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Abstract 

Title of Dissertation: Identification of core genes involved in Streptococcus pneumoniae host-

pathogen interactions under diverse infections, and their potential as therapeutic targets 

Adonis D’Mello, Doctor of Philosophy, 2021 

Dissertation Directed by: Hervé Tettelin, PhD, Professor, Department of Microbiology & 

Immunology, Institute for Genome Sciences 

Streptococcus pneumoniae (the pneumococcus) is a human-specific opportunistic pathogen that 

asymptomatically colonizes the nasopharynx. It is the leading cause of otitis media, community-

acquired pneumonia, bacteremia and meningitis, as it can spread from the nasopharynx. It has been 

estimated that ~500,000 children under the age of 5 die annually due to pneumococcal infection 

and pneumococcal bacteremia and meningitidis has over 60% mortality rates in the elderly. It has 

also been established that influenza A co-infections enhance the progression from asymptomatic 

colonization to invasive disease, with clinically worsened outcomes. Utilization of antibiotics and 

pneumococcal conjugate vaccines has resulted in the rise of antibiotic resistance and emergence 

of non-vaccine serotypes, requiring identification of novel therapeutic targets. 

We hypothesized that there exist pneumococcal conserved genes, that are involved in these diverse 

forms of colonization, infection, and influenza co-infection. We sought to identify such genes 

using a combination of in silico, in vivo and ex vivo approaches. Through pangenomics and reverse 

vaccinology (in silico), and multi-species transcriptomics on a mouse model of pneumococcal 

colonization and invasive disease (in vivo), and a primary human lung epithelial model of 

pneumococcal and influenza co-infection (ex vivo), we observed mechanisms underlying diverse 



host-pathogen interactions and identified novel potential avenues for therapy from both the host 

and bacterial perspectives. 
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I. Chapter 1: Introduction 

Streptococcus pneumoniae (Spn), also known as the pneumococcus, is a Gram-positive, non-

motile bacterium, that is lancet in shape and usually exists as pairs known as diplococci. The 

pneumococcus is typically a human commensal organism that asymptomatically colonizes the 

nasopharynx (1). However, in those with aged, underdeveloped, or compromised immune systems, 

such as the elderly, young children, or those with underlying medical conditions, it can cause 

opportunistic infections (1). Spn is the main cause of community-acquired pneumonia and 

meningitis in these individuals. It can also cause other infections in humans as it progresses from 

the nasopharynx such as bronchitis, otitis media, or sepsis to name a few (1). According to the 

Centers for Disease Control and Prevention (CDC), pneumococcal pneumonia causes 

approximately 150,000 hospitalizations each year in the United States alone. Globally pneumonia 

and bronchiolitis are responsible for over 2 million deaths, of which the pneumococcus was the 

leading cause of morbidity and mortality in approximately half of the cases (2). This is excluding 

other forms of pneumococcal infections mentioned above. Therapeutic use of vaccines, such as 

pneumococcal conjugate vaccines (PCV7 and PCV13, described more in later sections), has 

significantly reduced pneumococcal disease in the elderly and infants under 12 months of age. 

However, neonatal infants (<2 months) are still vulnerable as the vaccine is ineffective at this 

stage. A study conducted in 8 hospitals between 1993-2001 found high incidence of invasive 

pneumococcal disease in this age group, including pneumonia, meningitis, septicemia, bone and 

joint infections, and otitis media (3).  The pneumococcus is highly specialized at colonizing and 

infecting its host and has been extensively studied but remains a significant pathogen despite 

current forms of therapy. In this section, we will explore the pneumococcus, its commensal and 
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pathogenic nature, current therapeutics, how we have been studying the bacterium and how we 

can improve our understanding of the species. 

A. Biology of Streptococcus pneumoniae 

1. Growth patterns of Streptococcus pneumoniae 

As with several other species of bacteria, Streptococcus pneumoniae can alter its growth pattern 

to suit its environment. Spn, typically when introduced into a nutrient rich environment, can grow 

in a ‘free-floating’ or planktonic mode. However, it is also capable of growing independently as a 

biofilm, as well as with other microbial species in complex multi-species biofilms. Such forms of 

growth have been observed both in vitro and in vivo (4, 5). Multiple studies have shown that the 

pneumococcus usually persists as a biofilm during colonization and disease, apart from 

bacteremia, during which it transitions to planktonic growth (5, 6). However, both these modes of 

growth are not absolute, both forms can exist in differing proportions, depending on the 

environment during colonization and disease. 

These two major contrasting forms of growth can offer a survival advantage to the pneumococcus 

within its respective environment. For example, during bacteremia or host sepsis, it exists as short 

free-floating chains of pneumococci. This form allows Spn to evade its hosts immune system by 

reducing its overall size which lowers the probability of antibody based agglutination and 

proceeding complement based killing (7). However, in other host anatomical sites, such as in the 

heart, pneumococcal biofilm growth allows for more resistance to antibiotic penetrance and further 

host immune evasion by killing host macrophages (5). Besides these advantages, when present as 

biofilms, the pneumococcus demonstrates complex quorum sensing patterns with other bacteria 

occupying the same niche, including other closely related streptococcal species (8) . This allows 

for genetic exchange to occur through multiple mechanisms, which will be explored later. There 
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also exists strong interspecies competition for nutrients, sometimes even through the expression 

of protein toxins, known as bacteriocins, against the other species (4).  

The above-mentioned studies investigating both forms of pneumococcal growth have shown the 

importance of growth patterns and their link with host colonization and infection. It is important 

to note that not all strains of Spn can form biofilms and not all biofilms are pathogenic to the 

infected host, demonstrating a complex role of growth patterns regarding pathogenicity and host 

adaptation (9). 

2. Virulence factors and surface exposed features 

The pneumococcus is a complex microorganism capable of undergoing genetic plasticity, causing 

multiple disease outcomes. It will, therefore, almost certainly be a host to a diverse panel of 

virulence factors and surface exposed features involved in host-pathogen interactions. Common 

classifications of virulence factors include its polysaccharide capsule, surface proteins and 

enzymes, and a major singular toxin called pneumolysin. As the polysaccharide capsule arguably 

stands as a field of study on its own, it will be discussed in the next section. Here we will describe 

key surface proteins, enzymes, and pneumolysin. 

Probably the most well studied pneumococcal virulence factor, pneumolysin (PLY). PLY is a 53-

kDa protein toxin made by nearly all disease-causing clinical isolates (10). It is part of a family of 

proteins called hemolysins, which are capable of lysing host red blood cells. Once released by the 

pneumococcus, PLY binds to the cholesterol present within host cell membranes. Pneumolysin 

monomers then oligomerize to form circular pores in the membrane, causing cell dysfunction and 

at high concentrations, cell death (11). PLY and other hemolysins are immunogenic and can trigger 

the host complement pathway (11). ΔPLY strains of Spn have reduced virulence and inflammation 

in mouse lungs (11). They also showed lower bacterial burdens in the mouse respiratory tract (11). 
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Clearly, pneumolysin can play an important role in most pneumococcal infections including 

bacteremia and even meningitis, albeit to a lower degree (11). 

Another class of pneumococcal surface proteins specific to Spn and closely related species (12) 

that have been extensively studied are choline binding proteins (CBPs). These are anchored to the 

cell wall through the interaction of amino acid repeat regions in the CBPs with pneumococcal 

surface choline. The number of CBPs varies (13-16) among isolates of the pneumococcus (13). 

Several CBPs have been identified and implicated in virulence, such as four cell wall hydrolytic 

enzymes (LytA, LytB, LytC, and CbpE), and pneumococcal surface proteins A and C (PspA, 

PspC) (11). 

Other pneumococcal surface virulence factors are in the form of cell wall anchored proteins or 

LPXTG (Leu-Pro-any-Thr-Gly) motif-containing proteins. Different Spn strains have different 

numbers and types of these proteins, up to 17 have been discovered (11). Most LPXTG anchored 

proteins have the motif near the C-terminus, where it acts as a recognition sequence for sortase 

enzymes, which then covalently bond the threonine in the motif to the cell wall peptidoglycan 

layer of the pneumococcus. Several of these LPXTG proteins fall under the class of proteases and 

have been extensively studied (11). A few will be described here, namely, hyaluronidase, 

neuraminidase, serine protease PrtA, and zinc-metalloproteases. 

Hyaluronidase is a highly conserved enzyme as it is expressed and secreted by 99% of clinical 

isolates (11). It has been shown to have a role in aiding bacterial growth and dissemination by 

breaking down the hyaluronic acid present in host connective tissue and extracellular matrix, 

which induces host inflammatory responses by inducing cytokine secretion from binding to CD44 

on host cells (11). This hyaluronic acid can also be used by the pneumococcus as a carbon source 

for growth (14) . 
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Neuraminidase has been shown to cleave N-acetylneuraminic acid from glycolipids, lipoproteins, 

and oligosaccharides present on host cell surfaces (11). It has also been shown to cleave off sialic 

acid residues from host glycoproteins exposing galactose. Both sugars can be utilized by Spn and 

are known to trigger biofilm formation in the host nasopharynx (15). 

PrtA is a part of the subtilase family of serine proteases. Although its exact role is unknown, a 

ΔPrtA strain of D39 showed attenuation in mice (11). 

Zinc metalloproteases are another class of proteases that bind and are regulated by zinc ions, 

through a conserved HxxHHxH amino acid motif. Four pneumococcal zinc metalloproteases have 

been identified, namely an IgA1 protease (or ZmpA), ZmpB, ZmpC, and ZmpD, of which the first 

three have been experimentally characterized. IgA1 protease cleaves host Immunoglobulin A, 

preventing phagocytosis by capsule specific host IgA1 (16, 17). ZmpB has been shown to 

contribute significantly to pneumococcal virulence during pneumonia and bacteremia through 

knock out mutant studies, showing increased mouse survival times and reduced bacterial counts 

(18). Whereas ZmpC is known for ECM remodeling. These zinc metalloproteases contain an 

LPXTG motif as well, however they are present in the N terminus of the protein and their true 

localization was unknown until recently (16). Some studies have shown that they are secreted by 

the pneumococcus (19, 20). 

Of course, within the species, several other surface factors exist that are relevant to pneumococcal 

environmental adaptation and survival in infection, such as the adherence proteins and other 

unclassified lipoproteins. These and the virulence factors described above shed some light on the 

complexity present across the pneumococcal species in the context of virulence. Not only does the 

presence of these factors vary across the multiple pneumococcal strains, but also the amino acid 
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sequence diversity within each of these across the species is also a major variable in the severity 

of virulence and resulting host responses. 

3. Capsular polysaccharide (CPS) 

Most pneumococcal strains, known as encapsulated strains, have an external layer of 

polysaccharide coating the cell wall. This layer can be up to ~400nm in thickness and represents 

over half of the pneumococcal cell volume (21). Studies have shown that this layer is usually 

covalently linked to the peptidoglycan in the cell wall, at different linkage sites depending on the 

strain involved (22). Two known exceptions to this are pneumococcal serotype 3 and 37, which 

are non-covalently bound using a phosphatidylglycerol group (23, 24).  

The CPS is a known key virulence determinant of the pneumococcus (21). Most recovered clinical 

isolates have a CPS and ~100 different CPS types have been recognized to date. Non-encapsulated 

versions of these isolates are often entirely avirulent supporting the importance of the CPS in 

virulence (21). As a result, CPS are currently used in pneumococcal vaccines, described in later 

sections. 

Being the outermost surface, the CPS acts as an important pneumococcal host defense and host 

interaction system. The majority of CPSs are highly negatively charged at host physiological pH 

(7.35-7.45). It is hypothesized that this promotes the repelling of negatively charged sialic acid 

rich host glycoproteins in the nasopharynx preventing adherence, but pneumococcal 

neuraminidase cleaves these residues, allowing evasion of the nasal mucus and assisting in 

adherence to epithelial cells (25). 

The CPS also fulfills other important functions such as reducing binding to host immunoglobulins, 

host complement proteins, and C-reactive protein (21). It has been shown that the CPS interacts 
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with C3b/iC3b proteins of the host complement system and the Fc domains of host 

immunoglobulins, preventing opsonization by phagocytic cells to a significant degree (21). 

It has been established that Spn mutants producing different amounts of CPS showed a strong 

relationship between virulence and capsular thickness for a given pneumococcal strain (26). Apart 

from thickness, differences in serotype structure and composition affected a given pneumococcal 

strain’s ability to reduce opsonophagocytosis in vitro and induce an immune response in vivo, 

hence diversifying the invasive potential of different strains (21). 

The pneumococcus regulates its capsule quite effectively to suit its host environment, an 

epigenetic-based process known as phase variation. Studies have shown that lowered capsule 

production allows for better host cellular adherence and colonization, but poor virulence, and 

conversely strains that have more capsule tend to be more virulent but are poor host colonizers 

(27). 

Genes involved in CPS synthesis were demonstrated to be present in the same locus of the 

pneumococcal genome, flanked by the genes dexB and aliA. This holds true for all studied 

serotypes except type 37 (21). Five genes in the cps locus, cpsABCD and cpsE/wchA are mainly 

highly conserved except in serotypes that do not have glucose in their CPS. The latter serotpyes 

are missing the cpsE/wchA gene which is the glucose-1-phosphotransferase that catalyzes glucose 

addition (21). It has also been shown that cpsCDE genes form two distinct subclasses, which 

suggests evolution from two ancestral CPS types (21). 
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4. Two-component signal transduction systems

The pneumococcus, like members of the Streptococcus genus and other bacteria (28), exhibits a 

simple form of regulation and environmental sensing through the use of what’s known as “Two-

component systems (TCSs)” also called two-component signal transduction systems. The basic 

model of the TCS consists of a membrane-associated sensor histidine kinase (HK), typically a 

homodimer, and a cytoplasmic cognate response regulator (RR) (29). Upon receipt of a specific 

external stimulus the kinase domain of the HK sensor protein is activated to auto-phosphorylate 

conserved histidine residues on the HK dimer (29). This phosphate group is then transferred by 

the HK to a conserved aspartate residue in its cognate RR (29). The RR then undergoes a 

conformational change allowing it to regulate gene expression or protein function, usually by 

acting as a DNA-binding transcriptional regulator (29). At least 13 known TCSs exist for the 

pneumococcus, most of which have been shown to contribute to virulence in vivo in mice (29). 

However, other studies have shown that some of these are highly serotype/strain dependent. 

Indeed, it appears that, at least in the context of virulence, TCS mechanisms are diverse across Spn 

strains and is a significant variable affecting their function and distribution (29, 30). 

5. Competence and transformation

The pneumococcus with its diverse panel of serotypes and genotypes is a renowned champion at 

natural genetic transformation. This natural ability to easily undergo horizontal gene transfer 

(HGT) is widely conserved in the Streptococcus genus, and as a result has a significant impact on 

pneumococcal adaptability and evolution (31). It was this property of the pneumococcus, that led 

to the discovery of deoxyribonucleic acid (DNA) as the heritable genetic material (32). The main 

forms of pneumococcal HGT involves competence and uptake of extracellular DNA. Another 

advantage for transformation for the pneumococcus over Gram-negative species is that it only has 
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to uptake DNA across a single cytoplasmic membrane (33). However, other forms exist such as 

conjugation, which is the exchange of bacterial plasmids through specialized pilus protein 

machinery, or transduction, which involves bacteriophage infection to bring in and integrate 

foreign genes (34). 

Consider for example the CPS described in the section above. These polysaccharide capsules are 

extremely diverse, immunogenic, and are key virulence determinants. As a result, the CPS is under 

significant selective pressure. With HGT, the pneumococcus is known to exchange parts of, as 

well as the entirety of cps locus giving rise to more CPS variants and ultimately more serotypes 

(35). Of course, such transformation is not limited to the cps locus, but across the genome. The 

interactions with other streptococcal species also provide a larger pool of DNA for potential 

genetic exchange (31). 

It has been established that such inter streptococcal and intra pneumococcal species genetic 

exchange involves a temporary state of natural competence which last up to 40 minutes (31). This 

competence state is induced via a competence stimulating peptide (CSP), a hydrophobic protein 

pheromone secreted by competent cells within the same niche. This triggers the expression of 

various genes and entry into the competent state to allow uptake of extracellular free DNA as well 

as induction of bacteriocin expression against other cells in the environment (31).  

The mechanism of CSP secretion and the genes involved have also been determined (31). Most 

pneumococcal strains produce one of two alleles, CSP-1 or CSP-2. Translated pre-CSP is 

processed and secreted through the ATP binding cassette transporter ComAB (31). The secreted 

CSP is detected by the histidine kinase ComD on other pneumococci, which phosphorylates ComE 

(31). Phosphorylated ComE then induces the transcription of comAB, comCDE, and sigX, as well 
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as other genes initiating a CSP release feedback through comAB. SigX regulates expression of 

DNA uptake machineries and bacteriocins (31). 

Competent pneumococci also have what is known as a toxin-antitoxin system to bring about 

pneumococcal “fratricide”. They can produce CibAB, a two-peptide bacteriocin which acts on the 

membrane of non-competent cells (31). Competent cells are protected from the bacteriocin through 

the expression of CibC (31). These factors kill external cells exposing DNA which can be 

integrated into the pneumococcal genome by homologous recombination, as well as trigger biofilm 

formation and the release of pneumolysin from the non-competent cells, causing the lysis of host 

cells rendering them vulnerable to infection by the competent cells (31, 36). 

Such CSP meditated transformation typically works for small segments of DNA. However larger 

transformation patterns have also been observed. Consider the case of PMEN-1, a multidrug 

resistant clone of the pneumococcus. A study traced back the evolution of this clone, isolated from 

different countries over a period of 65 years (37). They found large 30-50 kb segments of DNA in 

the capsule locus came from multiple other pneumococcal strains. However, no markers of 

conjugation or transduction were found around the capsule locus in PMEN-1 (37). Another study 

established that intercellular contact of competent and non-competent pneumococci in biofilms 

can allow large recombination events of such 30kb magnitudes, often with multiple occurring 

simultaneously (38). As we have seen competence also triggers biofilm formation and fratricide, 

keeping lysed pneumococci in proximity for DNA uptake before DNA degradation. Another 

example is pneumococcal strain Hungary 19A, which had donor DNA from S. mitis and S. oralis 

(31). These results show that S. pneumoniae is not only capable of frequent genetic transformation 

but effectively utilizes these systems for adaptation and evolution. 
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6. Metabolism 

The pneumococcus with its two different growth patterns, genetic transformation capabilities, and 

intraspecies variability encodes diverse metabolic capabilities. It has evolved to adapt to various 

host anatomical sites’ environmental conditions, to colonize or cause disease, and as such 

possesses the ability to uptake and process a variety of nutrients for energy needs, survival, and 

replication. 

Indeed, over 30% of pneumococcal transport mechanisms are involved in the uptake of diverse 

carbon sources, many of which haven’t been investigated in detail (39). The majority of 

pneumococcal carbohydrate transporters are classified as phosphotransferase systems (PTS) and 

ATP binding cassette (ABC) transporters. At least 21 different PTS and 8 different ABC 

transporters have been predicted in the pneumococcus, capable of importing at least 32 different 

carbohydrates (39). It has also been shown that the genes for at least 20 of these carbon transporters 

are present across all strains within the species (39), showing that they offer some selective 

advantage. Uptake through a PTS is size restricted and results in phosphorylation of the 

carbohydrate during transport (39). ABC transporters use internal ATP as the energy source for 

the uptake of the carbohydrate without phosphorylation, and hence require more energy to operate, 

but are not as size restrictive (39). 

Global nutritional metabolism and regulation is maintained by CodY and the catabolite control 

protein A (CcpA). CodY has been shown to regulate carbon metabolism, amino acid metabolism, 

and iron uptake (40). Whereas CcpA regulates several metabolic genes directly and indirectly, 

controlling ~19% of all pneumococcal genes (41). Both studies have demonstrated that regulation 

by these two genes has an impact on overall virulence of the pneumococcus. 
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Amino acid uptake provides nitrogen sources for the pneumococcus and can be an important factor 

in host pathogen interactions. It has been shown that glutamate and glutamine have significant 

roles in pneumococcal metabolism (42, 43). The pneumococcus is auxotrophic for arginine, 

cysteine, histidine, glycine, glutamine, and branched chain amino acids (BCAA) like isoleucine, 

leucine, and valine, with BCAA uptake performed by the LivJHMGF ABC transporter, which also 

contributes to virulence (42, 43).  As such, acquisition of specific nutrients is linked to not only 

virulence, but also its potential for growth, adaptation, and survival during colonization, 

transmission, and disease. Hence pneumococcal metabolism is an important field of study. 

B. Pneumococcal disease 

1. Anatomical site adaptations 

As described in the earlier section, the pneumococcus is a highly diverse species, with diverse gene 

presence/absence profiles due to high genetic variability from high natural transformation and 

recombinogenic potential. It is widely known that the pneumococcus can asymptomatically 

colonize the nasopharynx and is potentially followed by invasive pneumococcal disease. 

The nasopharynx is a vital colonization niche for many bacteria such as Streptococcus 

pneumoniae, Hemophilus influenzae, and Moraxella catarrhalis. In children, this nasopharyngeal 

microbiome is populated a few months after birth. Every person is likely to be colonized by these 

bacteria at some point in life, usually with asymptomatic colonization, but sometimes this can 

progress to disease (44). 

As mentioned previously, most pneumococci have a specific polysaccharide capsule, which can 

be highly variable between different strains, and is an important virulence factor as it protects the 

pneumococcus from phagocytosis (44). This allows for a first line defense against the host, 
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improving colonization chances. Colonization primarily requires pneumococcal adherence to the 

host epithelium in the upper respiratory tract (44). In the pneumococcus it is facilitated by binding 

to epithelial cell surface carbohydrates, such as N-acetyl-glucosamine, access to which is 

dependent on the amount of pneumococcal CPS produced. This occurs through specialized cell 

wall-associated proteins, such as pneumococcal surface adhesin A (PsaA) (44). 

Another surface protein, choline binding protein A (CbpA) has been shown to bind human cell 

surface sialic acid and lacto-N-neotetraose. It also has direct interactions with the human polymeric 

Ig receptors (pIgR) on epithelial cells (44). Once attached to host epithelial cells, the 

pneumococcus can translocate across this barrier using receptor-mediated endocytosis by attaching 

to pIgR through the YRNYPT motif of CbpA on the apical surface, followed by receptor 

internalization and recycling to the basolateral surface (44). 

Not only does the pneumococcus have specialized genes for adherence, but nutrient scavenging is 

also adapted to this environment. It has been shown that pneumococcal Neuraminidase A cleaves 

off host cell sialic residues to access the galactose beneath as a carbon source for more growth, 

while also allowing more access for adherence (15). Several other genes including bgaA, choP, 

eno, hyl, and pavA, are also specialized and involved in pneumococcal adherence and cleavage of 

host biomolecules for growth (45). These pneumococcal genes and virulence/surface factors are 

more than adequately suited for human nasopharyngeal colonization, the first step in promoting 

transmission or transitioning to invasive pneumococcal diseases such as pneumonia, sepsis, or 

meningitis.  

To proceed with infection in the lower respiratory tract environment and development of 

pneumonia, the pneumococcus improves adherence chances in this region by shedding its capsule, 

which also improves resistance to antimicrobial peptides as they would target shedded capsule 
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(46). Capsular shedding has been shown to occur through the bacterial autolytic enzyme, LytA. 

LytA primarily causes bacterial autolysis upon exposure to antibiotics but can also cause capsular 

shedding without lysis (46).  After capsular shedding, pneumococci can infect lower respiratory 

epithelial cells causing pneumonia, and exposes the extracellular matrix (ECM) in bronchioles and 

alveoli. Several bacterial surface proteins promote attachment to the ECM such as PepO, PavA, 

PavB, PfbA, PclA, and PsrP, ultimately promoting infection of the alveolar lobes (47). 

Here, inflammation arising from pneumococcal infection is severe, caused by the pneumococcal 

cell wall, pneumolysin. Cell wall peptidoglycan binds to pattern recognition molecules which bind 

to heterodimers TLR-1/TLR-2 or TLR-1/TLR-6 and signals the secretion of NF-κB induced 

proinflammatory cytokines (47). Similarly, pneumolysin binds to the Fc region of antibodies and 

induce the complement pathway, also triggering inflammation (47). At this stage of infection, 

alveoli are overrun with pneumococci, edema, and red blood cells encased in fibrin protein matrix. 

The lymphatics are also dilated and filled with cells and fibrin (47). The host has now entered a 

bacteremic stage. Pneumococci can enter the bloodstream most likely through a combination of 

the dilated lymphatics, cell damage to epithelial and endothelial cells, and/or by active invasion of 

endothelial cells (47). Similar to epithelial cell invasion through host pIgR, studies have shown 

that pneumococci can invade endothelial cells using a similar mechanism through host platelet-

activating factor receptor (PAFr), G protein-coupled receptor (48). Once in the blood, the CPS is 

again a relevant and necessary virulence factor to prevent complement binding and opsonization. 

As mentioned earlier, the type and amount of CPS is crucial to the survivability of the 

pneumococcus at this stage. Pneumococcal surface proteins such as PspA, PepO, and others also 

affect host defenses and have been shown to reduce complement activation on the pneumococcal 

surface (47). 
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From the blood, the pneumococcus can gain access to the rest of the body and infect vital organs, 

the most detrimental being the brain. The pneumococcus is a major cause of bacterial meningitis 

causing two-thirds of the adult cases in Europe and USA (49). Access to the brain is dependent on 

a pathogen’s ability to cross the endothelial cell blood brain barrier. This is again likely to occur 

through some form of receptor-mediated endocytosis. The pneumococcus has a variety of surface 

proteins that can adhere to additional host endothelial cell receptors such as laminin receptor (LR) 

and Platelet Endothelial Cell Adhesion Molecule-1 (PECAM-1) (49). It has also been shown that 

a feedback mechanism can exist with cooperation of these receptors where inflammation and PAFr 

activation by pneumolysin and choline binding proteins, can lead to upregulation of pIgR and 

PECAM-1, allowing more adherence of the pneumococcus and hence more invasion (49). 

Through the blood the pneumococci also gain access to the heart, via the same endothelial 

receptors involved in crossing the blood brain barrier. Studies have shown that the pneumococcus 

can invade cells of the myocardium and replicate intracellularly within host vesicles causing 

cardiac microlesions, rupturing cells, and eventually transitioning into biofilm growth (5).  These 

pneumococcal heart biofilms also release pneumolysin and kill host macrophages (5). Such 

pneumococcal heart damage has also been shown to be highly strain dependent (50).  

Apart from these major common host infection sites, studies have identified Spn at other host sites 

such as the appendix, middle ear, liver, kidneys, skin, and soft tissues  (47, 51-55). It is quite 

evident that the pneumococcus is specialized in colonizing or infecting many host anatomical sites, 

harboring genes important for infection shared across all sites, as well as strategies unique to each 

environment. 
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2. Influenza virus co-infections 

The most common cause of respiratory illness in humans is the influenza A virus (IAV). As is the 

case with the pneumococcus, IAV is most pathogenic to those with weaker immune systems such 

as young children, elderly, and immunocompromised (56). Combined infections with IAV and the 

pneumococcus represent a significant number of infection-related deaths worldwide. It has been 

shown that these co-infections result in exacerbated symptoms and worse clinical outcomes 

relative to individual infections by either pathogen (56). 

In the 20th century, there were three pandemics of influenza A, in 1918, 1957, and 1968. In all 

three pandemics, it was observed that IAV infection helped the progression of commensal, 

colonizing pneumococcus, into an invasive pathogen. Most deaths were due to secondary bacterial 

infection, most of which were caused by the pneumococcus (56). 

The current proposed model of IAV-induced susceptibility to pneumococcal infection begins with 

decreased mucociliary velocity of lung epithelial cells upon IAV invasion and infection. This 

reduces pneumococcal clearance from the mucus. Viral infection increases expression of IL-12 

and IFN-γ which downregulates host scavenger receptor MARCO (57), which then decreases 

bacterial phagocytosis of non-opsonized particles. Viral invasion promotes apoptotic signals (58) 

such as increased surface expression of CD200 on immune cells that bind to CD200R on dendritic 

cells and macrophages, which signals lowered responses to bacterial stimuli in these cells. Lastly, 

type I interferon and corticosteroid expression in response to IAV inhibit the recruitment of PMNs 

and macrophages (56). 

It has also been shown that IAV infection and the following host responses can induce release of 

bacteria from biofilms during their colonization state. Such released pneumococci have distinct 
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virulence gene expression profiles with an increased ability to spread and cause infection of host 

anatomical sites (59). 

3. Other co-infections 

The pneumococcus has been implicated in exacerbations of disease with other viral and bacterial 

pathogens as well. During the 2009 H1N1 (Swine Flu) pandemic, 13% of postmortem lung 

samples from patients in the United States showed a concurrent infection with Spn. Whereas in 

Japan and Argentina, approximately 50% of the severe cases were positive for Spn (59). 

Similarly, frequent bacterial co-infections were seen with COVID-19 (or severe acute respiratory 

syndrome due to coronavirus 2 (SARS-CoV-2) infection), in up to 50% of non-survivors (60); as 

well as in exacerbated acute respiratory infections in children infected with respiratory syncytial 

virus (RSV) (61). Some of such bacterial co-infections include the pneumococcus (62). 

Apart from viral co-infections, some studies show the pneumococcus interacting with other known 

lung colonizers, such as nontypeable Haemophilus influenzae. Such interactions are also seen in 

the context of otitis media and nasopharyngeal colonization which has shown to offer better 

protection from antibiotics to the pneumococcus in poly-microbial biofilms (63, 64). Some of these 

co-infections go even further to include viral influences (65). 

Clearly in combination with other pathogens the pneumococcus is a potentially more lethal threat 

and more studies from this perspective need to be conducted. 
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C. Therapeutics 

1. Antibiotics and resistance 

Antibiotics have been used as a first line of defense against most bacterial infections. As with any 

form of selective pressure, bacterial antibiotic resistance is now a growing concern. In the case of 

the pneumococcus, penicillin was the treatment of choice since the 1940s. As a result, penicillin 

resistant isolates were first identified in the mid-1970s and are now widespread globally (66). 

Usage of many such β-lactam drugs have increased the risk of selection for, and the rate of carriage 

of penicillin resistant pneumococci (67).  

Other antibiotics such as macrolides, fluoroquinolones, vancomycin, trimethoprim, and others, 

have also selected for antibiotic resistant pneumococci worldwide (66, 68). It has been established 

that macrolide resistance in the pneumococcus is mainly due to ribosomal methylation of the 

erm(B) gene and/or a two-component macrolide efflux pump encoded by genes mef(E)/mel carried 

on the transformable genetic element Mega (69). These resistance genes are known to be acquired 

from larger transposable elements (69). 

Fluoroquinolones operate by targeting DNA gyrase and topoisomerase, two essential enzymes 

necessary for bacterial cellular replication, and directly inhibit DNA synthesis. Studies have found 

that resistance in some isolates arose from spontaneous mutations in the pneumococcal DNA 

gyrase gyrA and topoisomerase IV genes parC and parE, which affected the fluoroquinolone 

binding site (70). Better fluoroquinolones have been developed to counter some of such mutations; 

however, it is likely that more mutations in these genes could be selected for and eventually worsen 

pneumococcal fluoroquinolone resistance overall (70). 

The genetic transformation capabilities of the pneumococcus have been implicated in the 

development of multiple antibiotic resistance phenotypes, and the development of mosaic 
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resistance genes (71-73). On average, approximately 40% of pneumococci exhibit multidrug-

resistance phenotypes with different rates across countries. In the 2000s, among penicillin-resistant 

isolates, co-resistance to macrolides was seen in 72–75% of isolates, co-resistance to tetracycline 

in 65–72%, and co-resistance to co-trimoxazole in 69–74% (73, 74). 

Fortunately, advanced pneumococcal vaccines introduced in 2010 (such as PCV13 described in 

the following section) have significantly reduced the spread of most antibiotic resistant strains in 

places with higher vaccine rates, according to the CDCs Active Bacterial Core Surveillance reports 

(2009-2018) (75). Moreover, resistance can also potentially be treated with higher antibiotic doses 

(76), as they are usually safe to the host. 

Primary therapeutic use of antibiotics for infection was designed from a clinical perspective, in 

order to reduce bacterial loads and alleviate symptoms as the hosts immune response fends off the 

infection. Bacterial eradication was not the primary focus despite it being a main determinant of 

therapeutic outcome, as well as preventing spread of resistant strains (68). 

The idea that development of new drugs to not just treat infections, but eradicate infecting 

pneumococci is appealing, but has drawbacks. For example, drug development is a slow process 

and resistance can spread significantly faster. Another pitfall would be the selective pressure of 

new drugs on the bacteria and commensal organisms, which would not be apparent until several 

years after their use (68). Based on this repetitive pattern of treatment and resistance, alternative 

strategies in the form of vaccines or host-targeted therapeutics are more appealing to develop. 

2. Vaccines and escape 

As described above, antibiotics leave a lot to be desired as a therapeutic. Vaccines help prevent 

the rise of antibiotic resistance by lowering the risk of infection from both antibiotic susceptible 
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and resistant strains. As a result, they also lower the use of antibiotics for treatment, further limiting 

the potential for development of antibiotic resistant strains (77). 

The earliest forms of pneumococcal vaccines were whole killed pneumococci, but these caused 

adverse reactions (78). It was later discovered that antibodies generated towards CPS were highly 

protective, however increasing amounts of different CPS types were discovered (78). The vaccines 

that followed were designed using a mix of different purified CPS. A 23 valent vaccine was 

licensed in 1983 for older adults at high risk for invasive pneumococcal disease. However, young 

children were unable to develop protective responses to these vaccines because the CPS did not 

induce T-cell-dependent antibodies in this age group. This led to the development of a CPS-protein 

conjugate vaccines (78). 

The protein conjugate vaccine requires a covalent attachment of the CPS to the protein. It was 

found that these conjugate vaccines induced strong memory antibody responses in infants and 

children and could be boosted with subsequent immunization. (78)  

Pneumococcal conjugate vaccine (PCV7), a 7-valent conjugate vaccine (targeting serotypes 4, 6B, 

9V, 14, 18C, 19F and 23F) was licensed in 2000 for use in children under 5 (78). However, after 

its introduction, a significant increase of invasive disease was seen with non-vaccine serotypes, 

which led to the development of a 10-valent and then a 13-valent conjugate vaccine (serotypes 1, 

3, 4, 5, 6A, 6B, 7F, 9V, 14, 18C, 19A, 19F, and 23F) in 2010, including the most invasive of these 

non-vaccine serotypes (78). Still, more isolates from non-vaccine serotypes are being found 

causing invasive disease, a phenomenon called serotype replacement or vaccine escape (78). 

Another mechanism for vaccine evasion is serotype switching where the pneumococci can alter its 

serotype through genetic recombination of the genes involved in capsular production (79). It is 
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increasingly more complex to create PCVs with additional serotypes, especially as 100 serotypes 

are known so far, hence other forms of vaccines need to be considered. 

One potential alternative would be in the form of engineered whole cell vaccines. These would 

consist of killed non-encapsulated pneumococci expressing highly immunogenic proteins on their 

surface (78).  The difference of these whole cell vaccines with the earliest attempts of 

pneumococcal vaccines, is that they could be modified to express ineffective versions of highly 

antigenic genes and/or remove reactogenic elements, and still be safe and effective (80). Use of 

whole cell vaccines could also generate immune responses to species-wide, conserved 

pneumococcal surface proteins, as well as the non-conserved elements (23). To reduce the chances 

of serotype replacement, studies were focused on identifying pneumococcal antigens present in all 

serotypes, i.e., core proteins, and designing a vaccine with those as the primary immunogen. 

Several potential virulence factors were investigated such as pneumococcal surface proteins A and 

C, pneumolysin, pneumococcal surface antigen A, choline binding proteins, iron transporters, 

lipoproteins, histidine triad proteins, etc., as well as some combinations of these. Unfortunately, 

these antigens harbor significant amounts of variation across the alleles from clinical isolates (78, 

81). 

These classical approaches to vaccine development appear to be inadequate for a genetically 

diverse pathogen such as the pneumococcus. As such, with advancement of genomics and even 

proteomics (81), vaccine candidate identification can now be performed by in silico screening of 

the entire genome or pangenome of a pathogen (82) , a powerful approach to vaccine design known 

as reverse vaccinology, which will be expanded on in the following sections. 
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3. Roles of innate and adaptive immunity 

Another potential form of therapeutics could be designed from the host’s perspective, based on 

our knowledge of its response to the pneumococcus. The host immune system is broadly classified 

into two main branches, innate and adaptive immunity, both of which play an instrumental role in 

pneumococcal host defenses as well as vaccine efficacy. 

The pneumococcus first encounters the host innate immune system through host cell pattern 

recognition receptors (PRRs) such as Toll-like receptors (TLRs), NOD-like receptors (NLRs), 

cytosolic DNA sensors, complement system, and others, which are activated by microbial 

molecules with conserved motifs known as Pathogen-associated molecular patterns (PAMPs) or 

pathogen induced tissue damage (83). Pneumococcal cell wall lipoteichoic acid (LTA) and 

lipoproteins are recognized by TLR1/2/6, TLR9 recognizes pneumococcal DNA, and TLR4 is 

activated by PLY (83-86). These induce cytokine production further stimulating immune cell 

recruitment and proliferation. Some NLRs such as NOD1 and NOD2 detect bacterial 

peptidoglycan and activate NF-κB gene expression (83). Various cytosolic DNA sensors also 

detect host and lysed bacterial DNA, which can also stimulate NF-κB-dependent gene expression 

and type 1 interferons (IFN) which in turn stimulate expression of so-called IFN-stimulated genes 

(ISGs) (87). The type I interferon response is a known player in anti-viral defense, but newer 

studies have shown its role in bacterial infections (87, 88). Pneumococcal infection activates type 

I IFN in host macrophages, epithelial cells, and during nasopharyngeal colonization (88). The 

complement system consists of serum and membrane proteins which, when activated, form a 

cascade of reactions contributing to the elimination of invading microorganisms, such as 

opsonophagocytosis, although the pneumococcus has virulence factors to avoid this as described 

above (83). 
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Host adaptive immunity can be further divided into humoral and cell-mediated immunity. Humoral 

immunity consists of B cells which produce antibodies specific to antigens that activate them. At 

host mucosal surfaces, pneumococcal specific IgA antibody is produced during colonization (17). 

Secretory IgA is also involved in opsonization and phagocytosis of pneumococcus, but again the 

pneumococcus possesses an IgA1 protease to avoid this (17). Upon such antigen stimulation, B 

cells differentiate and produce other immunoglobulins needed to fight the pathogen (89). Cell-

mediated immunity involves T cells which are stimulated by antigen-presenting cells (APCs) that 

harbor major histocompatibility complex (MHC) proteins that present internalized pneumococcal 

antigens. Activated T cells ultimately differentiate and produce various cytokines that recruit and 

activate macrophages, monocytes, and neutrophils to clear pneumococcal infection (89). 

Two vulnerable demographics, the very young and the elderly, of pneumococcal pathogenicity are 

at developmental stages where host immunity and defenses are relatively weaker. Infants have 

poor T cell responses as they were not exposed to non-maternal antigens before birth, and their B 

cells have inherently lower expression of receptors as well as incomplete class switching for 

immunoglobulin production, and lower somatic hypermutations (89). As for the elderly, they 

possess weaker adaptive immune cells, antibody production and specificity, immunoglobulin class 

switching, and cell maturation brought about by aging, which are more permissive to 

pneumococcal colonization and disease (89). 
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D. Challenges 

1. Pneumococcal diversity and the pangenome 

As was explored in the earlier sections, most pneumococcal strains are adept at taking up foreign 

DNA and integrating it into their chromosomes through competence and homologous 

recombination. This results in acquisition of novel genes or alleles and an increasing overall 

genomic diversity within the species. This repertoire of all genetic sequences of a particular species 

has been defined as the pangenome (90). The size of the pangenome is dependent on the ability of 

the species to integrate new genetic material and pass it over generations, such is the case of the 

pneumococcus. As such, pangenomes can exhibit a finite amount of diversity (closed pangenome), 

or like Spn, an exceptionally large, yet to be fully characterized degree of diversity (open 

pangenome) (91, 92) 

Comparative genomics performed on closely related streptococci and the pneumococcus have 

shown that several genetic acquisitions in the pneumococcus originate from S. mitis and most 

acquisitions only come from species living in similar niches (93). Therefore, it is possible that a 

virulence gene identified in Spn can exist in species like S. mitis, S. oralis, and S. infantis, which 

are not always pathogenic, hence such genes do not independently contribute to virulence (93). 

Another study showed that several genes are shared between the pneumococcus and commensal 

closely related streptococci, but specific gene or allele sets exist in each species which can 

contribute to either the beneficial commensal relationship or the pathogenic potential of that 

streptococcal species (82).  

Besides pneumococcal competence, other contributors to genetic diversity exist like streptococcal 

genus-wide conjugative transposons (94), which have been shown to bring in antibiotic resistance 

markers (95, 96). Not only that, apart from DNA uptake in the autolysis and uptake cycle, 
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bacteriophages can also play a role in genetic diversity through transduction. Depending on the 

bacteriophage, a lytic phage can induce cell lysis and allow for released DNA uptake by other 

environmental pneumococci, or temperate phages which can integrate into their host 

pneumococcal DNA and potentially disrupt or alter genes and their regulation. Both kinds of 

phages have been identified in Spn (97). 

In light of this extensive genetic diversity, the potential for it to increase, and the observed rise in 

vaccine escape, the Global Pneumococcal Sequencing (GPS) project was undertaken (98). The 

project includes whole genome sequencing of over 20,000 pneumococcal strains from around the 

globe, including closely related subsets pneumococci exhibiting multidrug resistance incidence. 

Other subsets correlated specifically with invasiveness (98). Such studies can have a large impact 

on future vaccine design. Comparative genomics across these large datasets could eliminate 

protein vaccine candidates that have multiple alleles, or are dispensable, avoiding any unnecessary 

selective pressure and resulting vaccine escape. 

2. Serotypes and genotypes 

With the vast amount of genetic diversity that exists within the pneumococcal species, it is no 

surprise that this pathogen can exhibit a diverse panel of surface antigens and hence varied levels 

of pathogenicity. A serotype would classify different isolates based on their surface antigens and 

their ability to induce specific antibodies, which in the case of Spn is defined by its capsular 

polysaccharides. Alternatively, an organism’s genotype is its specific set of heritable genes, which 

also varies within a species, allowing for a different type of classification. 

Serotyping was originally performed using the Quellung reaction, where different antibodies were 

allowed to bind to the capsule of the pneumococcus, causing capsular swelling that was visible 

under a microscope (99). Pneumococci were then classified by the specific anti-sera that caused 
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the swelling. Since then, PCR based serotyping has been developed, targeting the cps locus (100-

102). 

In 2006, the genes responsible for the synthesis of the capsule were investigated for the 90 

serotypes known at the time (35). Today, 100 different known serotypes exist for the 

pneumococcus, the newer ones discovered being 6C, 11E, 20B, 6D, 6F, 6G, 6H, 35D, 7D, and 

10D. Phylogenetic analyses on the newest one, 10D, showed that it acquired a cps gene from an 

oral streptococcus species (103).  

We have seen how Spn can develop newer serotypes through genetic recombination from earlier 

sections; however there is poor correlation between genetic background and the serotype of a 

pneumococcal strain (79). While the serotype can be a significant determinant of pathogenicity 

and virulence, the rest of the genotype is also a major contributor to levels of pathogenicity and 

discovery of targeted therapeutics. There have been several methods for pneumococcal 

genotyping, such as multilocus sequence typing (MLST) that looks at the DNA sequence 

differences among a few housekeeping genes, pulsed field gel electrophoresis that looks at DNA 

gel band patterns after restriction enzyme digestion, multilocus variable number of tandem repeat 

analysis (MLVA) that profiles based on the number of tandem repeat patterns in the DNA, and 

others. Newer forms include next-generation sequencing (NGS) and mass spectrometry (104). 

Recent NGS is inexpensive and several thousand pneumococcal genomes have been sequenced in 

addition to those generated as part of the GPS. NGS now allows us to perform both genotyping at 

a nucleotide level and in-silico serotyping by observing the sequenced cps locus. With the 

pneumococcal DNA uptake and integration methods described earlier and selective pressure from 

antibiotics and vaccines, it is inevitable that serotype and genotype diversity will keep growing 

over time, therefore more species pangenome-wide defined therapeutic targets are required. 
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E. Avenues for discovery of new therapeutics 

1. Models of experimental study 

The pneumococcus causes multiple forms of disease and colonization. In order to study the 

pneumococcus in its natural ecological niche for a particular disease, in vitro and animal models 

have been characterized and extensively used.  

For example, the pneumococcus has been extensively studied in vitro, both planktonically and as 

biofilms, using several different bacterial media and supplements, albeit these are not accurate 

recapitulations of the true in vivo environment (105, 106). In order to better address this issue, 

some of these and other studies used immortalized human cell lines as in vitro models of 

pneumococcal infection for study (107, 108). Others have also attempted to chemically recreate 

host niches in terms of their nutrients and physiological properties (109). While all these studies 

yield important results and identify potentially useful therapeutic targets, additional in vivo 

validation is required. 

Use of various in vivo models have also been established. Mouse, rat, and rabbit models of disease 

exist for pneumococcal pneumonia, septicemia, meningitis, and colonization (110). Such in vivo 

model animals are usually genetically identical, allowing for generation of high quality in vivo 

experimental data. The choice of the model usually leans towards use of mice, as despite the rats 

and rabbits allowing for larger individual sample quantity, larger animals are more expensive and 

result in smaller sample sizes of experimental biological replicates. However, with larger sample 

sizes these are just as effective.  

Other less common models exist, such as the use of chinchilla, gerbils and guinea pigs for 

pneumococcal otitis media, but the field is also transitioning to mouse models for this anatomical 
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site (110). Ferret models also exist for studying pneumococcal transmission and non-human 

primate models for the closest human representative model (111, 112). 

Of all in vivo models, mice are the most common, offering a nice balance between cost, in vivo 

environment representation and knowledge of the model biology. The mouse model is also more 

studied, better characterized and has extensive methods for genetic manipulation, allowing 

investigators to test the importance of specific host genes. Other potential ways of study that are 

gaining traction and can be explored for the pneumococcus, are in the form of ex vivo models of 

human primary cells, where human cells are obtained from organs or tissues and cultured on 

transwells, or human organoids, which are cultured three dimensional structures of organs 

generated from pluripotent stem cells (113, 114). 

a) Use of genetics and next generation sequencing technologies 

One advantage of studying the pneumococcus from an experimental perspective lies in harnessing 

its natural genetic transformation capabilities. With naturally occurring competence and 

homologous recombination, it has been investigated using a variety of genetic techniques. This 

inherent transformative property has also been used exploited to investigate genes of interest with 

knock out mutants in several studies (115, 116). 

For example, signature tagged mutagenesis was used to generate 1,250 pneumococcal clones 

tested for survival in a septicemia and pneumonia mouse model, to profile and classify various 

pneumococcal virulence genes (117). Other studies have also explored the genetic profile of the 

pneumococcus with mutations and RNA sequencing (118-120). 

The availability of extensively used and verified in vitro and in vivo model combined with the 

advancement of next generation sequencing technologies are also powerful tools of therapeutic 
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target investigation. As mentioned in earlier sections, several thousand genomes of the 

pneumococcus have been sequenced, allowing for extensive phylogenetic analysis and 

comparative genomics of the species. Several essential pneumococcal genes and host pathogen 

interactions have also been established through transposon sequencing (Tn-seq), gene silencing 

(CRISPRi), and transcriptomics (121-124). Some of these studies and others will be explored more 

in depth in the coming sections of this study. 

2. Reverse vaccinology  

Reverse vaccinology (RV) is a genomics-based approach to identifying protein vaccine candidates 

(PVCs) for a bacterial species. It was first implemented to identify PVCs for serogroup B 

meningococcus, prioritizing bacterial surface proteins as these are likely to be antigenic and 

capable of inducing humoral antibody responses (125). RV provides the advantage of identifying 

PVCs without culturing a pathogen and allows for species wide evaluation of PVCs. 

RV protocols follow two main approaches, decision tree or filtering platforms and machine-

learning or classifying platforms (125). In decision tree programs, a pathogen’s protein sequences 

are passed through filters evaluating for specific properties of good PVCs such as probability of 

adhesin potential, number of transmembrane domains, subcellular localization, etc. Proteins that 

do not pass these filters are eliminated until only a subset of the pathogen’s proteins remain as 

PVCs. Machine learning programs aggregate measured or predicted protein features from a 

pathogen’s predicted proteome into a matrix and classifies each protein as a PVC or non-PVC with 

a probability model based on a known training dataset of PVCs and non-PVCs (125). They also 

do not filter out proteins. 

Only a handful of pneumococcal RV studies have been performed, usually only on few 

pneumococcal genotypes and using a handful of protein feature prediction tools. One study looked 
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at 26 pneumococcal genomes consisting of 13 different serotypes, applying a decision tree RV 

architecture, and identified 13 PVCs (126). Another looked at 22 pneumococcal surface factors 

for their PVC potential again using a decision tree RV architecture, but with different protein 

features (127). A more recent study looked at 46 pneumococcal proteins based on literature using 

a combination of both RV protocols to determine PVC potential with good results (128). However, 

many of these RV studies fail to account for the widespread pneumococcal diversity within the 

species and RV on the pneumococcus can be greatly improved. 

F. Concluding remarks 

As we have seen so far, the pneumococcus is an ever-changing species, with high diversity, 

specialized genes and biological systems for a panel of human infections and survival. Despite 

extensive studies, such an evolving pathogen requires constant novel therapeutic targets to monitor 

and control its pathogenicity and spread. In the coming chapters of this study, we will approach 

the pneumococcus from three broad perspectives. We will look at it from an in-silico perspective 

using pangenomics and improved reverse vaccinology, to identify conserved species-wide gene 

targets that may not have been altered with selective pressure. We will also look at some of these 

targets and identify others from two host-pathogen interaction perspectives using, an in vivo mouse 

model of colonization and disseminated infection, and as well as an ex vivo human lung epithelial 

cell model.  

We will accomplish these goals through three specific aims. 1) Construct a reverse vaccinology 

pipeline to identify novel potential vaccine candidate proteins of Streptococcus pneumoniae.  

2) Survey candidates identified through reverse vaccinology with the host-pathogen transcription 

profiles of invasive pneumococci at various anatomical sites in mice using dual RNA-seq.  
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3) Validate mice and pneumococcal predicted pathways from in vivo experiments using an ex vivo 

human lung model infected with S. pneumoniae through dual RNA-seq.  Together these studies 

will shed light on previously unexplored therapeutic targets for the host and the pneumococcus 

and advance the pneumococcal field. 
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II. Chapter 2: Reverse vaccinology and its application to Streptococcus 

pneumoniae  

Preface 

This chapter has been divided into two parts to accomplish Specific Aim 1 Construct a reverse 

vaccinology pipeline to identify novel potential vaccine candidate proteins of Streptococcus 

pneumoniae. The first published part consists of the design and construction of a prokaryotic 

reverse vaccinology pipeline originally developed for other lung pathogens, namely, Hemophilus 

influenzae and Moraxella catarrhalis. The second part applies the functional developed pipeline 

to prioritize potential vaccine candidates for Streptococcus pneumoniae. 

 

A. ReVac: a reverse vaccinology computational pipeline for 

prioritization of prokaryotic protein vaccine candidates. 1 

B. Abstract 

Background 

Reverse vaccinology accelerates the discovery of potential vaccine candidates (PVCs) prior to 

experimental validation. Current programs typically use one bacterial proteome to identify PVCs 

through a filtering architecture using feature prediction programs or a machine learning approach.  

 

1 D'Mello, A., Ahearn, C. P., Murphy, T. F., & Tettelin, H. (2019). ReVac: a reverse vaccinology 

computational pipeline for prioritization of prokaryotic protein vaccine candidates. BMC 

genomics, 20(1), 981. https://doi.org/10.1186/s12864-019-6195-y 
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Filtering approaches may eliminate potential antigens based on limitations in the accuracy of 

prediction tools used. Machine learning approaches are heavily dependent on the selection of 

training datasets with experimentally validated antigens (positive control) and non-protective 

antigens (negative control). The use of one or few bacterial proteomes does not assess PVC 

conservation among strains, an important feature of vaccine antigens. 

 

Results 

We present ReVac, which implements both a panoply of feature prediction programs without 

filtering out proteins, and scoring of candidates based on predictions made on curated positive and 

negative control PVCs datasets. ReVac surveys several genomes assessing protein conservation, 

as well as DNA and protein repeats, which may result in variable expression of PVCs. ReVac’s 

orthologous clustering of conserved genes, identifies core and dispensable genome components. 

This is useful for determining the degree of conservation of PVCs among the population of isolates 

for a given pathogen. Potential vaccine candidates are then prioritized based on conservation and 

overall feature-based scoring. We present the application of ReVac to 69 Moraxella catarrhalis 

and 270 non-typeable Haemophilus influenzae genomes, prioritizing 64 and 29 proteins as PVCs, 

respectively. 

 

Conclusion 

ReVac’s use of a scoring scheme ranks PVCs for subsequent experimental testing. It employs a 

redundancy-based approach in its predictions of features using several prediction tools. The 

protein’s features are collated, and each protein is ranked based on the scoring scheme. Multi-

genome analyses performed in ReVac allow for a comprehensive overview of PVCs from a 
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pangenome perspective, as an essential pre-requisite for any bacterial subunit vaccine design. 

ReVac prioritized PVCs of two human respiratory pathogens, identifying both novel and 

previously validated PVCs. 

 

Keywords: Reverse vaccinology, Vaccines, Antigen scoring, Orthology, Core genome, Bacterial, 

Pangenome 

C. Background 

Reverse vaccinology pipelines use genome datasets to identify potential vaccine candidates 

(PVCs) based on in silico prediction of hallmark features of an ideal vaccine candidate antigen. 

These features include presence of epitopes exposed on the bacterial surface for host immune 

recognition, antigenicity, sequence conservation across isolates, and expression during infection 

(129, 130). Since the development and application of reverse vaccinology to the case of Serogroup 

B meningococcus (131), its potential for growth has increased significantly with the advent of 

next-generation sequencing techniques, development of bioinformatic tools for multi-genome 

analyses, protein functional predictions, and high throughput protein expression platforms (132). 

These advances in technology offer an opportunity to generate new reverse vaccinology programs 

that accurately predict candidate bacterial proteins for use in subunit-based vaccines. 

Several tools have been developed for antigen prediction and vaccine candidate identification, 

including NERVE, Jenner-Predict, Vaxign, VaxiJen, VacSol, and Bowman-Heinson (125). These 

tools typically follow either filtering or machine learning algorithms. The filtering workflows 

utilize a single program for each feature prediction and filter out proteins at each stage. A limitation 

of the filtering architecture is the potential of elimination of vaccine candidates from further 
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analyses, in the event of a false negative prediction by any given bioinformatic tool. The machine 

learning workflows use datasets of known PVCs and negative controls to classify antigens and 

non-antigens through a probability score. To date, tools applying either of the two approaches 

consider protein sequences exclusively. An extensive review of all these workflows can be found 

in Dalsass et al. (125). 

Here we describe ReVac, a computational pipeline for prediction and prioritization of protein-

based bacterial vaccine candidates for experimental verification. ReVac surveys several genomes, 

using multiple independent tools for predictions of the same feature, to assess a large panel of 

protein features and sequence conservation. ReVac also scans both the protein and DNA sequences 

of genes for repeat sequences that could mediate phase variation (gene on/off switching) or protein 

structure variations, attributes that are typically not desirable in a candidate for vaccine 

development (133). ReVac compiles all data across various features, at the protein and nucleotide 

level, from several bacterial genomes, into one tab-delimited output file. It also scores each protein 

based on each individual feature in parallel, without eliminating any candidate from analyses. A 

general problem in reverse vaccinology is that most workflows predict hundreds of proteins as 

vaccine candidates, rendering experimental verification assays cumbersome (125). Although some 

provide a ranking of candidates based on sequence similarity with curated epitopes (134), this 

approach does not promote the discovery of new types of candidates from different bacteria. 

ReVac uses its own scoring scheme for the output of each feature prediction tool that is part of its 

workflow. The scoring scheme was developed, based on manually observing trends of feature 

predictions, of control datasets of known antigens and non-antigens. These control datasets were 

obtained from various antigen/epitope databases of predicted and experimentally curated proteins, 

namely Protegen, AntigenDB, Vaxign’s control datasets, ePSORTB. We supplemented these 
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publicly available datasets with known antigens from our Moraxella catarrhalis and non-typeable 

Haemophilus influenzae (NTHi) datasets (135-140). These control datasets consist of DNA and 

protein sequences from various Gram-positive and Gram-negative species, which were run 

through ReVac (Additional file 2.1), and the corresponding scoring scheme is shown in Table 2.1 

below. 

 

The final output of ReVac consists of a list of predicted vaccine candidates sorted based on their 

ReVac scores, an aggregate scoring scheme that combines individual feature weights assigned to 

each of the candidates’ features. This allows the user to consider candidates by perusing those with 

the highest ReVac scores. Importantly, ReVac accounts for strain-to-strain variation when 

prioritizing top candidates by generating clusters of orthologous genes across all genomes of the 

species of interest. ReVac displays average scores of gene conservation for each ortholog cluster 

to provide an estimate of variation. These two innovations in reverse vaccinology application allow 

for selection of a manageable number of conserved PVCs for experimental verification and vaccine 

development. 

Table 2.1 List of all the programs run in ReVac and their predicted features, with the scoring 

scheme for each program’s output.  

Additional scoring descriptions based on outputs from multiple programs are listed at the bottom.  

Module 

(Reference) 

Gene property Evidence Output Scoring weight 

(points) 

PSORTb* Surface 

exposure^ 

Sub-cellular 

localization 

+1 if surface 

exposed 
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Surface 

localization 

prediction 

-1 if 

cytoplasmic 

LipoP Surface 

exposure^ 

Lipoprotein motif Presence or 

absence of a 

motif 

1 or 0 

TMHMM Surface 

exposure^ 

Transmembrane 

spans 

Number of 

helices 

If surface 

exposed <2 : 

+0.5 

02:00.0 

3: -0.2 

≥4 : -2 

If cytoplasmic 

-2 

SignalP Surface 

exposure^ 

Signal peptide Signal peptide +1 for presence 

SPAAN Surface 

exposure^ 

Adhesin protein Adhesin 

protein score 

+0.5 if above 

cutoff score 

(default 0.75) 

Surface HMMs a Surface 

exposure 

HMM for motif 

or function 

HMM title and 

score 

0.5 

Function 

Table 2.1 continued 
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Antigenic Antigenicity Antigenic 

epitopes 

Peptides, 

scores, protein 

coverage 

0.5 

+0-1 

proportional to 

coverage 

Bcell Pred Antigenicity B cell epitopes, 6 

prediction 

methods 

combined 

Number of 

peptides, 

protein 

coverage 

+ 0-1 

proportional to 

coverage 

+ 0-1 

proportional to 

total number of 

peptides of a 

given length per 

protein 

MHC class I Antigenicity MHC-I epitopes Number of 

peptides, 

protein 

coverage 

+ 0-1 

proportional to 

coverage if 80-

90% 

+ 0-1 

proportional to 

total number of 

peptides of a 

given length per 

protein 

Table 2.1 continued 
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+ 1 if coverage 

is >=90% 

NetCTLpan Antigenicity MHC-I epitopes Number of 

peptides, 

protein 

coverage 

+ 0-1 

proportional to 

coverage if 80-

90% 

+ 0-1 

proportional to 

total number of 

peptides of a 

given length per 

protein 

+ 1 if coverage 

is >=90% 

Immunogenicity 

(MHC-I) 

Antigenicity MHC-I epitopes 

immunogenicity 

Number of 

peptides, 

protein 

coverage 

+ 0-1 

proportional to 

coverage 

+ 0-1 

proportional to 

total number of 

peptides of a 

given length per 

protein 

Table 2.1 continued 
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+ 1 if coverage 

is >=10% 

MHC class II Antigenicity MHC-II epitopes Number of 

peptides, 

protein 

coverage 

+ 0-1 

proportional to 

coverage if 80-

90% 

+ 0-1 

proportional to 

total number of 

peptides of a 

given length per 

protein 

+ 1 if coverage 

is >=90% 

BLAT (IEDBb 

database*) 

Antigenicity Similarity to 

curated epitopes 

from IEDB 

Protein 

coverage 

+ 0-1 

proportional to 

coverage 

+ 1 if coverage 

is >70% 

Autoimmunity Autoimmunity Similarity to 

human proteins 

Protein 

coverage 

+1 if no 

autoimmunity 

Table 2.1 continued 
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-2 *(0 to1) 

proportional to 

coverage 

-2 if coverage is 

>20% 

Autoimmunity 

Commensals 

Autoimmunity Similarity to user-

defined 

commensal 

organisms’ 

proteins 

Protein 

coverage 

+1 if no 

autoimmunity 

-2 *(0 to1) 

proportional to 

coverage 

-2 if coverage is 

>20% 

SSRd Finder Variability of 

expression 

Phase variation Number of 

simple 

sequence 

repeats 

+1 if no SSR 

-0.5 for each 

SSR 

-0.25 for each 

SSR in the 

promoter 

-0.5 for each 

SSR with 

frameshift 

potential 

Table 2.1 continued 
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-0.01 times the 

length of the 

SSR. 

SSRd Finder 

Protein 

Variability of 

expression 

Potential 

conformational 

shifts 

Number of 

protein tandem 

repeats 

-0.2 for each 

protein repeat, 

max penalty of 

1. 

IslandPath Potential for 

horizontal gene 

transfer 

Genomic Islands Presence in a 

GI 

-1 for each 

protein in a GI 

+0.5 for absence 

Jaccard Clusters† Conservation Orthologous 

clusters 

Presence in an 

orthologous 

cluster 

+1 for each 

protein in a 

COG in >90% 

of genomes 

-0.25 for each 

protein in a 

COG in <90% 

of genomes 

PanOCT† Conservation Orthologous 

clusters 

Presence in an 

orthologous 

cluster 

+1 for each 

protein in a 

COG in >90% 

of genomes 

Table 2.1 continued 
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-0.25 for each 

protein in a 

COG in <90% 

of genomes 

OrthoMCL † Conservation Orthologous 

clusters 

Presence in an 

orthologous 

cluster 

+1 for each 

protein in a 

COG in >90% 

of genomes 

-0.25 for each 

protein in a 

COG in <90% 

of genomes 

LS-BSR † Conservation Orthologous 

clusters 

Presence in an 

orthologous 

cluster 

+1 for each 

protein in a 

COG in >90% 

of genomes 

-0.25 for each 

protein in a 

COG in <90% 

of genomes 

Attributorc Function Annotation & GO 

Terms 

Annotation & 

GO Terms 

+1 for each GO 

term in our 

Table 2.1 continued 
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surface exposed 

GO db 

-1 for each GO 

term in our non-

surface exposed 

GO db 

+1 if presence of 

surface exposure 

keywords if 

predicted 

periplasmic 

aHMM: Hidden Markov Model. This component includes a collection of HMMs selected from 

the Pfam database for motifs associated with surface proteins. 

bIEDB: Immune Epitope Database and Analysis Resource 

cIn house Perl/Python script 

dSSRs: simple sequence repeats 

  

*If PSORTB, LipoP, SignalP and IEDB Database matches are all positive, weight is 

incremented by 2. 

^If all surface exposure tools fail a conclusive prediction, weight is decremented by 2 

Table 2.1 continued 
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†Each protein is given an additional 0.1 for >90% presence in each of the clustering 

algorithms, Jaccard Clusters, PanOCT, OrthoMCL and LS-BSR, and penalized 0.5 for <90% 

presence or absence of a cluster for each tool.  

 

D. Results 

1. ReVac workflow 

The ReVac pipeline uses the Ergatis workflow management system to analyze all data on 

distributed computer clusters (141). Figure 2.1 shows the overall workflow and components of 

ReVac. Parallel computing allows ReVac to run efficiently while performing predictions on entire 

collections of input genomes. Analysis is launched using a list of GenBank-formatted genomes as 

input. ReVac’s foundation components convert the GenBank files to formats suiting each 

predictive tool’s input, as necessary. Amino acid and nucleotide gene sequence FASTA files, as 

well as annotation General Feature Format (GFF), files are created. Their content is then binned 

into smaller subsets of data that are submitted as parallel batches on the compute cluster. 

Table 2.1 continued 
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Figure 2. 1. Schematic of the ReVac workflow, its components, and underlying features  

Blue arrows indicate the components where control datasets were used to develop the scoring algorithm. 

Red arrows indicate a user’s input query dataset, which runs through all components and the scoring 

algorithm, to output a list of prioritized candidates for the supplied species. Scoring based on core genes 

or orthology components is indicated by the black arrow. 
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ReVac utilizes several bioinformatic tools for its protein or nucleotide feature predictions (Figure 

2.1, Table 2.1, and Methods) that are grouped into the following categories: subcellular 

localization, antigenicity & immunogenicity, conservation & function, exclusion features, 

genomic islands, and foundation components. Subcellular localization contains tools predicting 

overall protein localization from the analyses of lipoprotein signal, transmembrane helices, signal 

peptide presence, adhesin potential, and HMM (Hidden Markov Model) domains associated with 

surface exposure. Antigenicity & immunogenicity covers Major Histocompatibility Complex 

(MHC) class I and II binding capabilities, B-cell epitope presence, overall MHC immunogenicity 

and a BLAT (BLAST-Like Alignment Tool) (142) alignment with known experimentally verified 

epitopes, acquired from the Immune Epitope Database & Analysis Resource (IEDB) (143). 

Conservation & function applies 4 different methods for generating clusters of orthologs and 

implements a tool that updates annotations and assigns Gene Ontology (GO) terms (144). 

Exclusion features determine protein similarity to Homo sapiens proteins (risk of autoimmunity) 

and a user-defined list of commensal organisms (to address the risk of depleting the microbiome), 

as well as the prediction of amino acid and/or nucleotide repeats that mediate phase variation. 

Genomic Islands (GI) prediction informs whether or not a gene is carried within a putative mobile 

element and therefore transmissible between isolates or species. Lastly, foundation components 

refer to all tools involved in file format conversion, input data generation and text processing. The 

implementation of multiple prediction tools and scoring schemes for most of the features 

considered compensates for each individual tools’ potential for false negative/positive predictions. 

Given these attributes, ReVac offers an innovative and comprehensive workflow design for reverse 

vaccinology. 
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Outputs from ReVac’s components are systematically converted into tab-delimited format and 

grouped by protein IDs or locus tags derived from the GenBank files. This is achieved using in-

house Perl scripts, to generate ReVac’s initial gene feature summary table. This table is then parsed 

using ReVac’s scoring algorithm (Table 2.1) and a final score-sorted summary table is reported. 

These two tables include results for all genes provided as input without eliminating any potential 

candidates. To look for highly conserved core vaccine candidates, the scored summary table is 

further parsed for overall protein conservation, comparing all orthology methods used, across all 

genomes. ReVac then refines the list of PVCs for those with ReVac scores comprised of a 

distribution of ideal PVCs feature (i.e. where the ReVac scores were penalized by a total of less 

than 10% of its overall score, due to the presence of undesirable PVC’s scoring features). All 

clusters are then grouped and given an ortholog ID. Their annotation, average, minimum and 

maximum ReVac scores are reported at an ortholog cluster level. Based on scores observed for 

positive and negative controls we used, clusters harboring average scores higher than a ReVac 

score of 10 with minimum variation (based on the reported average, minimum and maximum) in 

the scores across the cluster, are ranked as top PVCs. A higher score cutoff can be chosen by the 

user to further reduce the number of prioritized candidates. Here, 10 was chosen as the cutoff for 

our NTHi and M. catarrhalis datasets, as it was observed that the frequency of non-antigens was 

higher below this value (Figure 2.2, left peak of Controls), while the frequency of antigens formed 

a second distinct peak for scores 10 and higher (Figure 2.2, right peak of Controls) (See also 

Additional file 2.1). Implementation of higher cutoffs to focus the list of candidates in a separate 

small table does not eliminate any candidates from the complete scored table. Other candidates 

can be selected by scanning the full table that shows PVCs in ranked order and evaluating the 

relative importance of features that may have diminished their overall score.  
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Figure 2. 2 A density plot showing the scores for all sequences run through ReVac, and 

the cutoff for our M. catarrhalis and Nontypeable Haemophilus influenzae datasets 
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2. Control datasets used for development of the scoring scheme 

The control datasets used in ReVac comprise a total of 564 proteins acquired from Vaxign, 

Protegen and AntigenDB (135, 136, 139), as well as our manually curated list of NTHi and M. 

catarrhalis antigens (137, 138). Where possible, protein identifiers (IDs) from these three public 

databases were systematically converted to Uniprot unique IDs for consistency and ease of access 

to protein characteristics (Additional file 2.1: Sheet 3). Because ReVac is the first pipeline to 

consider nucleotide features associated with candidate antigens, we also obtained closely related 

nucleotide sequences for all public candidates by retrieval of best TBLASTN (145) hits against 

the National Center for Biotechnology Information (NCBI) nt database of non-redundant 

nucleotide sequences (all hits were to the respective species). Among other features, nucleotide 

sequences provided information on simple sequence repeats (SSRs) that may mediate phase 

variation. 

Since these databases contained some of the same sequences or different alleles of the same 

antigens, we used OrthoMCL (146) to identify their orthologs (Additional file 2.1). Of the 564 

proteins, 376 were assigned to 102 clusters by OrthoMCL. As we were interested in the scores 

across all alleles of an antigen, we included all 564 in our analysis. The 564 proteins were split 

into 136 Gram-positive and 428 Gram-negative datasets using the species and associated Gram 

stain information provided from their respective databases. We also used the species hits from the 

TBLASTN results for this purpose. These two datasets were then run on two pipelines, each with 

relevant Gram-positive or Gram-negative parameters required for some of the tools incorporated 

in ReVac. Of the 564, 41 were unique non-antigens from Vaxign (136) and were included to assess 

their scores relative to our weighing scheme. All proteins from control datasets were run through 

the workflow (except orthology given the wide range of species represented) for development of 
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the scoring scheme (Table 2.1). Inspection of positive and negative control proteins enabled 

optimization and implementation of score boosting for desired features carried by real antigens, as 

well as maximum thresholds of penalization in the case of autoimmunity and SSRs, as described 

in the Methods. Summary tables from ReVac runs on all datasets are available in Additional files 

2.1, 2.2 and 2.3. 

A subset of the controls used is presented in Table 2.2 to illustrate the process of optimizing feature 

scoring. The scores for each component were developed by observing trends in the predicted 

features of all the tools and their correlation to whether the control protein was antigenic or non-

antigenic. For example, the first 2 antigens from Table 2.2 the pertactin autotransporter from 

Bordetella pertussis and the peptidoglycan-associated outer membrane lipoprotein (P6) from 

NTHi, have overall subcellular localization predictions suggesting surface exposure, consistent 

with previous experimental findings (138, 147, 148). The tools that accurately predicted these 

features were assigned positive weights (shown in Table 2.1) to identify other proteins displaying 

these features. In events when multiple tools show strong predictions of surface localization, the 

ReVac score is boosted as it was observed in multiple antigens from the dataset, and these features 

indicate a strong potential vaccine candidate. As for the tools that provided no features for these 

two antigens, they were not weighted negatively as they weren’t necessary for surface exposure in 

the case of these two antigens but may be relevant to other proteins. We see this in the case of the 

Streptococcus agalactiae antigen, C protein alpha-antigen (149), where the presence of 

transmembrane helices and adhesin features were predicted in the protein. These tools were also 

assigned positive weights for identification of these features in other proteins, based on their 

observed frequency within the control dataset (Table 2.1). Since some of the tools have no 
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conclusive feature predictions for certain sequences, such antigens have lower overall ReVac 

scores. 
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  General 

Information 

 

 

No. 

 

ReVac Score 

 

Score Breakdown 

 

Organism 

 

Gram Stain 

 

Type 

 

1 14.853 15.253-0.400 Bordetella pertussis - Antigen  

2 13.709 13.709-0.000 Non-typable Hemophilus 

influenzae 

- Antigen  

3 9.049 9.049-0.000 Moraxella catarhallis - Antigen  

4 8.192 8.192-0.000 Streptococcus agalactiae 

A909 

+ Antigen  

5 6.791 6.791-0.000 Streptococcus 

pneumoniae 

+ Antigen  

6 6.32 6.520-0.200 Neisseria meningitidis 

LNP21362 

- Antigen  

7 5.768 7.768-2.000 Streptococcus 

pneumoniae 

+ Non Antigen  

8 2.475 5.542-3.066 Clostridium perfringens 

str. 13 

+ Non Antigen  

  

 Surface Exposure Predictions 

     

No. PSORTB 

Localization LipoProtein 

 

Transmembrane 

Helices 

 

Signal Peptide 

 

SPAAN adhesin ratio 

HMM mapping to 

surface exposed database 

 

Annotation/GO Terms 

1 OuterMembrane SignalPeptidase I None MNMSLSRIVKAAPLRRTTL

AMALGALGAAPAAHA 

None Positive outer membrane autotransporter 

barrel|GO:0009405,GO:0015474

,GO:0045203,GO:0046819 

2 OuterMembrane SignalPeptidase II None MNKFVKSLLVAGSVAALA

ACSSSNNDA 

None Positive peptidoglycan-associated 

lipoprotein|GO:0009279 

3 None SignalPeptidase II None MQFSKSIPLFFLFSIPFLA None Positive Bacterial extracellular solute-

binding protein 

4 Cellwall SignalPeptidase I 1 None 0.782535 Positive hypothetical protein 

5 Extracellular Intracellular None None None None Thiol-activated cytolysin family 

protein|GO:0015485,GO:000940

5 

6 Periplasmic SignalPeptidase II None MFKRSVIAMACIFALSACG None None Transferrin binding family 

protein|GO:0016020 

7 None Intracellular None None None None Capsular polysaccharide 

synthesis family protein 

8 None Intracellular None None None None shikimate dehydrogenase 

ec::1.1.1.25|GO:0004764,GO:00

09423 

 

 Antigenicity Predictions* 

 

No. 

 

Antigenicity 

 

B cell epitopes 

 

MHC I binding 

 

MHC II binding 

MHC binding+ 

Antigen Processing 

Immunogenicity within 

MHC complex 

Alignment to 

curated epitopes 

1 45.05% 15.16% 94.07% 100.00% 61.10% 13.08% 26.92% 

2 30.72% 5.23% 96.73% 94.12% 79.08% 17.65% 99.35% 

3 44.02% 16.03% 94.57% 100.00% 69.57% 23.91% None 

4 50.40% 38.97% 83.10% 90.46% 43.34% 1.79% None 

5 43.74% 13.80% 95.33% 98.94% 73.04% 12.10% 22.08% 

6 30.33% 15.16% 81.56% 86.68% 46.93% 1.84% None 

7 48.94% 4.61% 96.81% 100% 81.91% 30.85% None 
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*Percentages are relative to the length of the amino acid sequence. 

Table 2.2 Examples of control proteins used to develop the scoring scheme, and a summary 

of the outputs from each of ReVac’s components 

 

Certain predicted features among outputs for these tools were not assigned weights as it was 

observed that their predictions may not accurately predict PVCs and hence, we were unable to 

assign a justified positive or negative weight. As such, PSORTB (140) suggests that the heparin 

binding protein (NHBA) from the Gram-negative bacterium Neisseria meningitidis, currently used 

in a multicomponent vaccine against meningococcal serogroup B, is localized exclusively in the 

periplasm. However, this is not consistent with experimental evidence that indicates the protein is 

exposed on the bacterial surface (150). Thus, in the case of PSORTB predicted periplasmic 

proteins, no negative weight was assigned as some periplasmic predictions may be inaccurate or 

inconclusive such as in the case of NHBA. To account for this, we used multiple different tools 

for more accurate prediction of subcellular localization. Another example would be the case of 

pneumolysin from Streptococcus pneumoniae, an extracellular virulence factor (5). PSORTB 

8 34.32% 7.75% 96.31% 98.89% 77.49% 16.61% None 

 
 Adverse 

Features 

      

 

No. 

Autoimmunity 

with humans 

Repeat regions 

genes & copy 

number 

Repeat 

regions 

proteins & 

copy number 

    

1 None None |APAGGAVPGG 2||PQP 

3| 

    

2 None None None     

3 None None None     

4 None None None     

5 None None None     

6 None None |ARFRRS 2|     

7 None None None     

8 3.32% None None     

Table 2.2 continued 
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provided a strong extracellular prediction, however LipoP (151) suggested a cytoplasmic protein. 

Again, for the same reason, intracellular predictions of LipoP were not penalized. Wherever 

similar and other trends were noticed among other tools the weights were assigned and distributed 

using similar justifications (Described further in Methods). The remaining non-antigens had 

feature predictions and annotations consistent with intracellular localization across all tools. These 

were assigned negative weights for each tool suggesting an intracellular localization, which should 

be avoided as potential PVCs. A complete list of weights assigned, and the scoring scheme is 

presented in Table 2.1 and described in the Methods. 

Tools comprising the antigenicity prediction features were all assigned positive weights relative 

to the proportion of antigenic regions within a protein and boosted if the presence of curated 

epitopes within the sequence was observed. Most of these tools operate by splitting an input protein 

sequence into individual peptides and analyzing them individually as potential epitopes; all 

proteins tend to have at least some antigenic regions. As a result, weights relative to percent of 

antigenic regions were assigned. Lastly, adverse features are those that should be avoided when 

choosing any PVC, such as repeat regions or similarity to host or commensal organism proteins. 

ReVac identified repeats within the B. pertussis pertactin transporter and the N. meningitidis 

heparin binding proteins. Such repeats suggest that these antigens may undergo slipped strand 

mispairing resulting in phase variation of the proteins, a negative feature of vaccine antigens (133). 

Antigens with sequence repeats in either promoter or protein coding regions are therefore 

negatively penalized. Additionally, negative scores are given to antigens with features of similarity 

to host and commensal proteins, to avoid the negative effects of cross reactivity of an immunizing 

vaccine antigen. When both features were absent, ReVac attributes positive weights to the score 

to increase the ranks of the PVCs away from ones having these features. 
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As not all the tools implemented in ReVac could be run for our control dataset, such as those 

related to protein conservation across their many respective species and genomes, a lower score 

cutoff of 8 was chosen for these datasets. Using this threshold, 74 of the 136 Gram-positive 

antigens had a score of at least 8 with no non-antigens in the subset. 182 of 428 Gram-negative 

antigens had a score of at least 8 with 2 non-antigens in the subset (Table 2.2 and Additional file 

2.4). It should be noted that given the breadth of species and the large number of validated antigens 

and non-antigens included in our control datasets, the scoring scheme we developed should be 

readily applicable to many bacterial pathogens. The scoring scheme can be applied iteratively to 

any number of new genomes being added to databases. We anticipate that the number of new 

genomes of interest will grow much faster than the experimental validation of new candidates that 

should be added to the control dataset. It is conceivable that many of the new candidates will harbor 

features similar to those already curated in our dataset and therefore will not change the scoring 

mechanism. However, when sufficient amounts of truly novel candidates become available in the 

future, an update to the scoring scheme could be released after some additional manual 

intervention. The simplest, systematic way of identifying the need for a new release will be to 

determine when a critical number of important validated candidates fail to be ranked near the top 

of the ReVac output. 

 

3. Application of ReVac to non-typeable Haemophilus influenzae 

(NTHi) 

ReVac was run on 270 NTHi genomes, derived from sputum isolates obtained from a 20-year 

prospective study of adults with chronic obstructive pulmonary disease (COPD) (138, 152). This 

dataset comprised 477,769 predicted protein encoding genes. Of these, 4477 proteins had scores 
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that were not penalized more than 10% of their total score and grouped into ortholog clusters based 

on a consensus from 4 orthology prediction methods (See Methods). Each ortholog’s average score 

was calculated, as well as its range within its ortholog cluster. Clusters were then filtered based on 

the presence of at least 80% of proteins present in the lowly penalized 4477 dataset. This yielded 

29 ortholog clusters which were high scoring, i.e. greater than 10, that included both core and 

dispensable genes of NTHi. Surveying this list, provides a highly prioritized selection of orthologs 

for consideration, and downstream experimental verification of vaccine candidacy potential. 

Candidates were prioritized based on a candidate cluster being highly conserved within the species 

(usually > 90%), and at least 80% of the proteins in the cluster being high scoring (to allow for 

some allelic variation), with a narrow score distribution. Based on these results, some of our top 

candidates include a Hemopexin transporter protein, involved in extracellular transport of 

hemopexin, and the outer membrane lipoprotein P4 (Table 2.3). The NTHi dataset of the analysis 

is provided in Additional file 2.2. 

Table 2.3 Top candidates selected from ReVac’s output for Nontypeable Haemophilus 

influenzae and M. catarrhalis (M.W/pI represent molecular weights and isoelectric points)  

All the below candidates were surface exposed, predicted antigenic, conserved core proteins with 

low autoimmunity and no repeat regions. Further information about these candidates is available 

in Additional files 2.2 and 2.3 respectively. *Present in M. canis. 

Example locus 

tag  

Amino acid length M.W./pI Annotation Gene 

NTHi     

84P48H1_01193 562 62.24/9.43 Hemopexin transporter hxuB 
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84P8H1_00650 274 30. 

48/8.97 

Lipoprotein E precursor Hel (P4) 

M. catarrhalis     

ADC73_RS07905 405 44.01/9.47 Hypothetical protein (porin 

family) 

None 

E9Y_00353 

 

537 

 

60.40/8.95 

 

Protein of unknown function 

(DUF560) 

None 

M137P16B1_1805 344 38.37/8.95 Gram-negative porin protein None 

AO373_1452* 331 36.16/9.9 Ferric iron ABC transporter 

iron-binding protein 

None 

4. Application of ReVac to Moraxella catarrhalis 

The Moraxella catarrhalis dataset consisted of 69 genomes, 49 were obtained from NCBI and 20 

were newly sequenced by our group. The latter were obtained from sputum isolates, from patients 

with COPD (138, 152, 153). This dataset comprised 130,179 predicted protein encoding genes. Of 

these, 3995 met the maximum 10% penalization filter, and again filtered based on 80% presence 

in a cluster. Analyses resulted in 64 high scoring ortholog clusters (greater than 10) of core and 

dispensable genes of M. catarrhalis. Based on these results, top candidates identified were an iron 

transporter protein, a Gram-negative porin protein and 2 conserved-hypothetical proteins 

previously unstudied (Table 2.3). The M. catarrhalis dataset of the analysis is provided in 

Additional file 2.3. 

 

Table 2.3 continued 
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5. ReVac benchmarking and runtime 

ReVac was run on 4 major datasets, namely, 2 control datasets of Gram-positive and Gram-

negative antigens, to optimize the scoring algorithm for specific components, and our test datasets 

of M. catarrhalis and NTHi, to prioritize potential vaccine candidates. Two smaller datasets of 

mycoplasma proteins were also run as test data. For benchmarking purposes, proteins were batched 

into groups of 1000 and 5000 sequences and were run through ReVac’s most time-consuming 

commands to generate an estimate of CPU (Central Processing Unit) hours (Figure 2.3A). These 

were run on an isolated, dedicated server with 2 CPUs (CPU model: Intel(R) Xeon(R) CPU E5–

2690 v3 @ 2.60GHz, 256GB RAM), each with 12 cores with hyperthreading (approximately 48 

virtual cores). An overall estimate was also made of ReVac’s runtime in hours for our test datasets, 

with actual runtime for the entire duration of a run, on multiple servers on a compute grid without 

CPU usage restrictions and competition with other, unrelated compute jobs potentially submitted 

to the same servers by other users (Figure 2.3B). 
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E. Discussion 

ReVac was developed to identify bacterial PVCs by evaluating multiple features based on ideal 

PVCs characteristics and homology to known PVCs. A major aim of ReVac’s development was 

to add multilayered-redundant analyses for most of the protein feature predictions used in parallel, 

in order to provide additional independent confidence in the respective feature predictions. The 

various tools employed encompass categories of essential features of PVCs; subcellular 

localization, antigenicity and immunogenicity, conservation and function, and genomic islands. 

ReVac builds on previously published reverse vaccinology pipelines and includes several major 

improvements: 1) the analyses of multiple genomes for a given species enabling assessment of 

Figure 2. 3 ReVac’s CPU time estimates 

A) An estimation of ReVac’s CPU time focused on its rate-limiting steps using batches of 1000 and 

5000 proteins. Multiple runs (one for each time point on the figure) were submitted in succession on a 

single host, using increasing amounts of dedicated cores, each running the same batch of the respective 

1000 (solid line) or 5000 proteins (dashed line). The total numbers of proteins analyzed using 1 and 48 

cores are provided as labels for comparison to B. B) Real-life CPU time estimates derived from the 

entire ReVac workflow running on 150–300 compute clusters through Ergatis, each utilizing a single 

host in most cases. 
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conservation of PVCs (core genome) or, for instance, unique dispensable genome PVCs of hyper-

virulent strains. 2) the evaluation of SSRs in both coding and upstream regions to assess phase 

variable expression of PVCs based on the presence of this nucleotide sequence feature (enabled 

by the use of multiple genomes). 3) the parallel analysis and summary total of the features for each 

protein of the input genomes, with positive scores for desirable features versus negative scores for 

undesirable features, reducing the false negative elimination of candidates. And 4) flexibility to 

prioritize or de-prioritize any feature based on organism-specific considerations of a vaccine 

development project, for example. The parallel scoring system allows resolution of a PVC ranked 

highly or poorly due to multiple features rather than just a few. 

Reverse vaccinology pipelines, such as ReVac, are beneficial for the prioritization of PVCs for 

vaccine development against bacteria prior to experimentation. Providing short lists of ideal 

candidates to assay in vitro and in animal models is desirable and is especially powerful where 

animal models may not be well established. The human restricted pathogens Moraxella catarrhalis 

and non-typeable Haemophilus influenzae are examples of such bacteria with underdeveloped 

animal models (154). The added innovative ability of ReVac to assess conservation and phase 

variability from multiple genomes is critical for these genetically diverse human pathogens (137, 

138). 

To provide an estimate of genetic variation among the M. catarrhalis genomes, we used MASH 

(155) to generate a pairwise genome distance matrix and associated phylogenetic trees (Figures 

2.4 and 2.5). We observed the formation of 4 distinct clades. Two of these clades were known to 

be separated based on sero-susceptibility of those strains (blue and green). Upon surveying the 

metadata of the genomes, we discovered that one of the other two clades clustered based on their 

date of isolation (orange) and the most distant was another species, M. canis, which was 
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misannotated as M. catarrhalis in NCBI (National Center for Biotechnology Information). We 

attempted to identify similar relationships between strains in our NTHi genomes, however, there 

appears to be no correlation between the strains apart from clustering based on multilocus sequence 

types (MLST) as previously reported (138). There was no clear genetic clustering based on clinical 

source of the strain, geography, duration of persistence, exacerbation vs. colonization, or year of 

isolation, of these strains. Upon investigation of some of our M. catarrhalis candidates we 

observed that some candidates, at the protein level, could recapitulate the same separation among 

clades as the whole genome tree (Figure 2.4C and D). It is possible that these proteins are core 

drivers of inter-strain variation as not all protein clusters could replicate the whole genome tree. 
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Figure 2. 4 Whole genomes trees of M. catarrhalis and protein alignment trees of ReVac’s 

M. catarrhalis candidates 

A) Whole genome tree of the 69 M. catarrhalis genomes used in ReVac. The four clades seen are 

labeled as, blue-indicating a sero-resistant clade, green-indicating a sero-sensitive clade, orange-

indicating older isolates of M. catarrhalis dating to 1932, and red-indicating misannotated M. canis 

genomes from NCBI. B) Whole genome tree of 128 currently available M. catarrhalis genomes on 

NCBI, maintains the same topology as 4A. C) A protein alignment tree of one of ReVac’s top 

candidates, which separates sero-sensitive and sero-resistant clades, but is absent in the other two clades 

(also present in the respective clades of B. D) A protein alignment tree of the candidate iron transporter 

that replicates the whole genome tree topology. 
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Figure 2. 5 Whole genome tree of the 270 Nontypeable Haemophilus influenzae genomes 

used in ReVac 
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Based on overall vaccine candidates from both NTHi and M. catarrhalis datasets, certain types of 

high scoring proteins are more prioritized over others. Hemolysins and TonB receptor proteins are 

identified as quality candidates in both species, however they are not included in our top candidates 

as they were not core proteins. Other types include various transporter proteins, outer membrane 

proteins and porins. This result is in part due to the outer membrane-surface exposed nature of 

these classes of proteins. However, ReVac’s comprehensive assessment of immunogenic epitope 

identification and cross-referencing of proteins against commensal organism’s genomes supports 

that there are dissimilar sequences of these proteins in the pathogen and its related commensal. 

Whether these proteins might be strong candidates in other species, will likely depend on their 

conservation across those species. The presence of redundant proteins to these will diminish their 

impact as vaccine candidates outside the two species considered here. Presence of similar types of 

proteins identified as vaccine candidates is interesting as both these species occupy similar niches 

in the host. In total, ReVac identified a set of surface exposed proteins in two exclusively human 

respiratory tract pathogens. The features of these proteins as pathogen-specific PVCs, provides 

strong rationale to experimentally validate the efficacy of the novel vaccine antigens against the 

pathogens. 

 

F. Conclusion 

The identification of core vaccine candidates provides a path for vaccine development against 

prokaryotic pathogens. Use of essential-core genome components in vaccines reduces the impact 

of any selective pressure, which may be imposed on a pathogen through vaccine use. This 
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phenomenon has been observed in the case of Group A Streptococcus, where several potentially 

effective vaccine candidates are not a part of the core genome (156). Selection of these non-core 

candidates could result in non-vaccine strains dominating a now vacant niche. Another strength of 

ReVac’s prioritization of candidates on a cluster level, is that it allows for identification of clade-

specific vaccine candidates. This approach could be powerful in situations where a species may be 

a commensal organism, but certain variants are pathogenic, such as in the case of E. coli (157). A 

reverse vaccinology analysis at a whole pan-genome level will be able to identify and distinguish 

these candidates from core candidates. 

All vaccine candidates are antigens, but not all antigens are effective vaccine candidates for various 

reasons. ReVac therefore prioritizes antigenic PVCs using predictions from multiple antigenicity 

and immunogenicity tools which are becoming more prominent as effective tools for identification 

of potentially novel epitope regions (158). For example, certain antigens may induce more 

effective adaptive immune responses than others. It should be noted that ReVac is not an antigen 

predictor, but a workflow that ranks proteins by their vaccine candidacy potential. Follow-up in 

vitro and in vivo characterization will therefore be required to assess the validity of these PVCs as 

antigens. ReVac’s primary mandate is to help identify, as well as reduce the number of candidates 

that will have to be tested by providing the user with a ranked list of PVCs. 

Here we have presented ReVac, a reverse vaccinology pipeline for the identification of bacterial 

protein PVCs from the input of one or more annotated bacterial genomes. ReVac’s implementation 

of a parallel scoring scheme of all proteins in the organisms’ proteome and summary scores 

minimizes elimination of false negative antigens due to potential errors in the prediction tools 

implemented. False positive identification of antigens is reduced by assigning lower scores to 

proteins associated with non-antigens, and with similarity to human host proteins as well as 
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commensal organisms’ proteins. These multiple genome assessments performed in ReVac 

evaluate the conservation of PVCs and those subject to phase variable expression in a given 

population of bacterial strains to further reduce false positives. The compilation of these features 

integrated into ReVac’s pipeline was tested on sets of positive and negative control antigens to 

optimize the scoring algorithm. We used ReVac to identify PVCs for the human-restricted 

pathogens M. catarrhalis and NTHi. We identified both known and novel PVCs for each 

bacterium, supporting the efficacy of ReVac to identify experimentally proven PVCs. 

Furthermore, the identification of previously uncharacterized proteins as PVCs shows the benefit 

of ReVac to identify novel protein targets to investigate in future studies. ReVac can be used to 

identify PVCs of current bacterial pathogens where vaccines are not currently developed and can 

also be used to quickly identify PVCs of emerging pathogens as sequences become available. 

 

G. Methods 

ReVac and all its tools were built and integrated together using the open-source Ergatis workflow 

management system (available at http://ergatis.sourceforge.net) (141). Ergatis allows the user to 

monitor bioinformatic pipelines, such as ReVac, through its user interface, and allows the 

parallelization of several analyses on distributed computer clusters (141). Individual tools can be 

installed as Ergatis components and their analyses then parallelized, for any bioinformatic pipeline. 

For these reasons, Ergatis was chosen as a streamlined way of performing all ReVac’s 

computationally intensive multi-genome analyses while allowing for easy access to output data 

and monitoring. 
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Here, we provide a description of all the tools incorporated in the ReVac pipeline, including those 

involved in file format conversions. The complete scoring weight scheme for each component is 

described in Methods. The rationale for assigning different weights to specific components was 

derived from the results of ReVac runs on our control datasets of known antigens and non-antigens 

acquired from various antigen databases from multiple bacterial species (Additional file 2.1 and 

Figure 2.1). Components are grouped into broad categories (Table 2.1), as follows: 

 

1. Subcellular localization 

PSORTb 3.0 (140) – A bacterial protein subcellular localization (SCL) predictor geared for all 

prokaryotes, including archaea and bacteria with typical and atypical membrane/cell wall 

topologies (140). PSORTb 3.0 assigns a protein one of seven possible SCLs, namely, Extracellular, 

Cell Wall, Outer Membrane, Periplasmic, Cytoplasmic Membrane, Cytoplasmic & Unknown. We 

ran PSORTb 3.0 on control datasets, 69 M. catarrhalis and 270 NTHi genomes using default 

parameters with an overall cut off set at a value of 7.5 for the overall prediction score. Proteins 

that were predicted to localize at multiple sites were also included if their cumulative score was 

above 7.5. We used the long output-type option provided by PSORTb and predictions are provided 

in the summary table. Each protein was given a  +1 towards its overall score if it wholly or partially 

localized to the outer membrane, cell wall or was predicted to be extracellular. If the protein was 

predicted to localize only to the cytoplasm or cytoplasmic membrane it was given a − 1. A 

prediction of Periplasmic was not scored as proteins from control datasets showed that some outer 

membrane proteins were often miscalled as periplasmic. 
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LipoP (151) – A hidden Markov model (HMM)-based tool to predict lipoprotein signal peptides 

in Gram-negative Eubacteria, able to distinguish between lipoproteins Signal peptidase II (SPase)-

cleaved proteins, SPaseI-cleaved proteins, cytoplasmic proteins, and transmembrane proteins 

(151). Although it was developed for Gram-negatives, it has shown effective performance on the 

prediction of Gram-positive bacterial lipoproteins. We ran LipoP using default parameters with a 

cutoff of − 3. Each protein was given a  +1 towards its overall score if it was predicted to be a 

signal peptidase or had transmembrane helices. 

 

TMHMM 2.0 (159) – A membrane protein topology prediction method, based on an HMM. It 

predicts the number of transmembrane helices present in a protein sequence. TMHMM was run 

using default parameters and predicted number of helices are displayed in the summary table. Each 

protein was given + 0.5 if it had a single helix. It is not scored for 2 helices and penalized for more 

than 2 helices (− 0.2 for 3 and − 2 for 4 or more), as such proteins are harder to purify and less 

likely to be accessible on the cell surface. If the protein was predicted partially cytoplasmic or in 

the cytoplasmic membrane, it was penalized an additional − 2. 

 

SignalP 4.1 (160) – A program developed for the prediction of signal peptides from amino acid 

sequences that are targeted to the secretory pathway (160). We ran SignalP using the ‘best’ option 

for prediction allowing a truncated length of 70 for the peptides. We also disabled its graphical 

output as we were only interested in presence/absence of signal peptides. Its raw output provides 

coordinates of a protein’s signal peptide, which we then used to map back the actual signal peptide 

sequence for the summary table. Each protein was given a  +1 if it had a signal peptide. 
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SPAAN (161) – An artificial neural network developed to predict the probability of a protein being 

an adhesin. Adhesins are surface exposed proteins which mediate the adhesion of microbial 

pathogens to host cells (161). We ran SPAAN using a cutoff of 7. Each protein was given a +1 if 

it was a predicted adhesin. 

 

HMMPFAM 3.0 (162) – A HMMER 3.0, HMM based tool, which queries a given amino acid 

sequence against multiple relevant subsets of TIGRFAM and PFAM databases (163, 164) namely, 

surface exposed, signal proteins, secreted proteins, and bacteriocins. This database of motifs was 

developed from the TIGRfam v15.0 and Pfam v31.0 databases, manually filtered based on 

keywords in their descriptions, which were relevant to surface exposure. We used default noise 

threshold cutoffs for all our HMM runs. Each protein was given a +0.5 for any positive hit against 

motifs in this database. 

 

2. Antigenicity & immunogenicity 

 

Antigenic (http://www.bioinformatics.nl/cgi-bin/emboss/antigenic) – An EMBOSS package 

utilizing the method of Kolaskar and Tongaonkar to predict antigenic determinants in proteins 

(165). This tool outputs the antigenic peptide regions within a protein. We used a minimum peptide 

length of 9. Overlapping peptides are merged into larger regions to calculate overall percent 

coverage of the whole protein. The total number of antigenic peptides and their percent coverage 

of the protein are presented in the summary table. Each protein is given + 0.5 for having antigenic 

regions and an additional score of the ratio of its antigenic regions over its amino acid length. 
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MHC Class I (143) – An MHC I binding prediction tool acquired from the Immune Epitope 

Database & Analysis Resource (IEDB), containing 8 different peptide binding prediction methods. 

Of the 8, we have applied the consensus method for our analysis, using default parameters, applied 

across all 78 human MHC I alleles available for this method. The raw outputs assign a rank for 

each peptide of length 9, from a protein, with a sliding window of a single amino acid. The 99th 

percentile peptide sequences across all 78 alleles are selected, sorted based on coordinates within 

a protein, and then tiled together to produce a consensus MHC I binding region. The total number 

of binding peptides, the number of alleles they bind, their total consensus region, and their percent 

coverage, are presented in the summary table. Each protein is given a score of the ratio of its 

binding regions over its amino acid length, if its binding regions cover 80–95% of the protein. If 

that ratio is greater than 95% it is given a +1. The weight is also boosted by the ratio of binding 

peptides of length 9, over the total number of peptides possible for a given protein with a sliding 

window of 1. The rationale for this being that when a protein is processed for MHC loading, the 

more peptides that can bind to, from all that could be generated, the better the overall binding of 

the protein. 

 

MHC Class II (143) – Also acquired from IEDB, this tool comprises of 5 methods for MHC peptide 

binding prediction. Here again, we have chosen the consensus method, using default parameters, 

across all 63 human MHC II alleles available. Like the MHC Class I component, the raw outputs 

assign a rank for each peptide of length 15, from a protein, with a sliding window of a single amino 

acid. Here, the 95th percentile is selected as MHC class II binding is less efficient due to the MHC 

II molecules being open at the ends of peptide the binding region. The post processing of the raw 
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outputs is handled the same as in MHC Class I. Each protein is scored like the scheme followed in 

MHC Class I. 

 

NetCTLpan (143) – Another MHC I binding predictor acquired from IEDB included in our 

analysis. This tool makes its predictions by also considering the precursory steps involved in MHC 

peptide binding, such as proteasome cleavage and TAP (Transporter associated with antigen 

processing). Analysis was conducted across 12 MHC allele super-types available in this package, 

using a peptide length of 9 with default parameters for thresholds, TAP & cleavage weightage. 

The post processing of the raw outputs is handled the same as in MHC Class I. Each protein is 

scored like the scheme followed in MHC Class I. 

 

B Cell Pred (143) – A linear B cell epitope predictor also procured from IEDB. It scores amino 

acid residues using 6 different scale-based methods. We have applied all 6 methods in our analysis 

and only those peptide sequences which are predicted to be epitopes across all methods are 

considered. Analysis was conducted using default cutoffs and parameters across all 6 methods 

using a peptide length of 7. As in the case of MHC I, peptide epitopes from all 6 methods are tiled 

together to form consensus predicted B-cell epitope regions. Each protein is given a score of the 

ratio of its binding regions over its amino acid length. Here again it is boosted by the ratio of 

binding peptides of length 7, over the total number of peptides possible for a given protein with a 

sliding window of 1. 

 

Immunogenicity (143) – A Class I Immunogenicity tool from IEDB, that uses amino acid 

properties as well as their position within the peptide to predict the immunogenicity of a peptide-
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MHC (pMHC) complex. The peptides predicted to be effective MHC I binders from MHC Class 

I & NetCTLpan (the 99th percentile) are passed as inputs here and run using default parameters. 

Each protein is scored similar to the scheme followed in MHC Class I, but scores for 20% coverage 

or more, as not all MHC bound peptides induce an immune response. 

 

BLAT (142, 143) – Using the BLAST-like Local Alignment Tool, amino acid sequences are 

compared to a database of experimentally curated epitope sequences acquired from IEDB. Using 

the BLAST output type and default parameters, protein regions mapping to curated epitopes are 

again tiled to get consensus epitope regions and their percent coverage. Each protein is given a 

score of the ratio of its homologous regions over its amino acid length. If that ratio is greater than 

70% it is given another + 1. Here if the protein is positive for surface exposure in any 3 among 

PSORTb, LipoP, SignalP and IEDB, it is given a + 2 as this pattern was observed frequently in 

positive control datasets. 

 

3. Conservation & function 

 

Jaccard Clusters of Orthologous Genes (COG) Analysis (166) – A two-phase protein clustering 

algorithm, used to generate protein paralog and ortholog clusters. It parses an all-v-all BLAST 

(167) output of whole genomes, after which a Jaccard similarity coefficient is calculated for every 

pair of proteins. Then it performs a bidirectional best hit analysis on the paralog clusters generated 

by the first phase of the algorithm, rather than on individual proteins to call its orthologs (166). 

Each protein belonging to a COG that is present in 90% of the genomes provided receives + 1 (in 

at least one of the conservation methods). 
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PanOCT (168) – A tool for pan-genomic analysis of closely related prokaryotic species or strains 

using conserved gene neighborhood information to separate recently diverged paralogs into 

orthologous clusters (168). We elected to use 90% conservation as our cut-off and ran the analysis 

at default parameters. The PanOCT component was adapted to use a list of GFF files, a multi-

FASTA file of all amino acid sequences and an all-v-all BLAST file run using the -m8 output 

option, to generate its config file and then perform clustering. Each protein belonging to a COG 

that is present in 90% of the genomes provided receives + 1 (in at least one of the conservation 

methods). 

 

OrthoMCL (146) – This program implements a scalable method for constructing orthologous 

groups using a Markov Cluster algorithm to group (putative) orthologs and paralogs (146). 

Analysis makes use of a MySQL database to which data is stored during the clustering process, 

using an all-v-all m8 BLAST file and a multi-FASTA of all proteins, run at default parameters. 

Each protein belonging to a COG that is present in 90% of the genomes provided receives + 1 (in 

at least one of the conservation methods). 

 

LS-BSR (169) – Large Scale Blast Score Ratio (LS-BSR) compares the genetic content of 

hundreds to thousands of bacterial genomes and returns a matrix that describes the relatedness of 

all coding sequences (CDSs) in all genomes surveyed (169). LS-BSR was run at default 

parameters, using a list file of strain specific DNA sequences of predicted genes to produce a BSR 

matrix of proteins that cluster with each other. Default cutoff is 0.7 but we elected to use 0.6 as 

some proteins which clustered together in other tools as core, were barely missing the default 
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cutoff. Each protein belonging to a COG that is present in 90% of the genomes provided, receives 

+ 1 (in at least one of the conservation methods). Here, if a given protein is shown to cluster in 

90% of the genomes across multiple methods (described above), it is given an additional + 0.1 for 

each of those clustering methods. 

 

Attributor – An in-house developed python script which refreshes annotations for a FASTA file 

of amino acid sequences, and assigns GO terms wherever applicable. It accepts inputs from 

TMHMM, LipoP, RAPSearch2 and HMMPFAM to call a specific annotation for a given protein. 

Each protein that has a GO term belonging to our database of surface exposed GO terms, is scored 

+ 1 for each GO term, and − 1 for each GO term falling in our non-surface exposed GO term 

database, if none were identified in our surface exposed GO terms. Both GO term databases were 

constructed from the prokaryotic subset of GO terms, and then manually filtered for relevant 

surface exposed GO annotations, as well as Attributor GO term predictions for experimentally 

curated surface and non-surface exposed proteins acquired from the ePSORTB database. Here we 

also looked to rescue PSORTb predictions calling periplasmic, when proteins are surface exposed 

based on attributor, and scoring an additional + 2. 

 

4. Exclusion features 

 

Autoimmunity (149) – Autoimmunity is a Perl script taken form NERVE (149) and adapted to run 

on Ergatis. It uses BLAST to compare each amino acid sequence as a query against the human 

proteome, allowing for 3 substitutions and 1 mismatch, over a minimum peptide length of 9. Raw 

outputs are again tiled together to give consensus regions of autoimmunity against Human 
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proteins. Each protein that doesn’t map to the human proteome is given a +1. Any protein that has 

a positive hit is penalized by 2 times the ratio of its homologous regions over its amino acid length. 

If that ratio is greater than 20% it is penalized another − 2. 

 

Autoimmunity Commensals (149) – This component is an adaptation of the one above that runs 

against a non-redundant database of a commensal organism of choice. In our case, since we were 

looking at NTHi & M. catarrhalis, the most closely related species selected were H. haemolyticus 

and M. bovis, respectively. The database of non-redundant protein amino acid sequences was made 

from 13 strains of H. haemolyticus acquired from NCBI and then clustered using OrthoMCL, for 

NTHi. However, only one strain of M. bovis was available on NCBI. Each protein is scored the 

same as autoimmunity. 

 

SSR_Finder (170) – SSR_finder is a script developed by Siena et al. (170) which looks for Simple 

Sequence Repeats, up to 10 base pairs in length, in DNA coding sequences and 500 bp upstream 

of the gene. SSRs have been shown to contribute to phase variation of proteins allowing generation 

of different protein isoforms and mediating on/off translational switching through frameshifts 

(170). It scans through a list of multi contig DNA fasta files for such SSRs. Each gene is given a 

+1 for absence of an SSR. Presence of a repeat is penalized − 0.5 for each. An additional − 0.25 is 

received if the repeat is in promoter region, − 0.5 if the repeat has the potential to cause a frame 

shift, as well as − 0.01 times the total length of the repeat. 
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SSR_Finder_Protein (170) – The above script was adapted to run on protein sequences looking for 

repeats, up to 20 amino acids in length, which would allow conformational changes in the protein. 

Each protein is penalized − 0.2 for each protein repeat, up to a maximum penalty of − 1. 

 

5. Genomic islands 

IslandPath (171) – IslandPath is a tool developed for the detection of genes of potential horizontal 

transfer origin known as Genomic Islands, in prokaryotes (171). Islandpath accepts NCBI Protein 

Table (ptt) files of the proteome as well as protein & coding sequence FASTA files with their 

coordinates to identify possible genomic islands. Each protein present within a genomic island is 

penalized − 0.5. 

 

6. Foundation components 

 

Input data that is passed through ReVac, requires a multitude of formats as per the component 

being invoked, as well as supplementary data from other predictive components. ReVac uses the 

following foundation components, which are provided as a part of the Ergatis workflow (141). 

 

Genbank2bsml – Accepts standard GenBank file formats (.gbk) for conversion to Bioinformatic 

Sequence Markup Language (BSML), which is an Ergatis standard file format for data in addition 

to the more common FASTA files. 

 

Bsml2fasta – Accepts the BSML inputs from Genbank2bsml for conversion to FASTA files. This 

component allows for the generation of single sequence FASTA files or a larger multi-sequence 
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file, providing the option of generating numerical sequence IDs for each sequence as well filtering 

files to contain either solely nucleotide or amino acid sequences. 

 

Split_multifasta – Splits the multi-sequence file(s) generated by Bsml2fasta into smaller files 

containing a user-defined number of sequences, for distribution onto the grid for the later 

components. 

 

Bsml2ptt – Allows conversion of the BSML files into a tab delimited ptt file. Currently only 

utilized in the IslandPath component. 

 

Extract_CDS_Features – An in-house developed script to parse Genbank files and extract all 

features relevant to any coding sequences present. These include contig ID, coordinates, amino 

acid length, estimated molecular weight, isoelectric point, gene name, and annotation. 

 

Formatdb/Xdformat – These components format and index whole proteome FASTA files for all-

v-all BLAST searches. 

 

NCBI-BLASTP/WU-BLASTP – Different components require different types of BLAST outputs; 

hence both are available for use in ReVac. 

 

RAPSearch2 (172) – A new upgraded protein similarity search tool for next generation sequencing 

data, which scans the latest UniRef and UniProt databases for use in Attributor. 
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The ReVac workflow package available on github (https://github.com/admelloGithub/ReVac-

package) is designed to work through the Ergatis management system, after all required tools and 

dependencies are installed. 

 

7. Phylogenetic tree construction 

We used MASH (155) using default settings to acquire pairwise distance matrices for our whole 

genome trees. These we then converted into Newick tree files using the Neighbor-Joining method 

in MEGA7 (173) and unrooted tree figures were constructed in R studio using the APE package 

(174). For our protein ortholog trees, the amino acid FASTA sequences were acquired from the 

ReVac’s orthology components outputs and aligned using ClustalW in MEGA7 with default 

parameters, and Newick tree files generated using the Neighbor-Joining method, for use in R 

studio with the Ape package. 

 

H. Supplementary information 

The following additional tables are available for download at  

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6916091/ 

Additional file 2.1. Control datasets used for development of the scoring scheme.(573K, xlsx) 

Additional file 2.2. Nontypeable Haemophilus influenzae dataset.(87M, xlsx) 

Additional file 2.3. Moraxella catarrhalis dataset.(25M, xlsx) 

Additional file 2.4. Examples of control proteins used for development of the scoring 

scheme.(20K, xlsx) 

 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6916091/
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J. Identification of Streptococcus pneumoniae vaccine candidates with 

ReVac. 

K. Assessing pneumococcal genomic diversity  

One of the priorities of reverse vaccinology through the ReVac pipeline is the identification of 

core potential vaccine candidates (PVCs). As we know, the pneumococcus is a highly diverse 

species with several different genotypes and ~100 different serotypes. With the current vaccines, 

a significant problem is pneumococcal vaccine escape as described in chapter 1.  This makes the 

selection of the candidate pneumococcal genomes that would be used for reverse vaccinology to 

identify core antigens, a crucial step of the process. Considering the large amount of pneumococcal 

diversity, any bias to some strains or some serotypes over others in our initial ReVac input dataset 

could lead to the identification of false positive core pneumococcal PVCs.  

In order to circumvent this possible bias in our input pneumococcal genomes, we first decided to 

acquire an estimate of pneumococcal genomic diversity. Several thousand pneumococcal genomes 

have been sequenced over the years and are present within the National Center for Biotechnology 

Information (NCBI) genome database. We first acquired all assembled and annotated 

pneumococcal genomes from NCBI (as of 2018), which yielded 7,591 genomes. In order to 

visualize the overall diversity across these 7,591 genomes, we generated a pairwise distance matrix 

from the genomic DNA sequences using a nucleotide k-mer based mutation distance estimation 

tool called MASH (155). This pairwise distance matrix was used to make a phylogenetic tree using 
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the Neighbor-Joining method, shown in Figure 2.6A with the MEGAX tool (175). The 

phylogenetic tree (Figure 2.6A) clearly showed the formation of several clades of Spn genomes as 

expected.  

L. Defining a representative pneumococcal sub-population  

The 7,591 genomes we acquired clearly contained all pneumococcal genomic diversity, at least of 

all sequenced isolates. However, performing reverse vaccinology on thousands of genomes is a 

computationally intensive task. What’s more, several of these genomes are potentially genetically 

similar or identical and would be redundant in the entire dataset. Due to these two considerations, 

we elected to subsample the entire genomic dataset to a more computationally manageable 

number. Given our pre-requisite of identifying core pneumococcal PVCs, we estimated using a 

sample size calculator(176)  that for a genomic population of 7,591 genomes, with 99% 

confidence, and a confidence interval of <5%, 258 genomes were sufficient to call core antigens 

present in at least 90% of the sample.  

However, this sample size of 258 genomes was estimated based off just random sampling of the 

7,591 genomic population. As we have seen on Figure 2.6, pneumococcal diversity could pose a 

serious problem with just random sampling, despite the high statistical likelihood of a PVC still 

being core in 258 randomly sampled pneumococcal genomes. Due to this, we decided to not 

randomly select 258 genomes, but instead attempt to identify the most optimum 258 clades of the 

phylogenetic tree in Figure 2.6A, and then select one representative genome from each of the 258 

clades, as our input ReVac pneumococcal dataset. These genomes would be prioritized based on 

their genomic quality, such as completeness, fewest contigs, and average pneumococcal GC 

content. 
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To determine the 258 clades of the phylogenetic tree (Figure 2.6A), we used k means clustering 

on the pairwise distance matrix, with a k of 258. K‐means is a hard classification clustering 

technique (177), which will assign each of the 7,591 genomes to one of 258 clusters, based on its 

genetic similarity to the other genomes within that cluster, using the pairwise distance matrix. A 

representation of the 258 clades on the original phylogenetic tree is shown in Figure 2.6B left, and 

a topology view is shown in Figure 2.6B right. We can clearly see the identification of 258 clusters 

representing pneumococcal genomic diversity. We then picked the highest quality genome (as 

described above) and constructed a new phylogenetic tree for these 258 genomes (Figure 2.6C). 

Based on the similarity of this tree with the tree of 7,591 tree, we concluded that we had a good 

representation of pneumococcal genomic diversity in our ReVac input genomic dataset. 

Figure 2. 6 Whole genome trees of Streptococcus pneumoniae genomes. 

A) Whole genome tree of the 7,591 Streptococcus pneumoniae genomes used in ReVac. B) Whole 

genome tree of 7,591 S. pneumoniae genomes colored by k means clusters (left) and in topology view 

(right). C) Whole genome tree of the 258 genomes selected from each of the clades (left) and in topology 

view (right). 
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Figure 2. 7 Protein alignment trees of Streptococcus pneumoniae vaccine candidates 

A) Protein alignment trees of ortholog clusters of known vaccine candidates PspA (left) and ZmpB 

(right) with ~61% and ~66% average pairwise percent identities respectively. B) Protein alignment 

trees of ortholog clusters of ReVac prioritized candidates O-Gly, CbpD, ABC transporter, Iron ABC 

transporter, & LysM (left to right), with >95% average pairwise percent identities.  
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M. Application of ReVac for prioritization of conserved pneumococcal 

potential vaccine candidates (PVCs) 

Based on these 258 pneumococcal genomes, we performed reverse vaccinology using ReVac as 

described in the previous section (Section 2.1), with the use of Streptococcus mitis as the next 

closest species for any commensal autoimmunity (See Section 2.1 Methods).  

The results of the ReVac run are shown in Additional File 2.5:  

https://github.com/admelloGithub/Data 

A list of the top 5 highest scoring pneumococcal PVCs, as well as 2 known pneumococcal PVCs 

from literature (178, 179) and their characteristics are shown in Table 2.4. One of the highest 

scoring pneumococcal antigens within our ReVac control dataset (See Additional File 2.1 for 

controls, SP_0965/CN52_RS0109140 for ReVac score in Additional File 2.5), was also verified 

in this dataset. It was a core pneumococcal protein with consistent scores across the orthologs, 

demonstrating the functionality of the scoring scheme as expected (Not prioritized here as higher 

scoring candidates were identified). Amino acid alignment-based trees of these 7 pneumococcal 

genes and their orthologs within the 258 genomes is shown in Figure 2.7. 

Table 2.4 List of Streptococcus pneumoniae vaccine candidates. 

 Spn TIGR4 

loci Gene/Product 

ReVac 

prioritized Comments 

SP_0117 PspA No 

Variable and autoimmune regions. Issues with 

orthology. Protein SSR repeats. 

https://github.com/admelloGithub/Data
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SP_0664 Zmpb No Variable. Issues with orthology. 

SP_0368 O-Glycosidase Yes 

Highly conserved, cell wall integrated, 

nasopharynx special. 

SP_2201 CbpD Yes Highly conserved, Adhesin features. 

SP_2197 

ABC 

transporter Yes Highly conserved, Adhesin features, Signal peptide 

SP_1032 Fe transporter Yes Highly conserved, Signal peptide. 

SP_0107 LysM Yes 

Highly conserved, Adhesin features, Signal 

peptide. 

 

We can clearly see that for the two known pneumococcal PVCs (Figure 2.7A), PspA and ZmpB, 

there exists a large amount of amino acid sequence diversity within the orthologs across the 

pneumococcal isolates. Such PVCs would make the designing of protein vaccines a challenge as 

few conserved regions would exist. However, the top 5 ReVac prioritized PVCs are not only 

predicted to be surface exposed and highly antigenic, but also extremely highly conserved, with 

high amino acid sequence similarities within the 258 orthologs reflected through the low genetic 

distance in the trees (Figure 2.7B). Such PVCs would allow for the design of highly conserved, 

species-wide pneumococcal protein vaccines, and demonstrate the power of reverse vaccinology 

in vaccine design. 

 

 

Table 2.4 continued 
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III. Chapter 3: An in vivo atlas of host–pathogen transcriptomes during 

Streptococcus pneumoniae colonization and disease 2 

Preface 

This chapter fulfills Specific Aim 2 Survey candidates identified through reverse vaccinology with 

the host-pathogen transcription profiles of invasive pneumococci at various anatomical sites in 

mice using dual RNA-seq. Here, we will identify relevant host-pathogen gene expression and 

pathways in the pneumococcus and the mouse, using dual RNA-Seq. 

 

A. Abstract 

Streptococcus pneumoniae (Spn) colonizes the nasopharynx and can cause pneumonia. From the 

lungs it spreads to the bloodstream and causes organ damage. We characterized the in vivo Spn 

and mouse transcriptomes within the nasopharynx, lungs, blood, heart, and kidneys using three 

Spn strains. We identified Spn genes highly expressed at all anatomical sites and in organ-specific 

manner; highly expressed genes were shown to have vital roles with knockout mutants. The in vivo 

bacterial transcriptome during colonization/disease was distinct from previously reported in vitro 

transcriptomes.  

 

2 D'Mello, A., Riegler, A. N., Martínez, E., Beno, S. M., Ricketts, T. D., Foxman, E. F., Orihuela, 

C. J., & Tettelin, H. (2020). An in vivo atlas of host-pathogen transcriptomes during Streptococcus 

pneumoniae colonization and disease. Proceedings of the National Academy of Sciences of the 

United States of America, 117(52), 33507–33518. https://doi.org/10.1073/pnas.2010428117 
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Distinct Spn and host gene expression profiles were observed during colonization and disease 

states, revealing specific genes/operons whereby Spn adapts to and influences host sites in vivo. 

We identified and experimentally verified host-defense pathways induced by Spn during invasive 

disease, including pro-inflammatory responses and the interferon response. These results shed light 

on the pathogenesis of Spn and identify therapeutic targets. 

B. Significance statement 

D’Mello et al. detail host-pathogen interaction gene expression profiles of Streptococcus 

pneumoniae (Spn) and its infected host at disease relevant anatomical sites using mice as 

experimental models. The authors identify the shared and organ-specific transcriptomes of Spn, 

show that bacterial and host gene expression profiles are highly distinct during asymptomatic 

colonization versus disease-causing infection, and demonstrate that Spn and host genes with high 

levels of expression contribute to pathogenesis or host defense, respectively, making them optimal 

targets for intervention. 

C. Introduction 

The Gram-positive microbe Streptococcus pneumoniae (Spn) asymptomatically colonizes the 

nasopharynx (15). It is also an opportunistic pathogen which commonly infects young children, 

immunodeficient patients and the elderly (180). It was estimated that in 2015, 192,000–366,000 

deaths in children under 5 years of age were the result of pneumococcal infections (181). With the 

advancement of antibiotics and introduction of the first pneumococcal conjugate vaccine in 2000, 

and subsequent vaccines, deaths attributable to Spn have declined (181, 182). However, increasing 
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antibiotic resistance and serotype replacement have been observed (183). A study conducted from 

2006-2016 showed increased resistance to penicillin, amoxicillin, ceftriaxone and meropenem. 

Implementation of the PCV13 vaccine in 2010 (184) resulted in increased incidence of non-

vaccine Spn serotypes (185). Thus, despite major advances in public health, pneumococcal 

infections continue to be a significant cause of morbidity and mortality, and further investigations 

are warranted. 

The pneumococcus infects a variety of anatomical sites and causes a range of illnesses, some 

resulting in acute mortality. Spn is a common cause of sinusitis, otitis media, bronchitis, 

pneumonia, bacteremia, sepsis, and meningitis (180). Our group has previously shown that during 

bacteremic episodes, pneumococci in the bloodstream can translocate into the heart and kill 

cardiomyocytes resulting in acute heart dysfunction (5). Invasive pneumococcal disease can also 

lead to renal complications in pediatric patients and hospitalized adults (186). 

Current efforts to reduce the impact of pneumococcus on human health include improving the 

efficacy of vaccines and identifying host-directed therapies to decrease morbidity and mortality. 

Over the past 20 years, several studies have examined pneumococcal gene expression and 

virulence determinant requirements in vivo, with consideration for anatomical-site specific 

differences. One approach was the use of signature tagged mutagenesis to identify mutants that are 

unable to replicate in vivo in an anatomical site-specific manner (187). Accompanying studies 

using microarrays to examine in vivo isolated RNA from the bacteria indicated that Spn gene 

expression varies according to the host site (188). Other RNA-seq studies have also focused on the 

host response within the lungs upon pneumococcal infection. These have identified key genes 

involved in neutrophil recruitment and response to diverse strains and mutants (119, 189). Other 

forms of sequencing-based studies such as transposon sequencing (Tn-seq) have also been 
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performed on the pneumococcus in multiple contexts, such as in vivo survival or transmission, in 

multiple hosts (112, 123, 190).These studies, some of which are discussed below in the context of 

our results, offer an important consideration when identifying vaccine candidates, for which the 

ideal targets would be universally expressed, essential genes. However, it is important to note that 

prior studies on the in vivo transcriptome of Spn have employed only a single strain of Spn and 

used comparisons to in vitro conditions for purposes of normalization, whereas the contrast 

between in vitro and in vivo transcriptomes reported here suggests a more physiological method 

of normalization. Lastly, we build and expand upon prior studies to provide information on the 

coordination and regulation of host pathways responsible for restricting pneumococcal infection 

at different anatomical sites, a process that remains a largely open question. 

Here we explored the transcriptome of the pneumococcus and its host using dual species RNA-seq 

at diverse host anatomical sites in vivo. Blood, kidneys, lungs, and nasopharynx were harvested 

from mice colonized or infected with 3 different Spn strains, with uninfected host tissue used as 

control. These data provide a comprehensive view of dynamic processes impacting bacterial and 

host biology as the bacterium invades distinct anatomical sites. 

D. Results 

1. Pneumococcal burden varies in a strain- and site-specific manner 

within the mouse 

To avoid strain bias, we used 3 Spn strains each belonging to a distinct capsular serotype and 

multilocus sequence type: TIGR4 (serotype 4, ST205), D39 (2, ST595), and 6A-10 (6A, ST460). 

To capture the host and bacterial transcriptomes during infection, mice were challenged with each 

of these strains and tissue/organs collected from the nasopharynx, lungs, blood, and kidneys (the 
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latter lacking 6A-10 samples). Heart data (TIGR4 only) were included from our previously 

published study (5). 

 

 

A typical obstacle when performing multispecies RNA-seq is uneven sequence amounts obtained 

for each species examined. Deeper sequencing is often needed for the minority species, in our case 

Spn. To attain confidence in the coverage obtained for Spn genes, we generated saturation curves 

to determine the minimum requirement for reads mapping to the respective Spn and mouse 

Figure 3. 1  Rarefaction curves and estimation of pneumococcal burden 

A. Saturation curves of pneumococcus infected samples. Samples whose curves plateau harbor enough 

reads mapped across all 1682 core S. pneumoniae (Spn) genes to achieve saturation. B. Rarefaction 

curves of infected and uninfected host samples. C. Log10 values of reads mapped (Supplemental Table 

3.1) to the pneumococcus infected samples (top), host samples (middle), and relative estimate of 

pneumococcal burden within each sample. Horizontal black lines (top & middle) indicate the minimum 

number of reads required for samples to plateau. 

 

Figure 3. 2 Pneumococcal principal component analysis (PCA) and dendrogramsFigure 

3. 3  Rarefaction curves and estimation of pneumococcal burden 

A. Saturation curves of pneumococcus infected samples. Samples whose curves plateau harbor enough 

reads mapped across all 1682 core S. pneumoniae (Spn) genes to achieve saturation. B. Rarefaction 

curves of infected and uninfected host samples. C. Log10 values of reads mapped (Supplemental Table 

3.1) to the pneumococcus infected samples (top), host samples (middle), and relative estimate of 

pneumococcal burden within each sample. Horizontal black lines (top & middle) indicate the minimum 

number of reads required for samples to plateau. 
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genomes (Figures 3.1A & 3.1B). Samples whose curves plateaued or approached plateauing were 

deemed adequate. The minimum required number of mapped Spn reads per sample was estimated 

at ~150,000 reads. Saturation was achieved for all samples except D39-infected kidneys and D39-

colonized nasopharynxes that were excluded from all bacterial analyses. 

We estimated the ratios (Figure 3.1C bottom) of the number of Spn reads (Figure 3.1C top) 

compared to total sequenced mouse reads (Supplemental Table 3.1) at each site. Although these 

ratios should not be directly compared across multiple anatomical sites, and they depend not only 

on the bacterial burden but also on the transcriptional activity of Spn (and mouse cells) at each site, 

ratios suggest that Spn infection in the lungs is highest with D39 followed by 6A-10 and TIGR4. 

On the other hand, TIGR4 appears to dominate over the other strains in the nasopharynx, followed 

by 6A-10. Whereas D39 was more successful in thriving in the blood compared to TIGR4 and 6A-

10 during bacteremia. Bacterial read proportions for these strains are consistent with their known 

virulence phenotypes in mice (50). No conclusions could be drawn within the hearts as our 

previous study only included the TIGR4 strain. Similarly, for kidneys we lacked 6A-10 samples, 

but TIGR4 appeared to perform better than D39 at this site. A complete overview of sequenced 

and mapped reads is provided in Supplemental Table 3.1. To determine if actual bacterial burdens 

varied across anatomical sites, we performed colony forming unit (CFU) counts for TIGR4 

infected organs, however no significant differences were found (Supplemental Table 3.1). 

2. The in vivo pneumococcal and host transcriptomes demonstrate 

differences in gene expression profiles during colonization and infection 

To assess the spectrum of core Spn gene expression responses at each anatomical site across our 

samples, and to verify that replicate samples were similar to each other, we performed principal 
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component analyses (PCA) on PanOCT core gene orthologs (168) across the three strains. The 

bacterial PCA (Figure 3.2A) 

was based on DEseq2’s variance stabilized counts of 1,682 core Spn genes (Supplemental Table 

3.2, which also includes strain-specific Spn and mouse genes). Spn typically colonizes the 

nasopharynx without harming the host (15). We observed a distinct gene expression profile in 

Figure 3. 2 Pneumococcal principal component analysis (PCA) and dendrograms 

A. PCA of S. pneumoniae (Spn) gene expression profiles (Supplemental Table 3.2) across in vivo 
colonized or infected samples. B. Bootstrapped dendrogram of Spn gene expression profiles showing 
replicate clustering of in vivo colonized or infected samples. C. PCA of panel A samples with the 
addition of in vitro grown planktonic and biofilm TIGR4 samples from our previous study (Shenoy et 
al. 2017). D. Bootstrapped dendrogram with the addition of in vitro samples, again showing replicate 
clustering.

Figure 3. 5 Pneumococcal strains D39 and 6A10 are more genetically similar when

compared to TIGR4Figure 3. 6 Pneumococcal principal component analysis (PCA) and

dendrograms

A. PCA of S. pneumoniae (Spn) gene expression profiles (Supplemental Table 3.2) across in vivo

colonized or infected samples. B. Bootstrapped dendrogram of Spn gene expression profiles showing

replicate clustering of in vivo colonized or infected samples. C. PCA of panel A samples with the 

addition of in vitro grown planktonic and biofilm TIGR4 samples from our previous study (Shenoy et

al. 2017). D. Bootstrapped dendrogram with the addition of in vitro samples, again showing replicate

clustering.
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nasopharyngeal samples, which are separated by PC1 away from bacterial profiles seen in the 

remaining infected organs (Figure 3.2A). This pattern revealed that Spn engages in a different 

expression program during colonization vs. disease. This grouping of samples from infections also 

indicated that there exist core Spn genes whose expression reflects an infection state at all diseased 

host anatomical sites. 

We observed that PC2 separated the TIGR4-infected samples away from D39 and 6A-10 (Figure 

3.2A). This indicated that the strains differ in their gene expression profiles, despite our focus on 

core genes. There was limited organ-based separation among the infected organs on the PCA 

because PC2 was more influenced by the TIGR4 variation. A bootstrapped dendrogram of all 

samples (Figure 3.2B) showed this effect. Samples clustered by organ type among the D39 and 

6A-10 strains, but TIGR4 samples clustered independently. This finding most likely reflects the 

fact that D39 and 6A-10 are slightly more genetically similar to each other (Figure 3.3). 
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To estimate the similarity between in vivo Spn expression profiles and representative in vitro 

datasets, we performed a PCA on the 1,682 core genes including Spn planktonic and biofilm in 

vitro growth datasets (5) (Figure 3.2C). Spn grows planktonically within the blood and TIGR4 has 

been demonstrated to form biofilms within the heart, yet these samples did not cluster closely with 

in vitro planktonic and biofilm samples, respectively, on the PCA. There was a clear separation of 

in vivo and in vitro states along PC1. These data suggest that in vitro Spn expression profiles are 

not representative of in vivo conditions. TIGR4-infected heart samples (5), which include biofilm 

pneumococci within cardiac microlesions, clustered more closely to the in vitro TIGR4 biofilm 

samples on a bootstrapped dendrogram (Figure 3.2D). However, in vitro samples are all clustered 

in a clade separated from in vivo samples. On this dendrogram, like on the PCA plot, 

Figure 3. 3 Pneumococcal strains D39 and 6A10 are more genetically similar when 

compared to TIGR4 

A. phylogenetic tree based on complete genome sequences of all 3 pneumococcal strains shows a 
relatively smaller genetic distance between D39 and 6A10 strains. This potentially explains their more 
similar in vivo transcriptomic profiles relative to TIGR4.

Figure 3. 8 Pneumococcal strains D39 and 6A10 are more genetically similar when

compared to TIGR4

A. phylogenetic tree based on complete genome sequences of all 3 pneumococcal strains shows a

relatively smaller genetic distance between D39 and 6A10 strains. This potentially explains their more

similar in vivo transcriptomic profiles relative to TIGR4.
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nasopharyngeal samples still clustered independently from the other states, indicating that 

nasopharyngeal colonization elicits a unique Spn gene expression profile significantly different 

from their infection phenotypes, irrespective of host anatomical site. Many previous studies have 

assayed the pneumococcal transcriptome in vitro. The D39 transcriptional signature was 

previously investigated under a panel of in vitro conditions designed to mimic anatomical sites 

(109). A comparison of the gene expression in the D39 in vitro study to in vivo conditions based 

on core genes in our study displayed a stark distinction between these data sets (Figure 3.4). The 

differentially expressed (DE) genes acquired in vitro also showed no significant overlap to those 

derived from in vivo conditions (Figure 3.5). 



98 

Figure 3. 4 Principal component analysis (PCA) of in vivo and in vitro representative 

datasets 

A core Spn gene expression profile PCA of our dataset combined with in vitro data from Shenoy, 

Brissac et al. (2017) and a D39 study of in vitro conditions mimicking in vivo conditions (Aprianto, 

Slager et al. 2018). The PCA shows a clear separation between in vitro and in vivo datasets. 

Figure 3. 9 Host principal component analysis (PCA) and dendrogramFigure 3. 4

Principal component analysis (PCA) of in vivo and in vitro representative datasets

A core Spn gene expression profile PCA of our dataset combined with in vitro data from Shenoy,

Brissac et al. (2017) and a D39 study of in vitro conditions mimicking in vivo conditions (Aprianto,

Slager et al. 2018). The PCA shows a clear separation between in vitro and in vivo datasets.
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Figure 3. 5 Venn diagrams of pneumococcal differentially expressed (DE) genes detected 

in vivo and in vitro in mimicking conditions 

Only 14% of Spn DE genes are shared between in vivo blood vs nasopharynx (our study) and in vitro 

blood mimicking conditions (BMC) vs nasopharynx mimicking conditions (NMC) (Aprianto, Slager et 

al. 2018). Similarly, only 4.8% of Spn DE genes are shared relative to lung mimicking conditions 

(LMC).

Figure 3. 5 Venn diagrams of pneumococcal differentially expressed (DE) genes detected

in vivo and in vitro in mimicking conditions

Only 14% of Spn DE genes are shared between in vivo blood vs nasopharynx (our study) and in vitro

blood mimicking conditions (BMC) vs nasopharynx mimicking conditions (NMC) (Aprianto, Slager et

al. 2018). Similarly, only 4.8% of Spn DE genes are shared relative to lung mimicking conditions

(LMC).
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We then generated a PCA for expression profiles of all host genes (Figure 3.6A). Host profiles 

revealed sample clustering based on anatomical site. This was not surprising given that gene 

programs reflecting specific organ functions would likely supersede genes involved in the response 

to infection. PC1 separated the blood away from the solid tissue types, and PC2 clearly separated 

out the nasopharynx as a colonization state away from infected anatomical sites. The lungs, hearts 

and kidneys appeared to cluster more closely together. However, the addition of PC3 showed clear 

separation based on anatomical site (Figure 3.6B). Apart from the nasopharynx, each site further 

Figure 3. 6 Host principal component analysis (PCA) and dendrogram 

A. PCA of host gene expression profiles (Supplemental Table 3.2) across samples colonized or infected 
with Spn, and uninfected. B. A three dimensional PCA shows complete separation between anatomical 
site clusters, with further separation of heart and kidney samples (PC3), as well as infected and 
uninfected invaded organs. C. Bootstrapped dendrogram of host gene expression profiles showing 
replicate clustering of host samples.

Figure 3. 11 Host principal component analysis (PCA) and dendrogram

A. PCA of host gene expression profiles (Supplemental Table 3.2) across samples colonized or infected

with Spn, and uninfected. B. A three dimensional PCA shows complete separation between anatomical

site clusters, with further separation of heart and kidney samples (PC3), as well as infected and 

uninfected invaded organs. C. Bootstrapped dendrogram of host gene expression profiles showing

replicate clustering of host samples.
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formed sub-clusters of uninfected and infected strain-specific samples. The bootstrapped 

dendrogram of host samples corroborated the differences between organ types and strains, as well 

as the differences between infected and uninfected states for nearly all anatomical sites (Figure 

3.6C). Based on shorter distances between uncolonized and colonized states of the nasopharynx, 

there appeared to be fewer differences between host gene expression, relative to other anatomical 

sites, further demonstrating the host’s tolerance to pneumococcal colonization relative to disease 

states. 

3. The pneumococcus and its host differentially regulate unique gene

subsets in a site-specific manner 

To determine the major Spn responses to each host site, and each host site’s response to Spn, we 

queried differentially expressed (DE) genes with their respective control. Statistically significant 

DE Spn genes, accounting for strain differences, were used to identify key differences between 

disease states and the colonization state used as baseline. Figure 3.7A highlights 69 Spn DE genes 

shared among all disease states when compared to nasopharyngeal colonization. Of these, all but 

ribosomal protein L19 (SP_1293) were either upregulated or downregulated in the same direction 

(Figure 3.7B). Other comparisons revealed 376 DE genes in the blood versus the nasopharynx, 

214 DE genes in the heart, and 231 and 390 DE genes in the lungs and kidneys, respectively (Figure 

3.8). Most genes not shared between the three Spn strains did not exhibit differential gene 

expression in disease-associated organs versus the nasopharynx. Some interesting exceptions 

include the increased expression of adhesin choline binding protein I in strain TIGR4 (SP_0069) 

and bacteriocin-containing operons in strain 6A-10 (HKM25_525-HKM25_529). These were 

upregulated in the nasopharynx versus diseases sites, supporting the requirement for attachment 
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and intraspecies competition, respectively. The comprehensive list of Spn DE genes for each 

strain-infected organ versus the nasopharynx is available in Supplemental Table 3.3. 

To evaluate the host response to Spn infection, we performed similar host DE gene analyses using 

respective uninfected tissues as baseline. The use of multiple strains allowed for the identification 

of a shared host infection response to Spn at each anatomical site (Figure 3.7C). The 190 mouse  
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Figure 3. 7 Differentially expressed (DE) genes detected in the pneumococcus and host 

A. Upset plot of Spn DE genes (Supplemental Table 3.4). The individual or connected dots represent

the various intersections of genes that were either unique to, or shared among comparisons, similar to

a Venn diagram. Vertical bars represent the number of DE genes unique to specific intersections.

Horizontal bars represent the number of DE genes for each specific comparison. B. Z-scored heatmap

of expression levels of 69 Spn DE genes shared across all comparisons (green vertical bar from panel

A). C. Upset plot of host DE genes (Supplemental Table 3.5). Horizontal gold bars represent the total

number of host DE genes for that comparison. Colored vertical bars represent intersections of interest,

i.e. specific to the infection of heart, blood, lungs, and an overall infection response in organs

susceptible to invasive disease (orange, red, blue and green vertical bars respectively). D. Z-scored

heatmap of expression levels of 190 host DE genes shared across all comparisons except the

nasopharynx, i.e. shared across disease anatomical sites (green vertical bar from panel C).

Figure 3. 7 Differentially expressed (DE) genes detected in the pneumococcus and host 

A. Upset plot of Spn DE genes (Supplemental Table 3.4). The individual or connected dots represent

the various intersections of genes that were either unique to, or shared among comparisons, similar to

a Venn diagram. Vertical bars represent the number of DE genes unique to specific intersections.

Horizontal bars represent the number of DE genes for each specific comparison. B. Z-scored heatmap 

of expression levels of 69 Spn DE genes shared across all comparisons (green vertical bar from panel

A). C. Upset plot of host DE genes (Supplemental Table 3.5). Horizontal gold bars represent the total

number of host DE genes for that comparison. Colored vertical bars represent intersections of interest,

i.e. specific to the infection of heart, blood, lungs, and an overall infection response in organs

susceptible to invasive disease (orange, red, blue and green vertical bars respectively). D. Z-scored

heatmap of expression levels of 190 host DE genes shared across all comparisons except the

nasopharynx, i.e. shared across disease anatomical sites (green vertical bar from panel C).
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Figure 3. 8 Differentially expressed (DE) genes of the pneumococcus and the host 

Z-scored heatmaps of expression levels of DE genes from host and pneumococcal Upset plots (Figure 
3.8). A. Spn DE genes from Figure 3.8A (horizontal colored bars) in the blood, heart, kidneys, and 
lungs (left to right, respectively). B. Host DE genes unique to each organ site from Figure 3.8C (vertical 
colored bars) in the blood, heart, kidneys, and lungs (left to right, respectively).

Figure 3. 13 Differentially expressed (DE) genes of the pneumococcus and the host 

Z-scored heatmaps of expression levels of DE genes from host and pneumococcal Upset plots (Figure 

3.8). A. Spn DE genes from Figure 3.8A (horizontal colored bars) in the blood, heart, kidneys, and

lungs (left to right, respectively). B. Host DE genes unique to each organ site from Figure 3.8C (vertical

colored bars) in the blood, heart, kidneys, and lungs (left to right, respectively).

Figure 3. 9 Differentially expressed (DE) genes of the host in the nasopharynx 

Z-scored heatmaps of expression levels of DE genes from host nasopharyngeal samples. Relatively

fewer genes were shared across all host colonized samples versus diseased samples, therefore, unlike

Figure 3.9 where organ-specific subsets of genes that were DE across 3 pneumococcal strains (TIGR4,

D39, 6A-10), the heatmaps presented here encompass all host DE genes for each pneumococcal strain.

A. Heatmap of D39 colonized nasopharynx. B. Heatmap of TIGR4 colonized nasopharynx. C. Heatmap

of 6A-10 colonized nasopharynx.

Figure 3. 14 Differentially expressed (DE) genes of the pneumococcus and the hostFigure

3. 9 Differentially expressed (DE) genes of the host in the nasopharynx 

Z-scored heatmaps of expression levels of DE genes from host nasopharyngeal samples. Relatively

fewer genes were shared across all host colonized samples versus diseased samples, therefore, unlike 

Figure 3.9 where organ-specific subsets of genes that were DE across 3 pneumococcal strains (TIGR4,
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genes that were DE upon invasive infection across 4 sites, followed the same upregulated or 

downregulated trend across all comparisons (Figure 3.7D). Other mouse gene sets of interest 

include 517 DE genes in infected blood, 622 DE genes in infected hearts, 414 DE genes in infected 

lungs, and 385 DE genes in infected kidneys (Figure 3.8). Nasopharyngeal colonized samples 

harbored only few DE genes (Figure 3.9). Lists of all Spn and mouse DE genes are provided in 

Supplemental Tables 3.4 & 3.5, respectively. To confirm RNA-seq DE gene results, we performed 

a cross-platform validation of selected DE genes, 10 pneumococcal and 11 mouse genes, using 

qRT-PCR. A subset of RNA samples that were subjected to RNA-seq, as well as additional 

Figure 3. 10 Log2 Fold Change (LFC) correlation plots of RNA-seq LFC vs qRT-PCR 

∆∆Ct (equivalent to LFC) in pneumococcal infected lung, heart and nasopharynx  

Up- and downregulated genes were selected from the 69 genes differentially expressed at all sites 

relative to the nasopharynx (Figure 3.8B). qRT-PCR was performed on (i) the same RNA samples that 

were sequenced as validation of the RNA-seq measurements, (ii) additional TIGR4 and D39 infected 

hearts that were not subjected to RNA-seq (Note that these RNAs were depleted after completion of 

this experiment). Strong correlations with significant p-values are observed for the 10 genes tested. 

PspA primers were not specific in 6A-10 hence not shown in these plots. Green shadings indicate one 

standard error from the linear regression. A. RNA-seq LFC values calculated using core pneumococcal 

genes shared across 3 strains (TIGR4, D39, 6A-10). B. Strain-specific RNA-seq values. 

Figure 3. 10 Log2 Fold Change (LFC) correlation plots of RNA-seq LFC vs qRT-PCR

∆∆Ct (equivalent to LFC) in pneumococcal infected lung, heart and nasopharynx 

Up- and downregulated genes were selected from the 69 genes differentially expressed at all sites

relative to the nasopharynx (Figure 3.8B). qRT-PCR was performed on (i) the same RNA samples that

were sequenced as validation of the RNA-seq measurements, (ii) additional TIGR4 and D39 infected

hearts that were not subjected to RNA-seq (Note that these RNAs were depleted after completion of

this experiment). Strong correlations with significant p-values are observed for the 10 genes tested.

PspA primers were not specific in 6A-10 hence not shown in these plots. Green shadings indicate one

standard error from the linear regression. A. RNA-seq LFC values calculated using core pneumococcal

genes shared across 3 strains (TIGR4, D39, 6A-10). B. Strain-specific RNA-seq values.
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infected heart samples were tested. Results revealed strong correlations with significant p-values 

between the two platforms (Figures 3.10 and 3.11).  

Figure 3. 11 Log2 Fold Change (LFC) correlation plots of RNA-seq LFC vs qRT-PCR 

∆∆Ct (equivalent to LFC) in the mouse lung 

Up- and downregulated genes were selected from the 190 genes differentially expressed at all infected 

sites relative to uninfected sites, excluding the nasopharynx (Figure 3.8D). qRT-PCR was performed 

on the same RNA samples that were sequenced as validation of the RNA-seq measurements. Strong 

correlations with significant p-values are observed for the 11 genes tested for each individual infecting 

pneumococcal strain. Green shadings indicate one standard error from the linear regression. 

Figure 3. 11 Log2 Fold Change (LFC) correlation plots of RNA-seq LFC vs qRT-PCR

∆∆Ct (equivalent to LFC) in the mouse lung

Up- and downregulated genes were selected from the 190 genes differentially expressed at all infected

sites relative to uninfected sites, excluding the nasopharynx (Figure 3.8D). qRT-PCR was performed

on the same RNA samples that were sequenced as validation of the RNA-seq measurements. Strong

correlations with significant p-values are observed for the 11 genes tested for each individual infecting

pneumococcal strain. Green shadings indicate one standard error from the linear regression.
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4. Key pneumococcal genes expressed during colonization are

distinct from those expressed during infection 

To identify all potentially relevant DE pathways for our datasets, we used complete DE gene lists 

(FDR ≤ 0.05) for pathway enrichment analyses. KEGG pathway analyses (191) of Spn DE genes 

identified several pathways unique to each comparison (Supplemental Table 3.6), two of which 

were shared across all disease anatomical sites relative to the nasopharynx: the ascorbate and 

aldarate metabolism pathway and the pentose and glucuronate interconversions pathway. 

Unsurprisingly, most of the genes in these 2 pathways were present in the 69 DE gene subset 

shared across disease states. Three genes are shared between these two pathways: SP_2033, 

SP_2034, and SP_2035. These genes are part of the ula operon that metabolizes ascorbate and 

aldarate (SP_2031 – SP_2038). An overview of the uptake and conversion of L-ascorbate (L-

ascorbic acid), also known as Vitamin C, by Spn is shown in Figure 3.12A. L-ascorbate is 

transported into the bacteria using a phosphotransferase system (PTS) (SP_2036, SP_2037, and 

SP_2038), where it is ultimately converted into cytidine diphosphate (CDP)-ribitol by other genes 

within the operon together with genes SP_1983, SP_1270, and SP_1271. Of all the genes within 

this pathway, only SP_1983 was not DE above cutoff. CDP-ribitol is essential for bacteria wall 

synthesis (192) and therefore, we hypothesize that interruption of the uptake of L-ascorbate could 

affect nasopharyngeal colonization. 

We also interrogated genes highly expressed by Spn at all anatomical sites, as well as those relevant 

to disease or colonization. Of the 100 most highly expressed Spn genes at each site (Supplemental 

Table 3.6), 52 were shared across all sites (Figure 3.12B & C). While many of these shared genes 

were housekeeping genes (cell division, translation, etc.), two were previously studied potential 

vaccine candidates, lactoferricin-resistance associated PspA and zinc metalloprotease ZmpB (178, 
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179), and another was an oligopeptide transporter operon (amiACDEF) shown to have relevance 

to nasopharyngeal colonization (193). The two vaccine candidates and genes amiA, amiC and 

amiD were also shown to be essential for TIGR4 lung survival in vivo in the signature tagged 

mutagenesis study (187). The identification of these housekeeping genes, virulence factors, and 

operon among the highest expressed genes suggests that the pneumococcus invests significant 

resources to produce these proteins at all anatomical sites.  

Figure 3. 12 Pneumococcal and host genes of particular interest 

A. Schematic view of two potentially interlinked pneumococcal KEGG pathways (Supplemental Table 
3.6): ascorbate & aldarate metabolism, and pentose & glucuronate interconversions. *SP_1983 was the 
only gene not differentially expressed (DE) relative to the nasopharynx. B. Upset plot (see Figure 3.8A) 
of the 100 most highly expressed Spn genes (Supplemental Table 3.6) at each anatomical site (on 
average). C. Absolute gene expression level heatmap of the 52 Spn genes (Supplemental Table 3.6) that 
are highly expressed genes across all sites (black vertical bar from panel B). D. Ingenuity Pathway 
Analysis Activation Z-score heatmaps (average Zscore <-3 or >3) of canonical pathways in host DE 
genes (Supplemental Table 3.7) present in all diseased anatomical sites. Nasopharyngeal pathways are 
not shown as too few host DE genes were observed (see Figure 3.7C).

Figure 3. 16 Pneumococcal and host genes of particular interest

A. Schematic view of two potentially interlinked pneumococcal KEGG pathways (Supplemental Table

3.6): ascorbate & aldarate metabolism, and pentose & glucuronate interconversions. *SP_1983 was the

only gene not differentially expressed (DE) relative to the nasopharynx. B. Upset plot (see Figure 3.8A)

of the 100 most highly expressed Spn genes (Supplemental Table 3.6) at each anatomical site (on

average). C. Absolute gene expression level heatmap of the 52 Spn genes (Supplemental Table 3.6) that

are highly expressed genes across all sites (black vertical bar from panel B). D. Ingenuity Pathway

Analysis Activation Z-score heatmaps (average Zscore <-3 or >3) of canonical pathways in host DE 

genes (Supplemental Table 3.7) present in all diseased anatomical sites. Nasopharyngeal pathways are

not shown as too few host DE genes were observed (see Figure 3.7C).
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5. Host gene signatures reveal induction of the interferon pathway

during invasive disease 

For host datasets, we used Ingenuity Pathway Analysis (IPA) to study all differentially expressed 

(DE) gene lists (FDR ≤0.05, Log2FoldChange <-2 or >2). Key differences between host responses 

during colonization compared to invasive disease were observed. Only ~200 DE genes were 

observed overall during nasopharyngeal colonization compared to ~6000 DE genes on average in 

invaded tissues (Figure 3.7C). A minimal response to strain D39 was observed within the 

nasopharynx, but a robust response from a modest number of genes was mounted with strains 

TIGR4 and 6A-10. Both strains induced a similar pattern of induction of pro-inflammatory 

cytokines considered part of the acute phase response, including C-reactive protein, tumor necrosis 

factor, and interleukin-1. Their expression signature also included genes indicative of 

neutrophilic infiltration, and possibly other leukocytes, such as expression of chemoattractant 

receptors found on myeloid cells including FPR1, FPR2, LTB4R, and CXCR2, formyl peptide 

receptors, and LTB4 receptor. This finding is consistent with previous reports showing that 

nasopharyngeal colonization can lead to recruitment of neutrophils (194, 195). These results 

indicate that nasopharyngeal colonization can induce subclinical inflammation in the nasopharynx, 

and that bacterial strains differ in the extent to which they alter host biology during colonization. 

As in nasopharyngeal colonization, infection with Spn led to the expected induction of host NFB-

dependent pro-inflammatory cytokines typical of the acute phase response; however, both the 

magnitude of induction and number of transcripts associated with this response was much greater 

in infected tissues. In addition, during invasive infection, all tissues – lungs, heart, and kidneys – 

showed enrichment for genes and pathways associated with leukocyte-specific expression likely 
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indicative of an inflammatory infiltrate. To obtain an overview of the differences in host response 

during infection compared to nasopharyngeal colonization common to all infected tissues, we 

focused on the subset of 190 genes induced during infection in blood and all tissues but not during 

nasopharyngeal colonization (green bar, Figure 3.7C). This list showed significant enrichment of 

a number of interferon-stimulated genes, genes usually induced following innate immune sensing 

of viral infection or other abnormal nucleic acids (196), together with typical transcription factors 

and cytokines associated with the interferon response identified as upstream regulators 

(Supplemental Table 3.5). Examination of pathways enriched in the 190 gene set or in the organ-

specific DE genes (Supplemental Table 3.7) showed enrichment of pathways associated with the 

interferon response: interferon signaling, role of pattern recognition receptors in recognition of 

bacteria and viruses, and activation of interferon regulatory factors by cytosolic pattern recognition 

receptors (Figure 3.12D). Some organ-specific patterns in expression changes during Spn infection 

were also observed: Spn infection led to enrichment of coagulation-associated genes in the blood, 

and pathways associated with cytochrome p450-mediated biosynthesis and degradation were more 

altered in the lung than in other tissues (Supplemental Table 3.7). 

6. Deletion of highly expressed pneumococcal genes lowers burden at

corresponding anatomical site 

To confirm the importance of Spn genes identified as highly expressed (Figure 3.12B, 

Supplemental Table 3.6) or differentially expressed (Figure 3.7A, Supplemental Table 3.4) in an 

anatomical-site specific manner (Supplemental Table 3.6), we tested the virulence of their 

respective isogenic mutants versus wildtype control using a competitive index assay. Three out of 

four mutants in genes highly expressed only during asymptomatic colonization (ula operon, 

SP_0368, and SP_1675) were attenuated versus control on day 5 of colonization, each exhibiting 
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an approximate 10-fold reduction in recoverable bacteria from nasal lavage samples. In contrast, 

mutation of SP_2150 (arcC) had no significant effect, although a general downward trend was 

observed (Figure 3.13A). The ula operon is responsible for the import and degradation of ascorbic 

acid (197), SP_0368 encodes an O-glycosidase that may contribute to the scavenging of 

carbohydrates from host glycoconjugates (198), and SP_1675 encodes a kinase (ROK) family 

member (199). The latter are commonly involved in the regulation of sugar utilization networks 

(200). arcC is a member of the arginine deaminase operon which among other functions allows 

the pneumococcus to use arginine as a carbon source (201). Mutants deficient in genes identified 

as highly expressed during pneumonia and invasive disease (SP_0664, SP_1647, SP_1648 and 

SP_1891) were in turn found to be starkly impaired in their ability to cause bacteremia following 

pneumonia (Figure 3.13B). These genes encode ZmpB, endopeptidase PepO, manganese 

transporter PsaB, and AmiA. Our results with these mutants agree with studies that have previously 

linked these proteins to Spn pathogenicity (18, 193, 202, 203). Importantly, experiments performed 

with this panel of mutants in vitro found that only PsaB and AmiA were essential for growth in 

media, thus the requirement for the remainder of proteins was specific to the in vivo condition 

Figure 3.13C).  
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Figure 3. 13 In vivo competition experiments between pneumococcal strain TIGR4 and 

isogenic mutants in highly expressed genes 

Mutants were tested using a completive index assay against wildtype (WT) TIGR4. Paired WT and 

mutant samples are denoted by dots with a connecting dashed line. A. Bacterial titers in nasal lavage 

fluid of colonized mice 5 days post-inoculation with WT TIGR4 and Spn deficient in genes highly 

expressed in the nasopharynx. B. Bacterial titers in the blood of mice 1 day after intratracheal with WT 

TIGR4 and Spn deficient in genes highly expressed during invasive disease. C. Mutants tested in panels 

A and B were tested for overall fitness in Todd-Hewitt both with 0.5% Yeast Extract (THY). 

Competitive index values were calculated by dividing the numbers of CFU for the isogenic mutants by 

those for WT. D. A double mutant, deficient in both ula and SP_1675 was tested versus TIGR4 WT in 

the nasopharynx model of colonization. E. Cross infection experiments in which genes highly expressed 

in nasopharynx (Δula and ΔSP_1675) were tested in the model of lower respiratory tract infection with 

bacteremia. F. Genes highly expressed in disease anatomical sites (∆pepO and ∆zmpB) were tested with 

the nasopharynx model of colonization. For panels A-F, mutants were compared to WT using a paired 

Student’s t-test (* = P<0.5; **= P<0.01; *** = P<0.001; **** = P<0.0001). 

Figure 3. 17 The pneumococcus can rely on the ula operon for growth with ascorbate as

a sole carbon sourceFigure 3. 13 In vivo competition experiments between pneumococcal 

strain TIGR4 and isogenic mutants in highly expressed genes

Mutants were tested using a completive index assay against wildtype (WT) TIGR4. Paired WT and

mutant samples are denoted by dots with a connecting dashed line. A. Bacterial titers in nasal lavage 

fluid of colonized mice 5 days post-inoculation with WT TIGR4 and Spn deficient in genes highly

expressed in the nasopharynx. B. Bacterial titers in the blood of mice 1 day after intratracheal with WT

TIGR4 and Spn deficient in genes highly expressed during invasive disease. C. Mutants tested in panels

A and B were tested for overall fitness in Todd-Hewitt both with 0.5% Yeast Extract (THY).
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Considering that the genes identified as highly expressed during nasopharyngeal colonization are 

presumably involved in the scavenging of nutrients, we hypothesized that their combined deletion 

would have a cumulative effect on Spn growth in the nasopharynx. We observed that Spn can rely 

on the ula operon for growth with ascorbate as a sole carbon source (Figure 3.15), that a double 

Figure 3. 14 Assessment of the interferon response and its contribution to mouse 

protection 

A. IFNα and IFNβ levels in the serum, spleen and hearts of mice experiencing invasive pneumococcal

disease. Each data point represents an individual mouse with statistical analysis performed using a two-

tailed Student’s t-test (* = P<0.5; **** = P<0.0001). B. Mice were administered recombinant IFNβ

(30,000U) in saline or saline alone either intranasally (I.N.; 50μL volume) or intra-peritoneally (I.P.;

100μL volume) 24 hours prior to challenge intratracheally (I.T.) with 5 x 106 CFU or I.P. with 1 x 105 

CFU of TIGR4 in 100μL of saline, respectively. Body condition score and Kaplan-Meier survival of

mice treated with IFNβ versus control following challenge with TIGR4. Body condition score

significance was tested using a repeated measures mixed effects model with Sidak’s multiple

comparison post-test of IFNβ versus saline only within each infection group (** = P<0.01); and survival

significance was assessed by Log-rank Manel-Cox test (pvalues indicated on the graph; n=10 mice per

treatment group). C. Mice were administered 50 μg Poly(I:C) in 100 μL saline I.P. 24 hours prior to

challenge I.P. with 1 x 105 CFU of TIGR4. Survival significance was assessed by Log-rank Manel-Cox

test (p-value indicated on the graph; n=9 mice per treatment group).

Figure 3. 14 Assessment of the interferon response and its contribution to mouse

protection

A. IFNα and IFNβ levels in the serum, spleen and hearts of mice experiencing invasive pneumococcal

disease. Each data point represents an individual mouse with statistical analysis performed using a two-

tailed Student’s t-test (* = P<0.5; **** = P<0.0001). B. Mice were administered recombinant IFNβ 

(30,000U) in saline or saline alone either intranasally (I.N.; 50μL volume) or intra-peritoneally (I.P.;

100μL volume) 24 hours prior to challenge intratracheally (I.T.) with 5 x 106 CFU or I.P. with 1 x 105 

CFU of TIGR4 in 100μL of saline, respectively. Body condition score and Kaplan-Meier survival of

mice treated with IFNβ versus control following challenge with TIGR4. Body condition score

significance was tested using a repeated measures mixed effects model with Sidak’s multiple 

comparison post-test of IFNβ versus saline only within each infection group (** = P<0.01); and survival

significance was assessed by Log-rank Manel-Cox test (pvalues indicated on the graph; n=10 mice per

treatment group). C. Mice were administered 50 μg Poly(I:C) in 100 μL saline I.P. 24 hours prior to

challenge I.P. with 1 x 105 CFU of TIGR4. Survival significance was assessed by Log-rank Manel-Cox 
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mutant lacking the ula operon and SP_1675 was starkly attenuated during colonization in mice 

(Figure 3.13D), and that the double mutant had normal growth in rich medium in vitro (Figure 

3.13C). Importantly, cross-infection, i.e. testing of the mutants necessary for colonization in the 

invasive disease model, and vice versa, revealed that the ula mutant was attenuated for invasive 

disease whereas the SP_1675 mutant was not (Figure 3.13E). Similarly, the pepO mutant was 

attenuated for colonization, but the zmpB mutant was not (Figure 3.13F). Thus, for most genes 

tested, high-level of transcription in the nasopharynx or disease site was indicative of their 

importance under same condition. These findings help prioritize new candidate highly expressed 

Spn genes as targets for intervention. 

7. Interferon contributes to host defense in pneumococcal infection 

In general, type I interferon is not considered to be a protective mechanism during pneumococcal 

infection; albeit a role in alveolar-capillary barrier defense has been described (204, 205). Given 

Figure 3. 15 The pneumococcus can rely on the ula operon for growth with ascorbate as a sole 

carbon source 

TIGR4 and its isogenic mutant Δula were inoculated in Chemically Defined Medium (CDM) supplemented 

with glucose or ascorbic acid as the sole carbon source and allowed to grow for 6 hours. The optical density 

of bacterial cultures is shown. While both TIGR4 and Δula can grow on glucose at the same rate, Δula was 

unable to grow on ascorbic acid as a sole carbon source. 

Figure 3. 19 Z-scored heatmap of host TLR 7, 9, 13, and chaperone protein Unc93b1Figure 3.

20 The pneumococcus can rely on the ula operon for growth with ascorbate as a sole carbon

source

TIGR4 and its isogenic mutant Δula were inoculated in Chemically Defined Medium (CDM) supplemented

with glucose or ascorbic acid as the sole carbon source and allowed to grow for 6 hours. The optical density

of bacterial cultures is shown. While both TIGR4 and Δula can grow on glucose at the same rate, Δula was

unable to grow on ascorbic acid as a sole carbon source.
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the observed enrichment in interferon-stimulated gene expression in infected vs. uninfected organs 

(Supplemental Table 3.5), we sought to confirm the production of interferon within tissues during 

invasive pneumococcal disease and determine its biological consequence. Notably both IFNα and 

IFN were detected in the spleen of infected mice at levels higher than uninfected controls (Figure 

3.14A), with IFN also elevated in serum and the heart of infected mice. One-time intranasal 

pretreatment of mice with IFN (isolated from mouse cells, PBL Assay Science) one day prior to 

intratracheal challenge with Spn TIGR4 reduced morbidity and mortality versus the mock-treated 

controls (Fig 3.14B). Next, we probed the role of interferon in protection against intraperitoneal 

infection. IFN pretreatment alone did not protect mice that were pretreated and challenged 

intraperitoneally with TIGR4 (Figure 3.14B). However, pretreatment with Poly(I:C), a potent 

inducer of both interferon and NFkB dependent pro-inflammatory cytokines, did enhance survival 

of intraperitoneally-infected mice (Fig 3.14C) (205). From these results we infer that the interferon 

response alone primarily confers protection of the airway. However, in combination with other 

activated host defense pathways, it may also confer protection during systemic infection.  

E. Discussion

We report for the first time the shared in vivo pneumococcal and host transcriptome during 

colonization and invasive disease in relevant anatomical sites in mice. We also identify relevant 

highly and differentially expressed bacterial and host genes, while exploring the difference 

between asymptomatic pneumococcal colonization and disease. We also validate the importance 

of differentially regulated genes for in vivo survival of the bacteria and host, respectively. 

We observed major differences between in vitro and in vivo gene expression results, supporting 

the use of the in vivo colonization state as the preferred baseline condition for calculating Spn DE 
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genes rather than an in vitro control. Indeed, Spn transcriptional gene signatures investigated under 

in vitro conditions (5, 109) did not recapitulate our in vivo conditions (Figures 3.4 & 3.5). It is 

reasonable to assume that the differences between in vitro and in vivo conditions are in large part 

due to differences in nutrient availability, the complexity of processes required for sequestering 

nutrients in vivo, oxygen tension, shear forces, and other physical or physiological aspects of in 

vivo conditions. It is also likely that the in vitro conditions used in prior studies, like those we used 

for biofilm formation (5), were optimized for Spn growth, and as such were not accurately 

replicating the physiological environment of the host. The discordance between in vitro and in vivo 

studies further demonstrates the potential drawbacks of using results solely from in vitro studies 

to infer in vivo mechanisms. 

Different Spn strains not only have varied transcriptomic signatures within the same organs in vivo 

(Figure 3.2A) but can also result in disparities of Spn activity at distinct sites (Figure 3.1C). This 

is recapitulated in the host responses to each strain as well (Figure 3.6). The pneumococcus and 

the host differentially expressed different numbers and types of genes at each anatomical site, 

evidenced by our identification of DE gene sets not only commonly expressed across sites but also 

other sets unique to each, with only few host genes DE in the nasopharynx (Figure 3.7A & 3.7C). 

In both these cases, the Spn strain effect can be visualized (Figure 3.8). Genes that are DE follow 

similar trends (i.e. up- or downregulated), but to varied strain-dependent magnitudes. 

We observed that in Spn genes DE only within the blood, multiple metal ion scavenging genes 

were upregulated. Ribosomal proteins were downregulated in the heart possibly suggesting a 

slowdown of translation as the pneumococcus transitions into a biofilm state as previously 

described (5, 206). It is tempting to hypothesize that Spn may have evolved mechanisms enabling 

its transition to a low inflammation-triggering biofilm mode in certain organs. Overall, the 
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pneumococcus is also able to alter its feeding habits, a forte for Spn, respective to each anatomical 

site. We have shown the upregulation of L-ascorbate uptake and degradation in the nasopharynx, 

however genes involved in galactose and lactose utilization were also observed. It is also 

interesting to note that mannose transporter genes were upregulated at all other sites, potentially 

implicating this feeding mechanism in fitness in disease states. 

The identification of targetable highly expressed genes can be particularly useful, especially for 

the development of vaccines. We detected two previously described pneumococcal antigenic 

virulence factors, pspA and zmpB, in our highly expressed gene set. Studies have shown that zmpB 

is conserved across the pneumococcal proteome and is protective in mice (178). However, zmpB 

has also been shown to be present in closely related commensal streptococcal species colonizing 

the human host, thereby possibly limiting its vaccine potential (207). PspA is also present in most 

pneumococcal strains albeit exhibiting different alleles (208), and this protein has also been 

demonstrated to be protective against pneumococcal disease (209). Given that these are core 

proteins, surface exposed, protective, and now found to be broadly highly expressed by the 

pneumococcus in vivo, this makes them potentially powerful candidates for the development of a 

serotype-independent pneumococcal vaccine. 

Zafar et al. identified 375 Spn genes necessary for shedding and transmission using a Tn-seq 

approach (210). Of these, 72 genes were upregulated in the nasopharynx, suggesting that these 

genes could be key factors involved in Spn transmission. Like us they identified that SP_0368 (O-

glycosidase) was upregulated within the nasopharynx, and we demonstrated its importance for in 

vivo colonization using knockout mutants. The dlt locus (SP_2173-SP_2176) was also identified 

by Zafar et al. as one of the major determinants of transmission. Similar Tn-seq studies performed 

in the context of pneumococcal growth in human saliva have identified and validated that the 
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amiACDEF operon that we found highly expressed at all anatomical sites, was essential for 

survival (123). This was also essential in vivo in mice within the lungs and nasopharynx (190) 

correlating well with its high expression at all anatomical sites in our study. Other key genes we 

identified also correlate with survival genes identified by these Tn-seq studies. For example, 3 out 

of the 8 genes of the vitamin C operon, and SP_2150 that were upregulated in the nasopharynx 

relative to all other anatomical sites, were specifically essential in the nasopharynx but not in the 

lung. Similarly, SP_0062 which is part of a phosphotransferase system (PTS), was upregulated in 

the lung in our dataset and shown to be essential in the lung but not the nasopharynx (190).  

Mutants lacking the dltB gene (SP_2175) were shown by Cooper et al. to be selected for during in 

vivo experimental evolution during colonization, probably because the authors removed the 

transmission bottleneck by performing multiple experimental passages (211). Cooper et al. 

hypothesized that the dlt locus was maintained across the pneumococcal population because it is 

required for transmission to new hosts despite increased adhesion and colonization when the locus 

was deleted. Along these lines our results revealed that the dlt locus was not significantly DE 

across organs relative to the nasopharynx and all genes within the locus were robustly expressed 

at all sites. These studies suggest a complex regulatory program of the dlt locus during host-

pathogen interactions. 

Warrier et al. used data from a variety of RNA sequencing techniques focused on Spn strain TIGR4 

to characterize the complex operon architecture of the pneumococcus (124). They identified 474 

potential multigene operons with experimental support. They also identified a regulatory element 

pyrR (SP_1278), essential for virulence and colonization. We found pyrR to be upregulated within 

the blood, kidneys, and heart relative to the nasopharynx, validating its role in virulence and 

infection. Our 2 operons (ula SP_2033-SP_2038 & SP_1266-SP_1271) upregulated in the 
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nasopharynx (Figure 3.12A) were also detected in the Warrier et al. dataset. A microarray study 

involving strains of serotype 4 (WCH43) and serotype 6A (WCH16) also identified the ula operon 

as upregulated in the nasopharynx relative to the blood, from a total of 62 DE genes. They also 

showed that a ula knockout mutant had no significant effect on pneumococcal virulence (212). 

While we also showed that an ula knockout mutant is only mildly attenuated, our double knockout 

mutant adding the SP_1675 gene was significantly attenuated in colonization. The other operon 

consists of lic proteins and phosphorylcholine uptake genes (45) (SP_1266-SP_1271) known to be 

involved in teichoic acid synthesis (192). The link found between the two operons suggesting 

activated teichoic acid and bacterial cell wall synthesis, and the resources invested by the 

pneumococcus for nasopharyngeal colonization, demonstrate the importance of these genes in the 

initial stage of interactions with the mammalian host. 

Figure 3. 16 Z-scored heatmap of host TLR 7, 9, 13, and chaperone protein Unc93b1 

These host genes are upregulated under conditions of particular interest within the blood and lungs, as 

compared to the study by Famà et al. 2020. 
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It has previously been shown that type I interferon decreases expression of Platelet-Activating 

Factor receptor (PAFr), a pneumococcus binding receptor, and this inhibits pneumococcal 

transmigration across epithelial and endothelial cell barriers in the airway, preventing invasive 

disease (204). Our in vivo results revealed a strikingly consistent interferon-stimulated gene 

expression signature during acute invasive infection. Enhanced survival of intratracheally IFN-

pretreated mice during the following the onset of disease provides further evidence for this 

protective effect. Several previous studies have noted induction of interferon stimulated genes 

during pneumococcal infection and have proposed two main models as a cause. Firstly, the 

STING/cGAS cytosolic DNA sensing system has been shown to recognize Spn nucleic acids 

(213). Signaling from well-known bacterial recognition receptors such as Toll-like receptors 

(TLRs) also lead to activation of both NFB and interferon regulatory factors (IRFs) that mediate 

the interferon response. Famà et al. demonstrated the effect of nucleic acid sensing TLRs upon 

pneumococcal infection in mice (214). TLR7, TLR9, TLR13 and chaperone protein UNC93B1, 

responsible for TLR trafficking out of the endoplasmic reticulum, were shown to control 

pneumococcal infection as knockout mice lacking these genes were moderately to highly 

susceptible. Examining the levels of these genes within our dataset shows their upregulation at 

different sites, mainly the blood and lungs (Figure 3.16), albeit not all passed the DE FDR cutoff 

of ≤0.05 (Supplemental Table 3.5). 

Secondly however, leakage of mitochondrial DNA from damaged mitochondria in stressed or 

dying cells is also a potential ligand for STING/cGAS (215-217). Since Spn invasion causes cell 

stress and death, DNA from damaged mitochondria or dying cells would be another potential 

trigger of the interferon response during invasion. While Skovbjerg et al. observed the upregulation 

of interferon related genes in vitro in human monocytes exposed to intact and autolyzed Spn (218), 
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they also demonstrated that it was the intact bacteria that were responsible for interferon 

stimulation, suggesting that exogenous pneumococcal DNA/RNA from autolyzed bacteria may 

not be the only stimulant to the interferon pathway. A subset of the host interferon-related genes 

from a different study (identified by Pattern B in Figure 1, Skovbjerg et al.) were also upregulated 

across all infected tissues in our study. Notably, we observed that pretreatment with IFN alone 

was not protective in mice challenged intraperitoneally (Figure 3.14C). This may be due to our use 

of a single treatment regimen, the fact that the bacteria in the peritoneum do not require invasion 

to gain access to the bloodstream (and intraperitoneal challenge is therefore considered to be a 

highly lethal infection model), or that the main target of IFN is instead the lungs. Yet, we 

observed that pretreatment with Poly(I:C) conferred protection in this infection model, suggesting 

that a mixed interferon and NFκB response has additional effects, most likely occurring at the 

myeloid cell level, that confers protection during systemic disease. In general, our findings 

corroborate the prevalence of the interferon responses to Spn infection in mice and its importance 

in protecting against onset of lethal pneumococcal pneumonia. 

Previous studies have shown interactions between the pneumococcus and host cell receptors, 

including PAFr, Polymeric-Immunoglobin Receptor (pIgR), and Laminin Receptor (Rspa), that 

facilitate pneumococcal invasion (219-221). We observed that PAFr and pIgR were upregulated 

in the lungs, blood, and heart as they encounter the pneumococcus. This could suggest that the 

pneumococcus initiates a feedback invasion mechanism, whereby host receptors hijacked for 

invasion are being upregulated, allowing for more invasion. However, for Rspa, changes were only 

observed for strain TIGR4, with downregulation in TIGR4 infected blood, and upregulation in 

TIGR4 infected kidneys. Another receptor, found in B-cells, CD22 was shown to be important for 

host resistance to the pneumococcus (222). It was consistently downregulated in all our infected 
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blood samples but not at other sites, leaving the host susceptible to further infection, and possibly 

explaining the high titers of Spn we observed in the blood. 

In summary, using multiple pneumococcal strains in our in vivo transcriptome dataset, as well as 

multiple anatomical sites within the host, allowed us to identify shared and strain/organ-specific 

responses to infection in the pneumococcus and in mice. The focus on core pneumococcal genes 

shared across the three genetically different strains tested makes it likely that other pneumococcal 

strains will exhibit similar responses to those identified here when they encounter the host. 

Exploration of our key shared and organ specific host genes and pathways, and their human 

orthologs, will provide a robust rationale for designing follow-up studies in other mammalian 

models and in humans. We demonstrated that the mechanisms of sensing, adaptation, and response 

of Spn to its host and the host to different Spn isolates are complex, and strikingly different between 

colonization and disease states. 

While we identified pneumococcal and mouse genes playing key roles in host-pathogen 

interactions, not all of these may be directly relevant in humans, and other important genes have 

likely been missed. A number of Spn proteins or components have been shown to be strictly 

restricted to interactions with human cell moieties (223-228) and will not have been interrogated 

in our mouse models. Similarly, not all mouse responses are directly applicable to human 

responses and several human-specific responses were likely not observed in this study. Validation 

of the bacterial and host genes identified here in the human setting, or in models more closely 

recapitulating human systems will be required. Despite these obvious caveats, we believe that the 

atlas of transcriptional responses during host-pathogen interactions presented here will constitute 

an essential resource for the pneumococcal and microbial pathogenesis research communities, and 
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serve as a foundation for identification and validation of key host and pneumococcal therapeutic 

targets in future studies. 

F. Materials and methods

All transcriptomics data generated as a part of this study have been deposited at the Gene 

Expression Omnibus repository under accession number: GSE150788. Additional information 

about Materials and Data availability including genome accession numbers, bacterial strains and 

constructs, mice, reagents, and software packages, are available in Supplemental Table 3.8. Details 

on bacterial growth, mouse housing and RNA-seq procedures are provided in Appendix 1. 

1. Collection of samples for RNA isolation

Mice were anesthetized using vaporized isoflurane at 2.5-3% during experimental challenge. For 

asymptomatic nasopharyngeal colonization mice were inoculated with 105 CFU of Spn in 10 µl 

saline with samples collected on day 7 (194). For pneumonia, mice were challenged with 105 CFU 

of Spn in 100 µl saline by forced aspiration with lungs collected on day 2 (229). For invasive 

disease, mice were challenged intraperitoneally with 104 CFU of Spn in 100 µl saline with blood, 

heart, and kidneys collected between 30-36h post-challenge. Data generated from TIGR4 infected 

blood and heart samples were from a previously published study by our group, with mice infected 

in the same fashion (5). Prior to tissue collection, mice were euthanized by inhalation of vaporized 

isoflurane (5% over oxygen) and confirmed by cervical dislocation, bilateral pneumothorax, or 

cardiac puncture according to approved protocols. For nasopharynx samples, euthanized mice 

were decapitated, exterior skin removed, brain and cerebral column excised, and the skull 

defleshed. The skull and oropharynx were subsequently crushed in RNA Protect Bacteria Reagent 
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(Qiagen) and stored at -80°C. For blood, samples were obtained by exsanguination via retro-orbital 

bleed, mixed with RNAprotect Bacteria Reagent, and stored at -80°C. For lungs, heart, and 

kidneys, organs were excised, minced down to 1 mm3 fragments with a sterile razorblade, then, 

and repeated as necessary, rinsed with ice-cold PBS and gently pressed to the point that blood no 

longer effused from the tissue. Samples were then placed into RNA Protect Bacteria Reagent, and 

stored at -80°C. 

2. RNA isolation, library construction, sequencing, and

transcriptomics data analyses 

These procedures were performed as previously described (5), with minor modifications as 

detailed in Appendix 1. The numbers of reads generated for each sample are provided in 

Supplemental Table 3.1. Common and unique differentially expressed (DE) genes for both species 

were determined using gene list intersections and individual heatmaps of DE genes were generated 

based on Z-scores of Variance Stabilized Transformation counts (230) (Figures 3.7 & 3.12)  

(Supplemental Table 3.2). Pneumococcal and mouse DE genes are provided in Supplemental 

Tables 3.3, 3.4 & 3.5. See Supplemental Table 3.8 for package source/documentation & Data and 

Code Availability for additional parameters used in DE gene estimation or heatmap generation. 

3. Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway

analysis 

Bacterial DE gene lists were used to determine DE KEGG (191) pathways (with an adjusted p-

value<0.05) (Supplemental Table 3.6) using R package KEGGprofile in Rstudio (See 

Supplemental Table 3.8 for package source/documentation & Data and Code Availability for 

additional parameters).  
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4. Ingenuity Pathway Analysis (IPA)

Mouse DE gene lists were filtered using a Log2 Fold Change cutoff (LFC >2 and <-2) and uploaded 

into Ingenuity Pathway Analysis (231) (QIAGEN Inc., 

https://www.qiagenbioinformatics.com/products/ingenuitypathway-analysis). Core analyses were 

conducted on each DE gene list per Spn strain using default parameters. Canonical pathways were 

determined using the mouse database with default parameters, on mouse organ systems. Analyses 

were then compared across organ types to estimate core pathways, and across Spn strains for organ 

specific responses (Figure 3.12). Canonical pathway data was exported (Supplemental Table 3.7) 

for use in Rstudio. Heatmaps of canonical pathways were generated for those meeting an average 

Z-score cutoff of >3 and <-3 (Nasopharynx samples did not meet this cutoff), in Rstudio (See Data

& Code Availability). 

5. qRT-PCR cross-platform validation of RNA-seq

For qRT-PCR validation, we selected 10 pneumococcal genes and 11 mouse genes that were up- 

or downregulated from the 69 Spn shared DE genes at all sites vs. nasopharynx, and 190 host DE 

genes identified from all diseased sites. Control genes for Spn and host were selected based on 

high expression at all anatomical sites and low variation in expression (<0.5 standard deviation). 

Primers for Spn were designed using NCBI-Primer BLAST, and those for the mouse were obtained 

from PrimerBank (232-234). These primer pairs are listed in Supplemental Table 3.8. We used the 

Qiagen QuantiTect SYBR® Green RT-PCR Kit and generated correlation curves of qRT-PCR 

∆∆Ct values (equivalent to Log2 Fold Change (LFC)) to RNA-seq LFC. These revealed strong 

correlations with significant p-values between the two platforms (Figures 3.10 and 3.11). 

https://www.qiagenbioinformatics.com/products/ingenuitypathway-analysis
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6. In vivo competition experiments and assessment of interferon-

mediated protection 

Experiments were performed using mouse models of asymptomatic nasopharyngeal colonization, 

lower respiratory tract infection with bacteremia, and intraperitoneal challenge with disseminated 

disease. For competition assays, logarithmic growth phase Spn TIGR4 strain and its isogenic 

mutant were mixed at a 1:1 ratio. In all instances, isoflurane-anesthetized C57BL/6 mice were 

inoculated either intranasally (10µl in 105 CFU), intratracheally (100µl in 105 CFU), or 

intraperitoneally (100µl in 104 CFU) with physical assessment using a body condition index (194), 

and nasal lavage and blood collected for enumeration of pneumococci at designated time points. 

Bacterial titers in the nasopharynx were determined day 5 post-challenge. For competition 

experiments involving pneumonia with bacteremia, bacterial titers in the blood were determined 2 

days post-challenge. For both nasal lavage samples and blood, the number of bacteria present in 

collected fluids was determined by serial dilution of the sample, plating on blood agar plates, and 

extrapolation from colony counts the next day. For in vitro experiments testing fitness, the 

competitive index of each mutant strain was calculated using the following equation: (mutant 

output CFU/WT output CFU)/(mutant input CFU/WT input CFU). Centrifuged spleen 

homogenates from mice challenged intraperitoneally with 104 CFU of TIGR4, alternatively 

uninfected control mice, were used to determine the IFNα and IFNβ responses to invasive 

pneumococcal disease. For experiments with IFNβ mice were administered 30,000 U of 

recombinant mouse IFNβ in 50 µl or 100 µl PBS by intranasal instillation or intraperitoneal 

injection, respectively, 1 day prior to challenge with TIGR4. For Poly(I:C) experiments, mice were 

administered 50 µg Poly(I:C) in 100 µl PBS by intraperitoneal injection 1 day prior to 
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intraperitoneal challenge with TIGR4. In all experiments, control mice were administered PBS 

alone without challenge recombinant protein, drug, or bacteria. 

7. Data and code availability

R code/scripts used to generate figures and data presented is available on GitHub at 

https://github.com/admelloGithub/InVivoSpn 

G. SI Appendix 1

1. Bacterial strains

Streptococcus pneumoniae (Spn) strains used in this study are listed in the Supplemental Dataset 

8. Pneumococci were grown in Todd-Hewitt broth supplemented with 0.5% yeast extract (THY)

or on tryptic soy blood agar plates at 37°C in 5% CO2. Isogenic mutants were created by allelic 

exchange in strain TIGR4 (235). Mutagenic PCR constructs were generated by amplifying the 

upstream and downstream DNA fragments flanking the gene(s) of interest followed by the 5’ and 

3’ integration of these fragments with the Sweet Janus Cassette using a HiFi assembly master mix 

(NEB). Transformation of TIGR4 with the mutagenic construct (100ng/ml) was induced using 

competence-stimulating peptide variant 2 (CSP-2) as described (236). Blood agar plates 

supplemented with kanamycin (300 mg/L) were used for selection. To create the double mutant, 

∆ula/SP_1675, the Sweet Janus Cassette from ∆ula mutant was replaced by a construct containing 

a clean deletion of the ula operon. In this instance streptomycin (200 mg/L) was used for selection. 

2. Mice

Animal experiments were carried out using male and female mice 6 to 12 weeks of age. Wildtype 

C57BL/6 were supplied from The Jackson Labs (Ellsworth, Maine) and housed at the University 

of Alabama at Birmingham Animal Facilities for at least 1 week prior to their use. All animal 

https://github.com/admelloGithub/InVivoSpn
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experiments were performed using protocols approved by the University of Alabama at 

Birmingham IACUC (protocols #21152 and #21231). 

3. RNA isolation

On the day of RNA extractions, samples were thawed and spun down to discard the supernatant. 

Pellets were then incubated in 100 μL of lysis buffer (10 μL of mutanolysin, 20 μL of proteinase 

K, 30 μL of lysozyme, 40 μL of TE buffer) for 10 minutes. Pellets were mechanically disrupted in 

600 μL RLT buffer (RNeasy Mini Kit, Qiagen) containing 1% -mercaptoethanol, using a 

motorized pestle for 30 seconds. Samples were then spun through a Qiashredder followed by 

addition of 590 μL of 80% ethanol, and RNA was captured on the RNeasy Mini Kit columns with 

DNase treatment on column (Qiagen protocol), followed by additional DNase treatment in 

solution. Extracted RNA was quantitated using a Bioanalyzer. Ribosomal RNA was depleted using 

the Ribo-Zero rRNA Removal Kits for Gram-positive bacteria and/or for human/mouse/rat 

(Illumina). 

4. RNA library construction and sequencing

300 bp-insert RNA-seq Illumina libraries were constructed using 0.01 – 2.0 μg of enriched mRNA 

that was fragmented then used for synthesis of strand-specific cDNA using the NEBnext Ultra 

Directional RNA Library Prep Kit (NEB-E7420L). The cDNA was purified between enzymatic 

reactions and the size selection of the library performed with AMPure SpriSelect Beads (Beckman 

Coulter Genomics). The titer and size of the libraries was assessed on the LabChip GX (Perkin 

Elmer) and with the Library Quantification Kit (Kapa Biosciences). RNA-seq was conducted on 

150 nt pair-end runs of the Illumina HiSeq 4000 platform using two or three biological replicates 

(organs from different mice) for each condition. The numbers of reads generated for each sample 

are provided in Supplemental Table 3.1. 
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5. Transcriptomics data analyses and differential gene expression 

calculations 

FASTQ files were mapped to their respective genomes using HISAT2 (237) for Mus musculus and 

Bowtie (238) for pneumococcal genomes of D39, TIGR4, and 6A-10 (see reference genome 

information in the Supplemental Table 3.8). Reads mapped to each respective genome were 

tabulated in Supplemental Table 3.1. Gene expression counts for all samples were then estimated 

using HTseq (239). All sample counts for the mouse data were tabulated in Supplemental Table 

3.2. For bacterial counts, core genes without paralogs were determined for D39, TIGR4, and 6A-

10 using PanOCT (168). Paralogs were removed because they could lead to potential biases in 

differential gene expression from a core perspective, due to reads mapping to multiple paralogs in 

a respective genome. Counts were then tabularized for analysis based on core genes, using TIGR4 

locus tags as identifiers in Supplemental Table 3.2. Counts tables were then imported into Rstudio 

for analyses and estimation of differentially expressed (DE) genes. Rarefaction curves in Figure 1 

were generated from HTseq counts data (See Data & Code Availability). Principal Component 

Analyses (PCAs) and dendrograms in Figures 3.2 & 3.6 were generated using various R packages 

(see Supplemental Table 3.8) based on normalized Variance Stabilized Transformation (VST) 

counts acquired using the DESeq2 R package (230). For mouse DE gene estimation, 

infected/colonized tissues were compared to their respective uninfected tissue control samples as 

the baseline using DEseq2 and filtered using an FDR cutoff of 0.05. For bacterial DE gene 

estimation, each infected tissue was compared to the nasopharyngeal colonization state as the 

baseline, while accounting for strain differences within core genes using DEseq2 and filtered using 

an FDR cutoff of 0.05. Common and unique DE genes for both species were determined using 

Upset plots and individual heatmaps of DE genes were generated based on Z-scores of VST counts 
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(Supplemental Table 3.2). Pneumococcal and mouse DE genes are provided in Supplemental 

Table 3.3, 3.4 & 3.5. See Supplemental Dataset 3.8 for package source/documentation & Data and 

Code Availability for additional parameters used in DE gene estimation or heatmap generation. 

H. Supplementary data

Supplementary data, tables and figures are available online at PNAS at 

https://www.pnas.org/content/117/52/33507 

https://www.pnas.org/content/suppl/2020/12/09/2010428117.DCSupplemental 
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IV. Chapter 4: Influenza A virus modulation of Streptococcus pneumoniae

infection using an ex vivo human primary lung epithelial cell model 

Preface 

This chapter fulfills Specific Aim 3 Validate mice and pneumococcal predicted pathways from in 

vivo experiments using an ex vivo human lung model infected with S. pneumoniae through dual 

RNA-seq. Here, we will identify host-pathogen gene expression and pathways in the 

pneumococcus and human lung epithelial cells during Streptococcus pneumoniae infection and 

co-infection with influenza A virus, with multi-species RNA-seq. 

A. Abstract

Streptococcus pneumoniae is a known colonizer of the nasopharynx and can cause pneumonia and 

disseminated disease at various host anatomical sites. Transition from pneumococcal host 

colonization to invasive disease is not well understood. Studies have shown that such a transition 

can occur during influenza virus co-infections. We investigated the pneumococcal and host 

transcriptomes with and without influenza A infection at this transition, using primary Human 

Bronchial Epithelial Cells (nHBEC) in a trans-well monolayer model at an Air-Liquid Interface 

(ALI), with multi-species deep RNA-seq. Distinct pneumococcal gene expression profiles were 

observed in the presence and absence of influenza. Influenza co-infection allowed for significantly 

higher pneumococcal growth in the presence of host nHBEC and triggered bacterial expression of 

differential metabolic profiles. Host nHBEC transcriptomes were not significantly perturbed by a 

6h pneumococcal infection. Infection with influenza alone or pneumococcal with influenza 

induced host differential expression of thousands of host genes. Analysis of these host and 
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pneumococcal transcriptomes helps shed light on the transitionary process of pneumococcal 

invasion upon influenza co-infection. 

B. Background 

Streptococcus pneumoniae, a known colonizer of the nasopharynx, and most common cause of 

community acquired pneumonia, has also been shown to be one of the most frequent forms of 

bacterial co-infection following influenza virus infection (240). It has been established that 

influenza infections predispose the host to secondary bacterial infections, including during past 

influenza pandemics and epidemics (241). The elderly and infantile are the most vulnerable to fatal 

outcomes of influenza infections in the form of respiratory and circulatory deaths (242, 243). These 

demographics overlap with those susceptible to pneumococcal colonization and invasive disease. 

These secondary bacterial co-infections have also been associated with increased severity and 

mortality rates due to bacterial pneumonia (56, 244). However, there is significant overlap in the 

symptoms of influenza and bacterial co-infections, making such superinfections a challenging field 

of study (240). 

Multiple studies have investigated the role of influenza and the pneumococcus in superinfections. 

Influenza infections showed increased pneumococcal burdens in murine lungs and nasopharynxes 

(245). Investigations into pneumococcal host-to-host transmission also revealed increased 

bacterial transmission due to influenza pre-infections in mice (245) but reduced influenza 

transmission (246). One study has investigated the pneumococcal genes involved in transmission 

using transposon sequencing (Tn-Seq) in a ferret model, identifying key pneumococcal gene sets 

important for transmission (112) . Yet another investigated pneumococcal virulence factors in 

influenza superinfections using CRISPRi-seq (based on a doxycycline inducible CRISPR-Cas9 
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system that can turn genes on or off), showing involvement of pneumococcal capsule and the 

adenylsuccinate synthetase gene purA (247). Other forms of sequencing-based studies including 

RNA-seq have highlighted key genes such as the pneumococcal two-component system SirRH, 

that increases pneumococcal survival in influenza infected A549 cells (248). Pre-incubation of 

influenza with the pneumococcus prior to host infection has also resulted in increased virulence 

and bacteremia in mice (249). As for the host’s influence on this process, several major genes and 

chemokines have been identified such as IL-17, IL-23, IL-12, CD200, type I interferon genes, etc. 

(56, 250). These studies, some of which are discussed below in the context of our results, offer 

conclusive pneumococcal and host markers of superinfections. We validated and expanded upon 

these markers in a human primary lung epithelial cell superinfection model, consisting of human 

tracheobronchial tissues cultured at ALI, stimulating their differentiation to multiple airway 

epithelial phenotypes (ciliated, mucous, and non-ciliated, non-mucous club cells) in proportions 

similar to mature mammalian airways. 

Genes involved in the process of the bacterial transition into an invasive state in the lung, using a 

human lung primary differentiated cell epithelial layer, have not been previously studied. This 

experimental design provides epithelial cell-specific transcriptomic responses from a host 

perspective. We hypothesize that Influenza infection alters the expression profile of the lung 

epithelial barrier, rendering it more permissive to pneumococcal invasion and growth. 

Streptococcus pneumoniae adapts to this new environment by changing its gene expression 

program to acquire nutrients, invade the epithelium and cause disease. Here we explored the 

transcriptome of the pneumococcus strain EF3030, a pneumonia causing strain, and the human 

lung epithelium in the presence and absence of influenza A virus pH1N1, using multi-species 
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RNA-seq. Our results shed light on the genes involved in the superinfection process from a 

bacterial and host perspective. 

C. Results

1. Streptococcus pneumoniae engages in distinct gene expression

profiles on primary human lung epithelial cells with and without influenza 

To acquire the human lung epithelial and pneumococcal transcriptome in the context of influenza 

presence or absence, we infected our primary nHBEC cells with influenza A virus pH1N1 for 72 

hours followed by Spn EF3030 for 6h (See Methods), and performed multi-species RNA-seq. For 

our samples, these are the pneumococcal and influenza signals relative to human lung epithelial 

cell gene expression. 

One caveat of multi-species RNA-seq that commonly occurs is significantly lower sequencing 

read amounts for the less dominant species (251). To ensure adequate sequencing depth for robust 

interrogation of the EF3030 transcriptome, we generated saturation curves for all our 

pneumococcus-infected samples (Figure 4.1A). We observed high coverage of our in vitro EF3030 

and Host+EF3030+pH1N1 samples, as those saturation curves plateau for over 95% of EF3030 

protein coding genes. Our Host+EF3030 samples were also approaching the same level of 

saturation for those same genes, allowing us to perform robust analyses of bacterial signals across 

all conditions tested. 
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To acquire an estimate of the overall quality of our EF3030 samples and reproducibility across our 

biological replicates, we performed a principal component analysis (PCA) and a hierarchical 

clustering of genome-wide bacterial expression profiles (Figures 4.1B and 4.1C). The PCA (Figure 

4.1B) showed the formation of 3 clusters corresponding to our different EF3030 sample types. 

PC1 captured ~47% of the overall variation in EF3030 gene expression, with the most difference 

observed between in vitro EF3030 and EF3030 encountering the human lung epithelium (no 

Figure 4. 1 Rarefaction curves and estimation of pneumococcal and viral burdens. 

A. Saturation curves of EF3030 samples. Samples whose curves plateau or approach plateauing harbor

enough reads across >95% of EF3030 genes. B. PCA of EF3030 samples clustering by condition. C.

Bootstrapped dendrogram of EF3030 showing replicate clustering of EF3030 samples with relative

distances. D. Read mapping percentages averaged across 3 replicates for EF3030 (top) and pH1N1

(bottom).
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influenza: Host+EF3030). However, expression profiles of Host+EF3030+pH1N1 formed a 

cluster located between in vitro EF3030 and Host+EF3030 along PC1. This suggests that a number 

of EF3030 genes are in a transitional expression state when compared to in vitro EF3030 and 

Host+EF3030. PC2 also captured a significant amount of variation at ~25%, separating the 

presence of pH1N1 infection of the human lung epithelium for EF3030 genes. This also suggests 

that certain EF3030 genes might respond to the virus directly or indirectly during the lung 

epithelial cell infection process. The hierarchical clustering dendrogram (Figure 4.1C) of EF3030 

samples showed excellent clustering for each sample type with high bootstrap values and short 

branch lengths between biological replicates. One of the key observations we made from the reads 

mapping to the EF3030 genome, was that the proportion of reads that mapped to EF3030 were 

significantly higher for Host+EF3030+pH1N1 relative to Host+EF3030 (Figure 4.1D top), with 

~30x more bacterial reads mapped from Host+EF3030+pH1N1 samples. A similar observation 

was made for pH1N1 reads in Host+EF3030+pH1N1 compared to Host+pH1N1, albeit it was not 

as stark of an increase with ~2x more reads mapping. These results are likely not directly 

representative of true measures of CFUs of EF3030 in these samples (Figure 4.1D top), but we 

observed a 6x increase in bacterial CFUs from an apical wash of infected transwells in our pilot 

experiments following identical infection protocols (Figure 4.2). This correlates with known 

increases in pneumococcal burden upon influenza infection (245). 
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Figure 4. 2 EF3030 CFUs recovered from an apical wash of the Air Liquid Interface 

transwell lung epithelial system.  

Red dotted line is mean of EF3030 recovered from 1000 CFU inoculated into BLM media (with no 

epithelial cells). Black dotted lines enclose +/- standard error of mean (SEM 1.32E6 +/- 2.07E5).  

4.63E5 +/- 2.75E5 Mean and SEM for No IAV CFU (NIC) per apical wash. 

3.14E6 +/- 4.96E5 Mean and SEM for + IAV CFU per apical wash. 
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Figure 4. 3 Differentially Expressed (DE) EF3030 genes. 

A. Upset plot of EF3030 DE genes. The individual or connected dots represent the various intersections

of genes that were either unique to, or shared among comparisons, similar to a Venn diagram. Vertical

bars represent the number of DE genes unique to specific intersections. Horizontal bars represent the

number of DE genes for each specific comparison. B. Z-scored heatmap of expression levels of genes

from the red intersection column of panel A. C. Z-scored heatmap of expression levels of genes from

the orange intersection column of panel A. D. Z-scored heatmap of expression levels of genes from the

blue intersection column of panel A.
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2. Statistical analysis of significantly differentially expressed

Streptococcus pneumoniae genes reveal different responses to primary 

human lung epithelial cells with and without influenza 

To identify the major EF3030 gene responses to epithelial cells, and epithelial cells with pH1N1, 

we performed a differential expression analysis using DEseq2 (230). We queried differentially 

expressed (DE) genes for the comparisons of Host+EF3030 relative to in vitro EF3030, 

Host+EF3030+pH1N1 to in vitro EF3030, and Host+EF3030+pH1N1 to Host+EF3030, 

considering only DE genes that passed a DEseq2 FDR cutoff of ≤0.05 and an absolute Log2 Fold 

Change (LFC) of ≥1. Figure 4.3A highlights 3 sets of DE genes that were shared among certain 

comparisons. The red column shows 163 DE genes shared between the Host+EF3030 vs EF3030, 

and Host+EF3030+pH1N1 vs EF3030 comparisons. This suggests that these genes are modulated 

by EF3030 upon encounter of the human lung epithelium. The orange column consists of 80 genes 

DE in all 3 comparisons, suggesting regulation of these EF3030 genes constitutes a core host-

pathogen interaction process. The blue column identifies 52 DE genes shared between the 

Host+EF3030+pH1N1 vs EF3030 and Host+EF3030+pH1N1 vs Host+EF3030 comparisons, 

suggesting these EF3030 genes are regulated in the presence of pH1N1. Heatmaps of normalized 

gene expression values (Supplemental Table 4.1) of these 3 sets of DE genes are presented in 

Figures 4.3B, 4.3C and 4.3D, respectively. Figure 4.3B shows a clear differential regulation of the 

163 genes, approximately half of which are upregulated on the human lung epithelium regardless 

of viral infection. Figure 4.3C shows a more complex pattern of expression of the 80 genes shared 

across comparisons. The majority of these show a pattern of strong upregulation of EF3030 genes 

upon interaction with the human lung epithelium but a relatively lower upregulation in the 

presence of influenza co-infection. This trend is reminiscent of the sample clustering observed in 
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the PCA plot (Figure 4.3B) along PC1. Figure 4.3D reveals a clear pattern of gene expression 

associated with host-pathogen interactions involving the presence of prior viral infection. Entire 

DE gene lists from Figure 4.3 and the subsets detailed here (columns of Figure 4.3A) are provided 

in Supplemental Table 4.2. 

3. Weighted Gene Co-expression Network Analysis (WGCNA) of

bacterial transcriptomes captures additional genes associated with host-

pathogen interactions 

Figure 4. 4 Weighted Gene Co-expression Network Analysis (WGCNA) clusters of 

EF3030 gene expression.  

A. Z-scored heatmap of expression levels of 835 EF3030 genes clustering in four modules – black, blue, 
dark green & pale violet, from top to bottom). B-E. PCA plots based on the genes in each module –

black, blue, dark green & pale violet, respectively.
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We implemented WGCNA to supplement DE genes following the 3 major patterns of EF3030 

gene expression observed in Figure 4.3. Gene modules were predicted by WGCNA analysis 

applied to normalized expression values of ~1900 EF3030 genes (Supplemental Table 4.1). 

WGCNA identified 4 modules of EF3030 gene expression, consisting of 835 genes (Figure 4.4A), 

that fit patterns of interest observed with DE gene sets. The black module consisted of 330 genes 

regulated specifically when EF3030 encountered the human lung epithelium. The blue module 

consisted of 193 genes that were more relevant to EF3030 specifically in the absence of a pH1N1 

infection, as they were more similar to the in vitro expression profile. The dark green module 

encompassed 204 genes regulated differently in pH1N1 presence and absence, following the major 

transitionary pattern of expression seen in Figure 4.3C. The final pale violet module comprised 

108 genes most relevant to host-pathogen interactions in the presence of pH1N1. In order to 

visualize the relevance of these modules and assign a numerical value to their importance, we 

generated PCA plots of the gene subsets from each of these modules in Figures 4.4B-4.4E. The 

330 EF3030 genes of the black module (~17% of all EF3030 genes) capture ~78% of the variation 

along PC1 separating in vitro EF3030 and Host+EF3030 (Figure 4.4B), while PC2 only captured 

subtle differences (~8%) in biological replicates. The 193 EF3030 genes of the blue module (~10% 

of all EF3030 genes) capture ~84% of the variation along PC1 separating Host+EF3030 

interactions specifically in the absence of pH1N1 infection (Figure 4.4C), with PC2 only capturing 

subtle differences (~8%) in in vitro EF3030 and Host+EF3030+pH1N1 samples. The 204 EF3030 

genes of the green module (~11% of all EF3030 genes) capture ~89% of the variation along PC1, 

revealing genes important to both Host+EF3030 and Host+EF3030+pH1N1 states to different 

degrees, with PC2 accounting for ~4% of replicate variation. Lastly, the 108 genes of the pale 

violet module (~5.5% of all EF3030 genes) capture ~88% of the variation along PC1 
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demonstrating genes most important in the context of prior pH1N1 infection, with PC2 again 

accounting for ~4% of replicate variation. These modules encompassing 835 EF3030 genes (~43% 

of all EF3030 genes) clearly condense the most important genes involved in these specific contexts 

of host-pathogen interactions and are more associated to specific conditions (pH1N1, Host, or 

Host+pH1N1) than other genes in this dataset. However, not all the genes identified in modules 

are necessarily of relevance to the condition considered, and some spurious correlations may exist. 

The list of all these genes and their normalized expression values are listed in Supplemental Table 

4.3. 

4. Streptococcus pneumoniae exhibits different metabolic profiles

during human lung epithelium infection compared to co-infection with 

influenza 

Figure 4. 5 EF3030 genes of interest. 

A. Upset plot of the top 100 most highly expressed genes in each condition. 14 genes are shared in our 
ex vivo model (black column) B. Z-scored heatmap of expression levels of 125 EF3030 genes of interest 
identified from DE genes, WGCNA modules and top 100 highly expressed genes.
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To identify the genes that the pneumococcus invests in heavily upon lung epithelial cell infection, 

we also compiled the top 100 most highly expressed genes in each sample type (Figure 4.5A). 

Fourteen genes were shared when EF3030 encounters the lung epithelium, 13 genes were specific 

to just EF3030 infection and 11 were specific to co-infection with pH1N1. Lists of differentially 

expressed (DE) genes, WGCNA genes, and top 100 genes of EF3030 are provided in Supplemental 

Table 4.4. Inspection of these EF3030 gene sets and KEGG pathways enriched for DE genes alone 

to prioritize the most important pathways (Supplemental Table 4.4) revealed that several bacterial 

genes involved in host-pathogen interactions are also important in influenza co-infection, albeit to 

different degrees. Interestingly, several of these genes consist of PTS systems and ABC 

transporters, as well as enzymes mediating uptake and metabolism of diverse nutrients. These 

operons were further scrutinized and prioritized as potential targets for therapeutic intervention. 

For example, PTS operon EF3030_RS03030-EF3030_RS03040 (galactitol uptake), was specific 

to Host+EF3030 infection but not Host+EF3030+pH1N1. Three other PTS operons 
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(EF3030_RS00335-EF3030_RS00360 predicted to mediate mannose uptake, EF3030_RS01555-

EF3030_RS01575 glucuronic acid uptake, EF3030_RS09945-EF3030_RS09980 ascorbate 

uptake), were significantly upregulated during both Host+EF3030 and Host+EF3030+pH1N1 but 

~2-4 Log2 folds lower in the latter. 

With respect to ABC transporters, 3 operons (EF3030_RS10280-EF3030_RS10300 phosphate 

uptake, EF3030_RS00460-EF3030_RS00470 unknown function, EF3030_RS08970- 

EF3030_RS08985 iron uptake) were important to both, although phosphate uptake was ~5 Log2 

folds higher during just infection. One large locus consisting of 17 genes also followed this trend 

consisting of higher upregulation in Host+EF3030 infection but lesser upregulation (2 Log2 folds 

lower) during pH1N1 infection (EF3030_RS07890-EF3030_RS07970). It consists of 2 ABC 

transporter operons (carbohydrate uptake), neuraminidase B, a few enzymes and membrane 

proteins. Two other ABC operons were specific to just EF3030 infection (EF3030_RS01205-

EF3030_RS01210 iron uptake, EF3030_RS06705- EF3030_RS06725 energy coupling factor 

transporter). Whereas one ABC transporter involved in amino acid uptake was up in infection and 

co-infection (EF3030_RS05245-EF3030_RS05250) but much more in pH1N1 co-infection (1.5 

Log2 folds lower). 

Carbon processing enzymes, such as for galactose catabolysis (EF3030_RS08885-

EF3030_RS08895), were upregulated in both types of infection, but lesser during pH1N1 co-

infection (~1.5 Log2 folds lower). Two other operons (EF3030_RS05730-EF3030_RS05745, 

EF3030_RS05470-EF3030_RS0545) involved in glycogen and galactose/tagatose metabolism 

were mainly up only in EF3030 infection. Another operon EF3030_RS10795-EF3030_RS10805 

for glycerol metabolism was up in both, but was 2 Log2 folds higher in pH1N1 co-infection. 

Another large 8 gene locus (EF3030_RS02050-EF3030_RS02090) containing several acetyl-CoA 
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enzymes was significantly downregulated upon pH1N1 co-infection but was expressed at similar 

levels in vitro and in Host+EF3030. A heatmap of the operons listed above is shown in Figure 

4.5B. Log2 fold changes for magnitudes of DE are listed in Supplemental Table 4.4. 

Apart from metabolic genes, several genes such as membrane proteins, uncharacterized proteins, 

competence genes, and bacteriocins were significantly upregulated in Host+EF3030, but overall 

lower during pH1N1 co-infection. Finally, the CiaR-CiaH two-component regulatory system 

(EF3030_RS03775-EF3030_RS03780) was also upregulated specifically in 

Host+EF3030+pH1N1 infection. 
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5. Influenza virus infection overwhelmingly alters the human lung

epithelium transcriptome 

We also performed host transcriptome analyses following some of the same approaches as 

described for the bacterial transcriptome. Host conditions included: control uninfected human lung 

epithelial cells (Host), Host+EF3030, Host+pH1N1, and Host+EF3030+pH1N1. PCA analysis 

(Figure 4.6A) revealed a stark separation along PC1 (~85% of the variation) between Host+pH1N1 

and Host+EF3030+pH1N1 on one side, and Host and Host+EF3030 on the other side. The next 

component PC2 captured only ~5% of variation between biological replicates. Host and 

Figure 4. 6 Human gene expression profiles and DE genes. 

A. PCA plot of human lung epithelial samples. B. Bootstrapped dendrogram of host gene expression 
profiles showing replicate clustering of host samples. C. Upset plot of lung epithelial DE genes. 2335, 
761 and 558 DE genes were unique to the comparisons of Host+pH1N1 vs Host, Host+EF3030+pH1N1 
vs Host and Host+EF3030+pH1N1 vs Host+EF3030 (red, orange and blue columns, respectively).
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Host+EF3030 samples clustered together with almost no difference, suggesting no major influence 

on the host as a result of just EF3030 infection (6h) of human lung epithelial cells. Similarly, within 

pH1N1 containing samples, no separation was seen between Host+pH1N1 and 

Host+EF3030+pH1N1 suggesting that the presence of EF3030 co-infection had no significant 

effect during pH1N1 infection, potentially due to an overwhelming response to just pH1N1. 

Hierarchical clustering of expression profiles (Figure 4.6B) again underlined the clear separation 

of pH1N1 containing samples, but also intermixing of biological replicates within Host and 

Host+EF3030, and within Host+pH1N1 and Host+EF3030+pH1N1 sample types. However, the 

fact that bacterial gene transcriptomes showed significant differences between EF3030, 

Host+EF3030 and Host+EF3030+pH1N1, imply that intermixing of biological replicates from a 

host perspective was not due to bad sample replication but merely the lack of a detectable response 

to EF3030 during human epithelial lung cell infection and during pH1N1 co-infection in this 

experimental design. 

Using DESeq2, we were able to identify 12637 genes specific to pH1N1 infection of the human 

lung epithelium, 2335, 761 and 558 DE genes unique to the comparisons of Host+pH1N1 vs Host, 

Host+EF3030+pH1N1 vs Host, and Host+EF3030+pH1N1 vs Host+EF3030, respectively 

(colored columns of Figure 4.6C). The list of all Host DE genes and subsets are presented in 

Supplemental Table 4.6. Only a few genes (<3) were DE passed an FDR cutoff of ≤0.05 and an 

absolute Log2 Fold Change (LFC) of ≥1 for the comparisons of Host+EF3030 vs Host, and 

Host+EF3030+pH1N1 vs Host+pH1N1. However, for the comparisons of Host+pH1N1 vs Host, 

Host+EF3030+pH1N1 vs Host, and Host+EF3030+pH1N1 vs Host+EF3030, ~ 13,000-17,000 

genes were DE pass cutoffs, nearly a quarter of all annotated human genes. Most noticeably, 1,000 

more genes were DE in Host+EF3030+pH1N1 vs Host relative to Host+pH1N1 vs Host, and 
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another 1,500 more DE in Host+EF3030+pH1N1 vs Host+EF3030 when compared to 

Host+EF3030+pH1N1 vs Host. This suggests that subsets of genes might be altered but not DE 

due to the presence of just EF3030 during infection, and some might be due to the presence of just 

pH1N1 in the context of co-infection. However, it is important to note that because no genes were 

DE for Host+EF3030 vs Host, and Host+EF3030+pH1N1 vs Host+pH1N1, these extra ~1000-

2000 DE genes, though likely modulated during co-infection, may also be DE due to altered 

responses to EF3030 but not significant enough to meet DE cutoffs in the Host+EF3030 vs Host, 

and Host+EF3030+pH1N1 vs Host+pH1N1 comparisons. 

We also performed Ingenuity Pathway Analysis (IPA) of DE genes for the most relevant 

comparisons of Host+pH1N1to Host and Host+EF3030+pH1N1 to Host. Despite the identification 

of several additional DE genes during co-infection, IPA analysis didn’t resolve significant 

differences in pathways identified between pH1N1 infection and EF3030+pH1N1 co-infection 

(Supplemental Table 4.6). This is likely due to two reasons. Firstly, the majority of DE genes are 

responding to pH1N1 and no significant bacterial signal is captured during co-infection after 6 

hours. Secondly, IPA was optimized to work with much smaller datasets, with the upper limit of 

~3,000 DE genes. As we had ~12,000-15,000 genes in our dataset, approximately a quarter of the 

Human genome, it could identify several false positives. 

Due to these reasons, we attempted to identify the broader biological processes involved during 

both pH1N1 infection and EF3030+pH1N1 co-infection using GO term analysis. We first 

separated the DE genes into two datasets, those that were upregulated in both comparisons, and 

those that were downregulated in both comparisons. These two gene subsets were then subjected 

to ShinyGO (252) analysis, with an FDR cutoff of ≤0.05, which selected protein coding genes and 

their associated predicted biological processes (Supplemental Table 4.6). For the upregulated gene 
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set, the majority of the responses were in the form of cytokines and immune signaling and 

activation, responses to chemical/biotic stimuli, cell death responses and secretion. These 

represented ~50% of the genes of the upregulated dataset. As for the downregulated dataset, the 

identified processes related to cilial, microtubule and cytoskeletal changes, representing ~33% of 

the downregulated genes.  

D. Discussion

Analysis of the reads mapping to the EF3030 transcriptome in our dataset showed a large increase 

in bacterial signal (~30) upon influenza infection (Figure 4.1D). Although this isn’t conclusive of 

increased pneumococcal burdens upon pH1N1 infection, others have shown that bacterial CFUs 

increase significantly and remain elevated upon secondary pneumococcal infection (253). Not only 

that, it appears that pneumococcal titers can also be serotype specific. Sharma-Chawla et al. 

showed that 19F serotypes (the serotype of our Spn strain EF3030) have increased CFUs during 

secondary pneumococcal infection with influenza in mice lungs and nasopharynxes, but not in the 

blood (254). As for the relatively mild increase in pH1N1 reads mapped in our study, one study 

showed that viral titers initially increase then decline with time, typically after 7 days (253). This 

could be happening in our dataset as well, however 72+6 hours of post bacterial infection may not 

be sufficient to capture the eventual viral decline. Interestingly, viral titers during co-infection in 

vitro had no changes (255), so whether viral replication consistently increases may be very 

dependent on conditions and model systems, and therefore, remains inconclusive. 

The large increase in pneumococcal burdens during co-infection would require significant 

resources for pneumococcal growth and multiplication. We see that the EF3030 transcriptome 

reflects this necessity through the regulation of a diverse panel of genes, but mainly through its 
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differential regulation of nutrient scavenging ABC transporters, PTS systems and metabolic 

enzymes. Our findings show that upon encountering the human lung epithelium, multiple 

scavenging and nutrient processing genes are upregulated in order to grow. However, during 

pH1N1 co-infection, several of these are no longer as important, likely due to the effect of pH1N1 

on the human lung epithelium. It is possible that pH1N1 disrupts and/or lyses host cells, resulting 

in the availability of more readily accessible nutrients in the form of glycerol, glycogen and amino 

acids, as genes involving the utilization of these were observed to be upregulated significantly 

more during influenza infection. 

Figure 4. 7 PCA analysis of expression profiles of 77 EF3030 metabolic genes in our study 

and previously studied our in vitro and in vivo mouse models.  

Orthologs of these genes are carried by each of strains D39, TIGR4, 6A-10 and EF3030 (core genes 

among these strains). 
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Studies have explored pneumococcal metabolic changes and shown stark differences in metabolic 

profiles between biofilm and planktonic forms of growth (256, 257). Using mouse models of 

pneumococcal colonization and disease, we previously showed that pneumococcal colonization 

within the nasopharynx exerts no significant effect on the host (251). As we see metabolic changes 

in our dataset, we decided to compare these genes and operons identified with some of our previous 

in vitro (biofilm and planktonic) and in vivo (mice infections) work (5, 251). We selected the genes 

forming operons that were described in the results section above (80 genes) and performed a PCA 

on the core genes conserved across the pneumococcal strains EF3030, D39, TIGR4 and 6A-10 (77 

of 80 genes) shown in Figure 4.6. Despite the caveats of merging datasets from our previous 

independent studies under diverse in vitro and in vivo conditions, as well as involving different 

pneumococcal strains, we can see that these 77 metabolic genes capture ~50% of the variation in 

PC1 which appears to separate invasive disease states on the left and more of a colonization state 

on the right, which grow as biofilms (5). It is possible that human lung epithelial cells cultured in 

the absence of other lung sub-epithelial and immune cells are more similar to a nasopharyngeal 

state from an EF3030 infection perspective. PC2 however, captured strong signals of strain-based 

differences within these 77 genes. What’s more, our influenza-infected samples clustered 

extremely well with samples of invasive disease for these 77 genes. This suggests that these 

metabolic genes are differentially regulated specifically during invasive disease. It is likely that, if 

these studies consisted of a single strain, more of the invasive vs colonization signal would be 

captured along PC1. These data seem to show that presence of influenza co-infection triggers a 

change away from a biofilm state. One study showed that introduction of influenza triggered a 

dispersion of pneumococcal biofilms in vitro (105). These researchers went on to identify ~70 

genes that were transcriptionally regulated specifically to induce dispersion from a pneumococcal 
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biofilm state. Eighteen of these genes were found to follow the same trend in our 

Host+EF3030+pH1N1 vs Host+EF3030 DE dataset. Yet another study demonstrated this in vivo 

in mice, where influenza co-infection and dispersion from a biofilm induced hypervirulence and 

invasive disease in pneumococcal strains EF3030 and D39 (59). Together with our data this 

suggests that the pneumococcus exists as a colonizing biofilm on the lung epithelium, but during 

influenza co-infection, a dispersion of this biofilm occurs, turning it into its invasive state, where 

it follows a different metabolic profile. 

Some pneumococcal virulence factors in influenza superinfections were explored for essentiality 

in an in vivo CRISPRi-seq model, and showed that the pneumococcal capsule, together with purA, 

bacA and pacL genes were required for transmission, but interestingly not pneumolysin (247). We 

see in our dataset that in EF3030, most of the genes in the capsular locus (EF3030_RS01695- 

EF3030_RS01745) are not DE passed cutoffs when it sees the host lung epithelium, but their 

expression is elevated and identified in our black WGCNA module (Figure 4.5A) . Genes purA 

and pacL, encoding an adenylsuccinate synthetase and an ATPase-calcium transporter 

respectively, were among the top 100 most highly expressed genes in all conditions, making them 

potentially essential genes. We also saw that pneumolysin (EF3030_RS09370) was significantly 

downregulated when encountering the host lung epithelium, but bacA (EF3030_RS02235) had no 

changes in expression across all conditions. All the genes found relevant during influenza 

superinfection in CRISPRi-seq, except for bacA, a bacitracin susceptibility gene (likely due to it 

being identified in vivo in mice which could potentially contain other lung microbes), follow suit 

with our dataset in terms of expression trends. This combined with known dispersion from biofilm 

and increased bacterial loads observed in our study and others, support the possibility that EF3030 

switches toward a transmission phenotype during influenza co-infection. 



155 

As we established an invasive pneumococcal state upon influenza co-infection versus colonization 

during infection, we investigated if influenza infection in the host resulted in differential 

expression of genes that aid invasive disease. For example, two known pneumococcal host surface 

receptors PECAM-1 and RSPA (221, 258), that are used by bacteria to achieve host cell invasion, 

were upregulated ~3-5 log2 folds upon influenza infection in our study, potentially aiding the 

invasive pneumococcus. 

Several pathways, identified by IPA and GO analyses (on upregulated protein coding genes) was 

shown to mediate upregulation of diverse immune regulatory systems (Supplemental Table 4.6) to 

counteract infection, are consistent with other studies showing the involvement of dendritic cell 

induced cytokine signaling and IL-17 signaling (250, 259). These data suggest that pH1N1 

infection and EF3030+pH1N1 co-infection of human lung epithelial cells result in the upregulation 

of cytokines and signaling to recruit host immune cells. On the other end of the spectrum, we 

observed that approximately one-third of all protein-coding downregulated genes (>2500 genes) 

are related to cilial beating and microtubule-based cell movement in our GO analysis, suggesting 

that this is a significant biological process in response to influenza infection, with and without 

EF3030. This phenotype was also observed in our pilot experiments which followed identical 

protocols of infection, where a marked decrease in cilia was observed with immunofluorescence 

(Figure 4.8). Such cilial regulation is consistent with prior influenza and pneumococcal infection 

studies (260), also involving upregulation of IL-17 and IFN genes seen in our data. Furthermore, 

cilial beating has been shown to be regulated by cAMP in primary human airway epithelial cells 

(261), consistent with the activation of cAMP signaling upon influenza infection and 

superinfection found in our IPA pathway data (Supplemental Table 6). 
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E. Methods

1. Isolation and culture of differentiated human bronchial epithelial

cells and sample generation 

Primary human bronchial epithelial cells were obtained from human lung tissue through the tissue 

donation program by the International Institute for the Advancement of Medicine using a 

previously published method (262). Cells were harvested from the human tracheobronchial tissues 

and plated onto collagen-coated 100-mm plates (Biocoat; Becton Dickinson), in BEGM medium 

to ~80% confluency, followed by passaging onto 6.5-mm Transwell inserts (0.4-μm pore size) 

with FNC coating (0407, AthenaES) and differentiated at an Air-Liquid Interface (ALI) using 

Lonza tissue culture reagents, as previously described (113). Differentiation was further enhanced 

by adding 10 nM recombinant human neuregulin-1α/epidermal growth factor-like domain of 

Figure 4. 8 Immunofluorescence of Air Liquid Interface cultured nHBEC cells. 

A. Non-IAV infected cells. B. Cells infected with IAV for 72 hours. Red stain represents cilial cells 
and green stain represents mucin producing goblet cells, showing a large loss of cilia and mucin 
producing cells post infection.
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heregulin-α (296-HR-050, R&D Systems) to the basolateral ALI media (113). Cells were 

incubated for approximately two weeks until appearance of ciliated cells and mucus production 

was seen (113). Following culture of differentiated human bronchial epithelial cells on transwells, 

cells were infected with pH1N1 or mock infected (no pH1N1 controls) for 72 h (~50% of cells 

infected with IAV). pH1N1 infected cells were then exposed to 1000 CFUs of Streptococcus 

pneumoniae strain EF3030 for 6 h. For pneumococcal EF3030 control samples, ~50,000 CFUs of 

EF3030 were cultured in ALI media for 6 hours. 1ml of RNA protect was then added to all 

transwells and then stored in 5ml of RNAprotect Bacteria Reagent in 50 ml falcon tubes at -80C. 

2. RNA isolation, library construction, sequencing, and 

transcriptomics data analyses 

On the day of RNA isolation, transwell samples were thawed and the membranes cut out using a 

scalpel. RNAprotect and isolated membranes were centrifuged at 10,000 rpm, to pellet the 

membrane and any dislodged cells, and the supernatant discarded. Pellets were then incubated in 

100 μL of lysis buffer (10 μL of mutanolysin, 20 μL of proteinase K, 30 μL of lysozyme, 40 μL of 

TE buffer) for 10 minutes. Followed by mechanical disruption in 600 μL RLT buffer (RNeasy 

Mini Kit, Qiagen) containing 1% ß-mercaptoethanol, using a motorized pestle for 30 seconds 

(251). RNA was then captured on the RNeasy Mini Kit columns with DNase treatment on column 

(Qiagen protocol). 

Extracted RNA was quantitated using a Bioanalyzer. Ribosomal RNA was depleted using the 

RiboZero rRNA Removal Kits for Gram-positive bacteria and/or for human/mouse/rat (Illumina). 

300 bp-insert RNA-seq Illumina libraries were constructed using ~1.0 μg of enriched mRNA that 

was fragmented then used for synthesis of strand-specific cDNA using the NEBnext Ultra 

Directional RNA Library Prep Kit (NEB-E7420L). The cDNA was purified between enzymatic 
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reactions and the size selection of the library performed with AMPure SpriSelect Beads (Beckman 

Coulter Genomics). The titer and size of the libraries was assessed on the LabChip GX (Perkin 

Elmer) and with the Library Quantification Kit (Kapa Biosciences). RNA-seq was conducted on 

150 nt pair-end runs of the Illumina HiSeq 4000 platform using two or three biological replicates 

for each condition (251). 

FASTQ files were mapped to their respective genomes using HISAT2 (237) for Homo sapiens and 

Bowtie (238) for pneumococcal EF3030 and viral pH1N1 genomes. Gene expression counts for 

all samples were then estimated using HTseq (239). Counts tables were then imported into Rstudio 

for analyses and estimation of differentially expressed (DE) genes. Rarefaction curves were 

generated from HTseq counts data. Principal Component Analyses (PCAs) and dendrograms were 

generated in R (see Code Availability) based on normalized Variance Stabilized Transformation 

(VST) counts acquired using the DESeq2 R package (230). For human DE gene estimation, 

infected samples were compared to their respective uninfected control samples as the baseline 

using DEseq2 and filtered using an FDR cutoff of ≤0.05 and an absolute Log2 Fold Change cutoff 

of ≥1. For bacterial DE gene estimation, each EF3030 infected sample was compared to EF3030 

grown in ALI media as the baseline, using DEseq2 and filtered using an FDR cutoff of ≥0.05 and 

an absolute Log2 Fold Change cutoff of ≥1. Common and unique DE genes for both species were 

determined using Upset plots (R package UpsetR) and individual heatmaps of DE genes were 

generated based on Z-scores of VST counts (R package DESeq2). 

3. Bacterial gene Kyoto Encyclopedia of Genes and Genomes 

(KEGG) pathway analysis 

Bacterial DE gene lists were used to determine DE KEGG (191) pathways (with an adjusted P < 

0.05) using R package KEGGprofile in Rstudio (see Code Availability). 
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4. Human gene Ingenuity pathway analysis 

Human DE gene lists were uploaded into IPA (231) (Qiagen, 

https://digitalinsights.qiagen.com/products-overview/discovery-insights-portfolio/analysis-and-

visualization/qiagen-ipa/). Core analyses were conducted on each DE gene list comparison using 

default parameters. Canonical pathways were determined using the human database with default 

parameters, on epithelial cells. 

5. Human gene Gene Ontology (GO) analysis 

Human DE genes that were shared in the Host+pH1N1 vs Host, and Host+EF3030+pH1N1 vs 

Host comparisons were filtered for protein coding genes and uploaded into ShinyGO (252) with 

default parameters. 

F. Code availability 

R code/scripts used to generate figures and data presented is available on GitHub at 

https://github.com/admelloGithub/ExVivoSpnH1N1 . 

G. Supplementary data 

All supplemental tables are available online at: 

https://github.com/admelloGithub/Data 
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V. Chapter 5. Conclusions and future directions 

Preface 

This chapter will summarize the findings from all previous chapters from a pneumococcal vaccine 

or therapeutic target perspective. We will examine expression levels of identified potential vaccine 

candidates (Chapter 2) in S. pneumoniae transcriptomes in different mouse anatomical sites 

(Chapter 3), as well as in the ex vivo human lung epithelial cell model with influenza (Chapter 4). 

We will then explore previous studies conducted on these targets to validate their potential, and 

put these targets into broad perspective with respect to current vaccination technologies and 

associated challenges. 

 

As we have seen in chapter 2, the application and advancement of pangenomics and reverse 

vaccinology processes to microbial species can be a powerful approach to the identification of 

species-wide, highly conserved gene targets with potential for vaccine development. For the 

pneumococcus, we were able to identify highly conserved potential vaccine candidates (PVCs), as 

well as observe their degree of conservation across the Spn pangenome, together with that of 

known vaccine candidates PspA and ZmpB. This shows that not only can we identify novel core 

PVCs by performing reverse vaccinology from a species-wide perspective, but we can also 

investigate all other genes of interest for a particular microbial species from a pangenomic 

perspective. 

However, despite the identification of antigenic and conserved PVCs for the pneumococcus, they 

would only be of therapeutic use if they were expressed by the pneumococcus when present in the 

host, especially during highly invasive disease states. As such, we observed the transcriptomic 



161 
 

profiles of three different strains of the pneumococcus, D39, TIGR4 and 6A-10, within different 

anatomical sites in vivo in mouse models (Chapter 3). This study allowed us to identify a core 

pneumococcal signature separating nasopharyngeal colonization from invasive disease consisting 

of 69 core pneumococcal genes. 

As viral co-infections are also an important aspect of pneumococcal pathology, we also observed 

the transcriptomic profile of yet another pneumococcal strain EF3030, as it grows on the human 

lung epithelium with the presence and absence of influenza pH1N1. This analysis revealed diverse 

gene expression and metabolic profiles between pneumococcal infection and superinfection with 

pH1N1, that we condensed to 125 EF3030 genes of interest in Chapter 4 (Figure 4.4). 

From these two host-pathogen interaction studies in the mouse and on the human lung epithelium, 

we discussed several key genes and operons involved in the uptake and processing of several 

metabolites, such as ascorbate, mannose etc., whose expression changes between colonization, 

invasive and superinfection states. But our use of both species-wide reverse vaccinology, as well 

as host-pathogen interaction transcriptomics offered a unique advantage to the genes of interest 

identified by each study. Knowledge of the expression of our 5 identified PVCs helps prioritization 

for experimental testing, and knowledge of species-wide conservation of our host-pathogen 

interaction genes of interest helps select the more important targets for therapeutic intervention. 

Especially as several of those are surface exposed transporter systems, which would be better 

vaccine candidates. 

From all studies, we were able to combine our top reverse vaccinology candidates, 69 invasive vs 

colonization genes, and 125 infection vs superinfection genes, to yield a total of 149 core 

pneumococcal genes (as several were in common across the studies, Supplemental Table 5.1 

https://github.com/admelloGithub/Data), and observe their transcriptomic profile, conservation, 

https://github.com/admelloGithub/Data


162 
 

and PVC potential (ReVac score). Firstly, nearly all 149 genes were highly conserved and present 

in at least ~90% of the pneumococcal genomes that were used, which would translate to 85%-95% 

of the entire pneumococcal species extrapolating from our sample size estimates (Section 2.2). 

Among these, a total of 10 pneumococcal genes (Table 5.1) had therapeutic relevance with high 

ReVac scores, as well as specificity to different conditions. 

Table 5.1 Ten conserved pneumococcal genes of interest across all studies with high ReVac 

scores. (*ReVac prioritized candidates, Table 2.4) 

TIGR4_ID EF3030_ID ReVac_Scores Annotation Comment 

SP_0092 EF3030_RS00470 11.69 

ABC transporter 

substrate-binding 

protein 

TIGR4 nasopharynx 

specific 

SP_0107* EF3030_RS00545 13.271 

LysM domain-

containing protein 

Core candidate (invasive 

and influenza higher) 

SP_0368* EF3030_RS01780 13.941 

Cell wall surface 

anchor family 

protein Nasopharynx Candidate 

SP_0664 EF3030_RS03125 11.017 

zinc metalloprotease 

ZmpB Core candidate 

SP_1032* EF3030_RS04990 12.712 

iron-compound 

ABC transporter iron 

compound-binding 

protein Core candidate unbaised 
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SP_1683 EF3030_RS07930 12.459 

sugar ABC 

transporter 

substrate-binding 

protein 

Nasopharynx/ 

colonization Candidate 

SP_1687 EF3030_RS07950 11.354 neuraminidase B TIGR4 specific 

SP_1690 EF3030_RS07965 14.338 

ABC transporter 

substrate-binding 

protein TIGR4 specific 

SP_2063 EF3030_RS10100 12.725 

LysM peptidoglycan 

binding domain-

containing protein 

Blood Kidney Lung 

Influenza (may be the 

dispersed state) 

SP_2084 EF3030_RS10280 11.478 

phosphate ABC 

transporter 

substrate-binding 

protein 

Nasopharynx/colonizatio

n Candidate 

 

For example, one of our highest scoring pneumococcal ReVac candidate SP_1032, an iron ABC 

transporter had an unbiased above average expression (average expression is the average of 

expression values of all genes in the genome) across all in vivo, in vitro and ex vivo conditions. 

Another crucial known vaccine candidate ZmpB had above average expression across all 

conditions, but we have shown that it displays significant allelic variation among isolates of Spn 

(Chapter 2, Figure 2.6). Targeting these genes would offer significant therapeutic potential due to 

their conservation, pathogenic regulation, and surface exposed accessibility. Interestingly, another 

Table 5.1 continued 
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one of our highest scoring core pneumococcal ReVac candidates, SP_0107, a LysM domain 

protein, was expressed at significantly higher levels in vivo invasive states and during influenza 

superinfection. 

Apart from our core ReVac candidates, some genes that were modulated in vivo and ex vivo also 

had vaccine candidate potential in a condition or strain specific manner. For example, SP_0368, 

SP_1683, SP_2084, an O-glycosidase, an uncharacterized ABC transporter, and a phosphate 

transporter, respectively, had above average expression specifically during nasopharyngeal 

colonization and pneumococcal lung epithelial cell infection, suggesting that these could be 

colonization-specific PVCs. Whereas SP_2063, a LysM peptidoglycan-binding domain protein, 

had above average expression in vivo in the blood, kidney, lung and ex vivo upon influenza 

superinfection, but this was not so during colonization and heart infections. This could be related 

to the planktonic or dispersed states, as we know that the pneumococcus grows as a biofilm during 

colonization and heart infections (5). Lastly, SP_0092, SP_1690, and SP_1687, two 

uncharacterized ABC transporters and known virulence factor neuraminidase B, had above 

average expression only in the TIGR4 strain across all conditions indicating strain specificity. 

While the above information provides confidence for the therapeutic potential of these genes, quite 

a few have been previously studied in the context of antibiotic and immune resistance, as well as 

vaccine potential. For example, genes SP_0092 and SP_1690 have been linked with pneumococcal 

resistance to the antibiotic linezolid (263-265).  Through a combination of transcriptomics, 

proteomics and pneumococcal mutants, these studies have established that these two ABC 

transporters are necessary for the acquisition of nutrients and the generation of the energy 

requirements for the pneumococcus to resist linezolid-based antimicrobials. These findings also 

verify that these two genes are indeed surface exposed as potential targets for intervention. 
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Similarly, SP_0107, a surface exposed, essential, peptidoglycan-binding protein, has been shown 

to confer resistance to host-mediated cell lysis (190, 266). SP_1683, also a verified surface 

lipoprotein, was tested in the context of immunogenicity using a pneumococcal protein array of 

95 proteins, and human IgG antisera from children with pneumococcal pneumonia, but was found 

to not be seroprevalent, i.e., was potentially not inducing antibodies (267). 

As for known virulence factors neuraminidase B (SP_1687) and zinc metalloprotease B 

(SP_0664), both have been shown to have antigenic domains and ZmpB was potentially protective 

(178, 268), but both exhibit allelic variation (268-270), as we also established in our study for 

ZmpB (Figure 2.7A, right). 

SP_2063 has been previously shown to have antigenic, seroprotective domains, as it was used in 

the construction of a chimeric fusion protein (together with PspA and PsaA), with high 

immunogenicity in mice and prevents lethal infection (271). SP_0368 was also proven to be highly 

conserved across the pneumococcus species using protein arrays (as we have established as well) 

(272), as well as identified in pneumococcal surface proteins through mass spectrometry (273). 

Besides that, it was also capable of inducing antibodies in humans in a potential vaccine candidate 

study (273). 

While these pneumococcal targets are antigenic and conserved, SP_1032 and SP_2084 are two of 

these that are the most exciting. Firstly, both are highly conserved within the pneumococcus 

(Chapter 2.2), and each is important to different in vivo pneumococcal survival phenotypes (see 

Table 5.1). A comparative genomic analysis of several streptococcal species, consisting of 

Streptococcus pneumoniae, S. pseudopneumoniae, S. mitis, S. oralis, and S. infantis, identified ~ 

200 pneumococcal genes that were unique to the species (82). Both SP_1032 and SP_2084 are 

only present within the pneumococcal species. SP_2084 is a proven surface exposed protein 
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implicated in penicillin resistance (274, 275), but not as studied from a vaccine perspective. 

However, the core candidate iron transporter SP_1032, has been shown to be protective for 

respiratory infection in mice (276), and also induces antibodies during septicemia (277). Apart 

from this, when included as a part of a multi-antigen vaccine, it was also protective against lethal 

pneumococcal infection (278). These studies as well as our findings support its vaccine potential, 

make it the most promising pneumococcal species wide, vaccine candidate. 

It is well known that vaccine escape is a potential outcome of any vaccine implementation (279). 

In the case of the pneumococcus, serotype-based vaccines selected for the expansion of non-

vaccine serotypes (279). However, in the case of our protein-based antigens, escape could be in 

the form of mutations within the antigen, its epitopes, a lack of expression or phase variation, or 

even loss of the antigen’s gene sequence (280). However, the fact that our candidates are highly 

conserved with extremely low nucleotide variation within the species suggests that mutations are 

not easily tolerated within these genes and potentially lethal. As our candidates are also highly 

expressed, some at all anatomical sites, it would indicate a lower potential for lack of expression 

or phase variation. Conservation and high expression characteristics also suggest essentiality of 

these candidates within the pneumococcal species (281). Overall, for these reasons, the potential 

for vaccine escape is significantly lowered, however will not be necessarily eliminated. 

Although our findings suggest primarily utilizing SP_1032 as a subunit protein-vaccine candidate, 

there are tendencies for such single component vaccine designs to be less immunogenic relative to 

whole cell or multi-antigen-based vaccines (282). As a result, it would be beneficial to include 

some of the other candidates identified here to produce a multi-antigen vaccine, comprising of 

targets specific to the 2 major phenotypes in vivo, colonization and invasive disease. For example, 

since SP_2084 is important during nasopharyngeal colonization it could be a part of the multi-
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antigen cocktail. Similarly, SP_2063 was more relevant as a candidate during invasive disease, 

albeit not restricted to the pneumococcal species like SP_1032 and SP_2084, unique 

pneumococcal epitopes from this candidate could also be included as a part of the vaccine design, 

as previously explored (283). Furthermore, non-core antigens may need to be included to expand 

the coverage of the vaccine and achieve broad protection, for instance as observed in the case of 

Group B Streptococcus (284). 

After candidate identification and selection, the next hurdle comes in the form of generating large 

quantities of the purified protein candidates. Several protein expression systems exist in the form 

of genetically engineered systems, such as bacterial, yeast, insect cells, mammalian and even plant 

cell lines (282). For a pneumococcal protein vaccine, a bacterial expression system would be the 

most fitting, such as an E. coli (285), as the other systems are designed to factor in post translational 

modifications that are required for instance, to produce antigens mimicking properties of 

eukaryotic pathogens (282). 

Assuming production of sufficient amounts of purified protein candidates is achieved, we would 

then have to focus on the vaccine delivery aspect. For subunit protein vaccines, this can be 

accomplished using nanoparticle carriers (286). These could be organic, such as liposomes, or 

inorganic nanoparticles, such as metal-based particles (286), harboring the antigens through 

attachment to the nanoparticle surface (conjugation or adsorption), or encapsulation within the 

nanoparticle (287). As our antigens are surface-exposed, membrane bound candidates, a liposomal 

nanoparticle with candidates bound within their outer phospholipid structure could a potential 

route for vaccine delivery. 

While the use of these pneumococcal PVCs has been presented as a protein-based vaccine above, 

nucleic based vaccines are also a strong potential alternative. DNA and RNA-based vaccines have 
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certain advantages over protein vaccines. They are relatively cheaper to produce, easier to design, 

known to be safe, and stable (286). Due to these reasons, such vaccines can be produced in large 

quantities significantly faster than conventional protein vaccines. For example, consider the case 

of SARS-CoV-2, the RNA virus responsible for the COVID-19 pandemic. Nucleic acid vaccines 

were quickly designed, tested, mass produced, and distributed. Some were in the form of DNA 

vaccines, where the DNA sequence of the SARS-CoV-2 spike protein antigen was incorporated 

into adenoviral vectors, which delivered this DNA into the infected host nuclei producing the 

antigen within the cell for presentation in MHC complexes, thereby generating strong lasting 

immune responses (288). Others were designed as liposomal carriers of the spike protein mRNA 

which would import this mRNA into the host cell cytoplasm, producing the protein for antigen 

presentation (289). RNA vaccines also have potential advantages over DNA vaccines. They can 

be designed to be self-replicating, requiring lower doses (286, 290). They tend to be more 

immunogenic, because they also trigger several host pathways are responsive to foreign RNA 

molecules (286, 291). They can also be produced in cell free systems, reducing any potential 

chances of contamination (286, 290). While bacterial formulations of such vaccines are not 

currently in use, they could be easily developed using similar systems, as the antigen incorporated 

need not be of viral origin, especially considering that mRNA vaccines are also being tested as 

cancer therapies (286). 

With such designs as potential vaccines, pre-clinical studies would still need to be performed 

measuring immunogenicity, any potential toxicity, dose ranging, as well as quantifying the 

vaccines’ protective nature (292) in a primate model, with a pneumococcal infection challenge. 

This would then be reconfirmed in clinical trials in human subjects. 
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Our findings clearly demonstrate the advantages of implementing a multi-faceted, multi-platform 

approach to the of study the pneumococcus, from bioinformatics, to pangenomics and multi-strain, 

multi-system experimentation, altogether allowing for the identification of better potential 

therapeutic targets against pneumococcal disease than those currently being investigated. Future 

experimental validation of these candidates, as well as establishing their function (for those 

uncharacterized), for their importance and necessity during specific pathological conditions will 

greatly advance the pneumococcal field. 

From the host’s perspective, we found that the pneumococcus triggers host interferon signaling 

during its invasive state. We also saw that treatments with interferon ß and type I interferon 

stimulants result in protection of mice from invasive disease. As for influenza superinfection, the 

viral presence also triggers interferon signaling (293), with interferon genes upregulated by several 

log2 folds. Such interferon treatments are likely to also be protective to some degree, but this 

remains to be validated. On the other hand, during superinfection, we saw a strong downregulation 

of genes controlling cilial beating, which is regulated by the cAMP signaling pathway. The cAMP 

signaling pathway was activated during superinfection, yet it was inhibited in our in vivo mouse 

lung model. This pathway could be regulated specifically due to the presence of influenza but 

could also be skewed due to the potential for more host cell types to be involved than the epithelial 

cells we tested ex vivo. In addition, the in vivo model consisted of entire lungs in a different host 

species. The effect of cilial beating on influenza and superinfection remains to be determined and 

validated, for example through drug-based activation or inhibition. 

The overarching theme of this study has been to study the pneumococcus and its interactions with 

the host in order to identify potential new therapeutic targets from a species-wide perspective. This 

was in an attempt to maneuver around constant cyclical patterns of current pneumococcal 
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treatments in the form of antibiotics and vaccines resulting in resistance and vaccine escape, as 

only select strains are targeted. Although we identified novel conserved core candidates and novel 

avenues for intervention, they may not be sufficient to prevent such cyclical patterns. However, 

we do hope that they will help reduce the frequency at which therapeutics become obsolete. Such 

forms of microbial investigations should be applied to other species as well, utilizing in silico, in 

vitro and in/ex vivo methods of analyses as multiple lines of evidence for targets will provide strong 

confidence for target selection and prioritization. 
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