYEVIGESIDDAAGEAFDKTAKLLGLDYPGGAALSRLAEKGTPNRFTFPRPMTDRAGLDFS
FSGLKTFAANTVNQAIKNEGELIEQTKADIAYAFQDAVVDTLAIKCKRALKETGYKRLVIAGGVSANKKL
RETLAHLMQNLGGEVFYPQPQFCTDNGAMIAYTGFLRLKQGQHSDLAIDVKPRWAMAELPAI

>YP_005179346.1
MKKTAIALVVAGLAAASVAQAAPQENTFYAGVKAGQASFHDGLRALAREKNVGYHRNSFTYGVFGGYQIL
NQNNLGLAVELGYDDFGRAKGREKGKTVAKHTNHGAHLSLKGSYEVLDGLDVYGKAGVALVRSDYKFYED
ANGTRDHKKGRHTARASGLFAVGAEYAVLPELAVRLEYQWLTRVGKYRPQDKPNTAINYNPWIGSINAGI
SYRFGQGAAPVVAAPEVVSKTFSLNSDVTFAFGKANLKPQAQATLDSIYGEMSQVKSAKVAVAGYTDRIG
SDAFNVKLSQERADSVANYFVAKGVAADAISATGYGKANPVTGATCDQVKGRKALIACLAPDRRVEIAVN
GTK

>YP_005178875.1
MKTKAILTALLGAIALTGCANNNDAKQVSERNDSLEDFNRTMWKFNYNVIDRYVLEPAAKGWNNYVPKPI
SSGLAGIANNLDEPVSFINRLIEGEPKKAFVHFNRFWINTVFGLGGFIDFASASKELRIDNQRGFGETLG
SYGVDAGTYIVLPIYNATTPRQLTGAVVDAAYMYPFWQWVGGPWALVKYGVQAVDARAKNLNNAELLRQA
QDPYITFREAYYQNLQFKVNDGKLVESKESLPDDILKEID

>NP_208154.1
MDHLKHLQQLQNIERIVLSGIVLANHKIEEVHSVLEPSDFYYPPNGLFFEIALKLHEEDCPIDENFIRQK
MPKDKQIKEEDLVAIFAASPIDNIEAYVEEIKNASIKRKLFGLANTIREQALESAQKSSDILGAVEREVY
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ALLNGSTIEGFRNIKEVLESAMDLITENQRKGSLEVTGIPTGFVQLDNYTSGFNKGSLVIIGARPSMGKT
SLMMNMVLSALNDDRGVAVFSLEMSAEQLALRALSDLTSINMHDLESGRLDDDQWENLAKCFDHLSQKKL
FFYDKSYVRIEQIRLQLRKLKSQHKELGIAFIDYLQLMSGSKATKERHEQIAEISRELKTLARELEIPII
ALVQLNRSLENRDDKRPILSDIKDSGGIEQDADIVLFLYRGYIYQMRAEDNKIDKLKKEGKIEEAQELYL
KVNEERRIHKQNGSIEEAEIIVAKNRNGATGTVYTRFNAPFTRYEDMPIDSHLEEGQETKVDYDIVTT

>NP_207004.1
MSELVTEYANATNNLLFKELIKHVSGNSEGIKNFCQCVKEIKKCNTPNKKYNSDEFFIMGKHKQNQLAKI
YSYFKKLSEGEIKPQNEDILKKLKSLDEIFKTTDFTKFTPETEVKDIIKEIDEKYPINENFKQQFRTFRL
NIGNLKKKIKNSLKYLEKTRKNFERKKESLIREIEYYCKNQKTLEFDYDVLLDNIQQICKKYIASHVVND
ASKDIKSMMCQFYLEKIDLLFNSEIEQYRYSDFLESARKFLWEDIKTLDEKSGVHLFPKNIGEIKDKFET
NKEKFKQSKNYSEFAEYCRECNPYTAFQNLRNKVQFPLSGGLSYKSYKLVPTMKEYKEPKITDNDLKTAL
FTLFDYSSPSEFDQWDWFFRNSLFRKMDFNPYNIWKNLNLDDKKDFAEILEYNMQLKINSLITKEFNKLL
AIAEDSSQDSYQLKIRVRHNNKFYDYSKKSTAYEIKLEIHDCRKSHDQNEPIILSQQSTGFQWAFNFMFG
FLYNVGSDFSLNKNIIYVMDEPATHLSVPARKEFRRFLKEYAHKNHVTFVLATHDPFLVDTDHLDEIRIV
EKETEGSVIKNHFNYPLNNAGKDSDALDKIKRSLGVGQHVFHNPKKHQIIFVEGITDYCYLSAFKLYFNE
REFKENPIPFTFLPISGLKNNPNEMKETIQKLCELDNHPIVLTDDDRKDGSDPQRAKSEQFKNANEEMHD
PIRILQLSDCDRHFKQIEDCFSANDRKKYAKNKQMELAMAFKTRLLYGEKDDVMSEETKKNFLKLFEWIK
KECNNLTIKKEYIKFDYNTPQML

>NP_206845.1
MKEKIALITGVTGQDGSYLAEYLLNLGYEVHGLKRRSSSINTSRIDHLYEDLHSDHKRRFFLHYGDMTDS
SNLIHLIATTKPTEIYNLAAQSHVKVSFETPEYTANADGIGTLRILEAMRILGLEKKTRFYQASTSELYG
EVLETPQNENTPFNPRSPYAVAKMYAFYITKNYREAYNLFAVNGILFNHESRVRGETFVTRKITRAASAI
AYNLTDCLYLGNLDAKRDWGHAKDYVKMMHLMLQAPIPQDYVIATGKTTSVRDFVKMSFEFIGINLEFQN
TGIKEIGLIKSVDEKRANALKLNLSHLKKGQIVVRIDERYFRPTEVDLLLGDPTKAEKELDWVREYDLKE
LVKDMLEYDLKECQKNLYLQDGGYILRNFYE

>NP_207326.1
MLGKKNEEVLIDENLVGGVIALDRLAKLNKANRTFKRAFYLSMALNVAAVTSIVMMMPLKKTDIFVYGID
RYTGEFKIVKRSDARQIVNSEAVVDSATSKFVSLLFGYSKNSLRDRKDQLMQYCDVSFQTQAMRMFNENI
RQFVDKVRAEAIISSNIQREKVKNSPLTRLTFFITIKITPDTMENYEYITKKQVTIYYDFARGNSSQENL
IINPFGFKVFDIQITDLQNEQTVSEILRKIREVESKNKALNK

>NP_206910.1
MKDEHNQEHDHLSQKEPEFCEKACKEQQYEEKQEAGEKEGEIKEDFELKYKEMHEKYLRVHADFENVKKR
LERDKSMALEYAYEKIALDLLPVIDALLGAHKSAAEEDKESALTKGLELTMEKLHEVLARHGIEGIECLE
EFDPHFHNAIMQVKSEEKENGKIVQVLQQGYKYKGRVLRPAMVSIAKND

>NP_207134.1
MVGGGTVKKDLKKAIQYYVKACELNEMFGCLSLVSNSQINKQKLFQYLSKACELNSGNGCRFLGDFYENG
KYVKKDLRKAAQYYSKACGLNDQDGCLILGYKQYAGKGVVKNEKQAVKTFEKACRLGSEDACGILNNY

>NP_207706.1
MRQEKYFLTSSLSLLSFLLCPAEAFDYRFSGRVENFSKIGFNNSQINTKKGIYPTESFIDIVTLAQVKVN
LLPKGTENHRLSVSLGGAIAAIPYDKTKYDINQANGKIFGSIVENFIGGYHGYFFNKYLGPAYAGTSQSA
SYHARPYVVDTAFLRYDYKDVFGFKAGRYEANIDFMSGSNQGWEVYYQPYKTETQRLRFWWWSSFGRGLA
FNSWIYEFFATVPYLKKGGNPNNSNDFINYGWHGITTTYSYKGLDAQFFYYFAPKTYNAPGFKLVYDTNR
NFQNVGFRSQSMIMTTFPLYYRGWYNPETNTYSLEDSTPHGSLLGRNGVTLNIRQVFWWDNFNWSIGFYN
TFGNSDAFLGSHTMPRGNNTSYIGSEISITTRHAGMIGYDFWDNTAYDGLADAITNANTFTFYTSVGGIH
KRFAWHVFGRVSHANKNALGQVGRANEYSLQFNASYAFTESILLNFRITYYGARINKGYQAGYFGAPKFN
NPDGDFSANYQDRSYMMTNLTLKF

>YP_123028.1

MAKLYFYYAAMNAGKSTVLLQSSYNYRERGMQTLLFTPAIDTRFQYGTICSRIGLSEQAYAFNNSDNLYV
LTQEFQLQTQKYSCVLIDEAQFLTREQVYQLTEITDQMSIPVLAYGLRTDFRGELFPGSQFLLAWADELI
ELKTICHCGRKAIMNMRIDENGQAVIEGEQVLIGGNESYVATCRLHYKRGEAGKTFPRNKLFNKDTNTF

>YP_123067.1
MNKRPIQNTAVIAAALGAALASIYTYTDWLSSDEITVKRERCYNVARAGKNDCATSQHSCAAQSTADRDP
EAFIMLPKGLCERIVGGRSG

>YP_123605.1
MLNVTGLAFADAGDSLFKNEKLTYDGHLFFNAANSAIQGEKYLLNQQLSNIKMGSELQVTDWNKMKGLLI
YNTLPTPVAPQFYFEQFYDELQIEPSNIFLAFGKKWLTFGNYKSDLIYKPLTKALGQTNEVTAIIGYDSL
YYANASFFKPYSRINTSSLPLYYNLNTGVHNQSMDAGVSYLYSLAESQLFQYNKGFGGLLSQSLKTRVPG
FATYFNLKYKKTSTYLTYVTAITPFALEDMSYNNRRASPKALSIQNSYDANIKKFSFKIIGFYDYTFQAL
ALGIPKQRLGLGLSATPFPYLGIQFQYSRDYSYGNNAIASGINHFVNGRNTKTNNLALQTILNF

>YP_001600056.1
MTRLTRAFAAALIGLCCTAGAHADTFQKIGFINTERIYLESKQARKIQKTLDSEFSARQDELQKLQREGL
DLERQLAEGKLRNAKKAQAEEKWRGLVAAFRKKQAQFEEDYNLRRNEEFASLQQNANRVIVKIAKQEGYD
VILQNVIYVNTQYDVTDSVIKEMNAR

>YP_001600126.1
MHNRSPYLINFGLSCLIGLEKAAAAPRDVPRDKKCSAF

>YP_001598536.1
MAQTYNYAIVMNERNQLDVRRDGQYQKSTLKDKDRERKFIYTSQRNNLGQQNNFISFDNTDTLVSQQRGT
AVFGTATYLPPYGKVSGFDADGLEKRNNAVDWIRTTRIALAGYRYDNVVCRSTTDCPKLVYKTRFSFDNP
DLAKTGVGLDKHTEPSRDNSPIYKLKDHPWLGVSFNLGAEGTAKNGKTINKLVSSFNEKNSNNNLVYTTE
GRDISLGDWQRETTAMAYYLNAKLHLLDKKGIKDIAQGKTVDLGTLRPRVETTGRSWLNFWAKWDIKDNG
QIPVKLGLPEVKAGRCINKANPNPKAQALSPALTAPALWFGAGQDGKAEMYSASVSTYPDSSSSRIFLQN
LKRKTDTSRPGRYSLADLSASDIQSKEPTFTSRQTIIRLDGGVREIKLDRSNEATGLNGNDGKNETFGIV
SEGSFMPDDSEWKKVLLPWTVRGSADDGRFKSINQESSKYSQRYRIRENGNNSKRDLGDIVNSPIVAVGE
YLATSANDGMVHIFKQSGGDKRSYNLKLSYIPGTMPRKDIENKDSTLAKELRAFAEKGYVGDRYGVDGGF
VLRRITDDQDKQKHFFMFGAMGLGGRGAYALDLTKAENGDPTAVSLFDVKHDNNGKNSNNSVQLGYTVGT
PQIGKTHDGKYAAFLASGYATKQIDSGENTTALYVYDLENNNGTLIRKIEVTSGKGGLSSPTLVDKDLDG
IVDIAYAGDRGGNMYRFDLSGQDPNQWSVRTIFSGNKPITSAPAISQLKDKRVVIFGTGSDLSEEDVDSK
EIQHVYGIFDNDTDTGTAQDGQGKGLLEQKLEKDKDGKTLFLSDYKRSDGSGDKGWVVKLEAGQRVTVKP
TVVLRTAFVTIHKYTGNDKCGAETAILGINTADGGKLTKKSARPIVPADNTAVAQYSGHKKTSSGKSIPI
GCMEKDNGIVCPNGYVYDKPVNVRYLDEKKTDGFSTTADGDAGGSGTFKEGKKPARNNRCFSRKGVRTLL
MNDLDSLDITGPMCGMKRISWREVFY

>YP_001598607.1
MCAPARMRSMIYGSMPSEKLTIFQTAFVMQVNIQIPCMLYRRGSVKPPLFEAPRLLPSFTDPVVPKLSAP
GGYIVDIPKGNLKTEIEKLAKQPEYAYLKQLQVAKNVNWNQVQLAYDKWDYKQEGLTRAGAAIIALAVTV
VTAGAGVGAALGLNGAAAAAADAAFASLASQASVSLINNKGDVGKTLKELGRSSTVKNLVVAAATAGVAD
KIGASALNNVSDKQWINNLTVNLANAGSAALINTAVNGGSLKDNLEANILAALVNTAHGEAASKIKQLDQ
HYIVHKIAHAIAGCAAAAANKGKCQDGAIGAAVGEIVGEALVKNTDFSDMTPEQLDLEVKKITAYAKLAA
GTVAGVTGGDVNTAAQTAQNAVENNAVKAVVTAAKVVYKVARKGLKNGKINVRDLKQTLKDEGYNLADNL
TTLFDETLDWNDAKAVIDIVVGTELNRANKEEAAQKVKEVLEKNRPYIPNKGAVPNMSTYMKNNPFGKQL
AQISEKTTLPTQQGQSVFLVKRNQGLLKTGDRFYLDGQHKNHLEVFDKNGNFKFVLNMDGSLNQMKTGAA
KGRKLNLK

>YP_001599887.1
MPLQSDSRQPIQIEADQGSLNQANQSTTFSGNVVIRQGTLNISAARVNVTRNDKGEQFMKADGSPVRFSQ
TLDGGKGTVRGQANNVAYSSAGSTVVLTGNAKVQRGGDVAEGAVITYNTKTEVYTISGSTKSGAKSASKS
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GRVSVIIQPSSTQKSE

>YP_001248137.1
MMNFQNQGNFTRGSQLFAHKLRMFGQGSANVFTIGLGLSIFWIICRLYQKVFLSSLYYFAIERYVQLKLT
IGEHFYDIDQIGIVFYSLRFKKWIHLNAQDFLHEFYTGQHGFKIQQLWEFLINSALLEGLIVFAIGVIIS
IVFFTAQGKKTIIKAKIRGADFVRSRNLAKMLKSAKKASKICFGGLPLVKNSERLHILITGTTGTGKTNM
LNELLPQIRSQQDRAIIIDLTGAFTDRFFDSKCDKLLNPLEKNSEQWLPWNDCFEAADFHDIASSFSNYT
HRIDDFFAKNAELVLSEALKLYQDDKDIIKLIHTIIYSDNRQFVKAFRNTAVSGIISESAPETSAGIQST
LGKNITSLQYLKPGGNFSIKEWFSNSAETGWLFITATPSQRATLQPLISAWISIAIKALMCRNPNHDNKN
IWFILDELPALQKVSSLPVALAESRKYGGCFVAGLQNIHQLEAIYGSAECASMLDLFNSKFIFRVSDQVT
AYKSALTLGEEEIIETQENLSYGSNTMRDGVNMNNVERKKLLVMPSEIMNLPDLTCYVKLVGNFPITKLT
MKLQNLNIAYVWGYTLLKKLKLVNY

>NP_246737.1
MCKRLANIDFHSIINDQCTGLNKELIMLKSLSLISLITLLSACSMSSYVPFMNDKKAVIDLDKTQIDQKS
YATAYEATLATYKGRVNQDYDVHSFSSGANDWYLNRILLPIDKIKENLYQGGHDSNIHAYYSGVVFASAL
QSNFNKLNPNCWSYLDAPSVTQGIYDAMKDLQKGKQRAEDDPYIVQGSEQLLKRCAQ

>YP_004510868.1
MKLSFLRQINACICLDRYEGVEGFLCNGLIVMKPIRRREIIRSSEKDK

>YP_004510562.1
MGAKKNKNNTMKKALLCFACGALCLATITGCATLFGKQTHAVEMVSNPQGAEVYINGDKMGQTPLQLSLK
ADKSYTVEFRIPGKQPIIRIINNRVEAKWVVLDVLGGLIPVAIDAITGNWYGLDQNKLNVDFTMQEPTK

>YP_007708566.1
MSDPLAPRPPLTGLILSGGGARAAYQVGVLAAIADLLPDSAGNPFPVIVGTSAGAINAVGLACGALQFRQ
AIQRLTAVWQGFRTEHVYRSDWPGVTRQASRFLGHSLLGLGRRVPVALLDNRPLHELLARELDFSGIHAA
VRQRQLRAVAVTAFGYESGQAVTFYQGRATIDPWVRHRRLGIPTRLELRHLLASAAIPLLFPPVRINREY
FGDGAVRSQAPISPALHLGATRVLVIGVSGNPATGGDSAMTGLPPSDRPPSLAQIGAHLLNSTFIDSLEG
DIEQLQRMNQIGQLVAPEVRRQAGGLEPVEVLLVSPSRPLDEIAARHYRELSRVLRLFLRGPGATRASGA
GVLSYLLFERGYCSELIELGYHDAMGKRAELERFLRIER

>YP_007711124.1
MLIGFALPILAAVGIVVLHEAHTSRLQARELARYAATLDYEVRQGPSEAILFPADGPFDRRLGYQLLPSF
MQRLYDRDYAITRQAHFSPALMRYAEHRLFPPYAEKAQAGLDIADCRGVPIYDFRYPQRRYANFASLPPL
AVQSLLFIENRDLLDHERPYLNPAVDWGRFTQAALSQIGKMLGFSAHSSGGSTLATQIEKYRHSAEGRTG
SIGDKLRQMLSASVRSYREGPANFAARQDIVLTYLNSVPLSAAPGYGEVTGLADGLWVWYGADYRQVGEA
LDGKAGLAAQGLALRQVLALMIAHRRPSFYLAPRGRDELDRMTDSHLRVLTQAGVIEAPLRDAALAQKLA
FRDPRSQPTVQPLPTNKGVTLARTRLAGMLGVPLYDLDRLDLRANTTLQHELQESVTAYLQKLADPDYAA
QLGLIGERLLTPTSTRSVRYSFTLFERTPSGNQVRVQTDNTDQPFDINEGSKLELGSTAKLRVLASYLET
VAQIHRDYGGMSVAELRKVEVEPLDFILRWGIDHLVASRDRDLSAMLQAAMERRYSASPYESFFTGGGLH
TFNNFRKEDNGRRPMLLEALRESINLPFVRLLRDLIRHDIYQNAGSKVQLLADDKDPRRADYLDRFVDKE
SQVYLRRFWVKYRDKDANQRLETFLDGLRPWPVRLAAIHRYLQPQADLASFSAFLRERLPRGSLTDKRAA
ELYERYGPGKFNLNDQGYVARVHPLELWLLGYLQKQPQATFGEAVAASGAERKEVYGWLFKSRHKNARDK
RIRILLEVEAFLDLHQQWKKLGYPFDHLVPSYATALGSSGDRPAALAELMGIIVNDGVRMPTLRLEHLDF
ALGTPYETRFAPEATLGQRVMTSEVATTLRNALSQVVDAGTARRLQGTFSRPDGAPLVMGGKTGTGDNRL
QTFSAGGHVRSSKALNRTATFVFYIGPRHFGTLTAYVDGSESSQFKFTSALPVQVLKGMAPLLRDYLDPR
TATRCQVPLSPQQIGRL

>YP_007710813.1
MLSALWVSKTGLSAQDMNLTTISNNLANVSTTGFKRDRAEFQDLLYQIRRQPGGQSTQDSELPSGLQLGT
GVRVVGTQKIFTPGSLQTTEQPLDMAVNGRGFFQVLLPDGTVSYTRDGSFHLNSDGQIVTSNGFALEPAI
VVPNETQTFTVGQDGTVSVTTTGNAQPQVIGNIQTADFINPAGLQAIGNNLFLETGSSGAPQVGTPGLNG

LGTVAQNTLENSNVNVVEELVNMITTQRAYEMNSKVISTADQMLSFVTQNL

>YP_001494432.1
MTKKIALLLLPFILISCNGLGPTRVKNIVELTPKLAIQTHEPIYLDSNANIYAFNANMLKNKQYSFTRSK
TITEPVFIGDMIYALDIRSNISAFSIEKNKIIWSYNLSRHKKDNYIGGGILHHNGKLYVTYGSRLLVVLD
AKSGYEIIRKELPDIIRIKPIVLNDNTVLVQTISNQTIALNAETLKTVWEHESLAEVLSASYFMTPIVQH
DNVIVTYNSGQILALNITNGEVKWNFEFTNLNDRTAIPNFDESSILCTPVHDNMNLYIATGLGKLIKLNV
ATGSVIWQVNAEDIQSMSLIGNSLFVTNNARQIAAFNPETGKVKFVADLNDGQDPKKLKSAAFLVPFVGV
NNNNKRSLNVISVNGVLYSFDVDNNGLNMIPHVVKIIKNIRYYGLRANNNLYFSTDRKIIFGSK

>YP_001494827.1
MWLAKICCGLKYEVEGLEKLPKTIAIVVSNHQSFWDQMFMQLIIPKHSWVLKRELFNIPLLGWGLRMVKP
IAVDRGTNSSVAQILREGQEKIKEGLWLIIFPESTKVPPDRTVKFKPSAVKLASITKVPIVMIAHNAGLF
WPRGFWFKQPGTIKIKIIGVIEKEEIEQTDVRILNDKVEQIINSEKQKLLN

>YP_002144929.1
MALLQVFLLSFCYRLATQLLPKSYLFAIKWGRGYYCEDSLIFPIIRRRVIQNINWHEREENRIISMSETA
TLLKLKGQ

>YP_002144974.1
MAKEVAKENDAKLHPVAAFITNSINVVMTGKGGVGKSYVAQTLSQYFLHYKRIATSTSDSDPVNASTFRI
KALNPEFIKIMENNTILQSNFDQVIESFVANEEITFVLDTGASTYVPLMQYFYDNDLVDFFSSLGRPVFL
HTIIMAGQELPDTLNGFKSLCEMVKGTNVKVVAWINELKGTPIVDVKGVSTPLIETPFFENFTDSLGGVV
VIEDRKSDAFTADIKALTSKNLTLEEAKQSSEFNIMQKTRLNKVYKAVYDQLDEIYTA

>YP_002144968.1
MNSKGDFMNIVTKTTQNYAKARQLILDSDFCDENKQPFIWVCVDDDSSEPMFSLFANDDGSFSYKGNIWL
SDATREEIPAFIRDEKHLRSVLAFVAQDMKPQIAECFS

>YP_002144944.1
MSQRKDKFVTDWFYVPCASQKKLQRTGFLGLGDPKIVKDYVNNVPDLDDYAAKLAESYNKLDSAGYDVIN
IVPINIGSSDQCFQDNKNYVGDVGYSITRGAVVVGKLREVEG

>YP_002144942.1
MKNKLKYKLLHIRLLDFLLSCTVILASCYYSIASLFGVFNPIMWLSSFLIDSLIGKKGSFPQSIHEYSSW
WDRLEFSFPEIMQFFMAGLFLCVIVYATFHATVNIAGYIAELLERNYIKYIFGARFLRLYDKMQKRKGKI
ITRQNKKKCEKDDLNDATFEHYTKWKTFYKSDLSFDEWKNKVLNINSKS

>YP_001197594.1
MCYNKNMNTVVLKASAQQKQAMMAHYDRYRQTSKNPYIEAFFKLTGASLSIYTSGKVVFQGEMAEQEASR
WGYEPESSGQATIPGQNLPMIGTDEVGNGSYFGGLAVVAGFVRPEDHSFLKSLGVDDSKKMTDQKICQIA
PLLKEKIPHQALLLSPKKYNEVIEQGYNAVSVKVALHNQAIFLLLQKGVQPEKIVIDAFTSSQNYQKYLK
KEANQFANPVTLEEKAEGRYLAVAVSSIIARSMFLENLVQLGQLVGMHLPSGAGSKSDQVAASILKQYGM
AGLNQTAKLHFANTQKAQKLLK

>YP_001933695.1
MRRLLACSAGVLCFSQLGALELFLSPKIGITSVYQFGSNGGSDGTSSGKGVSFDRLIGRVDLGLILVNGL
TISASAESSLTNVFVRAQALIGYAVRVGGLRAIVSSGVNICGDSCATSEGKSSAWYSKLLYSVPLNLEVQ
YYLTSFAGVAVAASTAVGVRDFNFKEFTLPLSLTIGPTFRV

>YP_001933316.1
MAAICPSSTAKAGGGGIPVDPLNAVIVEGNVVPSASARAPEAAVCAFCIQTQRRVQGEGRVHTEVSYFEV
EAWDALARVCAQQVRPGVGLRVVGRLKQDRWQQEDGVRVQRVKIVAEHVEFQTPFVW
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>YP_001933301.1
MGSGIFVADIGTSSLKAAIISQDGKVLQYQRVFFPQPVKAQDWVRSFFTVFERLRAVHHVIAITISGNGP
SVVAVHKKSHAEDQLILWNQAGASDPRCGVSLFLPKVLLLLQRLHFCARDVQFFLSSHEYLIYRLTGCAV
TVLPERRYMPTYWTSESLRACALPETLFAPFVAPGSIVASYRGIPVVCGAPDFAAALIGTNTLHAGSGCD
RAGSSEGLNVCVRLPPAIRSADARVRVLPSLRADFWNVSFLIADSGSRFASYMRRTHAQGFGERMGQIMA
LPFQLHDAYPPTVVGEGRQLVEDLAFEVCAGLEYLESVTQLQPVYTVSGGQAKDSRWLQLKADVSGRCFV
LPEIHDAELTGNAALACVALDFDADMQTAAQRLCRLKREFIPNRARHEQYAQKRLLRAAREAQG

>YP_001933610.1
MNTQQQRQLLQPRRRTYVSDIKRGIYDVKDAVTYTYSTGKGLNAQVVEKISRRKREPQWMLDLRLRSLRY
FMKRPMPEWGADISDLDIQEIVHYIVSDFKPIAESWDDVPEEIKKTFDRLGIPEAERRSLAGVGAQYDSE
VVYHNLRADLEQQGVVYLDMESAVHKHEDIVRAHFMHLIKPNEHKFAALHGAVWSGGSFVYVPKGVQVDL
PLQSYFRLNANQSGQFEHTLIIVDEGASLHFIEGCSAPKYYKNALHAGAVELYVKKNARLRYSTIENWSR
NLYNLNTKRAIVDEDGVIEWISGSFGSRVTMLYPMSILRGDRSRSEFTGITFASAGQYLDTGTKTVHLGR
NTVSEVHARSISKNGGTANYRGLLSIGPKADGAKAVAECESLMLDNQSHTDTIPIIDVRTDNVDIGHEAK
IGRISDRVVFYLMQRGLDEQTAISLIVRGFVEPVSKELPLEYAVELNNLISIELEGAIG

>YP_001607072.1
MCGLLLFQAYPVNAVSKTANITVTATLLPTCLARFLVSGSTSFGTLDFGSTVALTQPISVAGQTNSGAIT
VQCSNGTSFNVLLSSGQSGNTNNRYLSGGPSAQQVSYNLYTNATYSVIWDDVVGVSQVATGQVVTIPVYG
LVPAQSTPAVGTYTDTVQVTVSW

>YP_001607100.1
MVFGAAISGQVNASCTLHLVSNSESVAGVMPLTFPISSFTFTIDADAPNDSTVPILEKVAQPQGLAVIYY
CTSVDRYGKNVGPVLGQDLGNGLFATNIDGIAIKPAWNNGAAYGYFNSSGIMPAFEREGVPTEEGFWTYP
ATSHFRFELYKIKDTLNLTDTNGERVLPGGTIAYTWATNNSLANYAQRLEIGEIKVISTPSCTFDGPQKV
DFGIVTSSNLNNGGIERDLDFNITCKTDYGHYSATAAIFTQTSSADNNYIKVKDSQNQEDRLLIKISDTN
GQQMKVNGSTTEQQVNIASGVPAEFKWKAKLEAAPAANKPAIGNFSAMAEIILQIK

>YP_001606551.1
MKMTRLYPLALGGLLLPAIANAQTSQQDESTLVVTASKQSSRSASANNVSSTVVSAPELSDAGVTASDKL
PRVLPGLNIENSGNMLFSTISLRGVSSAQDFYNPAVTLYVDGVPQLSTNTIQALTDVQSVELLRGPQGTL
YGKSAQGGIINIVTQQPDSTPRGYIEGGVSSRDSYRSKFNLSGPIQDGLLYGSVTLLRQVDDGDMINPAT
GSDDLGGTRASIGNVKLRLAPDDQPWEMGFAASRECTRATQDAYVGWNDIKGRKLSISDGSPDPYMRRCT
DSQTLSGKYTTDDWVFNLISAWQQQHYSRTFPSGSLIVNMPQRWNQDVQELRAATLGDARTVDMVFGLYR
QNTREKLNSAYDMPTMPYLSSTGYTTAETLAAYSDLTWHLTDRFDIGGGVRFSHDKSSTQYHGSMLGNPF
GDQGKSNDDQVLGQLSAGYMLTDDWRVYTRVAQGYKPSGYNIVPTAGLDAKPFVAEKSINYELGTRYETA
DVTLQAATFYTHTKDMQLYSGPVGMQTLSNAGKADATGVELEAKWRFAPGWSWDINGNVIRSEFTNDSEL
YHGNRVPFVPRYGAGSSVNGVIDTRYGALMPRLAVNLVGPHYFDGDNQLRQGTYATLDSSLGWQATERMN
ISVYVDNLFDRRYRTYGYMNGSSAVAQVNMGRTVGINTRIDFF

>YP_001605456.1
MFENLTDRLSRTLRNISGRGRLTEENIKETLREVRMALLEADVALPVVRDFINRVKERAVGHEVNKSLTP
GQEFVKIVKNELISAMGEVNNELNLAAQPPAVVLMAGLQGAGKTTSVAKLGKFLKEKQKKKVLVVSADVY
RPAAIKQLETLAQGVGIDFFPSDAQEKPIDIVNRALQQAKLKFYDVLIVDTAGRLHVDEAMMDEIKQVHA
AIKPVETLFVVDAMTGQDAANTAKAFNEALPLTGVVLTKVDGDARGGAALSIRHITGKPIKFLGVGEKSD
ALEPFHPDRIASRILGMGDVLSLIEDIESKVDRAQAEKLATKLKKGDGFDLNDFLDQLKQMRNMGGMASM
LSKMPGAGQLPENVKSQMDDKVTVRMEAIINSMTLKERAKPEIIKGSRKRRIATGSGVQVQDVNRLLKQF
DEMQRMMKKMKNGGLAKMMRGMKGMMPPGFPGR

>YP_001605885.1
MPQVNNISTNNIHSAGFNNSNSIQKYTGAVSSISDDLRINNEKCKSDIGTISGDIKINRHSAVYGNVNSV
SGDITVKNSIVDKDITTVSGDVNAVNSTIGKNIKTVSGSIEVEQSTVSGNLETTSGGIDIDTTKINGNVH
TTSGSISMNDSTIDGSVTCKAGSVTIVNSTIKESLNVTSEKIIVGTASCIGKINISPPESVNFNIMNFGN

DSIVMGMRNFCISGEVNFTITNGKVFVNEQRVGHTASQSTSKKVEEVTINIAKNASVNDIVFYTKKCHII
LEGNAKYNGEKKDGMQFTHVNAPKSHAYA

>YP_220963.1
MQSGRQNTTSSTDALIGLLEAAPILAKLEAREIDALATLDIIENNFAADAIIIEQGARVRSIHLVRSGWG
CIYRDLSSGQRQIIDFPMRCDFVGLRTSNGYSYNTIAAITPMSIFEIPLNSLENAIKHAPRLSFILIELL
SRQRSFLIEHLTNVGCRNAFVRTAHLLLELSDRVKSCGMGEPDSFYCPLTQYQLADALGLTPIHLNRMLR
ELREEGLVLFRSNRVEILNREQLAALAEYDGEFMRMAVFARHE

>YP_221849.1
MPLLPVDEALAYILNSAAPHGTEDVSLTDAGGRVTASDITAQLLQPPFDCSAMDGYALIAPEEITYPLEL
TVIGESAAGKRFEGTLRKGEAIRIFTGAPMPENADSIIIQEHTEREGNRLIILHGLDKGRHIRRAGLDFA
PGKVVVPAGRELDAPALSLAAASGHARLPVFTRPRVAILATGDELVPPGAIPGPDQIVASNSIGIAEITR
RAGGSPEDLGIIADDPARIEKAISDALEDGIDMLVTIGGASVGDRDFVHGALRNCGVALDFWKIAMRPGK
PLMYGRKAVNGKTVHVLGLPGNPVSSLVCSLLFLRPLVAKLSGLALKADIRAAKLGVAMRANDHRRDFIR
VTVESEPDGTLVATPFPMQDSSMLSALVCSDALLIREENAPEALPGDPCRILML

>YP_221497.1
MHRYRSHTCAALRKTDVGSNVRLSGWVHRVRDHGGILFIDLRDHYGITQIVADPDSPAFKVAETVRGEWV
IRVDGEVKARADDAVNTNLPTGEVEIFATEIEVLSPAKELPLPVFGEPDYPEDIRLKYRFLDLRRETLHK
NIMSRTKIIAAMRRRMTEIGFNEFSTPILTASSPEGARDFLVPSRIHPGKFYALPQAPQQYKQLLMVAGF
DRYFQIAPCFRDEDPRADRLPGEFYQLDLEMSFVTQEEVWETMEPVMRGIFEEFAEGKPVTKVFRRIAYD
DAIRTYGSDKPDLRNPIEMQAVTDHFAGSGFKVFANMIANDAKVEVWAIPAKTGGSRAFCDRMNSWAQSE
GQPGLGYIFWRKEGDKLEGAGPIAKNIGEERTEAIRKQMGLEDGDACFFVAGLPSKFYKFAGDARTRAGE
ELNLVDRDRFELAWIIDFPFYEWDEDNKKIDFAHNPFSLPQGGMDALENMDPLEIKAYQYDLVCNGFEIA
SGSIRNQLPEVMVKAFEKVGLSQQDVEERFGGLYRAFQYGAPPHGGMAAGIDRVIMLLVGAKNLREISLF
PMNQQALDLLMGAPSEVSPAQLRDLHVRLAPVQKS

>YP_001065842.1
MTRNARRTWQWISGLLAICAAALAALPARADVAAGPGAWSSQQTWGADTVNGGNLTGYFYWPATQPTTPN
GKRALVLVLHGCLQSASGDVIDNSRGAGFNWKSVADRYGAIILAPNATGNVYGNHCWDYANTSPNRASGH
VGVLLDLVSRFVGDAQYAIDPNQVYVAGLSSGGGMTMVLGCIAPDVFAGIGINAGPPPGTTTLQIGYVPS
GYTAQTAANQCKAWAGSKADQFSTQIAGAVWGTSDYTVAQAYGPLDTAAFRLIYGGTFAQGSKVSIAGGG
TNTPYSDSNGKVRTHEIVVSGMAHAWPAGAGGDNANYVDATHVNYPAFVMDYWVKNNLRANGAPVQAGTP
PTGLTVTNATQTSISLAWNPVANASSYNVYRNGNKVGSSTSTAYTDAGLIAGTAYSYTVTEIDPSLGESA
PSPAVSATTQPSFACSATTATNYAHVQAGRAHDSLGIAYATGSNQNMGLDNVFYTNTLAQTSAGYYIIGD
CP>YP_001066635.1
MTTLRLRSPHRCRPPALAAAATLAALSGPAHAQSTLTLYGVADAGVQYLSRADGRHAAWRLQNYGILPSQ
LGIKGEEDLGGGWRARFQLEQGINLNDGTATVPGYAFFRGAYVGMGGPAGTVTLGRQFSTLFDKTLFYDP
LWYASYSGQGVLVPLSANFVDHSIKFQSATFAGFDVEALAAMAGIAGNTRAGRVLELGGQFTSRGLSASA
VLHRSHGTAQGGADRSAQRRDIGTFAARYAFASLPLTVHAGVQRLTGELDPARTIVWGGARYQASGRFGF
AGGIYHTDSPTPQVGHPTLFIASTTCSLSKRTVAYLNLGYAKNSGRSAQTVYEYDPTPLAGASQFGAMLG
MYHVF

>YP_179430.1
MINLLFGNAKLYIALALMAILTGYFYLRLDSTQAKLEKSQSDLALALKINENNQEKLKELNQIHKTELKA
LNEANNQKNQVQERVQYVKEYIYKSNENNITKLFNDVVDRLWDANSTSSNQNRNSKSKNSARTTNIKSS

>YP_178110.1
MKKTKILGTALIGALLFSGCAQIAYTDGKASQIKKGDALTLGLDRQDFESAAETMINSMLSDPAFANIKP
GTRKVIAIGRVVNDTPQRIDTEKLTAKITSALRKSGKFVLTSAVAAGGALDSMSEDVRELRDNDEFNQKT
IAKKGTLVSPDFSLAGKIRQDNVKLSNGKTQVEYFFLLRLTDLTSGLVYWEDEQTIDKTGSSKSVTW
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>YP_001654124.1
MGIRLVIDKGPLSGTVLILENGTSWSLGSDGKASDILLQDEKLAPSQIRITLKDGEYYLENLDASRPVSV
DGTVITAPVLLKDGVSFVMGSCQVSFFKGEEVEGDIELSFQTEGGNEGEPAAQGSSSVSSEAPKKETGNP
SLPSETKASGEVSSSAIAKEQELAASFLASVEKEPGTPKEVSEPKVSSQEGQTPSVTGEKKDLELPLASQ
EQPKQTTPSGSGEPTQSQNASMEENRTSPDQNQQPQLSSASESGSQSPENQEQQPSQTPPPSPETPEPSG
EPNSATEENSPSPMEKASVTEEGSSGTSEEEKEGEEDTAESAANEELKAEASQEEEKKEEDKGEVLAPFN
VQDLFRFDQGIFPAEIEDLAQKQVAVDLTQPSRFLLKVLAGANIGAEFHLDSGKTYIVGSDPQVADIVLS
DMSISRQHAKIIIGNDNSVLIEDLGSKNGVIVEGRKIEHQSTLSANQVVALGTTLFLLVDYTAPSDTVMA
TISSEDYGLFGRPQSPEEIAARAAEEEEEKRKRATLPTGAFILTLFIGGLALLFGIGTTSLFHTKEVVSI
DQIDLIHDIEHVIQQFPTVRFTFNKNNGQLFLIGHVRNSIDKSELLYKVDALSFVKSVDDNVIDDEAVWQ
EMNILLSKNPEFKGISMQSPEPGIFVISGYLKTEEQAACLADYLNLHFNYLSLLDNKVIIESQVMKALAG
HLVQSGFANVHVSFTNGEAVLTGYINNKDADKFRTVVQELQDIAGIRAVKNFVVLLPAEEGVIDLNMRYP
GRYRVTGFSKCGDISINVVVNGRILTRGDILDGMTVTSIQPHCIFLEREGLKYKIEYNK

>YP_001654964.1
MKTLIDNNIVRFKNISKTKQGIFVNFQVKGERGGASFTASIAVDIDAADVSAGDSLETIIERCALIGIRE
FQKCEFQFEGIICL

>YP_001654127.1
MADLDVFKEDFALLFEAGMVAIKQGDEASAKALFQALQVLDPEHTAHELGSGLLHLHKMELTKAEVLFRA
IVEKDPENWSAKAFLSLTLMMIVLQQGSSFEVRRESLERCLQLADQVLESCEVESTRALAKSVLDWHDGL
VAKSGGPLN

>YP_001654874.1
MKNILSWMLMFAVALPIVGCDNGGGSQTSATEKSMVEDSALTDNQKLSRTFGHLLARQLSRTEDFSLDLV
EVIKGMQSEIDGQSAPLTDTEYEKQMAEVQKASFEAKCSENLASAEEFLKENKEKAGVIELEPNKLQYRV
VKEGTGRVLSGKPTALLHYTGSFIDGKVFDSSEKNKEPILLPLTKVIPGFSQGMQGMKEGEVRVLYIHPD
LAYGTAGQLPPNSLLIFEVKLIEANDDNVSVTE

>YP_006095491.1
MNKSMLAGIGIGVAAALGVAAVASLNVFERGPQYAQVVSATPIKETVKTPRQECRNVTVTHRRPVQDENR
ITGSVLGAVAGGVIGHQFGGGRGKDVATVVGALGGGYAGNQIQGSLQESDTYTTTQQRCKTVYDKSEKML
GYDVTYKIGDQQGKIRMDRDPGTQIPLDSNGQLILNNKV

>YP_006094393.1
MKKRIPTLLATMIATALYSQQGLAADLASQCMLGVPSYDRPLVQGDTNDLPVTINADHAKGDYPDDAVFT
GSVDIMQGNSRLQADEVQLHQKEAPGQPEPVRTVDALGNVHYDDNQVILKGPKGWANLNTKDTNVWEGDY
QMVGRQGRGKADLMKQRGENRYTILDNGSFTSCLPGSDTWSVVGSEIIHDREEQVAEIWNARFKVGPVPI
FYSPYLQLPVGDKRRSGFLIPNAKYTTTNYFEFYLPYYWNIAPNMDATITPHYMHRRGNIMWENEFRYLS
QAGAGLMELDYLPSDKVYEDEHPNDDSSRRWLFYWQHSGVMDQVWRFNVDYTKVSDPSYFNDFDNKYGSS
TDGYATQKFSVGYAVQNFNATVSTKQFQVFSEQNTSSYSAEPQLDVNYYQNDVGPFDTRIYGQAVHFVNT
RDDMPEATRVHLEPTINLPLSNNWGSINTEAKLLATHYQQTNLDWYNSRNTTKLDESVNRVMPQFKVDGK
MVFERDMEMLAPGYTQTLEPRAQYLYVPYRDQSDIYNYDSSLLQSDYSGLFRDRTYGGLDRIASANQVTT
GVTSRIYDDAAVERFNISVGQIYYFTESRTGDDNITWENDDKTGSLVWAGDTYWRISERWGLRGGIQYDT
RLDNVATSNSSIEYRRDEDRLVQLNYRYASPEYIQATLPKYYSTAEQYKNGISQVGAVASWPIADRWSIV
GAYYYDTNANKQADSMLGVQYSSCCYAIRVGYERKLNGWDNDKQHAVYDNAIGFNIELRGLSSNYGLGTQ
EMLRSNILPYQNTL

>YP_006097512.1
MSDCHPVLLPEGPFSRKQAMAATTAYRNVLIEDDHGTHFLLVIRNAEGQLRWRCWNFESDAGKQLNSYLA
SEGILRQ

>YP_763859.1

MKKIPLIISLTASMSFGIALAAEAKAPVTQVQDSSESSPIAQGEGKCASGKCGSLKKFGVVDVDADEQDG
KLVRARDGNCGTKVCKAYGKQDKKEIAQLGKCSNGVCGQ

>NP_207182.1
MQKNILKMTLLLVFLFLRNAVGLEDKKATTQPESVQNTPKDLPPIQLRLNQVHEELIEMLENMGKGTQYE
FPKIKEILEQSEEEWLKVAHEECVALVMLISPKASIENSPIYKNCYEAYVKQRIHDLYDFYIESKKVKRK
IKKAHKQETAINQSQPLTKESPKNENKKNLVKPNLKDASIPKGYYLQIGAXLNAPSKDFLQTLKTFPYQI
KKKDSLTHYFIGPYKTKEEALKQLENAIKSFKNKPVLVEK

>YP_000389.1
MIQELKADLNGKGQKHCVIVSRFNEFITESLLKGALESFRMHGVEDVTVVRVPGAYEMPVVVSKAAASKK
YDSIVCLGAVIRGATAHFDLVAGESAKIGSIGVQHSIPVIFGVLTTDTIEQAIERAGTKAGNKGAEAAAT
AVEMVNLLSLL

>YP_002830.1
MSNPIQNRYEFVYLFDVKDGNPNGDPDAGNQPRVDPETGNGLITDVSLKRKIRNYVTIVKSATPPNDIYI
KEKAVLIETHEKAYVAVGAKLETSKKEEKEKRTGGDQVGKAREWMCKNFYDVRTFGAVMALKVNAGVVKG
PIQFTFARSIDPVINLEHSITRMAVATKKEAEDQDGDNRTMGRKHTISYGLYRAHGFISAHFANDTGFSE
EDLELFWSSLQNMFDHDRSAARGEMNCRGLYVFKHVGDGKNTNQAKLGVAPAHKLFNLISVSKKDNSTPA
RDFSDYSVKIQESDLPAGVELIKKVS

>YP_000391.1
MDKEIRKNRLFLEGIEEEEFYFPENKEPVRIRRSYNKLLIFWILMGLLVLGGIGFAVYHQFFRNSSSGSE
FAGAFNKDLIQNKSDINRLLERPYIPDGNANPALTKCINLYKERFTRQAFDTCNEFLDSTGTQEEKSIAL
TVLGVIHDESGRYPQAIERLQKAIQYDPKNFYAYYNLTLSYKHAGRFADARMAALKAKEIAPSDPRVSLL
AGNLFNELNDPDAAIDAYKEGLSTSPDDMHLTYNLGVSYFKKGEIPQAEEEFKKVVIKTPSGRLAALSHS
YLGNIAYNKQDYKNAEYHFRQASNLSPNEAKYLYNLAIVLQKNGNKEEALKYLELARDAGANDPEIYRLI
AEGFSNLNQGEMSISALQKSLKYNPTDVDSLFQLAEAYYNKGDLLSAEETYRRIVSSTPGDSFTETALIN
LGVVLDQMERYGEAVTTLNRVIELNPKNAKAYHTLGIVYKHSGNGTLAIENWRKSTAIEPENIQSREALG
DYLLENKFFREAVEEYIGLVKHKDDAYKVYLKMAEAYMGMQDDSNAEKILLKVLNSSRDGADLKNAHKKL
ALLYNKSKDPDLKNRAKDEAFRSAHMDPNDMEGRLVLAKILIDSNSILDREKAIDELTAIVRSDVRPKTA
ATAYNYLGICYYKNGEFKRAVRAFQSSIDLDPSLSEAYENKRAASAALEENTRREGYF

>YP_002979.1
MGDCKRFSSAKQAAYYAGLVPRVDISGDTVRYGRIINRGCHSIRRVIVQAAWSLVRCQHGGKVKEFYQRL
YLKKGAKKSIIATSRKMIEVLYVMIRTGKLFDSMPENILNRKLTQYGLM

>YP_003043.1
MEQTHRIISMKINSKFKQINLYRLEINKHINILIYSFKKITRKFKIFPEKFYKMNLKFDDSRKMKLSCKN
LIGQLFFLDFRRIDFKNNLQLKNFFCYQIYLLSLYKFWDEFSNTHRIFSVKKENKFKFFSNFGNFWNIKS
EKAISLKKLKSKIMYTFSINTFINNYKLIFYNINSLLFQKHKVYYKKKPNAKKVLKLQNVFFTFISFFIL
VFTSECTDDSGIRTGDGIVEPRLEEVTGITTEKIKSILPEQELTIDELYAFAVERTERIALKEEAIQQAD
AQKAAAFASFFPSLSLVYNKFYRIPGPNSHFNPFYTEPNPLTGSSSTTSSLPPTVGPGTRLLLSIPILNG
VSQYTTYKASGALTNVRLNEARYESGRLYLEIAQAYYNVLQLKEIILLEEKKTDLVRKTIQERRRLFSLG
KITRADLSGAEADFSRSEAYLEDFKYQLKQAEMALESLIGAGEGGLRLAIPKEVISIPKNLLPEERIAKR
YDVIAAKENLKAAEFNLKKAWGGHLPSVTLNNYYTIPEHNTTPNKDITMQLSINVPLLSAGIVTAGVKQA
ESALRQAELQLSQTKRIATDEIRKAYESSLNSARLLSLYSKARNSAESNLSSQRRGFSFKTVSRLELLVS
ETSFLDSEIAYRKAYYQHSLNTIWYSVAIGELPKLKKLKEEDKTTN

>YP_000859.1
MSRYSARTGNPNLKMEESEHAEIGWDQKIGNFWNIKIEGYQNTFSNLSIADPYAMDPFSRNRDLMRESLD
PNADLSLVRRSNLNYSNSMTGYSRGVEVFIKKEASAESGLYGWISYTKSITKRNRNLPELTKQEYSSWLA
ESSAKDLIHQENTDYYYANFYRDGSYDVLFKNSKEELYDFDRTHMFNMVIGWKFGEKAQIGLRGTYLTNY
AYTPVVGSKSITSEQFNSQLLPSAAPPPPSSSSNSSSSLFSIYQPVYSDMLRSARLPHYHQFDLRFDRFI
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PTSWGRMTAYLELVNITGSRIAVSADTFVPIFPFVPGANPETQYIYLNGLQSLRTEKNKIPYLNFGIEFR
F>YP_001880.1
MMRIKTINLVASVFCLLVSSQLLSQTGKKPAADTVAPAPPPSQTIELEEKKWYDQVEFSGFADVYYMYNL
NPKQGNDIDSTRAFETSNKNFAVNAVALTIQKAAEKSSPWGFRIDIQNGQNNAFQEAPYSQSNSIYNYNM
LKQAYVSLYFPVLKGMTLDVGKMATHIGYEVLESMSNPNYSIGAIFQNTIPFIHTGARLTTQFTDKWAGT
FYVYNSGAGTGYNSPATVTTAPFNVITDPTYSGNAAGKSYFVEGQTERKAIGTQIKGQLIEDKLSVTWNT
LYSSDGAYARVDPSKAAMATELSSALGDPNIAKYNVTNPARAKYNKDYWFMNHAILSITPTDKITIDLDY
TWSEKSGALANNSLDQKRYNVDANTAEVFNKDTLFWGLNNKRDLKTTYKAYGIFAKFKINENWGVNVRAE
YIDDKHNNGALTIFNPFMGPNTYLSEFKKLTDAAIADAVVASLAADPNLGPLGITKEQILEVMSDDYKNY
GGTRNAGQYKTFTVTPVWNFTENLLIKLDLRRDWATGKQFVDQKGDKTDHQYGMTLGIVAKF

>YP_001599782.1
MNTRNMRYILLTGLLPTVSAFGETALQCAALTDNVTRLACYDRIFAAQLPSSAGQEGQESKAVLNLTETV
RSSLDKGEAVIVVEKGGDALPADSAGETADIYTPLSLMYDLDKNDLRGLLGVREHNPMYLMPLWYNNSPN
YAPGSPTRGTTVQEKFGQQKRAETKLQVSFKSKIAEDLFKTRADLWFGYTQRSDWQIYNQGRKSAPFRNT
DYKPEIFLTQPVKADLPFGGRLRMLGAGFVHQSNGQSRPESRSWNRIYAMAGMEWGKLTVIPRVWVRAFD
QSGDKNDNPDIADYMGYGDVKLQYRLNDRQNVYSVLRYNPKTGYGAIEAAYTFPIKGKLKGVVRGFHGYG
ESLIDYNHKQNGIGIGLMFNDLDGI

>YP_001598909.1
MGNTFKSILVWVALGIGLMAAFNALDGKKEDNGQIEYSQFIQQVNNGEVSGVNIEGSVVSGYLIKGERTD
KSTFFTNAPLDDNLIKTLLDKNVRVKVTPEEKPSALAALFYSLLPVLLLIGAWFYFMRMQTGGGGKGGAF
SFGKSRARLLDKDANKVTFADVAGCDEAKEEVQEIVDYLKAPNRYQSLGGRVPRGILLAGSPGTGKTLLA
KAIAGEAGVPFFSISGSDFVEMFVGVGASRVRDMFEQAKKNAPCIIFIDEIDAVGRQRGAGLGGGNDERE
QTLNQLLVEMDGFESNQTVIVIAATNRPDVLDPALQRPGRFDRQVVVPLPDIRGREQILNVHSKKVPLDE
SVDLLSLARGTPGFSGADLANLVNEAALFAGRRNKVKVDQSDFEDAKDKIYMGPERRSMVMHEDEKRATA
YHESGHAIVAESLPFTDPVHKVTIMPRGRALGLTWQLPERDRISMYKDQMLSQLSILFGGRIAEDIFVGR
ISTGASNDFERATQMAREMVTRYGMSDKMGVMVYAENEGEVFLGRSVTRSQNISEKTQQDIDAEIRRILD
EQYQVAYKILDENRDKMETMCKALMEWETIDRDQVLEIMAGKQPSPPKDYSHNLRENADAAEDNAPHAPT
REETEAPAPADTASSESEQRSENKA

>YP_001598413.1
MKKNILEFWVGLFVLIGAAAVGFLAFRVAGGAAFGGSDKTYAVYADFGDIGGLKVNAPVKSAGVLVGRVG
AIGLDPKSYQARVRLDLDGKYQFSSDVSAQILTSGLLGEQYIGLQQGGDTENLAAGDTISVTSSAMVLEN
LIGKFMTSFAEKNADGGNAEKAAE

>NP_245935.1
MYLISEFIFQFILYEVCMKNKSKLLACCLMALPISSFSIGNNNLIGVGVSAGNSIYQVKKKTAVEPFLML
DLSFGNFYMRGAAGLSELGYQHVFTPSFSTSLFLSPFDGAPIKRKDLKPGYDSIQDRKTQVAVGLGLDYD
LSDLFNLPNTNISLEMKKGRRGFNSDITLTRTFMLTDKLSISPSFGLSYYSAKYTNYYFGIKKAELNKTK
LKSVYHPKKAYSGHIALNSHYAITDHIGMGLSFSWETYSKAIKKSPIVKRSGEISSALNFYYMF

>YP_007710775.1
MAIMKKTVAPKAAKPAPAVETRESIEAQVAAFLQAGGEIQKIAKGVSGQVYGPSRQITISKKR

>YP_002144969.1
MATTNIDSLSKLRSVAEKGVIKRADSYKVLYSELNIKPGHNVRGIYLSQDEYWNSEEVKDYIKGLAYSYA
HNIKVPALSVIVEDGKIWVNNGEHRYRAIALAKELFGVDIEYVDVVEDDDQLTSNSARNHTPIEMAVLYE
RYNTDKGLSVQEIAERAGKSVPHVYKYLTAVRKWPSDLLAKVQSGELSFTAAQTLYEETRRKKPDAPENV
SGTDLPNDDNGESGTVLPKENDQNSPDNNVQDVTNAAPAASSGGESGTDLPKGGTDKGATKSKKSITKSI
SDSLVNLIFGFEAVETDSGYQLNLTKDQYEAIIALQKEIEAEIKGK

>NP_837945.1
MAITKSTPAPLTGGTLWCVTIALSLATFMQMLDSTISNVAIPTISGFLGASTDEGTWVITSFGVANAIAI
PVTGRLAQRIGELRLFLLSVTFFSLSSLMCSLSTNLDVLIFFRVVQGLMAGPLIPLSQSLLLRNYPPEKR
TFALALWSMTVIIAPICGPILGGYICDNFSWGWIFLINVPMGIIVLTLCLTLLKGRETETSPVKMNLPRL
TLLVLGVGGLQIMLDKGRDLDWFNSSTIIILTVVSVISLISLVIWESTSENPILDLSLFKSRNFTIGIVS
ITCAYLFYSGAIVLMPQLLQKTMGYNAIWAGLAYAPIGIMPLLISPLIGRYGNKIDMRVLVTFSFLMYAV
CYYWRSVTFMPTIDFTGIILPQFFQGFAVACFFLPLTTISFSGLPDNKFANASSMSNFFRTLSGSVGTSL
TMTLWGRRESLHHSQLTATIDQFNPVFNSSSQIMDKYYGSLSGVLNEINNEITQQSLSISANEIFRMAAI
AFILLTVLVWFAKPPFTAKGVG

>NP_836897.1
MGIKQHNGNTKADRLAELKIRSPSIQLIKFGAIGLNAIIFSPLLIAADTGSQYGTNITINDGDRITGDTA
DPSGNLYGVMTPAGNTPGNINLGNDVTVNVNDASGYAKGIIIQGKNSSLTANRLTVDVVGQTSAIGINLI
GDYTHADLGTGSTIKSNDDGIIIGHSSTLTATQFTIENSNGIGLTINDYGTSVDLGSGSKIKTDGSTGVY
IGGLNGNNANGAARFTATDLTIDVQGYSAMGINVQKNSVVDLGTNSTIKTNGDNAHGLWSFGQVSANALT
VDVTGAAANGVEVRGGTTTIGADSHISSAQGGGLVTSSSDATINFSGTAAQRNSIFSGGSYGASAQTATA
VINMQNTDITVDRNGSLALGLWALSGGRITGDSLAITGAAGARGIYAMTNSQIDLTSDLVIDMSTPDQMA
IATQHDDGYAASRINASGRMLINGSVLSKGGLINLDMHPGSVWTGSSLSDNVNGGKLDVAMNNSVWNVTS
NSNLDTLALSHSTVDFASHGSTAGTFTTLNVENLSGNSTFIMRADVVGEGNGVNNRGDLLNISGSSAGNH
VLAIRNQGSEATTGNEVLTVVKTTDGAASFSASSQVELGGYLYDVRKNGTNWELYASGTVPEPTPNPEPT
PAPAQPPIVNPDPTPEPAPTPKPTTTADAGGNYLNVGYLLNYVENRTLMQRMGDLRNQSKDGNIWLRSYG
GSLDSFASGKLSGFDMGYSGIQFGGDKRLSDVMPLYVGLYIDSTHASPDYSGGDGTARSDYMGMYASYMA
QNGFYSDLVIKASRQKNSFHVLDSQNNGVNANGTANGMSISLEAGQRFNLSPTGYGFYIEPQTQLTYSHQ
NEMAMKASNGLNIHLNHYESLLGRASMILGYDITAGNSQLNVYVKTGAIREFSGDTEYLLNDSREKYSFK
GNGWNNGVGVSAQYNKQHTFYLEADYTQGNLFDQKQVNGGYRFSF

>YP_001606647.1
MGFALPNGAGIYLAKTYETEVAVTAVSNAVDAVLTVATGHDIAEGDIVQLTSSWGALNDLAAKVTASTTT
SLTLGSIDTSNTDRFAVGGGVGTVKKIASWIEIPQITEVANSGGDQQMIQIQFLSDTRQRNLNTFKAAQS
QTLTLAHDYSQPVYPVLRAADESEQTLATYMYVPKAKENRYSTVKVSFNDIPTTAINAIETVAVVFNLQS
QAMTFYKAGIAVPVTGVTLNKTTTILAVAATETLTATVAPANATNKSGAWSSSAPTKATVDPVTGVVTGV
AAGSVNIIYTTADGAKTATCAVTVTA

>YP_006095865.1
MDRRRFIKGSMAMAAVCGTSGIASLFSQAAFAADSDIADGQTQRFDFSILQSMAHDLAQTAWRGAPRPLP
DTLATMTPQAYNSIQYDAEKSLWHNVENRQLDAQFFHMGMGFRRRVRMFSVDPATHLAREIHFRPELFKY
NDAGVDTKQLEGQSDLGFAGFRVFKAPELARRDVVSFLGASYFRAVDDTYQYGLSARGLAIDTYTDSKEE
FPDFTAFWFDTVKPGATTFTVYALLDSASITGAYKFTIHCEKSQVIMDVENHLYARKDIKQLGIAPMTSM
FSCGTNERRMCDTIHPQIHDSDRLSMWRGNGEWICRPLNNPQKLQFNAYTDNNPKGFGLLQLDRDFSHYQ
DIMGWYNKRPSLWVEPRNKWGKGTIGLMEIPTTGETLDNIVCFWQPEKAVKAGDEFAFQYRLYWSAQPPV
HCPLARVMATRTGMGGFPEGWAPGEHYPEKWARRFAVDFVGGDLKAAAPKGIEPVITLSSGEAKQIEILY
IEPIEGYRIQFDWYPTSDSTDPVDMRMYLRCQGDAISETWLYQYFPPAPDKRQYVDDRVMS

>YP_002814629.1
MVRAFDIAGHEFTHAVTSSESNLEFFGESGAINEALSDIMGTAIEKYINNGKFNWTIGEQSGSVLRDMKN
PSSVKFFDGVPYPDDYSKYSDLNGEDNEGVHFNSSIINKVAYLIAQGGTHNGVTVNGIGEDKMFDIFYYA
NTDELNMTSNFSELRLACLKVATNKYGANSIEVETVQKAFDAAKIKGPVKEDEKTEVNQVPELTVPLTIT
LRVGDTFDPISNVKAIDKEDGDLTTRVKHKGDVDTSKPGKYIVDYSVIDSQGGNATATQTVIVEGNGETA
DLKPTLTVPVATTITVGDSFDPMAKVKAIDKEDSNLTSKVKIDGEVDTSKAGTYVLTYKVTDSKGNEGTA
KQTVTVKVREEVKNEIPILQVPATTTITKGDKFDLMVGVSATDKEDGDLTSKVMYEGTVDTSRTGTFEIK
YSVRDSVGNEVHTIQEVFVKDKDTGKTNSLANNSNSNKNESTYKELPNTGGQYN

>YP_002813347.1
MSSKKFILKLFICSTIFITFVFALHDKRVVAASSVNELENWSRWMQPIPDNIPLARISIPGTHDSGTFKL
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QNPIKQVWGMTQEHDFRYQMEHGARIFDIRGRLTDDNTIVLHHGPLYLYVTLHEFINEAKQFLKDNPSET
IIMSLKKEYEDMKGAEGSFSSTFEKSYFVDPIFLKTEGNIKLGDARGKIVLLKRYSGSNESGGYNNFYWP
DNETFTTTVNQNVNVTVQDKYKVSYDEKVKSIKDTINETMNNSEDLHHLYINFASLSSGGTAWNSPYYYA
SYINPEIANYIKQKSPTRVGWIIQDYINEKWSPLLYQEVIRANKSLIRD

>YP_001088774.1
MSVLKTQEKLKQPRDLYFCCSIFTFVGLAYYGMKLVLLLFLAEQVSKGGLGLTPAESASMLASFLAWTYF
SPVIGGWVSDRFLGPKNCIILGMLMVSIGYFLGYIANSKMDINIMIFLSGLGIGFYKGNLHTMVGNLYTN
DDPRKDGAFSITYMATNLGTLFGPLICGLVANEWFAMKSGLSISMYGYRYVFLFSSITVLIGLFFFIFGN
RKFYKPLNNDPINGRESIRKSLEYKKMLASRPLTLIEKKRIIVILVLAFFTVFFWIAYNQASMSIALYTK
EHINLTVGNFQIPTSWIDSYNGLLCVILGPISALVWVKLSQTKKGDLSVPKKMSLGFILLAIAFLFMIVA
VIQTGTDPNSIHKASVFWVVGFLTFQSIGEICFSPVGYGMVNKLSPEKYISLLMGVWFLGKFAANKLSGY
TQAIIDQLGMLQVFIVIPSFLLIFGIILLIMNKKLVELSN

>YP_696046.1
MNSLQRFRLSKNLSRSEIAKLLGISESYYTKIELGIRNPSYNFLKKFKSKFRCTLDEIFFAN

>YP_695964.1
MQDKNPLSTFGPDLNEFSRDVNFLTLAKNSDFIYLRASGSGTGKLRIDNKFLEFAKECRRLGIPCGAYHF
AKPSKDLDSAVIQADQFIDVLQQGFGDGDYGDLFPVLDVETPTDKSLTTTELVNWIDRFRDRFEEKTRRR
LMLYTGLFFIGLYDDFKVPGKGYPLSDMPLWIAMYTRIPSNPRIPPNVGGWKRWTMWQFTDEGKLDGVGS
PVDLNWGPNSIDSLMPPSAVTGLNAYISGNKIFVNWTANKEDDLNGYNVFVNDNYAGTLPRKATKIVIDK
SRFYLPKGKPIRISIEAFDITGDFSKERTEYVLDNNGEFLG

>NP_781237.1
MGRVDMVDKNSFIKNSLENELKDIYVTEDLKLKTLSRIKKEDNVVKPFKRKNRFLYKSMKGLALVSSILI
MFFTFSFLKYNRFMNDNSPTIDNDNNGKNVVLDNKEKEEKLDNPKEKIDEKKEVKDTKNENIKEKDPNEG
QPKKPKDNKIVNGGDNTPTNKEKTQPNKHIKNPKKENPKPSQGKEKPKLSEEQMLAKAENLWGGKINLPS
YIPKGYDVTNIGMDTAYGSKVLKITYKNPNSGNFLELKVLEGDKTAFEDGNGSKNPKENEKNEDDNRQDN
PKENVDKPTETVKSVNSNKNGVEYNIEGNIPAKTLEKIAESIEE

>YP_005844337.1
MGAAYEYLLKRFVDDAGQKVGEFFTPRSVVHLITRLLKPQENETVYDPTCSTGGMLFEPVAAVDANGGDT
RT>YP_003412342.1
MKLKKVAMGITVVMASSLLLVGCGSSDDSSKDKKSTDTKQTETKKTAKTDGTMTDGTYKLEEKNFDDKGW
KGFMSIEVKDGKITKANYDYKNKDGKLKSEDADYEKAMKDKVGTGPQEYLKQLSDSLVKNQSAASVEVVS
GATHSSDAFINYANQLIQAAQKADTTTISINNLAKMEDGTYKLEEQNYAHGYRVVFSMDVKDGKITKSDY
NYVDKDGKLKSDDADYEKNMKAKSGTGPKEYIPALNKSLVEKQDVAAVDTVSGATNSSNQFKIYAAQLQN
AAQNGNTDTIKVYNLVEAE

>YP_884378.1
MHMGLRGEAAIVGYVELPPERLSKASPAPFVLEQWAELGAAALQDAGLPGEVVNGIVASHLAESEIFVPS
TIAEYLGVGARFAEHVDLGGASAAAMVWRAAAAIELGICDAVLCALPARYITPSSKKKPRPMVDAMFFGS
SSNQYGSPQAEFEIPYGNLGQNGPYGQVAQRYAAVYGYDERAMAKIVVDQRVNANHTDGAIWRDTPLTVE
DVLASPVIADPLHMLEIVMPCVGGAAVVVANADLAKRARHRPVWVKGFGEHVPFKTPTYAEDLLRTPIAA
AADTAFAMTGLSRAQMDMVSIYDCYTITVLLSLEDAGFCEKGRGMEFVADHDLTFRGDFPLNTAGGQLGF
GQAGLAGGMHHVCDATRQIMGRAGAAQVPDCNRAFVSGNGGILSEQTTLILEGD

>NP_856124.1
MKNARTTLIAAAIAGTLVTTSPAGIANADDAGLDPNAAAGPDAVGFDPNLPPAPDAAPVDTPPAPEDAGF
DPNLPPPLAPDFLSPPAEEAPPVPVAYSVNWDAIAQCESGGNWSINTGNGYYGGLQFTAGTWRANGGSGS
AANASREEQIRVAENVLRSQGIRAWPVCGRRG

>YP_177962.1
MVMSLMVAPELVAAAAADLTGIGQAISAANAAAAGPTTQVLAAAGDEVSAAIAALFGTHAQEYQALSARV
ATFHEQFVRSLTAAGSAYATAEAANASPLQALEQQVLGAINAPTQLWLGRPLIGDGVHGAPGTGQPGGAG
GLLWGNGGNGGSGAAGQVGGPGGAAGLFGNGGSGGSGGAGAAGGVGGSGGWLNGNGGAGGAGGTGANGGA
GGNAWLFGAGGSGGAGTNGGVGGSGGFVYGNGGAGGIGGIGGIGGNGGDAGLFGNGGAGGAGAAGLPGAA
GLNGGDGSDGGNGGTGGNGGRGGLLVGNGGAGGAGGVGGDGGKGGAGDPSFAVNNGAGGNGGHGGNPGVG
GAGGAGGLLAGAHGAAGATPTSGGNGGDGGIGATANSPLQAGGAGGNGGHGGLVGNGGTGGAGGAGHAGS
TGATGTALQPTGGNGTNGGAGGHGGNGGNGGAQHGDGGVGGKGGAGGSGGAGGNGFDAATLGSPGADGGM
GGNGGKGGDGGKAGDGGAGAAGDVTLAVNQGAGGDGGNGGEVGVGGKGGAGGVSANPALNGSAGANGTAP
TSGGNGGNGGAGATPTVAGENGGAGGNGGHGGSVGNGGAGGAGGNGVAGTGLALNGGNGGNGGIGGNGGS
AAGTGGDGGKGGNGGAGANGQDFSASANGANGGQGGNGGNGGIGGKGGDAFATFAKAGNGGAGGNGGNVG
VAGQGGAGGKGAIPAMKGATGADGTAPTSGGDGGNGGNGASPTVAGGNGGDGGKGGSGGNVGNGGNGGAG
GNGAAGQAGTPGPTSGDSGTSGTDGGAGGNGGAGGAGGTLAGHGGNGGKGGNGGQGGIGGAGERGADGAG
PNANGANGENGGSGGNGGDGGAGGNGGAGGKAQAAGYTDGATGTGGDGGNGGDGGKAGDGGAGENGLNSG
AMLPGGGTVGNPGTGGNGGNGGNAGVGGTGGKAGTGSLTGLDGTDGITPNGGNGGNGGNGGKGGTAGNGS
GAAGGNGGNGGSGLNGGDAGNGGNGGGALNQAGFFGTGGKGGNGGNGGAGMINGGLGGFGGAGGGGAVDV
AATTGGAGGNGGAGGFASTGLGGPGGAGGPGGAGDFASGVGGVGGAGGDGGAGGVGGFGGQGGIGGEGRT
GGNGGSGGDGGGGISLGGNGGLGGNGGVSETGFGGAGGNGGYGGPGGPEGNGGLGGNGGAGGNGGVSTTG
GDGGAGGKGGNGGDGGNVGLGGDAGSGGAGGNGGIGTDAGGAGGAGGAGGNGGSSKSTTTGNAGSGGAGG
NGGTGLNGAGGAGGAGGNAGVAGVSFGNAVGGDGGNGGNGGHGGDGTTGGAGGKGGNGSSGAASGSGVVN
VTAGHGGNGGNGGNGGNGSAGAGGQGGAGGSAGNGGHGGGATGGDGGNGGNGGNSGNSTGVAGLAGGAAG
AGGNGGGTSSAAGHGGSGGSGGSGTTGGAGAAGGNGGAGAGGGSLSTGQSGGPRRQRWCRWQRRRWLGRQ
RRRRWCRWQRRCRRQRWRWRCRQRRLRRQWRQGRRRCRPWLHRRRGRQGRRWRQRRFQQRQRSRWQRR

>YP_177739.1
MSFVIATPEMLTTAATDLAKIGSTITAANTAAAAVAKVLPASADEVSVAVAALFGTHAQEYQTVSAQVAT
FHDRFVQTLSAAASSYVAAEAVNVEQSLLAAVNAPTQALFGRPLIGNGADGSPGTGQAGGPGGILYGNGG
NGGSGAPGQRGGAGGAAGLIGNGGNGGAGGVGTTGGAGGHGGAGGWLYGNGGAGGFGGAGAVGGNGGAGG
TAGLFGVGGAGGAGGNGIAGVTGTSASTPGGSGTAGGAGGIGGNGGAGGAGGVLMGNGGNGGAGGEGGPG
GAGGAGASGAHATNLGADGQAGGNGGNGGAGGTGGVGGPGGGHGLLGLGGSHGAGGAGGSGGDGGAPGDG
GNGATGTWGHNLGAGGTGGNGGNPGAGGAGGAGGASVGGSAHGANGAPGTTSTSGGNGGDGGKGADAISS
GQTGANGGRGGDGGQVGNGGAGGAGGRGGAGGLGFGSEAPGRPGGAGGTGGAGGNGGTQAGDGGTGGAGG
AGGDGGSGGAGSIGFNASAPGAAGSPGGNGGNGGPGGAGGEGGAGGLALAASGQNGSQGAGGDGGAGGNG
GTPGNGGHGAAGALGVNGGVGGAGGHGGDPGVGGAGGQGGSGSTPGANGAPGNTPTSGGNGGNGGRGADA
TGFGQTGASGGRGGDGGLVGNGGAGGAGGNGSKGLPGLGRLGNPGLDGGTGGNGGAGGSGGAWAGNGGTG
GAGGTGGVGGTGGSGSDGVNGSSAGADGHPGGTGGVGGTGGKGGDGGDGGAAPNGVAGSQGPGGAGGDGG
TGGVGGNGGRGIDGADGATAGARGQDGGAGGAGGKGGRGGTGGPGGAGPAGTTGSQGAGGNGGSGGTGGD
PGDGGNGANGSVFTNNGIGGNGGNGGNAGPSGAGGSGGAGSTFGATGSSSSIHVNGGNGGNGGNGDHALS
GNGAAGGNGGNGGNGSLRGSGGAGGHGGNGGNASRGMGGDGGTGGAGGNAGQIGNGGAGGNGGDGGTGSD
GNPGAITGSGGRGGDGGVGGQGGSVAGDGADGGRGGAGGTGGTGLRGTTGATGATGTFDAGADGHGGNGG
TGGVGGTGGAGGGGGNGGAGGKALSPTGNNGSQGAGGDGGAGGAGGTGGTGGDGGRGAHGTLFSSLAGTG
GTGGNGGTGGTGGTGGAGGAGGTGSTLGATGATGAAGRAGNGGVGGSGGLGSAFGPGGTGGMGGAGGTST
VSAGGDGGRGGFGGDGLDASSGGNGGDGGHGGDGFRTAGAGGRGGDGGKGADPGGLFPIPGAGGKGGTGG
TGGTAHLGPLAIIGQSGQPGQFGSPGADGRGGAGGAGGGGGAGGSF

>NP_214765.1
MNNLALWSRPVWDVEPWDRWLRDFFGPAATTDWYRPVAGDFTPAAEIVKDGDDAVVRLELPGIDVDKDVN
VELDPGQPVSRLVIRGEHRDEHTQDAGDKDGRTLREIRYGSFRRSFRLPAHVTSEAIAASYDAGVLTVRV
AGAYKAPAETQAQRIAITK

>NP_214754.1
MLSIDTNILLYAQNRDCPEHDAAAAFLVECAGRADVAVCELVLMELYQLLRNPTVVTRPLEGPEAAEVCQ
TFRRNRRWALLENAPVMNEVWVLAATPRIARRRLFDARLALTLRHHGVDEFATRNINGFTDFGFSRVWDP
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ITSDG

>NP_217552.1
MRYLIATAVLVAVVLVGWPAAGAPPSCAGLGGTVQAGQICHVHASGPKYMLDMTFPVDYPDQQALTDYIT
QNRDGFVNVAQGSPLRDQPYQMDATSEQHSSGQPPQATRSVVLKFFQDLGGAHPSTWYKAFNYNLATSQP
ITFDTLFVPGTTPLDSIYPIVQRELARQTGFGAAILPSTGLDPAHYQNFAITDDSLIFYFAQGELLPSFV
GACQAQVPRSAIPPLAI

>NP_216438.1
MDSTVTASIRRMLGLLAATLLLGGCTGQHTTRTAASTTYTPHIKASSQDVLDGAINADEPGCSAAVGVEG
KVIWSGVRGIADLASGAKITTDTVFDIASVSKQFTATAILLLVEAGKLTLDDPISQYVPELPDWAQTVTV
EQLMHQTSGIPDYVALLAARGYQVSDRTIEAEARQALAAAPELQFKPGTRFDYSNSNYLLLGEIVHRASG
QPLPEFLSAEIFQPLGLAMVVDPVGKVPNKAVSYEKGTGGNRSEYRVGNPAWEQIGDGGIQTTPSQLARW
ADNYRTGSVGGLKLLEAQLAGAVETEPGGGDRYGAGIVSRADGTLDHAGAWAGFVTAFHISSDRRTSVAI
SCNTDKPDPVAMADALGRLWM

>NP_215002.1
MMTLKVAIGPQNAFVLRQGIRREYVLVIVALCGIADGALIAAGVGGFAALIHAHPNMTLVARFGGAAFLI
GYALLAARNAWRPSGLVPSESGPAALIGVVQMCLVVTFLNPHVYLDTVVLIGALANEESDLRWFFGAGAW
AASVVWFAVLGFSAGRLQPFFATPAAWRILDALVAVTMIGVAVVVLVTSPSVPTANVALII

>NP_217394.1
MSLRLVSPIKAFADGIVAVAIAVVLMFGLANTPRAVAADERLQFTATTLSGAPFDGASLQGKPAVLWFWT
PWCPFCNAEAPSLSQVAAANPAVTFVGIATRADVGAMQSFVSKYNLNFTNLNDADGVIWARYNVPWQPAF
VFYRADGTSTFVNNPTAAMSQDELSGRVAALTS

>NP_216684.1
MSGGSSRRYPPELRERAVRMVAEIRGQHDSEWAAISEVARLLGVGCAETVRKWVRQAQVDAGARPGTTTE
ESAELKRLRRDNAELRRANAILKTASAFFAAELDRPAR

>NP_215994.1
MRHTRFHPIKLAWITAVVAGLMVGVATPADAEPGQWDPTLPALVSAGAPGDPLAVANASLQATAQATQTT
LDLGRQFLGGLGINLGGPAASAPSAATTGASRIPRANARQAVEYVIRRAGSQMGVPYSWGGGSLQGPSKG
VDSGANTVGFDCSGLVRYAFAGVGVLIPRFSGDQYNAGRHVPPAEAKRGDLIFYGPGGGQHVTLYLGNGQ
MLEASGSAGKVTVSPVRKAGMTPFVTRIIEY

>NP_856026.1
MVNFSVLPPEINSGRMFFGAGSGPMLAAAAAWDGLAAELGLAAESFGLVTSGLAGGSGQAWQGAAAAAMV
VAAAPYAGWLAAAAARAGGAAVQAKAVAGAFEAARAAMVDPVVVAANRSAFVQLVLSNVFGQNAPAIAAA
EATYEQMWAADVAAMVGYHGGASAAAALAPWQQAVPGLSGLLGGAANAPAAAAQGAAQGLAELTLNLGVG
NIGSLNLGSGNIGGTNVGSGNVGGTNLGSGNYGSLNWGSGNTGTGNAGSGNTGDYNPGSGNFGSGNFGSG
NIGSLNVGSGNFGTLNLANGNNGDVNFGGGNTGDFNFGGGNNGTLNFGFGNTGSGNFGFGNTGNNNIGIG
LTGDGQIGIGGLNSGTGNIGFGNSGNNNIGFFNSGDGNIGFFNSGDGNTGFGNAGNINTGFWNAGNLNTG
FGSAGNGNVGIFDGGNSNSGSFNVGFQNTGFGNSGAGNTGFFNAGDSNTGFANAGNVNTGFFNGGDINTG
GFNGGNVNTGFGSALTQAGANSGFGNLGTGNSGWGNSDPSGTGNSGFFNTGNGNSGFSNAGPAMLPGFNS
GFANIGSFNAGIANSGNNLAGISNSGDDSSGAVNSGSQNSGAFNAGVGLSGFFR

>NP_218183.1
MVRQMRAALAALATGLLVLAPVAGCGGGVLSPDVVLVNGGEPPNPLIPTGTNDSNGGRIIDRLFAGLMSY
DAVGKPSLEVAQSIESADNVNYRITVKPGWKFTDGSPVTAHSFVDAWNYGALSTNAQLQQHFFSPIEGFD
DVAGAPGDKSRTTMSGLRVVNDLEFTVRLKAPTIDFTLRLGHSSFYPLPDSAFRDMAAFGRNPIGNGPYK
LADGPAGPAWEHNVRIDLVPNPDYHGNRKPRNKGLRFEFYANLDTAYADLLSGNLDVLDTIPPSALTVYQ
RDLGDHATSGPAAINQTLDTPLRLPHFGGEEGRLRRLALSAAINRPQICQQIFAGTRSPARDFTARSLPG
FDPNLPGNEVLDYDPQRARRLWAQADAISPWSGRYAIAYNADAGHRDWVDAVANSIKNVLGIDAVAAPQP

TFAGFRTQITNRAIDSAFRAGWRGDYPSMIEFLAPLFTAGAGSNDVGYINPEFDAALAAAEAAPTLTESH
ELVNDAQRILFHDMPVVPLWDYISVVGWSSQVSNVTVTWNGLPDYENIVKA

>NP_217661.1
MNVYIPILVLAALAAAFAVVSVVIASLVGPSRFNRSKQAAYECGIEPASTGARTSIGPGAASGQRFPIKY
YLTAMLFIVFDIEIVFLYPWAVSYDSLGTFALVEMAIFMLTVFVAYAYVWRRGGLTWD

>NP_856888.1
MPVRAPAAVRGAGLIVAVQGGAALVVAAALLVRGLAGADQHIVNGLGTAGWFVLVGGAVLAAGCRLAVGK
LWGRGLAVFAQLLLLPVAWYLIVGSHQPAIGIPVGIIALGVLVLLFSPPSIRWAAGRDQRGAASAANRGP
DSR

>NP_215288.2
MMARMPELSRRAVLGLGAGTVLGATSAYAIDMLLQPRTSHAAPAAAIGTNVPLAPTPALDPAPPAQAAPT
MSTGSFVSAARAGKMTNWAIARPPGQTQALRPVIALHGLGGSASAVMDGGVEQGLAQAVNAGLPPFAVVS
VDGGSSYWHQRASGEDAGAMVLNELIPLLDTQRLDTSRVAFLGWSMGGYGALLLGSRLGPARTAAICAVS
PALWLSAGSVAPGSFDGPDDWSANSVFGLPALGSIPIRVDCGNSDPFYAATKQFVAQLPHPPAGGFSPGG
HNGGFWSAQLPAELTWFAPLLTG

>NP_217065.1
MIFVDTSFWAALGNAGDARHGTAKRLWASKPPVVMTSNHVLGETWTLLNRRCGHRAAVAAAAIRLSTVVR
VEHVTADLEEQAWEWLVRHDEREYSFVDATSFAVMRKKGIQNAYAFDGDFSAAGFVEVRPE

>YP_008168548.1
MDDKTKNDQQESNEDKDELELFTRNTSKKRRQRKRSKATHFSNQNKDDTSQQADFDEEIYLINKDFKKEE
SNDKNNDSASSHANDNNIDDSTDSNIENEDYRYNQEIDDQNESNVISVDNEQPQSAPKEQNSDSIDEETV
TKKERKSKVTQLKPLTLEEKRKLRRKRQKRIQYSVITILVLLIAVILIYMFSPLSKIAHVNINGNNHVST
SKINKVLGVKNDSRMYTFSKKNAINDLEENPLIKSVEIHKQLPNTLNVDITENEIIALVKYKGKYLPLLE
NGKLLKGSNDVKINDAPVMDGFKGTKEDDMIKALSEMTPEVRRYIAEVTYAPSKNKQSRIELFTTDGLQV
IGDISTISKKMKYYPQMSQSLSRDSSGKLKTRGYIDLSVGASFIPYRGNTSSQSESDKNVTKSSQEENQA
KEELQSVLNKINKQSSKNN

>YP_008167623.1
MKKGFIHLIGMSDEGASMITYDLIGNTPLVLLEHYSDDKVKIYAKLEQWNPGGSVKDRLGKYLVEKAIQE
GRVRAGQTIVEATAGNTGIGLAIAANRHHLKCKIFAPYGFSEEKINIMIALGAEVSRTSQSEGMHGAQLA
ARSYAEKYGAVYMNQFESEHNPDTYFHTLGPELTSALQQIDYFVAGIGSGGTFTGTARYLKQHHVQCYAV
EPEGSVLNGGPAHAHDTEGIGSEKWPIFLERRLVDGIFTIKDQDAFRNVKSLAINEGLLVGSSSGAALQG
ALNLKAQLSEGTIVVVFPDGSDRYMSKQIFNYEENNNEQEN

>YP_008168905.1
MNLLKKNKYSIRKYKVGIFSTLIGTVLLLSNPNGAQALTTDNNVQSDTNQATPVNSQDKDVANNRGLANS
AQNTPNQSATTNQATNQALVNHNNGSIVNQATPTSVQSSTPSAQNNNHTDGNTTATETVSNANNNDVVSN
NTALNVPTKTNENGSGGHLTLKEIQEDVRHSSNKPELVAIAEPASNRPKKRSRRAAPADPNATPADPAAA
AVGNGGAPVAITAPYTPTTDPNANNAGQNAPNEVLSFDDNGIRPSTNRSVPTVNVVNNLPGFTLINGGKV
GVFSHAMVRTSMFDSGDNKNYQAQGNVIALGRIHGTDTNDHGDFNGIEKALTVNPNSELIFEFNTMTTKN
GQGATNVIIKNADTNDTIAEKTVEGGPTLRLFKVPDNVRNLKIQFVPKNDAITDARGIYQLKDGYKYYSF
VDSIGLHSGSHVFVERRTMDPTATNNKEFTVTTSLKNNGNSGASLDTNDFVYQVQLPEGVEYVNNSLTKD
FPSNNSGVDVNDMNVTYDAANRVITIKSTGGGTANSPARLMPDKILDLRYKLRVNNVPTPRTVTFNETLT
YKTYTQDFINSAAESHTVSTNPYTIDIIMNKDALQAEVDRRIQQADYTFASLDIFNGLKRRAQTILDENR
NNVPLNKRVSQAYIDSLTNQMQHTLIRSVDAENAVNKKVDQMEDLVNQNDELTDEEKQAAIQVIEEHKNE
IIGNIGDQTTDDGVTRIKDQGIQTLSGDTATPVVKPNAKKAIRDKATKQREIINATPDVTEDEIQDALNQ
LATDETDAIDNVTNATTNADVETAKNNGINTIGAVVPQVTHKKAARDAINQATATKRQQINSNREATQEE
KNAALNELTQATNHALEQINQATTNADVDNAKGDGLNAINPIAPVTVVKQAARDAVSHDAQQHIAEINAN
PDATQEERQAAIDKVNAAVTAANTNILNANTNADVEQVKTNAIQGIQAITPATKVKTDAKNAIDKSAETQ
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HNTIFNNNDATLEEQQAAQQLLDQAVATAKQNINAADTNQEVAQAKDQGTQNIVVIQPATQVKTDTRNVV
NDKAREAITNINATTGATREEKQEAINRVNTLKNRALTDIGVTSTTAMVNSIRDDAVNQIGAVQPHVTKK
QTATGVLNDLATAKKQEINQNTNATTEEKQVALNQVDQELATAINNINQADTNAEVDQAQQLGTKAINAI
QPNIVKKPAALAQINQHYNAKLAEINATPDATNDEKNAAINTLNQDRQQAIESIKQANTNAEVDQAATVA
ENNIDAVQVDVVKKQAARDKITAEVAKRIEAVKQTPNATDEEKQAAVNQINQLKDQAINQINQNQTNDQV
DTTTNQAVNAIDNVEAEVVIKPKAIADIEKAVKEKQQQIDNSLDSTDNEKEVASQALAKEKEKALAAIDQ
AQTNSQVNQAATNGVSAIKIIQPETKVKPAAREKINQKANELRAKINQDKEATAEERQVALDKINEFVNQ
AMTDITNNRTNQQVDDTTSQALDSIALVTPDHIVRAAARDAVKQQYEAKKREIEQAEHATDEEKQVALNQ
LANNEKRALQNIDQAIANNDVKRVETNGIATLKGVQPHIVIKPEAQQAIKASAENQVESIKDTPHATVDE
LDEANQLISDTLKQAQQEIENTNQDAAVTDVRNQTIKAIEQIKPKVRRKRAALDSIEENDKNQLDAIRNT
LDTTQDERDVAIDTLNKIVNTIKNDIAQNKTNAEVDRTETDGNDNIKVILPKVQVKPAARQSVGVKAEAQ
NALIDQSDLSTEEERLAAKHLVEQALNQAIDQINHADKTAQVNQDSINAQNIISKIKPATTVKATALQQI
QNIATNKINLIKANNEATDEEQNIAIAQVEKELIKAKQQIASAVTNADVAYLLHDEKNEIREIEPVINRK
ASAREQLTTLFNDKKQAIEANIQATVEERNSILAQLQNIYDTAIGQIDQDRSNAQVDKTASLNLQTIHDL
DVHPIKKPDAEKTINDDLARVTALVQNYRKVSNRNKADALKAITALKLQMDEELKTARTNADVDAVLKRF
NVALSDIEAVITEKENSLLRIDNIAQQTYAKFKAIATPEQLAKVKVLIDQYVADGNRMIDEDATLNDIKQ
HTQFIVDEILAIKLPAEATKVSPKEIQPAPKVCTPIKKEETHESRKVEKELPNTGSEGMDLPLKEFALIT
GAALLARRRTKNEKES

>YP_008168566.1
MSKNITKNIILTTTLLLLGTVLPQNQKPVFSFYSEAKAYSIGQDETNINELIKYYTQPHFSFSNKWLYQY
DNGNIYVELKRYSWSAHISLWGAESWGNINQLKDRYVDVFGLKDKDTDQLWWSYRETFTGGVTPAAKPSD
KTYNLFVQYKDKLQTIIGAHKIYQGNKPVLTLKEIDFRAREALIKNKILYNENLNKGKLKITGGGNNYTI
DLSKRLHSDLANVYVKNPNKITVDVLFD

>YP_007968655.1
MKLIGIVGTNSNKSTNRQLLQYMQQHFADKAEIELIEVKDLPLFNKPADKNVPQVILDIAAKIEEADGVI
IGTPEYDHSIPSALMSVLAWLSYGIYPLLNKPVMITGASYGTLGSSRAQLQLRQILNAPELKASVLPDEF
LLSHSLQAFDKDGNLHDIETSQKLDAIFDDFRLFVKITGKLSNARDLLQKEAENFDWESL

>YP_007967992.1
MKISQYNKWSIRRLKVGAASVMITSGSIVALGQSHIVSADEMPQHKTTITAPTANTSTNVESSTDKALSK
VTTMETSSEMPKMQNMAKVEKTSDKPMMVATSVRKMMATPTPVAMTKTTSVDEVKESTDTAFKQTVDVPA
HYVNAAKGNGPFLAGVNQTIPYEAFGGDGMLTRLILKSSEGAKWSDNGVDKNSPLLPLKGLTKGKYFYQV
SLNGNTTGKEGQALLDQIKANDKHSYQATIRVYGAKDGKVDLKNMISQKMVTINIPHITTDMEVKNSLKM
AFKEKVDVPAKYVSAAKAKGPFLAGVNETIPYEAFGGDGMLTRLILKASEGAKWSDNGVDKNSPLLPLKD
LTKGKYFYQVSLNGNTAGKKGQALLDQIKANGSHTYQATITIYGTKDGKVDMNTILGKKTVMIHINVAKK
DMNSTSMMMKKDKMTMPMKKEMTSSKINTGMMMSNNKMSVNMQMSSQAKSNDKAGKKMSMISKNLPNTGE
TKQQNVGVLGVLSLAFATGLTALGLKKSKQR

>YP_007969093.1
MSKQKVMATLLLSTLVLSLSSPLVTLAETINPETSLTMATASTESSSEAEKQEKIQPTDSETVSPSAEGS
ISTEKTEVGTTETSSSNESPSSSSHQSSSNEDAKTSDSASTASTPSTNTTNSSQADSKPGQSTKTELKPE
PTLPLVEPKITPAPSQIESVQTNQNASVPALSFDDNLLSTSISPVTATPFYVEHWSGQNAYSHYLLSHRY
GIKAEQLDGYLKSLGIQYDSNRINGAKLLQWEKDSGLDVRAIVAIAVLESSLGTQGVAKMPGANMFGYGA
FDHDSSHASAYNDEEAIMLLTKNTIIKNNNSSFEIQDLKAQKLSSGQLNTVTEGGVYYTDNSGTGKRRAQ
IMEDLDRWIDQHGGTPEIPAALKALSTASLADLPSGFSLSTAVNTASYIASTYPWGECTWYVFNRAKELG
YTFDPFMGNGGDWQHKAGFETTHSPKVGYAVSFSPGQAGADGTYGHVAIVEEVKKDGSVLISESNAMGRG
IVSYRTFSSAQAAQLTYVIGHK

>YP_007968918.1
MKVKNKILTMVALTVLTCATYSSIGYADTSDKNTDTSVVTTTLSEEKRSDELNQSSTGSSSENESSSSSE
PETNPSTNPPTTEPSQPSPSEENKPDGSTKTEIGNNKDISSGTKVLISEDSIKNFSKASSDQEEVDRDES
SSSKASDEKKGHSKPKKELPKTGDSHSDTVIASTGGIILLSLSLYNKKMKLYLNIKRRTNLLFIFK

>YP_007968429.1
MNKSFNTKLGLVTVAALSGIVLTSQLPVNAKAETPVMAASAQQGFRFVATVVDSQTRVLPGKLVTLSEVT
SGQPKIIASVKTNDAGQAIFNNLPIKHNLSVSVDGQVKGYTIRTDVAGSSKAASFTATGVGTNEPTYSKK
TIDITVRDQNAEPVSGRTVTLKTQAGREIASLVSGDNGLTRFTDRLLDGTFYQYFVDGKKIGDIVPGESR
SAYVNVAPKKDYFTFTVTALDKDGLVVKGKEVTLTDITDGKAVALASLKTNDNGQAIFTNLPLSRNISVS
IDGKSKGYTLRTDVAGSHKAAAFYVDGKGTKAPQFSAEAAVVTVYDANGNTIANQEVTLTNSNGTIVAKG
LTEKDGKARFANKLMAGTLYNIFVNGIEMPKTALVGSDVSVFLTDKQIKKEKPVTPDKLDKEMNQEKEKE
LLDTPKPVPPTSKPTAPIKNKKDDSPKKFMKSQSSSLKSSVKAIGAKPKAMTALAKKLPKTGDQAISILT
LVGFIVTGLAIMLGFLKKSRSK

>YP_007969319.1
MNNNEKKVKYFLRKTAYGLASMSAAFIVCSGIVNTPTVSAESSNTLKVEKLGGIKNVESVHTLKPVSIPK
EQLNNELTKQKRRGELTIKSLGFITPNEQAKLIQDMNKIEDPNEVLTFVQKATLRDKDYGTKPKQITQKL
IEMLPNISDVLLKKYEAMIQDATSQADLNNIVDQAKKEVLEGDSEKYRHEIDNLSVTGLTMMAEADEIYQ
KHKDLLHSHYKDSIGTYTNLFTNRGGVTPWVGAEGLKDAQEAFRKAKVLLANLKALQEQIEKTQKKPVAK
GTYDVKYVDTEGKEVAGYKLVRTEGDVLNVFTAGAQVRTYVYEKVKPEAKPATKKSVNTSGNLAAKKAIE
NKKYSKKLPSTGEAASPLLAIVSLIVMLSAGLITIVLKHKKN

>YP_007969275.1
MKQNTTLNFKTNFQELSPEQLNNITGGGWIDDIKKIINLDKLNFLRL

>YP_002741380.1
MDETDEVSSKHGFEVVDETDEVSSKHGFEVVDETDEVSNHTYGKATLTWFEEIFEEY

>YP_002739733.1
MNKGLFEKRCKYSIRKFSLGVASVMIGAAFFGTSPVLADSVQSGSTANLPADLATALATAKENDGRDFEA
PKVEEDQGSPEVTDGPKTEEELLALEKEKPAEEKPKEDKPAAAKPETPKTVTPEWQTVEKKEQKGTVTIR
EEKGVRYNQLSSTAQNDNAGKPALFEKKGLTVDANGNATVDLTFKDDSEKGKSRFGVFLKFKDTNNNVFV
GYDKDGWFWEYKSPTTSTWYRGSRVVAPETGSTNRLSITLKSDGQLNASNNDVNLFDTVTLPAAVNDHLK
NEKKILLKAGSYGNDRTVVSVKTDNQEGVKADDTPAQKETGPVVDDSKVTYDTIQSKVLKAVIDQAFPRV
KEYTLNGHTLPGQVQQFNQVFINNHRITPEVTYKKINETTAEYLMKIRDDAHLINAEMTVRLQVVDNQLH
FDVTKIVNHNQVTPGQKIDDERKLLSSISFLGNALVSVSSDQTGAKFDGATMSNNTHVSGDDHIDVTNPM
KDLAKGYMYGFVSTDKLAAGVWSNSQNSYGGGSNDWTRLTAYKETVGNANYVGIHSSEWQWEKAYKGIVF
PEYTKELPSAKVVITEDANADKKVDWQDGAIAYRSIMNNPQGWEKVKDITAYRIAMNFGSQAQNPFLMTL
DGIKKINLHTDGLGQGVLLKGYGSEGHDSGHLNYADIGKRIGGVEDFKTLIEKAKKYGAHLGIHVNASET
YPESKYFNEKILRKNPDGSYSYGWNWLDQGINIDAAYDLAHGRLARWEDLKKKLGDGLDFIYVDVWGNGQ
SGDNGAWATHVLAKEINKQGWRFAIEWGHGGEYDSTFHHWAADLTYGGYTNKGINSAITRFIRNHQKDAW
VGDYRSYGGAANYPLLGGYSMKDFEGWQGRSDYNGYVTNLFAHDVMTKYFQHFTVSKWENGTPVTMTDNG
STYKWTPEMRVELVDADNNKVVVTRKSNDVNSPQYRERTVTLNGRVIQDGSAYLTPWNWDANGKKLPTDK
EKMYYFNTQTGATTWTLPSDWAKSKVYLYKLTDQGKTEEQELTVKDGKITLDLLANQPYVLYRSKQTNPE
MSWSEGMHIYDQGFNSGTLKHWTISGDASKAEIVKSQGANDMLRIQGNKEKVSLTQKLTGLKPNTKYAVY
VGVDNRSNAKASITVNTGEKEVTTYTNKSLALNYVKAYAHNTRRDNATVDDTSYFQNMYAFFTTGSDVSN
VTLTLSREAGDQATYFDEIRTFENNSSMYGDKHDTGKGTFKQDFENVAQGIFPFVVGGVEGVEDNRTHLS
EKHDPYTQRGWNGKKVDDVIEGNWSLKTNGLVSRRNLVYQTIPQNFRFEAGKTYRVTFEYEAGSDNTYAF
VVGKGEFQSGRRGTQASNLEMHELPNTWTDSKKAKKATFLVTGAETGDTWVGIYSTGNASNTRGDSGGNA
NFRGYNDFMMDNLQIEEITLTGKMLTENALKNYLPTVAMTNYTKESMDALKEAVFNLSQADDDISVEEAR
AEIAKIEALKNALVQKKTALVADDFASLTAPAQAQEGLANAFDGNVSSLWHTSWNGGDVGKPATMVLKEP
TEITGLRYVPRGSGSNGNLCDVKLVVTDESGKEHTFTATDWPDNNKPKDIDFGKTIKAKKIVLTGTKTYG
DGGDKYQSAAELIFTRPQVAETPLDLSGYEAALAKAQKLTDKDNQEEVASVQASMKYATDNHLLTERMVE
YFADYLNQLKDSATKPDAPTVEKPEFKLSSLASEQGKTPDYKQEIARPETPEQILPATGESQSDTALFLA
GVSLALSALFVVKTKKD

>YP_002740618.1
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MLRLVYYQFLHNKKQWLGVSPVIFVSSLVMGLAVNGVINVENNSQVFVGLPDPKPIFMFPIVFGGVTLFF
VLSNIINMLVEIFRDDYELLEVLGASRLQLSFLVGGQIFIISSIISFIAYLCSIFVTSNYYYFLQYFFGE
NILPDIQFQMSAVGCIITVVLISFLAFLSGCFYTFKKIRNRKSSKIRHVLSIVKRILLLAGFSVIWLLSL
QQIFQDSTILAKAQIIFNIVILDIVIIYQLSPFIQSCFIKLLSIIIFRNNFMFIVSKWNLLYRKPYIKSI
SAAITGAILLISSFQMISQNILSQFQDDSDLELKVAFIVYVGAPILIVLANIISIAFLSSHQERIEIQQF
EILGTSNYQMVKIKVGEAIFLTFVTSLIAFLLNIKIIALIYYSLEDILIDDMNLLGLILPNFIVSIILFI
LIFITKSSYFIFKNAKIIS

>YP_002740442.1
MKIDKYSAILGNTVGFHDMSTLTDHRPVASLPFDGKYRLIDFPLSSLANAGVRSVFGIFQQDNISSVFDH
IRSGREWGLSTLLSHYYLGIYNTRVESSTVGKEYYQQLLTYLKRSGSNQTVALNCDVLINIDLNQVFHLH
STTKEPITVVYKKLAKKDISEVNAILDVDETDHVLSHKLFDSKSTAETFNMSTDIFVVDTPWLIEHLEEE
AKKEHPEKLRYVLRDLAVKEGAFAYEYTGYLANIHSVKSYYQANIDMLESQKFYSLFSPNQKIYTKVKNE
EPTYYANTSKVSTSQFASGSIIEGQVANSVLSRNIHVHKDSLVKDSLLFPRVVIGEGAQVEYAILDKGVE
VEPGVVIRGTAEHPVVVKKGAKVTEDIHS

>YP_002739906.1
MSRVHVQIMNQFERKSHEYKAIKRYWKLIQQDSRKLSDKRFYRPTFRMHLTNKEILDKILSYSEDLKHHY
QIYQLLLFHFQNKDPEKFFGLIEDNLKQVHPIFQTVFKTFLKNKEKIVNALQLPYSNAKLEATNNLIKLI
KRNAFGFRNFENFKKRIFIALNIKKERTKFVLSRA

>YP_002740339.1
MGLAFGYFCHRLTLLYDSLTNAPPMERFAYLLGEGLNQVFNPLWLFSFTRKSLLAFILGVITMSLVYLYV
STGQKVYREGEEYGSARFGTSKEKRFFYSKNPFNDTILTRDVRLTLLEKKKPQFDRNKNLIVIGGSGAGK
TFRFVKPNLIQLNCSNIVVDPKDHLAEKTGKLFLENGYQVKVLDLVNMTNSDGFNPFRYVETENDLNRML
TVYFNNTKGNGSRSDPFWDEASMTLVRAIASYLVDFYNPPGSSKQEQEARRKRGRYPAFSEIGKLIKLLS
KGDNQDKSVLEVLFEDYAKKYGHENFTMRNWADFQNYKDKTLDSVIAVTTAKFALFNIQSVIDLTQRDTM
DLKTWGTQKTMVYLVIPDNDTTFRFLSALFFSTVFSTLTRQADVDFKGQLPIHVRSYLDEFANVGEIPDF
AEQTSTVRSRNMSLVPILQNIAQLQGLYKEKEAWKTILGNCDSLLYLGGNDEETFKFMSGLLGKQTIDVR
STSRSFGQTGSSSTSHQKIARDLMTADEVGNMKRDECLVRIAGVLVFRTKKYFPLKHKNWKWLADKESDE
RWWHYHINPLITEEEIDLSGHTIRDLSTEMSIY

>YP_002740734.1
MQKKYVKILYSSPIGILSLVADDHYLYGIWVQEQKHFERGLGDETIEEVVSHPILDPVIACLDDYFKGKP
QDLSNLLLAPIGTNFEKRVWDYLQGIPYGQTVTYGQIAQDLQVASAQAIGGAVGRNPWSILVPCHRVLGA
GKRLTGYAAGVEKKAWLLEHEGVDFKDRNNRRRSTC

>YP_002740617.1
MAEEVLNLQLVSVQVDETDEVDGMRFSTFSTNRCGNWSAFSWENC

>YP_002741366.1
MSFKVLHRGYQHIRLSSSFSLTLDIQDYLRSLARDEKGIESIQFYMDQQHFTLRIKEGFSVLDNAEAFLK
RIDKGKVSELMTLPIRREESAYSIVSGAAVKRVLFRSFVPYPIRYIWTCYQALGYIREAYQTLARKELTM
EVLDCSAILLSLFMNQSKTASNIMFMLDLGNHLDQWSLKKTATDLEQSLLAKESDVFLVQGDTVVSIKSS
DVQIGDVLILSQGNEILFDGQVVSGLGMVNESSLTGESFPVEKRESDLVCANTVLETGELRIRVTDNQMN
SRILQLIELMKKSEENKKTKQRYFIKMADKVVKYNFLGAGLTYLLTGSFSKAISFLLVDFSCALKISTPV
AYLTVIKEGLNREMVIKDGDVLEKYLEVDTFLFDKTGTITTSYPIVEKVLPFGDYSEEDILRISACLEEH
IYHPIANAIVKQAEIEGIEHEEMHGKLQYIASKGIKSHIDGQPVLIGNYVLMQDEQIHISSEQNALIEEY
KSHYNLLFLAYQNELIGMFCIHTPLRKEAKTALDKLKAQGKKLILATGDTLIRTEELVKDLPFDQVYTDL
KPDGKFELVEKLQKAGHTILMVGDGLNDSAALTLSDIGVVMNESADISKQMSDILLLDNRLDFFQELDSL
SSSLQTLIKKNIQDTVVVNSSLIGFGLFNWLSPSNLSILHNLTTLRIVLRSLSIKNR

>YP_002740654.1
MKLIVSVMPRSLEEAQALDATRYLDADIIEWRADYLPKEAILQVAPAIFEKFAGRELVFTLRTRSEGGEI

DLSPEEYIHLIKEVAQLYQPDYIDFEYYSYKDVFEEMLDFPNLVLSYHNFQETPENMMEILSELTILNPK
LVKVAVMAHTEQDVLDLMNYTRGFKTLNPEQEYVTISMGKVGKVSRITADVTGSSWSFASLDEVSAPGQI
SLASMKKIREILDEA

>YP_008242889.1
MINKKYIIPVSLLTLAITLTSVEEVTSRQNLTYANEIVTQRPKRESVISDKSNFPVISPYLASVDFGERK
TPLPTPDKGVKVTTEQSIAQVRKGPEERTYTVTGKITSVINGWGGYGFYIQDSEGIGLYVYPQKDLGYSK
GDIVQLTGTLTRFKGDLQLQQVTAHKKLELSFPTSVKEAVISELETTTPSTLVKLSHVTVGELSTDQYNN
TSFLVRDDSGKSIVVHIDHRTGVKGADVVTKISQGDLINLTAILSIVDGQLQLRPFSLEQLEVVKKVTSS
NSDASSRNIVKIGEIQGASHTSPLLKKAVTVEQVVVTYLDDSTHFYVQDLNGDGDLATSDGIRVFAKNAK
VQVGDVLTISGEVEEFFGRGYEERKQTDLTITQIVAKAVTKTGTAQVPSPLVLGKDRIAPANIIDNDGLR
VFDPEEDAIDYWESMEGMLVAVDDAKILGPMKNKEIYVLPGSSTRPLNNSGGVLLPANSYNTDVIPVLFK
KGKQIIKAGDSYKGRLAGPVSYSYGNYKVFVDDSKNMPSLMDGHLKPEKTNLQKDLSKLSIASYNIENFS
ANPSSTKDEKVKRIAESFIHDLNAPDIIGLIEVQDNNGPTDDGTTDATQSAQRLIDAIKKLGGPTYRYVD
IAPENNVDGGQPGGNIRTGFLYQPERVSLSDKPKGGARDALTWVNGELNLSVGRIDPTNVAWKDVRKSLA
AEFIFQGRKVVVVANHLNSKRGDNALYGRVQPVTFKSEQRRHVLANMLAQFAKEGAKHQANIVMLGDFND
FEFTKTIQLIEEGDMVNLVSRHDISDRYSYFHQGNNQTLDNILVSRHLLDHYEFDMVHVNSPFMEAHGRA
SDHDPLLLQLSFSKENDKAESSKQSVKAKKTSKGKLLPKTGDSLVYVITLLGTASLLVSILLLTKGKKES

>YP_008243726.1
MKMKKISKCAFVAISALVLIQATQTVKSQEPLVQSQLVTTVALTQDNRLLVEEIGPYASQSAGKEYYKHI
EKVIVDNDVYEKSLEGERTFDINYQGIKINANLIKDGKHELTIVNKKDGDILITFIKKGDKVTFISAQKL
GTTDHQDSLKKDVLSDKTVPQNQGTQKVVKSGKNTANLSLITKLSQEDGAILFPEIDRYSDNKKIKALTQ
QITKVTVNGTVYKDLISDSVKDTNGWVSNMTGLHLGTKAFKDGENTIVISSKGFEDVTITVTKKDGQIHF
VSAKQKQHVTAEDRQSTKLDVTTLEKAIKEADAIIAKESNKDAVKDLAEKLQVIKDSYKEIKDSKLLDDT
HRLLKDTIESYQAGEVSINNLTEGTYTLNFKANKENSEESSMLQGAFDKRAKLVVKADGTMEISMLNTAL
GQFLIDFSIESKGTYPAAVRKQVGQKDINGSYIRSEFTMPIDDLDKLHKGAVLVSAMGGQESDLNHYDKY
TKLDMTFSKTVTKGWSGYQVETDDKEKGVGTERLEKVLVKLGKDLDGDGKLSKTELEQIRGELRLDHYEL
TDISLLKHAKNITELHLDGNQITEIPKELFSQMKQLRFLNLRSNHLTYLDKDTFKSNAQLRELYLSSNFI
HSLEGGLFQSLHHLEQLDLSKNRIGRLCDNPFEGLSRLTSLGFAENSLEEIPEKALEPLTSLNFIDLSQN
NLALLPKTIEKLRALSTIVASRNHITRIDNISFKNLPKLSVLDLSTNEISNLPNGIFKQNNQLTKLDFFN
NLLTQVEESVFPDVETLNLDVKFNQIKSVSPKVRALIGQHKLTPQKHIAKLEASLDGEKIKYHQAFSLLD
LYYWEQKTNSAIDKELVSIEEYQQLLQEKGSDTVSLLNDMQVDWSIVIQLQKKASNGQYVTVNEKLLSND
PKDDLTGEFSLKDPGTYRIRKALITKKFATQKEHIYLTSNDILVAKGPHSHQKDLVEKGLRALNQKQLRD
GIYYLNASMLKTDLASESMSNKAINHRVTLVVKKGVSYLEVEFRGIKVGKMLGYLGELSYFVDGYQRDLA
GKPVGRTKKAEVVSYFTDVTGLPLADRYGKNYPKVLRMKLIEQAKKDGLVPLQVFVPIMDAISKGSGLQT
VFMRLDWASLTTEKAKVVKETNNPQENSHLTSTDQLKGPQNRQQEKTPTSPPSAATGIANLTDLLAKKAT
GQSTQETSKTDDTDKAEKLKQLVRDHQTSIEGKTAKDTKTKKSDKKHRSNQQSNGEESSSRYHLIAGLSS
FMIVALGFIIGRKTLFK

>YP_001199090.1
MEFLGELLVEFLTGLADFDEKKHPPFGIRYWLGWLGVLIHVLLLALLTCVTVFFFKFFLVGKGLINVVVA
VVFLLFALFWLWKFGKTILKMWQATIYYLAIH

>YP_001198726.1
MKKILIVDDEKPISDIIKFNMTREGYEVVTAFDGREALEVFEAEFPDIVILDLMLPELDGLEVARTIRKT
SNVPILMLSAKDSEFDKVIGLEIGADDYVTKPFSNRELQARVKALLRRSELPETQTNIESTGTPELVIGD
LVILPDAFVAKQAW

>YP_001197582.1
MNKKIFLKSAIILLSVTCLINAIKALDSSGVSSSTGEIVNQDRIYNITLKVKTDGVYNDLGGNVISENNV
LSGISGTKINLKVSTNSGYRFVGYQSFLESGNSTDGLLPIENDSFEISDKTGNVTVVAMFEKIPIDETIY
FSDEFSTENINNYLLSENLIGKIAVSNGKLNIHAPGVSSIKPILSRQIDESSTLGYEIQFSIQQIGEVKQ
WNTFRVVFKENSDGSVYALEFTGKAVSIKKLSSIDAPNQTGEKYAETGHNLGSEEHRIRLVVRGDTVTVS
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DNEIPLLSYSSPENWEGATASIVFTPISNRSVSLDDIIIRQTRALRSLLVVSRIDGQEVTDIQPGSIRGN
TSQVFVGDSLPLEVIEKPGYQFIGFKDEFGNVVDLSTFSVPNDESDLVIYADFQTAEVVNRETKTFYIDS
IEGNDTNSGESETNAWKTLEQLRKNTLIAGDRVLLKRGSRFVGEDAALTFKGSGLEDAPILISSYGEGEL
PLLEAQGKIESVIKLYNQEYITIENLEITNLDPNFSTSFELNSNNNRSKILRGVHVIAEDYGVVHDIVLR
NMYLHDINGNLNSKWNGGIFFDVYGTTVPTKYDGILIENNYLERVDRSGIKLVGSTWANQNLKNNKNIPL
NWYPSTNVVVRGNRIEKAGGDSITVRDTDGALIEYNISADARYQDTGYNAGIWPFQASNTVIQYNESFRT
HGVQDGQGLDLDHVSNNSVMQYNYSHDNEGGFMLIMNWYEQTSPTVRYNISQNDKDKILELARGGAQGTA
IYNNTIFSDSKLTGRAGVIDMPSTSGGTGVKDIFLFNNIFYFTDGEKMFVEASDAGKYKDSIHFYNNAYV
GVEVPDDPKAITEGITLKGVGTGPTENKSMIANAGKFLTGQLDGYRLPENSSLAKLGVSKEEAISYFYKK
LGVQPTIDFQDNGSLTMSPTEAFALARQTNSVDAIARVYPAIEGVTYDTDFFGETLSSENLSVGAAQEKK
SVFEEKISDIEISDVKTGIGMRYKRSNQLADVNLSIRLINKDELQYTINANNPTFSYEIQLQKNFGEYMD
LSESVTITIPIEADKKILNVLKINKNEQTESVKELPYRIENNKIILETDELGSFIIEYQMEKIKKENNTN
ATISESGKSSLGLQNKENSDVQAVGDKDYFSGLELSNKGEELSREDSKLMGNSINNLQTIKESESIFEGN
LGRNKELSDMYQKSLPKTGESNQAYIVLIGLFSLFVVLICQIFKKSID

>YP_002815839.1
MKVFCLGGAGKICREAILDLVQFSSFETITVADFNEEESLKIVEWLNDPRVNFVKVDVTNHEDTVAKMKG
YDIVMDGTTIKLNGLSTRCIAEAGCHGVNLNGFGEENDSHSIFVQNGKTCLPGFGMTPGVTQMMAMHAAN
QLHTVESVRVSHGSYRPIAFSASITETTTYEYDPHLPSRTVYENGEFKQVPPFARPREIELPAPYGKATQ
YIIPHSETITLAKALENKGVKLIETRGTWPKQNMQLVRALYDYGILRNDQVEINGEAIGIMDCVSKYLLQ
SKEGQETEVYGYALHVEVIGMKNNEKQRHVLYHTHPLSDGSVEGWEKLRAYTRNVGIPFGIATELIAKGD
VNKVGVVTPEEAFVNPQVIFDELKKRGIHIHEEISTYKESYNFV

>YP_002817680.1
MTEKELELLACLEKSSRLSVDTLAKLLNIEVEEVKKMVEKLEAEKIIVDYVTHIDWTKVKEHTGLTAMID
VKVTPKHGVGFDAVAEQIYRYSEVKSVYLMSGTYDLSITLEGKTMGEVAMFVSEKLATIESVVSTTTHFI
LKKYKHEGIIYEKNDDDKRIVVTP

>YP_003413400.1
MGVIASVVRQQYLIMTAPEPDPAFHSKEQNFLNELSPRAQEIQEKHGILTSITLAQAILESDWGQSGLAQ
KGNNLFGVKGKSPQPMVTMTTKEFVDGKWIEINANFRKYKDWNESLDSHAELFLNGTSWNKDKYNGVIAA
DDYKKAAQELQSAGYATDPDYAEKLINIIEKYDLALYDRIEDKIYYDTKSTGFGNVKKDVSGAIWTKPYG
LSGALKVEEINYYKREDLKLLREAKTDSGTWYQIAVDTEPIGWVKQELIDKK

>NP_218377.1
MYERDEFLRDRIRPHQPGTPRGYSPRPPSGDRCPAPPPGRHAAAATPPGPPRLPSAPLRPLPDPAWPRQP
EAPPPSTWADPALAPIRSRTRPGERGWRRMVRLVTFGLVGLGRSGMQRQEAQFEATIRTVLHGNHKVAVL
GKGGVGKTSVAACVGSILAELRQQDRIVGIDADTAFGRLSSRIDPRAAGSFWELTTDTNLRSFTDITARL
GRNSAGLYVLAGQPASGPRRVLDPAIYREAALRLDHHFAISVIDCGSSMEAAVTQEVLRDVDALIVVSSP
WADGASAAANTIEWLSDYGLTGLLRRSIVVLNDSDGHADKRTKSLLAQEFIDHGQPVVEVPFDPHLRPGG
VIDMSHEMAPTTRLKILQVAATVTAYFASRPADAHGSPPR

>NP_215959.1
MVGYAEPVLIERQSVVAAPAEQVWQRVVTPEGINDELRPWMTMSVPRGAKGMTVDTVPIGAPIGRAWLRL
FGVLPFDYDRLSIAELEPGRRFREDSTMLSMRQWQHERTVTPEGDTKTIVRDRITFQTRAGLRFAAPLIA
AGLRALFGHRHRRLQRHFAQG

>YP_008169312.1
MTYRIKKWQKLSTITLLMAGVITLNGGEFRSVDKHQIAVADTNVQTPDYEKLRNTWLDVNYGYDKYDENN
PDMKKKFDATEKEATNLLKEMKTESGRKYLWSGAETLETNSSHMTRTYRNIEKIAEAMRNPKTTLNTDEN
KKKVKDALEWLHKNAYGKEPDKKVKELSENFTKTTGKNTNLNWWDYEIGTPKSLTNTLILLNDQFSNEEK
KKFTAPIKTFAPDSDKILSSVGKAELAKGGNLVDISKVKLLECIIEEDKDMMKKSIDSFNKVFTYVQDSA
TGKERNGFYKDGSYIDHQDVPYTGAYGVVLLEGISQMMPMIKETPFNDKTQNDTTLKSWIDDGFMPLIYK
GEMMDLSRGRAISRENETSHSASATVMKSLLRLSDAMDDSTKAKYKKIVKSSVESDSSYKQNDYLNSYSD

IDKMKSLMTDNSISKNGLTQQLKIYNDMDRVTYHNKDLDFAFGLSMTSKNVARYESINGENLKGWHTGAG
MSYLYNSDVKHYHDNFWVTADMKRLSGTTTLDNEILKDTDDKKSSKTFVGGTKVDDQHASIGMDFENQDK
TLTAKKSYFILNDKIVFLGTGIKSTDSSKNPVTTIENRKANGYTLYTDDKQTTNSDNQENNSVFLESTDT
KKNIGYHFLNKPKITVKKESHTGKWKEINKSQKDTQKTDEYYEVTQKHSNSDNKYGYVLYPGLSKDVFKT
KKDEVTVVKQEDDFHVVKDNESVWAGVNYSNSTQTFDINNTKVEVKAKGMFILKKKDDNTYECSFYNPES
TNSASDIESKISMTGYSITNKNTSTSNESGVHFELTK

>YP_008243986.1
MKTIRRYDVNEDRGHTGLVEAGDFYYLNYCVGNVGQDIESQINGAFDEMERRLALVGLTLDAVVQMDCLF
RDVWNIPVMEKMIKERFNGRYPARKSIQTEFAHHGGPQGLLFQVDGVAYSKHISMT

>YP_008243740.1
MTNRLSWQDYFMANAELISKRSTCDRAFVGAVLVKDNHIIATGYNGGVSATDNCNEAGHYMEDGHCIRTV
HAEMNALIQCAKEGISTDGTEIYVTHFPCINCTKALLQAGITKITYKAHYRPHPFAIELMEKKGVAYVQH
DVPQIVLGGDKEQ

>YP_007968868.1
MKRQISSDKLSQELDRVTYQKRFWSVIKNTIYILMAVASTAILIAVLWLPVLRIYGHSMNKTLSAGDVVF
TVKGSNFKTGDVVAFYYNNKVLVKRVIAESGDWVNIDSQGDVYVNQHKLKEPYVIHKALGNSNIKYPYQV
PDKKIFVLGDNRKTSIDSRSTSVGDVSEEQIVGKISFRIWPLGKISSIN

>YP_007968919.1
MKRKYFILNTVTVLTLAAAMNTSSIYANSTETSASVAPTTNTIVQTNDSNPTAKFASESGQSVIGQVKPA
NSAALTTVDTPHISAPDALKTTQSSPVVESPSTKLTEETYKQKDGQDLANMVRSGQVTSEELVNMAYDII
AKENPSLNAVITTRRQEAIEEARKLKDTNQPFLCIPLLVKGLGHSIKGGETNNGLIYADGKISTFDSSYV
KKYKDLGFIILGQTNFPEYGWRNITDSKLYGPTHNPWNLAHNAGGSSGGSAAAIASGMTPIASGSDAGGS
IRIPSSWTGLVGLKPTRGLVSNEKPDSYSTAVHFPLTKSSRDAETLLTYLKKSDQTLVSVNDLKSLPIAY
TLKSPMGTEVSQDAKNAIMDNVTFLRKQGFKVTEIDLPIDGRALMRDYSTLAIGMGGAFSTIEKDLKKHG
FTKEDVDPITWAVHVIYQNSDKAELKKSIMEAQKHMDDYRKAMEKLHKQFPIFLSPTTASLAPLNTDPYV
TEEDKRAIYNMENLSQEERIALFNRQWEPMLRRTPFTQIANMTGLPAISIPTYLSESGLPIGTMLMAGAN
YDMVLIKFATFFEKHHGFNVKWQRIIDKEVKPSTGLIQPTNSLFKAHSSLVNLEENSQVTQVSISKKWMK
SSVKNKPSVMAYQKALPKTGDTESSLSPVLVVTLLLACFSFVTKKNQKS

>YP_007968207.1
MTKKHLKTLALALTTVSVVTYSQEVYGLEREESVKQEQTQSASEDDWFEEDNERKTNVSKENSTVDETVS
DLFSDGNSNNSSSKTESVVNDPKQVPKAKPEVTQEASNSSNDTSKVEVPKQDTVSKKETIETSTWEAKDF
VTRGDTLVGFSKSGINKLSQTSHLVLPSHAADGTQLTQVASFAFTPDKKTAIAEYTSRLGENGKPSRLDI
DQKEIIDEGEIFNAYQLTKLTIPNGYKSIGQDAFVDNKNIAEVNLPESLETISDYAFAHMSLKQVKLPDN
LKVIGELAFFDNQIGGKLYLPRHLIKLAERAFKSNRIQTVEFLGSKLKVIGEASFQDNNLSNVMLPDGLE
KIESEAFTGNPGDEHYNNQVILRTRTGQNPHQLATENTYVNPDKSLWRATPDMDYTKWLEEDFTYQKNSV
TGFSNKGLQKVRRNKNLEIPKQHNGITITEIGDNAFRNVDFQSKTLRKYDLEEVKLPSTIREEAFKRNHL
KEVKGSSTLSQIAFNAFDQNDGDKRFGKKVVVRTHNNSHMLADGERFIIDPDKLSSTMVDLEKVLKIIEG
LDYSTLRQTTQTQFREMTTAGKALLSKSNLRQGEKQKFLQEAQFFLGRVDLDKAIAKAEKALVTKKATKN
GHLLERSINKAVLAYNNSAIKKANVKRLEKELDLLTDLVEGKGPLAQATMVQGVYLLKTPLPLPEYYIGL
NVYFDKSGKLIYALDMSDTIGEGQKDAYGNPILNVDEDNEGYHALAVATLADYEGLYIKDILNSSLDKIK
AIRQIPLAKYHRLGFFQAIRNAAAEADRLIPKTPKGYLNAVPNYRKKQVEKNSKPVDYKTPIFDKALPNE
KVDGDRVAKGHNINAETNNSVAVTPIRSEQQLHKSQSDVNLPQTSSKNNFIYEILGYVSLCLLFLVTAGK
KGKRARK

>YP_007968202.1
MDKHHSKKAILKLTLITTSILLMHSNQVNAEEQELKNQEQSPVIANVAQQPSPSVTTNIVEKTSVTAASA
SNTAKEMGDTSVKNDKTEDELLEELSKNLDTSNLGADLEEEYPSKPEITNNKENNVVTNASTAIAQKVPS
AYEEVKPESKSSLAVLDTSKITKLQATTQRGKGNVVAIIDTGFDINHDIFRLDSPKDDKHSFKTKAEFEE
LKAKHNITYGKWVNDKIVFAHNYANNTETVADIAAAMKDGYGSEAKNISHGTHVAGIFVGNSKRPAINGL
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LLEGAAPNAQVLLMRIPDKIDSDKFGEAYAKAITDAVNLGAKTINMSLGKTADSLIALNDKVKLALKLAS
EKGVAVVVAAGNEGAFGMDYSKPLSTNPDYGTVNSPAISEDTLSVASYESLKTISEVVETTIEGKLVKLP
IVTSKPFDKGKAYDVVYANYGAKKDFEGKDFKGKIALIERGGGLDFMTKITHATNAGVVGIVIFNDQEKR
GNFLIPYRELPVGVISKVDGERIKNTSSQLTFNQSFEVVDSQGGNRMLEQSSWGVTAEGAIKPDVTASGF
EIYSSTYNNQYQTMSGTSMASPHVAGLMTMLQSHLAEKYKGMNLDSKKLLELSKNILMSSATALYSEEDK
AFYSPRQQGAGVVDAEKAIQAQYYVTGNDGKAKINLKRVGDKFDITVTIHKLVEGVKELYYQANVATEQV
NKGEFALKPQALLDTNWQKVILRDKETQVRFTIDASQFSQKLKEQMANGYFLEGFVRFKEAKDSNQELMS
IPFVGFNGDFANLQALETPIYKTLSKGSFYYNPNDTIHKDQLEYNESAPFESNNYTALLTQSASWGYVDY
VKNGGELELAPESPKRIILGTFENKVEDKTIHLLERDAANNPYFAISPNKDGNRDEITPQATFLRNVKDI
SAQVLDQNGNVIWQSKVLPSYRKNFHNNPKQSDGHYRMDALQWSGLDKDGKVVADGFYTYRLRYTPVAEG
ANSQESDFKVQVSTKSPNLPSRAQFDETNRTLSLAMPKESSYIPTYRLQLVLSHVVKDEEYGDETSYHYF
HIDQEGKVTLPKTVKIGESEVAVDPKALTLVVEDKAGNFATVKLSDLLNKAVVSEKENAIVISNSFKYFD
NLKKEPMFISKEGKVVNKNLEETTLVKPQTTVTTQSLSKEITKSGNEKVLTSTNNNSSRVAKIISPKHNG
DSVNHTLPSTSDRATNGLFVGTLALLSSLLLYLKPKKTKNNSK

>YP_002740124.1
MVKVAVMLAQGFEEIEALTVVDVLRRANITCDMVGFEEQVTGSHAIQVRADHVFDGDLSDYDMIVLPGGM
PGSAHLRDNQTLIQELQSFEQEGKKLAAICAAPIALNQAEILKNKRYTCYDGVQEQILDGHYVKETVVVD
GQLTTSRGPSTALAFAYELVEQLGGDAESLRTGMLYRDVFGKNQ

>YP_002740034.1
MKLFKPLLTVLALAFALIFITACSSGGNAGPSSGKTTAKARTIDENKKSGELRIAVFGDKKPFDYVDNDG
SYQGYDIELGNQLAQDLGVKVKYISVDAANRAEYLISNKVDITLANFTVTDERKKQVDFALPYMKVSLGV
VSPKTGLITDVKQLEGKTLIVTKGTTAETYFEKNHPEIKLQKYDQYSDSYQALLDGRGDAFSTDNTEVLA
WALENKGFEVGITSLGDPDTIAAAVQKGNQELLDFINKDIEKLGKENFFHKAYEKTLHPTYGDAAKADDL
VVEGGH

>YP_002739327.1
MSKNIVQLNNSFIQNEYQRRRYLMKERQKRNRFMGGVLILIMLLFILPTFNLAQSYQQLLQRRQQLADLQ
TQYQTLSDEKDKETAFATKLKDEDYAAKYTRAKYYYSKSREKVYTIPDLLQR

>YP_002740557.1
MTDVRGTSCFVIKFGKAGEQLAAKLWEEGKMVYASYASMTKRLKLAMRARCNGVYGR

>YP_002741520.1
MKHLKTFYKKWFQLLVVIVISFFSGALGSFSITQLTQKSSVNNSNNNSTITQTAYKNENSTTQAVNKVKD
AVVSVITYSANRQNSVFGNDDTDTDSQRISSEGSGVIYKKNDKEAYIVTNNHVINGASKVDIRLSDGTKV
PGEIVGADTFSDIAVVKISSEKVTTVAEFGDSSKLTVGETAIAIGSPLGSEYANTVTQGIVSSLNRNVSL
KSEDGQAISTKAIQTDTAINPGNSGGPLINIQGQVIGITSSKIATNGGTSVEGLGFAIPANDAINIIEQL
EKNGKVTRPALGIQMVNLSNVSTSDIRRLNIPSNVTSGVVVRSVQSNMPANGHLEKYDVITKVDDKEIAS
STDLQSALYNHSIGDTIKITYYRNGKEETTSIKLNKSSGDLES

>YP_008242460.1
MTQKNSYKLSFLLSLTGFILGLLLVFIGLSGVSVGHAETRNGANKQGAFEIKKNKSQEEYNYEVYDNRNI
LQDGEHKLEIKRVDGTGKTYQGFCFQLTKNFPTAQGVSKKLYKKLSSSDEETLKQYASKYTSNRRGDTSG
NLKKQIAKVLTEGYPTNKSDWLNGLTENEKIEVTQDAIWYFTETTVPADRSYTNRNVNSQKMKEVYQKLI
DTTDIDKYEDVQFDLFVPQDTNLQAVISVEPVIESLPWTSLKPIAQKDITAKKIWVDAPKEKPIIYFKLY
RQLPGEKEVAVDDAELKQINSEGQQEISVTWTNQLVTDEKGMAYIYSVKEVDKNGELLEPKDYIKKEDGL
TVTNTYVKPTSGYYDIEVTFGNGHIDITEDTTPDIVSGENQMKQIEGEDSKPIDEVTENNLIEFGKNTMP
GEEDGTNSNKYEEVEDSRPVDTLSGLSSEQGQSGDMTIEEDSATHIKFSKRDIDGKELAGATMELRDSSG
KTISTWISDGQVKDFYLMPGKYTFVETAAPDGYEIATAITFTVNEQGQVTVNGKATKGDAHIVMVDAYKP
TKGSGQVIDIEEKLPDEQGHSGSTTEIEDSKSSDLIIGGQGQIVETTEDTQTGMHGDSGCKTEVEDTKLV
QSFHFDNKESESNSEIPKKDKPKSNTSLPATGEKQHNMFFWMVTSCSLISSVFVISLKSKKRLSSC

>YP_008243496.1
MTSKKACLSSIIVLASLTCGNDTVSANHLSATGDKFDDCSTLVEKDVAPKDELEMLAWSSSQTTDDADRD
YEDFLDDDSFISQNETDKMFENLTDDRLLNELDELDELDEEDTIEPEQNVIMPSDDELFDLTDAVETRLT
VSSAPHLEAELPKPHLRSLSDTALRSGEIRGHLDNKLDTLSVTATKLALTMAQKFDLTTHVYSIGESFSE
VLAAHYEDRKAESAFSKKKRFHLPIATPDVVIEELRRLVSSIGSSKEDVSVPYNRKLGMAVAKRKIALPQ
TGEEFSYYPALLGLMILGLTPIMIPKKINN

>YP_008243141.1
MFRLLKRACSFLLLFVIYQSFVIHHNVQRVLAYKPMVEKTLAENDTKANVDLVLAMIYTETKGGEADVMQ
SSESSSGQKNSITDSQASIEHGVNLLSHNLALAEEAGVDSWTAVQAYNFGTAYIDYIAKHGGQNTVDLAT
TYSKTVVAPSLGNTSGQTYFYYHPLALISGGKLYKNGGNIYYSREVHFNLYLIELMSLF

>YP_008243242.1
MKPKHLLCLSTVVAGLALFSTMTHSVLADDASNPDTILMNNNQANLQRDALVQKLDEGHQQLEAIKHEAK
GTDIEATVNKAIDAVDHMKSSIRFNTETIYDFSSIGARVEALSDAIKAIVFSTTQLTHKVEKAHTDMGFA
ITKLVIRIIDPFASVDAIKAQVQEIKALEEKVINYPDLQPTDRATIYTKAKLNKAIWNTRLERDKKVLGI
KPFDVYNRLNKAITHAVGVQLNPTTTVQQVDDEVIAVQNALETALKS

>YP_008243171.1
MVTNKLGRDIPQPYADQYGVFEGELVNIKQYDESSRRIKPVKPGDSKLLGSVREAIEKTGLTDGMTISFH
HHFREGDFIMNMVLEEIAKMGIKNLSIAPSSIANVHEPLIDHIKNGVVTNITSSGLRDKVGAAISEGLME
NPVVIRSHGGRARAIASGDIHIDVAFLGAPSSDAYGNVNGTKGKATCGSLGYAMIDAKYADQVVILTDNL
VPYPNTPISIPQTDVDYVVTVDAIGDPQGIAKGATRFTKNPKELLIAEYAAKVITNSPYFKEGFSFQTGT
GGASLAVTRFMREAMIKENIKASFALGGITNAMVELLEEELVEKILDVQDFDHPSAVSLGKHAEHYEIDA
NMYASPLSKGAVINQLDTCILSALEVDTNFNVNVMTGSDGVIRGASGGHCDTAFAAKMSLVISPLIRGRI
PTFVDEVNTVITPGTSVDVIVTEVGIAINPNRQDLVDHFKSLNVPKFSIEELKEKAYAIVGTPERIQYGD
KVVALIEYRDGSLMDVVYNV

>YP_008243931.1
MLTSKHHNLNKLVWRYGLTSAAAVLLAFGGGVSSVKADHQKESRAELLQKLTELQSQHQDNVPQTSGIEE
EWTFLGGTSYDSVELYKYLQKMEQYLEKQKKHEEEWKKEIIAGLESDALRGEKGEAGPKGEKGPKGEKGP
KGEKGAQGAQGVRGPKGAKGETGAQGPVGPQGEKGETGATGAQGPQGEAGKDGAQGPVGPQGEKGETGAT
GAQGPQGEAGKDGAQGPVGPQGEKGETGAQGPAGPRGERGPEGKQGPAGEKGEKGETGAPGKDGAPGKDG
VQGPKGDKGETGDRGEKGDTGAQGPVGPQGEAGKPGEKAPEKSPEVTPTPEMPEQPGEKAPEKSKEVTPA
PEKPADKEANQTPERRNDNMAKTPVANNHRRLPATGEQANPFFTAAVAVMTTAGVLAVTKRKENN

>YP_008242584.1
MRMIMEHNYEKFASVYDAVMDDSLYDLWTDFSLRHLPKSKGRNRLLELACGTGIQSVRFAQAGFDVTGLD
LSQDMLTIAEKRAQSAKKKIDFIQGNMLDLSQVGQFDFVTCYSDSICYMQDEVDVGDVFKEVYDVLANDG
IFIFDVHSTYQTDECFPGYSYHENADDFAMVWDTYAGEAPHSVVHELTFFIQEDDGRFSRFDEVHEERTY
ELLTYDILLEQAGFKSFKVYADFEDKEPTKTSKRWFFVAYK

>YP_008242934.1
MKVSIIPEKCIACGLCQTYSSLFDYHDNGIVTFSSSSETSQSICPSDKDAILAVKSCPTKALTLE

>YP_008243117.1
MTKPIIGITANQRLNMALDNLPWSYAPTGFVQAVTQSGGLPLLLPIGDEAAAKTYVSMVDKIILIGGQNV
DPKYYQEEKAAFDDDFSPERDTFELAIIKEAITLKKPILGICRGTQLMNVALGGNLNQHIDSHWQEAPSD
FLSHEMIIEPDSILYPIYGHKTLINSFHRQSLKTVAKDLKVIARDPRDGTIEAVISTNDAIPFLGVQWHP
ELLQGVRDEDLQLFRLFVNDF

>YP_008243078.1
MNSQDLKKRQEKIRNFSIIAHIDHGKSTLADRILEKTETVSSREMQAQLLDSMDLERERGITIKLNAIEL
NYTAKDGETYIFHLIDTPGHVDFTYEVSRSLAACEGAILVVDAAQGIEAQTLANVYLALDNDLEILPVIN
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KIDLPAADPERVRHEVEDVIGLDASEAVLASAKAGIGIEEILEQIVEKVPAPTGDVDAPLQALIFDSVYD
AYRGVILQVRIVNGIVKPGDKIQMMSNGKTFDVTEVGIFTPKAVGRDFLATGDVGYVAASIKTVADTRVG
DTVTLANNPAKEALHGYKQMNPMVFAGIYPIESNKYNDLREALEKLQLNDASLQFEPETSQALGFGFRCG
FLGLLHMDVIQERLEREFNIDLIMTAPSVVYHVHTTDGDMIEVSNPSEFPDPTRVASIEEPYVKAQIMVP
QEFVGAVMELSQRKRGDFVTMDYIDDNRVNVIYQIPLAEIVFDFFDKLKSSTRGYASFDYDMSEYRRSQL
VKMDILLNGDKVDALSFIVHKEFAYERGKIIVEKLKKIIPRQQFEVPIQAAIGQKIVARSDIKALRKNVL
AKCYGGDVSRKRKLLEKQKAGKKRMKAIGSVEVPQEAFLSVLSMDDDTKK

>YP_008242573.1
MTFMKKSKWLAAVSVAILSVSALAACGNKNASGGSEATKTYKYVFVNDPKSLDYILTNGGGTTDVITQMV
DGLLENDEYGNLVPSLAKDWKVSKDGLTYTYTLRDGVSWYTADGEEYAPVTAEDFVTGLKHAVDDKSDAL
YVVEDSIKNLKAYQNGEVDFKEVGVKALDDKTVQYTLNKPESYWNSKTTYSVLFPVNAKFLKSKGKDFGT
TDPSSILVNGAYFLSAFTSKSSMEFHKNENYWDAKNVGIESVKLTYSDGSDPGSFYKNFDKGEFSVARLY
PNDPTYKSAKKNYADNITYGMLTGDIRHLTWNLNRTSFKNTKKDPAQQDAGKKALNNKDFRQAIQFAFDR
ASFQAQTAGQDAKTKALRNMLVPPTFVTIGESDFGSEVEKEMAKLGDEWKDVNLADAQDGFYNPEKAKAE
FAKAKEALTAEGVTFPVQLDYPVDQANAATVQEAQSFKQSVEASLGKENVIVNVLETETSTHEAQGFYAE
TPEQQDYDIISSWWGPDYQDPRTYLDIMSPVGGGSVIQKLGIKAGQNKDVVAAAGLDTYQTLLDEAAAIT
DDNDARYKAYAKAQAYLTDSAVDIPVVALGGTPRVTKAVPFSGGFSWAGSKGPLAYKGMKLQDKPVTAKQ
YENAKEKWMKAKAKSNAKYAEKLADHVEK

>YP_008242894.1
MEEAKIPMLKLGPITFNLTLLAVCIVTIAVIFAFVFWASRQMKLKPEGKQTALEYLISFVDGIGEEHLDH
NLQKSYSLLLFTIFLFVAVANNLGLFTKLETVNGYNLWTSPTANLAFDLALSLFITLMVHIEGVRRRGLV
AHLKRLATPWPMTPMNLLEEFTNFLSLAIRLFGNIFAGEVVTGLIVQLANYRVYWWPIAFLVNMAWTAFS
VFISCIQAFVFTKLTATYLGKKVNESEE

>YP_008243928.1
MKNYLSFGMFALLFALTFGTVKPVQAIAGPEWLLGRPSVNNSQLVVSVAGTVEGTNQEISLKFFEIDLTS
RPAQGGKTEQGLRPKSKPLATDKGAMSHKLEKADLLKAIQEQLIANVHSNDGYFEVIDFASDATITDRNG
KVYFADRDDSVTLPTQPVQEFLLSGHVRVRPYRPKAVHNSAERVNVNYEVSFVSETGNLDFTPSLKEQYH
LTTLAVGDSLSSQELAAIAQFILSKKHPDYIITKRDSSIVTHDNDIFRTILPMDQEFTYHIKDREQAYKA
NSKTGIEEKTNNTDLISEKYYILKKGEKPYDPFDRSHLKLFTIKYVDVDTKALLKSEQLLTASERNLDFR
DLYDPRDKAKLLYNNLDAFGIMGYTLTGKVEDNHDDTNRIITVYMGKRPEGENASYHLAYDKDRYTEEER
EVYSYLRDTGTPIPDNPKDK

>YP_008243165.1
MQFLQKWFKHSKKEKLKESSPLSTEIEPSENWEKIPAYIPADKSDYKKVTLITSAIAAGDRPNSQFKVKR
ILKRNPEAITVSLIASSIAAGVYPESQFRVTSIYCKR

>YP_001197641.1
MSKQKVVTNLLLSTAVLGGFLICHAPSVSAETGNLQEIPTESATVSSENQTATAVDGISPTDNQLPTSEE
GDKQAPEEKLVSSDSTREESATQVATDPDAPSQSLSVSGAEISTADSNIQQAEEKLIQESNYYRFDTHQG
EQIRKAVSIEKISADNDEIKWKVTFDRKNWTFSGEGSGYYFILPKGLQLTKIIDSQSEEDIFNKFPKDVN
SEANSGGQPYRFFSREKNANNDERSFESQ
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Tool Refference Tool Description Annotation Feature Feature Number
Length Protein Length in (AA) Length 1
DictyOGlyc 1 DictOGlyc-MaxScore 2

DictOGlyc-AvgScore 3
DictOGlyc-No_Sites_Score 4
DictOGlyc-No_Sites 5
DictOGlyc-AvgDiff 6
DictOGlycMaxPosDiff 7
DictOGlyc_Largest_Diff 8
DictOGlyc-No_Score_Sites_Length 9
DictOGlyc-No_Sites_length 10
DictOGlyc-Average_Length 11
DictOGlyc-AvgDiff_Length 12
DictOGlyc-Max_Threshold 13
DictOGlyc_Average_Threshold 14
DictOGlyc_Average_Threshold_Length 15
DictOGlyc_Thr-MaxScore 16
DictOGlyc_Thr-AvgScore 17
DictOGlyc_Thr-No_Sites_Score 18
DictOGlyc_Thr-No_Sites 19
DictOGlyc_Thr-AvgDiff 20
DictOGlyc_ThrMaxPosDiff 21
DictOGlyc_Thr_Largest_Diff 22
DictOGlyc_Thr-No_Score_Sites_Length 23
DictOGlyc_Thr-No_Sites_length 24
DictOGlyc_Thr-Average_Length 25
DictOGlyc_Thr-AvgDiff_Length 26
DictOGlyc_Thr-Max_Threshold 27
DictOGlyc_Thr_Average_Threshold 28
DictOGlyc_Thr_Average_Threshold_Length 29
DictOGlyc_Ser-MaxScore 30
DictOGlyc_Ser-AvgScore 31
DictOGlyc_Ser-No_Sites_Score 32
DictOGlyc_Ser-No_Sites 33
DictOGlyc_Ser-AvgDiff 34
DictOGlyc_SerMaxPosDiff 35
DictOGlyc_Ser_Largess_Diff 36
DictOGlyc_Ser-No_Score_Sites_Length 37
DictOGlyc_Ser-No_Sites_length 38
DictOGlyc_Ser-Average_Length 39
DictOGlyc_Ser-AvgDiff_Length 40
DictOGlyc_Ser-Max_Sereshold 41
DictOGlyc_Ser_Average_Sereshold 42
DictOGlyc_Ser_Average_Sereshold_Length 43

NetAcet 2 NetAcet-MaxScore 44
NetAcet-Average 45
NetAcet-Count_Score 46
NetAcet-Count 47
NetAcet-Average_Length 48
NetAcet-Count_Score_Length 49
NetAcet-Count_Length 50
NetAcet-A-MaxScore 51
NetAcet-A-Average 52
NetAcet-A-Count_Score 53
NetAcet-A-Count 54
NetAcet-A-Average_Length 55
NetAcet-A-Count_Score_Length 56
NetAcet-A-Count_Length 57
NetAcet-T-MaxScore 58
NetAcet-T-Average 59
NetAcet-T-Count_Score 60
NetAcet-T-Count 61
NetAcet-T-Average_Length 62
NetAcet-T-Count_Score_Length 63
NetAcet-T-Count_Length 64
NetAcet-G-MaxScore 65
NetAcet-G-Average 66
NetAcet-G-Count_Score 67
NetAcet-G-Count 68
NetAcet-G-Average_Length 69
NetAcet-G-Count_Score_Length 70
NetAcet-G-Count_Length 71
NetAcet-S-MaxScore 72
NetAcet-S-Average 73
NetAcet-S-Count_Score 74
NetAcet-S-Count 75
NetAcet-S-Average_Length 76
NetAcet-S-Count_Score_Length 77
NetAcet-S-Count_Length 78

The DictyOGlyc server produces 
neural network predictions for O-

glycosylation

NetAcet 1.0 server predicts 
substrates of N-acetyltransferase A 
(NatA). The method was trained on 
yeast data but, as mentioned in the 

article describing the method, it 
obtains similar performance values on 
mammalian substrates acetylated by 

NatA orthologs.
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Table_A3.1
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NetGlycate 3 NetGlycate-MaxScore 79
NetGlycate-AvgScore 80
NetGlycate-Count_score 81
NetGlycate-Count 82
NetGlycate-Count_Score_Length 83
NetGlycate-Count_Length 84
NetGlycate-Average_Length 85

NetPhosBac 4 NetPhosBac-MaxScore 86
NetPhosBac-AvgScore 87
NetPhosBac-Count_Score 88
NetPhosBac-Count 89
NetPhosBac-Count_Score_Length 90
NetPhosBac-Count_Length 91
NetPhosBac-Average-Length 92
NetPhosBac_T-MaxScore 93
NetPhosBac_T-AvgScore 94
NetPhosBac_T-Count_Score 95
NetPhosBac_T-Count 96
NetPhosBac_T-Count_Score_Length 97
NetPhosBac_T-Count_Length 98
NetPhosBac_T-Average-Length 99
NetPhosBac_S-MaxScore 100
NetPhosBac_S-AvgScore 101
NetPhosBac_S-Count_Score 102
NetPhosBac_S-Count 103
NetPhosBac_S-Count_Score_Length 104
NetPhosBac_S-Count_Length 105
NetPhosBac_S-Average-Length 106

NetPhosYeast 5 NetPhosYeast-MaxScore 107
NetPhosYeast-AvgScore 108
NetPhosYeast-Count_Score 109
NetPhosYeast-Count 110
NetPhosYeast-Count_Score_Length 111
NetPhosYeast-Count_Length 112
NetPhosYeast-Average-Length 113
NetPhosYeast_T-MaxScore 114
NetPhosYeast_T-AvgScore 115
NetPhosYeast_T-Count_Score 116
NetPhosYeast_T-Count 117
NetPhosYeast_T-Count_Score_Length 118
NetPhosYeast_T-Count_Length 119
NetPhosYeast_T-Average-Length 120
NetPhosYeast_S-MaxScore 121
NetPhosYeast_S-AvgScore 122
NetPhosYeast_S-Count_Score 123
NetPhosYeast_S-Count 124
NetPhosYeast_S-Count_Score_Length 125
NetPhosYeast_S-Count_Length 126
NetPhosYeast_S-Average-Length 127

ProtParam 6 ProtParam-Isoelectric 128
ProtParam-Instability 129
ProtParam-MolecWeight 130
ProtParam-Aromaticity 131
ProtParam-GRAVY 132
ProtParam-PercHelix 133
ProtParam-PercTurn 134
ProtParam-PercSheet 135
ProtParam-PercAlanine 136
ProtParam-PercCysteine 137
ProtParam-PercAsparticAcid 138
ProtParam-PercGlutamicAcid 139
ProtParam-PercPhenylalanine 140
ProtParam-PercGlycine 141
ProtParam-PercHistidine 142
ProtParam-PercIsoleucine 143
 ProtParam-PercLysine 144
ProtParam-PercLeucine 145
ProtParam-PercMethionine 146
ProtParam-PercAsparagine 147
ProtParam-PercProline 148
ProtParam-PercGlutamine 149
ProtParam-PercArginine 150
ProtParam-PercSerine 151
ProtParam-PercThreonine 152
ProtParam-PercValine 153
ProtParam-PercTryptophan 154
ProtParam-PercTyrosine 155

NetPhosK 7 NetPhosK-MaxScore 156
NetPhosK-AvgScore 157

NetGlycate 1.0 server predicts 
glycation of ε amino groups of lysines 

in mammalian proteins.

PhosBac 1.0 server predicts serine 
and threonine phosphorylation sites in 

bacterial proteins

NetPhosYeast 1.0 server predicts 
serine and threonine phosphorylation 

sites in yeast proteins

ProtParam is a tool which allows the 
computation of various physical and 

chemical parameters for a given 
protein stored in Swiss-Prot or 

TrEMBL or for a user entered protein 
sequence.

The NetPhosK 1.0 server produces 
neural network predictions of kinase 

specific eukaryotic protein 
phosphorylation sites
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NetPhosK-Count 158
NetPhosK-Count_Length 159
NetPhosK-Average_Length 160
NetPhosK-T-MaxScore 161
NetPhosK-T-AvgScore 162
NetPhosK-T-Count 163
NetPhosK-T-Count_Length 164
NetPhosK-T-Average_Length 165
NetPhosK-S-MaxScore 166
NetPhosK-S-AvgScore 167
NetPhosK-S-Count 168
NetPhosK-S-Count_Length 169
NetPhosK-S-Average_Length 170
NetPhosK-Y-MaxScore 171
NetPhosK-Y-AvgScore 172
NetPhosK-Y-Count 173
NetPhosK-Y-Count_Length 174
NetPhosK-Y-Average_Length 175

YinOYang 8 YinOYang-MaxScore 176
YinOYang-AvgScore 177
YinOYang-MaxDiff1 178
YinOYang-AvgDiff1 179
YinOYang-MaxDiff2 180
YinOYang-AvgDiff2 181
YinOYang-Count 182
YinOYang-Count_Length 183
YinOYang-Average_Length 184
YinOYang-abs_diff_thresh1 185
YinOYang-abs_diff_thresh2 186
YinOYang-Average-Difference1_Length 187
YinOYang-Average-Difference2_Length 188
YinOYang-T-MaxScore 189
YinOYang-T-AvgScore 190
YinOYang-T-MaxDiff1 191
YinOYang-T-AvgDiff1 192
YinOYang-T-MaxDiff2 193
YinOYang-T-AvgDiff2 194
YinOYang-T-Count 195
YinOYang-T-Count_Length 196
YinOYang-T-Average_Length 197
YinOYang-T-abs_diff_thresh1 198
YinOYang-T-abs_diff_thresh2 199
YinOYang-T-Average-Difference1_Length 200
YinOYang-T-Average-Difference2_Length 201
YinOYang-S-MaxScore 202
YinOYang-S-AvgScore 203
YinOYang-S-MaxDiff1 204
YinOYang-S-AvgDiff1 205
YinOYang-S-MaxDiff2 206
YinOYang-S-AvgDiff2 207
YinOYang-S-Count 208
YinOYang-S-Count_Length 209
YinOYang-S-Average_Length 210
YinOYang-S-abs_diff_thresh1 211
YinOYang-S-abs_diff_thresh2 212
YinOYang-S-Average-Difference1_Length 213
YinOYang-S-Average-Difference2_Length 214

LipoP 9 LipoP_Signal_MaxScore 215
LipoP_Signal_AvgScore 216
LipoP_Signal_Count 217
LipoP_Signal_Avg_Length 218
LipoP_Signal_Count_Length 219
LipoP_CleavI_MaxScore 220
LipoP_CleavI_AvgScore 221
LipoP_CleavI_Count 222
LipoP_CleavI_Avg_Length 223
LipoP_CleavI_Count_Length 224
LipoP_CleavII_MaxScore 225
LipoP_CleavII_AvgScore 226
LipoP_CleavII_Count 227
LipoP_CleavII_Avg_Length 228
LipoP_CleavII_Count_Length 229
LipoP_TMH_MaxScore 230
LipoP_TMH_AvgScore 231
LipoP_TMH_Count 232
LipoP_TMH_Avg_Length 233
LipoP_TMH_Count_Length 234
LipoP_SPI_MaxScore 235
LipoP_SPI_AvgScore 236

The NetPhosK 1.0 server produces 
neural network predictions of kinase 

specific eukaryotic protein 
phosphorylation sites

The YinOYang WWW server 
produces neural network predictions 
for O-ß-GlcNAc attachment sites in 

eukaryotic protein sequences

The LipoP 1.0 server produces 
predictions of lipoproteins and 

discriminates between lipoprotein 
signal peptides, other signal peptides 
and n-terminal membrane helices in 

Gram-negative bacteria.Note: 
Although LipoP 1.0 has been trained 
on sequences from Gram-negative 
bacteria only, the following paper 

reports that it has a good 
performance on sequences from 

Gram-positive bacteria also
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LipoP_SPI_Count 237
LipoP_SPI_Avg_Length 238
LipoP_SPI_Count_Length 239
LipoP_CYT_MaxScore 240
LipoP_CYT_AvgScore 241
LipoP_CYT_Count 242
LipoP_CYT_Avg_Length 243
LipoP_CYT_Count_Length 244

TargetP 10 TargetP-SecretScore 245
TargetP-MitoScore 246
TargetP-OtherScore 247
TargetP-SecretFlag 248
TargetP-MitoFlag 249
TargetP-OtherFlag 250
TargetP_RC_Score 251

NetNGlyc Website NetNGlyc-MaxScore 252
NetNGlyc-AvgScore 253
NetNGlyc-Count 254
NetNGlyc-Count_Score 255
NetNGlyc-Count_Length 256
NetNGlyc-Count_Score_Length 257
NetNGlyc-Average_Length 258

NetOGlyc 11 NetOGlyc-Max-G 259
NetOGlyc-Max-I 260
NetOGlyc-Avg-G 261
NetOGlyc-Avg-I 262
NetOGlyc-Count_Score 263
NetOGlyc-Count 264
NetOGlyc-Average_G_Length 265
NetOGlyc_Average_I_Length 266
NetOGlyc_Count_Score_Length 267
NetOGlyc_Count_Length 268
NetOGlyc-T-Max-G 269
NetOGlyc-T-Max-I 270
NetOGlyc-T-Avg-G 271
NetOGlyc-T-Avg-I 272
NetOGlyc-T-Count_Score 273
NetOGlyc-T-Count 274
NetOGlyc-T-Average_G_Length 275
NetOGlyc-T_Average_I_Length 276
NetOGlyc-T_Count_Score_Length 277
NetOGlyc-T_Count_Length 278
NetOGlyc-S-Max-G 279
NetOGlyc-S-Max-I 280
NetOGlyc-S-Avg-G 281
NetOGlyc-S-Avg-I 282
NetOGlyc-S-Count_Score 283
NetOGlyc-S-Count 284
NetOGlyc-S-Average_G_Length 285
NetOGlyc-S_Average_I_Length 286
NetOGlyc-S_Count_Score_Length 287
NetOGlyc-S_Count_Length 288

ProP 12 PropFurin-MaxScore 289
PropFurin-AvgScore 290
PropFurin-Count_Score 291
PropFurin-Count_Score_Length 292
PropFurin-Average_Length 293
PropFurin-Count 294
PropFurin-Count_Length 295
PropGeneral-MaxScore 296
PropGeneral-AvgScore 297
PropGeneral-Count_Score 298
PropGeneral-Count_Score_Length 299
PropGeneral-Average_Length 300
PropGeneral-Count 301
PropFurinGeneral-Count_Length 302

Bepipred 13 Bepipred-Max_Score 303
Bepipred-Average_Score 304
Bepipred-Count 305
Bepipred-Count_Length 306
Bepipred-Average_Score_Length 307

TMHMM Website TMHMM-No_aa_in_Helices 308
TMHMM-StartAAcount 309
TMHMM-Count 310
TMHMM-No_aa_in_Helix_Length 311
TMHMM-Count_Length 312

HMMTOP 14 HMMTOP-Count 313
HMMTOP-Final_Localization 314

ProP 1.0 server predicts arginine and 
lysine propeptide cleavage sites in 
eukaryotic protein sequences using 

an ensemble of neural networks.

BepiPred 1.0 server predicts the 
location of linear B-cell epitopes using 

a combination of a hidden Markov 
model and a propensity scale 

The NetNglyc server predicts N-
Glycosylation sites in human proteins 

using artificial neural networks that 
examine the sequence context of Asn-

Xaa-Ser/Thr sequons. 
http://www.cbs.dtu.dk/services/NetNG

The NetOglyc server produces neural 
network predictions of mucin type 
GalNAc O-glycosylation sites in 

mammalian proteins.

TargetP 1.1 predicts the subcellular 
location of eukaryotic proteins.

Prediction of transmembrane helices 
in proteins. 

http://www.cbs.dtu.dk/services/TMHM

HMMTOP is an automatic server for 
predicting transmembrane helices 

and topology of proteins

Table_A3.1

119120

Table 3.1 Appendix

189180

Table 3.2 AppendixAppendix C, 3.3Appendix J

181

190

203



Table_A3.1

Page-5-of-8

HMMTOP-Count_Length 315
PSORTb 15 PSORTb-ProbCytoMem 316

PSORTb-ProbCytoplasm 317
PSORTb-ProbPeriplasm 318
PSORTb-ProbExtraCell 319
PSORTb-ProbOuterMem 320
PSORTb-ProbCellWall 321

SignalP 16 SignalP-NN-MaxC 322
SignalP-NN-MaxY 323
SignalP-NN-MaxS 324
SignalP-NN-AvgS 325
SignalP-NN_LengthAvgS 326
SignalP-D 327
SignalP-HMM-MaxC 328
SignalP-HMM-ProbS 329

CBTOPE 17 B Cell epitope predictor CBTOPE-MaxScore 330
CBTOPE-AvgScore 331
CBTOPE-Count 332
CBTOPE-Count_Length 333
CBTOPE-Average_Length 334

CSS-Palm 18 CSS-Max_Score 335
CSS-Number_of_Sites 336
CSS-Average_Score 337
CSS-CorCount 338
CSS-Average_Score_Length 339
CSS-Max_difference 340
CSS-AverageDiff 341
CSS_Length_AvDiff 342

GPS-ARM 19 GPS-ARM_Dbox-MaxScore 343
GPS-ARM_Dbox-AvgScore 344
GPS-ARM_Dbox-Count 345
GPS-ARM_Dbox_MaxDiff 346
GPS-ARM_Dbox_AverageDiff 347
GPS-ARM_Dbox-Count_Length 348
GPS-ARM_Dbox-Average_Length 349
GPS-ARM_Dbox-AverageDiff_Length 350
GPS-ARM_KENBox-MaxScore 351
GPS-ARM_KENBox-AvgScore 352
GPS-ARM_KENBox-Count 353
GPS-ARM_KENBox_MaxDiff 354
GPS-ARM_KENBox_AverageDiff 355
GPS-ARM_KENBox-Count_Length 356
GPS-ARM_KENBox-Average_Length 357
GPS-ARM_KenBox-AverageDiff_Length 358
GPS-ARM_DorKen-1ifmoreKENsites1ifmoreDsites 359

GPS-CCD 20 CCDmax_score 360
CCD_count 361
CCD_max_cutoff 362
CCD_av_score 363
CCD_av_diff 364
CCD_CorCount 365
CCD_CorAvg 366
CCD_CorAvgDiff 367

GPS-MBA 21 MBAAgl7_max_score 368
MBAAgl7_count 369
MBAAgl7_max_cutoff 370
MBAAgl7_av_score 371
MBAAgl7_av_diff 372
MBAAgl7_CorCount 373
MBAAgl7_CorAvg 374
MBAAgl7_Cor_avg_diff 375
MBADQ8_max_score 376
MBADQ8_count 377
MBADQ8_max_cutoff 378
MBADQ8_av_score 379
MBADQ8_av_diff 380
MBADQ8_CorCount 381
MBADQ8_CorAvg 382
MBADQ8_Cor_avg_diff 383

GPS-Polo 22 PoloBind_max_score 384
PoloBind_count 385
PoloBind_max_diff_cutoff 386
PoloBind_av_score 387
PoloBind_av_diff 388
PoloBind_CorCount 389
PoloBind_CorAvg 390
PoloBind_Cor_avG_diff 391
PoloPhosphorylation_max_score 392
PoloPhosphorylation_count 393

HMMTOP is an automatic server for 
predicting transmembrane helices 

and topology of proteins
Bacterial Subcellular Localization 

predictor

SignalP server predicts the presence 
and location of signal peptide 
cleavage sites in amino acid 

sequences from different organisms

Post translational modification 
predictor of S-palmitoylation (also 

called as thoacylation or S-acylation). 

Calpains Ca2+ dependent cysteine 
proteases control numerous biological 

processes, gene expression, cell 
death, cell cycle progression. Predicts 

calpain cleavage motifs in proteins.

D box and Ken box protein 
degradation motif predictor

Predicts phosphoprotein-binding 
domains (PPBDs) which have been 

shown important in facilitating a lot of 
reversible phosphorylation post 

translational modifications.

Predicts HLA-DQ8 and I-Ag7 
epitopes. (MHC binding of 2 specific 
MHC class 2 haplotypes that have 

been linked to causing auto immune 
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PoloPhosphorylation_max_cutoff 394
PoloPhosphorylation_av_score 395
PoloPhosphorylation_av_diff 396
PoloPhosphorylation_CorCount 397
PoloPhosphorylation_CorAvg 398
PoloPhosphorylation_Cor_avG_diff 399

GPS-PUP 23 PUP_max_score 400
PUP_count 401
PUP_max_cutoff_diff 402
PUP_av_score 403
PUP_av_diff 404
PUP_CorCount 405
PUP_CorAvg 406
PUP_Cor_av_diff 407

GPS-SNO 24 SNO_max_score 408
SNO_count 409
SNO_max_cutoffdiff 410
SNO_av_score 411
SNO_av_diff 412
SNO_Length_Count 413
SNO_Length_Average 414
SNO_Length_AvDiff 415

GPS SUMO 25 GPS_SUMO_interaction_Max_Score 416
GPS_SUMO_interaction_Number_of_Sites 417
GPS_SUMO_interaction_Max_Diff_Cutoff 418
GPS_SUMO_interaction_average_Diff_Cutoff 419
GPS_SUMO_interaction_Average_Score 420
GPS_SUMO_interaction_Count_length 421
GPS-SUMO_interaction_Average_length 422
GPS-SUMO_interaction_DiffAverage_length 423
GPS_SUMO_Sumoylation_Max_Score 424
GPS_SUMO_Sumoylation_Number_of_Sites 425
GPS_SUMO_Sumoylation_Max_Diff_Cutoff 426
GPS_SUMO_Sumoylation_average_Diff_Cutoff 427
GPS_SUMO_Sumoylation_Average_Score 428
GPS_SUMO_Sumoylation_Count_length 429
GPS-SUMO_Sumoylation_Average_length 430
GPS-SUMO_Sumoylation_DiffAverage_length 431

Net Chop 26 Net_Chop_MaxScore 432
Net_Chop_Average 433
Net_Chop_Number_of_Sites 434
Net_Chop_CorCount 435
Net_Chop_CorAverage 436

NetsurfP 27 NetsurfP_ASA_Exposed-MaxScore 437
NetsurfP_ASA_Exposed-AvgScore 438
NetsurfP_ASA_Exposed-Count 439
NetsurfP_ASA_Exposed-Count_Length 440
NetsurfP_ASA_Exposed-Average_Length 441
NetsurfP_ASA_Exposed_MaxDiff 442
NetsurfP_ASA_Exposed_AverageDiff 443
NetsurfP_ASA_Exposed-AverageDiff_Length 444
NetsurfP_ASA_Buried-MaxScore 445
NetsurfP_ASA_Buried-AvgScore 446
NetsurfP_ASA_Buried-Count 447
NetsurfP_ASA_Buried-Count_Length 448
NetsurfP_ASA_Buried-Average_Length 449
NetsurfP_ASA_Buried_MaxDiff 450
NetsurfP_ASA_Buried_AverageDiff 451
NetsurfP_ASA_AverageDiff_Length 452
NetsurfP_ASA_Buried_or_Exposed-1ifmoreExposedsites1ifmoreBuried 453
NetsurfP_RSA_Exposed-MaxScore 454
NetsurfP_RSA_Exposed-AvgScore 455
NetsurfP_RSA_Exposed-Count 456
NetsurfP_RSA_Exposed-Count_Length 457
NetsurfP_RSA_Exposed-Average_Length 458
NetsurfP_RSA_Exposed_MaxDiff 459
NetsurfP_RSA_Exposed_AverageDiff 460
NetsurfP_RSA_Exposed-AverageDiff_Length 461
NetsurfP_RSA_Buried-MaxScore 462
NetsurfP_RSA_Buried-AvgScore 463
NetsurfP_RSA_Buried-Count 464
NetsurfP_RSA_Buried-Count_Length 465
NetsurfP_RSA_Buried-Average_Length 466
NetsurfP_RSA_Buried_MaxDiff 467
NetsurfP_RSA_Buried_AverageDiff 468
NetsurfP_RSA_AverageDiff_Length 469
NetsurfP_RSA_Buried_or_Exposed-1ifmoreExposedsites1ifmoreBuried 470

Phobius 28 Phobius-Numbe_of_TransMem 471
Phobius-SignalPeptide_predicted 472

Prokaryotic ubiquitin-like proteint 
(PUP) identified as a tagging 

(ubiquitin like) system in prokaryotes. 
Predicts PUP binding sites.

Predicts Nitrosylation sites, S-
nitrosylation has been proposed to 

modulate a protein's stability, activity 
and trafficking.

Small ubiquitin-like modifiers play an 
essential role in the regulation of a 

variety of biological processes, 
including gene expression, DNA 

repai, chromosome assembly and 
cellular signaling. Predicts 

The NetChop server produces neural 
network predictions for cleavage of 

the human proteasome.

NetSurfP predicts the surface 
accessibility and seondary structure 

of amino acids in an amino acid 

A combined transmembrane topology 
and signal peptide predictor.
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Phobius-Numbe_of_TransMem_Length 473
SPAAN 29 Predicts if a proteins is an adhesion Pad-value 474
PickPocket 30 PickPocket-Max 475

PickPocket-Avg 476
PickPocket-Count_Score 477
PickPocket-Average_score 478
PickPocket_Count_Score_Length 479
PickPocket-A-Max 480
PickPocket-A-Avg 481
PickPocket-A-Count_Score 482
PickPocket-A-Average_score 483
PickPocket-A_Count_Score_Length 484
PickPocket-B-Max 485
PickPocket-B-Avg 486
PickPocket-B-Count_Score 487
PickPocket-B-Average_score 488
PickPocket-B_Count_Score_Length 489

NetMhcPan 31 NetMhcPan-MaxMHC 490
NetMhcPan-MaxRank 491
NetMhcPan-AvgMHC 492
NetMhcPan-AvgRank 493
NetMhcPan-Count_Score 494
NetMhcPan-Average_MHC_Length 495
NetMhcPan_Count_Score_Length 496
NetMhcPan_Average_Comb_Length 497
NetMhcPan_WeakBinders 498
NetMhcPan_StrongBinders 499
NetMhcPan_WeakBinders_Length 500
NetMhcPan_StrongBinders_Length 501
NetMhcPan-A-MaxMHC 502
NetMhcPan-A-MaxRank 503
NetMhcPan-A-AvgMHC 504
NetMhcPan-A-AvgRank 505
NetMhcPan-A-Count_Score 506
NetMhcPan-A-Average_MHC_Length 507
NetMhcPan-A_Count_Score_Length 508
NetMhcPan-A_Average_Comb_Length 509
NetMhcPan-A_WeakBinders 510
NetMhcPan-A-StrongBinderst 511
NetMhcPan-A-WeakBinders_Length 512
NetMhcPan_a_StrongBinders_Length 513
NetMhcPan-B-MaxMHC 514
NetMhcPan-B-MaxRank 515
NetMhcPan-B-AvgMHC 516
NetMhcPan-B-AvgRank 517
NetMhcPan-B-Count_Score 518
NetMhcPan-B-Average_MHC_Length 519
NetMhcPan-B_Count_Score_Length 520
NetMhcPan-B_Average_Comb_Length 521
NetMhcPan-B_WeakBinders 522
NetMhcPan-B_StrongBinders 523
NetMhcPan-B_WeakBinders_Length 524
NetMhcPan-B_StrongBinders_Length 525

AnnotationFeature-name-consisits-of-Tool-first-followed-by-setting-or-specific-site,-such-as-amino-acid,-followed-by-the-variable-name.

Annotation-Tool-was-used-in-pad136

Feature-Tag Meaning
MaxScore Maximum-score-of-all-predicted-sites-from-a-tool
AvgScore Average-score-of-all-predicted-sites-from-a-tool
No_Sites_Score Number-of-all-predicted-sites-output-from-a-tool
No_Sites Number-of-predicted-sites-output-from-a-tool
AvgDiff Average-of-the-Differnce-between-all-predited-sites-and-the-cutoff/threshold-score-from-a-tool
Max_Threshold Maximum-threshold-score-from-all-predicted-sites
MaxPosDiff Maximum-difference-between-all-predicted-site-and-threshold-as-absolute-values.
_Length The-variable-normalized-by-protein-length-(divided-by-the-proteins-length).
Largest_Diff The-maximum-difference-between-all-predicted-sites-and-threshold
Isoelectric Predicted isoelectric point
Instability Predicted instability index
MolecWeight Predicted Molecular Weight
Aromaticity Predicted protein aromaticity
GRAVY Predicted grand average of hydropathy
PercTurn Percent of protein predicted to be a part of a turn
PercHelix Percent of protein predicted to be a part of an alpha-helix
PercSheet Percent of protein predicted to be a part of a beta-sheet
PercAlanine Percentage of residues that are alanine
PercCysteine Percentage of residues that are cysteine

NetMHCpan server predicts binding 
of peptides to any known MHC 
molecule using artificial neural 

PickPocket server predicts binding of 
peptides to any known MHC molecule 

using positiion specific weight 
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PercAsparticAcid Percentage of residues that are aspartic acid
PercGlutamicAcid Percentage of residues that are glutamic acid
PercPhenylalanine Percentage of residues that are phenylalanine
PercGlycine Percentage of residues that are glycine
PercHistidine Percentage of residues that are histidine
PercIsoleucine Percentage of residues that are isoleucine
PercLysine Percentage of residues that are lysine
PercLeucine Percentage of residues that are leucine
PercMethionine Percentage of residues that are methionine
PercAsparagine Percentage of residues that are asparagine
PercProline Percentage of residues that are proline
PercGlutamine Percentage of residues that are glutamine
PercArginine Percentage of residues that are arginine
PercSerine Percentage of residues that are serine
PercThreonine Percentage of residues that are threonine
PercValine Percentage of residues that are valine
PercTryptophan Percentage of residues that are tryptophan
PercTyrosine Percentage of residues that are tyrosine
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Id
Rank of Recall in 
MC58 Proteome Prediction

NP_274477.1 2 BPA
NP_275083.1 12 BPA
NP_274574.1 27 BPA
NP_274809.1 30 BPA
NP_274028.1 45 BPA
NP_273394.1 48 BPA
NP_273507.1 65 BPA
NP_273150.1 67 BPA
NP_274618.1 75 BPA
NP_274002.1 179 BPA
NP_274087.1 187 BPA
NP_273508.1 188 BPA
NP_274980.1 209 BPA
NP_274547.1 213 BPA
NP_274441.1 249 BPA
NP_273967.1 565 non-BPA
NP_274440.1 608 non-BPA
NP_273462.1 823 non-BPA

Appendix K: Listing the SBA positive protein dataset 
and the rank of recall in the Neisseria meningitidis 
MC58 proteome as well as the classification prediction 
for each protein.

Shading represents that the 
protein was a known BPA 
included in the classifier's 
(BPAD200+N+B+AF)  training 
data as well as a curated SBA 
positive protein.
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Reverse vaccinology (RV) is a computational approach that aims to identify putative vaccine candidates in the
protein coding genome (proteome) of pathogens. RV has primarily been applied to bacterial pathogens to identify
proteins that can be formulated into subunit vaccines, which consist of one or more protein antigens. An RV
approach based on a filtering method has already been used to construct a subunit vaccine against
Neisseria meningitidis serogroup B that is now registered in several countries (Bexsero). Recently, machine learn-
ing methods have been used to improve the ability of RV approaches to identify vaccine candidates. Further
improvements related to the incorporation of epitope-binding annotation and gene expression data are dis-
cussed. In the future, it is envisaged that RV approaches will facilitate rapid vaccine design with less reliance
on conventional animal testing and clinical trials in order to curb the threat of antibiotic resistance or newly
emerged outbreaks of bacterial origin.

Keywords: Bacterial pathogen, Epidemic, Reverse vaccinology, Subunit vaccine

Since the introduction of vaccination into western medicine in
1796with the smallpox vaccine developed by Edward Jenner, vac-
cines have risen to be the most cost-effective way of controlling
infectious diseases.1,2 Conventional vaccinology remains an
active area of research, where a pathogen is cultured in the
laboratory and proteins are purified from the culture, to be used
as potential vaccine candidates. However, the availability of
sequence data for entire bacterial genomes, and by translation
their proteomes, led to the advent of reverse vaccinology (RV).
Using bioinformatics approaches, RV selects proteins that could
be potential candidates for subunit vaccines. When RV first
emerged the advantages of this approach were heralded to
result in rapid vaccine formulation, the ability to identify vaccine
candidates from bacteria that could not be cultured, and all at
reduced costs compared to conventional approaches. One draw-
back of RV is that it cannot be used to predict polysaccharides or
lipids, which are often included in vaccines as active compounds.3

RV approaches have been primarily focused on bacterial patho-
gens.1,4–9 Although the development of antibiotics led to a tre-
mendous decrease in the mortality and morbidity associated
with bacterial infections in the past, the emergence of antibiotic
resistance represents a pressing medical problem resulting in a
renewed interest in vaccine development. It is estimated that in
the United States alone at least 2 million people become infected
with antibiotic resistant bacteria per annum, with an associated
cost in excess of US$20 billion dollars to the US healthcare
system each year.10 The growing worldwide antibiotic resistance
problem was echoed by a European intergovernmental confer-
ence (Antibiotic resistance action to promote new technologies,

Birmingham, UK, 12–13 December 2005), which called for increased
funding and research into vaccines since they represent the best
option to counteract the rise of antibiotic resistant bacteria.11

RV identifies proteins, primarily in bacterial pathogens, which
may be used to formulate subunit vaccines. Such vaccines are
composed of one or more purified components, commonly pro-
teins (i.e., subunit), and not the whole microorganism. Therefore,
subunit vaccines induce protective immunity without the risk of
side effects or immune reactions caused by other parts of patho-
genic bacteria.12 Additional benefits of this type of vaccine are
that they incorporate proteins in their most native form, facilitat-
ing correct protein folding and reconstitution of conformational
(non-linear, discontinuous) epitopes. It has been estimated that
up to 90% of B cell epitopes from native proteins are conform-
ational, and host antibodies that bind to conformational epitopes
may have a larger neutralizing effect than linear epitopes.13 By
incorporating more than one protein into a subunit vaccine, it is
possible to derive immunity to more than one strain or serotype
of a bacterial pathogen.12 Potential drawbacks of subunit vac-
cines are their moderate immunogenicity, limited half-lives
in vivo, and requirement for adjuvants to generate robust
immune responses.12,14 Some examples of prominent subunit vac-
cines currently in clinical use include Recombivax and Engerix15 for
hepatitis B virus, BOOSTRIX16,17 for use in adolescents and adults as
a booster immunization against diphtheria, tetanus and pertussis,
and Bexsero18 for use in infants and adolescents against Neisseria
meningitidis serogroup B (MenB).

The first clinically registered vaccine developed by an RV
approach was for the bacterial pathogen MenB. Vaccines against

© The Author 2015. Published by Oxford University Press on behalf of Royal Society of Tropical Medicine and Hygiene. All rights reserved.
For permissions, please e-mail: journals.permissions@oup.com.
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other meningococcal serogroups (A, C, Y and W135) utilized cap-
sular polysaccharides to stimulate protective immunity. However,
the capsular polysaccharide from MenB was a poor immunogen
and may elicit autoantibodies in humans.19,20 Pizza and collea-
gues,19 in the laboratory of Rino Rappuoli, employed an early RV
method based on a filtering approach to identify antigenic pro-
teins for incorporation into a subunit vaccine against MenB. The
protein-coding genes in the genome of MenB (strain MC58) were
identified and then initially filtered based on predicted subcellular
localization using bioinformatics programs (e.g., PSORTB, ProDom
and Blocks databases, Table 1). A total of 570 proteins were iden-
tified as surface-exposed of which 350 could be cloned and
expressed in Escherichia coli. These 350 proteins were filtered
down to a subset of 7 with confirmed surface expression (ELISA
and FACS analysis) and the ability to induce bactericidal anti-
bodies in mice, as well as sufficient sequence conservation
across other strains and serogroups of N. meningitidis. Subse-
quently, Novartis Vaccines formulated a subunit vaccine with
the brand name Bexsero from three of these proteins: Factor H
binding protein, Neisserial adhesion A and Neisseria heparin
binding antigen, in conjunction with a detergent extracted outer
membrane vesicle (DOMV) suspension from MenB strain NZ98/
254.21,22 The primary antigenic component of the DOMV suspen-
sion is the previously described immunogenic MenB protein Porin
A (PorA). Bexsero has now been licensed in the EU, Canada and
Australia.18 Over 500 000 doses of Bexsero have been shipped
to the UK and approved for use by the National Health Service
(NHS), which currently aims to incorporate Bexsero into the child-
hood vaccination program.23,24 In summary, the development of
Bexsero represents truly pioneering work, but the promise of rapid
vaccine development through an RV approach must be tempered
since the time from inception to license was more than a decade.

Previous RV studies utilizing filtering approaches did not share
standard methodologies and used different sets of bioinformatics
tools and programs.19,25–31 The New Enhanced Reverse Vaccinol-
ogy Environment (NERVE) was the first attempt to provide an auto-
mated RVapproach in a downloadable tool, and by way of novelty,
included an autoimmunity filter, which was a protein blast (blastp)
that compared the predicted antigens to human proteins. If they
were significantly similar therewould be a chance that the antigens
may stimulate an autoimmune response or be weakly immuno-
genic and thus were filtered out.7 Vaxign enhanced the functional-
ity of NERVE by creating a user-friendly web interface and
incorporated binding predictions to MHC class I and II epitopes.9

Recently, the Jenner-Predict server has been shown to outperform
these other methods, although it still relies on a filtering approach
whereby all cytosolic proteins are removed in the first step.6 The
main limitations of all filtering approaches is that a large number
of surface-orientated proteins are identified as potential vaccine
candidates, which then require extensive laboratory characteriza-
tion, and proteins from other subcellular localizations with the po-
tential to be vaccine candidates may be overlooked.

Machine learning has been incorporated into RV approaches in
order to reduce the number of potential vaccine candidates and
evaluate the entire proteome for antigenic proteins.5,32–34 For
example, Flower and Doytchinova32 constructed a training data
set of 100 positive and 100 negative antigens curated from the lit-
erature. These training data were annotated with auto-cross
covariance transformations, which annotated the proteins for
basic characteristics associated with size, hydrophobicity and

weight. A regression-based classifier was able to discriminate
antigens from non-antigens with 82% accuracy, but these train-
ing data were later shown to be contaminated with non-bacterial
sequence data. It should be noted that machine-learning
methods are reliant on the quality of the training data and will
give varying results depending on how a protective antigen is
defined. To address this, our own work, Bowman et al.,5 used a
rigorous definition of a bacterial protective antigen (BPA) by defin-
ing a BPA as a bacterial protein that results in significant (p<0.05)
protection (i.e., bacterial load reduction or survival assay) in an
animal model following immunization and subsequent challenge
with the bacterial pathogen. Using this definition a support vector
machine (SVM) classifier was able to discriminate antigens from
non-antigens with 92% accuracy. In addition, a larger training
data set and annotation of protein data using bioinformatics
tools with greater biological relevance contributed to this
increased accuracy. In total, 122 features were derived from 19
bioinformatic tools for protein annotation (Table 1). Furthermore,
Bowman et al,5 were able to demonstrate that the trained SVM
classifier could significantly recall known bacterial protective anti-
gens curated from the literature when embedded in the back-
ground of entire bacterial proteomes.

Machine learning based RV approaches may be further
improved by incorporating epitope-binding information and gene
expression data for the annotation of proteins used in training
data sets. The incorporation of epitope information into RV
approaches is in its infancy.5,9 Traditionally, epitope information
has not been included into RV approaches due to the high rate
of false positive predictions.6 However, it is hoped that machine
learning techniques with their tremendous capability to separate
signal from noise will be able to utilize predictions from epitope-
binding software such as Bepipred5 and SVMHC35 (Table 1) as the
sensitivity and specificity of such programs improves. Another way
inwhich RVcan be improved is by taking into account gene expres-
sion data.6 With the cost of microarray and next generation
sequencing (RNA-Seq) technologies constantly dropping, the
accumulation of bacterial gene expression data in public reposi-
tories is rapidly growing. This information could be used to anno-
tate training data to enhance machine-learning based RV
approaches. One would envisage that bacterial proteins that are
not expressed during infection would not be presented to the
host immune system and thus not be viable vaccine candidates.

The examination of a bacterial outbreak in the past can be
used to illustrate the potential utility of an RV approach in an epi-
demiological setting. At the American Legion convention in Phila-
delphia, 1976, a bacterial outbreak of unknown origin resulted in a
pneumonia-like illness in 182 individuals resulting in 29 deaths.36

The illness was dubbed Legionnaire’s disease, but it took 6
months to identify the pathogenic cause as the gram-negative
bacterium Legionella pneumophila.36 This previously uncharacter-
ized species of bacteria was originally thought not to infect
humans. If such an outbreak occurred today, high throughput
sequencing of nucleic acids in biological specimens from infected
individuals could be used to rapidly diagnose the causative patho-
gen and also to assemble the complete pathogen genome or
transcriptome. The protein-coding genes from the sequenced
genome could then be subjected to an RV approach in order to
identify candidates for rapid subunit vaccine formulation. As it
happens, L. pneumophila is not presently transmitted from
humans to humans37 and can be treated with antibiotics (e.g.,
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fluoroquinolones and macrolides).38 However, there is currently
no vaccine available to protect against L. pneumophila infection
and should this pathogen develop antibiotic resistance, RV could
be used to identify candidates for subunit vaccines.

In summary, RV has already led to the formulation of a vaccine
that is utilized in current clinical practice (i.e., Bexsero), and con-
tinued improvements will further enhance the utility of this
approach. The speed with which an RV approach could result in

Table 1. Bioinformatic tools utilized in reverse vaccinology approaches

Software/
program

Main feature URL/PMID

BepiPreda Predicts linear B-cell epitopes http://www.cbs.dtu.dk/services/BepiPred/
Blastb,d Basic Local Alignment Search Tool, searches sequences of DNA/

proteins and compares similarity as an alignment
https://blast.ncbi.nlm.nih.gov/Blast.cgi?

CMD=Web&PAGE_TYPE=BlastHome
Blocks databases Database containing multiple alignments of conserved regions in

protein families
http://blocks.fhcrc.org/help/

DictyOGlyca Predicts glycosylation http://www.cbs.dtu.dk/services/DictyOGlyc/
HMMTOPa,b,c,d Predicts transmembrane helices http://www.enzim.hu/hmmtop/
Jenner-Predict

server
Most recent and accurate filtering pipeline published for reverse

vaccinology
http://14.139.240.55/vaccine/validation.html

LipoPa Predicts lipoproteins & signal peptides http://www.cbs.dtu.dk/services/LipoP/
NERVE New Enhanced Reverse Vaccinology Environment, was the first

automated RV approach and also was the first to include an
autoimmunity filter

16848907

NetAceta Acetylation http://www.cbs.dtu.dk/services/NetAcet/
NetGlycatea Predicts glycation http://www.cbs.dtu.dk/services/NetGlycate/
NetNGlyca Predicts N-glycosylation http://www.cbs.dtu.dk/services/NetNGlyc/
NetOGlyca Predicts O-glycosylation http://www.cbs.dtu.dk/services/NetOGlyc/
NetPhosBaca Predicts phosphorylation http://www.cbs.dtu.dk/services/NetPhosBac-1.0/
NetPhosKa Predicts phosphorylation http://www.cbs.dtu.dk/services/NetPhosK/
NetPhosYeasta Predicts phosphorylation http://www.cbs.dtu.dk/services/NetPhosYeast/
OrthoMCLc Predicts orthologs and conserved sequences in more than one

genome
http://www.orthomcl.org/orthomcl/

Pfamd Searchable database which stores protein family information http://pfam.xfam.org/
ProDom Database of protein domain families http://prodom.prabi.fr/prodom/current/html/

home.php
ProPa Predicts cleavage sites http://www.cbs.dtu.dk/services/ProP/
ProtParama Basic protein stats such as molecular weight amino acid composition

as examples
http://ca.expasy.org/tools/protparam.html

PSORTBa,b,c,d Predicts subcellular localization of proteins http://www.psort.org/psortb/
SignalPa Predicts the presence of signal peptides http://www.cbs.dtu.dk/services/SignalP/
SPAANb,c Predicts adhesins and adhesin like proteins using neural networks 15374866
SVMHC Machine learning techniques (Support Vector Machine) to predict MHC

class I and class II binding peptides
http://www.sbc.su.se/~pierre/svmhc/

TargetPa Subcellular localization http://www.cbs.dtu.dk/services/TargetP/
TMHMMa Transmembrane helices http://www.cbs.dtu.dk/services/TMHMM/
Vaxign First online interfaced RV tool. It was the first to include MHC type I

and type II epitopes to make predictions
http://www.violinet.org/vaxign/

Vaxitopec MHC class I and class II prediction 20671958
YinOYanga O-linked beta-N-acetylglucosamine http://www.cbs.dtu.dk/services/YinOYang/

MHC: major histocompatibility complex; PMID: PubMed identifier.
Superscripts identify bioinformatic tools that were implemented in RV approaches as follows:
a This tool was used in Bowman et al. (2010) Machine Learning approach to RV. Eighteen tools are listed in the table of which the 19th tool
referenced in the paper but not presented in the table is protein length.
b This tool is implemented in the NERVE pipeline.
c This tool is implemented in the Vaxign pipeline.
d This tool is implemented in the Jenner-Predict pipeline.
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a clinically viable vaccine has not been fully realized due to the
conventional requirement for extensive animal testing and clinical
trials. However, one can envisage a future where increased under-
standing of pathogen and host immune responses leads to highly
accurate in silico modeling. This will hopefully reduce the amount
of unsuccessful candidates that proceed to clinical trials and also
the amount of conventional testing required to prove the efficacy
and safety of vaccine candidates. Furthermore, RV approaches
may be complemented with other methods to construct sub-
unit vaccines. Specifically, OMV suspensions (i.e., Bexsero) and
structural vaccinology approaches can be used to enhance the
immunogenicity of subunit vaccines developed through an RV
approach. For Gram-negative bacterial pathogens, vaccines based
on OMV preparations from circulating strains have been used to
successfully protect susceptible individuals during geographically
confined outbreaks.39 Structural vaccinology has been used to
improve the biochemical characteristics of vaccine candidates
and could be used to increase the immunogenicity of protein anti-
gens identified by RV.40 The current Ebola outbreak, although due
to a virus, has demonstrated the requirement for the rapid devel-
opment of therapeutics in an epidemiological setting. Should a
highly pathogenic outbreak of unknown bacterial origin emerge
in the future, RV will hopefully be in a position to aid the rapid for-
mulation of subunit vaccines that can be administered to infected
individuals following appropriate clinical evaluation, as the epi-
demiological situation requires.
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Abstract: Reverse vaccinology (RV) is a bioinformatics approach that can predict antigens with
protective potential from the protein coding genomes of bacterial pathogens for subunit vaccine design.
RV has become firmly established following the development of the BEXSERO® vaccine against
Neisseria meningitidis serogroup B. RV studies have begun to incorporate machine learning (ML)
techniques to distinguish bacterial protective antigens (BPAs) from non-BPAs. This research
contributes significantly to the RV field by using permutation analysis to demonstrate that a signal for
protective antigens can be curated from published data. Furthermore, the effects of the following on
an ML approach to RV were also assessed: nested cross-validation, balancing selection of non-BPAs
for subcellular localization, increasing the training data, and incorporating greater numbers of protein
annotation tools for feature generation. These enhancements yielded a support vector machine (SVM)
classifier that could discriminate BPAs (n = 200) from non-BPAs (n = 200) with an area under the
curve (AUC) of 0.787. In addition, hierarchical clustering of BPAs revealed that intracellular BPAs
clustered separately from extracellular BPAs. However, no immediate benefit was derived when
training SVM classifiers on data sets exclusively containing intra- or extracellular BPAs. In conclusion,
this work demonstrates that ML classifiers have great utility in RV approaches and will lead to new
subunit vaccines in the future.

Keywords: reverse vaccinology; machine learning; support vector machine; bacterial protective antigen;
bacterial pathogen
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1. Introduction

Reverse vaccinology (RV) is a form of vaccine research that uses bioinformatics approaches
to identify putative vaccine candidates in the protein coding genomes of bacteria (i.e., proteomes).
The most successful RV study to date was by Pizza and colleagues [1] and led to a subunit vaccine
against Neisseria meningitidis (N. meningitidis) serogroup B [2]. Initially, open reading frames in the
genome of N. meningitidis serogroup B were identified and bioinformatics programs (psortB [3],
ProDom [4], and Blocks databases [5]) used to predict the subcellular localization for every protein
in the proteome. Extracellular predicted proteins were then cloned and expressed as recombinant
proteins, purified and had their predicted surface expression confirmed through techniques such
as enzyme-linked imunosorbent assay (ELISA) and fluorescence activated cell-sorting (FACS).
Proteins with confirmed surface expression were then used to generate antibodies in the serum
of immunized mice and the bactericidal activity of this serum was assessed. Examples that met these
criteria were then screened for conservation across multiple MenB strains and their suitability for
manufacturing in bulk was assessed [6]. In the final subunit vaccine, BEXSERO®, three proteins were
selected for incorporation, (i.e., Factor H binding protein, Neisserial adhesion A, and Niesseria heparin
binding antigen) along with a detergent extracted outer membrane vesicle (DOMV). The BEXSERO®

vaccine is now licensed in over 35 countries and has already had an impact on the mortality and
morbidity associated with N meningitidis serogroup B [7].

The RV approach of Pizza et al. [1] may be classified as a “filtering” approach, i.e., the organism’s
proteome is passed through a series of filters until a subset of proteins are identified that represent
potential vaccine candidates. Several utilities have been developed to implement filtering approaches
to RV, for example Violin [8], Jenner Predict [9], and Ivax [10]. Drawbacks of filtering methods include
the necessity of assessing large numbers of candidates in the laboratory and potential candidates
with predicted subcellular localization other than extracellular (e.g., cytoplasmic) are discarded [11].
The latter is a significant limitation since proteins predicted to be cytoplasmic or of unknown
localizations have been shown to confer significant levels of protection in animal models [12–19].
Machine learning (ML) approaches to RV circumvent these problems since they do not discard such
proteins but are able to successfully model the entire proteome of a bacterial species and rank predicted
antigens for their likelihood of being a vaccine candidate [20,21].

The first ML study in the field of RV was published by Doytchinova and Flower [21], in which
a training dataset was generated of 100 known antigens through a literature curation that defined
a known antigen as a protein (or part of a protein) that, “has been shown to induce a protective response
in an appropriate animal model after immunization”. A negative training dataset was constructed by
randomly sampling 100 proteins or non-antigens from the same bacterial species that corresponded
to each known antigen in the positive training dataset. The proteins in this training dataset were
annotated with auto cross-covariance (ACC) transformations, which reflect hydrophobicity, molecular
size, and polarity. The annotated proteins were used to train a classifier based on discriminant
analysis by partial least squares (DA-PLS), which was able to achieve an accuracy of 82% when
distinguishing non-antigens from known antigens. In an extension to Doytchinova and Flower’s [21]
work, our initial RV study [20] focused exclusively on bacterial protective antigens (BPAs) defined as,
“a whole protein that led to significant protection (p < 0.05) in an animal model (i.e., bacterial load
reduction or survival assay) following immunization and subsequent challenge with the bacterial
pathogen”. Focusing on bacterial proteins the size of the training data (136 BPAs and 136 non-BPAs)
was increased and then annotated with biologically-relevant protein annotation tools (e.g., PSORTb [3],
LipoP [22], and Bepipred [23]) for the training of support vector machine (SVM) classifiers. This work
showed that higher accuracies were obtained when using SVMs (i.e., 92%) when separating BPAs and
non-BPAs in the training data and when recalling known antigens in the background of entire bacterial
proteomes [20].

Building on our previous work in the field of ML applied to RV, this current study implemented
a nested approach to cross-validation, removed an artificial bias associated with the selection of
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non-BPAs for the negative training data, increased the size of the training data by approximately
a third, and incorporated new protein annotation tools to model different aspects of immunogenicity
(e.g., T-cell epitope prediction and Adhesin prediction [24]). The resulting SVM classifier was used to
demonstrate that a significant signal for protection could be captured through the literature curation
of BPAs as assessed through comparisons to randomly-permutated data.

2. Results

2.1. Permutation Analysis Reveals a Strong Protective Signal for BPAs Curated from the Literature

To enhance the biological relevance of ML classifiers for RV, several modifications were made to
our previous approach [20]. These included adopting a nested (N) cross-validation approach, balancing
(B) the negative training data for subcellular localization, increasing the size of the positive training
dataset to 200 BPAs, and increasing the number of protein annotation tools by 15 to derive a total of
525 annotation features (AF) (full list Table S1). This resulted in a training data set with the designation
BPAD200+N+B+AF consisting of 200 BPAs and 200 non-BPAs annotated with 525 features. Non-BPAs
in the negative training data were selected by randomly sampling proteins from the same bacterial
proteome for the relevant BPA pair while ensuring the same subcellular localization.

Initially, the BPAD200+N+B+AF dataset was used to determine if a signal for protective
efficacy had been captured when curating BPAs from the literature record. SVM classifiers were
trained in a nested leave tenth out cross-validation (LTOCV) approach to discriminate BPAs from
non-BPAs in BPAD200+N+B+AF and in five additional data sets where the labels (i.e., BPA or
non-BPA) were randomly permutated (permutation testing) and, thus, contained no biological
information. Greedy backward feature elimination was used to select different numbers of features
for SVM classifiers. For each feature set, the difference in the AUC calculated from receiver operator
characteristic (ROC) curves between BPAD200+N+B+AF and the randomly permutated data was
calculated (Figure 1A). An SVM classifier with the 10 most informative features led to a significant
separation in AUC (average p-value 1.13 ⇥ 10�12, DeLong test [25]) between BPAD200+N+B+AF
and the randomly permutated data (Figure 1B). These results clearly demonstrated that the literature
curation of BPAs captured a strong protective signal and that 10 features was the optimal number for
discriminating BPAs from non-BPAs. Therefore, SVM classifiers containing 10 features were used to
evaluate the changes in classification accuracies of each of the modifications to our RV approach.

2.2. A Nested Approach Has a Significant Impact on the Ability of SVMs to Classify BPAs

Having demonstrated that the SVM classifier BPAD200+N+B+AF trained on datasets curated
from the literature had captured a biological signal reflective of protective antigens, the multiple
modifications made to our RV approach were assessed in a stepwise manner. The starting
point for this assessment was the BPAD136 classifier from our previous work [20], consisting
of 136 BPAs and 136 non-BPAs. The following modifications to BPAD136 were then assessed
in turn: nested cross-validation (BPAD136+N), balancing non-antigen selection for subcellular
localization (BPAD136+N+B), increasing the size of training data, (BPAD200+N+B) and, finally,
incorporating additional features (BPAD200+N+B+AF). Our previous work [20] had not implemented
a truly nested cross-validated approach and it was hypothesized that previous SVM classifiers may
have overfit the data. This was indeed the case, as reflected by a significant reduction in AUC
(p-value = 9.69 ⇥ 10�5, DeLong test [25]) when migrating from an overfit (BPAD136, AUC = 0.962) to
a nested (BPAD136+N, AUC = 0.861) approach (Figure 2). Therefore, the implementation of a nested
approach to cross-validation is recommended for RV studies and enables a better estimation of the
performance of SVM classifiers.
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Figure 1. (A) Plot of the difference in area under the curve (AUC) between the support vector machine
(SVM) classifier BPAD200+N+B+AF versus randomly permutated data with increasing feature numbers.
SVM classifiers were trained to discriminate bacterial protective antigens (BPAs) and non-BPAs in
BPAD200+N+B+AF and receiver operator characteristic (ROC) curves generated from a nested leave
tenth out cross-validation approach for different numbers of features selected by greedy backward
feature elimination. Five iterations were performed to assess the random breakage of ties during greedy
backward feature elimination and AUC was averaged across iterations for each feature set. This analysis
was then repeated for five datasets where the BPA and non-BPA labels were randomly permutated and
average AUC calculated across randomly permutated data sets for each feature set; (B) ROC curves for the
average of the five iterations of the 10 feature SVM classifier derived from BPAD200+N+B+AF (black solid
line) and from each of the five randomly-permutated datasets (dotted grey lines).

2.3. Correcting a Bias in the Selection of Negative Training Data Impacts SVM Classification of BPAs

The subcellular localizations predicted by PSORTb [3] were compared between the positive (BPAs)
and negative (non-BPAs) training data for BPAD136. This demonstrated that the negative training data
had a larger proportion of proteins predicted to be located in the cytoplasm (Figure 3A,B). This resulted
from the random selection of non-BPAs for the negative training data. Specifically, for each BPA,
a non-BPA was randomly selected from the proteome of the same bacterial species. Since the majority
of proteins in any given bacterial proteome are predicted to be cytoplasmic, random sampling led
to a disproportionate number of non-BPAs with this subcellular location in the negative training
data. To correct this bias, a new negative training dataset was generated, where each non-BPA was
selected to match not only the bacterial species of the corresponding BPA, but also its subcellular
localization (Figure 3C). Removing this bias in subcellular localization decreased the ability of the
SVM classifier to discriminate between BPAs and non-BPAs as reflected in a significant reduction
in AUC (p-value of 3.44 ⇥ 10�5, DeLong test [25]) when comparing BPAD136+N to BPAD136+N+B
(Figure 2). The performance of the SVM classifier is reduced because it can no longer utilize differences
in subcellular localization to discriminate BPAs from non-BPAs. This is reflected by the removal of
features related to bacterial subcellular localization (e.g., PSORTb and SignalP) from the top 10 features
utilized by the classifier.
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Figure 2. ROC curves were generated from SVM classifiers utilizing 10 features selected by greedy
backward feature elimination in a LTOCV approach. Averages were plotted across five iterations
of SVM classifiers implemented to randomly break ties resulting from the greedy backward feature
elimination procedure. The benchmark to assess these modifications was a non-nested, non-balanced
training data set of 136 BPAs and 136 non-BPAs annotated with 122 features from 19 protein
annotation tools (BPAD136) [20]. Subsequent modifications were added in a stepwise fashion and
included: a nested cross-validation approach (BPAD136+N), balanced selection of non-BPAs for
predicted subcellular localization (BPAD136+N+B), increased size of training data (BPAD200+N+B),
and additional features (525 total) derived from an increased number of protein annotation tools
(BPAD200+N+B+AF).

2.4. Increasing the Size of the Training Data Has a Positive Impact on the Ability of SVMs to Classify BPAs

A literature curation yielded 64 new BPAs that were significantly protective (p < 0.05) in an animal
model following immunization and subsequent challenge with the bacterial pathogen. These BPAs
were used to expand the positive training data set from 136 to 200 BPAs and paired with non-BPAs
balanced for subcellular localization to form the training data set designated BPAD200+N+B. Increasing
the size of the training data in this manner led to improvements in AUC (Figure 2, 0.697 to 0.735),
although this change was not statistically significant.

2.5. Increasing the Number of Protein Annotation Tools Enhances the Ability of SVMs to Classify BPAs

The effect of incorporating new annotation features derived from protein annotation tools (Table S1)
with biological relevance for immunogenicity (e.g., Spaan [26], MHCpan [27], GPS-MBA [28]) on the
ability of SVM classifiers to distinguish BPAs from non-BPAs was examined. Compared to our original
approach [20], an additional 15 protein annotation tools were assessed resulting in a training data set
(BPAD200+N+B+AF) annotated with a total of 525 features. The incorporation of these additional
features resulted in an SVM classifier with an increased AUC (0.787) when compared to BPAD200+N+B.
Although this increase did not attain significance, it should be stressed that when the incorporation of
additional BPAs and features were considered together (i.e., BPAD136+N+B to BPAD200+N+B+AF)
there is a significant increase in AUC (p = 2.11 ⇥ 10�2, DeLong test [25]). Finally, the top 10 features
selected by greedy backward feature elimination for the discrimination of BPAs and non-BPAs in the
BPAD200+N+B+AF dataset contained new features primarily related to T-cell epitopes (Table 1).
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Figure 3. Pie charts showing subcellular localization as predicted by PSORTb [3] for the numbers
of BPAs and non-BPAs in the following subsets of the BPAD136 dataset. (A) positive training data
(i.e., 136 BPAs); (B) negative training data (i.e., 136 non-BPAs); and (C) negative training data balanced
for subcellular localization (i.e., 136 non-BPAs).

Table 1. The top 10 annotation features selected by greedy backward feature elimination for discrimination
of BPAs from non-BPAs by the SVM classifier trained on the BPAD200+N+B+AF data set.

Rank Feature Name of
Bioinformatics Tool Protein Annotation Tool Type Correlated with

BPA or Non-BPA

1 LipoP_Signal_Avr_Length LipoP Lipoprotein BPA

2 YinOYang-T-Count YinOYang Glycosylation BPA

3 NetPhosK-S-Count NetPhosK Phosphorylation BPA

4 LipoP_SPI_Avr_Length LipoP Lipoprotein BPA

5 NetMhcPan-B-AvgRank NetMhc T-Cell Epitope predictor
(MHC Class II) BPA

6 TargetP-SecretFlag TargetP Subcellular Compartmentalisation—
In Eukaryotic Cells BPA

7 YinOYang-Average-
Difference1_Length YinOYang Glycosylation Non-BPA

8 MBAAgl7_CorCount GPS-MBA T-Cell Epitope predictor BPA

9 PickPocket-Average_score PickPocket MHC Peptide Binding Non-BPA

10 PropFurin-Count_Score ProP Cleavage Sites—In Eukaryotic Cells BPA

Features in bold represent those derived from protein annotation tools that were added in this study compared to
our previous approach [20]. For a full list of bioinformatics tools utilized in this study and the annotation features
derived from them please see Table S1.
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2.6. Intracellular and Extracellular BPAs Utilize Different Features for Classification

An unsupervised approach was used to further explore the biological signals in the features
derived from protein annotation tools used to annotate the 200 BPAs curated from the literature record.
Hierarchical clustering of the 142 BPAs not predicted to have an unknown subcellular localization by
psortB [3] using all 525 annotation features revealed two main groups that primarily corresponded to
predicted subcellular localization, i.e., intra- or extracellular (Figure 4). This suggests that intracellular
and extracellular BPAs may have fundamentally different biological properties. Therefore, it was
hypothesized that greater accuracies would be achieved when SVM classifiers were trained separately
on intra- and extracellular BPAs. To test this hypothesis, two training datasets were constructed from
BPAD200: intracellular BPAD51 (iBPAD51) consisting of 51 BPAs and 51 non-BPAs with subcellular
localization predicted as intracellular, and extracellular BPAD91 (eBPAD91) with 91 BPAs and
90 non-BPAs with subcellular localization predicted as extracellular. A matching non-BPA balanced for
subcellular localization could not be found that met the inclusion criteria for ACF35754.1 (a BPA from
Salmonella enterica subsp. enterica serovar Paratyphi A), detailed in the Methods (Section 4.1) and, thus,
the negative training data was reduced by one.
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Figure 4. Hierarchical clustering of 142 BPAs from BPAD200+N+B+AF using all 525 annotation features,
distances between BPAs were calculated using Euclidean metrics and then clustered using the Ward
algorithm. White labels at the branch tips refer to BPAs with subcellular localization predicted by
PSORTb [3] as intracellular (i.e., cytoplasm or cytoplasmic membrane) and black labels as extracellular
BPAs (i.e., extracellular, periplasmic, outer membrane, cell wall).

Contrary to expected findings, SVM classifiers trained on iBPAD51 and eBPAD91 had lower AUC
values compared to those trained on BPAD200 (Figure 5A). However, SVM classifiers had been trained
on datasets of different sizes and this might explain the superior performance of BPAD200, which was
the largest dataset. Therefore, SVM classifiers were trained on randomly selected subsets of BPAD200
of decreasing size (Figure 5B). This facilitated a better comparison of intra- (trained on iBPAD51) or
extracellular (trained on eBPAD91) SVM classifiers, versus those trained using BPAs and non-BPAs
from all subcellular localizations (BPAD200). However, the accuracies derived from iBPAD51 and
eBPAD91 were similar to data sets of similar size consisting of BPAs from all subcellular localizations
(Figure 5B). This suggests there is no immediate benefit to training separate SVM classifiers to recognize
intra- or extracellular BPAs.
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Figure 5. (A) ROC curves obtained from SVM classifiers trained to distinguish BPAs from non-BPAs
in the following data sets: iBPAD51 (dotted line), eBPAD91 (solid grey line) and BPAD200+N+B+AF
(black line). Curves were drawn by averaging results from five iterations of SVM classifiers consisting
of 10 features selected by greedy backward feature elimination assessed in a LTOCV approach;
(B) Plot showing the average percentage accuracy (five iterations) of SVM classifiers of 10 features
trained on different sized subsets of BPAD200+N+B+AF for comparison to SVM classifiers derived
from iBPAD51 and eBPAD91.

Finally, to fully explore differences between SVM classifiers trained on intra- (iBPAD51) and
extracellular (eBPAD91) BPAs, the top 10 features selected by greedy backward feature elimination
for each classifier were interrogated (Table 2). The SVM classifier trained on eBPAD91 (extracellular
classifier) utilized features derived from protein annotation tools that were not utilized by the classifier
trained on iBPAD51 (intracellular classifier) and were related to the following diverse array of biological
phenomena: an adhesin predictor SPAAN [26] (which describes if the protein adheres to the surface
of cells), surface accessibility, and secondary structure predictor NetSurfP [29] (which predicts the
relative likelihood of sections of each protein being exposed on the surface of a protein structure),
lipoprotein prediction LipoP [22] (which predicts if a protein will interact with lipids), as well as
a cleavage site predictor NetChop [30] (which predicts if a protein will be chopped by the human
proteasome) (Table 2A). Features derived from protein annotation tools that were unique to the
SVM classifier trained on iBPAD51 were largely related to immunogenicity and included: a B-cell
epitope predictor [23] (predicts possible binding sites for B-cells), a T-cell epitope predictor [28]
(predicts possible binding sites for T-cells) and a calpain cleavage predictor [31] (predicts a specific type
of protein cleavage dependent on the presence of Ca2+) (Table 2B). In summary, SVM classifiers appear
to utilize features from different protein annotation tools to discriminate intra- and extracellular BPAs
from their respective non-BPAs. There may be benefit to deriving separate classifiers for both types of
BPA in the future as the literature record expands allowing larger training data sets to be interrogated.

208

Thesis Publication: Enhancing the Biological Relevance of Machine Learning Classifiers for Reverse Vaccinology

221



Int. J. Mol. Sci. 2017, 18, 312 9 of 15

Table 2. The top 10 annotation features selected by greedy backward feature elimination utilized by
SVM classifiers trained on (A) eBPAD 91 and (B) iBPAD51.

(A)

Rank Feature Protein Annotation Tool Type
Rank in

Intracellular
Classifier

1 Pad-value Adhesin 42
2 DictOGlyc_Ser_Average_Threshold_Length Glycosylation 189
3 LipoP_SPI_AvrScore Lipoprotein NF
4 Netsurfp_RSA_Exposed_AverageDiff Surface accesibility and secondary structure NF
5 PoloPhosphorylation_CorAvg Phosphorylation NF
6 Net_Chop_CorCount Predicts cleavage sites NF
7 DictOGlyc-No_Score_Sites_Length Glycosylation NF
8 GPS_SUMO_Sumoylation_Average_Score Small ubiquitin like modifiers (SUMOs) binding site prediction 9
9 ProtParam-PercIsoleucine General Annotation 144

10 ProtParam-PercGlutamicAcid General Annotation NF

(B)

Rank Feature Protein Annotation Tool Type
Rank in

Extracellular
Classifier

1 Bepipred-Count_Length B-Cell Epitope 149
2 CCD_av_diff Calpain Cleavage NF
3 YinOYang-T-Average-Difference1_Length Glycosylation NF
4 ProtParam-GRAVY General Annotation 35
5 NetOGlyc-T-Max-I Glycosylation 196
6 YinOYang-T-Average_Length Glycosylation NF
7 ProtParam-PercAlanine General Annotation 97
8 NetPhosK-Y-MaxScore Phosphorylation NF
9 GPS_SUMO_Sumoylation_Average_Score Small Ubiquitin like modifiers (SUMOs) binding site predictor 8

10 MBAAgl7_CorAvg T-Cell Epitope predictor NF

Protein annotation tools listed in bold represent those not present in the other classifier type. NF: not found in
the top 200 features of the other classifier type that were submitted to the greedy backward feature elimination
algorithm following non-specific F-score filtering.

3. Discussion

An SVM classifier capable of discriminating BPAs from non-BPAs was evaluated in a fully-nested
approach while examining the impact of the addition of new BPAs curated from the literature record
and additional annotation features derived from new protein annotation tools. The major finding was
that a signal of protective efficacy can be curated from published data in the form of BPAs defined
in this study. This was evident from the significant drop in accuracy of SVM classifiers trained on
randomly permutated data (Figure 1). To reiterate, a BPA was defined as a whole protein that led to
significant protection (p < 0.05) in an animal model (i.e., bacterial load reduction or survival assay)
following immunization and subsequent challenge with the bacterial pathogen.

The most biologically relevant classifier generated in this study was built upon the dataset
designated BPAD200+N+B+AF (Figure 2). The top 10 features used by this classifier may be
examined to determine which features are reflective of protective efficacy (Table 1). The main
signal related to protective efficacy in these top 10 features was the prediction of T-cell epitopes
(bioinformatics tools NetMHC [27] and MBAAgl7 [28]) with a greater number of epitopes associated
with protection as expected. In addition, annotation related to general biological processes, such as
threonine glycosylation, phosphorylation, and lipoproteins, are positively linked with protection.
These processes have previously been implicated in controlling both the humoral and cellular immune
responses [32–36]. For example, lipoproteins have been shown to increase the influence of major
histocompatibility complex-II (MHC-II) activation on T-helper cells (Th cells) [33]. This is achieved by
lipid rich microdomains co-localizing and increasing the MHC-II molecules concentration on the cell
surface, resulting in more efficient Th cell activation while requiring less antigen [33]. In summary,
although epitope prediction clearly has value in an RV approach, other tools predicting general protein
annotation features should also be considered and continue to be incorporated in future enhancements.
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Clustering BPAD200+N+B+AF revealed that BPAs grouped based on extracellular and intracellular
predicted subcellular localization (Figure 4). Unexpectedly, separate Intracellular (trained on iBPAD51),
Extracellular (trained on eBPAD91), and Combined (BPAD200+N+B+AF) classifiers achieved similar
accuracies (Figure 5). However, it was theorized that intracellular and extracellular classifiers would
be selecting different features in order to capture biological differences whilst making predictions of
BPA or non-BPA. A logical hypothesis would be that extracellular classifiers utilize features related
to B-cell epitopes since this antigen type is surface exposed and that intracellular classifiers require
features related to T-cell epitopes since this antigen type is internalized. However, this was not exactly
the case, whereby the intracellular classifier utilizes features from both B-cell and T-cell epitope
predictors but the extracellular classifier does not utilize features from any epitope prediction tools
(Table 2). This could be due to the difficulty in predicting conformational epitopes from amino acid
sequences [37], it is estimated that 90% of B-cell epitope binding is conformational [38]. To model
this information CBTOPE [39] (a conformational B-cell epitope predictor) was included in this study,
however annotation features derived from CBTOPE were not present in the top ten annotation features
used in classification for any of the classifiers trained in this study. It is possible that with more advanced
techniques these conformational epitopes will be more accurately predicted from amino acid sequences
and may become an important part of the classification for extracellular BPAs from non-BPAs. Instead
the extracellular classifier uses annotation features derived from more general protein annotation tools
(e.g., adhesin prediction, surface accessibility, and general cleavage site prediction). Although the
utility of separate intra- and extracellular classifiers has not been demonstrated in this study it is clear
that these classifier types are modelling different aspects of antigen biology and future studies will
explore this as more data becomes available.

There are a number of limitations that may be affecting the ability of SVM classifiers to discriminate
BPAs from non-BPAs. Firstly, it is possible that the random selection of non-BPAs for the negative
training data may result in the mistaken addition of protective antigens (i.e., BPAs) that simply have not
been tested and documented in the literature record. To negate this limitation, non-BPAs with homology
to BPAs were discarded. Furthermore, permutation analysis demonstrated that the non-BPAs represent
useful negative training data since there was clearly a discriminatory signal between BPAs and
non-BPAs (Figure 1B). Another limitation is that the features on which the classifiers are trained are all
generated from protein annotation tools. These tools are not 100% accurate and therefore some tools
will introduce noise into the annotation used to train SVM classifiers. Future studies should continue
to add new features from protein annotation tools as they are developed to asses if improvements to
classifier accuracy can be achieved. Regardless, the annotation features derived from protein annotation
tools currently available produce sufficient signal to significantly distinguish classifiers from randomly
permutated data (Figure 1B). Finally, most antigens previously tested and confirmed in the literature
are predicted to be of unknown subcellular localization (29%) or are extracellular (45.5%, eBPAD of
BPAD200). This led to a small training dataset (iBPAD51) when building the intracellular classifier
described in this study (51 BPAs and 51 non-BPAs). Incorporating more proteins in the training
datasets may enable better description of differences in protection derived through intracellular or
extracellular proteins.

It is envisaged that the application of ML approaches to RV will build upon the success of
filtering approaches that lead to the BEXSERO® vaccine. The SVM classifiers constructed in this
study discriminate BPAs from non-BPAs and through comparisons to randomly permutated data
clearly demonstrate that a signal for protective efficacy can be curated from the literature record.
Future studies should concentrate on the expansion of the training data through the addition of further
BPAs curated from the literature record and the incorporation of new protein annotation tools since
these enhancements significantly increased the accuracy of SVM classifiers. This will increase the
accuracy with which BPAs are predicted and reduce the number of laboratory assays that need to be
performed in order to identify novel antigens with the required protective efficacy.
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4. Methods

4.1. Training Data

A literature curation identified 64 new BPAs which were combined with 136 previously
characterized BPAs [20] for a positive training dataset totaling 200 BPAs. A BPA is a bacterial protein
that has led to significant protection (p < 0.05) in an animal model (i.e., bacterial load reduction
or survival assay) following immunization and subsequent challenge with the bacterial pathogen.
BPAs were only selected for inclusion if a consensus for this definition was met by two or more
curators. Negative training data (non-BPA) was generated by randomly selecting a protein from the
same bacterial species for each BPA. BLASTP was used to discard any non-BPAs that matched to
known BPAs (i.e., >98% similarity) or non-BPAs already selected (E-value < 10 ⇥10�3) [20]. Similarity
is a measure of the extent to which sequences are related and E-values are a representation of the
same sequence occurring by chance, both are described fully in the NCBI BLAST help manual [40].
In addition, unless otherwise stated, non-BPAs were selected from the same predicted subcellular
localization as their BPA partner. One BPA (ACF35754.1) did not have a predicted extracellular protein
(same subcellular localization) that matched the BLASTP inclusion criteria and a protein with unknown
subcellular localization was sampled instead for inclusion in the negative training dataset. In summary,
a dataset consisting of 200 BPAs and 200 non-BPAs was constructed and referred to throughout this
study as BPAD200.

4.2. Permutation Analysis

Permutation analysis was used to determine the optimal feature number for SVM classifiers.
Labels (BPA and non-BPA) were randomly permutated five times, generating five datasets.
Permutation analysis should destroy the antigenic signal and is fully described by Good [41].
The AUCs achieved when training SVM classifiers using greedy backward feature elimination on these
datasets were averaged and compared to five iterations of greedy backward feature elimination of
BPAD200+N+B+AF. This process was repeated with SVM classifiers trained with different numbers
of features.

4.3. Data Annotation

A second literature curation identified new protein annotation tools to generate novel annotation
features for training SVM classifiers. This study increased the number of protein annotation tools
from 19 in our previous work [20] to 34, and the output from these tools was parsed to generate
525 annotation features. Annotation tools included in the previous study [20] had their outputs parsed
in a standardized manner for all annotation tools. Protein annotation tools for eukaryotic proteins
were initially included to maximize the data on which SVM classifiers were trained. Classifiers trained
on datasets including additional annotation features not previously utilised in ML approaches to RV
have the AF tag, and a full list of protein annotation tools and annotations features can be found in
Table S1.

4.4. Machine Learning Classification

Annotation features were scaled individually between �1 and 1 before training SVM classifiers on
BPAs and non-BPAs [42]. A table of scaled annotation features as submitted to the classification pipeline
can be found as Table S2. All implementations of the SVM in this manuscript used a non-specific
filtering step based on F-score [43,44] to reduce the number of annotation features to 200. These features
then underwent greedy backward feature elimination [45] to remove the least informative feature
each round until the desired number of features remained. Backward selection was used to enable
the interaction of all features to be considered. When features have equal information content the
algorithm randomly selects which feature to remove, SVM classifiers were trained in five separate
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iterations to assess the impact of randomly breaking such ties. A full description of SVM classifiers has
been published by Noble [46].

To enable comparison to previous RV studies [20] SVMs with a radial bias function (RBF) kernel
were used to construct classifiers, as implemented in the libsvm package [42] in Python following
the libsvm user manual guidelines [47]. Unless otherwise indicated, classifiers were evaluated using
a nested LTOCV model [48] to obtain SVM predicted probabilities for each protein within the training
data of BPAs and non-BPAs. The first step in a fully nested approach was to split the data into 10 parts
and isolate one of these tenths as the test dataset. Feature selection and parameter optimization were
applied to the remaining training dataset only (i.e., the remaining 9/10 of the data). An SVM classifier
was then built on only the training dataset and used to predict the class (BPA or non-BPA) of the test
data in the one-tenth left out. This process was repeated a further nine times leaving the remaining
tenths of the data out one at a time.

4.5. Statistics

ROC curves were used to evaluate the performance of SVM classifiers in this study, and
generated by plotting the true positive rate (TPR, i.e., sensitivity) over the false positive rate
(FPR, i.e., 1�specificity) [49]. Area under the curve (AUC) values were calculated from ROC curves
and differences between AUC values was assessed with the DeLong [25] statistical test and p < 0.05
considered significant.

4.6. Hierarchical Clustering

The subcellular localization of BPAs from BPAD200+N+B+AF was predicted using the protein
annotation tool PSORTb [3]. A BPA was labeled as extracellular if it was predicted to be localized
close to the surface of the cell (i.e., cell wall, extracellular, outer membrane, or periplasmic).
BPAs with a predicted subcellular localization of periplasmic were included in the extracellular
group as these proteins clustered predominantly with the extracellular opposed to intracellular
group. If a BPA was predicted to be localized to the cytoplasm or cytoplasmic membrane it was
defined as intracellular. Intracellular and extracellular BPAs from BPAD200 were clustered on all
annotation features using a Euclidean distance calculation and a Ward clustering metric using the
ClassDiscovery [50], and Dendextend [51] packages in R [47].

Supplementary Materials: Supplementary materials can be found at www.mdpi.com/1422-0067/18/2/312/s1.
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RV Reverse Vaccinology
ML Machine Learning
BPA Bacterial Protective Antigen
BPAD Bacterial Protective Antigen Dataset
SVM Support Vector Machine
LTOCV Leave Tenth Out Cross Validation
iBPAD Intracellular Bacterial Protective Antigen Dataset
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eBPAD Extracellular Bacterial Protective Antigen Dataset
ELISA Enzyme-linked Imunosorbent Assay
FACS Fluorescence activated cell-sorting
DOMV Detergent Extracted Outer Membrane Vesicle
ACC Auto Cross Covariance
DA-PLS Discriminant Analysis by Partial Least Squares
RBF Radial Bias Function
TPR True Positive Rate
FPR False Positive Rate
ROC Receiver Operating Characteristic
AUC Area Under the Curve
N Nested
B Balanced
AF Additional Features
HDL High Density Lipoprotein
Th cells T-helper cells
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