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Abstract 

Staphylococcus aureus is known for its ability to thrive in diverse host niches through various 

adaptive strategies. A key feature of this species is its ability to exhibit various phenotypes, such 

as the small colony variants (SCVs) and the inoculum effect, both of which are associated with 

persistent and difficult-to-treat infections. However, our current understanding of these phenotypes 

mostly comes from studies on relatively small cohorts, with findings that, while valuable, may not 

fully represent the complexity seen in real-world infections. To address this gap, I leveraged a 

collection of 7,604 S. aureus samples from a larger study cohort of over 38,000 bloodstream 

infections (BSIs) collected in the Calgary health zone from 2006 to 2020. Whole-genome 

sequencing on these isolates was completed at the Broad Institute of MIT and Harvard. 

Metabolomics and proteomics data were generated using ultra-high-performance liquid 

chromatography mass-spectrometry (UHPLC-MS) and tandem mass tag (TMT)-labeling LC-MS 

based analyses, respectively, at the Calgary Metabolomics Research Facility. This uniquely large 

cohort of isolates, integrated with multi-omics data and administrative health records, provided a 

great opportunity to reevaluate existing knowledge and deeply investigate the molecular 

underpinnings of these two clinically important phenotypes. Additionally, from my experience 

with working in the field of microbial metabolomics I learned that one of the key challenges in 

studying metabolism in the complex systems is the variability in metabolomic phenotypes across 

different batches of culture media. To address this, along the way of understanding the molecular 

underpinnings of SCVs and the cefazolin inoculum effect (CzIE) in S. aureus BSIs, I developed a 

chemically defined mediumðBiomarker Enrichment Medium (BEM)ðthat not only supports the 

growth of BSI pathogens (including S. aureus), but also enables antibiotic susceptibility testing 

and restores key metabolic biomarkers used to differentiate six common BSI pathogens. My thesis 
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has two main biological findings. First, my research on SCVs differs from previous reports 

regarding phenotypic instability and more severe infections while confirming prior findings related 

to SCV-linked protein expression patterns. Furthermore, this research has shown a greater 

molecular diversity underlying the SCV phenotype than previously appreciated, as my genomic 

analysis identified >300 candidate mutations associated with SCVs. These findings suggest that 

characterization of SCVs as a single phenotype is a simplification of what they are in real-world 

infections. Second, my research on the ɓ-lactamase-producing methicillin-susceptible 

Staphylococcus aureus (MSSA) isolates from the Calgary BSI cohort collected in 2012-2014 and 

2019 study did not find a significant association between CzIE and higher mortality rates. 

However, specific molecular characteristics for the majority of CzIE isolates were identified: 

clonal complex 30, accessory gene regulatory group III, and type A ɓ-lactamase. Additionally, a 

novel single nucleotide polymorphism in the bla operon was identified in MSSA isolates 

exhibiting the non-CzIE phenotype, which led to a disruption in the inducibility of the bla operon 

in these isolates. Collectively, these studies have provided a deeper understanding of 

epidemiologic, phenotypic, and molecular characteristics of the SCV phenotype and CzIE in S. 

aureus BSIs.  
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Preface 

My thesis includes two introductory chapters followed by three research chapters, containing both 

published and unpublished work. Chapter 1 is an unpublished minireview by the author, M. Mapar, 

discussing the clinical relevance, characteristics, and adaptations of Staphylococcus aureus. 

Chapter 2 is a review article recently published as: M. Mapar, T. Rydzak, J. W. Hommes, B. S. J. 

Surewaard, I. A. Lewis, Diverse molecular mechanisms underpinning Staphylococcus aureus 

small colony variants. Trends Microbiol., (2024). Appendix I contains copyright permission from 

co-authors and the copyright disclaimer from the journal Trends in Mocrobiology. Chapters 3 and 

4 are manuscripts in progress, containing unpublished data generated and analyzed by the author. 

The genomics data in these chapters were generated through collaborations between the University 

of Calgary, the Harvard T.H. Chan School of Public Health, and the Broad Institute of MIT and 

Harvard. The clinical samples and their corresponding microbiology records were provided by 

Alberta Precision Laboratories. The administrative health records linked to the bloodstream 

infection samples, were provided by Alberta Health Services. The experiments reported in these 

two chapters were covered by the ethics certificate number REB18-0233. Chapter 5 is a research 

article published as: M. Mapar, T. Rydzak, R. A. Groves, I. A. Lewis, Biomarker enrichment 

medium: A defined medium for metabolomic analysis of microbial pathogens. Front. Microbiol. 

13, 957158 (2022). Appendix II contains copyright permission from the co-authors and the 

copyright disclaimer from the journal Frontiers in Microbiology. Additionally, I have contributed 

to two other published papers and various in-progress manuscripts during my PhD. For example, 

I am the second author of a paper published as: R. A. Groves, M. Mapar, R. Aburashed, L. F. 

Ponce, S. L. Bishop, T. Rydzak, M. Drikic, D. G. Bihan, H. Benediktsson, F. Clement, D. B. 

Gregson, I. A. Lewis, Method for quantifying the metabolic boundary fluxes of cell cultures in 
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large cohorts by high-resolution hydrophilic liquid chromatography-mass spectrometry. Anal. 

Chem. 94, 8874-8882 (2022). I am also the sixth author of a paper published as: T. Rydzak, R. A. 

Groves, R. Zhang, R. Aburashed, R. Pushpker, M. Mapar, I. A. Lewis, Metabolic preference assay 

for rapid diagnosis of bloodstream infections. Nat. Commun. 13, 2332 (2022).  
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Chapter 1: Background Information   

1.1: Importance of Staphylococcus aureus 

Staphylococcus aureus is a versatile human pathogen responsible for a wide range of clinical 

syndromes, from minor skin rashes to severe conditions, such as bacteremia, endocarditis, 

osteomyelitis, pneumonia, sepsis, toxic shock syndrome, and device-related infections [1,2]. 

Infections with S. aureus can occur in both community and hospital settings, and treatment has 

become increasingly difficult due to the rise of multi-drug resistant strains [3,4]. S. aureus is 

commonly found in the environment as well as in the normal human flora, particularly on the skin 

and mucous membranes, with the nasal passages being a common colonization site [5]. 

Approximately 30-50% of healthy adults are colonized with S. aureus, with 10-20% persistently 

carrying the bacteria [6]. Colonization increases the risk of subsequent infection, with rates notably 

higher among individuals with type 1 diabetes, intravenous drug users, patients undergoing 

hemodialysis, surgical patients, those with acquired immunodeficiency syndrome, and health care 

workers [1,5].  

1.1.1: Morphological and biochemical characteristics 

S. aureus is a Gram-positive bacterium (stained purple by Gram staining) that appears cocci-

shaped in grape-like clusters (cells divide in two planes) under microscopical examination (Figure 

1.1). This species is non-motile (no flagella) and non-spore-forming, and its cell size is 

approximately 1 µm in diameter [7]. S. aureus is different from other staphylococcal species due 

to its characteristic golden-coloured colonies (the name ñaureusò means golden or yellow in Latin) 

[8] and its ability to test positive for typical biochemical identification tests, including catalase (a 
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trait shared by all pathogenic staphylococcal species), coagulase (differentiating it from other 

staphylococci species), novobiocin sensitivity (distinguishing it from Staphylococcus 

saprophyticus), and mannitol fermentation (differentiating it from Staphylococcus epidermidis) 

[1,9,10]. As a facultative organism, S. aureus can grow both aerobically and anaerobically and 

thrives at temperatures ranging from 18°C to 40°C [7].  

 

Figure 1.1: Scanning electron micrograph of S. aureus under high magnification of 50,000x. 

Photo has a free-to-use CC0 licence and is adopted from (Free picture: staphylococcus aureus, 

bacteria (pixnio.com)). 

The genome of S. aureus is approximately 2.8 megabase pairs and contains around 2600 open 

reading frames, which make up 84.5% of the genome. The GC content is roughly 33%. 

Additionally, S. aureus typically harbors a single plasmid of about 25 kilobase pairs, with a GC 

content of 28.7%. This plasmid carries genes responsible for encoding resistance to antibiotics, 

antiseptics, and heavy metals [11]. The genome of  S. aureus was completely sequenced and 

annotated for the strain NCTC 8325 in 2000 [12]. Since then, other reference strains, such as 

https://pixnio.com/science/microscopy-images/staphylococcus-aureus/staphylococcus-aureus-bacteria
https://pixnio.com/science/microscopy-images/staphylococcus-aureus/staphylococcus-aureus-bacteria
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Newman, COL, USA300, MRSA252, MW2, MSSA476, N315, Mu50, JH1, JH9, and RF122, have 

been completely sequenced and used for many studies [13]. 

1.1.2: Cell structure and virulence factors  

The cell wall of S. aureus has a complex structure. It is composed of approximately 50% 

peptidoglycan, which surrounds the cytoplasmic membrane, providing integrity and physical 

strength (Figure 1.2). Peptidoglycan also plays an important role in immune system evasion and 

serves as a scaffold for attaching proteins and other molecules involved in S. aureus virulence, 

such as protein A [14]. Teichoic acids are the other major components of the cell wall that are 

composed of alternating phosphate and ribitol (wall teichoic acids) or glycerol (lipoteichoic acids). 

Wall teichoic acids covalently bind to peptidoglycan, and lipoteichoic acids are linked to a 

glycolipid terminus anchored in the cytoplasmic membrane. Teichoic acids increase cell wall 

integrity and are important in bacterial pathogenesis, such as adhesion to host cells and biofilm 

formation [15]. Most staphylococcal species produce capsular polysaccharides, which are known 

for their antiphagocytic role. Capsular polysaccharides can mask surface components, like 

peptidoglycan and teichoic acids, thus reducing the effectiveness of the immune system in 

recognizing the bacteria [16]. Penicillin-binding proteins (PBPs) are also one of the important 

components of the S. aureus cell wall that are embedded in the cytoplasmic membrane, playing a 

crucial role in the assembly of the bacterial cell wall [14]. These components are essential for 

maintaining bacterial integrity, facilitating immune evasion, and supporting S. aureus 

pathogenicity.  



23 

 

 

S. aureus exhibits a diverse set of virulence factors that contribute to its capacity to cause severe 

infections. The surface proteins of S. aureus include protein A (which masks antigens by binding 

to the Fc region of immunoglobulin), clumping factors, fibronectin-binding proteins, collagen-

binding proteins, and elastin-binding proteins. These surface proteins play an important role in the 

ability of bacteria to colonize host tissues and aid in immune evasion by binding the bacteria to 

extracellular matrix proteins within host cells [1]. Thus, these proteins have been designated 

microbial-surface components recognizing adhesive matrix molecules. Additionally, S. aureus 

Figure 1.2: The structure of S. aureus along with the most important secreted and surface 

proteins, and the timing of their synthesis during different stages of bacterial growth. 
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secretes a range of toxins and extracellular proteins, such as coagulase (which catalyzes the 

conversion of fibrinogen to fibrin), hemolysins (which lyse erythrocytes), staphylokinase, lipase, 

toxic shock syndrome toxin 1, enterotoxins (which trigger systemic inflammatory responses), and 

panton-valentine leucocidin (a toxin with broad cytotoxic capabilities). Together, these virulence 

factors destroy host tissues and facilitate the spread of infection. Another key virulence factor is 

catalase, which facilitates the intracellular survival of bacteria by degrading hydrogen peroxide, a 

reactive oxygen species employed by host immune cells [17]. In summary, S. aureus employs a 

wide range of surface proteins, toxins, and enzymes to effectively colonize host tissues, evade 

immune defenses, and damage host cells.  

1.2: Resistance patterns 

S. aureus has demonstrated a remarkable ability to develop antibiotic resistance, primarily through 

the acquisition of mobile genetic elements that facilitate the transfer of resistance and virulence 

factors from other bacterial species, including Staphylococcus strains [18]. Overuse of antibiotics 

also exerts selective pressure, pushing previously susceptible isolates to evolve resistance 

mechanisms [19]. The most well-known example of antibiotic resistance in S. aureus emerged 

following the introduction of penicillin in 1944 [20]. This species developed resistance by 

acquiring the bla operon, which encodes ɓ-lactamase, an enzyme that inactivates penicillins by 

hydrolyzing the ɓ-lactam ring. This process prevents penicillin from binding to its target, the PBPs, 

thus inhibiting the drug to disrupt bacterial cell wall synthesis [18]. This mechanism was acquired 

through plasmid-encoded penicillinase, rather than being native to S. aureus [21]. In 1959, 

semisynthetic penicillins, such as methicillin, were developed to circumvent the problem of ɓ-

lactamase resistance, but shortly after their introduction, methicillin-resistant S. aureus (MRSA) 
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strains emerged [22]. This resistance was conferred by the mecA gene, which encodes PBP2a, a 

protein that reduces the binding affinity of antibiotics to the bacterium. It is believed that S. aureus 

acquired the mecA gene from other staphylococcal species [22]. These examples show how 

resistance to penicillin was rapidly developed in S. aureus infections.  

There has been increasing concern about the acquisition of resistance to other antibiotics in S. 

aureus. Vancomycin resistance is an important example that is likely to pose a major therapeutic 

challenge in the future. Identified in 1996, vancomycin-intermediate S. aureus (VISA) displayed 

minimum inhibitory concentrations (MIC) of vancomycin Ó4 ɛg/mL, compared to the typical MIC 

of <2 ɛg/mL [18]. Vancomycin-resistant S. aureus (VRSA), which was first reported in 2002, 

shows an even higher MIC (Ó16 ɛg/mL). This resistance is linked to the acquisition of the VanA 

gene from Enterococcus, a completely different bacterial genus [18]. Another example of 

resistance acquisition in S. aureus is the emergence of clindamycin-resistant strains. The 

susceptibility of S. aureus to clindamycin can be variable, and both methicillin-susceptible S. 

aureus (MSSA) and MRSA isolates can either have inherent or inducible resistance. Studies have 

shown clindamycin resistance rates as high as 32.7% in MSSA and 90.8% in MRSA [23]. Data 

from a multihospital database between 2007 and 2011 reported that 39.1% to 40.4% of S. aureus 

isolates were resistant to clindamycin, without distinguishing between MRSA and MSSA [24]. 

These examples show that resistance to different antibiotics is rapidly spreading among S. aureus 

strains.  

1.3: Inoculum effect 

Soon after the introduction of natural penicillins for civilian use in the 1940s, ɓ-lactam antibiotics 

became widespread due to their fast bacterial eradication and broad therapeutic window [25]. 



26 

 

Around the same time, researchers first observed that bacterial inoculum size could affect in vitro 

susceptibility testing of penicillin [26]. Throughout the 20th century, the impact of bacterial 

density on the efficacy of ɓ-lactam antibiotics became a topic of interest as clinicians debated 

whether the selection of a ɓ-lactam should be adjusted according to the bacterial load at the site of 

infection [27,28]. Since its discovery, the inoculum effect (IE) has been observed in several high-

burden infection models, including endocarditis, sepsis, osteomyelitis, and pneumonia [27,29-34]. 

Extensive research has been conducted on the IE in ɓ-lactamase-producing strains, such as MSSA 

and Gram-negative bacteria like Escherichia coli, Klebsiella pneumoniae, Pseudomonas 

aeruginosa, and Haemophilus influenzae [33,35-39]. Due to the wide range of ɓ-lactamase types 

produced by Gram-negative pathogens, many studies have investigated enzymes ranging from 

narrow-spectrum ɓ-lactamases, such as temoneira (TEM) [37] and sulfhydryl variable (SHV) [40], 

to extended-spectrum ɓ-lactamases [31,33] and carbapenemases [41]. 

IE can lead to increased antibiotic tolerance in S. aureus in addition to traditional resistance 

mechanisms. At high bacterial densities (> 107 CFU/mL), the large amount of produced ɓ-

lactamase enzyme can effectively hydrolyze penicillin at a high enough rate to inactivate its 

antibacterial effect [42]. As a result, the antimicrobial activity is attenuated, leading to reduced 

susceptibility even in strains that are otherwise susceptible at lower concentrations [26]. This 

phenomenon highlights the importance of considering bacterial load in clinical treatment, as even 

susceptible strains may exhibit resistance-like behaviour under high-density conditions.  

IE cannot be detected with routine antimicrobial susceptibility testing, as this effect is not observed 

at lower bacterial concentrations (~ 105 CFU/mL). As a result, the clinical relevance of minimum 

inhibitory concentrations determined at standard concentration, according to Clinical and 
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Laboratory Standards Institute guidelines, may be limited, particularly for infections with high 

bacterial densities, such as endocarditis or medical device-associated infections [43]. Therefore, it 

is essential for clinical microbiologists to recognize the significance of the IE and adjust their 

testing protocols accordingly to screen for the IE phenotype.  

1.4: Small colony variants 

Unlike traditional resistance mechanisms that rely on acquiring new resistance genes from other 

strains during the horizontal gene transfer process or increased resistance due to high bacterial 

load, S. aureus can develop phenotypes within a clonal population that confer antibiotic tolerance 

[44]. Phenotypic adaptation enables the pathogen to withstand environmental stresses within the 

host, evade the host immune system, and resist antimicrobial treatment. One well-known example 

of these phenotypic shifts in S. aureus are small colony variants (SCVs) [45]. SCVs are a slow-

growing subpopulation of bacteria characterized by distinct phenotypic and pathogenic traits [46]. 

As their name suggests, SCVs form colonies that are approximately one-tenth the size of wildtype 

bacterial colonies (Figure 1.3) [47]. First reported in 1910 as an atypical form of Eberthella 

typhosa (now known as Salmonella enterica serovar Typhi), SCVs have since been identified in 

various bacterial genera and species, including Staphylococcus aureus, Staphylococcus 

epidermidis, Staphylococcus capitis, Pseudomonas aeruginosa, Burkholderia cepacia, Salmonella 

serovars, Vibrio cholerae, Shigella spp., Brucella melitensis, Escherichia coli, Lactobacillus 

acidophilus, Serratia marcescens, and Neisseria gonorrhoeae [46,48,49]. SCVs from many of 

these organisms have been isolated from clinical samples, including abscesses, blood, bones and 

joints, the respiratory tract, and soft tissues [50]. 
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Many factors contribute to the formation of SCVs. Environmental stressors, such as low pH, low 

temperature, nutrient starvation, exposure to antibiotics or disinfectants, and intracellular 

localization within the host, can trigger the emergence of the SCV phenotype (Figure 1.4) [51,52]. 

These pressures may sometimes induce permanent genetic changes, resulting in a stable SCV 

phenotype [53]. Additionally, genetic mutations in biosynthetic pathways, including those for 

hemin, menadione, thymidine, and fatty acids, have also been associated with the development of 

a stable SCV phenotype [54-60]. However, SCVs may exhibit an unstable phenotype when their 

phenotype are not linked to permanent genetic alterations [53]. In such cases, removal of the 

environmental stressors can lead to spontaneous reversion to the wildtype phenotype [61]. Clinical 

SCVs are reported to have this unstable phenotype, with a tendency to rapidly revert to the 

wildtype form under favourable conditions [46,62,63]. Overall, the variability in SCV phenotypes 

highlights the complexity of their persistence and adaptation in different environments. 

Figure 1.3: Tryptic soy blood-agar plates that show (A) normal and (B) SCV phenotypes 

of S. aureus 
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Figure 1.4: Origins of SCV formation and their universal characteristics. This figure is 

adapted from the review paper by Guo et al [52], which is free to use under the Creative 

Commons Attribution licence (CC-BY) license.  

The identification of SCVs in routine diagnostic laboratories poses significant challenges due to 

their distinct physiological, metabolic, and morphological characteristics. For example, SCVs 

require more than 24 hours to become visible on solid media due to their notably slower growth 

(approximately six-fold reduced generation time) [50]. Additionally, SCVs exhibit reduced or 

absent pigmentation and diminished hemolysis, characteristics that make them difficult to 

distinguish from other bacteria, such as non-hemolytic streptococci [64] or coagulase-negative 

staphylococci [65]. SCVs can also be overgrown by normal isolates in mixed cultures [46]. This 

challenges in identification can lead to the premature termination of antibiotic treatments before 

clearing SCVs from an infection.  
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1.5: Thesis hypotheses and objectives 

Although significant progress has been made in understanding the resistance mechanisms in S. 

aureus, critical gaps remain in our knowledge of how these resistance mechanisms affect overall 

bacterial fitness and clinical presentation. Two notable examples are the SCV phenotype and the 

IE. The primary goal for this thesis was to provide a richer molecular understanding of the basis 

of these two phenotypes. Unfortunately, a major barrier to studying these phenotypes has been the 

limited availability of clinical isolates for in-depth investigation. However, I was fortunate to 

participate in development of the Calgary bloodstream infections (BSIs) cohort, which includes 

7,604 S. aureus isolates from a larger study cohort of over 38,000 BSIs samples collected in the 

Calgary health zone from 2006 to 2020. I leveraged this cohort to test two primary hypotheses 

related to S. aureus molecular mechanisms of resistance. My first hypothesis was SCVs do not 

originate only from a handful of mutations in hemin, menadione, and thymidine biosynthesis 

pathways; instead, SCVs can be caused by a wide range of mutations that have a similar growth-

related effect. This hypothesis directly contradicts the currently held opinion that SCVs originate 

from a limited set of genetic changes. After testing this hypothesis, I went on to assess the 

molecular mechanisms underlying the IE. My second hypothesis proposed that disruption in the 

bla operon, eliminates the cefazolin IE (CzIE) in ɓ-lactamase-producing MSSA isolates when 

treated with cefazolin. This large Calgary BSI cohort, integrated with multi-omics data and 

administrative health records, provided a unique opportunity to test these hypotheses in a way that 

has not been previously possible. Over the course of my PhD, I provided strong evidence that 1) 

SCVs represent an ensemble of loosely related phenotypes, not a single phenomenon, 2) a deletion 

of adenine at position 1417 of the bla operon is one of several mechanisms that prevent ɓ-

lactamase-producing MSSA strains from exhibiting the CzIE phenotype.  
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Additionally, from my experience working in the field of microbial metabolomics I learned that 

one key challenge in studying metabolism in the complex systems is the variability in metabolomic 

phenotypes across different batches of culture media. Thus, a secondary goal of my thesis was to 

develop a reliable method for reproducing stable metabolic bacterial phenotypes. My hypothesis 

was that a consistent nutritional environment leads to stable and reproducible metabolic 

phenotypes in vitro. Using liquid chromatography-mass spectrometry based metabolomics 

approaches, I developed a chemically defined medium that supports the growth of pathogens, 

restores the metabolic biomarkers used to differentiate the top six BSI species, and allows for 

antibiotic susceptibility testing.  
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2.1: Abstract 

Small colony variants (SCVs) of Staphylococcus aureus are a relatively rare but clinically 

significant growth morphotype. Infections with SCVs are frequently difficult to treat, inherently 

antibiotic-resistant, and can lead to persistent infections. Despite over a century of research, the 

molecular underpinnings of this morphotype and their impact on the clinical trajectory of 

infections remain unclear. However, a growing body of literature indicates that SCVs are caused 

by a diverse range of molecular factors. These recent findings suggest that SCVs should be thought 

of as an ensemble collection of loosely related phenotypes, and not as a single phenomenon. This 

review describes the diverse mechanisms currently known to contribute to SCVs and proposes an 

ensemble model for conceptualizing this morphotype. 

mailto:ian.lewis2@ucalgary.ca
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2.2: Small colony variants: adaptive lifestyle for persistent infections 

Staphylococcus aureus isolates have a variety of growth morphotypes that can affect the clinical 

trajectory of infections [66,67]. Small colony variants (SCVs) are one of these morphotypes that 

are reported to have an incidence as high as 72% in clinical specimens and are frequently linked 

to persistent infections [68]. SCVs are characterized by their pinpoint colonies, which are one-

tenth the size of their wildtype counterpart when grown on agar plates [69]. S. aureus SCVs also 

exhibit other key characteristics, including slow growth [70], altered metabolism [59,71-76], 

decreased hemolytic activity [77], reduced pigmentation [46,78], altered expression of virulence 

factors (e.g., decreased toxins and increased adhesins) [63,79-83], increased biofilm formation 

[84-90], and elevated antibiotic tolerance [91-95]. These phenotypic differences make SCVs 

inherently resistant to antimicrobial therapy [68,91,92,96] and help bacteria evade clearance by 

the host immune system [81,96-99]. As a result of these changes, S. aureus SCV infections can 

relapse months or years later, even when combined antimicrobial therapies are employed [100]. 

Although SCVs are traditionally thought of as a single phenomenon, the primary literature has 

made it clear that SCVs are an ensemble of loosely related phenotypes that have one feature in 

common: small colonies. This distinction could have important implications in understanding the 

clinical significance of SCVs. Herein, we seek to cluster the known contributors to SCV formation 

into four groups of (i) metabolism, (ii) regulatory systems, (iii) biofilm formation, and (iv) host-

pathogen interactions to help guide our conceptualization of this phenomenon. A selection of these 

diverse drivers of SCVs is summarized in Figure 2.1.  
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Figure 2.1: Schematic diagram depicting the most important mechanisms in S. aureus 

SCVs. A) Metabolic pathways that are associated with the formation of S. aureus SCVs. Red 

bars indicate inhibition of the reactions. B) Simplified overview of the Agr quorum sensing 

system and its interaction with the most important SCV regulators (SigB, CodY, and SarA) and 

their influence on the production of virulence and adhesion determinants in SCVs. Arrows and 

bars indicate activation and repression, respectively. C) Internalization of S. aureus SCVs by 

host cells and their possible intracellular fates. ALA, aminolevulinate; arcA, arginine deiminase; 



35 

 

arcB, ornithine carbamoyltransferase; arcC, carbamate kinase; citB, aconitase; DHFR, 

dihydrofolate reductase; DHNA, 1,4-dihydroxy-2-naphthoic acid; DHPPP, dihydropterin 

pyrophosphate; DHPS, dihydropteroate synthetase; DMK, demethylmenaquinone; dUMP, 

deoxyuridine monophosphate; dTMP, deoxythymidine monophosphate; FADH2, flavin adenine 

dinucleotide; FnBPs, fibronectin-binding proteins; GTP, guanosine triphosphate; hemB, 

porphobilinogen synthase; hemC, porphobilinogen deiminase; hemD, uroporphyrinogen III 

synthase; hemL, glutamate-1-semialdehyde-2,1-aminomutase; menA, 1,4-dihydroxy-2-

naphthoic acid polyprenyltransferase; menD, 2-succinyl-5-enolpyruvyl-6-hydroxy-2,4-

cyclohexadiene-1-carboxylate synthase; NADH, nicotinamide adenine dinucleotide; PABA, 

para-aminobenzoic acid; ppGpp, guanosine tetraphosphate; P2, promoter of RNAII operon; P3, 

promoter of RNAIII operon; SEPHCHC, 2-succinyl-5-enolpyruvyl-6-hydroxy-3-cyclohexene-

1-carboxylate. This summary figure was modified based on Figure 1 of Stanborough et al. [106], 

Figure 2 of Garzoni and Kelley [107], Figure 2 of Schilcher and Horswill [108], and Figure 2 of 

Proctor et al. [14]. The schematic is created with BioRender (BioRender.com). 

2.3: Metabolic origins of SCVs 

Historically, S. aureus SCVs were thought to arise from mutations in metabolic pathways 

[56,59,71-75,101]. One of the most widely characterized examples of these metabolism-related 

SCVs is mutations affecting the function of the electron transport chain (ETC) [56,71,95,101]. 

Specifically, a collection of SCVs has been generated in laboratories by introducing mutations in 

the hem and men operons (i.e. hemA, hemB, hemC, hemD, hemE, hemH, hemL, menA, menB, 

menD, and menE) [2,55,56,74,95,101-105]. These operons are responsible for the synthesis of 

heme and menaquinone, respectively, which are essential cofactors used in the ETC and necessary 
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for adenosine triphosphate (ATP) synthesis via oxidative phosphorylation (Figure 2.1A) [106]. 

Unsurprisingly, heme and menaquinone-linked SCVs have a diminished membrane potential [107] 

and lower ATP synthesis capacity [101]. These changes have a direct impact on essentially all 

cellular functions, including amino acid uptake, carbohydrate transport, cell wall biosynthesis, and 

DNA synthesis [45]. The direct metabolism-SCV connection is strengthened in this context by the 

observation that hem and men mutants can be reversed to wildtype by supplementing media with 

hemin and menadione. Consequently, these mutations are commonly referred to as hemin- and 

menadione-auxotrophic SCVs [57,102,108]. These examples showcase how mutations in ETC-

linked metabolic pathways of S. aureus can lead to the formation of related electron transport-

defective SCV phenotypes.  

Electron transport-defective SCVs affect a broad range of biological functions. For example, 

altered capsule production has been observed in different SCVs [98,105], with menD mutants 

showing reduced capsule production compared to both wildtype and hemB mutants [105]. Reduced 

colonization capacity has also been reported in a hemA in-frame deletion mutant [104]. 

Additionally, electron transport-defective SCVs exhibit increased resistance to various classes of 

antibiotics, such as aminoglycosides, cationic antimicrobial peptides, ɓ-lactams, vancomycin, and 

daptomycin [55,77,94,95,109-113]. These examples collectively suggest that electron transport-

defective SCVs demonstrate varying cellular capabilities beyond just metabolism. Furthermore, 

non-metabolic stressors like antimicrobial pressure can induce emergence of electron transport-

defective SCVs. One primary example is treatment with aminoglycosides [68,85,93,107,114-116], 

which require a proton motive force to be transported into the bacterial cell [94,107]. Similarly, 

coinfection with Pseudomonas aeruginosa (P. aeruginosa), usually in the respiratory tract of 

cystic fibrosis (CF) patients, can also lead to the formation of electron transport-defective SCVs 
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[117,118]. These isolates are able to withstand the detrimental effect of toxins (e.g. 4-hydroxy-2-

heptylquinoline N-oxide and pyocyanin) secreted by P. aeruginosa that target the ETC 

[115,119,120].  

While mutations in heme and menaquinone biosynthesis pathways are the most well-known 

metabolic adaptations associated with SCV formation, a growing body of literature shows that 

these mutations are not the only metabolic-related origins of the SCV formation and that a variety 

of other metabolic mutations can give rise to this morphotype [56,58,60,71,73-76,101,121-124]. 

For example, mutations in genes involved in the thymidine biosynthesis pathway, such as 

thymidylate synthase (encoded by thyA), have been linked to clinically significant thymidine-

dependent SCVs (Figure 2.1A) [58,121,122]. A 2-year longitudinal study of 230 pediatric CF 

patients found that up to 56% of SCV isolates that evolved from selective pressure in these subjects 

were thymidine-dependent [125]. It has been shown that short-term exposure to trimethoprim-

sulfamethoxazole (TMP-SMX) can induce a thymidine-dependent SCV phenotype in S. aureus, 

while prolonged treatment with TMP-SMX selects for thymidine-dependent SCVs with mutations 

in thyA [62]. TMP-SMX inhibits the tetrahydrofolic acid synthesis pathway (Figure 2.1A), which 

is a required cofactor for thymidylate synthase, and therefore, interferes with the conversion of 

deoxyuridine monophosphate to deoxythymidine monophosphate [126]. Thus, uptake of external 

thymidine, which is prolific in airway secretions of CF patients, is suggested as a mechanism for 

thymidine-dependent SCVs to bypass the effect of TMP-SMX [59,62,72,121]. Remarkably, thyA 

mutants have exhibited increased expression of nupC, which encodes a nucleoside transporter 

responsible for thymidine uptake from the extracellular milieu [59,72]. These findings collectively 

show that metabolic adaptations in response to impaired thymidylate synthase function are linked 

to the thymidine-dependent SCV phenotype in S. aureus. These alterations have also been 
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observed to have broader immunological impacts. For example, thymidine-dependent SCV 

infections have been associated with a significantly increased risk of respiratory exacerbations and 

reduced lung function [125]. This is especially evident in æthyA strains with higher airway 

inflammation and elevated activation of host immune responses relative to other SCV types or 

wildtype strains [127].  

SCVs have also been linked to alterations in other metabolic pathways. For example, increased 

expression of the arcABCD operon, which is responsible for the arginine deiminase pathway, has 

been observed in SCVs [56,74,101]. This pathway generates ATP and ammonia via arginine 

catabolism under anaerobic conditions and plays a role in maintaining pH homeostasis (Figure 

2.1A) [128]. In electron transport-defective SCVs, the arginine deiminase pathway is stimulated 

aerobically, which enables SCVs to persist in acidic phagolysosomes and contributes to their 

prolonged survival [56,74,101,129]. Another example of a metabolic alteration linked to SCVs is 

changes in fatty acid synthesis, which are thought to lead to SCV formation due to their impact on 

cell membrane integrity [60,123,124,130]. Prolonged subinhibitory exposure to antibiotics such as 

triclosan and daptomycin has been shown to induce the formation of fatty acid-auxotrophic SCVs 

by selecting for mutations in fabI, fabD, and fabF, the essential enzymes in bacterial fatty acid 

synthesis [60,98,123,124].  

In summary, SCVs have been extensively linked to metabolic mutations in the heme, 

menaquinone, thymidine, and fatty acid biosynthesis pathways, as well as the arginine deiminase 

pathway. However, this is not an exhaustive list. Other studies have shown that SCVs are also 

associated with alterations in other metabolic pathways, including glycolysis, the tricarboxylic 

acid cycle, and purine/pyrimidine metabolism [71,73-76]. These findings collectively indicate that 
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SCVs can arise from multiple metabolic origins, all of which contribute to their characteristic slow 

growth/small colony phenotype.  

2.4: Global regulatory systems in SCVs 

Metabolic alterations are not the only mechanism influencing SCV formation. Changes in the 

global regulatory systems of S. aureus also play a role in the emergence of the SCV phenotype 

[79,80,82,131-133]. One well-studied example is the decreased activity of the accessory gene 

regulator (Agr) system in SCVs [131], which modulates gene expression of virulence factors in S. 

aureus [134]. The Agr system comprises two operons, RNAII and RNAIII (Figure 2.1B). The 

RNAII operon encodes agrBDCA genes, which are involved in the production and detection of the 

quorum-sensing signalling molecule, autoinducing peptide [135]. RNAIII, the intracellular 

effector of the Agr system, upregulates genes encoding secreted toxins (e.g. hemolysins) and 

downregulates genes encoding adhesins (e.g. fibronectin-binding proteins) [135,136]. 

Comparative analyses of SCVs versus wildtype isolates have shown that SCVs are frequently 

linked to decreased or no detectable expression of agr and agr-linked toxins, which aid in the 

persistence of S. aureus infections by minimizing damage to the host cell and lowering 

immunogenicity [63,72,79,85,131,133]. These adaptive changes can be further explained by 

focusing on the dynamic regulation of virulence factors via the Agr system at different stages of 

infection [63,79]. In the early stages, the Agr system is inactive, allowing the bacteria to establish 

themselves within the host [79]. However, once the bacteria reach a critical density, quorum 

sensing activates the Agr system, triggering the production of toxins, lipases, and enzymes to 

eliminate recruited immune cells and establish an abscess [79]. Conversely, during chronic SCV 

infections, Agr activity remains minimal with low toxin expression, enabling SCVs to persist by 
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circumventing the host immune response [63]. In summary, tight regulation of the Agr systems 

presents a non-metabolic mechanism by which S. aureus can interconvert between a virulent 

phenotype and a chronic SCV phenotype.  

Alterations in the Agr system are not the only regulatory changes associated with SCVs. The 

stringent response is another global regulatory system in S. aureus [137] that has been implicated 

in the formation of SCVs [132]. This system allows bacteria to adapt to low-nutrient conditions 

through the intracellular accumulation of signalling molecules collectively known as (p)ppGpp 

[137]. The buildup of (p)ppGpp depletes guanosine triphosphate (GTP), which subsequently 

relieves the transcriptional repressor CodY, thereby enabling amino acid biosynthesis (Figure 

2.1B) [138]. SCVs have been linked to the constitutive activation of the stringent response due to 

specific mutations in the rel gene, which controls intracellular levels of (p)ppGpp, and/or gmk 

gene, which encodes an enzyme involved in the GTP synthesis [132,138]. Additionally, some 

SCVs have exhibited the co-occurrence of a constitutively activated stringent response with 

rifampicin resistance (by developing mutations in rpoB) and upregulation of capsule production 

[139,140], highlighting the complex and multi-layered nature of adaptation strategies in SCVs. 

This complexity can be further observed in the production of cytotoxins such as phenol-soluble 

modulins (PSMs), triggered by the stringent response [140]. While this aspect of the stringent 

response is crucial for S. aureus survival in the event of phagocytosis, whereby PSMs lyse 

neutrophils and promote escape [141], SCVs can also decrease PSMs production likely as a result 

of reduced Agr system activity [97,98]. This contradictory behaviour suggests complex 

interactions between regulatory systems at different stages of infection, which ultimately enhances 

bacterial survival. Collectively, these studies suggest that the stringent response may be 
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independently selected along with other metabolic and regulatory systems, providing yet another 

example of a high-level gene regulatory system that can be altered in the context of SCV infections.  

Alternative sigma factor B (SigB) is another stress-related regulatory mechanism in S. aureus 

[142] that favours the formation of persistent SCVs [79,80,82,85,131,133,143]. The activity of the 

SigB system positively controls the expression of many cell surface proteins, such as fibronectin-

binding proteins, and negatively controls the expression of several exotoxins, such as Ŭ-hemolysin 

[144]. This was evident in clinical SCVs, which exhibited upregulation of adhesins and 

downregulation of exoproteins due to sustained SigB activity, while æsigB mutants showed 

reduced expression of fibronectin-binding proteins and increased expression of Ŭ-hemolysin 

[79,80,82,133]. The role of SigB in developing chronic infections was further studied by infecting 

mice with S. aureus wildtype LS1, LS1æsigB, and LS1æsigB complemented strains. The 

LS1æsigB mutant caused more abscess formation and a stronger inflammatory response and, 

consequently, a more rapid clearance by the host immune system. Moreover, the æsigB mutants 

did not form SCVs [133,143]. These findings suggest that the SCV-linked SigB expression is 

essential for maintaining long-term infection [143].  

These regulatory systems do not exist in isolationðthey modulate the activity of each other. This 

crosstalk allows SCVs to tightly control their virulence and adapt to every stage of infection [133]. 

For example, the SigB system enhances staphylococcal accessory regulator (SarA) expression but 

suppresses RNAIII transcription (Figure 2.1B) [145]. Meanwhile, SarA regulates gene expression 

of several virulence factors either by promoting RNAIII transcription or through pathway(s) 

independent of the Agr system [146]. A proteome analysis by Tuchscherr et al. revealed that the 

Agr and SarA systems were active during acute infections, while SigB action was predominant 
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during chronic infections [133]. Collectively, these findings demonstrate how SCVs are linked to 

a broad diversity of alterations in global gene regulatory systems (Figure 2.1B). However, there is 

no one-to-one linkage between the SCV morphotype and the activity of these global regulators: 

mutation or even deletion of the regulators does not necessarily lead to the formation of SCVs. 

Consequently, understanding the relationship between regulatory systems and SCV phenotype 

requires a detailed examination of the impact that each mutation has on the specific regulatory 

pathway. 

2.5: Biofilm formation in SCVs 

After changes in metabolism and gene regulators, perturbations in biofilm properties of S. aureus 

is one of the next most common phenotypes that have been linked to SCVs [84-90]. This is 

particularly important in the context of clinical infections because biofilms are inherently more 

persistent and difficult-to-treat. SCV-linked changes in biofilms are generally characterized as 

operating through ica-dependent or ica-independent mechanisms [82,85-88]. In the ica-dependent 

mechanism, the icaADBC operon is upregulated, which results in the elevated production of 

polysaccharide intercellular adhesin (PIA), the main component of staphylococci biofilm matrix 

[86]. In contrast, the ica-independent mechanism results from changes in a range of regulatory 

systems, including Agr, SigB, SarA, and RNAIII [82,85,88]. These ica-independent changes can 

occur spontaneously after exposure to environmental stressors, which enhance biofilm formation 

in SCVs by promoting adhesion via fibronectin-binding proteins and suppressing virulence via 

exoproteases and nucleases [52,82,85,88]. Another example of the ica-independent mechanism is 

the modulation of fermentative biofilm formation in SCVs with mutations in the electron transport 

system through two-component regulatory systems, such as SrrAB and SaeRS, which positively 
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affect peptidoglycan hydrolase activity and the production of fibronectin-binding protein A 

[147,148]. However, another study has shown that the SrrAB system can also induce expression 

of the ica locus and stimulate PIA production under anaerobic conditions [149]. In addition, some 

SCVs appear to operate through a mixture of ica-dependent and ica-independent mechanisms. 

This is evidenced by a parallel reduction in the expression of icaA, sigB, and sarA genes, as well 

as extracellular matrix production in SCVs of methicillin-resistant S. aureus after exposure to 

oxacillin [87]. Collectively, these findings show that the SCV morphotype and the biofilm-forming 

phenotype are intertwined and can interact through a range of molecular mechanisms.  

2.6: Host-pathogen interaction in SCVs 

One clinically important aspect of SCVs is their ability to evade the host immune response, which 

is facilitated through a diverse range of mechanisms [63,81,96,97,99,112,133]. For example, SCVs 

can have increased production of adhesins (i.e. clumping factors and fibronectin-binding proteins) 

[72,79,80,97] and stronger interaction between host fibronectin and bacterial fibronectin-binding 

proteins (figure 2.1C) [80], which promote their internalization into host cells. This internalization 

process helps create intracellular bacterial reservoirs that assist SCV evasion of immune clearance 

[150]. These intracellular survival strategies are important as only 10% of engulfed bacteria can 

resist intraphagolysosomal killing mechanisms (Figure 2.1C) [96,151-154]. In addition, SCVs can 

have diminished toxin production (including Ŭ-hemolysin and PSMs), which makes them less 

immunogenic [97,98]. These alterations in toxin and adhesin production likely result from SCV-

linked changes in global regulatory systems (i.e. reduced Agr and SarA, and elevated SigB) 

[63,79,80,97,133].  
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Alterations in toxin and adhesin production are not the only mechanisms that contribute to SCV-

linked host-pathogen dynamics. SCVs can also have changes that make them more resistant to 

host defence mechanisms, such as tolerance of antimicrobial peptides [112,113] and oxidative 

stress from catalyse activity [155]. Moreover, some metabolic changes also affect immune evasion. 

For example, some SCVs have shown upregulation of the arginine deiminase pathway, which 

helps maintain pH homeostasis and thereby protects the cells from the acidic environment of the 

host (Figure 2.1C) [56,74,101]. In addition, some SCVs have increased expression of fumC, an 

enzyme that degrades endogenous fumarate [2,156]. Fumarate depletion has been linked to 

decreased methylation of the promoters of proinflammatory genes encoding numerous cytokines, 

including IL-1ɓ, TNF-Ŭ, IL-6, HIF-1Ŭ. These epigenetic changes are thought to minimize immune 

activation [2,157,158]. In summary, these findings highlight the diverse mechanisms SCVs 

employ to enable colonization of the host, minimize immune activation, and survive 

phagolysosomal digestion.  

2.7: Concluding remarks 

Historically, SCVs have been thought of as a singular phenomenon wherein phenotypic 

characteristics are ascribed to the morphotype. However, this characterization is at odds with the 

literature, which shows that SCVs can result from a broad transect of metabolic and regulatory 

changes. This review highlights some of the diversity in mechanisms and shows how this diversity 

can contribute to the clinical presentation of infections. This literature makes one observation 

clear: SCVs are not a singular phenomenon ï they are a collection of loosely related phenotypes 

that have a similar growth-related effect when S. aureus is grown on agar plates. Reframing SCVs 

as an ensemble of distinct phenotypes may help to clarify the nebulous relationship between SCVs 
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and mortality rates from serious infection, characterize the impact diverse SCV mechanisms have 

on antimicrobial tolerance, and map the impact that diverse SCV-linked changes have on host-

pathogen dynamics. In summary, redefining SCVs as an ensemble of phenotypes may help 

elucidate specific mechanisms through which SCVs modulate infections and pave the way to 

future precision medical therapies.  
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3.1: Abstract 

Small colony variants (SCVs) are a rare but clinically significant morphotype of Staphylococcus 

aureus. SCVs are characterized by forming pinpoint colonies on agar plates and are generally 

thought to have an unstable phenotype that will spontaneously revert to normal colonies. These 

isolates are associated with chronic, difficult-to-treat infections and poor clinical outcomes. The 

molecular underpinnings of SCV have not been extensively mapped but are generally thought to 

be caused by disruptions in electron transport chain function. However, our understanding of the 

molecular underpinnings of SCVs has largely been derived from analyses of a limited set of 

laboratory-generated strains, and it is unclear how well these strains represent real-world 

infections. To address this gap, we isolated every S. aureus SCV (n = 118) linked to bloodstream 

infections in the Calgary health zone from 2006-2020. Our analyses of this cohort confirm previous 

reports describing SCV-linked changes in protein expression patterns (e.g., elevated fibronectin-

binding protein). However, this collection differs from previous reports in other respects: we show 

that 1) 86% of these SCVs are phenotypically stable across repeated subculturing, 2) SCVs are not 

linked to severe infections, 3) SCVs are associated with >300 novel mutations in our cohort, and 

4) many of these mutants (e.g., hpt, guaA, gdpP, pyrD, and pdhD) disrupt a range of carbon 

metabolism functions outside of the electron transport chain. Collectively, these findings show that 
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SCVs are more diverse than previously appreciated and that laboratory-derived strains do not 

capture the full spectrum of clinical diversity.  

3.2: Introduction  

Staphylococcus aureus small colony variants (SCVs) are a clinically significant morphotype that 

are associated with persistent infections. SCVs form colonies that are approximately one-tenth the 

size of typical S. aureus colonies [47,50], have slower than normal growth, suppressed 

metabolism, reduced hemolytic activity, decreased pigmentation, altered expression of virulence 

factors, increased biofilm formation, and elevated antibiotic tolerance [3]. Clinically-derived 

SCVs are also frequently reported as having an unstable phenotype, wherein colonies 

spontaneously revert to a wildtype growth form after successive subculture [93,133]. Although 

general characteristics of SCVs have been reported for almost a century [69,159], the molecular 

basis of this phenotype in clinical isolates is still poorly understood. 

SCVs have historically been attributed to mutations in a small selection of metabolic biosynthesis 

pathways affecting hemin [73-75,95], menadione [56,73,95], thymidine [59,72,73], and fatty acid 

biosynthesis [60,123,124,130]. However, a growing body of literature suggests that a wider 

constellation of molecular changes contribute to SCVs [160]. These alterations include changes in 

arginine deiminase [56,74,101], glycolysis [71], tricarboxylic acid cycle [71,73,75], and 

purine/pyrimidine metabolism [74-76]. In addition, SCVs have been linked to a variety of 

alterations in global regulatory systems [79,80,82,131-133]. Although this literature indicates that 

multiple mechanisms contribute to SCVs, the molecular underpinnings of this morphotype remain 

poorly understood.  
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One reason for our limited understanding of naturally-occurring SCVs are the practical challenges 

inherent to studying these isolates. SCVs are rare in clinical samples [161], frequently 

misidentified as nonhemolytic streptococci [64] or coagulase-negative staphylococci [65], and 

tend to be overgrown by normal S. aureus isolates in mixed cultures [46]. As a result, much of 

what we know about SCVs has been derived from laboratory-generated isolates with mutations in 

hem and men operons [2,55,56,74,95,101-105]. What little we do know about naturally occurring 

isolates is largely related to isolates recovered from chronic pulmonary infections in cystic fibrosis 

patients [162-167]. A smaller percentage of the literature reports on SCVs from osteomyelitis, 

medical device-related infections, and wounds [58,71,108,168-172].  

Currently, there is very little information about SCVs in the context of bloodstream infections, 

which is a critical gap given the high mortality rates linked to persistent bacteremia [173,174]. To 

address this gap, we collected all S. aureus SCVs observed in bloodstream infections (BSIs) in the 

Calgary health zone between 2006 to 2020. Using this cohort, we conducted a systematic multi-

omics survey of isolates to map molecular mechanisms contributing to these BSI-linked SCVs. 

3.3: Results 

3.3.1: SCVs are not associated with severe patient outcomes 

To better understand the clinical characteristics of SCVs, we collected all 7,604 S. aureus BSI 

isolates from 2006 to 2020 in the Calgary health zone. Isolates that were recorded as SCVs by 

Alberta Precision Laboratories (APL) during the original clinical microbiology workup (n = 118) 

were identified from health records. We recovered these isolates from their cryostocks and 

analyzed them via multi-omics approaches. To study the epidemiological characteristics of these 

infections, we linked all S. aureus infections to electronic health records provided by Alberta 
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Health Services (AHS). We then analyzed the demographic and other characteristics of SCV 

infections relative to non-SCV infections. Records were filtered to include only index isolates (i.e., 

the first positive blood culture collected from a patient during any consecutive 30-day period). 

Demographic analysis revealed a significant sex disparity in SCV bloodstream infections, with 

76% of the isolates originating from male patients and 24% from females, compared to 64% male 

and 36% female patients for non-SCV infections (Figure 3.1A). Patients over 65 years of age, 

regardless of sex, were more susceptible to S. aureus bacteremia, independent of phenotype 

(Figure 3.1A). No significant differences between SCV and non-SCV infections were observed in 

either the Charlson Comorbidity Index (CCI) or the probability of death (Figure 3.1B). However, 

weak associations were observed between SCVs and a select set of patient factors, including 

diabetes, chronic pain, and male sex (Phi coefficients Ó 0.23; Supplemental Figure 3.1). Together, 

these findings indicate that SCVs observed in the Calgary BSI Cohort are largely indistinguishable 

from non-SCVs based on patient demographics and outcomes.  
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Figure 3.1: Clinical and demographic characteristics of S. aureus SCV isolates of Calgary 

BSI cohort. A) The association between SCV phenotype and demographics of the patients 

reveals a significant sex difference related to S. aureus SCV BSI (76% men versus 24% women), 

which is greater compared sex difference related to S. aureus non-SCV BSI (64% men versus 

36% women). Age distribution of patients showed that S. aureus bacteremiaðregardless of the 

phenotypeðis more prevalent among patients over 65 years old, whether male or female. This 
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analysis included only the index SCV isolates for each patient within a 30-day period. nSCV = 

74. B) The Charlson Comorbidity Index (CCI) and the probability of death appeared to be 

similar between S. aureus SCVs and non-SCVs in the Calgary BSI cohort. Statistical analyses 

were conducted using unpaired two-tailed Studentôs t-test with Welchôs correction and log-rank 

(Mantel-Cox) test for the CCI and the probability of death, respectively, with a significance 

threshold of Ŭ < 0.05. This analysis included only the index isolate for each patient within a 30-

day period. nSCV = 74; nnon-SCV = 5,661. C) Incident of SCVs with their designated colony size 

before and after re-phenotyping on day one of subculture, among 7,604 S. aureus BSIs. ninitial 

SCVs = 118; nconfirmed SCVs = 111. D) Clinical S. aureus SCV isolates went through four subsequent 

subcultures on TSA plates plus 5% sheep blood, forming colonies with a wide range of colony 

sizes categorized as tiny, small, medium, large and mix colonies. Over the four subcultures, 62 

isolates maintained their phenotype, 37 isolates presented as the next closest size category, and 

only 4 isolates showed substantially different colony sizes between the first and final 

subculturing steps. On day four, five isolates with tiny colonies, 54 isolates with small colonies, 

38 with medium size colonies, and one isolate with a mix of small and large colonies confirmed 

stable phenotype in these clinical strains. In total, 15 out of 118 isolates generated large size 

colonies. Tiny =< 0.2mm; small > 0.2mm & =< 0.5mm; medium > 0.5mm & =< 1mm; large > 

1mm; mix (a combination of different colony sizes). E) Frequency of SCV phenotype among 

7,604 S. aureus BSI isolates is estimated to be 1.2% on average over 15 years. nSCV = 102. F) 

The average frequency of the SCV phenotype across different clonal complexes (CCs) is 1%, 

with CC1 (1.2%), CC5 (1.5%), and CC30 (1.7%) as the most prevalent lineages. This analysis 

included only the isolates that passed the genomic QC pipeline. nSCV = 92; nS. aureus BSIs = 7,169. 

G) Mapping the SCV phenotype on the phylogeny of 7,169 S. aureus isolates reveals diverse, 
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genetically distant genotypes among our clinical SCV isolates. The phylogenetic tree was built 

for the S. aureus isolates, which passed our genomic QC pipeline. nSCV = 92. 

3.3.2: SCVs form stable colony sizes 

To confirm that our cohort of isolates identified in the clinical microbiology records were indeed 

SCVs, we accessed these samples from the APL biorepository and regrew them on tryptic soy agar 

(TSA) plates containing 5% sheep blood. Among the 7,604 S. aureus isolates, 118 (1.6%) were 

originally reported as S. aureus SCVs by APL (Figure 3.1C). Among the 118 isolates, 111 were 

reconfirmed as SCVs after a single subculturing step (Figures 3.1C, 3.1D, Supplemental Table 

3.1). Isolates generally formed consistent colony sizes within a plate but showed a diverse range 

of colony sizes between isolates: 6.8% formed tiny colonies (smaller than 0.2 mm), 64% formed 

small colonies (between 0.2 and 0.5 mm), 15% formed medium colonies (between 0.5 and 1 mm), 

and 7.6% formed mixed colonies of varying sizes. In comparison, the wildtype isolates produced 

colonies of between 1 and 3 mm under the same culture conditions (Figures 3.1C, 3.1D, 

Supplemental Table 3.1). To assess the long-term stability of the observed colony sizes, we 

subcultured the isolates iteratively over four days (Figure 3.1D, Supplemental Table 3.1). In these 

replicate analyses, 62 of the 111 isolates (56%) maintained their original size category across these 

consecutive culture steps, and 37 of the 111 (33%) presented as the next closest size category. 

Only 4 of the 111 (3.6%) colonies differed substantially in size between the first and final 

subculturing steps. A small fraction of the isolates (9 of 111, 8.1%) presented with mixed colony 

sizes on the original plate. These mixed cultures were processed by subculturing only the smallest 

colonies observedðof which 8 of 9 isolates presented as SCVs upon subculture, with no evidence 

of mixed colony sizes. Only one isolate produced mixed colony sizes across all four subcultures 
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(Figure 3.1D, Supplemental Table 3.1). Collectively, these findings revealed that SCVs have 

diverse colony sizes but that most isolates present as consistent phenotypes when subcultured. 

3.3.3: SCVs exhibit a low frequency but diverse lineages in the Calgary S. aureus BSI cohort 

To further characterize the SCV phenotypes within our BSI cohort, we studied both the frequency 

and molecular diversity of the SCV isolates. For this analysis, we selected 102 SCV isolates with 

consistent phenotypes across the four subcultures. The average frequency of these SCV isolates 

among the 7,604 S. aureus BSI samples was estimated to be 1.2% over 15 years, peaking at 4% in 

2013 (Figure 3.1E). Of these 102 SCVs, four isolates were excluded from downstream genomic 

analyses because StrainGST [175] indicated the presence of DNA from more than one 

staphylococcal species. In addition, six isolates were excluded due to insufficient sequencing 

quality (Supplemental Table 3.1). Multilocus sequence typing (MLST) was used to analyze the 

molecular diversity of these SCVs. Several clonal complexes (CCs), including CC1, CC5, CC8, 

CC15, CC22, CC30, CC45, CC93, and CC97, were identified. The overall frequency of the SCV 

phenotype across these lineages was 1.0%, with CC1 (1.2%), CC5 (1.5%), and CC30 (1.7%) being 

the most prevalent (Figure 3.1F). Among these SCVs 2.33% were not assigned to a specific CC, 

and no SCV isolates were associated with CC93 or CC97. Phylogenetic mapping of 92 SCV 

isolates within a tree of 7,169 S. aureus BSI isolates revealed that isolates with the SCV phenotype 

were dispersed across the phylogeny and did not cluster within any specific CC (Figure 3.1G). 

These data collectively highlight the molecular diversity of SCVs, suggesting that the SCV 

phenotype typically emerges independently across diverse genetic backgrounds. 

3.3.4: Over 30 novel and distinct mutations are linked to SCVs 
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To better understand the molecular factors driving the SCV phenotype, we first sought to identify 

near isogenic SCV/non-SCV pairs that could be evaluated for genetic differences. Whole-genome 

sequences of SCVs and non-SCVs from the S. aureus BSI cohort were analyzed via Pilon v1.23 

[176] for variant calling against their strainGST reference genomes. The variant calls were then 

used to assess the genetic distances between SCVs and their genetically closest non-SCVs. For 

this analysis, we selected 54 unambiguous SCVs (small/tiny colonies) that displayed a consistent 

phenotype across subculturing steps. Near isogenic pairs were defined as having 25 single 

nucleotide polymorphisms (SNPs) or fewer across their genomes [177]. Using this strategy, we 

identified 18 SCVs that could be paired with a genetically related non-SCV counterpart 

(Supplemental Table 3.1). Electronic health records showed that these 18 pairs originated from 16 

unique patients (i.e. each pair was recovered from a single patient and two patients had two pairs; 

Supplemental Table 3.2). These pairs included several cases where the SCV and non-SCV samples 

were collected more than 30 days apart (e.g. PID 3, PID 5, and PID 7; Supplemental Table 3.2). 

This collection of near isogenic pairs creates an opportunity to study diverse clinical SCV isolates 

while controlling for genetic background.  

To better understand the molecular characteristics of SCVs, each pair of isolates was further 

classified using Ariba v2.14.5 [178], MLST v2.15.1 (https://github.com/tseemann/mlst), and 

StrainGST [175] (Supplemental Table 3.2). Seven pairs carried the mecA gene, confirming 

methicillin-resistant S. aureus (MRSA), and displayed staphylococcal cassette chromosome mec 

(SCCmec) types II and IV. These MRSA pairs were associated with CC5 and CC22. The 

remaining 11 methicillin-susceptible S. aureus (MSSA) pairs belonged to CC1, CC5, CC8, and 

CC30 (Supplemental Table 3.2). These findings show that our subset of paired isolates covers a 

range of genetic backgrounds and methicillin resistance types.  

https://github.com/tseemann/mlst
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We next performed pairwise variant calling between SCV and non-SCV isolates of each pair using 

Pilon v1.23 [176] to extend the range of genomic sites that could be compared. This analysis 

identified more than 300 candidate mutations associated with SCVs, affecting various metabolic, 

regulatory, and virulence pathways (Supplemental Table 3.3). To narrow the pool of candidate 

mutations, we focused our subsequent analyses on non-synonymous mutations in the protein-

coding region of known genes (Table 3.1). In total, we identified 36 non-synonymous mutationsï

22/36 were in metabolic genes, 10/36 in global regulatory genes, and 4/36 in virulence-associated 

genes. SCV strains from PID 6, PID 7a/b, PID 8, and PID 9 carried non-synonymous mutations in 

genes involved in purine and pyrimidine metabolism, such as hpt (encoding hypoxanthine-guanine 

phosphoribosyltransferase), quaA (encoding guanosine-5ǋ-monophosphate (GMP) synthase) and 

purR (encoding a pur operon repressor), gdpP (encoding cyclic di-3ǋ,5ǋ-adenosine monophosphate 

(c-di-AMP) phosphodiesterase), kdpD (encoding sensitive K+ channel histidine kinase), and pyrD 

(encoding dihydroorotate dehydrogenase), respectively (Table 3.1). Non-synonymous mutations 

in other metabolic pathways, including tryptophan synthesis, spermidine/spermine uptake, cell 

wall synthesis, the pyruvate dehydrogenase complex (PDHC), glutathione uptake, manganese 

uptake, and nitrate respiration were also detected in SCV strains from PID 4, PID 5, PID 8, PID 

9/14, PID 11a/b, and PID 12, respectively (Table 3.1). 

In addition to metabolism-related genes, mutations in regulation- and virulence-related genes were 

also identified. SCV isolates from PID 1, PID 2, PID 5, PID 8, PID 11b and PID 13, PID 15, and 

PID 16 developed non-synonymous mutations in regulatory genes including clpX (encoding an 

ATP-dependent Clp protease), rpoB (encoding DNA-directed RNA polymerase subunit beta) and 

alaS (encoding alanine-tRNA ligase), mutM (encoding formamidopyrimidine-DNA glycosylase), 

rpsM (encoding 30S ribosomal protein S13), rsbW (encoding a serine protein kinase), clpP 
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(encoding an ATP-dependent Clp protease proteolytic subunit), mfd (encoding a transcription 

repair coupling factor) and rplV (encoding 50S ribosomal protein L22), respectively (Table 3.1). 

Furthermore, non-synonymous mutations in virulence-related genes such as essG (encoding the 

type VII secretion system protein EsaG) and hlgC (encoding gamma-hemolysin component C) 

were detected in SCV isolates from PID 6 and PID 12, respectively (Table 3.1). Collectively, these 

results show that S. aureus SCV BSIs are associated with a wide range of mutations affecting 

various metabolic, regulatory, and virulence pathways. 
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Table 3.1: Non-synonymous mutations differentiating the genotypes of the isogenic SCV/non-SCV pairs. Variant calling analysis 

identified 36 mutations in coding regions that result in changes to the amino acid sequence of the encoded known proteins. Non-Syn, 

non-synonymous.  

PID Gene 
Gene 

coordinates 

Substitution 

position 
Substitution type Effect Gene name/function Category 

1 clpX 15709-16251 15731 Deletion (C) Early Stop 
ATP-dependent Clp protease ATP-

binding subunit 
Regulatory protein (a protein-folding chaperon) 

2 
rpoB 29823-33374 30541 SNP (T->C) N-Syn (P945L) 

DNA-directed RNA polymerase 

subunit beta 
Regulation (RNA polymerase subunit) 

alaS 64907 66362 SNP (G->A) N-Syn (A486T) Alanine--tRNA ligase Signal-recognition particle pathway 

4 trpD2 12097-13095 12971 Large deletion (108 bp) Early Stop 
Anthranilate 

phosphoribosyltransferase 2 
Metabolism (tryptophan) 

5 

mutM 30064 30435 SNP (A->G) N-Syn (Y168H) 
Formamidopyrimidine-DNA 

glycosylase 
Regulation (DNA repair) 

potA 217890 218104 SNP (T->C) N-Syn (L72P) 
Spermidine/putrescine import 

ATP-binding protein 
Metabolism (spermidine/spermine uptake) 

6 

hpt 9858 10293 Insertion (A) Early Stop 
Hypoxanthine-guanine 

phosphoribosyltransferase 
Metabolism (purine salvage pathway 

essG_1 105177-105665 
105507 SNP (A->T) N-Syn 

(ED52DE) 
Type VII secretion system protein Virulence 

105510 SNP (T->A) 

essG_2 105676-106176 105859 SNP (A->C) N-Syn (R106S) Type VII secretion system protein Virulence 

7a 

purR 24538-25362 25077 SNP (T->C) N-Syn (R96C) Pur operon repressor Metabolism (purine biosynthesis regulator) 

guaA 90054-91595 91072 SNP (C->T) N-Syn (A340V) 
GMP synthase (glutamine 

hydrolyzing) 
Metabolism (purine salvage pathway) 

7b 

purR 24538-25362 25077 SNP (T->C) N-Syn (R96C) Pur operon repressor Metabolism (purine biosynthesis regulator) 

guaA 90054-91595 91072 SNP (C->T) N-Syn (A340V) 
GMP synthase (glutamine 

hydrolyzing) 
Metabolism (purine salvage pathway) 

8 

gdpP 33566-35533 33652 SNP (C->T) Early Stop Cyclic-di-AMP phosphodiesterase 

Metabolism (maintains intracellular levels of 

cyclic-di-AMP, a purine-based signalling 

nucleotide) 

pbpH 190782-192854 192755 Insertion (ACC) 
Frameshift 

(659P) 
Penicillin-binding protein H 

Metabolism (cell wall synthesis, cell 

elongation) 

rpsM 241342-241707 241664 SNP (T->C) N-Syn (I108T) 30S ribosomal protein S13 
Regulation (protein synthesis - controls 

translocation of the mRNA:tRNA complex) 

9 

kdpD 16517-19174 17531 Deletion (T) Early Stop 
Osmosensitive K+ channel histidine 

kinase 
Metabolism (c-di-AMP) 

pyrD 24043-25107 24482 SNP (A->G) N-Syn (N147S) Dihydroorotate dehydrogenase Metabolism (pyrimidine de novo synthesis) 

pdhD 64046-65452 64785 SNP (A->T) N-Syn (V223D) 

Dihydrolipoamide dehydrogenase 

component of pyruvate 

dehydrogenase E3 

Metabolism (pyruvate dehydrogenase complex) 
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gsiA 284829-286421 285141 SNP (G->A) N-Syn (D105N) 
Glutathione import ATP-binding 

protein 
Metabolism (Glutathione uptake) 

11a mntR 29019-29663 
29287 SNP (A->G) N-Syn (T70M) 

HTH-type transcriptional regulator Metabolism (manganese uptake) 
29455 SNP (T->C) N-Syn (R126H) 

11b 
rsbW 14965-15444 14993 SNP (T->A) N-Syn (M10K) 

Anti-SigB factor, Serine-protein 

kinase 
Regulation (controls SigB activity) 

mntR 29019-29663 29287 SNP (A->G) N-Syn (T70M) HTH-type transcriptional regulator Metabolism (manganese uptake) 

12 

hlgC 72194-73141 72217 SNP (A->T) N-Syn (F309I) Gamma-hemolysin component C Virulence 

narH 99849-101408 

100211 SNP (A->T) N-Syn (Q121H) 

Nitrate reductase subunit beta Metabolism (nitrate respiration) 

100266 SNP (A->T) N-Syn (R140W) 

100837 SNP (C->T) N-Syn (T330I) 

101250 SNP (A->T) N-Syn (N468Y) 

101254 SNP (C->T) N-Syn (S469L) 

13 rsbW 102993-103472 103342 SNP (G->A) N-Syn (G117D) 
Anti-SigB factor, Serine-protein 

kinase 
Regulation (controls SigB activity) 

14 pdhD 439804-441210 439886 SNP (C->A) N-Syn (E28A) Dihydrolipoyl dehydrogenase Metabolism (pyruvate dehydrogenase complex) 

15 clpP 33319-33906 33809 SNP (A->G) N-Syn (D33G) 
ATP-dependent Clp protease 

proteolytic subunit 

Regulatory protein (control transcription of 

virulence factors) 

16 
mfd 19366-22872 21158 SNP (A->G) N-Syn (G598D) 

Transcription repair coupling 

factor 
Regulation (DNA repair) 

rplV 104947-105300 105299 Deletion (AATTAA) Early Stop 50S ribosomal protein L22 Regulation (protein synthesis) 



60 

 

3.3.5: Metabolomic and proteomics results confirm the functional impact of SCV-linked 

mutations in the purine, pyrimidine, and pyruvate pathway 

To investigate the functional impact of SCV-linked mutations in metabolic genes, we conducted 

targeted quantification of metabolites and proteins using liquid chromatography-mass 

spectrometry (LC-MS) based metabolomic and proteomic analyses. We selected five near isogenic 

SCV/non-SCV pairs carrying six different mutations in the purine, pyrimidine, and pyruvate 

pathways (i.e. each pair harbors one metabolic-linked mutation except for PID 9 with two different 

mutations; Figures 3.2A-E). We specifically assessed the impact of each mutation on its directly 

related enzyme and precursor metabolite. Our core hypothesis was that these mutations would lead 

to reduced enzyme expression and accumulation of the precursor metabolite directly affected by 

the mutation. Since each assay targeted a single hypothesis, multiple test corrections were not 

required. A summary of changes in metabolite and enzyme expression for each mutation is 

provided in Supplemental Table 3.4. Briefly, all mutations were associated with significant 

metabolic changes in upstream precursor metabolites (Figures 3.2A-E and Supplemental Table 

3.4). Additionally, our analysis identified a significant reduction in pyruvate dehydrogenase levels 

in two different SCV isolates (PID 9; fold change = -1.17, P = 0.0346; PID 14; fold change = -

1.94, P < 0.0001; Supplemental Table 3.4). Collectively, these findings show that SCV-linked 

mutations in the purine, pyrimidine, and pyruvate pathways result in significant metabolic 
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disruptions. 
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Figure 3.2: Metabolic phenotypes associated with mutations found in the pairwise 

comparison. Extracellular and intracellular metabolomic analyses of isogenic SCV/non-SCV 

pairs revealed significant changes in the metabolites related to the mutations distinguishing their 

genotypes. A) The extracellular level of hypoxanthine and guanine in the pair of PID 6. B) The 

extracellular level of xanthosine in the pair of PID 7. C) The intracellular level of c-di-AMP in the 

pair of PID 8. D) The extracellular level of dihydroorotate and orotate in the pair of PID 9. E) The 

extracellular level of pyruvate in the pairs of PID 9 and PID 14. The metabolomic data represent 

signal intensities from three independent pooled replicates. Statistical analysis was performed 

using multiple unpaired two-tailed Studentôs t-tests with Welchôs correction. No multiple test 

corrections were applied as each mutation had single metabolic hypothesis.*P < 0.05; **P < 0.01; 

*** P < 0.001; **** P < 0.0001. PID; patient ID.  

3.3.6: SCVs and non-SCVs exhibit distinct proteomic signature  

Many global changes in protein expression have been previously reported for SCVs. To better 

understand the relevance of these reports in our clinical cohort, we performed tandem mass tag 

(TMT)-labeling LC-MS based proteomic analysis on 18 SCVs and 16 non-SCVs. Our 

investigation focused on 14 proteins related to toxins, adhesins, fermentation, and 

purine/pyrimidine metabolism, all of which have been previously associated with specific SCV-

linked protein expression patterns (Figure 3.3A-D). Since this assay tested 14 different hypotheses, 

the calculated P values were corrected using the Benjamini-Hochberg approach. The results are 

detailed in Supplemental Table 3.5. Overall, our findings supported these previously reported 

SCV-linked protein expression patterns, including lower abundance of Ŭ-hemolysin, ɓ-hemolysin, 

ɔ-hemolysin, and phospholipase, as well as higher abundance of fibronectin-binding protein, 
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extracellular fibrinogen-binding protein, and staphylococcal secretory antigen. Additionally, our 

clinical SCVs exhibited higher levels of lactate dehydrogenase and lower levels of alcohol 

dehydrogenase and formate acetyltransferase. Moreover, consistent with earlier findings from this 

study, four proteins involved in purine and pyrimidine metabolism (i.e., xanthine 

phosphoribosyltransferase, aspartate carbamoyltransferase, IMP dehydrogenase, and 

dihydroorotate dehydrogenase) exhibited significantly lower expression in our clinical SCVs. 

Together, these findings highlight the unique proteomic signatures of SCVs, distinguishing them 

from non-SCVs.  

 
Figure 3.3: Global proteomic profiling of SCVs compared to non-SCVs in Calgary S. aureus 

BSI cohort. Proteomic analysis of 18 SCV isolates compared to 16 isogenic non-SCV isolates 

revealed distinctive proteomic profiles for SCV isolates. Violin plots show the relative abundance 

of proteins, including A) adhesins, B) toxins, C) fermentation, and D) purine and pyrimidine 

metabolism. This experiment was conducted on 18 biological replicates of SCVs and 16 biological 

replicates of non-SCVs. Statistical analysis was performed using unpaired two-tailed Studentôs t-
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tests with Welchôs correction. Multiple test correction was applied using Benjamini-Hochberg 

approach. *P < 0.05; **P < 0.01.  

3.4: Discussion 

The cohort of 118 SCVs recovered from > 7,000 S. aureus BSIs compiled for this study represents 

one of the largest clinically derived SCV collections available to date. While there have been other 

studies on clinical SCVs in the context of endocarditis [179] or cystic fibrosis [162], this study is 

unique in its focus on bacteremia and access to the complete spectrum of BSI-associated S. aureus 

diversity observed in the Calgary Metropolitan region between 2006 and 2020, including their 

linked administrative health records. Our genomic analysis allowed us to identify over 300 

candidate mutations linked to SCVs in a select cohort of 18 near isogenic SCV/non-SCV pairs that 

were separated by fewer than 25 SNPs. Using this genetically matched cohort, we identified 17 

possible mechanisms contributing to the formation of SCVs. 

Some elements of this study replicate phenotypes reported in the literature. For example, our 

proteomics analysis, which investigated the universal proteomic signatures of SCVs compared to 

non-SCVs, supports earlier reports indicating that SCVs exhibit increased production of adhesins 

and decreased toxin levels [63,79-83].  

However, other central aspects of our SCV cohort differed considerably from those previously 

reported in the literature. One surprising observation in our study is the stability of our SCV 

isolates. While spontaneous reversion from SCV to non-SCV growth is widely thought to be an 

inherent characteristic of clinical SCVs (reviewed in [168]), our analysis finds little evidence for 

this phenomenon. Our results show that despite their ability to form a broad range of colony sizes, 

they maintain a consistent SCV phenotype across multiple subcultures. The consistent 
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maintenance of the colony size designation across consecutive culture steps suggests that 

bacteremia SCVs may be more stable than SCVs collected from other sites, such as the respiratory 

tract, where they have been more extensively studied [162-167].  

Likewise, the epidemiological characteristics of SCVs in our study were surprisingly different 

from the literature. Although different mortality rates have been associated with SCV infections 

in previous studies  [180,181], our analysis of the CCI and the probability of death revealed no 

difference between SCVs and non-SCVs in BSI infections. This finding contradicts previous 

expectations that SCV infections may be linked to poorer clinical outcomes because of their 

persistent nature and potential for antibiotic resistance [169]. Moreover, despite the identified 

weak associations between our SCVs and specific comorbidities, such as diabetes and chronic 

pain, which indeed promote chronic infection and make treatment more challenging, S. aureus 

SCV BSIs do not necessarily lead to more severe or fatal outcomes. 

Accurately measuring the prevalence of SCVs in clinical samples is challenging. These isolates 

are often underestimated due to the difficulties microbiologists face in identifying 

them[46,64,65,93,133]. This study provides a city-wide estimate of SCV prevalence over a decade, 

which may not fully represent the true prevalence of this phenotype within our BSI cohort. This 

could explain why SCV incidence varies drastically across studies [46]. In our study, the SCV 

incidence was estimated at just 1.6% among 7,604 BSIs, with an average incidence rate of 1.2% 

over 15 years.  

This result contrasts significantly with a recent study reporting an SCV prevalence as high as 

23.93% among 585 S. aureus bacteremia isolates, which were identified by subculturing cells from 

broth media to agar plates [182]. This discrepancy highlights the importance of the methods 
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utilized for SCV identification, as certain techniques may not accurately capture the stable SCV 

phenotype.  

The size of our cohort allowed us to identify 18 near isogenic SCV/non-SCV pairs within the same 

patient. This aspect of the study is particularly valuable as it enabled us to investigate genetic 

differences in a consistent clinical and genetic background, thereby minimizing confounding 

variables (such as patient age, sex, and comorbidities) and allowing the identification of mutations 

that may drive the SCV phenotype. Surprisingly, 16% (18 out of 111) of SCVs coexisted within 

the same patient as non-SCVs. Although our data do not specify the origins of these isolates, they 

suggest either within-host evolution or co-transmission of these near isogenic SCV/non-SCV pairs. 

We believe that this relatively high prevalence of near isogenic SCV/non-SCV within-host pairs 

is likely underestimated. This underrepresentation could be due to two factors: (1) only one isolate 

was saved from each blood culture, meaning that if mixed colonies were present, we may not have 

captured both, and (2) as described before, the inherent practical challenges in identifying SCVs 

likely led to further underestimation. Additionally, our review of patient records indicated that 

SCV and their paired non-SCV isolates were sometimes collected more than 30 days apart. This 

result could suggest an association with prolonged infections [173], whether as ongoing BSIs or 

as infections elsewhere in the body re-entering the bloodstream. The molecular classification of 

these pairs also revealed a variety of genetically distant genotypes, emphasizing that the formation 

of the SCV phenotype is independent of genetic background or resistance determinants. 

Our genomic findings also challenge the existing assumptions about the molecular mechanisms 

underlying the SCV phenotype. In contrast to previous models based on laboratory strains, which 

suggested mutations in the hemin, menadione, thymidine, and fatty acid biosynthesis pathways 
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[46], our variant calling analysis did not detect any mutations in these pathways among the near 

isogenic pairs. Instead, our filtered results, which focused on genes encoding known proteins, 

identified 36 mutations in other pathways, including purine, pyrimidine, and pyruvate metabolism, 

as well as in regulatory and virulence factors. It is likely that in our wider set of more than 300 

mutations, there is a substantial number of additional mechanisms that have yet to be verified as 

contributing to SCV formation. Thus, these findings offer a cautionary note that interpreting the 

molecular underpinnings of clinical SCVs solely based on laboratory strains may not fully capture 

the diversity and complexity of mechanisms underpinning real-world infections. Most importantly, 

our data show that SCVs arise from potentially dozens of unrelated processes. This directly 

supports our core hypothesis that SCVs are a collection of loosely related mutations that have one 

feature in common: small colony morphology.  

Our pairwise metabolomic and proteomic comparison of near isogenic SCV/non-SCV pairs 

highlighted two main points. First, mutations in purine, pyrimidine, and pyruvate metabolism led 

to significant metabolic changes in upstream precursor metabolites directly affected by these 

mutations. Second, the observed metabolomic and proteomic phenotypes in the pairwise analysis 

can explain several previously known traits of SCVs. One known trait of SCVs is the deficiency 

in nucleotide biosynthesis [75], which is evidenced by impaired purine and pyrimidine metabolism 

in SCV isolates from PID 6, PID 7, and PID 9. Additionally, elevated intracellular levels of the 

purine-derived signaling molecule c-di-AMP in the SCV isolate from PID 8 may explain other 

SCV-linked characteristics, as c-di-AMP is an essential regulator of multiple cellular functions, 

including cell wall homeostasis, osmolyte balance, cell size, virulence, and ɓ-lactam resistance 

[51]. Another example of known traits of SCVs is the disruption of central carbon metabolism 

[160]. Pyruvate metabolism was diminished in SCV isolates from PID 9 and PID 14, as indicated 



68 

 

by the increased pyruvate levels and low abundance of pyruvate dehydrogenase, the enzyme 

responsible for converting pyruvate to acetyl-CoA, thereby bridging glycolysis and the TCA cycle 

during cellular respiration [183]. Taken together, these results support the association of our 

genomic findings with the metabolomic and proteomic phenotypes, potentially explaining the 

unique characteristics of SCVs.  

Investigations of the global proteomic profiles of SCV isolates further supported our findings as 

well as previous reports describing SCV-linked protein expression changes. For example, lower 

abundance of enzymes such as xanthine phosphoribosyltransferase, IMP dehydrogenase, aspartate 

carbamoyltransferase, and dihydroorotate dehydrogenase also indicate attenuated purine and 

pyrimidine metabolism in SCV isolates. Additionally, our clinical SCVs favor fermentation, as 

evidenced by the upregulation of lactate dehydrogenase, which may manage excess pyruvate. 

Moreover, SCVs have shown increased production of adhesins, such as fibronectin-binding 

protein, extracellular fibrinogen-binding protein, and staphylococcal secretory antigen, while 

producing decreased levels of toxins, such as hemolysins and phospholipases, which may 

contribute to intracellular persistence [46,61]. Collectively, these findings highlight that our 

clinical SCVs exhibit some of the previously documented SCV-linked protein expression patterns.  

In conclusion, our study provides a comprehensive description of SCVs in the context of BSIs, 

revealing novel insights into their genetic basis, phenotypic stability, and clinical impact. These 

findings offer a cautionary note about interpreting the molecular underpinnings of clinical SCVs 

solely based on laboratory strains. Integrating multi-omics data allowed us to identify a range of 

SCV-linked diversity that has not been previously reported. However, elucidating the precise roles 

of the novel mutations identified in this study could provide deeper insights into the mechanisms 
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driving the SCV phenotype in clinical samples. Collectively, this study suggests that SCVs are 

more diverse than was previously appreciated and should be considered as an ensemble collection 

of loosely related phenotypes. 

3.5: Methods 

3.5.1: Bacterial strains 

The bacterial isolates in this study are a subset of the Calgary BSI cohort, which comprises 34,000 

cryostocks representing the twelve most prevalent microbial species responsible for BSIs in the 

Southern Alberta Health Region. These isolates were collected by APL from patient blood cultures 

performed in Calgary from 2006 to 2020 and provided to our laboratory as cryostocks. 

Specifically, this cohort included 7604 S. aureus isolates, which were previously characterized by 

APL as either MRSA or MSSA via standardized procedures. The morphologies of these isolates, 

including colony size and type of hemolytic activity, were recorded by the APL at the time of 

culture. On the basis of this morphological information, 118 S. aureus strains were initially 

identified as SCVs. In addition, Alberta Health Services (AHS) provided patient information, 

including age, sex, comorbidities, mortality, length of hospitalization, ICU admission, history of 

surgery before S. aureus bacteremia, and type and course of antibiotic treatment. 

3.5.2: Subculturing  

All 118 isolates were subjected to 4 consecutive subcultures on TSA plates containing 5% sheep 

blood and incubated at 37°C for 18 h in a humidified incubator (Heracell VIOS 250i Tri-Gas 

Incubator, Thermo Scientific, Waltham, MA, USA) under a 5% CO2 and 21% O2 atmosphere. The 

growth conditions, including the culture medium, incubation time, and temperature, were 
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consistently maintained to allow rational comparisons. The cryostocks were revived on TSA plates 

on the first day, and the TSA plates on the following days were inoculated with single colonies 

from the previous day. For isolates that formed a mixed-sized population, the smaller-sized colony 

was selected to inoculate the plate on the following day. 

3.5.3: Cultivation and sample preparation for genomic assays 

Liquid cultures were inoculated with cryostocks in a 96-well deep-well plate (VWR, 47749-930) 

and grown aerobically overnight (approximately 18 h) at 37°C with 5% CO2. For turbidity 

measurements, 200 µl aliquots of the cultures were transferred to a 96-well flat bottom plate 

(VWR, 351172), and the absorbance at 600 nm was measured via a spectrophotometer (Multiskan 

Go, Thermo Scientific). The overnight-cultured plate was then frozen at ï80°C until further 

processing. Upon thawing the samples uniformly from ï80°C to 4°C, DNA extraction was 

performed automatically via a Microlab® Nimbus (Hamilton Company, Reno, NV) liquid handler. 

The workflow started by adding 51 µl of digestion mixture (78% w/v lysozyme from chicken egg 

white (Sigma Aldrich, L6876), 20% w/v lyticase from Arthrobacter luteus (Sigma Aldrich, 

L2524), 2% w/v lysostaphin from S. staphylolyticus (Sigma Aldrich, L7386)) to 860 Õl of the 

culture and incubating for 30 min at 37°C. Another 2 min of incubation at 37°C was performed 

after the addition of 20 µl of RNase A buffer (1% w/v RNase A (Sigma Aldrich, R5503), 6% v/v 

167 mM Tris-HCl (pH 8), and 94% v/v Milli-Q water). Next, 40 µl of Enhancer solution (Thermo 

Fisher Scientific, A36583) and 20 µl of proteinase K buffer (2% w/v proteinase K (Sigma Aldrich, 

70663-5), 30% v/v 167 mM Tris-HCl pH 8, 6% v/v 50 mM CaCl2, 50% v/v glycerol, and 14% v/v 

Milli -Q water) were added to the culture, and the culture was incubated for another 30 min at 60°C. 

A total of 525 µl of a mixture of magnetic beads (Sera-Mag SpeedBeads Carboxyl Magnetic 
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Beads, SKU 45152105050350 and 65152105050350) and binding buffer (10% v/v PEG-8000 

(CAS 25322-68-3), 0.1% v/v Tween® (CAS 9005-64-5), 2.5 M NaCl, and 12.40% v/v Milli-Q 

water) were then added to the cultures and incubated for 45 min at room temperature. The 

supernatant was removed from the beads using the MAGNUM FLX® Enhanced Universal 

Magnet, and the beads were washed three times with 80% LC-MS grade ethanol after binding to 

the magnet. Fifty microliters of preheated elution solution (Thermo Fisher Scientific, A36582) 

were then added to each well and incubated at 60°C for another 30 min. The eluted DNA samples 

were then removed from the beads using the magnet, added to a PCR plate (VWR, 83009-672), 

and stored at ï80°C for further processing. The DNA samples were then quantified via the Quant-

iTÊ dsDNA Assay Kit (Thermo Fisher Scientific, Q33120) in a Corning 96-well black assay plate 

(Thermo Fisher Scientific, 07-200-590) and then normalized to 2 ng/µL in 50 µL of Milli-Q water. 

The normalized DNA samples were then stored at ï80°C in matrix tubes (Thermo Fisher 

Scientific, 3732-WP1D). The samples were then shipped to the Broad Institute for sequencing and 

further processing. 

3.5.4: DNA sequencing and genomic analysis 

Microbial genomes were sequenced and analyzed at the Broad Institute of MIT and Harvard 

(Cambridge, MA, US). Illumina sequencing libraries were constructed via the Nextera XT DNA 

library prep kit, which enables massive parallelization of sequencing library construction by 

pooling 384 samples. Short (151x151 bp) paired-end reads were pooled and sequenced on the 

Illumina HiSeqX platform to an average depth of coverage of 165x for each genome. For each 

isolate, sequencing reads were assembled and analyzed via our existing automated genomics 

computational pipeline, which can be found in greater detail at 
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https://github.com/broadinstitute/seQuoia. In brief, this pipeline includes quality assessment, 

filtering, taxonomic classification, similarity grouping, and annotation; flags features of interest; 

identifies outliers; and automatically deposits the data summary and sequences in a database that 

can be merged with clinical metadata. Draft assemblies were created for each isolate via Unicycler 

v0.4.6 [184] with SPAdes v3.13.0 [185] and Pilon v1.23  correction [176], and the assemblies were 

annotated with Prokka v1.14.6 [186]. Species-level taxonomic assignments were generated using 

Centrifuge 1.0.4_beta [187] as a quality control step. StrainGST from the Strain Genome Explorer 

(StrainGE) toolkit v1.3.1 [175] was used to identify the most closely related complete published 

reference strain, and Pilon v1.23 [176] was used for variant calling against that reference and to 

quantify genomic differences with high sensitivity and specificity. Fully assembled and annotated 

genomes allowed the identification and characterization of key genomic features, including 

antimicrobial resistance genes and virulence factors, via Ariba v2.14.5 [178] and novel gene 

clusters via MLST v2.15.1 (https://github.com/tseemann/mlst). 

3.5.5: Phylogenetic tree construction 

Each isolate genome was aligned to the reference genome NCTC 8325 via BWA v0.7.18 [188]. 

Pilon v1.23 [176] was used to call SNPs and create a full-length genome alignment, with masking 

of positions with an allele frequency < 0.9, mapping quality <10, or low coverage. Gubbins v3.3.5 

[189] was then applied to the full alignment to remove recombination artifacts. The resulting core 

SNP alignment was further filtered to include only variable sites via SNP-sites v2.5.1 [190]. The 

final clean alignment was used to construct a maximum likelihood phylogenetic tree with IQTree 

v2.0.6 [191]. We employed the ModelFinder algorithm [192] to identify the most suitable 

nucleotide substitution model. According to the results from ModelFinder, we selected the general 

https://github.com/broadinstitute/seQuoia
https://github.com/tseemann/mlst
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time reversible (GTR) model for nucleotide substitution along with the FreeRate model for rate 

heterogeneity, which uses three categories. Additionally, we utilized the UFBoot2 algorithm [193] 

with 1,000 bootstrap replicates, as integrated in IQTree. The phylogenetic trees were then 

visualized through the online tool Interactive Tree of Life (iToL). 

3.5.6: Finding near isogenic SCV/non-SCV pairs 

For each SCV isolate, we identified the most closely related non-SCV isolate from the entire 

Calgary BSI S. aureus cohort (Supplemental Figure 3.2). For each SCV, we used a Python script 

(published at  https://github.com/w1bw/biotools/blob/main/diffvcf) to contrast the variant calls in 

the Pilon VCF files generated from the genomics pipeline for the SCV isolate with those of all 

non-SCV isolates that shared the same closest reference genome, identifying all locations in the 

chromosome that differed between the SCV and non-SCV isolates and were confidently called for 

both isolates by Pilon (PASS filter). This yielded a very close approximation of the genetic distance 

between each SCV and non-SCV. We considered any SCV/non-SCV pairs to be near isogenic if 

25 or fewer differences in the whole genome were identified [177]. 

3.5.7: Identifying the differentiating mutations in the near isogenic SCV/non-SCV pairs 

Using only the variant calls identified above would risk missing potential mutations of interest in 

the isogenic pairs in genes that may not be present in the reference genome. Thus, to obtain the 

most accurate assessment of variants between the SCV/non-SCV pairs, we used the draft 

assemblies of the SCV and non-SCV isolates generated in the genomics pipeline and again called 

variants using both the SCV and non-SCV isolate reads to each assembly in turn and identified the 

differences between the two variant call sets. This gave us a comprehensive set of variants to 

consider, even if one of the draft assemblies contained minor assembly errors. Finally, we 

https://github.com/w1bw/biotools/blob/main/diffvcf
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manually inspected the variant calls identified in each SCV/non-SCV pair to ensure that they 

looked reasonable, identified the corresponding annotated gene, and determined whether they 

caused non-synonymous or synonymous changes. To simplify the downstream analysis, we 

focused our investigation on non-synonymous mutations in coding sequences of known genes with 

an emphasis on mutation impacting metabolic processes.  

3.5.8: Cultivation and sample preparation for extracellular and intracellular metabolic 

assays 

Cryostocks were first revived on TSA plates overnight to obtain monoclonal colonies. A few 

colonies with similar morphologies were then scraped off the overnight plates, diluted to 0.5 

McFarland (OD600 ~ 0.15 or ~7.5x107 CFU/mL) in 5 ml of tryptic soy broth (TSB), and incubated 

for 10 h at 37°C with aerobic shaking at 160 rpm. The bacterial cultures were sampled every 2 h 

for turbidity measurement and preparation for the LC-MS runs. Turbidity was measured at 600 nm 

via a spectrophotometer (Multiskan Go, Thermo Scientific). The optical density (OD) values were 

adjusted to a 1 cm path length by multiplying the net change in the OD600 by a conversion factor 

of 4.6. The cultures were then centrifuged for 10 min at 4000 × g at 4°C. For the extracellular 

metabolic assay, the supernatant was removed, mixed 1:1 with 100% LC-MS grade methanol and 

frozen at ï80°C for further processing. Upon thawing, the samples were centrifuged again for 10 

min at 4000 × g at 4°C to remove any protein precipitate, and the supernatants were then diluted 

1:10 with 50% LC-MS grade methanol and analyzed via UHPLC-MS. For the intracellular 

metabolic assay (specifically c-di-AMP), the pellet was extracted in 0.5 ml of 80% LC-MS grade 

methanol + 0.1% formic acid at 4°C. The cells were then vortexed for 30 seconds, incubated for 

15 min at 4°C, and then centrifuged again for 10 min at 4000 × g at 4°C. The supernatant was 
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removed, and the extraction buffer was then evaporated at 4°C via a vacuum centrifuge (Eppendorf 

AG 22331 Hamburg). The intracellular metabolites were diluted in 0.5 ml of 50% LC-MS grade 

methanol and analyzed via UHPLC-MS. After mass spectrometry analysis, the quantified signals 

were normalized to the cell counts obtained for each sample. 

3.5.9: UHPLC-MS 

All metabolomics data were produced through UHPLC-MS analysis performed at the Calgary 

Metabolomics Research Facility (CMRF). For the analysis of extracellular metabolites, separation 

was achieved via a hydrophilic interaction liquid chromatography (HILIC) method previously 

described in greater detail by Rydzak et al. [194]. In brief, a binary solvent system of Solvent A 

(20 mM ammonium formate at pH 3.0 in water) and Solvent B (0.1% formic acid in acetonitrile) 

was used to produce a gradient on a Thermo Fisher Scientific Vanquish UHPLC system. The 

following gradient was used: 0ï2 min, 100% B; 2ï7 min, 100ï80% B; 7ï10 min, 80ï5% B; 10ï

12 min, 5% B; 12ï13 min, 5ï100% B; and 13ï15 min, 100% B. All analyses were conducted with 

a flow rate of 600 µL/min and a sample injection volume of 2 µL. The signals were acquired via 

both negative (ï2500 V) and positive (+3000 V) ion modes using a Thermo Scientific Q Exactive 

HF mass spectrometer, with full-scan acquisitions ranging from 50ï750 m/z, a resolving power of 

240,000, an automatic gain control target of 3e6, and a maximum injection time of 200 ms. 

For intracellular metabolites, separation was conducted via a reverse-phase ion-pairing method 

adapted from Lu et al. [195]. The separation utilized a binary solvent system of Solvent A (10 mM 

tributylamine, 97% H2O, 3% MeOH, pH 7.5) and Solvent B (acetonitrile), along with a Zorbax 

SB-C18 Rapid Resolution HT column (50 mm Ĭ 2.1 mm Ĭ 1.8 ɛm, Agilent Technologies). The 

following solvent gradient was used: 0ï1 min, 0% B; 1ï2 min, 0ï25% B; 2ï3.5 min, 25% B; 3.5ï
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5 min, 25ï55% B; 5ï6.5 min, 55% B; 6.5ï8.5 min, 55ï100% B; 8.5ï10 min, 100% B; 10ï11 min, 

100ï0% B; and 11ï15 min, 0% B. The signals were acquired in negative (ï2500 V) ion mode with 

a Thermo Scientific Q Exactive mass spectrometer, with full-scan acquisitions ranging from 70ï

1000 m/z, a resolving power of 140,000, an automatic gain control target of 1e6, and a maximum 

injection time of 200 ms. 

Spectral analyses involving metabolite identification and integration were conducted in MAVEN 

(El-MAVEN v0.12.0) [196], and this identification was based on matching high-resolution mass 

and retention time characteristics to authentic standards. 

3.5.10: Cultivation and sample preparation for proteomic assays 

Proteomic processing methods for all S. aureus BSIs are explained in detail in a manuscript in 

preparation by Ulke-Lemee et al. In brief, liquid cultures were inoculated with cryostocks and 

grown aerobically to midexponential phase (average OD600 ~ 0.4) at 37°C with 5% CO2 and then 

frozen at ï80°C until further processing. Upon thawing samples uniformly from ï80°C to 4°C, 

900 µl of culture, 350 µl of nuclease-free ceramic beads (Omni International, SKU 19-683, 

Kennesaw, GA, US), 115 µl of lysis buffer (1% w/v sodium dodecyl sulfate (CAS 11-21-3), 0.5% 

v/v NP-40 (CAS 9036-19-5), 0.5% v/v Triton X-100 (CAS 9002-93-1), and 0.1 µg/ml bovine 

serum albumin (23209)) were added to each well of a new 96-well plate. The 96-well plate was 

sealed and then shaken at 30 Hz four times for 2 min each at 4°C using an OMNI BeadRuptor 96 

(Kennesaw, GA, US). The peptides were purified through a single-pot, solid-phase-enhanced 

sample-preparation (SP3) approach, which included SP3 magnetic beads (Sera-Mag SpeedBeads 

Carboxyl Magnetic Beads, SKU 45152105050350 and 65152105050350) and a tryptic digestion 

step (LC-MS grade trypsin/Lys-C (Thermo Fisher Scientific, A41007)), using a Microlab® 
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Nimbus (Hamilton Company, Reno, NV) liquid handler. The peptides were then quantified via the 

PierceÊ Quantitative Colorimetric Peptide Assay (Thermo Fisher Scientific, PI23275) with 27 µL 

of assay solution and 3 µL of peptide solution in a 384 microplate and then normalized to 0.25 

µg/µL peptide in 40 µL of 40 mM EPPS. QC peptides derived from green fluorescent protein and 

synthesized by BioBasic were added to each sample (final concentrations: 60 nM HVLTSIGEK 

and 30 nM LTILEELR). The SuperMix, or the bridge sample, which consisted of peptides pooled 

from 158 randomly selected S. aureus BSI isolates, was added to column 11 of the 96-well plate, 

serving as an internal standard reference that allowed comparison of all protein expression data. 

The samples were then isotopically labeled using TMT11 (Thermo Fisher Scientific, A34808) and 

pooled. The TMT11-plex samples were then desalted via solid-phase extraction using 

EVOLUTE® EXPRESS ABN cartridges (610-0010-BXG, Biacore, Salem, NH, US) on a custom 

vacuum manifold. The eluted peptides were dried via a vacuum centrifuge (Eppendorf AG 22331 

Hamburg) at 4°C and stored at ï20°C. Upon thawing, the peptides were resuspended in 110 µl 

running buffer (0.1% (v/v) formic acid) and analyzed via nano-LC-MS. 

3.5.11: nanoLC-MS with FAIMS  

The proteomic data were collected using an Orbitrap FusionTM LumosTM TribridTM mass 

spectrometer equipped with an EASY-nLC1200, an EasySpray NG ion source, and FAIMS 

(Thermo Fisher Scientific). A 2 µL sample of peptides was injected and separated over 90 min on 

a 15 cm column (ES901, 2 µm bead size, 50 µm I.D.), with a Pepmap 100 precolumn (164946-2, 

75 µm I.D., 2 cm length). The running buffers used were 0.1% (v/v) formic acid, 80% (v/v) 

acetonitrile, and 0.1% (v/v) formic acid. A single FAIMS setting (-40 CV) and MS/MS scans were 

used for peptide analysis. MS1 precursor scans were performed in the Orbitrap, covering a mass 
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range of 375ï1,600 m/z, with a resolution of 1.2 × 105, an automatic gain control (AGC) target of 

4 × 105, and an automatic maximum injection time. Peptides with a charge state of 2ï6 and a 

minimum intensity of 25,000 were isolated in the quadrupole (isolation window 0.7) and 

fragmented at a fixed collision energy of 38%. The resulting fragments were analyzed in the 

Orbitrap with a resolution of 5x104, a scan range of 110ï2000 m/z, and an AGC target of 7.5x104.  

3.5.12: Data visualization and statistical analysis 

Data visualization and statistical analysis were performed using GraphPad Prism (version 10.2.3). 

For pairwise comparisons of near isogenic SCV/non-SCV pairs, multiple unpaired two-tailed 

Studentôs t-tests with Welchôs correction were conducted to compare the metabolite levels of SCVs 

versus non-SCVs across different time points, with a significance threshold of Ŭ < 0.05. The 

metabolomic experiments were performed with three independent pool replicates, which is an 

established approach for analyzing metabolic signatures in an isogenic background [202]. Signal 

intensities of metabolites are presented as dot plots that also include the mean ± standard error of 

the mean (S.E.M.). The significance of protein expression changes was assessed using a z-score 

test. No multiple test corrections were applied to these pairwise comparisons, as each metabolic or 

proteomic comparison tested one specific hypothesis. Global protein expression data for 18 SCV 

isolates versus 16 non-SCV isolates were analyzed using unpaired two-tailed Studentôs t-tests with 

Welchôs correction with a significance threshold of Ŭ < 0.05. In this analysis, P values were 

adjusted for multiple comparisons using the Benjamini-Hochberg approach. The CCI and the 

probability of death were analyzed using unpaired two-tailed Studentôs t-test with Welchôs 

correction and log-rank (Mantel-Cox) test, respectively, with a significance threshold of Ŭ < 0.05. 
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These analyses included only the index isolates (nSCV = 74, nnon-SCV = 5,661). The phylogenetic 

tree was visualized using the online tool iTOL (Interactive Tree of Life). 

3.6: Statement of contribution 

M.M. and I.A.L. conceptualized, wrote, and edited the manuscript. M.M., R.A.G., and T.R. 

designed the metabolomics experiments, analyzed the data, and collected mass spectrometry 

measurements, and M.M. conducted the metabolomics experiments. M.M. and B.J.W. developed 

and performed pairwise variant calling and near-isogenic SCV/non-SCV analyses. B.J.W. ran the 

genomic pipeline and provided genomic quality control metrics. A.W. provided compiled patient 

outcomes and generated the Charlson Comorbidity Index graph, and M.M. analyzed the patient 

outcomes. M.E.V.T. provided processed and normalized proteomics data, M.H. conducted 

proteomics experiments and collected mass spectrometry data, and M.M. analyzed the proteomics 

data. T.D.M. provided annotated genomic files, J.T.S. generated phylogenetic tree data, and M.M. 

analyzed the processed genomic data. Y.H.G., A.M.E., I.A.L., and other co-authors reviewed the 

manuscript and provided feedback. 
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3.7: Supplemental Figures 

 

 
Supplemental Figure 3.1: The associations between S. aureus SCV BSI and various comorbidities, including diabetes and chronic 

pain, and male sex were estimated using the Phi coefficient. A Phi coefficient of 0.23 indicates a weak positive relationship between 

S. aureus SCV BSI and these factors. MRSA is shown as a reference. This analysis included only the index isolate for each patient 

within a 30-day period. nSCV = 74; nnon-SCV = 5,661. 
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Supplemental Figure 3.2: The genomic approach for identifying the isogenic non-SCV 

counterpart for each SCV isolate and the differentiating mutations in each pair. 
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3.8: Supplemental Tables 

Supplemental Table 3.1: Verified phenotype, long-term stability, and the nearest non-SCV 

counterpart for each SCV isolate. 118 isolates were subcultured iteratively over four days on the 

TSA plates plus 5% sheep blood. The colony sizes were measured only on day one of 

the subculture. 111 out of 118 isolates reconfirmed as SCV on day one and 8 isolates were either 

contaminated or formed large size colonies. On the subsequent days, the colony phenotypes were 

indicated visually. The isolates formed consistent colony sizes within a plate, but showed a range 

of colony sizes between plates, which were grouped into tiny, small, medium, and mixed. The final 

phenotype was decided based on the overall phenotype of the last three subcultures, where the 

isolates exhibited a stable phenotype. Of 111 isolates with SCV phenotype on day one of 

subculture, eight isolates formed tiny colonies, 76 isolates formed small colonies, 18 isolates 

formed medium colonies, and nine isolates formed mixed colonies. Each SCV and its nearest non-

SCV counterpart are genetically distant by the number of mutations shown in this table. The rows 

shown in grey represent the isogenic SCV/non-SCV pairs. Tiny =< 0.2mm; small > 0.2mm & =< 

0.5mm; medium > 0.5mm & =< 1mm; large > 1mm; mix (a combination of different colony sizes). 

Genomic pipeline quality control (QC) issues: assembly contigs; when sequencing reads are too 

fragmented due to either not a pure colony or low sequencing coverage to put together, assembly 

length; when 20% of the total assembly is more than 20% different than the median, strains; when 

the StrainGST did not find exactly one reference due to either none or more than one references, 

genes; when one isolate has less or more than 20% of the median of the species. BI_NBR; 

bloodstream infection number, PID; patient Identification. 
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    Colony Phenotype   

PID No. BI_NBR 

Colony 

size (mm) 

(Day 1) 

Day 1 Day 2 Day 3 Day 4 
Final 

Phenotype 
Nearest non-SCV 

No. of 

mutations 

2 1 BI_07_1844  T T T T Tiny BI_07_1780 17 
 2 BI_20_2145  T T T T Tiny BI_16_3102 479 
 3 BI_16_1204  T T T T Tiny BI_06_2149 527 

13 4 BI_17_0525 0.33 S S S S Small BI_17_0482 9 

1 5 BI_06_1077 0.28 S S S S Small BI_06_2325 11 

10 6 BI_16_0784 0.25 S S S S Small BI_16_0759 5 

14 7 BI_18_2030 0.33 S S S S Small BI_18_2002 5 

7b 8 BI_15_0072 0.22 S S S S Small BI_14_2619 12 

8 9 BI_15_2223 0.28 S S S S Small BI_15_2163 7 

7a 10 BI_15_0028 0.28 S S S S Small BI_14_2619 12 

16 11 BI_20_3462 0.31 S S S S Small BI_20_3438 8 

11a 12 BI_16_1438 0.42 S S S S Small BI_16_1399 15 

11b 13 BI_16_1498  T S S S Small BI_16_1399 16 

3 14 BI_09_1715 0.26 S S S S Small BI_09_2712 10 

5 15 BI_13_0859 0.38 S S S S Small BI_12_1255 12 

12 16 BI_16_1930 0.35 S S S S Small BI_16_1918 13 

6 17 BI_13_1007  T S S S Small BI_13_0992 14 

15 18 BI_19_0866 0.27 S S S S Small BI_19_0867 15 

9 19 BI_15_2960 0.45 S S S S Small BI_15_2950 11 

4 20 BI_12_2032 0.34 S S S S Small BI_12_2016 13 
 21 BI_13_2301 0.41 S S S S Small BI_11_0387 42 
 22 BI_17_3130 0.28 S S S S Small BI_16_2966 45 
 23 BI_14_1744  T S S S Small BI_08_2233 79 
 24 BI_10_1817 0.25 S S S S Small BI_06_1466 114 
 25 BI_12_0594 0.37 S S S S Small BI_12_0549 114 
 26 BI_12_2950  T S S S Small BI_17_2499 146 

 27 BI_13_1224 0.35 S S S S Small BI_08_2279 158 

 28 BI_13_1009 0.43 S S S S Small BI_08_2279 162 

 29 BI_13_1433 0.3 S S S S Small BI_06_1325 171 
 30 BI_09_2579 0.26+0.63 Mixed S S S Small BI_06_2031 191 
 31 BI_18_0790 0.41 S S S S Small BI_10_1286 227 
 32 BI_09_2164 0.31 S S S S Small BI_06_1308 231 
 33 BI_13_0344 0.37 S S S S Small BI_07_1713 231 
 34 BI_13_1360 0.36 S S S S Small BI_15_1476 243 
 35 BI_13_1593 0.42 S S S S Small BI_15_1476 245 
 36 BI_14_0339 0.39 S S S S Small BI_08_0972 245 
 37 BI_13_1530 0.45 S S S S Small BI_15_1476 247 
 38 BI_13_1559 0.44 S S S S Small BI_15_1476 249 
 39 BI_17_0043 0.33 S S S S Small BI_13_1051 262 
 40 BI_16_0262 0.25 S S S S Small BI_08_1433 264 
 41 BI_16_3467 0.39 S S S S Small BI_13_1051 265 
 42 BI_18_1162 0.41 S S S S Small BI_08_0972 266 
 43 BI_13_1815 0.41 S S S S Small BI_08_0972 316 
 44 BI_15_3256 0.37 S S S S Small BI_06_1615 335 
 45 BI_15_3204 0.36 S S S S Small BI_06_1615 339 
 46 BI_16_0619 0.33 S S S S Small BI_06_2150 340 
 47 BI_17_1634 0.32 S S S S Small BI_14_0183 354 
 48 BI_13_0310 0.34 S S S S Small BI_12_0061 367 
 49 BI_13_3080 0.32 S S S S Small BI_11_0337 437 
 50 BI_17_2113 0.41 S S S S  Small BI_09_2266 504 
 51 BI_17_2107 0.36 S S S S Small BI_09_2266 505 
 52 BI_14_0488 0.4 S S S S Small BI_06_0841 506 
 53 BI_17_2740  T S S S Small BI_10_0393 567 
 54 BI_16_0361 0.43 S S S S Small BI_07_1061 626 
 55 BI_07_1693 T+0.65 Mixed Mixed Mixed Mixed Mixed BI_08_0972 206 
 56 BI_16_0541 0.48 S M M M Medium BI_16_0499 6 
 57 BI_16_1723 0.5 S M M M Medium BI_16_1139 6 
 58 BI_17_3149 0.55 M M M M Medium BI_17_3016 6 
 59 BI_13_0281 0.75 M M M M Medium BI_13_0276 7 
 60 BI_16_2822 0.5 S M M M Medium BI_16_2821 7 
 61 BI_17_1292 0.48 S M M M Medium BI_17_0335 9 
 62 BI_12_2545 0.53 M M M M Medium BI_12_2563 10 
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 63 BI_12_2590 0.61 M M M M Medium BI_12_2563 10 
 64 BI_09_1690 0.46 S S M M Medium BI_09_2712 12 
 65 BI_10_1421 0.49 S M M M Medium BI_10_1355 12 
 66 BI_14_0609 0.47 S M M M Medium BI_14_0077 14 
 67 BI_07_2312 T+0.55 Mix  M M M Medium BI_08_0664 15 
 68 BI_12_0128 0.49 S M M M Medium BI_07_2297 32 
 69 BI_13_2314 0.48 S M M M Medium BI_06_1311 59 
 70 BI_18_1938 0.48 S M M M Medium BI_20_0355 90 
 71 BI_14_3225 0.5 S M M M Medium BI_08_2279 95 
 72 BI_17_0315 0.65 M M M M Medium BI_11_0975 95 
 73 BI_17_3015 0.5 S M M M Medium BI_09_1191 112 
 74 BI_16_0294 0.47 S M M M Medium BI_17_0250 147 
 75 BI_16_0348 0.5 S M M M Medium BI_17_0250 151 
 76 BI_16_0357 0.49 S M M M Medium BI_17_0250 155 
 77 BI_16_0885 0.48 S M M M Medium BI_09_1191 218 
 78 BI_06_1942 0.61 M M M M Medium BI_08_0972 243 
 79 BI_12_0062 T+0.29 Mix  M M M Medium BI_08_0972 258 
 80 BI_17_1020 0.7 M M M M Medium BI_07_0911 277 
 81 BI_07_2248 T+0.61 Mix  M M M Medium BI_09_2150 317 
 82 BI_11_0573 0.47 S M M M Medium BI_10_1004 327 
 83 BI_11_0619 0.46 S S M M Medium BI_10_1004 333 
 84 BI_13_0027 0.7 M M M M Medium BI_08_0157 367 
 85 BI_13_3060 0.48 S M M M Medium BI_13_2430 399 
 86 BI_18_0035 T+0.67 Mix  M M M Medium BI_20_0840 423 
 87 BI_16_3421 0.59 S M M M Medium BI_11_1086 433 
 88 BI_07_1631 0.56 M M M M Medium BI_13_2430 441 
 89 BI_13_0393 0.47 S M M M Medium BI_11_2141 506 
 90 BI_12_1000 0.35+0.59 Mix  M M M Medium BI_10_1004 512 
 91 BI_15_2267 0.5 S M M M Medium BI_13_2545 552 
 92 BI_16_0227 0.49 S M M M Medium BI_07_1540 656 
 93 BI_19_3428 1.32 L L L L Large   
 94 BI_11_1512 0.74 M M L L Large   
 95 BI_09_0800 1.51 L L L L Large   
 96 BI_13_0485 1.2 L L L L Large   
 97 BI_07_2294 0.83 M L L L Large   
 98 BI_09_1727 1.32 L L L L Large   
 99 BI_13_1939 0.82 M L L L Large   
 100 BI_07_1543 1.24 L L L L Large   
 101 BI_17_1326 0.8 M L L L Large   
 102 BI_09_1354 0.84 M L L L Large   
 103 BI_07_0069 1.32 L L L L Large   
 104 BI_17_2062 0.82 M L L L Large   
 105 BI_08_1109 0.78 M M L L Large   
 106 BI_16_2168 0.84 M L L L Large   

Did not pass genomic quality controls 

         QC issues 
 107 BI_20_0271 T+0.71 Mixed T T T Tiny Assembly Contigs, Strains 

 
108 BI_12_1466 T+0.53 Mixed T T T Tiny Low Cov., GC, Assembly Length, 

Assembly Contigs, Genes 
 109 BI_13_1984 0.45 S S S S Small Assembly Contigs, Genes 

 110 BI_18_1868 0.37 S S S S Small Assembly Length, Assembly 

Contigs, Genes 

 111 BI_19_2360 0.35 S S S S Small Assembly Length, Assembly 

Contigs, Genes 
 112 BI_13_1449 0.48 S M M M Medium Assembly Contigs, Strains 
 113 BI_07_0956 0.82 M L L L Large Assembly Contigs, Strains 

         StrainGST issues 

 114 BI_16_1782 0.37 S S S S Small Staphylococcus epidermidis 

 115 BI_17_0985 0.49 S M M M Medium Staphylococcus epidermidis 

 116 BI_17_1063 0.5 S M M M Medium Staphylococcus epidermidis 

 117 BI_17_0950 0.48 S M M M Medium Vibrio tritonius 

Contaminated isolates 
 118 BI_11_1076  Pseudomonas aeruginosa 
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Supplemental Table 3.2: Demographic and molecular classification of isogenic SCV/non-SCV pairs. Each isogenic SCV/non-SCV 

pair is associated to a specific patient, indicating within host evolution of SCV phenotype for these pairs. These pairs are mostly detected 

among male patients over 60 years old. The collection time shows how far the two samples were collected from the patient, with four 

pairs (BI_09_1715/BI_09_1715, BI_13_0859/BI_12_1255, BI_15_0028/BI_14_2619, and BI_15_0072/BI_14_2619) being more that 

30 days apart. Molecular classification of these isogenic pairs is performed using CC, mecA presence/absence, SCCmec typing, and 

strainGST reference genome. Different molecular lineages for these pairs inform that SCV phenotype is likely independent of their 

genetic background. CC; clonal complex, PID; patient Identification, SCCmec; staphylococcal cassette chromosome mec.  

PID SCV Isogenic non-SCV 
Same 

Patient 
Gender Age Collection time 

mecA 

presence 

SCCmec 

type 

SCCmec 

subtype 
CC StrianGST reference genome 

1 BI_06_1077 BI_06_2325 V Female 65 4 days apart mecA II  IIa CC5 FDAARGOS 9 

2 BI_07_1844 BI_07_1780 V Male 0 10 days apart     C2406 

3 BI_09_1715 BI_09_2712 V Male 60 124 days apart mecA II  IIa CC5 FDAARGOS 9 

4 BI_12_2032 BI_12_2016 V Male 51 2 days apart    CC8 C2406 

5 BI_13_0859 BI_12_1255 V Male 60 50 days apart    CC1 CFSAN018750 

6 BI_13_1007 BI_13_0992 V Male 77 1 day apart mecA IV IVa  C2406 

7a BI_15_0028 BI_14_2619 V Female 67 79 days apart mecA IV IVh CC22 HO 5096 0412 

7b BI_15_0072 BI_14_2619 V Female 67 83 days apart mecA  IVh CC22 HO 5096 0412 

8 BI_15_2223 BI_15_2163 V Female 26 6 days apart    CC1 MW2 

9 BI_15_2960 BI_15_2950 V Male 85 Same time    CC30 UP 764 

10 BI_16_0784 BI_16_0759 V Female 69 4 hours apart    CC30 UP 764 

11a BI_16_1438 BI_16_1399 V Male 64 1 day apart mecA IV IVa CC5 FDAARGOS 9 

11b BI_16_1498 BI_16_1399 V Male 64 5 days apart mecA IV IVa CC5 FDAARGOS 9 

12 BI_16_1930 BI_16_1918 V Male 44 Same time    CC8 280 

13 BI_17_0525 BI_17_0482 V Male 61 2 days apart    CC5 MZ9 

14 BI_18_2030 BI_18_2002 V Male 61 18 hours apart    CC8 C2406 
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15 BI_19_0866 BI_19_0867 V Male 67 Same time     UP 764 

16 BI_20_3462 BI_20_3438 V Male 73 Same time    CC30 UP 764 

 

Supplemental Table 3.3: Mutations differentiating the genotypes of the isogenic SCV/non-SCV pairs. Variant calling analysis 

identified 332 mutations differentiating the genotypes of the near isogenic SCV/non-SCV pairs. Non-Syn, non-synonymous; Syn, 

synonymous.  

PID Gene 
Contig 

No. 

Gene 

coordinates 

Gene 

orientation 

Substitution 

position 
Substitution type Effect 

Upstream 

gene 

Downstream 

gene 
Gene name/function Category 

1 

clpX 7 
15709-

16251 
- 15731 Deletion (C) Early Stop clpX_1 tig 

ATP-dependent Clp protease 

ATP-binding subunit 

Regulatory protein (a 

protein-folding 

chaperon) 

None 6   

  33421 
TTTTCTAATTGA -> 

ATTTTTAATTAG  
  

catE_2 lspA None coding seq.     33436 SNP (T->A)   

  33446 SNP (G->A)   

None 5 
185771-

186892 
- 186621 SNP (A->G)   map_2 leuA_1 Hypothetical protein   

None 3   
  275867 SNP (C->T)   

cspA_1 lysA None coding seq.   
  275870 SNP (C->T)   

2 

None 59     247 SNP (C->T)   None None None coding seq.   

None 39 1593-2219 - 1703 SNP (A->C)   None rclA Hypothetical protein   

None 40 3574-4290 - 

3679 SNP (G->A)   

None hin_2 Hypothetical protein   

3697 SNP (C->T)   

3700 SNP (T->C)   

4072 
Large substitution (148 

bp) 
  

None 43     4989 SNP (A->T)   ltaE None None coding seq.   

lpl2_3 17 4870-5676 + 
5417 SNP (T->C) 

Syn lpl2_2 lpl2_4 Putative lipoprotein Surface protein 
5433 SNP (C->T) 
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5437 SNP (C->A) 

None 32     11829 C   groL ktrB_2 None coding seq.   

None 27 16602 - 16892 
ACGGCATAACGCGC-

>GCGGTATAACTTGT 
  rhaS_2 plc Hypothetical protein   

None 27   
  30251 SNP (C->A)   

ghrB_2 dltA None coding seq.   
  30253 SNP (C->A)   

rpoB 17 
29823-

33374 
- 30541 SNP (T->C) 

N-Syn 

(P945L) 
rpoC rsmC 

DNA-directed RNA 

polymerase subunit beta 

Regulation (RNA 

polymerase subunit) 

None 6     34902 Deletion (A)   catE_1 degA None coding seq.   

None 8   
  42924 SNP (C->A)   

secDF apt None coding seq.   
  42929 SNP (G->T)   

None 18 47294 + 47445 SNP (C->A)   ktrB_1 None Hypothetical protein   

alaS 12 64907 + 66362 SNP (G->A) 
N-Syn 

(A486T) 
recD2_1 yrrK Alanine--tRNA ligase 

Signal-recognition 

particle pathway 

ftsY 7 87919 - 88555 SNP (G->A) Syn ffh smc 
Signal recognition particle 

receptor FtsY 

Metabolism (pentose 

phosphate pathway) 

None 1     146694 SNP (A->C)   ybbH_1 suhB_1 None coding seq.   

None 1 
150197-

151237 
+ 

151010 SNP (G->A)   

rpsI None Hypothetical protein   151012 SNP (A->G)   

151032 SNP (G->A)   

3 

glnA 12 2148-3488 - 2450 SNP (G->A) Syn None glnR Glutamine synthetase Metabolism 

rpoC 9 
27645-

31268 
+ 29857 SNP (C->T) Syn rpoB rplGB 

DNA-directed RNA 

polymerase subunit beta 

Regulation (RNA 

polymerase subunit) 

None 7     42252 Deletion (A)   hylB map_2 None coding seq.   

lpl2_2 5 
42347-

43147 
- 42662 SNP (T->C) Syn lpl2_1 lpl2_3 Putative lipoprotein Surface protein 

None 7     53754 Insertion (A)   alsS rpsI None coding seq.   

None 8     64150 SNP (A->T)   sarS yfhA None coding seq.   

None 11     71345 Deletion (A)   fabZ ssbA_4 None coding seq.   

None 3     94447 SNP (C->T)   aroA_2 murC None coding seq.   

tarJ' 2 
205915-

206940 
+ 206716 SNP (T->G) Syn tarI2 tarK 

Ribulose-5-phosphate 

reductase 2 

Metabolism (pentose 

phosphate pathway) 

4 None 27     10 SNP (G->A)   None lnrL_3 None coding seq.   
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55 Insertion (A) 

None 43     

471 Insertion (AC) 

  essG_3 None None coding seq.   476 SNP (G->A) 

524 Insertion (GTAA) 

None 46 134-934 + 

770 SNP (A->T) 

  None None Hypothetical protein   
773 SNP (A->G) 

797 Insertion (A) 

828 SNP (T->G) 

None 31     
1691 SNP (A->G)   

dapE hlb None coding seq.   
1702 SNP (G->A)   

None 41 1791-2516 - 1986 SNP (T->C)   None None Hypothetical protein   

None 39     3356 SNP (G->A)   None thyA None coding seq.   

trpD2 1 
12097-

13095 
- 12971 Large deletion (108 bp) Early Stop trpC trpG_1 

Anthranilate 

phosphoribosyltransferase 2 

Metabolism 

(tryptophan) 

None 6     30137 Deletion (GG)   def pdhA None coding seq.   

None 7     32991 SNP (C->T)   irtA garK_1 None coding seq.   

None 20 34939 - 35057 SNP (A->G)   ydeN lukEv Hypothetical protein   

None 3 42027 - 
42325 SNP (G->A) 

  hrtA_1 tcaR Hypothetical protein   
42332 SNP (G->A) 

None 3     52689 SNP (C->A)   ktrB_1 tarM None coding seq.   

gsiC 4 
73634-

74596 
- 

73808 SNP (G->T) 
Syn dppC oppF_1 

Glutathione transport system 

permease protein GsiC 

Metabolism 

(tryptophan) 73817 SNP (C->T) 

None 13 
61280-

87772 
+ 

79222 SNP (A->G)   

ebh rnhA Hypothetical protein   

79373 Large deletion (756 pb)   

80131 SNP (T->C)   

80143 SNP (G->C)   

80161 SNP (C->T)   

80164 SNP (C->T)   

80175 SNP (T->C)   

None 12     83037 SNP (A->G)   cspA_1 pspB None coding seq.   
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None 6     84347 SNP (T->G)   menG hup None coding seq.   

None 1     85874 SNP (G->T)   sasG entS_1 None coding seq.   

None 3     109736 SNP (A->C)   rhaS sarR None coding seq.   

None 1     213941 SNP (G->A)   lspA None None coding seq.   

5 

None 35     284 SNP (G->C)   None None None coding seq.   

None 31     11886 SNP (T->A)   alsT glcT None coding seq.   

tsaD 35 12952   13347 SNP (G->A) Syn rimI mutS_2 
tRNA N6-adenosine 

threonylcarbamoyltransferase 

Metabolism (cell wall 

peptidoglycan 

synthesis, cell wall 

division) 

mutM 15 30064 - 30435 SNP (A->G) 
N-Syn 

(Y168H) 
coaE polA 

Formamidopyrimidine-DNA 

glycosylase 

Regulation (DNA 

repair) 

None 13 49881 - 51343 SNP (A->G)   mtlF_2 mtlA Hypothetical protein   

None 5     61548 SNP (A->G)   sucD topA None coding seq.   

None 10 76924 - 78138 SNP (T->C)   ydaG treP_1 Hypothetical protein   

None 3     147592 Large deletion (369 bp)   ktrB_1 catD None coding seq.   

potA 3 217890 + 218104 SNP (T->C) 
N-Syn 

(L72P) 
pdhD potB 

Spermidine/putrescine 

import ATP-binding protein 

PotA 

Metabolism 

(spermidine/spermine 

uptake) 

None 1 254544 + 255135 Deletion (AC)   cpnA isaA Hypothetical protein   

None 1 257316 + 257548 SNP (A->C)   isaA oatA_1 Hypothetical protein   

None 2     309122 Deletion (T)   gabR None None coding seq.   

6 

None 17 38-1104 + 
579 Deletion (CTGAT)   

None hrtA_2 Hypothetical protein   
869 SNP (T->G)   

hpt 15 9858 - 10293 Insertion (A) Early Stop ftsH tilS 
Hypoxanthine-guanine 

phosphoribosyltransferase 

Metabolism (purine 

salvage pathway 

None 20     26455 SNP (C->T)   ispE veg None coding seq.   

None 1 
95472-

100920 
+ 

96041 SNP (T->G)   
rclA iolS Hypothetical protein   

100634 SNP (C->T)   

essG_1 7 
105177-

105665 
- 

105507 SNP (A->T) N-Syn 

(ED52DE) 
focA essG_2 

Type VII secretion system 

protein EsaG 
Virulence 

105510 SNP (T->A) 

essG_2 5 
105676-

106176 
- 105859 SNP (A->C) 

N-Syn 

(R106S) 
essG_1 essD 

Type VII secretion system 

protein EsaG 
Virulence 
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None 2     116692 SNP (C->A)   entS_1 sasG None coding seq.   

None 4 
237423-

238946 
+ 238509 SNP (T->C)   gloB mecR1 Hypothetical protein   

7a 

None 25     

2158 Insertion (A)   

None bcrR None coding seq.   

2984 SNP (G->T)   

3104 SNP (C->G)   

3105 SNP (G->T)   

3599 SNP (C->T)   

3608 SNP (G->A)   

3623 SNP (G->T)   

3627 SNP (T->A)   

3630 SNP (T->C)   

3633 SNP (A->C)   

3638 SNP (A->T)   

3648 SNP (G->T)   

3664 SNP (T->A)   

3672 SNP (T->G)   

3674 SNP (T->C)   

3705 SNP (A->G)   

None 25 4037-4216 - 

4061 SNP (A->G)   

None bcrR Hypothetical protein   

4067 SNP (T->C)   

4088 SNP (A->G)   

4097 SNP (A->G)   

4112 SNP (G->A)   

4126 SNP (G->A)   

4127 SNP (C->T)   

4184 SNP (A->G)   

4187 SNP (A->G)   

4198 SNP (T->A)   
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4199 SNP (T->A)   

4211 SNP (G->A)   

None 25     

4229 SNP (C->T)   

None bcrR None coding seq.   

4235 Insertion (T)   

4242 SNP (G->A)   

4247 SNP (C->T)   

4251 SNP (A->C)   

4252 SNP (A->G)   

4273 SNP (G->A)   

4288 SNP (G->A)   

4297 SNP (T->C)   

4303 SNP (G->C)   

4315 SNP (T->G)   

4318 SNP (C->T)   

None 20 4435-5241 - 4738 Insertion (T)   pepF1_2 yjbI Hypothetical protein   

purR 19 
24538-

25362 
- 25077 SNP (T->C) 

N-Syn 

(R96C) 
yabJ ispE Pur operon repressor 

Metabolism (purine 

biosynthesis 

regulator) 

None 14     30187 
Large substitution (59 

bp) 
  isaA oatA_2 None coding seq.   

guaA 9 
90054-

91595 
+ 91072 SNP (C->T) 

N-Syn 

(A340V) 
guaB xerC_4 

GMP synthase (glutamine 

hydrolyzing) 

Metabolism (purine 

salvage pathway) 

None 3 
109097-

110530 
- 109345 SNP (A->C)   ggt gsiA Hypothetical protein   

None 2     268398 Deletion (T)   bmrA tarD None coding seq.   

None 1     358517 SNP (G->A)   ypcP ald1 None coding seq.   

7b None 25     

2158 Insertion (A)   

None bcrR None coding seq.   

2984 SNP (G->T)   

3104 SNP (C->G)   

3105 SNP (G->T)   

3599 SNP (C->T)   

3608 SNP (G->A)   
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3623 SNP (G->T)   

3627 SNP (T->A)   

3630 SNP (T->C)   

3633 SNP (A->C)   

3638 SNP (A->T)   

3648 SNP (G->T)   

3664 SNP (T->A)   

3672 SNP (T->G)   

3674 SNP (T->C)   

3705 SNP (A->G)   

None 25 4037-4216 - 

4061 SNP (A->G)   

None bcrR Hypothetical protein   

4067 SNP (T->C)   

4088 SNP (A->G)   

4097 SNP (A->G)   

4112 SNP (G->A)   

4126 SNP (G->A)   

4127 SNP (C->T)   

4184 SNP (A->G)   

4187 SNP (A->G)   

4198 SNP (T->A)   

4199 SNP (T->A)   

4211 SNP (G->A)   

None 25     

4229 SNP (C->T)   

None bcrR None coding seq.   

4235 Insertion (T)   

4242 SNP (G->A)   

4247 SNP (C->T)   

4251 SNP (A->C)   

4252 SNP (A->G)   

4273 SNP (G->A)   
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4288 SNP (G->A)   

4297 SNP (T->C)   

4303 SNP (G->C)   

4315 SNP (T->G)   

4318 SNP (C->T)   

None 20 4435-5241 - 4738 Insertion (T)   pepF1_2 yjbI Hypothetical protein   

purR 19 
24538-

25362 
- 25077 SNP (T->C) 

N-Syn 

(R96C) 
yabJ ispE Pur operon repressor 

Metabolism (purine 

biosynthesis 

regulator) 

guaA 9 
90054-

91595 
+ 91072 SNP (C->T) 

N-Syn 

(A340V) 
guaB xerC_4 

GMP synthase [glutamine-

hydrolyzing] 

Metabolism (purine 

salvage pathway) 

None 3 
109097-

110530 
- 109345 SNP (A->C)   ggt gsiA Hypothetical protein   

None 2     135543 Insertion (A)   tarD bmrA None coding seq.   

8 

gdpP 13 
33566-

35533 
- 33652 SNP (C->T) Early Stop rplI  metXA 

Cyclic-di-AMP 

phosphodiesterase GdpP 

Metabolism 

(maintains 

intracellular levels of 

cyclic-di-AMP, a 

purine-based 

signalling nucleotide) 

gyrB 13 
46887-

48821 
- 48286 SNP (C->T) Syn gyrA recF DNA gyrase subunit B 

Regulation (growth, 

ATP-dependent DNA 

supercoiling, DNA 

replication) 

None 10     52267 SNP (C->A)   bcrA_3 splA None coding seq.   

None 5     139351 SNP (T->G)   bsaA_1 bceB_3 None coding seq.   

pbpH 4 
190782-

192854 
+ 192755 Insertion (ACC) 

Frameshift 

(659P) 
sodA rpmG2_1 Penicillin-binding protein H 

Metabolism (cell wall 

synthesis, cell 

elongation) 

None 1 
197225-

197539 
- 197325 SNP (C->A)   sufU pnoA Hypothetical protein   

rpsM 3 
241342-

241707 
+ 241664 SNP (T->C) 

N-Syn 

(I108T) 
rpmJ rpsK 30S ribosomal protein S13 

Regulation (protein 

synthesis - controls 

translocation of the 

mRNA:tRNA 

complex) 

9 

None 63     45 Insertion (TA)   None None None coding seq.   

None 13     409 SNP (G->C)   None nudG None coding seq.   

None 41 1099-3033 - 2878 SNP (A->T)   None arsC Hypothetical protein   
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None 31 2575-3063 + 2978 Large deletion (18 bp)   dut_2 None Hypothetical protein   

None 27 8542-8916 + 8554 
Large substitution (32 

bp) 
  cls_1 rodA Hypothetical protein   

None 27     
9074 SNP (A->T)   

cls_1 rodA None coding seq.   
9076 SNP (C->A)   

kdpD 12 
16517-

19174 
+ 17531 Deletion (T) Early Stop kdpA kdpE 

Osmosensitive K+ channel 

histidine kinase 

Metabolism (c-di-

AMP) 

pyrD 5 
24043-

25107 
+ 24482 SNP (A->G) 

N-Syn 

(N147S) 
cpnA queH 

Dihydroorotate 

dehydrogenase 

Metabolism 

(pyrimidine de novo 

synthesis) 

None 12     27061 SNP (G->A)   rodA cls_1 None coding seq.   

None 13 
36720-

37244 
+ 36603 

Large substitution (532 

bp) 
  ldhD_1 ybjI Hypothetical protein   

None 11     37976 Deletion (C)   ktrB_1 tst None coding seq.   

None 19 
39832-

40356 
- 

39955 SNP (G->A)   

ybjI ldhD_2 
IS1182 family transposase 

ISSau3 
  

39973 SNP (C->T)   

40003 SNP (C->T)   

40122 SNP (C->T)   

40182 
Large substitution (292 

bp) 
  

None 19     40483 SNP (G->T)   ybjI ldhD_2 None coding seq.   

None 19     40489 SNP (C->A)   ybjI ldhD_2 None coding seq.   

pdhD 6 
64046-

65452 
- 64785 SNP (A->T) 

N-Syn 

(V223D) 
potA pdhC_1 

Dihydrolipoamide 

dehydrogenase component of 

pyruvate dehydrogenase E3 

Metabolism (pyruvate 

dehydrogenase 

complex) 

None 4     94540 SNP (G->A)   rclA iolS None coding seq.   

gsiA 1 
284829-

286421 
+ 285141 SNP (G->A) 

N-Syn 

(D105N) 
ggt hsdR 

Glutathione import ATP-

binding protein 

Metabolism 

(Glutathione uptake) 

10 

None 48     3421 Large deletion (16 bp)   None None None coding seq.   

None 13 
26531-

26905 
- 26862 

Large substitution (78 

bp) 
  rodA cls_1 

IS1182 family transposase 

ISSau3 
  

None 6 
30456-

30875 
- 30842 SNP (A->T)   mntH_2 potD Hypothetical protein   

None 8     33509 SNP (C->A)   sigA trmK None coding seq.   

None 4     107228 SNP (C->A)   clpP_1 whiA None coding seq.   
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None 1 
247197-

247721 
- 247320 SNP (G->A)   ybjI ldhD_2 

IS1182 family transposase 

ISSau3 
  

11a 

None 22     
144 SNP (G->A)   

None ald1 None coding seq.   
147 SNP (G->T)   

None 31     158 SNP (C->A)   None bceB_3 None coding seq.   

None 62     
883 SNP (T->C)   

None nikE None coding seq.   
890 SNP (T->A)   

None 67     1096 SNP (T->A)   None None None coding seq.   

mntR 31 
29019-

29663 
- 

29287 SNP (A->G) 
N-Syn 

(T70M) 
tarA mntB_1 

HTH-type transcriptional 

regulator 

Metabolism 

(manganese uptake) 
29455 SNP (T->C) 

N-Syn 

(R126H) 

None 15 
45039-

46541 
+ 45227 SNP (G->T)  clfA emp Hypothetical protein   

None 13 
47882-

48757 
- 48748 Insertion (A)   hisS dtd Hypothetical protein   

None 8     122630 Deletion (T)   gabR None None coding seq.   

None 1 
167607-

168530 
+ 167659 Insertion (A)   relA hisS Hypothetical protein   

11b 

None 31     158 SNP (C->A)   None bceB_3 None coding seq.   

None 26     348 Insertion (G)   None lysS None coding seq.   

None 
62     

883 SNP (T->C)   
None nikE 

None coding seq. 
  

None 890 SNP (T->A)   None coding seq. 

None 67     1096 SNP (T->A)   None None None coding seq.   

None 65     1647 SNP (G->A)   None None None coding seq.   

None 1 3692-4486 + 3601 
Large substitution (127 

bp) 
  None abgT Hypothetical protein   

None 16 9491-9775 + 9522 SNP (T->C)   mtlA mtlF Hypothetical protein   

None 26 
10098-

10886 
+ 

10196 SNP (C->A)   

lukEv entG Hypothetical protein   10198 SNP (C->A)   

10208 SNP (C->T)   

rsbW 41 
14965-

15444 
+ 14993 SNP (T->A) 

N-Syn 

(M10K) 
rsbV sigB 

Anti-SigB factor, Serine-

protein kinase 

Regulation (controls 

SigB activity) 

mntR 31 
29019-

29663 
- 29287 SNP (A->G) 

N-Syn 

(T70M) 
tarA mntB_1 

HTH-type transcriptional 

regulator 

Metabolism 

(manganese uptake) 
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None 13 
47882-

48757 
- 48748 Insertion (A)   hisS dtd Hypothetical protein   

None 6     72603 SNP (G->A)   ybbH_3 cysQ None coding seq.   

None 4 
162101-

163024 
+ 162153 Insertion (A)   relA hisS Hypothetical protein   

12 

tilS 14 
10401-

11696 
+ 11568 SNP (A->G) Syn hpt pnp_2 tRNA(Ile)-lysidine synthase 

Regulation (protein 

synthesis - Isoleucine) 

None 15     26074 Deletion (19 bp)   ermC None None coding seq.   

None 11     50138 SNP (C->T)   dapE fhuD_2 None coding seq.   

hlgC 2 
72194-

73141 
- 72217 SNP (A->T) 

N-Syn 

(F309I) 
hlgB hlgA 

Gamma-hemolysin 

component C 
None coding seq. 

nirC 2 
89551-

90375 
+ 89586 SNP (C->T) Syn yoeB ytmI Nitrite transporter NirC 

Metabolism (nitrogen 

metabolism) 

narH 2 
99849-

101408 
+ 

100211 SNP (A->T) 
N-Syn 

(Q121H) 

narG narX 
Nitrate reductase subunit 

beta 

Metabolism (nitrate 

respiration) 

100266 SNP (A->T) 
N-Syn 

(R140W) 

100298 SNP (A->T) Syn 

100837 SNP (C->T) 
N-Syn 

(T330I) 

101250 SNP (A->T) 
N-Syn 

(N468Y) 

101254 SNP (C->T) 
N-Syn 

(S469L) 

None 2     

559239 SNP (A->T)   

gabR None None coding seq.   559280 SNP (C->T)   

559360 SNP (T->A)   

13 
rsbW 11 

102993-

103472 
+ 103342 SNP (G->A) 

N-Syn 

(G117D) 
rsbV sigB 

Anti-SigB factor, Serine-

protein kinase 

Regulation (controls 

SigB activity) 

None 1     11 Insertion (A)   None crr None coding seq.   

14 

None 36 263-364 - 265 SNP (C->T)   None None Hypothetical protein   

None 16 
23981-

24160 
+ 24095 

Large substitution (414 

bp) 
  bin3 None Hypothetical protein   

None 16     

24538 SNP (C->G)   

bin3 None None coding seq.   
24575 SNP (C->A)   

24576 SNP (T->C)   

24583 SNP (T->G)   
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24594 SNP (T->A)   

24595 SNP (A->C)   

None 6     148635 SNP (A->C)   comGC None None coding seq.   

None 4     173609 SNP (G->A)   adhE repE None coding seq.   

pdhD 1 
439804-

441210 
+ 439886 SNP (C->A) 

N-Syn 

(E28A) 
pdhC_1 potA 

Dihydrolipoyl 

dehydrogenase 

Metabolism (pyruvate 

dehydrogenase 

complex) 

15 

None 74     110 SNP (A->G)   None None None coding seq.   

None 58 1171-1668 - 1657 SNP (T->C)   None None Hypothetical protein   

None 15     
1665 Deletion (TATTTTA)    

None ltaE None coding seq.   
1992 Deletion (T)   

None 51 2294-2614 + 2611 SNP (C->G)   None None Hypothetical protein   

None 51 2614-3057 + 2617 SNP (G->A)   None None Hypothetical protein   

None 22 2578-3270 - 

3052 SNP (G->A)   

None xerC_2 Hypothetical protein   
3055 SNP (G->A)   

3133 SNP (T->C)   

3232 SNP (C->T)   

None 45     3382 Insertion (G)   None arsC None coding seq.   

None 12     
3601 Insertion (GTCA)   

None bcrR None coding seq.   
3605 Deletion (TGAC)   

None 54     

3990 SNP (C->T)   

bbp_2 None None coding seq.   
4110 SNP (A->G)   

4146 SNP (A->G)   

4179 SNP (A->G)   

None 43 4085-4549 + 

4306 SNP (A->T)   

pcp cna Hypothetical protein   
4347 SNP (G->A)   

4367 SNP (A->G)   

4435 SNP (A->G)   

None 43     4598 Insertion (G)   pcp cna None coding seq.   

None 32 8780-10057 + 8865 SNP (C->T)   treP_2 yhfP Hypothetical protein   
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None 12     10754 Deletion (G)   pre arsC None coding seq.   

None 36 
20649-

20870 
+ 20632 

Large substitution (218 

bp) 
  lexA_2 None Hypothetical protein   

None 36 
21680-

22231 
+ 22143 SNP (T->C)   lexA_2 None Hypothetical protein   

None 6     25223 SNP (T->A)   arsB_1 ribD None coding seq.   

None 10 
26574-

26948 
- 

26905 
Large substitution (25 

bp) 
  

rodA cls_1 
IS1182 family transposase 

ISSau3 
  

26936 SNP (T->G)   

None 32     29189 Large deletion (56 bp)   hrtA_2 tcaR None coding seq.   

None 28 
28890-

29414 
+ 29344 SNP (T->C)   ldhD_2 ybjI 

IS1182 family transposase 

ISSau3 
  

clpP 21 
33319-

33906 
- 33809 SNP (A->G) 

N-Syn 

(D33G) 
mleS whiA 

ATP-dependent Clp protease 

proteolytic subunit 

Regulatory protein 

(control transcription 

of virulence factors) 

None 1     
92996 SNP (C->A)   

greA pxpB_1 None coding seq.   
93016 SNP (C->A)   

None 5     94967 SNP (C->T)   ribD arsB_1 None coding seq.   

None 6 
98509-

98964 
- 

98863 SNP (T->C)   
phoB None Hypothetical protein   

98908 SNP (C->G)   

None 5     
114627 SNP (G->A)   

menE_1 None None coding seq.   
114647 SNP (G->A)   

None 1     122043 SNP (C->A)   esxA lnrL_1 None coding seq.   

16 

None 51     48 Insertion (TA)   None None None coding seq.   

None 6     6305 SNP (G->T)   None hylB None coding seq.   

mfd 23 
19366-

22872 
+ 21158 SNP (A->G) 

N-Syn 

(G598D) 
pth divIC 

Transcription-repair-coupling 

factor 

Regulation (DNA 

repair) 

None 10     57993 SNP (A->G)   cls_1 rodA None coding seq.   

None 10 
58003-

58377 
+ 

58015 SNP (A->C)   
cls_1 rodA 

IS1182 family transposase 

ISSau3 
  

58021 Deletion (G)   

None 8     87971 SNP (T->C)   rny ymdB None coding seq.   

rplV 11 
104947-

105300 
+ 105299 Deletion (AATTAA) Early Stop rpsS rpsC 50S ribosomal protein L22 

Regulation (protein 

synthesis) 
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None 2 
184645-

185169 
- 184995 

Large substitution (292 

bp) 
  ybjI ldhD_2 

IS1182 family transposase 

ISSau3 
  

None 2     185296 SNP (G->T)   ybjI ldhD_2 None coding seq.   

None 1     389092 SNP (C->G)   rlmH None Hypothetical protein   

 

Supplemental Table 3.4: Summary of metabolic and proteomic changes in near isogenic SCV/non-SCV pairs distinguished by 

mutations in purine, pyrimidine, and pyruvate metabolic pathways. The table details the specific mutations, associated metabolic 

pathways, changes in metabolite levels, and protein abundances in SCVs compared to non-SCVs. The P values for metabolomic and 

proteomic data were calculated using unpaired two-tailed Studentôs t-tests with Welchôs correction and a z-score test, respectively. No 

multiple test corrections were applied as each metabolomic or proteomic experiment investigated one specific metabolite or related 

enzyme. Three independent pool replicates were included for metabolomic experiment. The fold change of protein expression 

(SCV/non-SCV) is presented on a logarithmic scale (base two). PID; patient ID.  

   Metabolite Changes at 12h Protein Changes 

PID Mutation  
Metabolic 

Pathway 
Metabolite 

Fold change 

(SCV/non-SCV) 
P 

Figure 

reference 
Protein 

Fold change 

(log(SCV/non-SCV,2)) 
Padj 

6 hpt Purine 
Hypoxanthine (ŷ) 3.11 0.0054 

Figure 3.2A 
Hypoxanthine-guanine 

phosphoribosyltransferase (Ź) 
-0.69 0.3399 

Guanine (ŷ) 5.8 0.0073 

7 
purR 

Purine Xanthosine (ŷ) 47.6 0.0008 Figure 3.2B 
Pure operon regulator (Ź) -0.48 0.3125 

guaA GMP synthase (Ź) 0.30 0.9465 

8 gdpP Purine c-di-AMP (ŷ) 5.63 0.0002 Figure 3.2C Phosphodiesterase (Ź) -0.87 0.980 

9 pyrD Pyrimidine 
Dihydroorotate (ŷ) 1.35 0.0028 

Figure 3.2D Dihydroorotate dehydrogenase (Ź) -0.76 0.3216 
Orotate (Ź) 0.6 0.0453 

9 pdhD Pyruvate Pyruvate (ŷ) 3.47 0.0071 
Figure 3.2E 

Dihydrolipoamide dehydrogenase (Ź) -1.17 0.0346 

14 pdhD Pyruvate Pyruvate (ŷ) 2.09 0.0383 Dihydrolipoamide dehydrogenase (Ź) -1.94 < 0.0001 
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Supplemental Table 3.5: Global changes in protein expression of 18 SCVs versus 16 non-SCVs. The table details expression 

changes of different proteins involved in purine/pyrimidine metabolism, fermentation, adhesins, and toxins. Fold change is presented 

on a logarithmic scale (base two). P values are calculated using unpaired two-tailed Studentôs t-tests with Welchôs correction and 

adjusted using Benjamini-Hochberg approach.  

 Protein Changes 

Metabolic Pathway Protein 
Fold change 

(log(SCV/non-SCV,2)) 
Padj Figure Reference 

Toxins 

Ŭ-Hemolysin -0.94 0.0052 

Figure 3.3A 
ɓ-Hemolysin -0.59 0.0050 

ɔ-Hemolysin -0.55 0.0076 

Phospholipase -0.61 0.0042 

Adhesins 

Fibronectin-binding Protein 1.08 0.0090 

Figure 3.3B 
Extracellular Fibrinogen Binding 

Protein 
0.9 0.0088 

Staphylococcal Secretory Antigen 0.5 0.0046 

Fermentation 

Alcohol Dehydrogenase -0.84 0.0042 

Figure 3.3C Formate Acetyltransferase -0.5 0.0134 

Lactate Dehydrogenase 0.75 0.0092 

Purine and 

Pyrimidine 

Metabolism 

Xanthine 

Phosphoribosyltransferase 
-0.58 0.0043 

Figure 3.3D Aspartate Carbamoyltransferase -0.42 0.0042 

IMP Dehydrogenase -0.38 0.0052 

Dihydroorotate Dehydrogenase -0.63 0.0042 
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4.1: Abstract 

Methicillin-susceptible Staphylococcus aureus (MSSA) strains have been associated with 

cefazolin treatment failures, particularly in high-burden infections. While previous studies have 

linked the cefazolin inoculum effect (CzIE) to specific types of staphylococcal ɓ-lactamase 

enzymes, the molecular mechanisms underlying this phenomenon remain unclear. Here, we sought 

to clarify the genetic underpinnings of the CzIE phenotype and reassess the molecular 

characteristics, mortality, and prevalence associated with this phenotype. Utilizing the Calgary 

CzIE cohort, which includes 493 MSSA bacteremia isolates, we found that, on average, 40% of 

isolates exhibited the CzIE phenotype, of which 65% produced ɓ-lactamase type A, and 57% 

clustered within clonal complex (CC) 30. Genomic and proteomic analyses revealed a significant 

association between an adenine deletion at position 1417 of the bla operon and the absence of the 

CzIE phenotype in normal isolates of CC30. This deletion disrupts ɓ-lactamase inducibility, 

leading to reduced cefazolin resistance in these isolates. Our findings underscore the importance 

of screening for the IE phenotype in MSSA bacteremia infections, particularly when cefazolin is 

mailto:ian.lewis2@ucalgary.ca
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considered for treatment. The identified polymorphism is proposed as one of the mechanisms 

underlying the no-CzIE phenotype, which may inform better diagnostics and treatment strategies.  

4.2: Introduction  

Staphylococcus aureus is an important human pathogen causing a wide range of hospital- and 

community-acquired infections [197]. Methicillin-susceptible Staphylococcus aureus (MSSA) is 

particularly notable for causing bacteremia, which is associated with 30-day mortality rate of 20%ï

22% [198]. Approximately 80%ï92% of MSSA strains produce ɓ-lactamase, a prevalence that 

highlights the pressing need for effective treatment options [42]. These strains are preferably 

treated with semi-synthetic penicillins such as oxacillin, nafcillin, and flucloxacillin, which are 

resistant to staphylococcal ɓ-lactamase activity and possess good blood-brain barrier penetration 

[199]. First-generation cephalosporins, such as cefazolin, serve as alternative treatments for MSSA 

due to their tolerability, relatively low cost, and favourable dosing schedule [35]. However, 

cefazolin treatment failures have been reported in patients suffering from MSSA infections, in 

which high inoculum (HI) bacteria are present [35]. In such infections, the large amount of 

produced ɓ-lactamase enzyme effectively hydrolyzes the susceptible cefazolin at a high enough 

rate to inactivate its antibacterial effect.  

The inoculum effect (IE) is a laboratory phenomenon in which the Minimum Inhibitory 

Concentration (MIC) of an antibiotic increases or the efficacy of an antibiotic decreases as the 

bacterial load increases [42]. There are two definitions to identify CzIE phenotype; (1) a strain is 

positive for CzIE phenotype when the increase in MIC is 4-fold or greater at HI compared to 

standard inoculum (SI), (2) a strain is positive for pronounced CzIE (P. CzIE) phenotype when the 

strain is susceptible at SI but non-susceptible at HI according to Clinical and Laboratory Standards 
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Institute (CLSI) guidelines [200,201]. However, MIC values are typically measured in clinical 

laboratories using SI concentrations [202]. Consequently, routine antimicrobial susceptibility 

testing (AST) does not detect the IE phenotype, as it is not observed at SI concentrations [203]. To 

accurately identify this phenotype, isolates need to be tested at both SI and HI concentrations, 

which correspond to 10  CFU/mL and 10  CFU/mL, respectively [203]. The clinical relevance of 

MIC values determined at SI may be limited, particularly for infections with high bacterial density, 

such as deep-seated infections like endocarditis or device-associated infections [43]. Therefore, it 

is crucial for clinical microbiologists to recognize the significance of the inoculum effect and adjust 

their testing protocols to include screening for the IE phenotype.  

A growing body of literature has linked cefazolin failure to certain types of staphylococcal ɓ-

lactamase, encoded by bla operon [35,36,43,199,204-207]. This operon comprises three genes: (1) 

blaZ, which encodes the ɓ-lactamase enzyme that inactivates ɓ-lactam antibiotics by hydrolyzing 

the ɓ-lactam ring, (2) blaI, which encodes an inhibitor that binds to the operator region and 

prevents transcription of the bla operon, and (3) blaR1, which encodes a transmembrane sensor-

transducer regulator that undergoes autocatalytic activation then cleaves BlaI into inactive 

fragments, allowing transcription of the bla operon (Figure 4.1A) [208,209]. There are four 

different types (AïD) of staphylococcal ɓ-lactamase enzymes, characterized based on their 

substrate specificity and the specific amino acids at residues 128 and 216 of the amino acid 

sequence encoded by blaZ (Table 4.1) [210-213]. Types A and C both have threonine at position 

128; however, type A has serine at position 216, whereas type C has asparagine. Type B is 

characterized by lysine at position 128 and asparagine at position 216. Type D has alanine at 

position 128 and serine at position 216. These residues are located near the enzyme's active site 

[206]. As a result, each variant exhibits distinct hydrolytic kinetics against different ɓ-lactam 
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antibiotics [210,214]. It has been shown that MSSA strains that produce ɓ-lactamase types A and 

C more frequently exhibit cefazolin inoculum effect (CzIE) [35,36,43,199,204-207].  

 
Figure 4.1: Schematic Representation of the bla Operon. A) Diagram illustrating the various 

steps in the function of the bla operon under induced conditions with penicillin antibiotics. B) 

Coordinates of the bla operon in S. aureus UP_764. C) Proposed mechanism for the 

dysfunctional bla operon in normal isolates with an adenine deletion at position 1417 of the bla 

operon. 

 

Table 4.1: ɓ-lactamase types. Amino acid variations at residues 128 and 216 across different 

classes of ɓ-lactamases.  

ɓ-lactamase type Residue 128 Residue 216 

A Thr Ser 

B Lys Asn 

C Thr Asn 

D Ala Ser 
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While many studies have reported the connection between certain ɓ-lactamase types and CzIE 

phenotype [35,36,43,199,204-207], the molecular mechanism behind this phenotype is still a 

matter of speculation. There are other proposed mechanisms that explain why antibiotics become 

less effective against high densities of bacteria [42]. Some of these mechanisms include: (1) 

decreased concentration of antibiotics that interact with individual bacterial cells as the number of 

bacteria increases within the site of infection [215]; (2) biofilm formation can prevent penetration 

of antibiotics to the site of infection, as a result antibiotics cannot effectively interact with bacterial 

cells [216]; (3) activation of quorum sensing at high bacterial density, which can upregulate the 

expression resistance genes or efflux pumps that consequently reduce the efficacy of antibiotics 

[217,218]; (4) higher chance of spontaneous mutations or acquisition of resistance genes via 

horizontal gene transfer at higher concentrations of bacteria, they can develop resistance to 

antibiotics faster [42]. Although the IE phenotype has been studied in this wide range of 

physiological pathways, there are no reports of any specific molecular mechanisms affecting the 

IE phenotype. 

In this study, we leveraged a subset of the Calgary bloodstream infection (BSI) cohort to identify 

isolates exhibiting the CzIE phenotype. Molecular characterizations of this subset, including ɓ-

lactamase types, accessory gene regulator (Agr) types, and clonal diversity, were studied. We 

performed genome-wide association study (GWAS), multi-sequence alignment, and liquid 

chromatography-mass spectrometry (LC-MS) based proteomic analyses to extensively investigate 

the molecular mechanisms underpinning the CzIE phenotype. These analyses discovered a novel 

mutation associated with the no-CzIE phenotype. Finally, we extended our study to the entire 
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Calgary S. aureus BSI cohort to identify other isolates with the same mutation and assess their 

phenotype.  

4.3: Results 

4.3.1: Over 40% of MSSA isolates exhibit the CzIE phenotype in the Calgary CzIE cohort 

To assess the incidence of the CzIE phenotype, we selected a subset of the Calgary BSI cohort, 

which includes 493 MSSA isolates collected in Calgary in 2012, 2013, 2014, and 2019. This 

collection is referred to as the Calgary CzIE cohort in this study. Cefazolin MICs were measured 

at both SI (10  CFU/mL) and HI (10  CFU/mL) concentrations (Methods; Supplemental Figure 

4.1), with testing performed in the laboratory of Dr. Parkins. In this cohort, 173 and 27 isolates 

(35% and 5.5%) exhibited the CzIE and P. CzIE phenotypes, respectivelyðover 40% in total. The 

remaining 293 isolates (59%) were classified as normal (non-CzIE) (Figure 4.2A). These findings 

highlight the significant presence of the CzIE phenotype among S. aureus bacteremia isolates in 

Calgary. 
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Figure 4.2: Clinical and molecular characteristics of the Calgary CzIE cohort. A) Cefazolin 

MIC values were determined for the entire cohort at standard (10  CFU/mL) and high (10  

CFU/mL) inoculum sizes. Among the isolates, 293 exhibited a normal phenotype, 173 exhibited 

the CzIE phenotype, and 27 exhibited a pronounced CzIE phenotype. B) Frequency of CzIE in 

the Calgary CzIE cohort. The frequency of CzIE is measured among 493 MSSA isolates 

collected in 2012-2014 and 2019, which averages 40% over this time period. nCzIE = 200; nnormal 

= 293. C) Survival curves of patients infected with CzIE compared to normal MSSA isolates in 

the Calgary CzIE cohort. The probability of survival does not differ significantly between 

patients infected with CzIE isolates and those with normal isolates. Statistical analysis was done 

using the Log-rank (Mantel-Cox) test, with significance defined as Ŭ < 0.05. nCzIE = 200; nnormal 

= 293. D) Prevalence of ɓ-lactamase types in the Calgary CzIE cohort. Among 200 CzIE 

isolates, 112, five, 54, and one isolates exhibited ɓ-lactamase types A, B, C, and D, respectively, 

with one isolate exhibiting an unknown type. Among 27 P. CzIE isolates, 25, one, one isolates 

exhibited type A, type C, and an unknown type, respectively. Among 293 normal isolates, 88, 

84, 115, and two isolates exhibited types A, B, C, and D, respectively, with four isolates having 

an unknown type. E) Co-segregation of different molecular characteristics in the Calgary CzIE 

cohort. CzIE isolates clustered into two main clones on the phylogenetic tree of the Calgary 

CzIE cohort. The main clone is characterized as CC30, type A ɓ-lactamase, and Agr group III, 

with S. aureus UP_764 as the most closely related published reference. The second main clone 

belongs to CC15 with type C ɓ-lactamase, Agr group II, and S. aureus strain ST20130940 as 

the closest published reference. ntotal = 493. 
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We also studied the frequency of the CzIE phenotype in the Calgary CzIE cohort over four years 

(2012-2014 and 2019). The results show that the frequency of the CzIE phenotype decreased from 

49% in 2012 to 29% in 2019, reflecting a decline over time (Figure 4.2B). Despite this declining 

trend, the overall frequency of the CzIE phenotype during this period remains at 40%. Conversely, 

the frequency of MSSA isolates with a normal phenotype increased from 51% in 2012 to 71% in 

2019, suggesting a shift in phenotypic distribution within the cohort. 

4.3.2: CzIE phenotype is not associated with increased mortality in the Calgary CzIE cohort 

To better understand the impact of the CzIE phenotype on patient outcomes in MSSA bacteremia, 

we analyzed administrative health records linked to each bloodstream infection, provided by 

Alberta Health Services (AHS). Only index isolates (i.e., the first positive blood culture from each 

patient within a 30-day period) were included in this analysis. The probability of survival was 

estimated using the log-rank (Mantel-Cox) test. No significant difference (P = 0.6211) in 

the probability of survival was observed for patients infected with CzIE MSSA bacteremia 

compared to those infected with normal MSSA isolates (Figure 4.2C). 

4.3.3: Type A ɓ-lactamase is the most prevalent type in the Calgary CzIE cohort 

To investigate the association between different ɓ-lactamase types and the CzIE phenotype in the 

Calgary CzIE cohort, we performed ɓ-lactamase typing on 493 MSSA isolates (see Materials and 

Methods). After accounting for the signal peptide region [211], conserved positions 128 and 216 

were aligned to residues 119 and 207 of the bla operon in S. aureus UP_764 (Supplemental Figure 

4.2). Among 173 CzIE isolates, 112 (64.7%) exhibited type A ɓ-lactamase, five (2.89%) had type 

B, 54 (31.2%) had type C, one (0.57%) had type D, and one isolate (0.57%) had an unknown ɓ-

lactamase type. Among the 27 P. CzIE isolates, 25 (92.5%) exhibited type A, one (3.7%) exhibited 
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type C, and one (3.7%) had an unknown ɓ-lactamase type. For the 293 isolates with a normal 

phenotype, type C ɓ-lactamase was predominant in 115 isolates (39.2%), followed by 88 isolates 

(30%) with type A, 84 isolates (28.6%) with type B, two isolates (0.68%) with type D, and four 

isolates (1.36%) with an unknown ɓ-lactamase type (Figure 4.2D). 

4.3.4: CzIE MSSA isolates are linked to clonal complex 30, type A ɓ-lactamase, and Agr 

group III  

To further study the molecular diversity of isolates with CzIE phenotype in the Calgary CzIE 

cohort, we analyzed the whole genome sequences of the isolates using StrainGST [175], multilocus 

sequence typing (MLST), and Agr typing. Among 173 CzIE isolates, clonal complex (CC) 30 

emerged as the dominant lineage, with 96 isolates (56%). The second most common lineage was 

CC15, represented by 19 isolates (11%). The majority of isolates with P. CzIE phenotype (18, 

67%) clustered with CC30. In contrast, normal isolates were more uniformly classified with 

different CCs, including CC30 (38, 13%), CC15 (35, 12%), CC45 (38, 13%), CC1 (20, 6.8%), 

CC8 (33, 11%), CC5 (50, 17%), CC97 (15, 5.1%), CC121 (6, 2.1%), CC22 (7, 2.4%), and 

undefined CC (51, 17%) (Supplemental Table 4.1). The result of Agr typing revealed that Agr 

group III was the most prevalent type among CzIE isolates (101, 58%), consistent with previous 

reports linking this group to the CzIE phenotype [34,207]. Agr group I (45, 26%) and Agr group 

II (26, 15%) were also present but at lower frequencies. Most of the P. CzIE isolates (17, 70%) 

were also classified as Agr group III. In contrast, normal phenotype isolates were more frequently 

associated with Agr group I (143, 49%) and group II (94, 32%), with Agr group III being less 

common (48, 16%). No isolates with CzIE or P. CzIE, and only a few normal isolates (7, 2.4%) 

were classified with Agr group IV (Supplemental Table 4.2). To better visualize the association 
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between these molecular classifications, we mapped this information on a phylogenetic tree built 

for the Calgary CzIE cohort (Figure 4.2E). This analysis showed that CzIE/P. CzIE isolates of the 

Calgary CzIE cohort mostly (114/200, 57%) cluster within a specific molecular group: CC30, type 

A ɓ-lactamase, and Agr group III. StrainGST identified the S. aureus UP_764 as the most closely 

related published reference for this group. A smaller cluster (19/200, 10%) was characterized as 

CC15 with type C ɓ-lactamase, Agr group II, and S. aureus strain ST20130940 as the closest 

published reference. These findings suggest that despite molecular diversity observed in the 

Calgary CzIE cohort, isolates with CzIE/P. CzIE phenotypes predominantly cluster with a specific 

lineage, i.e. CC30.  

4.3.5: Genome-wide association study identifies blaR1 mutation linked to CzIE phenotype in 

the isolates of CC30  

To explore the genetic basis of the CzIE phenotype, we analyzed the whole genome sequences of 

all 493 MSSA isolates from the Calgary CzIE cohort using a GWAS. The Manhattan plot of this 

analysis highlights six significant variants associated with the CzIE phenotype, including 

mutations in the blaR1 gene, araC_2 gene, and genes encoding a thioesterase superfamily protein, 

a glycoside hydrolase family protein, and two hypothetical proteins (Figure 4.3A). 

To account for the genetic diversity within the cohort, separate GWAS analyses were performed 

on the two predominant clusters, i.e. CC30 and CC15. For the isolates of CC30, we used only the 

complete chromosome of S. aureus UP_764 as the reference genome, given the absence of a 

plasmid reference for this strain in the National Center for Biotechnology Information (NCBI) 

database (Staphylococcus aureus strain UP_764 - Nucleotide - NCBI (nih.gov)). In this focused 

analysis, only a single significant variant within the blaR1 gene remained associated with the CzIE 

https://www.ncbi.nlm.nih.gov/nuccore/?term=Staphylococcus+aureus+strain+UP_764


113 

 

phenotype, while the other variants identified in the full cohort analysis were no longer significant 

(Figure 4.3B). Conversely, the GWAS for the isolates of CC15, using both chromosomal and 

plasmid references of S. aureus ST20130940, did not identify any variants significantly associated 

with the CzIE phenotype (Figures 4.3C and 4.3D). These results suggest that, after controlling for 

clonal background, variation in the blaR1 gene may be a key driver of the CzIE phenotype in the 

isolates of CC30.  

 
Figure 4.3: Identification of genetic variants using GWAS. Manhattan plots illustrate the 

significant genetic variants associated with the CzIE phenotype across different cohorts. A) In 

analysis of the entire Calgary CzIE cohort, significant variants were identified in the blaR1 gene, 

araC_2 gene, and genes encoding a thioesterase superfamily protein, glycoside hydrolase family 

protein, and two hypothetical proteins. nCzIE = 200; nnormal = 293; reference genome: S. aureus 
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UP_764. B) In analysis for the CC30, a significant variant was identified in the blaR1 gene. nCzIE 

= 114; nnormal = 38; reference genome: S. aureus UP_764. C and D) In the analysis for CC15, 

no significant variants were identified. nCzIE = 19; nnormal = 27; reference genome: chromosome 

and plasmid of S. aureus ST20130940, respectively. The significance of unitigs is determined 

using a likelihood ratio test, with a Bonferroni-corrected P value threshold based on the number 

of the unique unitig presence/absence patterns.  

4.3.6: Multi -sequence alignment identified an adenine deletion at locus 1417 of the bla operon 

linked to normal isolates of CC30  

To further investigate the variation detected in the GWAS analysis, we performed multi-sequence 

alignment of the bla operon for the isolates of CC30. Using the GenBank annotations for S. aureus 

UP_764, we identified the coordinates and extracted the bla operon sequence for this reference 

genome (Figure 4.1B). The blaR1 gene is 1758 bp long and located upstream of the 381 bp blaI 

gene, with a ten bp overlap between them. An operator region of 108 bp lies between blaZ (846 

bp) and blaR1, with blaZ transcribed in the opposite direction relative to the regulatory genes. 

Using this information, we extracted the bla operon sequences for each isolate of CC30 and 

conducted a multi-sequence alignment. The sequences were highly conserved between CzIE and 

normal isolates of CC30, except for a few sporadic single nucleotide polymorphisms (SNPs) and 

a notable deletion of adenine (A) at locus 1417 of the bla operon in some of the normal isolates 

(Figure 4.4). This adenine deletion was present in 37% (11/30) of normal isolates. Statistical 

analysis via chi-square test confirmed a significant association (P < 0.0001) between the adenine 

deletion and the normal phenotype in CC30, distinguishing these isolates from those exhibiting 

the CzIE phenotype (Figure 4.5). Other mutations were either not statistically significant or had 
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small n-values. This result suggests that the adenine deletion at locus 1417 of the bla operon is 

strongly correlated with the non-CzIE (normal) phenotype, likely resulting in a dysfunctional bla 

operon.  

 
Figure 4.4: Identification of genetic variants within the bla operon of type A ɓ-lactamase-

producing MSSA isolates of CC30 using multi-sequence alignment. bla operon alignments 

of the isolates from CC30 identified a few sporadic mutations throughout the operon. The most 

significant mutation was an adenine deletion at locus 1417 of the bla operon, observed among 

11 out of 30 normal isolates. nCzIE = 114; nnormal = 30.  
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Figure 4.5: Statistical analysis of genetic variants within the bla operon of type A ɓ-

lactamase-producing MSSA isolates of CC30. Deletion of adenine at position 1417 of the bla 

operon was identified in 37% (11/30) of isolates with a normal phenotype. The chi-square test 

determined this genetic variation statistically significant (P < 0.0001). 

To determine whether this adenine deletion corresponded to the variation detected in the initial 

GWAS, we repeated the GWAS analysis, focusing specifically on a 50 bp window around the 

variant within blaR1 (Figure 4.3B). The new Manhattan plot with a reduced scale showed that the 

variant is located at locus 237131 in the S. aureus UP_764 chromosome. Further examination of 

the GenBank file of S. aureus UP_764 confirmed that this position aligns with locus 1417 of the 

bla operon, similar to the result of multi-sequence alignment. 

4.3.7: Adenine deletion in normal isolates of CC30 prevents ɓ-lactamase production beyond 

basal levels 

To better understand the functional impact of the adenine deletion at locus 1417 in the bla operon, 

we utilized a tandem mass tag (TMT)-labelling LC-MS proteomic approach to assess ɓ-lactamase 

abundance under induced conditions. For this analysis, we selected ten random isolates for each 
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observed phenotype in CC30, i.e. CzIE isolates, normal isolates without adenine deletion, and 

normal isolates with adenine deletion. These isolates were grown in the absence of antibiotics, as 

well as under three concentrations of cefazolin (0.125 µg/mL, 0.25 µg/mL, and 0.5 µg/mL). The 

proteomic analysis revealed that ɓ-lactamase production was significantly induced in CzIE isolates 

under treatment with 0.125 µg/mL cefazolin relative to basal levels (average fold change = 2.1, P 

=0.0048) (Figure 4.6). Higher concentrations of cefazolin further increased ɓ-lactamase 

production compared to the basal levels (average fold changes = 3.1 and 4.5, P < 0.0001, for 0.25 

µg/mL and 0.5 µg/mL, respectively). In contrast, normal isolates without adenine deletion 

exhibited consistent increases in ɓ-lactamase production across all cefazolin treatments compared 

to the basal levels (average fold changes = 3.0, 3.2, 3.2, P = 0.0006, 0.0001, 0.0001, for 0.125 

µg/mL, 0.25 µg/mL, and 0.5 µg/mL, respectively) (Figure 4.6). Notably, normal isolates with 

adenine deletion exhibited consistent ɓ-lactamase levels under all conditions, whether they were 

induced or not and regardless of cefazolin concentration (Figure 4.6). These findings collectively 

suggest that (i) the bla operon is highly functional in CzIE isolates, (ii) in normal isolates without 

deletion, the bla operon is active but to a certain extent, and (iii) in normal isolates with adenine 

deletion, the bla operon has lost its inducibility.  
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Figure 4.6: Relative ɓ-lactamase abundance in CzIE versus normal isolates with and 

without the adenine deletion at locus 1417 of the bla operon under uninduced and induced 

conditions. Induction of CzIE isolates significantly increased ɓ-lactamase abundance compared 

to uninduced conditions, with further increases observed as cefazolin concentration in the 

culture medium increased. For normal isolates without the locus 1417 adenine deletion, 

induction also led to a significant increase in ɓ-lactamase abundance compared to uninduced 

conditions. However, the level of ɓ-lactamase did not change significantly with higher 

concentrations of cefazolin. Notably, normal isolates with the adenine deletion did not show any 

change in ɓ-lactamase abundance regardless of cefazolin concentration. Each phenotype was 

tested with ten biological replicates. Statistical analysis was performed using two-way ANOVA, 

and bar graphs are shown as mean ± standard error of the mean (S.E.M); *P < 0.05; **P < 0.01; 

*** P < 0.001; **** P < 0.0001. 

4.3.8: Type A ɓ-lactamase-producing MSSA isolates of CC30 that carry an adenine deletion 

at locus 1417 of the bla operon exhibit normal (non-CzIE) phenotype  

To further confirm the association between the adenine deletion at locus 1417 of the bla operon 

and the non-CzIE phenotype, we sought to verify the phenotype of additional type A ɓ-lactamase-
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producing MSSA isolates of CC30. For this purpose, we expanded our analysis to the entire 

Calgary S. aureus BSI cohort, which includes 1008 MSSA isolates from CC30 with type A ɓ-

lactamase. Of these 1008, 144 isolates previously underwent phenotypic characterization, showing 

a distribution of 67% (96/144) with the CzIE phenotype, 12% (18/144) with the P. CzIE phenotype, 

and 21% (30/144) exhibiting the normal phenotype (Table 4.2). There are 864 additional isolates 

in the Calgary BSI cohort that have not been tested for the CzIE phenotype. Of these 864, 84 

isolates were identified as carrying the same adenine deletion (Figure 4.7A). Altogether, the 

Calgary BSI cohort includes 96 type A ɓ-lactamase-producing MSSA isolates from CC30 that 

carry the adenine deletion, of which 11 isolates display the normal phenotype and only one isolate 

presents the CzIE phenotype (Figure 4.7B). The frequency of this adenine deletion among type A 

ɓ-lactamase-producing MSSA isolates of CC30, collected in Calgary between 2006 and 2022, is 

estimated to be 10% on average over the 15-year period (Figure 4.7C). 

Table 4.2: Type A ɓ-lactamase-producing MSSA isolates of CC30 in the Calgary BSI cohort. 

The phenotype of 144 isolates was previously identified as CzIE, p. CzIE and normal. There are 

864 more MSSA isolates with unverified phenotypes. 

CzIE P. CzIE Normal Unverified phenotype Total 

96 18 30 864 1008 

144   
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Figure 4.7: Identification of type A ɓ-lactamase-producing MSSA isolates of CC30 that 

carry an adenine deletion at position 1417 of their bla operon. A) Number of type A ɓ-

lactamase-producing MSSA isolates of CC30, categorized by their verified or unverified 

phenotypes and whether they carry this specific mutation. This group comprises 84 isolates with 

unverified phenotypes that carry an adenine deletion at position 1417 of their bla operon. B) List 

of type A ɓ-lactamase-producing MSSA isolates of CC30 that carry this specific mutation. C) 

Frequency of this specific adenine deletion as well as type A ɓ-lactamase-producing MSSA 

isolates of CC30, collected from 2006 to 2022 in Calgary. The average frequency of this adenine 

deletion is 10% over a 15-year period. 

We conducted AST to verify the phenotype of 47 randomly selected MSSA isolates with 

unverified phenotypes. We measured Cefazolin MICs at both SI and HI concentrations (Methods; 
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Supplemental Figure 4.1) and used S. aureus TX0117, S. aureus ATCC 29213, and S. 

aureus ATCC 25923 as controls for the CzIE, normal without adenine deletion, and normal  with 

adenine deletion phenotypes, respectively [35]. Among these isolates, 44 (94%) exhibited normal 

phenotypes, while only three showed the CzIE phenotypes (Table 4.3). This result highlights a 

strong association between the adenine deletion at locus 1417 of the bla operon and normal (non-

CzIE) phenotype in type A ɓ-lactamase-producing MSSA isolates of CC30. 

Table 4.3: Determining the phenotype of type A ɓ-lactamase-producing MSSA isolates of 

CC30 with the adenine deletion and unverified phenotype using antibiotic susceptibility 

testing. 94% (44 out of 47) of these isolates exhibited normal phenotypes.  

Isolates with 

adenine deletion 

Antibiotic Susceptibility 

Testing (Cz) Verified 

phenotype 

Isolates with 

adenine deletion 

Antibiotic Susceptibility 

Testing (Cz) Verified 

phenotype NO

. 
BI_NBR 

MIC 

at SI 

MIC 

at HI  

MIC fold 

change 

NO

. 
BI_NBR 

MIC 

at SI 

MIC 

at HI  

MIC fold 

change 

48 ATCC 0.5 1 2 Normal 24 BI_15_0649 0.5 1 2 Normal 

1 BI_06_1703 0.5 1 2 Normal 25 BI_15_1061 0.5 1 2 Normal 

2 BI_06_1754 0.5 1 2 Normal 26 BI_15_3547 1 1 1 Normal 

3 BI_07_0140 2 2 1 Normal 27 BI_16_0789 0.5 1 2 Normal 

4 BI_07_0471 0.25 2 8 CzIE 28 BI_16_1336 0.5 1 2 Normal 

5 BI_07_1196 0.25 1 4 CzIE 29 BI_16_2674 0.5 1 2 Normal 

6 BI_08_0196 1 1 1 Normal 30 BI_18_1755 1 1 1 Normal 

7 BI_08_0723 1 2 2 Normal 31 BI_17_0909 2 2 1 Normal 

8 BI_08_1580 0.5 1 2 Normal 32 BI_17_1376 0.25 0.5 2 Normal 

9 BI_20_2026 0.5 1 2 Normal 33 BI_17_1446 0.5 1 2 Normal 

10 BI_10_0594 0.5 0.5 1 Normal 34 BI_17_2776 0.5 1 2 Normal 

11 BI_10_0838 0.25 0.5 2 Normal 35 BI_17_3434 0.5 1 2 Normal 

12 BI_10_1720 0.25 1 4 CzIE 36 BI_18_0288 0.5 0.5 1 Normal 

13 BI_11_0258 0.25 0.5 2 Normal 37 BI_18_1991 0.5 1 2 Normal 

14 BI_11_0793 1 1 1 Normal 38 BI_18_3605 0.25 0.5 2 Normal 

15 BI_11_1050 0.25 0.5 2 Normal 39 BI_19_0176 0.25 0.5 2 Normal 

16 BI_12_0246 0.5 1 2 Normal 40 BI_19_3024 0.5 0.5 1 Normal 

17 BI_12_1093 0.5 1 2 Normal 41 BI_20_0061 0.25 0.5 2 Normal 

18 BI_12_1133 1 1 1 Normal 42 BI_20_1940 0.25 0.5 2 Normal 

19 BI_13_1119 0.5 1 2 Normal 43 BI_20_3462 1 1 1 Normal 

20 BI_13_2619 0.5 1 2 Normal 44 BI_21_3003 0.5 1 2 Normal 

21 BI_13_3126 0.25 0.5 2 Normal 45 BI_22_0508 0.25 0.5 2 Normal 

22 BI_14_0469 0.25 0.5 2 Normal 46 BI_22_1502 0.125 0.25 2 Normal 

23 BI_14_0913 0.25 0.5 2 Normal 47 BI_16_1013 0.25 0.5 2 Normal 
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4.4: Discussion 

The findings of this study provide valuable insights into the molecular mechanisms underpinning 

the CzIE in MSSA isolates, particularly within the Calgary cohort. Our results are consistent with 

earlier studies that have highlighted the link between ɓ-lactamase production and the CzIE 

phenotype [35,36,43,199,204-207], though our data also extend this understanding by identifying 

a novel mutation linked to this phenomenon. 

CzIE is thought to be important but poorly understood phenotype affecting clinical traits of 

infections. Herein, we describe a large clinical cohort of CzIE isolates to better understand the 

molecular underpinnings and clinical significance of this effect. While other studies have 

demonstrated worse clinical outcomes linked to CzIE in patients with deep-seated infections 

[34,219-221] or bacteremia [32], we did not observe a significant difference in the outcome of 

these isolates compared to the normal isolates within our bacteremia cohort. This result may be 

attributed to treatment regimens and the usage of other antibiotics, such as daptomycin, which are 

not influenced by the IE [222]. Another topic of ongoing debate in the literature is the prevalence 

of CzIE among MSSA bacteremia isolates, with reported frequencies varying significantly across 

different regions [223]. It could be as low as 5.8% in Japan [224], to 18.6% in the United States 

[225], and as high as 54.5% in Argentina [32] in bacteremia samples. However, in this study, we 

estimate the average frequency to be 40%.  

This study has important implications for clinical microbiology. The AST performed in clinical 

settings typically uses SI concentrations, which may fail to detect the CzIE [202,203]. This failure 

was indeed observed in the Calgary BSI cohort, simply because all the MICs were calculated at 

the SI concentrations. However, when the Calgary CzIE cohort was specifically tested for this 
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phenotype, we observed significant differences in their sensitivity to antimicrobial treatment with 

cefazolin, and 40% of the isolates exhibited the CzIE. This study, therefore, highlights the need 

for clinical laboratories to consider testing MSSA isolates at both SI and HI concentrations, 

particularly for patients with high-risk infections where cefazolin is considered for treatment. Such 

adjustments could prevent cefazolin treatment failures and improve patient outcomes. 

To better understand the underpinnings of CzIE, we undertook a series of molecular analyses to 

identify mutations linked to this effect. As it has been established from previous studies, CzIE is 

dependent on the presence of the bla operon [35,36,43,199,204-207]. Not surprisingly, all of our 

isolates contain the bla operon. Moreover, we conducted a systematic analysis of ɓ-lactamase 

typing, showing that the majority of our isolates produced type A ɓ-lactamase. This result supports 

some reports [36,43,207,226,227] found in the literature but contradicts some other studies 

reporting type C ɓ-lactamase as the most prevalent type among their isolates [35,199,204-206]. 

Moreover, systematic phylogenetic analysis shows that type A ɓ-lactamase co-segregates with 

CC30 and Agr group III.  

We analyzed strains with and without CzIE within CC30 to better understand what differentiated 

these strains. We conducted GWAS and multi-sequence alignment and identified a deletion of 

adenine at locus 1714 of the bla operon, which differentiated CzIE isolates from 37% of normal 

isolates. This variant was surprisingly linked to the restoration of wildtype phenotype. We also 

showed that this variant not only affected MICs but also the expression of ɓ-lactamase. As shown 

by our proteomic analysis, isolates carrying this deletion exhibited a basal level of ɓ-lactamase 

activity that did not increase in response to cefazolin, suggesting that the functionality of the blaR1 

gene, which regulates ɓ-lactamase expression [208,209], may be impaired. This loss of inducibility 
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likely explains why these isolates do not exhibit the CzIE phenotype. However, future studies are 

needed to determine whether restoring this specific polymorphism could reestablish the CzIE 

phenotype. 

In addition, our GWAS revealed that while several genetic variants were initially linked to the 

CzIE phenotype across the Calgary cohort, only the mutation in blaR1 remained significant when 

focusing on the isolates of CC30. This suggests that accounting for population structure and 

genetic background plays a crucial role in identifying true causal mutations [228]. The fact that no 

significant variants were identified in the CC15 isolates supports the idea that different molecular 

mechanisms may lead to CzIE in different types of MSSA strains [42]. 

In summary, this study provides enough evidence to support that (i) CzIE is not linked to poorer 

outcomes in our cohort; (ii) the adenine deletion at locus 1714 of the bla operon of type A ɓ-

lactamase-producing MSSA isolates found in CC30 is significantly linked to normal (non-CzIE) 

phenotype; and (iii) this specific mutation, coupled with our proteomic data, suggests that loss of 

bla operon inducibility is a key factor in these normal isolates to not exhibit CzIE (Figure 4.1C). 

Future studies should aim to explore whether similar mechanisms are present in other clonal 

complexes and how this information can be translated into better clinical diagnostics and treatment 

strategies for MSSA infections. 

4.5: Methods 

4.5.1: Bacterial strains  

All the MSSA strains in this study are a subset of the Calgary BSI cohort, which has been described 

in detail in the Materials and Methods section of the paper found in Chapter 3 of this thesis. In 
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brief, the Calgary BSI cohort consists of 34000 bacterial isolates from blood cultures collected in 

Calgary between 2006 and 2020, including 7869 S. aureus isolates identified as either MRSA or 

MSSA. In this study, 493 MSSA isolates collected in 2012, 2013, 2014, and 2019 were tested for 

CzIE phenotype at Parkins lab and are referred to as the Calgary CzIE cohort.  

4.5.2: Cultivation and sample preparation for genomic assays 

In this study, cultivation and sample processing methods for the genomic assays are the same as 

the methods that have been described in the Materials and Methods section of the paper found in 

Chapter 3 of this thesis. In brief, liquid cultures were inoculated from cryo stocks, grown overnight 

at 37ęC with 5% CO2, and then frozen at ï80ęC until further processing. DNA extraction was 

performed using automated liquid handling, involving enzymatic digestion (using lysozyme, 

lyticase, and lysostaphin), removing RNAs and proteins (using RNase A and Proteinase K), 

magnetic bead-based purification, and final DNA elution. The DNA was quantified, normalized 

to 2 ng/µL, and stored at ï80ęC before being sent to the Broad Institute for sequencing and further 

processing.  

4.5.3: DNA sequencing and genomic analysis  

The methods for DNA sequencing and genomic analysis are described in greater detail in the 

Materials and Methods section of the paper found in Chapter 3 of this thesis. In brief, microbial 

genomes were sequenced at the Broad Institute using Illumina HiSeqX, generating 151x151 bp 

paired-end reads with an average coverage depth of 165x per genome. Libraries were prepared 

using the Nextera XT kit. Data were processed through an automated pipeline for assembly (using 

Unicycler v0.4.6 [184] with SPAdes v3.13.0 [185] and Pilon v1.23 correction [176]), taxonomic 

classification (Centrifuge 1.0.4_beta [187]), annotation (Prokka v1.14.6 [186]), identifying the 
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most closely related published references (StrainGE toolkit 1.3.1 [175]), gene clustering (MLST 

v2.15.1 (https://github.com/tseemann/mlst)), resistance elements (Ariba v2.14.5 [178]), genomic 

variants (Pilon v1.23 [176]), and Agr groups ( AgrVATE v1.0.2 [229]). A maximum likelihood 

phylogenetic tree was built using IQTree v2.0.6 [191] and visualized using the online tool 

Interactive Tree of Life (IToL). 

4.5.4: GWAS analysis 

In this study, GWAS analyses were performed using a pipeline developed by Dr. Tatum Mortimer 

for the Large Scale Applied Research Project (LSARP). Detailed instructions for running the 

pipeline and additional information are available at https://github.com/gradlab/lsarp_gwas. In 

brief, this pipeline integrates multiple software tools to generate a table of unitigsðunique 

sequences present in more than 1% but less than 99% of the input genomesðthat are significantly 

associated with a phenotype, while controlling for population structure. The core genome is 

identified using Roary v3.13 [230], which uses annotations from Prokka [186]. To assess the 

population structure of the dataset, a maximum likelihood phylogeny [189] is generated based on 

the core genome alignment. Genomic variations in the sample are summarized by identifying and 

counting unitigs using unitig-counter (https://github.com/johnlees/unitig-counter), which employs 

a compressed de Bruijn graph approach [231]. Genetic variants associated with the phenotype of 

interest are identified by running bacterial GWAS in pyseer v1.3.6 [232], with a linear mixed 

model (LMM) that controls for population structure using the similarity matrix generated from the 

phylogeny. The significance of unitigs is determined using a likelihood ratio test, with a 

Bonferroni-corrected P value threshold based on the number of the unique unitig presence/absence 

patterns. Unitigs are annotated by mapping to a panel of reference genomes representing the major 

https://github.com/tseemann/mlst)
https://github.com/gradlab/lsarp_gwas
https://github.com/johnlees/unitig-counter
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clades or CCs in the dataset. Finally, all unitigs are mapped to a single reference genome containing 

the gene content associated with the most significant unitigs for visualization (i.e. Manhattan 

plots).  

4.5.5: Extracting bla operon and multi-sequence alignment analysis  

The coordinates of the bla operon in the strain S. aureus UP_764 were identified by searching 

through the annotated GenBank file. A Python script (https://github.com/w1bw/biotools/fastaget) 

was employed to extract the bla operon sequence from this closely related reference for CC30. To 

define the bla operon coordinates for each strain of CC30, the extracted bla operon sequence from 

S. aureus UP_764 was used as a query in BLAST searches against the complete genomes of the 

CC30 strains (https://github.com/w1bw/biotools/blob/main/qblastn). This approach enabled the 

extraction of the bla operon sequences for all CC30 strains. Subsequently, the multi-sequence 

alignment of the bla operon sequences was generated using MUSCLE v5.1.1[233] and visualized 

with the NCBI Multiple Sequence Alignment Viewer v1.25.0. 

4.5.6: ɓ-lactamase typing 

The amino acid sequence of bla operon from the MSSA strains of CC30 were assessed using the 

GenBank files provided by Prokka 1.14.6 [186].  The multi-sequence alignment of the amino acid 

sequences was then visualized using the NCBI Multiple Sequence Alignment Viewer v1.25.0. 

Based on the specific amino acids at residues 119 and 207 of bla operon in the strain S. aureus 

UP_764 (Staphylococcus aureus strain UP_764 chromosome, complete genome - Nucleotide - 

NCBI (nih.gov)), these sequences were then categorized into four different types A, B, C, and D 

(Supplemental Figure 4.2) [211].  

https://github.com/w1bw/biotools/fastaget
https://github.com/w1bw/biotools/blob/main/qblastn
https://www.ncbi.nlm.nih.gov/nuccore/CP047793.1?from=235715&to=236560&strand=2
https://www.ncbi.nlm.nih.gov/nuccore/CP047793.1?from=235715&to=236560&strand=2
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4.5.7: Antibiotic susceptibility testing  

Cryo stocks were first revived on tryptic soy agar (TSA) plates and incubated overnight at 37°C 

with 5% CO2. Bacterial suspensions were prepared by diluting colonies from overnight culture 

plates in 0.85% NaCl solution (saline) to achieve a turbidity equivalent to McFarland standard 1, 

which corresponds to approximately 5x108 CFU/mL and an OD600 of 0.35ï0.40 as per CLSI 2009 

guidelines [234]. To ensure consistency, the OD600 of every fourth suspension was measured. 

These suspensions were also visually verified by performing serial dilutions followed by plate 

counts. Cefazolin stock solution was serially diluted in 100 µL of cation-adjusted BBLÊ Mueller-

Hinton (MHBII) (Becton Dickinson, CA90000-602) in a 96-well plate, with concentrations 

ranging from 64 to 0.125 µg/mL (Supplemental Figure 4.1). Rows 11 and 12 contained no 

antibiotic (MHBII only) as positive and negative growth controls, respectively. The antibiotic 

plates were then inoculated with 10µL of each bacterial suspension and incubated aerobically at 

37°C with 5% CO2 overnight. The turbidity of the samples was measured at OD600 using a 

spectrophotometer (VICTOR® NivoÊ Multimode Plate Reader, PerkinElmer). Absorbance 

values were interpreted using Microsoft Excel and the MIC values were determined at both SI 

(5x105 CFU/mL) and HI (5x107 CFU/mL). S. aureus TX0117 (a high-level producer of type A ɓ-

lactamase), S. aureus ATCC 29213 (a low-level producer of type A ɓ-lactamase), and S. 

aureus ATCC 25923 (a bla operon negative strain) were used as controls [35]. 

4.5.8: Cultivation and sample preparation for proteomic assays 

In a 96-well plate format (VWR, 47749-930), ten randomly selected MSSA strains from each 

phenotype (CzIE, normal without adenine deletion, and normal with adenine deletion) were 

cultured in MHBII (Becton Dickinson, CA90000-602) from cryo stocks and incubated overnight 
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aerobically at 37ęC with 5% CO2. The following day, the cultures were diluted to an optical density 

(OD600) of 0.1 in fresh culture media containing either no antibiotic or cefazolin at three different 

concentrations (0.125 µg/mL, 0.25 µg/mL, and 0.5 µg/mL). A monitor plate was prepared by 

aliquoting 200 µL of the cultures into a 96-well flat-bottom plate (VWR, 351172) to assess 

turbidity every hour using a spectrophotometer (Multiskan Go, Thermo Scientific). Once the 

average OD600 of a given treatment reached approximately 0.4, culturing for that treatment was 

terminated. The bacterial cultures were then transferred to a new 96-well plate and stored at ï80ęC 

for further processing. This approach allowed for terminating culture growth at different time 

points, as higher antibiotic concentrations slowed bacterial growth. 

The sample processing methods for the genomic assays are the same as the methods that have been 

described in the Materials and Methods section of the paper found in Chapter 3 of this thesis. In 

brief, the bacterial samples were lysed using ceramic beads and lysis buffer flowed by shaking. 

Peptide purification was performed via the single-pot, solid-phase-enhanced sample-preparation 

(SP3) method on an automated liquid handler, which involved using magnetic beads and an 

enzymatic trypsin digestion step. The peptides were quantified using a colorimetric peptide assay 

and then normalized to 0.25 µg/µL. QC peptides and a SuperMix sample were included as controls. 

The samples underwent isotopic labeling with Tandem Mass Tag 11, pooling, desalting, and 

subsequent drying. Finally, peptides were resuspended and subjected to nano-LC-MS analysis for 

detailed proteomic profiling. 
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4.5.9: nanoLC-MS with FAIMS  

The method to acquire proteomics data using nanoLC-MS with FAIMS is the same as the method 

that has been described in detail in the Materials and Methods section of the paper found in Chapter 

3 of this thesis.  

4.5.10: Data visualization and statistical analysis 

Data visualization was performed using GraphPad Prism (Version 10.2.3), which was also used 

for the statistical analysis. Kaplan-Meier survival analysis for the Calgary CzIE cohort was 

conducted using the log-rank (Mantel-Cox) test with a significance threshold of Ŭ < 0.05. 

Statistical analysis of genetic variants within the bla operon of CC30 isolates was performed using 

a chi-square test. Statistical analyses comparing the relative ɓ-lactamase abundance in multiple 

groups were completed using two-way ANOVA with a significance threshold of Ŭ < 0.05, and bar 

graphs are shown as mean ± standard error of the mean (S.E.M). The phylogenetic tree was 

visualized using the online tool Interactive Tree of Life (iToL). 

4.6: Statement of contribution 

M.M. and I.A.L. conceptualized, wrote, and edited the manuscript. K.D. and B.J.W. performed 

AST experiments to screen for isolates with CzIE phenotype within the Calgary CzIE cohort. M.M. 

and K.D. performed AST experiments to verify the phenotype of MSSA isolates with the 1417 

adenine deletion. M.M. and B.J.W. developed and performed multi-sequence alignment analysis. 

B.J.W. ran the genomic pipeline and provided genomic quality control metrics. A.W. provided 

compiled patient outcomes and M.M. analyzed the patient outcomes. M.E.V.T. processed and 

normalized proteomics data. M.H. collected mass spectrometry data. M.M. designed, performed 
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the proteomics experiments, and analyzed the data. T.D.M. designed the GWAS pipeline and 

M.M. designed, performed the GWAS analysis, and analyzed data. T.D.M. provided annotated 

genomic files, J.T.S. generated phylogenetic tree data, and M.M. analyzed the processed genomics 

data. Y.H.G., A.M.E., M.D.P., I.A.L., and other co-authors reviewed the manuscript and provided 

feedback. 

4.7: Supplemental Figures 

 
Supplemental Figure 4.1: Methodology for identifying isolates with the CzIE phenotype. 

A) Workflow outlining the process for measuring cefazolin MICs at both standard and high 

inoculum sizes. B) Layout of the antibiotic susceptibility testing plate. 
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Supplemental Figure 4.2: ɓ-lactamase typing. Multiple amino acid sequence alignment of 

different classes of ɓ-lactamase for isolates of CC30. Residues 119 and 207 correspond with the 

residues 128 and 216 shown in Table 4.1, respectively.  

4.8: Supplemental Tables 

Supplemental Table 4.1: Prevalence of different clonal complexes among CzIE, pronounced 

CzIE, and normal isolates. CC30 is the most prevalent CC among both CzIE and p. CzIE isolates. 

CC15 is the second most common CC among CzIE isolates.  

Clonal 

Complex 
CzIE P. CzIE Normal Total 

CC30 96 18 38 152 

CC15 19 1 35 55 

CC45 10 0 38 48 

CC1 8 0 20 28 

CC8 8 0 33 41 

CC5 6 1 50 57 

CC97 2 0 15 17 

CC121 0 0 6 6 

CC22 0 0 7 7 

NA 24 7 51 82 

Total 173 27 293 493 

 200   

Supplemental Table 4.2: Prevalence of different Agr types among CzIE, pronounced CzIE, 

and normal isolates. Agr group III is the most prevalent type among isolates with both CzIE and 

p. CzIE isolates, whereas group I, followed by group II, is most prevalent among normal isolates. 

Agr type CzIE P. CzIE Normal Total 

Group I 45 6 143 194 

Group II 26 2 94 122 

Group III 101 19 48 168 

Group IV 0 0 7 7 

Unknown 1 0 1 2 

Total 173 27 293 493 

 200   
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5.1: Abstract 

Microbes have diverse metabolic capabilities and differences in these phenotypes are critical for 

differentiating strains, species, and broader taxa of microorganisms. Recent advances in liquid 

chromatography-mass spectrometry (LC-MS) allow researchers to track the complex 

combinations of molecules that are taken up by each cell type and to quantify the rates that 

individual metabolites enter or exit the cells. This metabolomics based approach allows complex 

metabolic phenotypes to be captured in a single assay, enables computational models of microbial 

metabolism to be constructed, and can serve as a diagnostic approach for clinical microbiology. 

Unfortunately, metabolic phenotypes are directly affected by the molecular composition of the 

culture medium and many traditional media are subject to molecular-level heterogeneity. Herein, 

we show that commercially sourced Mueller Hinton (MH) medium, a Clinical and Laboratory 

Standards Institute (CLSI) approved medium for clinical microbiology, has significant lot-to-lot 

and supplier-to-supplier variability in the concentrations of individual nutrients. We show that this 

mailto:ian.lewis2@ucalgary.ca
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variability does not affect microbial growth rates but does affect the metabolic phenotypes 

observed in vitroðincluding metabolic phenotypes that distinguish six common pathogens. To 

address this, we used a combination of isotope-labelling, substrate exclusion, and nutritional 

supplementation experiments using Roswell Park Memorial Institute (RPMI) medium to identify 

the specific nutrients used by the microbes to produce diagnostic biomarkers, and to formulate a 

Biomarker Enrichment Medium (BEM) as an alternative to complex undefined media for 

metabolomics research, clinical diagnostics, antibiotic susceptibility testing, and other applications 

where the analysis of stable microbial metabolic phenotypes is important.   

5.2: Introduction  

Microbial phenotypes are dictated not only by their inherent metabolic capabilities (dictated by 

genes and protein expression), but also by their nutritional environment. The effect of medium 

composition on biological phenotypes (i.e. growth rates and biomass [235-240]), and bioproduct 

yields (i.e. exopolysaccharides, proteins, biofuels [241-246]) is well documented. Nutritional 

availability can not only affect cell growth but can direct metabolism towards the production of 

certain bioproducts.  

Significant biological insights can be gained by quantifying the rates at which molecules are 

consumed and secreted by cells [247]. These boundary fluxes can be used to systematically screen 

isolates for auxotrophies [248,249], construct computational networks to understand cellular 

metabolism and nutrient-product relationships [250,251], optimize bioproduct yields and rates 

[252,253], and differentiate species and antimicrobial susceptibilities for diagnostics [254]. With 

the evolution of high-resolution liquid chromatography-mass spectrometry (LC-MS), there has 

been an increasing emphasis on capturing a broad range of molecular targets for boundary flux 



135 

 

analysis. These new approaches now capture a large transect in central carbon metabolism, 

allowing us to better understand intracellular metabolomic phenotypes.  

One of the challenges in quantifying metabolic boundary fluxes is that microbial phenotypes are 

sensitive to medium composition. These minor variations in nutrients can dramatically affect the 

metabolic phenotype observed in vitro [255,256]. This is particularly problematic when microbial 

phenotypes are being used for diagnostic purposes that require reproduceable quantification of 

limited biomarker sets. This reproducibility can be impacted when using complex medium. While 

the production of complex medium is well standardized by suppliers, it does contain many 

chemical species in unknown proportions derived from biological sources (i.e. yeast or beef 

extract, casein hydrolysate, etc.). Although the bulk composition of these media with respect to 

lipids, proteins, and nutrients is stable enough to maintain consistent growth, the specific 

concentrations of nutrients present in these media are not well controlled.  

Herein, we show that commercially sourced Mueller Hinton (MH) medium, a CLSI approved 

medium for clinical microbiology, has significant lot-to-lot and supplier-to-supplier variability in 

the concentrations of individual nutrients. To demonstrate that this variability directly translates 

into instability in metabolic phenotypes, we employed a previously published metabolic preference 

assay (MPA) that is capable of differentiating common bloodstream pathogens and testing their 

antibiotic susceptibility in vitro following a short 4 hour incubation [254]. Specifically, as little as 

six biomarkers including arabitol, urocanate, succinate, xanthine, mevalonate and N1,N12-

diacetylspermine can differentiate six common bloodstream pathogens (Candida albicans, 

Klebsiella pneumoniae, Escherichia coli, Pseudomonas aeruginosa, Staphylococcus aureus, and 

Enterococcus faecalis). While variability in metabolomic phenotypes on different lots of media 
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was encountered during the rapid clinical assay for bloodstream infections (BSI), this is a 

generalized problem in any metabolomic assay that seeks to collect metabolomic phenotypes using 

a boundary flux approach. To address this, we developed a defined, complex medium, derived 

from nutrient-rich Roswell Park Memorial Institute (RPMI) medium, that supports the growth of 

pathogens, restores the metabolic biomarkers used to differentiate six common bloodstream 

infection species, and allows for antibiotic susceptibility testing (AST). Using a combination of 

isotope-labelling, substrate exclusion, and nutritional supplementation experiments, we identified 

the specific nutrients used by the microbes in the production of these biomarkers, as well as the 

minimal complement of nutrients needed to support their growth in vitro. We propose this newly 

formulated Biomarker Enrichment Medium (BEM) as an alternative to complex undefined media 

for metabolomics research, clinical diagnostics, and other applications where the analysis of stable 

microbial metabolic phenotypes is important. 

5.3: Results 

5.3.1: Batches of Mueller Hinton medium differ in nutritional composition   

To assess variability in MH medium, non-cation adjusted MH medium (MH I) and cation adjusted 

MH medium (MH II), from two different suppliers (BD and Fluka Analytical; See Materials and 

Methods), was analyzed using untargeted ultra high-pressure liquid chromatography-mass 

spectrometry (UHPLC-MS).  One way ANOVA identified variability in 359 features when using 

the stringent cut-offs (P <1×10-5) between the 8 batches of MH medium tested (Figure 5.1A).  

Even lot-to-lot variability of both MH I and MH II was observed from the same suppliers. Targeted 

UHPLC-MS analysis identified variability in concentrations of many common microbial nutrients, 

including various amino acids, nucleotides, and sugars (Figure 5.1B). This lot-to-lot nutritional 
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variability was unsurprising given that MH medium is composed of undefined components 

including beef extract and casein hydrolysate. 
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Figure 5.1: Mass spectrometry analysis of different lots and suppliers of Mueller Hinton (MH 

I) and cation adjusted Mueller Hinton (MH II) medium.  A) Untargeted analysis identified 

significant differences (P <1×10-5) in 359 features were observed in at least one lot of medium (n 

= 3). B) Targeted UHPLC-MS analysis identified variability in concentrations of many common 

microbial nutrients, including various amino acids, nucleotides, and sugars. Signal intensities are 

shown as z-scores (i.e. mean centered, variance stabilized signal intensities). 

5.3.2: Differences in metabolomic phenotypes are observed on different batches of medium 

To determine if this nutritional variability affects microbial metabolic boundary fluxes, six 

prevalent pathogens responsible for BSIs (Candida albicans, CA; Klebsiella pneumoniae, KP; 

Escherichia coli, EC; Pseudomonas aeruginosa, PA; Staphylococcus aureus, SA; and 

Enterococcus faecalis, EF) were incubated for 4 hours on each lot of MH medium and previously 

identified biomarkers used to differentiate these species were measured by targeted UHPLC-MS 

(Figure 5.2) [254]. In some cases, the production of biomarkers in inoculated versus non-

inoculated medium was sufficient to differentiate these pathogens in all batches of medium. These 

include arabitol production by CA, succinate production by EC and KP. However, batch-

dependent variability was also observed in many cases where species-specific biomarker 

production did not exceed that of MH non-inoculated controls. This was true for (i) mevalonate 

production in Fluka Lot 2 for SA and EF, (ii) xanthine production in BD Lot 3 and Fluka Lots 1 

and 2 for PA, and (iii) nicotinate production in BD Lot 3 and Fluka Lots 1 and 2 for EC, KP, PA, 

SA, and EF.  Notably, non-inoculated MH control nicotinate levels were much higher in Fluka Lot 

1 than in all other lots. This was also true for citrulline in BD Lot 1. Lastly, the concentration of 

the unassigned marker with m/z 134.0166 was negligible in BD Lot 3 and Fluka Lots 1 and 2, and 
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thus consumption by CA, EC, KP, PA, and EF was not observed in these lots. Given that all 

samples were incubated on the same day and analyzed on the MS concurrently, we can rule out 

that this variance is due to differences in processing or MS response factors. These discrepancies 

in lot-to-lot biomarker changes demonstrate the need for the use of a more standardized medium 

to ensure consistency when performing metabolomic studies.  
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Figure 5.2: Differential biomarker production used to differentiate the six common species 

responsible for bloodstream infections incubated in different batches of MH medium. 

Three of the eight batches studies (BD Lot 3, and Fluka Lots 1 and 2) showed greatest 

inconsistencies with regards to species-specific production of xanthine, nicotinate, and 

mevalonate (Fluka Lot 2 only), and initial medium levels of unassigned marker with m/z 

134.0166. Key biomarkers that are affected by certain lots of media have been highlighted in 

red boxes. Mueller Hinton medium, MH; Candida albicans, CA; Klebsiella pneumoniae, KP; 

Escherichia coli, EC; Pseudomonas aeruginosa, PA; Staphylococcus aureus, SA; and 

Enterococcus faecalis, EF. Data represents n = 9 biological replicates. 

5.3.3: Biomarker production levels are lower on defined RPMI versus MH 

Using a defined medium that is not subject to potential variations in beef or casein sources, or 

downstream production steps is critical for inter-laboratory standardization. We therefore 

substituted the MH medium with nutrient-rich defined RPMI medium (Supplemental Table 5.1) 

to evaluate growth and biomarker production of the six prevalent BSI pathogens tested above. 

Unsurprisingly, the levels of key nutrients were different between MH medium (BD Lot 1) and 

RPMI (Supplemental Figure 5.1). Notably, levels of most amino acids, with the exception of 

glutamine, asparagine, and cysteine, were higher in MH versus RPMI, whereas glucose and select 

vitamins were higher in RPMI. While all six microorganisms tested grew on both media, growth 

was generally poorer on RMPI when compared to MH (Supplemental Figure 5.2). Furthermore, 

while most production biomarkers (i.e. arabitol, succinate, xanthine, mevalonate, citrulline, and 

nicotinate) were still suitable for species differentiation on RPMI, levels of succinate, xanthine, 

citrulline, and nicotinate were on average 7.5-fold lower when the respective species that produced 
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these markers were grown on RPMI (Figure 5.3). These decreased levels in key biomarkers can 

have significant impacts on diagnostic accuracy when performing MS/MS fragmentation using 

less sensitive clinical triple quadrupole mass spectrometers [257]. Moreover, production of N1,N12-

diacetylspermineðused for identification of EFðwas so low on RPMI that it did not meet 

diagnostic thresholds. The limited production of key biomarkers in RPMI warranted further 

investigation to identify which medium precursors are responsible for their production in order to 

potentially improve their levels. 
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Figure 5.3: Differential biomarker production of pathogens incubated in MH versus RPMI 

medium. While most production biomarkers were observed on MH and RPMI, levels of succinate, 
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xanthine, citrulline, and nicotinate were significantly lower on RPMI, and N1,N12-

diacetylspermine production on RPMI did not meet diagnostic thresholds. Key biomarkers that are 

affected by medium have been highlighted in red boxes. Mueller Hinton medium, MH; Roswell 

Park Memorial Institute medium, RPMI; Candida albicans, CA; Klebsiella pneumoniae, KP; 

Escherichia coli, EC; Pseudomonas aeruginosa, PA; Staphylococcus aureus, SA; and 

Enterococcus faecalis, EF. Data are presented as mean values +/- SD of n = 4 replicates.  

5.3.4: [U-13C]glucose is not a precursor for many biomarkers 

To determine if key biomarkers are coming from glucose or other medium components, glucose-

free RPMI was supplemented with uniformly labeled [U-13C]glucose. The 13C isotope labeling 

patterns of top diagnostic biomarkers (excluding N1,N12-diacetylspermine) were analyzed using 

UHPLC-MS (Figure 5.4). Surprisingly, fully unlabeled isotopologues were minimal for arabitol 

(80% fully 13C labeled, and 20% fully unlabeled) and negligible for mevalonate (62% fully 13C 

labeled and 30% 13C4 labeled), implying that glucose is the primary precursor for these two 

biomarkers. Succinate was 45% 13C3 labeled and 49% fully unlabeled. This indicates that a portion 

of succinate is derived from glucose flowing into the TCA cycle, while the remainder is derived 

from other precursors. Urocanate, xanthine, citrulline, and nicotinate were fully unlabeled, and 

thus must be derived from other carbon sources present in the medium.  
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Figure 5.4: 13C isotope labeling patterns of top diagnostic biomarkers when isolates were 

grown on RPMI supplemented with [U-13C]glucose. Labeling patterns show that glucose is the 

primary precursor for arabitol and mevalonate, and partially responsible for succinate production. 

Urocanate, xanthine, citrulline, and nicotinate are fully unlabeled, and thus must be derived from 

other carbon sources present in the medium. Roswell Park Memorial Institute medium (RPMI); 
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Candida albicans, CA; Klebsiella pneumoniae, KP; Escherichia coli, EC; Pseudomonas 

aeruginosa, PA; Staphylococcus aureus, SA; and Enterococcus faecalis, EF. Data are presented 

as mean values +/- SD of total signal of n = 3 replicates. 

5.3.5: Biomarkers were eliminated when precursors were excluded  

To identify likely precursors for biomarkers that did not predominantly come from glucose (i.e. 

citrulline, xanthine, nicotinate, and succinate) we excluded the individual amino acids and other 

putative precursors found in RPMI and assessed the effect on these four biomarkers.  We took a 

two-pronged approach for these experiments: we both randomly screened individual exclusion of 

the majority of amino acids found in RPMI, and investigated pathways that could provide insights 

into which substrates could be contributing to biomarker production [258,259]. While it was 

difficult to identify which precursors could be partially responsible for the additional succinate 

production, precursors for other biomarkers could be deduced from metabolic pathways. For 

example, xanthine could potentially be derived from hypoxanthineða component of RPMIðvia 

xanthine oxidase (EC:1.17.3.2) which is present in the adenine dinucleotide salvage pathway 

[260]. Citrulline has been proposed to be formed from arginine via nitric-oxide synthase 

(EC:1.14.13.39) or indirectly via the urea cycle [261]. Nicotinate could be derived from 

nicotinamide, also present in RPMI, via nicotinamidase (EC:3.5.1.19) present in the nicotinamide 

adenine dinucleotide salvage pathway [262]. Indeed, exclusion of hypoxanthine in PA cultures, 

arginine in EF cultures, and nicotinamide in EC (and other) cultures eliminated production of 

citrulline, xanthine, and nicotinate, respectively (Figure 5.5A). Notably, exclusion of pyridoxine, 

a known co-enzyme used in aminotransferase reactions [263,264] in EC cultures also eliminated 

nicotinate production.  Lastly, screening of amino acid exclusions revealed that exclusion of both 
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glutamine and lysine decreased succinate production in EC cultures. Given that N1,N12-

diacetylspermine  production was negligible in RPMI for EF cultures, we suspected that the 

precursor for this biomarker may be absent in RPMI.  Through pathway analysis, we hypothesized 

that spermine supplementation could restore N1,N12-diacetylspermine secretion in EF cultures 

[265]. Indeed, supplementation of RPMI with spermine not only restored N1,N12-diacetylspermine 

production by EF, but also resulted in N1,N12-diacetylspermine  production in EC and KP cultures 

(Figure 5.5B).  

 

Figure 5.5: RPMI precursor exclusion (A) and supplementation (B) results. Exclusion of 

hypoxanthine (Hpx), arginine (Arg), and nicotinamide (Nam) or pyridoxine (Pn) in RPMI 

eliminated species-specific production of xanthine, citrulline, and nicotinate, respectively, while 

exclusion of glutamine (Gln) and lysine (Lys) decreased EC succinate production. 

Supplementation of RPMI with spermine restored N1,N12-diacetylspermine  (N1,N12-DAS) 

production. Roswell Park Memorial Institute medium, RPMI; Pseudomonas aeruginosa, PA; 

Enterococcus faecalis, EF; Escherichia coli, EC. Data are presented as mean values +/- SD of n = 

3 replicates. 

 



147 

 

5.3.6: Non-glucose biomarker precursors were confirmed using labeled precursors 

To further confirm species-specific biomarker precursors identified in precursor exclusion 

experiments, unlabeled precursors were substituted with labeled analogs in RPMI medium (Figure 

5.6). Resulting species-specific xanthine, citrulline, nicotinate, and N1,N12-diacetylspermine  were 

all >95% labeled when labeled substrates were used. Specifically, reduction of uniformly labeled 

hypoxanthine-13C5 in PA cultures resulted in uniformly labeled xanthine-13C5. Deamination of 

arginine (Guanido-15N2) in EF cultures resulted in citrulline-15N1. Substitution of the terminal 

amine with a hydroxide of nicotinamide-2,6,7-13C3-(pyridyl-15N) resulted in nicotinate-2,6,7-13C3-

(pyridyl-15N). This data suggests that hypoxanthine, arginine, and nicotinamide are direct medium 

precursors for xanthine, citrulline, and nicotinate, respectively. Similarly, deacetylation of 

spermine-(butyl-d8) tetrahydrochloride resulted in N1,N12-diacetylspermine  (butyl-d8). Succinate 

produced by EC cultured in RPMI with unlabeled glucose and uniformly labeled L-glutamine-13C5 

was 80% fully 12C labeled and 15% fully 13C4 labeled. This result confirms that succinate is mostly 

synthesized from glucose, although glutamine partially contributes to its production as well.  
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Figure 5.6: Labeling patterns of top diagnostic biomarkers when isolates were grown on 

RPMI supplemented with putative precursors. Species-specific xanthine, citrulline, nicotinate, 
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and N1,N12-diacetylspermine  were all >95% labeled when labeled substrates were used, 

demonstrating that that hypoxanthine, arginine, nicotinamide, and spermine are direct medium 

precursors for xanthine, citrulline, nicotinate, and N1,N12-diacetylspermine. EC cultured in RPMI 

with unlabeled glucose and uniformly labeled L-glutamine-13C5 was 80% fully 12C labeled and 

15% fully 13C4 labeled, demonstrating that it is mostly synthesized from glucose, although 

glutamine partially contributes to its production as well. Hypoxanthine, Hpx; arginine, Arg; 

nicotinamide, Nam; glutamine, Gln; spermine, Spr; Pseudomonas aeruginosa, PA; Enterococcus 

faecalis, EF; Escherichia coli, EC. Data are presented as mean values +/- SD of n = 3 replicates. 

5.3.7: Chemically defined Biomarker Enrichment Medium (BEM) restored pathogen 

metabolic phenotypes to those that were originally observed in Mueller Hinton  

Our ultimate objective was to develop a reproducible defined medium allowing for pathogen 

growth and that enabled the production of the key biomarkers originally observable in MH medium 

[254]. Using defined RPMI as our basal medium, and integrating the additional precursors needed 

for select biomarkers, we developed a modified, defined Biomarker Enrichment Medium (BEM; 

Supplemental Table 5.2). A number of critical modifications were made to RPMI to generate BEM 

(See Supplemental Table 5.2 for all modifications). (1) Medium was supplemented with additional 

amino acids that were found in MH and not present in RPMI. (2) Concentrations of many amino 

acids were increased to more closely resemble those found in MH medium. (3) Trace metals and 

nucleosides were also added to potentially promote growth of a wider array of species. (4) Catalase 

was added to promote the viability of species that produce hydrogen peroxide (ex. Streptococcus 

pneumoniae). (5) Albumax (a lipid-rich bovine serum albumin formulation), which is commonly 

added to RPMI as a substitute for human serum, was eliminated to ensure that BEM is fully 
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defined. (6) While sucrose was added in addition to glucose, concentrations of total sugars was 

kept low (i.e. 5-fold hexose equivalents lower than original RPMI) to promote metabolism of 

amino acids and other components during the short, 4 hour incubation period. (7) BEM was 

supplemented with spermine and concentrations of other identified precursors (with the exception 

of nicotinamide) were increased.  

Our final BEM medium sustained growth of all six pathogen tested (n = 3). While growth of EC, 

KP, and SA was best on MH, potentially due to a richer nutrient composition, growth of these 

species was comparable on RPMI and BEM (Supplemental Figure 5.2). CA and EF grew similarly 

on all three media (except one EF isolate on MH), while PA grew well on MH and BEM, but not 

on RPMI. More importantly, our defined BEM produced the necessary diagnostic biomarkers 

originally identified in MH medium (Figure 5.7). While strictly glucose-derived biomarkers 

(arabitol and mevalonate) were lower on BEM than MH and RPMI (1.3 and 3.3-fold lower for CA 

arabitol production and 2.6 and 2.0-fold lower for SA/EF mevalonate production, respectively), 

they were still significantly higher than the signals from other cultures (Ó7.0-fold higher for 

arabitol and Ó16.4-fold higher for mevalonate), and thus had sufficient diagnostic power. EC and 

KP succinate production was comparable to MH and 2.2 to 3.5-fold higher than that observed in 

RPMI, potentially due to higher glutamine and lysine concentrations. Nicotinate production by 

EC, KP, PA, SA, and EF was almost identical to that of RPMI, which was unsurprising, given that 

nicotinamide concentrations were the same in both media. While EF citrulline concentrations were 

3.9-fold lower in BEM when compared to MH, increasing arginine concentrations increased 

citrulline concentrations by 2.2-fold when compared to RPMI. Most importantly, supplementation 

of hypoxanthine in BEM increased PA xanthine levels by 33 and 467-fold when compared to MH 

and RPMI, respectively. Similarly, addition of spermine restored N1,N12-diacetylspermine  
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production by EF, production that was almost absent in RPMI.  Notably, addition of spermine also 

resulted in N1,N12-diacetylspermine production by EC and KP. However, EF can still be 

differentiated from EC and KP by the absence of succinate production. 
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Figure 5.7: Differential biomarker production of pathogens incubated in MH versus defined 

BEM medium. Metabolic phenotypes of MH were reproduced in BEM. Notably, supplementation 

of hypoxanthine in BEM improved PA xanthine levels and addition of spermine resulted in 

improved N1,N12-diacetylspermine  production by EF, as well as EC and KP. Key biomarkers that 

are affected by medium have been highlighted in red boxes. Mueller Hinton medium, MH; 

Biomarker Enrichment Medium, BEM; Candida albicans, CA; Klebsiella pneumoniae, KP; 

Escherichia coli, EC; Pseudomonas aeruginosa, PA; Staphylococcus aureus, SA; and 

Enterococcus faecalis, EF. Data are presented as mean values +/- SD of n=3 replicates. 

5.3.8: Biomarker patterns for antibiotic susceptibility testing using BEM and clinically 

approved MH medium are comparable 

To ensure that BEM is suitable for antibiotic susceptibility testing (AST), we measured the 

metabolic inhibition of select biomarkers in response to commonly prescribed antibiotics on 

bacterial isolates with known microdilution or Vitek2 AST profiles using a rapid MS/MS assay 

(see Methods; Figure 5.8). Inhibition of succinate production, adenine consumption, glucose 

consumption, and lactate production were used to assess antibiotic efficacy on EC and KP, PA, 

SA, and EF, respectively, on both BEM and CLSI approved MH II. For EC, KP, PA, and SA, 

inhibition of biomarker production/consumption not only identified sensitive (grey bars) and 

resistant strains (red bars) accurately in agreement with microbroth dilution methods (or Vitek2 

for SA) in both media, but changes in biomarker levels in both media were comparable. 

Furthermore, sensitive versus resistant threshold cutoffs (dashed red lines) for these species could 

be set at identical levels when species are incubated on either BEM or MH II. Some discrepancies 

between metabolic inhibition assay (MIA) results and Vitek2 results were observed for EF. 
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Specifically, the MIA on MH II identified EF as sensitive to 8 µg/mL of benzylpenicillin and 32 

µg/mL of vancomycin, contradicting Vitek2 results. Similarly, the MIA on BEM identified EF as 

resistant to 8 µg/mL of ampicillin and sensitive to 32 µg/mL of vancomycin in contradiction to 

Vitek2 results. Minor adjustments in cation levels may address these discrepancies. However, one 

serial dilution differences between platforms are generally acceptable by regulatory bodies [266]. 

Ideally, MIA results should be compared to microbroth dilution results. While identical sensitive 

versus resistant threshold cutoffs could be used for most species on both media, these thresholds 

needed to be re-calibrated for each medium with respect to lactate production levels for EF. This 

may be attributed to small changes in growth and/or metabolism on each medium for EF. 

Nevertheless, we show here that BEM is not only effective at identifying species based on 

metabolic patterns, but also that it can be effectively used to differentiate sensitive versus resistant 

strains based on metabolic inhibition profiles of select metabolites and that these profiles are 

comparable to those of MH II medium. 



154 

 

 
Figure 5.8: Antibiotic susceptibility validation on BEM and MH II using metabolic inhibition 

profiles. Metabolic inhibition of select biomarkers in response to antibiotics were tested on 














































































