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Abstract 

Municipal wastewater (MW) contains human enteric microorganisms: this includes 

normal gut flora and as pathogens from infected persons. These pathogens can include bacteria 

and viruses, as well as microorganisms from other domains. From a civil engineering 

perspective, these microorganisms normally present a public health threat which must be 

removed or inactivated during wastewater treatment. However, they can also represent a rich 

source of information about community health: this collective microbiome can be monitored for 

disease patterns, and used to inform public health interventions and policies. Traditional clinical 

surveillance methods underestimate community enteric disease burden; for salmonellosis, it is 

often assumed that the true number of infected persons is approximately 30 times the clinically 

reported rate. Municipal wastewater infectious disease surveillance may provide a less-biased 

option for public health monitoring.  

The overall objective of this dissertation was to use municipal water surveillance to 

elucidate community salmonellosis trends in Honolulu, Hawaii. Whole genome sequencing 

(WGS) was conducted on Salmonella isolates (n = 272) collected in weekly 24-hour composite 

samples from Sand Island Wastewater Treatment Plant in a yearlong monitoring campaign from 

2010-2011. First, comparative genomics approaches were used to identify a salmonellosis 

outbreak which was previously missed by public health clinics in Honolulu: this demonstrates 

the sensitivity of MW surveillance for clinically relevant infections. Second, subclinical 

salmonellosis trends were examined, as an abundant strain of Salmonella in MW was found in 

low frequencies in health clinics (S. Derby). This strain was a previously under-reported 

sequence type of Derby, which exhibits low virulence potential but an increased ability to 

establish infections than most Derby strains, allowing it to maintain persistence in the 
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community. Third, the antibiotic resistance gene (ARG) profiles of MW Salmonella was 

compared with clinical nontyphoidal salmonellosis ARG patterns: MW isolates reflect a subset 

of the clinical ARG diversity, with ARG rates appearing lower in MW than in clinical isolates. 

However, MW ARG patterns correspond with the prevalent serovars, and may be indicative of 

the Salmonella resistome for asymptomatic or minor infections.   

Taken together, the results of this dissertation demonstrate that MW surveillance can 

discern relevant public health trends which are inaccessible using traditional clinical monitoring 

approaches.  
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Chapter 1: Introduction 

 

1.1 Overview 

The introduction chapter provides an overview of enteric illnesses – particularly 

Salmonella – and their impact on public health. Genetic methods of Salmonella analysis are 

reviewed, as well as conventional public health approaches for outbreak identification. The 

concept of wastewater-based epidemiology is introduced, and monitoring for Salmonella is 

contextualized with previous research and current comparative genomics tools.  

1.2 Enteric Illness 

1.2.1 Enteric illness and its disease burden 

Enteric illnesses are broadly defined as any disease which is acquired through the 

gastrointestinal tract. In most cases, pathogens which cause enteric illness in humans thrive in the 

environmental niche of mammalian guts and are transmitted through the feces of infected 

individuals. Enteric illnesses spread through the fecal-oral route: practically, this means the 

ingestion of contaminated food or water, contact with infected animals or their environment 

(such as barns), or contact with contaminated feces (human or otherwise) (CDC, 2018). Enteric 

illnesses are normally characterized by diarrhea, vomiting, nausea and stomach ache; symptoms 

can worsen if the infection spreads beyond the gastrointestinal tract or if adequate hydration is 

not provided, and long term developmental effects can occur in infected children (Gal-Mor, 

2019; Kirk et al., 2015; Petri et al., 2008).   

Microbial pathogens are associated with a mortality rate of 45.6 per 100,000 people in the 

U.S.(Hansen, Oren, Dennis, & Brown, 2016), and nearly eight million deaths globally (GBD 
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2016 Causes of Death Collaborators, 2017) on an annual basis. Major foodborne pathogens 

implicated in outbreaks cause the loss of 61,000 quality-adjusted life years and $14.0 billion 

dollars annually in the U.S. alone due to medical costs, loss of productivity, and loss of life 

(Hoffmann, Batz, & Morris, 2012). On a large scale, disability adjusted life years (DALYs) are 

used to determine the years of life lost to disability due to fatal conditions and non-fatal 

conditions leading to injury/disease: for diarrheal diseases, the approximate worldwide DALY is 

~100 million, and this underestimates the long-term impacts of childhood diarrheal disease 

(Guerrant, Kosek, Lima, Lorntz, & Guyatt, 2002).   

 Among bacterial enteric pathogens, Salmonella is one of the most common causes of 

gastroenteritis (particularly in cases of foodborne illness): worldwide, it is estimated that 93.8 

million cases of salmonellosis occur yearly (Majowicz et al., 2010). Within the United States, the 

CDC estimates that every year, Salmonella causes approximately 1.35 million illnesses, 26,500 

hospitalizations and over 400 deaths (CDC, 2019a).  

1.2.2 Salmonella 

1.2.2.1 Characteristics and nomenclature 

Salmonella is a genus in the family Enterobacteriaceae, from the class 

Gammaproteobacteria: they are rod-shaped, flagellate, Gram-negative, facultative anaerobic 

bacteria (Feasey, Dougan, Kingsley, Heyderman, & Gordon, 2012; Knodler & Elfenbein, 2019). 

There are two species in the genus: Salmonella enterica and Salmonella bongori (Reeves, Evins, 

Heiba, Plikaytis, & Farmer, 1989). However, the vast majority of clinically important strains 

belong to the species Salmonella enterica, and are specifically found in one of its six subspecies: 

Salmonella enterica subsp. enterica (often simply referred to as S. enterica); the other “non-

enterica” subspecies tend to infect cold-blooded animals with only sporadic human infection and 
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have low overall pathogenicity (Brenner, Villar, Angulo, Tauxe, & Swaminathan, 2000; Lamas 

et al., 2018). Strains are further classified into serotypes or serovars: this categorization is based 

on the presence/absence of surface antigens and the fermentative capacity of the strain, i.e. 

whether it is capable of fermenting specific compounds (Grimont & Weill, 2007). There are over 

1500 serovars identified in the subspecies Salmonella enterica subsp. enterica (Grimont & Weill, 

2007). Serovars may be referred to by their White-Kauffman-Le Minor scheme which classifies 

the type of cell wall (or somatic, O), flagellar (H) and Vi antigens: the latter is only found in 

Typhi and select other serovars (Felix & Pitt, 1936; Madigan, Martinko, Dunlap, & Clark, 2009). 

In practice, serovars are more commonly called by names which describe either their symptoms 

or form of infection (i.e. Typhimurium, Arbortusbovis, Choleraesuis) or the original location of 

isolates (i.e. Newport, Dublin, Montevideo) (Brenner et al., 2000; Grimont & Weill, 2007). 

Host specificity tends to vary depending on serovar: generally, a Salmonella serovar will 

be strongly host-adapted and cause serious systemic illness, or will be host-generalist and 

capable of infecting a broad range of hosts, but normally with decreased virulence (Sanderson & 

Nair, 2013). Some key examples: Typhi and Paratyphi A (serovars which cause typhoid and 

paratyphoid fever, respectively) are host-adapted for humans, whereas Typhimurium and 

Enteritidis are generalist serovars. Another note is that while some serovars originate from 

common ancestors (and thus have consistent characteristics between isolates), many have 

diverging evolutionary paths to the same antigenic expression (Achtman et al., 2012): these 

serovars are referred to as polyphyletic and may therefore exhibit variable infectivity 

characteristics (Litrup et al., 2010).  
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1.2.2.2 Disease symptoms and mechanisms 

Infections caused by Salmonella fall into two broad categories, depending on the serovar 

causing the illness: typhoid (or enteric) fever and nontyphoidal salmonellosis (NTS) (Madigan et 

al., 2009). Typhoid fever is caused by S. Typhi; paratyphoid fever, which causes a similar illness, 

is linked with S. Paratyphi A (and to a lesser extent, Paratyphi C and B) (Bhan, Bahl, & 

Bhatnagar, 2005).  

Typhoid fever is a systemic infection and symptoms include sustained fever, headache, 

and malaise; in many cases, there are no gastrointestinal effects (Mintz, Slayton, & Walters, 

2015). While it can be spread person-to-person, its most important transmission method is 

through contaminated water. Typhoid is one of the most important waterborne diseases; due to 

widespread water and wastewater treatment, its prevalence has been nearly eliminated from 

developed countries (aside from travel-related infections), but it is still a major cause of diarrheal 

disease in the Global South (Madigan et al., 2009). S. Typhi and Paratyphi A are strongly host-

adapted to humans, while S. Paratyphi B and C present in a range of organisms (Sanderson, Liu, 

Tang, & Johnston, 2014). Untreated, typhoid fever can have mortality rates of up to 15% 

(Madigan et al., 2009). Long term asymptomatic carriage of S. Typhi has been well described, 

starting from the infamous case of “Typhoid Mary” Mallon in the early 1900s (Marineli, 

Tsoucalas, Karamanou, & Androutsos, 2013). Approximately 3-5% of those infected with 

typhoid fever will develop a chronic infection, generally on biofilms in the gall bladder 

(potentially on gallstones); 25% of these chronic carriers are asymptomatic (Gonzalez-Escobedo, 

Marshall, & Gunn, 2011), but may still shed infectious S. Typhi in feces periodically (Gopinath, 

Carden, & Monack, 2012; Gunn et al., 2014; Näsström et al., 2018). Typhoid fever may be 

treated with a range of antibiotics, including fluoroquinolones (like ciprofloxacin), ceftriaxone (a 
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cephalosporin), and chloramphenicol; however, antibiotic resistance is increasing for these drug 

classes, and drug-resistant S. Typhi is considered a serious public health threat (Sanderson et al., 

2014; US CDC, 2019). 

Nontyphoidal salmonellosis (NTS) normally presents as gastroenteritis: inflammation of 

the gastrointestinal tract (in particular the small and large intestine, where Salmonella 

preferentially colonizes), resulting in acute diarrhea, vomiting, chills, fever, and headaches 

(Madigan et al., 2009) These infections are normally self-limiting (Sanderson et al., 2014). In 

some cases, NTS can cause extraintestinal infections, leading to septicemia/bacteremia (bacterial 

infection in the blood) (Hohmann, 2001); usually, this is linked with specific serovars, such as S. 

Dublin and S. Choleraesuis (Jones et al., 2008; Suez et al., 2013). The incubation period from 

ingestion to NTS illness onset is 6 – 72 hours, although this can be as long as 16 days with 

ingestion of low bacterial doses (Behravesh & Griffin, 2015). NTS transmits through the fecal-

oral route and is a common cause of foodborne illness: the bacteria can be introduced by food 

handlers, or may be present in finished food products like meat, eggs and dairy due to infections 

in the farm animals (Madigan et al., 2009). NTS strains are host generalist and can persist in 

various animal reservoirs (Gal-Mor, 2019). However, even generalist serovars may exhibit some 

species specificity, depending on the presence and diversity of specific virulence factors like 

fimbriae (Yue et al., 2015). For example, a subtype of Derby shows increased invasion on 

porcine (pig) tissues (Hayward et al., 2014). While the chronic carriage of S. Typhi is better 

studied, the existence of long-term NTS infections has been recognized since the 70s (Musher & 

Rubenstein, 1973). It is suspected that >2% of NTS patients shed bacteria in their feces for 1-12 

months, and the rates of long-term carriers are largely unknown (Gal-Mor, 2019). While the 

majority of recorded long-term NTS infections are symptomatic, between 18-35% of those 
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detected in several studies were asymptomatic, potentially increasing the spread of the disease 

(Marzel et al., 2016; Musher & Rubenstein, 1973).  Certain serovars – including Mbandaka, 

Bredeney and Muenchen –  appear to be more predisposed for long-term carriage (Marzel et al., 

2016). The concept of nontyphoidal Salmonella “persisters” has recently received attention: 

these persisters can survive antibiotic treatment, persist in hosts, and contribute to the spread of 

antibiotic resistance plasmids (Bakkeren et al., 2019; Hill & Helaine, 2019). However, 

antibiotics are generally not recommended for NTS treatment unless bacteremia occurs or 

patients are severely ill, in part because antibiotic treatment has been known to increase the 

duration of fecal shedding (Hohmann, 2001). If required, fluoroquinolones, trimethoprim-

sulfamethoxazole, ampicillin, or third-generation cephalosporins can treat NTS; however, 

antibiotic resistance is also on the rise in NTS strains (US CDC, 2019) 

1.2.2.3 Subtyping and comparative genomics 

Salmonella is often identified in clinics through culture-based techniques: this involves a 

selective and often chromogenic growth medium (sometimes in series), followed by biochemical 

confirmation. Traditionally, this was followed by subtyping using serotyping (i.e. determining 

the types of antigens present); while this method was reliable, it was time-consuming and 

complicated, requiring up to 3 days per isolate (Gal-Mor, 2019).  

An alternative method which was commonly employed was multilocus sequence typing, 

or MLST. This approach involved amplification and sequencing of universal housekeeping genes 

(7 unique genes, in the case of Salmonella); allelic variations in these sequences could be used to 

group strains into sequence types (STs) (Kidgell et al., 2002). For Salmonella, these STs largely 

corresponded with serovar, except in the cases of polyphyletic serovars (Sangal et al., 2010); this 

made MLST a more accurate and sensitive method for discerning both Salmonella phylogeny 



7 
 

and delineating epidemiological outbreaks (Achtman, Hale, Murphy, Boyd, & Porwollik, 2013). 

While MLST was widely used as a characterization technique (especially in clinical studies), it 

never became the primary method of molecular identification for Salmonella (Alikhan, Zhou, 

Sergeant, & Achtman, 2018). 

Pulsed-field gel electrophoresis, or PFGE, became the “gold standard” method for 

Salmonella subtyping and was widely used by public health laboratories (including the 

international PulseNet network for foodborne disease surveillance) for over 20 years (Nadon et 

al., 2017). The method involves exposing DNA of a Salmonella isolate to a restriction enzyme 

(which shears specific DNA sequences), and running the cleaved DNA through an agarose gel 

with alternating voltage applied (“pulses”) to separate large sequences (CDC PulseNet, 2017). 

Band patterns can be matched to library databases, which can predict the serovar of the isolate; 

unique patterns, referred to as “pulsotypes”, may be designated as specific strains of a serovar 

(Tolar et al., 2019). While this method was highly reproducible and had a proven record of 

informing epidemiological studies (Kérouanton et al., 2007), it is not able to discriminate 

between highly related but epidemiologically distinct strains (Foley, Zhao, & Walke, 2007; 

Olson et al., 2007). Due to this, as well as the decreasing costs and increasing reliability of DNA 

sequencing, PFGE is being phased out at many public health laboratories (Tolar et al., 2019); for 

example, the State Laboratories Division (SLD) at the Hawaii Department of Health 

decommissioned their use of PFGE for Salmonella typing in 2019 (Pamela O’Brien, SLD 

microbiologist, personal communication, July 2019).  

Recently, most labs are transitioning (or fully transitioned) to use whole genome 

sequencing (WGS) approaches for subtyping of Salmonella and other enteric diseases (Deng, 

den Bakker, & Hendriksen, 2016; Tolar et al., 2019). This has only become feasible in the last 
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10-15 years due to the decreased cost and complexity of next generation sequencing (NGS) (van 

Dijk, Auger, Jaszczyszyn, & Thermes, 2014). NGS methods – which include the Illumina 

platforms (MiSeq, HiSeq and newer NextSeq and NovaSeq) and Pacific Biosciences (PacBio) – 

are able to more quickly and cheaply sequence genomes, compared to the high cost and slow 

Sanger sequencing method from the 1970s (Sanger, Nicklen, & Coulson, 1977). For Illumina 

platforms, large quantities of short stretches of DNA are read simultaneously; accordingly, this 

method is also called “massively parallel sequencing” (Besser, Carleton, Gerner-smidt, Lindsey, 

& Trees, 2018). 

To conduct WGS on a Salmonella isolate, the following steps must be undertaken (CDC 

PulseNet, 2015, 2016): 

 DNA is extracted from a bacterial colony, quantified, and quality checked 

 DNA is tagmented (sheared into smaller fragments by enzymes and tagged with 

sequencing adapters) using Nextera XT kit 

 Tagmented DNA is amplified by PCR to create a DNA library 

 DNA library is loaded into a flow cell and sequences are read and recorded 

 Sequences are subject to quality control (Andrews, 2018) and uploaded to a database 

The sequences generated in massively parallel sequencing range in length from 75 to 300 

base pairs (bp), and these “short read” sequences must be subject to further bioinformatics 

analysis in order to yield meaningful conclusions about their relatedness to other Salmonella 

isolates and their biochemical characteristics. The field of microbial genomics is evolving 

quickly, but broadly speaking, short reads can be subject to two primary methods of 

bioinformatics analysis (Carriço, Rossi, Moran-Gilad, Van Domselaar, & Ramirez, 2018): 
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De novo assembly: In de novo assembly, short read sequences are assembled using complex 

algorithms into longer stretches of DNA called “contigs”. The most common assembly method 

relies on de Bruijn graphing: the DNA sequences are broken into short sequences called kmers 

(length = k base pairs, bp), the kmer nodes are connected by edges when two separate kmers 

overlap by (k – 1) base pairs of sequence, and the final sequence is represented by the Eulerian 

path through the graph (i.e. the path that contains each edge once) (Baker, 2012). The resulting 

contigs can be further connected into scaffolds. With short reads, high sequencing depth (i.e. the 

number of times a particular sequence was recorded) of 35-50x is preferred for reliable analysis 

of genetic variation (Sims, Sudbery, Ilott, Heger, & Ponting, 2014); considerably higher 

sequencing depth is required in order to create a genome consisting of only one contig (a “closed 

genome”). The construction of closed genomes is more straightforward for longer read 

sequences generated by PacBio or third-generation sequencing platforms like the Oxford 

Nanopore MinION (Besser et al., 2018). Once a genome is assembled, genes can be annotated: 

as not all genes in every bacterial species has been identified, protein functions may be inferred 

through homology to known genes and proximity to other gene sets (Seemann, 2014). For 

identification of specific functional genes of interest, curated databases may be separately used: 

for example, virulence genes can be assessed by comparing against the Virulence Factors of 

Bacterial Pathogens Database, VFDB (Chen, Xiong, Sun, Yang, & Jin, 2012), and multiple 

databases exist for antibiotic resistance genes, including CARD (Alcock et al., 2019) and the 

NCBI database used in AMRFinder (Feldgarden et al., 2019). Pangenomes (the collection of all 

unique genes for a species) can be determined using collections of de novo assemblies, and novel 

genes can be identified (Hu, Xie, Lo, Starkenburg, & Chain, 2011).  
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Reference-guided assembly: In reference-guided assembly, sequenced short reads are 

aligned (using local alignment methods) against a high-quality or otherwise verified reference 

sequence (Deng et al., 2016). From this alignment, mutations or variants can be discovered, 

including single nucleotide polymorphisms (SNPs), multiple nucleotide polymorphisms (MNPs) 

and inserts or deletions (INDELs); as the spontaneous mutation rates can be mathematically 

estimated, the rates/positions of SNPs and other variants can be used to infer relatedness between 

strains (i.e. determine phylogenetic relationships) (Carriço et al., 2018). Reference-guided 

assembly is especially useful for epidemiological studies, as the number of SNPs can serve as an 

unofficial delineator between outbreaks (Deng et al., 2016). However, this assembly approach is 

limited to scenarios for which a high-quality reference exists, and is not as informative for new 

or understudied strains.  

 

Figure01-1: Pictorial representations of a) de novo assembly (Baker, 2012) and b) 
reference-guided assembly (S. Martin, 2011) of short read DNA data 
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Of the two alignment methods, reference-guided assembly is more useful in small-scale 

public health studies which consider only closely related strains, while de novo assemblies can 

be used for a wider variety of further analysis but at reduced sensitivity for gene variant detection 

(Deng et al., 2016). With de novo assembled Salmonella genomes, different methods can be 

applied to assess the serovar of the isolate (Yoshida et al., 2016; S. Zhang et al., 2015), and to 

determine sequence types using variations on the traditional multi-locus sequence typing 

(MLST), including whole genome and core genome (wgMLST and cgMLST, respectively). Both 

cgMLST and wgMLST can be informative for discerning outbreak clusters. wgMLST uses 

patterns of alleles from the entire Salmonella pangenome to assign a sequence type (based on 

21,065 loci), whereas cgMLST uses a core subselection of genes which are conserved in the 

majority of Salmonella strains (3,002 loci) (Z. Zhou, Alikhan, Mohamed, the Agama Study 

Group, & Achtman, 2019). While PulseNet International is moving toward wgMLST (Nadon et 

al., 2017), cgMLST is currently being used for the detection of clusters as it has considerably 

lower computing needs and is still highly sensitive (Tolar et al., 2019). Differences in allele 

patterns can be used to infer relatedness between samples, and relationships can be mapped using 

minimum spanning trees (Z. Zhou et al., 2018). The most commonly used cgMLST scheme is 

maintained by EnteroBase, which also has an online server of isolates with comparative 

genomics tools (Z. Zhou et al., 2019).  

 

1.2.3 Public health monitoring 

Salmonella infections are considered reportable diseases in the Unites States, meaning 

that positive identifications of Salmonella (including isolates) must be provided to local health 

departments by medical providers. The public health labs then conduct subtyping on isolates; if a 
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cluster of related isolates is found within a short time span, an outbreak can be recorded. 

Between the time required for incubation, the patient’s visit to the hospital, collection and 

processing of stool samples, Salmonella identification, and further work (laboratory and genomic 

analysis) conducted at the public health lab, the CDC estimates that the timeline between a 

person being exposed to Salmonella and confirmation of an outbreak by public health authorities 

is 2-4 weeks (CDC, 2019b). Various additional steps are required in a field investigation for a 

foodborne illness to determine and control the source of the outbreak (CDC, 2012), and further 

evidence is necessary in order to prompt recalls or warnings for specific products.   

Traditional clinical surveillance methods are known to underestimate community enteric 

disease burden; for salmonellosis, it is often assumed that the true number of infected persons is 

approximately 30 times the clinically reported rate (Chalker & Blaser, 1988).  This 

underestimation is thought to be caused by a combination of underascertainment (affected 

individuals not seeking medical care) and underreporting (caused by issues at the healthcare 

provider or heath authority level) (Gibbons et al., 2014). This level of underestimation can be 

limiting in the short term by hindering the quick identification and amelioration of outbreaks, but 

also in the long term by not providing a full picture of community health trends and risks for 

enacting health-related public policy. Epidemiologists and other researchers have explored 

alternative methods to clinical monitoring in order to predict specific disease trends: for example, 

social media posts can be subject to machine learning and content analysis processing to find 

indicators of circulating illnesses (Q. Zhang et al., 2017). Additional monitoring tools for enteric 

disease patterns are needed in the public health field; this is a prime opportunity for the use of 

municipal wastewater.  
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1.3 Wastewater surveillance for public health monitoring 

1.3.1 Background 

Municipal wastewater (MW) is composed of wastewater from toilets, sinks, and showers 

from residential, commercial, institutional, and recreational facilities (Metcalf & Eddy, 2003). 

Most of the public health interest in MW is related to fecal and urine impacts, as these inputs 

contribute human enteric microorganisms: this includes normal gut flora as well as pathogens 

from infected persons, and can include bacteria (S. L. McLellan, Huse, Mueller-Spitz, 

Andreishcheva, & Sogin, 2010) and viruses (O’Brien & Xagoraraki, 2019), as well as 

microorganisms from other domains, such as protozoa (Verweij et al., 2004) and helminths 

(Demeler et al., 2013). From a civil engineering perspective, these microorganisms normally 

present a public health threat which must be removed or inactivated during wastewater treatment. 

However, they can also represent a rich source of information about community health: this 

collective microbiome can be monitored for community health patterns, and used to inform 

public health interventions and policies. 

 The use of wastewater surveillance to monitor community public health status through 

detection of target analyte (a chemical or biological agent) is commonly referred to as 

wastewater-based epidemiology (WBE). Normally, concentrations of the analyte of interest are 

measured at the inlet of a wastewater treatment plant (WWTP) from untreated influent, and these 

concentrations are normalized by the flow of wastewater or the service population of the WWTP 

(Choi et al., 2018). In the past ~15 years, the primary focus of WBE research and development 

has been for detection of chemical analytes; in particular, prescription and illegal drugs and their 

metabolites. The first such study focused on illicit drugs across Europe (Zuccato, Chiabrando, 

Castiglioni, Bagnati, & Fanelli, 2008), and has been followed by many more investigations 
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around the world, for a variety of different drugs (Bade et al., 2017; Banta-Green et al., 2016; 

Burgard, Fuller, Becker, Ferrell, & Dinglasan-Panlilio, 2013; González-Mariño et al., 2020; Lai 

et al., 2016; Salvatore et al., 2015; Senta, Krizman, Ahel, & Terzic, 2014; Yadav et al., 2017). 

Aside from drug use, community exposure to anthropogenic contaminants such as pesticides 

(Rousis et al., 2017), and plasticizers can also be assessed (González-Mariño, Rodil, Barrio, 

Cela, & Quintana, 2017). Additional novel uses of WBE for chemical analytes have recently 

emerged, including correlations between drugs for asthma treatment and levels of atmospheric 

pollution (Fattore et al., 2016), effects of ambient temperature on human health (Phung et al., 

2017), and patterns of food and drug consumption between different communities with varying 

socioeconomic levels and demographics (Choi et al., 2019). 

 While the primary focus of WBE has been limited to chemical analytes, biological targets 

are gaining popularity and posited to be the “future of WBE” (Choi et al., 2018). In fact, while 

monitoring microorganisms in municipal wastewater is presently a less common approach to 

community health surveillance, the practice has a long history of use for enteric disease 

detection. During the 1950s throughout the 1970s, public health investigators have employed 

sewage swabs during field studies (followed by subsequent Salmonella culturing) to localize the 

homes of presumptive typhoid carriers (R. W. S. Harvey & Phillips, 1955; Shearer, Browne, 

Gordon, & Hollister, 1953) and the sources of foodborne outbreaks (R. W. Harvey & Price, 

1970). In more recent years, wastewater monitoring has been employed to better understand 

source species involved in Cryptosporidium outbreaks (Chalmers et al., 2010; L. Zhou, Singh, 

Jiang, & Xiao, 2003). Viruses have also been a popular target for examination in wastewater, due 

to their higher host specificity than other pathogenic agents, their high shedding rates in infected 

cases, their reduced likelihood to grow within the sewage conveyance system, and the lack of 
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need to culture the organisms: these characteristics potentially make viruses more stable and 

rapid indicators of enteric disease than bacterial pathogens (O’Brien & Xagoraraki, 2019). 

Norovirus has been extensively studied in MW, including its seasonal trends and 

correlation/correspondence with clinical cases (Fumian et al., 2019; Kazama et al., 2016, 2017; 

Lun et al., 2018; Suffredini et al., 2018). Many investigations have been conducted using 

quantitative PCR (qPCR) approaches to simultaneously target multiple viruses (Bisseux et al., 

2018; Calgua et al., 2013; Farkas et al., 2018; O’Brien et al., 2017). In some cases, viral studies 

provided beneficial public health information: wild-type poliovirus detection in wastewater in 

Israel led to the deployment of a successful geographically-targeted vaccination campaign 

(Manor et al., 2014), and early warning of hepatitis A and norovirus outbreaks was inferred using 

MW (Hellmér et al., 2014). WBE can also be inferred “in reverse”: community trends of 

vomiting symptoms were found to predict viral contamination (norovirus, rotavirus, 

enteroviruses, adenovirus, and hepatitis A) of a wastewater-impacted river in France (Tesson, 

Belliot, Estienney, Wurtzer, & Renault, 2019) 

Cultivation or targeted molecular methods are advantageous for focusing on individual 

pathogens because they can magnify trends of low-concentration targets (i.e. in contrast to other 

microbial populations in wastewater). In contrast, large-scale initiatives to monitor community 

microbiomes through metagenomics (i.e. sequencing of all environmental DNA) have recently 

been initiated with the rise of affordable genomic analyses (Reis-Castro, 2017). Most studies to 

date have been conducted on concentrated virus samples from wastewater, allowing for 

elucidation of a community virome: while the majority of sequences found were non-human 

viruses (such as bacteriophages, (Y. Wang, Jiang, Liu, Li, & Zhang, 2018)), a range of human 

enteric viruses can be identified using these methods (Adriaenssens et al., 2018; Aw, Howe, & 
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Rose, 2014; Bibby & Peccia, 2013; Cantalupo et al., 2011; Hjelmsø et al., 2019; O’Brien et al., 

2017), including unique pathogenic agents not previously observed in clinics (Ng et al., 2012).  

Other researchers have examined the microbial microbiome through use of 16S rRNA amplicon 

sequencing. These studies have found that while wastewater captures nearly the full microbiome 

of human stool, it also contains a greater diversity of microorganisms than expected: several 

dominant genera appear to be unique to wastewater collected from sewer systems, and are 

reflective of a unique niche in sewer conveyance pipes (Matus et al., 2019; Newton et al., 2015). 

Therefore, caution must be taken when interpreting metagenomic results from wastewater: many 

species identified in wastewater may not correspond with human input, but with these unique 

“pipe-resident communities”, which may come from stormwater infiltration, soil, and other non-

human input sources (S. L. McLellan et al., 2010; Sandra L. McLellan & Roguet, 2019; 

Vandewalle et al., 2012). 

1.3.2 Applicability and future uses   

For some researchers, WBE is envisioned as a platform for continuous monitoring of 

wastewater to provide early warnings of outbreaks in real-time (Gardy & Loman, 2018; O’Brien 

& Xagoraraki, 2019). In its current state, wastewater-based epidemiology (WBE) is only at a 

proof-of-concept stage for routine, real-time monitoring of a full suite of human pathogens: cost 

and complexity still hinders full scale deployment. However, recent work within the context of 

the novel coronavirus SARS-CoV-2 and its associated disease (COVID-19) has demonstrated the 

utility of WBE for targeted surveillance of a specific pathogen: the virus has been identified in 

Dutch wastewater prior to cases being confirmed in the region (Medema, Heijnen, Elsinga, & 

Italiaander, 2020), and examination of wastewater from the US has indicated that cases are vastly 

underestimated by clinical methods based on quantitative virus detection and population served 
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by the WWTP (Wu et al., 2020). While this approach is reactive (i.e. relies on a precipitating 

incident – the coronavirus pandemic – to direct monitoring targets) rather than proactive (i.e. 

monitoring for a wide range of pathogens in order to predict an outbreak), the COVID-19 

wastewater monitoring campaigns are key examples of WBE informing public health responses.  

Aside from its usefulness for tracking outbreaks, municipal wastewater infectious disease 

surveillance may provide a less-biased option for public health monitoring: as long as affected 

persons have a connection to a municipal collection system, all infected feces will ultimately 

reach the wastewater treatment plant in the form of raw municipal wastewater.  This lack-of-bias 

grants the opportunity to observe previously inaccessible trends in community health patterns, 

including the observation of subclinical endemic infections. A lot of the present state of 

knowledge about microbial pathogen genetics and diversity was developed using clinically-

sourced isolates – therefore, on strains which are known to cause illness in humans or other 

animals. However, these may not be fully reflective of the full range of pathogens which can 

persist in humans: for example, in the case of Salmonella, many serovars can cause 

asymptomatic carriage in humans, sometimes over a long duration (Musher & Rubenstein, 

1973). It is not entirely clear why certain strains of Salmonella lead to persistent carriage, 

although there is some evidence that possession and expression of certain virulence factors by 

pathogens, as well as host factors like decreased immune function, may contribute to a tendency 

toward chronic salmonellosis carriage (Gal-Mor, 2019; Gopinath et al., 2012). Since wastewater 

monitoring is passive, all varieties of Salmonella – including those which are asymptomatic, or 

which only minor illness not requiring a visit to the doctor – can be detected. This is of particular 

interest because Salmonella persisters are known to carry antibiotic resistance genes and may 
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contribute to the Salmonella resistome by mobilizing and transferring ARGs in the host or in the 

environment (Bakkeren et al., 2019).   

1.3.3 Practical and ethical limitations of WBE 

Concerns about privacy have been posed in the context of WBE: in particular, could 

infected people be directly identified? While using municipal wastewater (MW) to pinpoint 

salmonellosis or typhoid cases (originating from a single business/household) was possible and 

practiced decades ago (Moore, 1951; Shearer et al., 1953), this is too complicated with today’s 

labyrinthine MW conveyance systems. Additionally, even if it were technically feasible, there 

are ethical considerations: while the only guidelines for WBE studies were developed with illicit 

drug monitoring in mind (which is more ethically fraught), sewer users would not necessarily 

give consent but will effectively be participants in the study, and anonymity of results should be 

maintained (Prichard, Hall, de Voogt, & Zuccato, 2014). Therefore, identifying individual 

homes/patients should not be the goal of a modern WBE investigation. Rather, the results should 

be used to inform community interventions: the additional information revealed by WBE can be 

used to alert public health officials about persistence or re-emergence of outbreak strains, and 

could prompt new field investigations. 

 Ideally, WBE would provide faster access to outbreak results and other epidemiological 

information than clinical monitoring. Currently, many of the WGS techniques, including those 

used in this dissertation, require isolate culturing, sample preparation and processing time; 

cumulatively, this is still shorter than the clinical approach but not by much. However, the real-

time generation of genomic and metagenomic data adequate for outbreak identification is 

becoming possible through the use of portable sequencing devices; for example, the Nanopore 

MinION, which was successfully used for phylogenetic placement of a hospital-based 
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Salmonella Enteritidis outbreak (Quick et al., 2015). With further advances to reduce costs and 

increase throughput, these approaches could be viable for use in WBE.  

 One final difficulty with WBE for human health monitoring is the presence of non-

human microbiota in wastewater. As previously mentioned, wastewater collected from sewers 

contains a significant proportion of  “pipe-resident communities” – microorganisms which are 

not present in human feces, are abundant in sewer pipes, and may be originating from 

stormwater and mobilized soil bacteria infiltrating the conveyance system (Sandra L. McLellan 

& Roguet, 2019; Newton & McLellan, 2015). Theoretically, separated sewer systems should 

contain less external input, and thus a higher proportion of human microbiota, than combined 

systems (conveyance systems which include both municipal wastewater and stormwater); the 

only study which assessed this indicated that there were little difference in microbial 

communities between separated and combined sewer systems, although this effect was not 

examined in detail (S. L. McLellan et al., 2010). Even separated sewers will have considerable 

inflow and infiltration during rainy periods, which can dilute anthropogenic microbes and 

introduce soil communities into the pipe systems (Choi et al., 2018; S. L. McLellan et al., 2010). 

This potential contamination must be considered when assessing trends from MW; where 

possible, comparisons to clinical and environmental populations of the pathogen of interest can 

be useful to clarify the sources of different communities.   

1.4 Salmonella surveillance in municipal wastewater 

1.4.1 Background and context 

 Salmonella was one of the earliest targets of WBE: sewage swabs were used to track 

down carriers (sometimes asymptomatic) of S. Typhi carriers in the 1950s, in both the UK and 
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the USA (R. W. S. Harvey & Phillips, 1955; Shearer et al., 1953). Subsequent studies explored 

the diversity of NTS in targeted sewage locations: in particular, locations downstream of 

abattoirs and butchers yielded a range of Salmonella serovars, including many which were 

simultaneously detected in human clinical samples (R. W. Harvey & Price, 1970).  

 Despite these early successful public health investigations of Salmonella using MW, 

interest was lost in the WBE approach for salmonellosis tracking until the 2000s. A Swedish 

study found 8 matching PFGE patterns between clinical Salmonella isolates and isolates from 

sludge (n = 104 for sludge isolates); however, the antibiotic resistance patterns did not always 

match between these pairs (Sahlström, De Jong, & Aspan, 2006). One limitation of this study is 

that the MW sampling was restricted to sludge which had undergone several treatment steps, and 

thus was not representative of the community salmonellosis trends due to the time elapsed 

between excretion and collection, as well as potential differential survival of various serovars.  In 

the same year, another large-scale Salmonella WBE study was published: 983 isolates were 

collected from California MW influent, and 17 unique AMR patterns were observed (Berge, 

Dueger, & Sischo, 2006). Few of the isolates correlated with clinical cases; this variability was 

attributed to the fact that MW can also capture unreported clinical cases and subclinical 

infections. However, the previous studies were restricted to phenotypic antibiotic resistance tests. 

Antibiotic resistance genes (ARGs) were not assessed for Salmonella in MW until a 2010 study 

based in Italy, in which specific ARGs for beta-lactam antibiotics were targeted using PCR, as 

well as class 1 integrons and replicons (Pignato et al., 2010). Several representative clinical 

strains were recovered from MW, including a highly resistant strain of Typhimurium and a 

susceptible strain of Enteritidis.  
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 Since the publication of Chapter 2 of this thesis, additional Salmonella WBE studies have 

been published. In a Japanese investigation, quantitative PCR (qPCR) and PFGE typing was 

conducted on MW samples to quantify Salmonella loads and compare with clinical samples: 

trends reflected potential subclinical infections caused by poultry (Yanagimoto, Yamagami, 

Uematsu, & Haramoto, 2020). In China, Salmonella isolates were collected from three WWTPs 

and subject to PCR for specific ARGs and integrons: tetA and sul3 were the most commonly 

detected ARGs (C. M. Zhang et al., 2019). No studies to date have conducted WGS on 

Salmonella isolates from MW.  

1.4.2 Previous work by our lab 

From 2010-2011, a year-long sampling campaign was conducted at the Sand Island 

Wastewater Treatment Plant in Honolulu. Weekly samples of 24-hour composite raw municipal 

wastewater was collected, and Salmonella was enumerated, isolated, and subjected to pulsed-

field gel electrophoresis (PFGE) typing to determine pulsotypes. An initial examination of the 

data found that MW Salmonella concentration significantly correlated with clinically-reported 

salmonellosis cases in the community. Additionally, several Salmonella serovars were detected 

simultaneously in wastewater and clinical samples with matching pulsotypes (Yan, O’Brien, 

Shelton, Whelen, & Pagaling, 2018).  

DNA from the MW Salmonella isolates was extracted and subjected to whole genome 

sequencing (WGS) by the Hawaii Department of Health (HDOH). This genome collection is 

unique from most Salmonella isolate DNA in databases such as NCBI, which are collected from 

clinical, food, or environmental samples. Clinical and contaminated food samples will tend to 

bias toward virulent strains of Salmonella which lead to reported illnesses, and environmental 

samples often contain Salmonella from non-human sources (for example, many environmental 
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isolates in NCBI are from farms or slaughterhouses). In contrast, the MW Salmonella isolate 

collection should be primarily from human sources. 

1.4.3 Significance 

Few studies have assessed the genetic diversity of human-derived environmental 

Salmonella isolates. As previously stated, most research focuses exclusively on samples from 

health clinics, which tends to bias toward virulent, symptomatic strains. The Boehm research 

group at Stanford has studied Salmonella diversity in California waterways; these samples will 

likely include animal-derived Salmonella due to non-point-source contamination (Walters et al., 

2013). Municipal wastewater samples are unique from other environmental Salmonella isolates 

as they are more strictly derived from human sources. As Honolulu City and County wastewater 

collection pipes are a separated sewage system, the raw wastewater reaching the WWTP is 

almost entirely derived from municipal sources, with the exception of inflow and infiltration 

during storm events (Shelton, Kim, Fang, Ray, & Yan, 2011). Accordingly, an assumption can 

be made that the majority of Salmonella detected in the MW is derived from human wastes (and 

therefore human sources). The largest exceptions to this assumption would be kitchen wastes, 

particularly any larger/industrial level wastes not connected to their own pretreatment system; 

this type of input will be minimal in Honolulu, as large food manufacturers, processors and 

restaurants have been required to recycle food waste since 1997 (Revised Ordinances of 

Honolulu, 1997).  

By focusing on human-derived samples without the restriction of clinical representation, 

we are able to explore the pan genome including less virulent strains of Salmonella. 

Additionally, clinics tend to isolate only one serovar from patients, even if multiple strains may 
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be implicated in an infection (Thompson et al., 2018); wastewater sampling can assess relative 

abundance of different serovars and is not hindered by this restriction.  This lack-of-bias allows 

us to investigate underlying community health patterns to an unprecedented degree.  

Recent studies have demonstrated similar success with wastewater surveillance and clinical 

genotype matching for norovirus (Kazama et al., 2017); however, few have studied bacterial 

enteric pathogens at a genomic level, due to their low relative abundance in wastewater and the 

difficulty of enumeration and isolation of colonies.  

 

1.5 Objectives and structure of dissertation 

The overall objective of this dissertation was to use municipal water surveillance – and 

subsequent genomic analysis – to determine community salmonellosis trends in Honolulu.  

 This dissertation is divided into five chapters:  

 Chapter 1 presented a general overview of enteric bacterial pathogens with a focus on 

Salmonella, as well as an introduction to clinical and wastewater-based epidemiology.  

 Chapters 2, 3, and 4 present three specific research objectives; each includes 

introduction, materials and methods, results and discussion sections. In Chapter 2, cutting-edge 

comparative genomics approaches were used to identify a salmonellosis outbreak which was 

previously missed by public health clinics in Honolulu. In Chapter 3, an abundant strain of 

Salmonella in wastewater was found in low frequencies in health clinics: reasons for this 

discrepancy (i.e. differences in virulence potential) were explored using comparative genomics 

techniques. In Chapter 4, the antibiotic resistance genes of all wastewater Salmonella isolates 



24 
 

were determined and compared with databases to assess MW’s predictive potential for antibiotic 

resistance in circulating NTS. 

 Chapter 5 provides a summary of the major findings of this dissertation.   
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2 Chapter 2: Clinically unreported salmonellosis outbreak detected via 

comparative genomic analysis of municipal wastewater Salmonella 

isolates 

 

Abstract 

Municipal wastewater (MW) includes human waste that contains both commensal and 

pathogenic enteric microorganisms, and this collective community microbiome can be monitored 

for community diseases. In a previous study, we assessed salmonellosis disease burden using 

municipal wastewater from Honolulu, Hawaii, which was monitored over a 54-week period. 

During this time, a Salmonella serovar Paratyphi B var. L(+) tartrate (+) (also known as S. Java) 

strain was identified: this strain was detected simultaneously to a clinically-reported outbreak, 

and pulsed field gel electrophoresis (PFGE) patterns were identical between clinical and 

municipal wastewater isolates. Months after the outbreak subsided, the same pulsotype was 

detected as the dominant pulsotype in municipal wastewater samples, with no corresponding 

clinical cases reported. Using genomic characterization – including core single nucleotide 

polymorphism (SNP) alignment, core genome multi-locus sequence typing (cgMLST), and 

screening for virulence and antibiotic resistance genes –all S. Java municipal wastewater isolates 

were determined to be clonal, indicating a resurgence of the original outbreak strain. This 

demonstrates the feasibility and utility of municipal wastewater surveillance for determining 

enteric disease outbreaks that may be missed by traditional clinical surveillance methods.  
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Importance 

Under-detection of microbial infectious diseases outbreaks in human communities carries 

enormous health costs, and is an ongoing problem in public health monitoring (which relies 

almost exclusively on data from health clinics). Surveillance of municipal wastewater for 

community-level monitoring of infectious diseases burdens has the potential to fill this 

information gap, due to its easy access to the mixed community microbiome. In the present 

study, the genomes of 21 Salmonella Java isolates (collected from municipal wastewater in 

Honolulu) were analysed; results showed that the same Salmonella strain that caused a known 

salmonellosis clinical outbreak in Spring 2010 remerged as the most dominant strain in 

municipal wastewater in Spring 2011, indicating a new outbreak that was not detected by health 

clinics.  Our results show that wastewater monitoring holds great promise to inform the field of 

public health on outbreak status within communities. 

 

Note: this chapter has been published in Applied and Environmental Microbiology (Diemert & 

Yan, 2019); republication in full for dissertations is permitted under the ASM Journals Statement 

of Author Rights. Supplemental materials mentioned in the text are available online at 

www.doi.org/10.1128/aem.00139-19. 

Copyright © American Society for Microbiology, Applied and Environmental Microbiology, 85 

(10), 10.1128/aem.00139-19 
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2.1 Introduction 

Microbial infectious diseases, particularly those causing gastrointestinal illness, remain a 

predominant health risk in the United States and across the globe. Aside from acute symptoms 

including bloody and non-bloody diarrhea, fever and vomiting, infectious disease outbreaks can 

cause long-term disabilities, chronic conditions, and even death. Microbial pathogens are 

associated with a mortality rate of 45.6 per 100,000 people in the US (Hansen et al., 2016), and 

nearly eight million deaths globally (GBD 2016 Causes of Death Collaborators, 2017) on an 

annual basis. Major foodborne pathogens implicated in outbreaks cause the loss of 61,000 

quality-adjusted life years and $14.0 billion dollars annually in the U.S. alone due to medical 

costs, loss of productivity, and loss of life (Hoffmann et al., 2012).  

There is a strong incentive for robust, efficient, and timely public health monitoring 

(surveillance) of these disease outbreaks, as field investigations prompted from such surveillance 

data can delineate sources of infections and optimize control measures and appropriate treatment. 

In the longer term, surveillance studies can inform evidence-based public health policies for 

proper resource allocation and prevention strategies (Adams et al., 2017; CDC, 2012). However, 

even for microbial infectious diseases that are reportable (Adams et al., 2017), traditional clinical 

surveillance methods are well known to underestimate community infectious disease burdens 

(Gibbons et al., 2014). Commonly, this underestimation is due to under-ascertainment (affected 

individuals not seeking medical care); mild-to-moderate self-limiting symptoms, as well as the 

high frequency of sub-clinical cases and asymptomatic carriers of enteric disease contributes to 

this, among other social factors (Gibbons et al., 2014; Quilliam et al., 2013). However, 

underreporting (due to limitations or inconsistencies at the healthcare-provider level) can also 

lead to under-detected or undetected outbreaks (Gibbons et al., 2014; Voetsch et al., 2004). For 
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example, an antibiotic-resistant Salmonella outbreak originating from animals had been missed 

at a clinical level until a comparison between veterinary and human Salmonella isolates was 

conducted (Wright et al., 2005). Clinical surveillance is also slow: once patients submit samples, 

healthcare-provider level limitations can prolong outbreak detection periods due to technical 

inefficiencies (paper vs. electronic reporting), unclear reporting guidelines/expectations, and 

communication issues between clinics, laboratories, and municipalities (Steele, Orefuwa, & 

Dickmann, 2016). A recent outbreak database review of 41 zoonotic diseases (including 

salmonellosis) found a median detection time of 13 days, with statistically significantly slower 

detection times for multi-state outbreaks compared to single-state outbreaks: two multi-state 

salmonellosis outbreaks remained undetected for over 250 days (Allen, 2015). 

Due to the issues with underestimation and lack-of-timeliness of clinical surveillance, the 

use of alternative infectious disease surveillance systems that can overcome these shortcomings 

are needed. Our lab has recently demonstrated the use of wastewater surveillance for estimating 

community salmonellosis burden (Yan et al., 2018). By sampling at a wastewater treatment 

plant, we detected strong correlations between clinically reported cases of salmonellosis in the 

community and Salmonella concentration in municipal wastewater (MW). Most interestingly, 

nine Salmonella strains were concurrently detected (within seven days) in MW and in Hawaii 

Department of Health (HDOH) clinical isolates collections, indicating the potential for real-time 

detection of disease incidents using the wastewater surveillance approach.  

Among them was a Paratyphi B var. L(+) tartrate (+) strain, also referred to as 

Salmonella Paratyphi B var. Java (henceforth S. Java), that caused a clinical outbreak starting in 

March 2010 (HDOH (Hawaii Department of Health), 2010). The infection was linked to the 

consumption of frozen, internationally imported raw ahi or tuna (Le C, Kanenaka R, Elm JLJ, 
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Ching-Lee MR, Honda P and Park SY. presented at the Infectious Diseases Society of America 

(IDSA) 48th Annual Meeting, Vancouver, BC, Oct. 21-24 2010) and led to 21 clinically reported 

cases of S. Java infections within the State between February and mid-May of 2010 (Keller, 

2010, https://www.medscape.com/viewarticle/731624), with a total of 51 cases across the U.S. 

(CDC (Centers for Disease Control and Prevention) & NCEZID (National Center for Emerging 

and Zoonotic Infectious Diseases), 2018) The S. Java isolates from municipal wastewater 

samples collected during the clinical outbreak period had indistinguishable pulsed field gel 

electrophoresis (PFGE) patterns to the clinical isolates associated with the outbreak (Yan et al., 

2018), indicating they are the same pulsotype (Figure S1). Detection of the S. Java pulsotype in 

municipal wastewater tapered off within 2 months after the clinical outbreak ended but re-

emerged in municipal wastewater in March 2011, reaching a maximum in May 2011. However, 

no corresponding S. Java clinical isolates were detected during this period, suggesting a potential 

under-detection of the S. Java outbreak in the community by the clinical surveillance approach.  

In this study, to determine if the S. Java isolates detected in the municipal wastewater 

from the resurgence period (March-May 2011) are the same strain associated with the confirmed 

clinical outbreak in March 2010, whole genome sequencing (WGS) of the municipal wastewater 

S. Java isolates were conducted. The relative abundance of the S. Java pulsotype was analyzed 

with respect to the serotype composition in the municipal wastewater Salmonella population. 

Genomic analyses, including single nucleotide polymorphisms (SNP) analysis and core genome 

multi-locus sequence typing (cgMLST), were performed to determine the genetic variation and 

clonal structure of the municipal wastewater S. Java isolates, which showed that the municipal 

wastewater S. Java isolates were clonal. This indicates that the strain responsible for the clinical 

outbreak in 2010 re-emerged in 2011 in the municipal wastewater and hence in the community. 
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The high abundance of the S. Java strain in the municipal wastewater during the re-emergence 

indicates that a disease outbreak likely occurred in the community but was not detected by the 

clinical disease surveillance.  

 

2.2 Materials and Methods 

2.2.1 Whole genome sequencing (WGS)  

The establishment of MW Salmonella isolate collection and their PFGE analyses were 

described previously (Yan et al., 2018). Twenty one MW isolates that exhibited indistinguishable 

PFGE patterns (Figure S1) and were assigned to Salmonella enterica serotype Paratyphi B var. 

L(+) tartrate(+) (S. Java serovar) using standard methodology for CDC PulseNet (CDC PulseNet, 

2017; Ribot et al., 2006) were randomly selected for WGS. WGS of the S. Java isolates was 

conducted by the Hawaii Department of Health (HDOH) by following standard CDC PulseNet 

operating procedures for DNA extraction, Nextera XT library prep, and Illumina MiSeq runs 

(CDC PulseNet, 2015, 2016).  

2.2.2 Genome assembly  

Raw paired-end FASTQ reads were trimmed to remove low-quality bases (Phred score < 

20) and Illumina Nextera XT sequencing adapters using Cutadapt (M. Martin, 2011), and the 

resulting read quality was confirmed by using FastQC (Andrews, 2018); both Cutadapt and 

FastQC were wrapped around in Trim Galore (Krueger, 2017). Quality-trimmed paired-end 

FASTQ reads were assembled using de novo assembler SPAdes (Bankevich et al., 2012). Depth 

of coverage was assessed with BBMap, and assembly statistics were determined using QUAST 

(Gurevich, Saveliev, Vyahhi, & Tesler, 2013); both are summarized in Table S1. ABRicate 
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(Seemann, 2018a) was used on assemblies to scan for specific genes using minimum coverage 

and minimum identity settings of 90% against multiple databases, including the Virulence 

Factors of Pathogenic Bacteria (VFDB) Database (Chen et al., 2005) for virulence genes and the 

Comprehensive Antibiotic Resistance Database (CARD) (Jia et al., 2017) for antibiotic 

resistance genes.  

2.2.3 Reference-guided variant calling 

Variants were called on quality-trimmed paired-end FASTQ reads using Snippy version 

4.3.3 (Seemann, 2018b) against a reference strain FASTA sequence. An assembly of S. Java 

strain CFSAN024725 from the US FDA Center for Food Safety and Nutrition (Maryland, USA; 

NCBI RefSeq Accession NZ_JWQX00000000.1, assembly RefSeq Accession 

GCF_000806525.1), with 58x coverage and 58 contigs, was used as the reference sequence. 

Only MW isolates and a number of closely related clinical samples identified from the NCBI 

Pathogen Isolates Browser (Table S2) were subject to this analysis.  

An alignment of core SNPs was constructed via snippy-core (part of the Snippy package 

(Seemann, 2018b)). A profile of the phage regions in the reference genome was created via 

PHASTER (Arndt et al., 2016), and this profile was passed as a bed file to mask recombinant 

regions during core SNP search. This core SNP alignment was then used to generate a 

generalized time-reversible phylogenetic tree with FastTree (Price, Dehal, & Arkin, 2010), 

which was visualized using the Interactive Tree of Life (iTOL) web tool (Letunic & Bork, 2016).  

2.2.4 cgMLST profile construction  

Core genome multi-locus sequence typing (cgMLST) of the MW S. Java isolates was 

conducted using the Enterobase cgMLST V2 algorithm to investigate genotype clustering and 
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clonal structure. One MW S. Java isolate from each collection day (n = 9) was analyzed, as well 

as two additional isolates which showed higher core SNP differences as identified during 

reference-guided variant calling (HIY009_2010-05-10 and HIY0022_2010-05-24; total Hawaii 

MW isolates = 11). Additional S. Paratyphi B isolate WGS data were also obtained from 

EnteroBase (http://enterobase.warwick.ac.uk) (Alikhan et al., 2018), which is an interactive 

database with curated WGS data for bacterial pathogens. This was done by conducting a search 

in the EnteroBase Salmonella database based on the following three criteria: 1) serovar was 

designated as Paratyphi B via the Salmonella In Silico Typing Resource (SISTR) (Yoshida et al., 

2016), 2) DNA was classifiable into a sequence type (ST) via the Enterobase cgMLST V2 

genotype scheme (consisting of 3,002 loci), and 3) isolates were presently past the release dates 

listed in their metadata (n = 1484). Genetic relationships between different STs were visualized 

as a minimum spanning tree (MST) using GrapeTree (Z. Zhou et al., 2018). Full details on this 

data set are listed in Table S4. 

2.2.5 Sequence data availability 

S. Java data are uploaded to NCBI under the umbrella BioProject PRJNA508196. WGS 

paired-end reads and BioSamples are available under BioProject PRJNA274995, while 

assemblies are available under BioProject PRJNA507471. Accession numbers for the isolates are 

listed in Table S1. 

2.3 Results and Discussion 

2.3.1 Salmonella temporal dynamics  

The relative abundance of different pulsotypes and their serotype classification in 

municipal wastewater illustrates their diversity and dynamics over the 54-week sampling period 
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(Figure 2-1). A total of 34 unique serovars were detected, with an average weekly serovar 

richness of 3.4. The Simpson’s index (1-D) provides a measure of diversity, ranging from evenly 

diverse populations (1-D approaching zero) or monocultures (1-D approaching 1): an average 

weekly Simpson’s index of 0.52 indicates that the serovar distribution tends to skew toward 1-2 

dominant serovars within each weekly sample. These dominant serovars are likely reflective of 

clinically-relevant strains, as indicated by the dynamics of S. Java during the clinically-

confirmed outbreak in March 2010. S. Java was detected in 10 of the 54 weeks of sampling 

(19%), mostly as a minor species. However, during three time points, S. Java relative abundance 

was significantly higher (Z-test, α<0.05, adjusted via Bonferroni correction for multiple 

comparisons) than the average relative abundance (0.45) of the most dominant serovars in 54 

individual weeks. Two of these instances coincided with the clinically-confirmed outbreak in 

weeks 0-3. The third instance of statistical dominance occurred during week 53, which suggests 

a second outbreak involving the same S. Java strain.  
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Figure 2-1: Relative abundance of Salmonella serovars in municipal wastewater (MW). 
Serovar identification was conducted using PFGE. S. Java clinical frequency distribution 
(epidemic curve) is underlain. Asterisks indicate S. Java relative abundances which are 
significantly higher than the average weekly relative abundance of the most dominant 
serovar, as determined via Z-test (α<0.05, adjusted via Bonferroni correction for multiple 
comparisons): correspondence with the clinically-reported outbreak can be seen in 2010 
(weeks 1-5), with no clinical detection during the second detection period in 2011 (weeks 
47-53). 

 

2.3.2 SNP alignment  

While the PFGE patterns were indistinguishable for all municipal wastewater S. Java 

isolates and hence suggested that wastewater surveillance detected an outbreak overlooked by 

the clinical approach, PFGE may not separate closely related but distinct strains due to high 

genetic homogeneity (Olson et al., 2007) and/or low levels of mutation that won’t affect 

restriction fragment size nor their electrophoretic mobility (Foley et al., 2007). Therefore, 
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comparative genomics tools were used to further clarify the relationships between these closely-

related isolates and to determine if they are indeed clonal.  

4472 core SNPs were found for the municipal wastewater S. Java isolates, as well as 

selected clinical isolates (USA), against the reference genome: of these, 4462 SNPs (99.8%) 

were identical, with only 10 variable core SNPs among the samples (Table S3). The phylogenetic 

tree based on the core SNP alignment (Figure 2-2) and the associated pairwise SNP distance heat 

map (Figure 2-3) indicate that all S. Java isolates from Hawaii municipal wastewater were 

clonal. All municipal wastewater S. Java isolates have identical or minimally different core SNP 

fingerprints (SNP distance = 0 – 4), with >85% bootstrap support. A cluster of municipal 

wastewater S. Java isolates, which spans both years of the sampling study (2010-2011) exhibited 

zero core SNP differences within a branch of the phylogenetic tree with 100% bootstrap support, 

which also included a clinical sample obtained from the NCBI Pathogen Isolates Browser 

(SRR7639130-USA-Unknown). The clinical isolate was collected in the USA and reflects the 

clinical relevance of these municipal wastewater strains during the outbreak period. Another 

clinical isolate lacking metadata showed minimal SNP differences (SRR7639138-USA-

Unknown, 1-4 SNPs), while a clinical isolate from the 2010 outbreak period contained more 

SNP differences (SRR3205681-USA-2010-05, 5-8 SNPs) than the Hawaii municipal wastewater 

isolates.  
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Figure 2-2: Phylogenetic tree based on core SNP alignment. Tree is not to scale on genetic 
distance but is illustrative of topology. Reference is S. Java strain CFSAN024725 (assembly 
RefSeq Accession GCF_000806525.1), and isolates starting with SRR correspond to US 
clinical samples. Bootstrap support is displayed under branches, with nucleotide 
substitutions per site shown above branches. All MW isolates show low phylogenetic 
distance under strong bootstrap support (> 85%). 
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Figure 2-3: Core SNP distance heatmap (values obtained via snp-dists and visualized via 
Seaborn in Python). MW isolates and one clinical isolate (SRR7639130-USA-Unknown) 
have low core SNP differences (0-4 SNPs), indicating clonality. 

 

The core SNPs differing between the phylogenetically separated wastewater isolates were 

restricted to synonymous mutations or mutations in non-coding regions. All isolates but 

HIY0021_2010-05-24 contained silent SNPs in guaC (guanosine monophosphate reductase), 
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ftsl_1 (DD-transpeptidase/penicillin-binding protein 3) and fhuB (ferric-hydroxamate ABC 

transporter permease) genes, while all isolates but HIY0009_2010-05-10 included a mutation in 

a non-coding sequence located upstream of a putative proline aminopeptidase (determined via 

BLAST: 100% identity and 96% query coverage with WP_000193682.1). While there is no strict 

definition of maximum SNP differences to define clonality or outbreak status, studies on 

Salmonella enterica serovar Typhimurium have suggested that outbreak isolates may differ by 

up to 4 SNPs, although mini-clusters can be identified within a larger outbreak with 2 or less 

SNP differences (Phillips et al., 2016). For S. Java, the CDC has previously reported python-

implicated outbreaks with SNP between 0-2 SNP differences; cases from other U.S. states which 

fell within the same cluster were not closely genetically related (up to 24 SNPs) (Krishnasamy et 

al., 2018). More recently, another S. Java outbreak from tuna reported clinical isolates with 0-4 

SNP differences (Hassan et al., 2018).  

As the majority of the SNPs detected in the present study lead to no functional changes, 

there is a high likelihood that all wastewater isolates are associated with the same strain detected 

in municipal wastewater during the 2010 S. Java outbreak. Additionally, municipal wastewater 

from both 2010 and 2011 time points, as well as two clinical samples, can be considered clonal 

based on the core SNP similarities; thus, both the municipal wastewater and clinical outbreaks 

likely share the same etiology (or source).  

2.3.3 cgMLST-based minimum spanning tree (MST)  

The cgMLST analysis of municipal wastewater S. Java isolates positions all municipal 

wastewater isolates within a distinct cluster or clonal complex (Figure 2-4). The central genotype 

of the municipal wastewater cluster is composed of isolates from both 2010 and 2011 which 

share the same sequence type (ST), further supporting the hypothesis that the observed 
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wastewater S. Java spikes corresponded with community-level expression of the same outbreak. 

Within the cluster, isolates differ from the central genotype by a maximum of 2 loci (Error! 

Reference source not found.), indicating close genetic relatedness. Cluster types (CTs) of 

Salmonella enterica serovar Enteritidis isolates from gulls, domestic chick eggs, and humans 

(clinical samples) have been identified as samples differing by <5 alleles or loci based on similar 

cgMLST approaches (Toro et al., 2016). Clinical cases from the U.S. and the U.K are also 

associated with the cluster. Further removed (47 loci distance) is an isolate lacking 

location/isolation date metadata, with no further branching or clustering. 
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Figure 2-4: Minimum spanning tree (MST) for publicly available Paratyphi B isolates. 
MST was constructed in GrapeTree using the EnteroBase cg-MLST V2 algorithm (3,002 
loci) (31, 33), using all isolates in EnteroBase databases identified as Paratyphi B serovar (n 
= 1484) using SISTR method (32). White nodes indicate no relevant metadata (“Country” 
label) is available for the specific sample (legend label added manually). Yellow colour was 
added manually to separate Hawaii MW samples from other USA samples. MST is 
displayed using log-scale collapsed branches for allele distances < 20, with magnified inset 
expanded to show all branches (allele distance ≥ 1) for the Hawaii MW cluster (n = 11 for 
Hawaii MW samples). Grey labels in inset indicate allele distances between nodes. Hawaii 
MW samples form a distinct cluster, with isolates from both sampling years (2010 and 
2011) forming the core genotype. Figure available online at 
enterobase.warwick.ac.uk/ms_tree/23518. 
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2.3.4 Virulence factors and antibiotic resistance genes  

All wastewater isolates have the same virulence factor profile, containing 102 different 

virulence genes (Table S5). Additionally, all isolates contained the same resistance genes as 

determined through comparison to CARD, which are relatively common in Salmonella enterica 

genomes: AAC(6’)-Iy (chromosomal-encoded aminoglycoside acetyltransferase), mdtK 

(multidrug and toxic compound extrusions transporter conferring resistance to norfloxacin, 

doxorubicin and acriflavine), a number of genes involved in the multidrug and metal efflux 

complex MdsABC including golS, mdsA, mdsB, and mdsC(Jia et al., 2017), and sdiA (a cell 

division initiator which can positively regulate components of the AcrAB–TolC multidrug efflux 

pump when located on a plasmid), however, no plasmid components were found when 

plasmidSPAdes (Antipov et al., 2016) assembly was attempted on trimmed WGS data, indicating 

that this gene is likely inactive.   

2.3.5 Implications   

Paratyphi B variants of Salmonella enterica have traditionally been associated with 

paratyphoid fever, but epidemiological evidence indicate that tartrate-utilizing S. Java tends to 

present clinically as gastroenteritis similar to non-typhoidal salmonellosis (Chart, 2003); due to 

its relatively mild symptoms, infections with this serovar are more likely to be missed by clinical 

surveillance. While a spate of recent S. Java outbreaks have been linked to domestic exposure to 

aquatic pets or reptiles, including turtles (Hernández et al., 2012), pythons (Krishnasamy et al., 

2018) and aquariums (Levings, Lightfoot, Hall, & Djordjevic, 2006), many outbreaks have been 

associated with contaminated food (CDC (Centers for Disease Control and Prevention), 2016; 

Desenclos et al., 1996; FDA (Food and Drug Administration), 2017). Specifically, another multi-

state outbreak was reported due to contaminated frozen raw fish (Hassan et al., 2018), which has 
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far-reaching implications as a point of contamination: fish is often consumed raw as sushi 

(increasing the likelihood of infection) (Hassan et al., 2018), and outbreaks may extend for 

months as frozen fish is thawed and consumed (Keller, 2010, 

https://www.medscape.com/viewarticle/731624).   

In Hawaii, S. Java’s clinical occurrence is sporadic although not rare (92 isolates 

collected since 2005); however, it has only been implicated in one previous outbreak within the 

state (CDC (Centers for Disease Control and Prevention) & NCEZID (National Center for 

Emerging and Zoonotic Infectious Diseases), 2018). In terms of its broader clinical patterns, S. 

Java ranks among the top 20 serovars in Salmonella-derived illnesses across the U.S., mostly due 

to outbreaks (Centers for Disease Control and Prevention (CDC), 2018). Isolated cases of 

Paratyphi B strains in the U.S. may be associated with infection during travel (Gupta et al., 

2008). The isolates investigated in Hawaii municipal wastewater occurred at a high frequency 

over a relatively short time interval, and are strongly genetically similar: these observations are 

more suggestive of an outbreak than periodic travel-related infection.  

There is the possibility that, in the absence of additional community cases and excretion 

of S. Java, the increases in detection in municipal wastewater could be due to Salmonella 

survival on wastewater pipe surfaces or in biofilms. Historical experiments have indicated that 

specifically, Paratyphi B strains can survive up on lavatory and sewer drains for up to 10 weeks 

after excretion has ceased (R. W. S. Harvey & Phillips, 1955). Additionally, while little research 

has been conducted on pathogen survival in wastewater biofilms, Salmonella enterica has been 

shown to form biofilms as monocultures and in mixed cultures under variable nutrient levels on 

plastics (Stepanović, Ćirković, Ranin, & Švabić-Vlahović, 2004) and under drinking water 

distribution conditions on glass/PVC (Armon, Starosvetzky, Arbel, & Green, 1997) and silicone 
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(Schaefer, Brözel, & Venter, 2013). While this supports the concept of Salmonella being 

retained, grown, and later released via sloughing from biofilms (Schaefer et al., 2013), it was 

also noted that most Salmonella species showed decreased growth under high nutrient conditions 

which are more similar to conditions in wastewater distribution systems (Stepanović et al., 

2004). Additionally, biofilms (particularly those within wastewater contexts) are thought to be 

prime niches for gene transfer through plasmid sharing or mobile gene elements (Guo, Li, Chen, 

Bond, & Yuan, 2017; Rizzo et al., 2013); these types of acquired mutations were not noted in our 

municipal wastewater isolates. These unknowns point to a further opportunity for research on 

bacterial pathogen survival in wastewater distribution systems within biofilm growth 

configurations. However, it is unlikely that S. Java significantly persisted in biofilms between the 

two detection periods in municipal wastewater, and therefore, the abundance of S. Java reflects 

increasing input from the community.  

This increased input from the community could potentially represent a different event 

other than another outbreak: for example, a large discharge could occur due to thawing and 

disposal of frozen contaminated tuna. However, this would require a considerable mass of tuna 

to be discarded using municipal sewer-connected disposal systems. Assuming that a serving of 

tuna (4 oz) contained an infective dose of 103 Salmonella organisms (Blaser & Newman, 1982), 

several thousand tonnes of tuna per week would be required to reach final detected 

concentrations in wastewater; even at highly concentrated contamination levels (up to 108 

Salmonella per serving of fish), up to a tonne of raw tuna weekly would be necessary. This is 

especially unlikely in Honolulu, where large food manufacturers, processors and restaurants are 

required to recycle food waste per Chapter 9, Section 9-3.5 of the Revised Ordinances of 
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Honolulu since 1997 (available at http://www.honolulu.gov/ocs/roh/193-site-ocs-cat/839-table-

of-contents.html). 

Alternatively, increased community loads may not come from new infections, but from 

asymptomatic carriers who sporadically release pathogens in excreta long after infection (or 

without any initial evidence of infection) (Gopinath et al., 2012). Nontyphoidal salmonellosis 

chronic carriage (> 1 year) in humans is rare: most studies detail long-term carriage of typhoid-

causing serovars, primarily S. Typhi and S. Paratyphi A (Gal-Mor, Boyle, & Grassl, 2014; Gunn 

et al., 2014). Cases of chronic S. Paratyphi B carriers have been historically reported (Francis et 

al., 1989), and it may be one of the more common serovars implicated in long-term, 

asymptomatic excretion (Musher & Rubenstein, 1973). In chronic carriers, shedding of 

Salmonella through feces is periodic (Gopinath et al., 2012), and could lead to peaks in 

municipal wastewater without associated clinical cases. However, excretion from chronic and 

asymptomatic carriers cannot explain the observed dynamics of S. Java in the Honolulu 

wastewater, and in particular the high levels of S. Java detected during the 2011 resurgence 

period.  

The use of wastewater surveillance to monitor community public health status has been 

gaining traction academically and from a community management perspective. Recent studies 

have primarily focused on biochemical markers of health and disease (Daughton, 2018), as well 

as monitoring prescription (Burgard et al., 2013) and illicit (Lai et al., 2016) drug use. 

Monitoring microorganisms in municipal wastewater is presently a less common approach to 

community health surveillance, although it has a long history of use for enteric disease detection 

(R. W. Harvey & Price, 1970; Moore, 1951; Shearer et al., 1953), has been employed to better 

understand source species involved in Cryptosporidium outbreaks (L. Zhou et al., 2003), and 
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even supported a successful public health response in the case of wild-type poliovirus detection 

in wastewater in Israel (Manor et al., 2014). Large-scale initiatives to monitor community 

microbiomes have recently been initiated with the rise of affordable genomic analyses, for 

example, the Underworlds project at MIT (Reis-Castro, 2017). In the past, public health 

investigators have employed sewage swabs during field studies (followed by subsequent 

culturing) to localize the homes of presumptive typhoid carriers (R. W. S. Harvey & Phillips, 

1955; Shearer et al., 1953) and the sources of foodborne outbreaks (R. W. Harvey & Price, 

1970). The intricacies of today’s sewer systems, as well as concerns for personal privacy, may 

render this historical approach infeasible. However, we have demonstrated the utility of modern 

municipal wastewater monitoring for community enteric disease surveillance and detection of 

missed outbreaks; this additional information can be used to alert public health officials about 

persistence or re-emergence of outbreak strains, and could prompt new field investigations.  

In summary, as all municipal wastewater S. Java isolates share core SNPs, form a clonal 

complex, and share the same virulence and antibiotic resistance genes, the genomic analysis 

strongly indicates that the same strain of S. Java is contributing to the wastewater Salmonella 

concentration during the 2010 outbreak period and the 2011 resurgence. In our previous work, 

we found that community clinical salmonellosis cases were significantly correlated with 

Salmonella abundance in municipal wastewater (as both concentration and weekly flux) (Yan et 

al., 2018). Therefore, the relative abundance of Salmonella serovars in municipal wastewater 

should be representative of the population affected with active, clinically-relevant cases or 

asymptomatic shedding. In particular, statistically dominant serovars in municipal wastewater 

should be representative of a larger pool of contributors and hence indicate an outbreak. This was 

supported by the detection of S. Java as the dominant and most frequently detected serotype 



46 
 

during the clinical outbreak period, in spite of the sampling limitations used (i.e. daily composite 

samples on a weekly basis). Since the observed 2011 spike in S. Java concentration in municipal 

wastewater did not correspond to any reported clinical cases, this could be attributed to low 

sensitivity (false-negative) detection of salmonellosis disease burden in the community by the 

traditional clinical approach.  
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3 Chapter 3: Municipal wastewater surveillance reveals high 

community prevalence of rarely reported Salmonella Derby strain 

 

Abstract 

Clinical surveillance of enteric bacterial pathogens like Salmonella is integral to track 

outbreaks and endemic disease trends. However, clinic-centered disease monitoring biases 

toward detection of severe cases and underestimates the incidence of self-limiting gastroenteritis 

and asymptomatic strains. Monitoring pathogen loads and diversity in municipal wastewater 

(MW) can provide insight into asymptomatic or subclinical infections which are not reflected in 

clinically recorded cases. Subclinical infection patterns may explain the unusual observation 

from a year-long sampling campaign in Hawaii: Salmonella enterica serovar Derby was the most 

abundant pulsotype in MW but was detected infrequently in clinics over the sampling period. 

Using whole genome data of Salmonella isolates from MW and public databases, we 

demonstrate that the Derby serovar has lower virulence potential than other clinical serovars, 

particularly in genes linked with immune evasion and symptom production, suggesting its 

potential as a subclinical salmonellosis agent. Furthermore, MW had high abundance of a rare 

Derby MLST sequence type, ST-72 (rather than the more common Derby ST-40). ST-72 isolates 

had higher frequencies of fimbrial adherence genes than ST-40 isolates; these are key virulence 

factors involved in colonization and persistence of infections. However, ST-72 isolates lack the 

Derby-specific Salmonella Pathogenicity Island SPI-23, which invokes host immune responses. 

In combination, ST-72’s genetic features may lead to appreciable infection rates without obvious 

symptom production, allowing for subclinical persistence in the community. This study 
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demonstrates wastewater’s capability to provide community infectious disease information – 

such as background infection rates of subclinical enteric illness – which is otherwise inaccessible 

through clinical approaches. 

Importance 

Subclinical nontyphoidal salmonellosis infections are not well understood, as their lack of 

symptoms leads to low clinical reporting rates; however, they may still have profound impacts 

on human health due to increased spreading rates and their ability to cause major infections in 

immunocompromised individuals. Here, we demonstrate that wastewater surveillance can be 

used to examine subclinical community salmonellosis patterns. Derby was the most abundant 

Salmonella serovar detected in Hawaii wastewater over a year-long sampling study, with few 

corresponding clinical cases. Analyses indicate that the normally rare strain of Derby found in 

wastewater has a unique combination of genes which likely allow it to persist as a subclinical 

infection without producing symptoms of severe gastroenteritis. This study shows that 

wastewater can be used to explore trends in community infectious disease patterns which may 

not be reflected in clinical monitoring, shedding light on overall enteric disease burden and rates 

of asymptomatic cases. 
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3.1 Introduction 

Municipal wastewater (MW) – which contains waste products from all members of the 

connected community – has recently been recognized as a valuable tool for monitoring 

community health trends. Especially in separated sewer systems (in which stormwater and MW 

are conveyed through distinct pipe networks), wastewater contains a large percentage of human-

derived microorganisms which can indicate overall illness patterns for the connected community 

(O’Brien & Xagoraraki, 2019). To date, wastewater-based epidemiology (WBE) has mostly 

involved chemical monitoring (for example, illicit and prescription pharmaceuticals and 

metabolites); however, due to increasing technological capabilities and data processing abilities, 

more applications of WBE for monitoring biologicals are emerging, including tracking human 

pathogens (Choi et al., 2018). We previously demonstrated this capability for infectious disease 

monitoring using MW: Salmonella enterica concentrations in separated sewer wastewater 

correlated with community salmonellosis cases, and many strains appeared simultaneously in 

health clinics and wastewater (Yan et al., 2018). However, the patterns of pathogens in MW are 

not expected to perfectly reflect results from clinics due to the underestimation of enteric illness 

prevalence in clinical data, particularly for gastroenteritis illnesses such as non-typhoidal 

salmonellosis (NTS) (CDC, 2012). Underestimation of disease incidence using clinical 

surveillance methods is well documented, and can be broadly explained by under-ascertainment 

(affected individuals not seeking medical care) and underreporting (problems with the reporting 

process at the health provider level) (Gibbons et al., 2014). We have shown that MW 

surveillance can mitigate some of the issues with clinical under-detection: monitoring of 

wastewater Salmonella detected a resurgence of a salmonellosis outbreak that was missed by 

clinics (Diemert & Yan, 2019).  
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Related to the issue of under-ascertainment, pathogen profiles may differ between clinics 

and municipal wastewater due to subclinical infections. Pathogens that cause low grades of 

illness, which are less likely to prompt a clinic visit and hence not detected by clinical 

approaches, can still be shed significantly in feces (Gal-Mor, 2019) and are therefore able to be 

detected through MW monitoring. Despite the lack of symptoms, subclinical NTS infections can 

still have serious impacts on public health: subclinical carriers can increase the spread of disease, 

low-virulence pathogen strains may cause serious illnesses in immunocompromised people, and 

strains involved in asymptomatic persistent infection may spread antibiotic resistance genes to 

other more virulent strains (Quilliam et al., 2013). Presently, little is known about the specific 

serovars that are associated with subclinical infections, although strains with reduced virulence 

factor genes may be associated with more minor illnesses (Litrup et al., 2010; Marzel et al., 

2016). 

Subclinical infections may explain the high wastewater prevalence and simultaneous 

clinical underreporting of Salmonella Derby in Honolulu. S. Derby comprised approximately 

21% of MW isolates from the year-long MW sampling campaign (Yan et al., 2018). In contrast, 

it was only detected in 2% of Hawaii clinical cases from the same time period (3, also Figure 

6-1). While not rare in the United States, S. Derby is not one of the more common serovars 

reported to the Laboratory-based Enteric Disease Surveillance (LEDS) system in the USA 

(Centers for Disease Control and Prevention (CDC), 2018). Derby has been postulated to have 

relatively low virulence as a serovar (Litrup et al., 2010), and traceback investigations have 

found that S. Derby outbreaks can be largely asymptomatic, which can exacerbate the spread 

through secondary infection (Sanders et al., 1963). 
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In order to understand the underlining mechanisms for S. Derby’s clinical underreporting 

and high wastewater prevalence, we conducted a comparative genomic investigation of the 

wastewater isolates against Salmonella strains selected from publicly accessible databases, 

focusing on virulence factor genes and phylogenetic diversity. Virulence factors (VFs) are 

molecules produced by pathogens which enable their growth and ability to cause disease in 

hosts, and may involve colonizing and/or invading host cells, evading barriers and defence 

mechanisms, suppressing host immune responses and acquiring nutrients more efficiently from 

hosts (Zachary, 2017). The presence and variability of VF genes can provide an estimate of the 

virulence potential of a Salmonella genome, and corresponds with clinical presentation of the 

salmonellosis infection, including its host-specificity (Yue et al., 2015) and overall virulence 

toward establishing infections (Litrup et al., 2010), including invasive NTS (Suez et al., 2013).  

Five groups of Salmonella were compared for VF genes: two groups from Hawaii MW 

(S. Derby MW and other serovars from MW), two groups of S. Derby from the NCBI Pathogen 

Detection Isolates Browser database ((National Center for Biotechnology Information (NCBI), 

2019), clinical and environmental/other-derived isolates, US isolates only), and one group (also 

from the Isolates Browser) that comprised isolates representative of the top 20 clinical serovars 

in the US for 2010-2011 (Centers for Disease Control and Prevention (CDC), 2013). 

Furthermore, we found unusual trends in the phylogenetic diversity within the MW S. Derby 

isolates: an abundance of ST-72, a normally rare sequence type (determined via traditional multi-

locus sequence typing, or MLST) was detected. To further explore the virulence traits of S. 

Derby in MW and other contexts, we compared MW isolates with specific sequence types (ST-

72 and ST-40) subsampled from EnteroBase (Alikhan et al., 2018). These comparative genomics 
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analyses highlight the unique virulence potential of S. Derby isolate from MW and contrasts 

these characteristics with those observed in isolates from primarily clinical contexts.  

3.2 Materials and Methods 

3.2.1 Whole-genome sequencing (WGS)  

Salmonella isolates were collected as part of a year-long weekly raw MW sampling 

campaign at the Sand Island Wastewater Treatment Plant in Honolulu (2010-2011); this 

campaign included Salmonella enumeration, isolation, and pulsed-field gel electrophoresis 

(PFGE) typing (Yan et al., 2018). Samples were randomly selected for WGS (n = 273). 

Sequencing was conducted by the Hawaii Department of Health, following standard CDC 

PulseNet procedures for DNA extraction, Nextera XT library preparation, and Illumina MiSeq 

runs (CDC PulseNet, 2015, 2016). WGS paired-end reads are available under BioProject 

accession no. PRJNA274995. 

3.2.2 Genome draft assembly procedure  

Sequencing adapters were trimmed from raw paired-end FASTQ reads using BBDuk 

from the BBTools package (Bushnell, 2018). The Trim Galore wrapper (Krueger, 2017) was 

then used to trim for quality bases (Phred scores of <20 removed) via Cutadapt (M. Martin, 

2011) and confirm read quality via FastQC (Andrews, 2018). Quality-trimmed paired-end 

FASTQ reads were assembled using the de novo assembler SPAdes (Bankevich et al., 2012). 

Assemblies were assessed for contamination using BlobTools at the phylum level (Laetsch & 

Blaxter, 2017); contigs not belonging to Proteobacteria or viral phages were removed from the 

assemblies. Depth of coverage and assembly statistics were determined using QUAST (Gurevich 

et al., 2013); results are summarized in Dataset S3 (Tables S1-7). Serovar designations were 
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confirmed using SISTR for command line (Yoshida et al., 2016). This analysis indicated that 63 

of 65 isolates identified as Derby through PFGE belonged to the Derby serovar, while 2 isolates 

were identified as Agona. These isolates were excluded from subsequent WGS analyses, with the 

exception of pangenome analysis + cg-MLST construction. All other MW isolates were scanned 

for serovar confirmation with SISTR, and no additional isolates were identified as Derby (results 

not shown). From the non-Derby MW dataset, 63 isolates were randomly selected to represent 

the “other MW” group. BioSamples and assemblies are available under BioProject accession no. 

PRJNA507471; accession numbers and assembly data are provided in Dataset S3, Tables S1 

(Derby MW) and S2 (other MW).  

3.2.3 Selection of isolate DNA from databases  

Metadata for all Salmonella isolates in the NCBI database was collected from the NCBI 

Pathogen Detection Isolates Browser (Beta) FTP 

(ftp://ftp.ncbi.nlm.nih.gov/pathogen/Results/Salmonella/) on July 31, 2019 and imported into 

JuPyter for analysis with the pandas library (McKinney, 2010) in Python. The dataset was 

filtered for samples isolated in the USA (under ‘geo_loc_name’ flag) which had corresponding 

data uploaded to the short reads archive, SRA (under ‘Run’ flag). Derby isolates were selected 

by sorting according to serovar (as identified by submitting lab) after cleaning the ‘serovar’ flag 

categories for naming consistency. Derby results were further filtered into clinical or 

“environmental/other” categories based on the ‘epi_type’ flag, and only samples isolated from 

human hosts were retained for the clinical dataset. Sample entries corresponding to MW isolates 

from the Hawaii Sand Island WWTP dataset were excluded from the Derby environmental/other 

category. The Derby environmental/other dataset was randomly subsampled (n = 63, to match 

total number of MW Derby sequenced isolates) to retrieve a list of accession numbers: FASTQ 
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files for these accession numbers were downloaded from the NCBI Sequence Read Archive 

(SRA). For the Derby clinical dataset, only 63 samples met the filter conditions, so subsampling 

was not required and all accession numbers in the dataset were downloaded from SRA. FASTQ 

files were subjected to the assembly pipeline described above. For the Derby clinical dataset, 

results from SISTR indicated that only 54/63 isolates belonged to the Derby serovar, and only 

this subset (n = 54) was subjected to further analyses. Accession numbers and assembly data are 

provided in Dataset S3, Tables S3 (clinical) and S4 (environmental/other). 

The NCBI database was also queried to build a Salmonella dataset representative of 

human clinical samples for 2010, the same year as the MW sampling campaign. The top 20 

laboratory-confirmed serovars in US clinics (as well as percentages of other serotypes, unknown, 

and partially serotyped isolates) was obtained from the CDC Laboratory-based Enteric Disease 

Surveillance report for 2010 (Centers for Disease Control and Prevention (CDC), 2013). 

Proportions for each serovar (and categories of “other serotypes” and “unknown/partially 

serotyped isolates”) required to make a total sample set of n = 63 were calculated. For each 

serovar, the US clinical category of NCBI isolates was randomly subsampled for the appropriate 

proportion. For the “other serotypes” category, serovars not matching the top 20 list were 

randomly subsampled; for the “unknown” category, isolates with no serovar information (or with 

“Missing” as the entry for the serovar flag) were randomly subsampled. Details are provided in 

Table S5. This representative clinical dataset (n = 63) was subjected to the assembly pipeline and 

further analyses.  

For comparison of specific sequence types (STs) of Derby, metadata was queried from 

the Salmonella database of Enterobase (Z. Zhou et al., 2019) with SISTR serovar testing. 

Metadata for all publicly available Derby isolates (as identified via SISTR) from the USA was 
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filtered to determine proportions of different STs, not including the Hawaii MW isolates. 

Additionally, the Enterobase Salmonella Derby USA dataset was sampled for ST-40 and ST-72 

isolates to compare with Derby isolates from Hawaii MW (n for ST-40 = 20, n for ST-72 = 43). 

Of the Enterobase Salmonella Derby USA dataset, only 25 isolates belonged to the ST-72 group 

(and thus all ST-72 isolates were sampled), whereas 957 isolates corresponded with the ST-40 

group: n = 43 isolates were subsampled from the ST-40 group. These isolates were downloaded 

from the NCBI SRA and were subjected to the assembly pipeline and further analyses. 

Accession numbers and assembly data are provided in Dataset S3, Tables S6 (ST-40) and S7 

(ST-72). All code for metadata analyses is available in Dataset S1 (JuPyter sheet).  

3.2.4 Gene identification and comparative genomics  

All Derby pulsotypes in Hawaii MW were subjected to core-genome multi-locus 

sequence typing (cgMLST) in EnteroBase (Alikhan et al., 2018), using the cgMLST V2 + 

HierCC V1 schemes. GrapeTree (Z. Zhou et al., 2018) was used to construct a minimum 

spanning tree (MST, publicly available at enterobase.warwick.ac.uk/ms_tree/28133). Another 

MST (Figure 6-2) was constructed using all isolates in the EnteroBase database which were 

identified as Derby using SISTR (Yoshida et al., 2016) with release dates no later than October 

30, 2019 (n = 1107). This MST is publicly available at enterobase.warwick.ac.uk/ms_tree/33906. 

MW draft assemblies were annotated using Prokka (Seemann, 2014). The pan-genome of 

MW S. Derby isolates was constructed using Roary (Page et al., 2015): the -e mafft flag was 

used to create a concatenated core genome alignment, which was then passed to RAxML 

(Stamatakis, 2014) to infer a phylogenetic tree using the GTR-Gamma model of site 
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heterogeneity and 100 bootstrap iterations.  This tree was visualized using the iTOL web tool 

(Letunic & Bork, 2016).  

The traditional 7-gene multi-locus sequence typing (MLST) Salmonella scheme was used 

to classify STs of draft assemblies computationally with mlst_check (Page, Taylor, & Keane, 

2016). Draft assemblies were scanned for virulence genes using ABRicate (Seemann, 2018a) and 

the Virulence Factors of Pathogenic Bacteria Database (VFDB) (Chen et al., 2012) with 

minimum identity of 90% and minimum coverage of 50%. For confirmation of Salmonella 

pathogenicity island (SPI)-23, 8 marker genes previously described by Hayward et al. (Hayward 

et al., 2014) (gooN, potR, talN, chlR, bigM, genE, tinY and docB) were used to construct a local 

BLAST database. Assemblies were scanned against the database with using ABRIcate with a 

minimum identity of 90% and an increased minimum coverage of 70%. 

3.2.5 Statistics and visualization  

ABRIcate summary tables were processed in JuPyter sheets using pandas to construct a 

contingency table for overall unique VF gene frequencies per Salmonella isolate category (Derby 

in MW, other serovars in MW, clinical Derby, environmental/other Derby, and clinical 

representative serovars). Additionally, VF genes were separated into functional categories 

(Thomas et al., 2017) and separate contingency tables were created.  

The significance of gene frequency variations between Salmonella isolate categories was 

evaluated using p-values from nominal variables tests: chi-squared (χ2) test of independence for 

overall unique VF genes, fimbrial adherence determinants, and secretion systems (as response 

variables > 1000), and Fisher’s exact test for other VF gene categories (MacDonald, 2014). If 

omnibus testing yielded significant results (at α = 0.05), post-hoc multiple comparison tests were 
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conducted on all possible pairs of Salmonella isolate categories, with resulting p-values adjusted 

using the Bonferroni correction. The chi-squared test  (chisq.test) and Fisher’s exact test 

(fishers.test) were called in python from the ‘stats’ package in R (R Core Team, 2019) using rpy2 

(rpy2.bitbucket.io/). Similar analyses were conducted on ST-72 vs ST-40 datasets from Derby 

MW and EnteroBase. Box plots of overall gene frequencies and heatmaps for gene proportions 

were visualized via Seaborn (Waskom et al., n.d.). All code for statistical analyses is included in 

Dataset S2 (JuPyter sheet). 

3.3 Results and Discussion 

From the collection of Hawaii MW Salmonella isolates which were subjected to DNA 

extraction and sequencing, 63 isolates belonged to the Derby serovar. For comparison, four other 

groups of isolates were examined: other serovars in MW, clinical Derby isolates from NCBI, 

environmental/other Derby isolates from NCBI, and other serovars representative of clinical 

isolates from NCBI. These four groups were subsampled for n = 63 isolates each and draft 

assemblies were constructed using bioinformatics pipelines (refer to Materials and Methods for 

more details). These assemblies were examined for the presence of virulence factor (VF) genes, 

and the frequencies of VF genes were compared using either chi-squared or Fisher’s exact tests 

of independence.  

Based on the chi-squared test of independence, there are significant differences in VF 

gene frequencies between different Salmonella categories (χ2 = 282.77, d.f. = 4, p < 0.001). Post-

hoc testing (pairwise χ2 with Bonferroni correction) indicated that all categories have 

significantly different VF gene frequencies (padj <0.001 to 0.0049), with the exceptions of the 

Derby groups from databases (Derby enviro/other and Derby clinical, shown in the red box in 

Figure 3-1A); Derby from MW and databases have significantly fewer VF genes (and 
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subsequently lower overall virulence potential) than other serovars found in MW as well as the 

clinical serovars in NCBI database. Additionally, this post-hoc testing revealed that the MW 

Derby group contains significantly more VF genes than the Derby groups surveyed in the NCBI 

database.  

To explore functional explanations for these gene frequency differences, the VF genes were 

clustered into biochemical categories and visualized in a heat map showing the average 

proportion of full gene groups, by Salmonella category (Figure 3-1B). Post-hoc testing revealed 

that for many gene groups, the Derby isolates from MW are not significantly different from the 

NCBI Derby groups (clinical and environmental/other, padj < 0.001). However, the Derby 

isolates differ drastically from the clinical serovars and other serovars in MW. Depending on the 

VF gene group, the Derby isolates either lack all genes within the group (stress protein & 

antivirulence, toxin genes, immune evasion genes), or contain significantly fewer genes (as for 

secretion system and non-fimbrial adherence determinant genes) than the clinical serovars and/or 

the other serovars subsampled in MW. These gene groups largely contribute to increased 

survival and persistence within hosts (i.e. serum resistance, immune evasion), as well as the 

production of symptoms (i.e. toxins). Comparatively, Derby as a serovar (as represented by the 

three groups tested here) has lower virulence potential in these functionalities. This is consistent 

with previous studies that noted Derby as a less pathogenic serovar lacking key virulence genes 

(Litrup et al., 2010), which may result in a subclinical presentation.   

Interestingly, post-hoc testing also revealed that for one gene functional group – fimbrial 

adherence determinants – the MW Derby isolates have significantly higher gene frequencies than 

Derby isolates from NCBI databases (clinical: χ2 = 35.3, n = 1, padj < 0.001 and 

environmental/other: χ2 = 52.6, n = 1, padj < 0.001; Figure 3-1C). MW Derby has higher 
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frequencies of fimbrial genes than the NCBI Derby groups, lower frequencies than clinical 

serovars, and these frequencies do not differ significantly when compared to MW isolates 

belonging to other serovars (χ2
 = 0.24, n = 1, padj < 0.001). Thus, while the MW Salmonella 

isolates (including MW Derby) have fewer fimbrial adherence determinants than the 

representative clinical serovars, they possess more of these genes than environmental and clinical 

Derby isolates from NCBI databases.  
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Figure 3-1: VF gene variation in subsampled Salmonella categories (ABRIcate against 
VFDB with 70% coverage and 90% identity). A) Box plot with overlaid strip plot showing 

B) 

C) 

A) 
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unique VF genes per isolate. The strip plot (black dots) indicate results from individual 
isolates within each group. The red rectangle indicates pair which did not have significant 
differences in VF gene frequencies (null hypothesis accepted for χ2 post-hoc test, α = 0.05 
with Bonferroni correction for multiple comparisons). B) Heat map of VF gene frequency 
(grouped by functionality (Thomas et al., 2017)). Asterisks indicate gene functional 
categories with significant omnibus tests at α = 0.05 (one asterisk (*) = Fisher’s exact test, 
two asterisks (**) = χ2 test of independence). C) Box plots with overlaid strip plots for 
fimbrial determinant genes per isolate in different Salmonella categories. Red rectangles 
indicate pairs which did not have significant differences in VF gene frequencies (null 
hypothesis accepted). 

 

In addition to the differences in gene frequencies, MW Derby exhibits a more bimodal 

distribution of unique VFs than other Salmonella categories (strip plot in Figure 3-1A). These 

observations suggest an underlying population subgrouping in MW Derby, which is corroborated 

by phylogenetic analyses (Figure 3-2). The PFGE analysis of MW Derby pulsotypes isolates 

(compared with Hawaii Department of Health clinical isolates from the same sampling period) 

resulted in a dendrogram with three main clusters of Derby isolates (Figure 3-2A). This overall 

clustering corresponds with the phylogenetic tree created via pangenome alignment (Figure 

3-2B), the cg-MLST minimum spanning tree (Figure 3-2C), and with the 7-gene traditional 

MLST sequence types (STs) of the isolates (Figure 3-2 legend). Two isolates which formed a 

cluster – HIY151 and HIY163 – were found to belong to the Agona serovar (ST-13), not Derby, 

after applying the MLST typing and SISTR for genetic serovar confirmation (Yoshida et al., 

2016). S. Agona is sometimes incorrectly serotyped as S. Derby (and vice-versa) due to 

similarities in antigenic structure between the serovars (Ashton et al., 2016). The two isolates 

identified as Agona were not analyzed further, nor were they included in the previous VF 

analyses. 
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Figure 3-2: Comparison of clustering methods for Derby pulsotypes from MW. A) PFGE 
analysis of Derby isolates from MW and Hawaii clinics (black dots indicate clinical 
samples, not all MW samples shown). Dendrogram split Isolates into three major clusters. 
B) Generalized time-reversible/gamma maximum likelihood phylogenetic tree from 
alignment of core pangenome (generated from Roary (Page et al., 2015) alignment via 
RAxML (Stamatakis, 2014), visualized in iTOL (Letunic & Bork, 2016)). C) cg-MLST 
minimum spanning tree for MW Derby pulsotypes. Branch lengths correspond with allelic 
differences over n = 3,002 loci in the EnteroBase cg-MLST scheme for Salmonella(Alikhan 
et al., 2018). Minimum spanning tree generated with GrapeTree using the online webtool 
(Z. Zhou et al., 2018). 

 

Based on this phylogenetic clustering, the MW Derby collection is composed of two 

distinct subpopulations which are delineated as traditional MLST sequence types: ST-72 and ST-

40 (Figure 3-2C). This in itself is not surprising, as Derby is known to be a polyphyletic serovar 

with at least two distinct lineages (Beltran et al., 1988; Hayward, Petrovska, Jansen, & 

Woodward, 2016; Sévellec et al., 2018) (in contrast to many Salmonella serovars with single 

common ancestors). However, the presence and prevalence of ST-72 (in clinics, foodborne 

samples, environmental or other isolation environments) has not previously been reported. Here, 

we found ST-72 to compose the majority of Derby isolates in MW (68%, n = 63). In addition to 

ST-72’s abundance in MW, several Honolulu clinical isolates of ST-72 were recorded during the 

same time period (denoted by dark circles in Figure 2A and compared with MW detection in 

Figure S1). This indicates that the strains of ST-72 not only are ubiquitous in the community, but 

also have the capacity to develop clinically-relevant infections.  

Contrasting with the prevalence of ST-72 in Honolulu MW, ST-40 is the most commonly 

reported sequence type for the Derby serovar in literature (Sévellec et al., 2018), with isolates 

found in North America (B. Wang et al., 2011), Europe (Hayward et al., 2016; Sévellec et al., 
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2018), and Asia (Zheng et al., 2017). The prevalence of ST-40 can be observed in the 

distributions of the different Derby subsamples used in this study, as well as the EnteroBase 

database results for the Derby serovar as a whole (Figure 3-3), and in the minimum spanning tree 

for these isolates (Figure 6-2). ST-72 has been rarely discussed in literature: normally, it is only 

noted as a constituent of Derby STs in sequence typing schemes but not found in samples studied 

(Sévellec et al., 2019; Zheng et al., 2017). All ST-72 isolates currently available on EnteroBase 

were collected in North America, and the majority of these are from the present study of 

Hawaiian MW. The only significant mentions of ST-72 consist of the publication of a closed 

reference genome (Bessonov et al., 2018), and the inclusion of a single ST-72 isolate in a key 

study on Derby lineages (Hayward et al., 2016). ST-72 formed part of Derby lineage L2, with 

other isolates identified as ST-71, while lineage L1 contained mostly ST-40.  
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Figure 3-3: Traditional 7-gene MLST sequence type distribution for difference sample sets, 
and from the overall EnteroBase database when selecting for isolates with Derby serovar 
using SISTR (Yoshida et al., 2016). STs obtained on assemblies using mlst_check (Page et 
al., 2016) for MW Hawaii Derby and subsampled Derby groups, and STs for EnteroBase 
were collected from the EnteroBase experimental data (Alikhan et al., 2018).  

 

To conduct a more in-depth comparison between the ST-72 and ST-40 virulence gene 

composition, EnteroBase was queried for isolates matching these STs (Hawaii MW samples 

were excluded from this query). These subsamples from EnteroBase were subjected to the same 

VF gene analyses and compared with the ST-72 and ST-40 isolates from the Derby MW sample 

set. Omnibus tests indicated that fimbrial adherence determinants (Fisher’s exact test, d.f. = 4, p 

< 0.001) were the only gene group that exhibited significantly different frequencies between the 

two STs, with ST-72 exhibiting significantly higher frequencies. To clarify the specific genes 
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which varied, individual fimbrial adherence genes were analyzed for frequency differences 

between groups via Fisher’s exact test. 5 genes – all components of the lpfABCDE operon – 

varied significantly (d.f. = 4, p < 0.001). Post hoc testing indicated that ST-72 isolates 

(regardless of source, i.e. MW vs. EnteroBase subsamples) have significantly higher frequencies 

of lpfABCDE genes than ST-40 isolates. This pattern was consistent: all ST-72 isolates contain 

the lpfABCDE genes, which are missing in all ST-40 isolates (Figure 3-4).  
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Figure 3-4: Combined core pangenome maximum likelihood phylogenetic trees 
(constructed via Roary (Page et al., 2015) and RAxML (Stamatakis, 2014)) for ST-72 and 
ST-40 isolates from MW Derby and EnteroBase subsamples, with heat map of specific gene 
counts (visualized via Phandango (Hadfield et al., 2018)).   

 

The presence of the lpfABCDE operon in ST-72 Derby isolates (in contrast to its absence 

in ST-40) is particularly interesting due to its role in host cell adhesion, invasion and persistence, 

and its implications on host specificity. The long polar fimbrae (lpf) mediate attachment and 

invasion of epithelial cells (Bäumler, Tsolis, & Heffron, 1996a), and have demonstrated 

preference to Peyer’s patches (intestinal cells) in mouse models (Bäumler, Tsolis, & Heffron, 

1996b). Salmonella strains contain on average 11-13 unique types of fimbrial gene clusters 
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(FGCs) which provides some functional redundancy (Yue et al., 2012). Compared to core FGCs 

which were detected in >80% of serovars studied, the lpfABCDE operon is only partially 

conserved (present in approximately 70% of serovars and <40% of individual strains) (Yue et al., 

2012). Due to the partial functional redundancy of FGCs, the evolutionary loss of specific 

fimbrial genes may only lead to a moderate loss in virulence, compared to a major reduction of 

infectivity when multiple FGCs are mutated or lost (Bäumler et al., 1996b; Van Der Woude & 

Bäumler, 2004). However, the spectrum of FGCs genetically available to Salmonella strains 

affects their host preference and their ability to evade immune responses. Most Salmonella 

strains containing lpf genes exhibit a broad host range (Yue et al., 2012): this may be the case for 

ST-72 isolates, as lower host selectivity is often associated with reduced symptoms or subclinical 

infections (Yue et al., 2015). Additionally, lpf operon expression is regulated through phase 

variation, which allows for cross-immunity evasion: lpf phase “off” variants do not develop 

surface long polar fimbrae, preventing antigenic recognition by hosts, but can retain the ability to 

develop these fimbrae for infection of different hosts (Nicholson & Bäumler, 2001). As a result, 

the ST-72 strains may have enhanced survival against immune responses and longer persistence 

in hosts, allowing it to establish as an endemic infection within a community.  

 In addition to scanning for general virulence genes, all ST-72 and ST-40 strains were 

investigated for genes indicative of the Derby-specific Salmonella pathogenicity island SPI-23 

(Hayward et al., 2014). The ST-72 isolates (from MW and EnteroBase subsampling) lack all 

SPI-23 genes except for docB, and most ST-40 isolates contain all SPI-23 genes. This provides 

further evidence that ST-72 belongs to the proposed L2 lineage of Derby, along with ST-71, as 

this lineage lacks SPI-23 (Hayward et al., 2016).  SPI-23 encodes for several putative type III 

secretion effector proteins; these secretion systems can modulate host immune responses, cellular 
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functions and structures (Hayward, Jansen, & Woodward, 2013), and in particular play key roles 

in the induction of host inflammatory responses (Wallis & Galyov, 2000). Additionally, L2 

Derby isolates containing SPI-23 genes have demonstrated higher infection rates on porcine 

jejunum monolayers compared with isolates lacking these genes (Hayward et al., 2014). While it 

is currently unknown whether these genes confer host-specific (porcine) or broad-range 

infectivity, their expression is associated with higher virulence and tissue tropism (Hayward et 

al., 2014). The absence of SPI-23 in ST-72 isolates may explain their prevalence in MW but lack 

of clinical representation: while ST-72 may be able to establish infections and persist in hosts, 

they have comparatively lower ability to interfere with host cellular functions and promote 

inflammatory responses, potentially leading to reduced symptoms in infected hosts (and thus a 

decreased potential for clinical reporting).     

3.4 Conclusions 

In summary, municipal wastewater (MW) surveillance of pathogens was used to explore the 

genetic mechanisms behind Salmonella Derby’s abundance in Honolulu MW but low detection 

in local health clinics. Taken together, our results show a group of previously under-reported 

strain of Salmonella Derby (ST-72) with unique virulence characteristics to be highly prevalent 

in MW but rare in clinics. Derby as a serovar has lower virulence potential than other clinical 

representative Salmonella serovars, and may cause only a subclinical or low-grade infection. The 

ST-72 strain has a higher ability than most Derby strains to establish infections, but with less 

virulence to the hosts, aiding persistence in the community. Relatively little is known about 

Salmonella strains responsible for subclinical salmonellosis, including their overall contribution 

to disease burden and their impact on environmental Salmonella reservoirs (Gal-Mor, 2019). 

This study suggests that wastewater-based public health monitoring can be used to determine the 
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strains responsible for these clinically-inaccessible “background levels” of enteric infectious 

disease in a community: pathogens which form part of the overall disease burden, may 

sporadically cause serious illness, and can contribute the pathogenic resistome may be identified 

and explored using municipal wastewater. 
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4 Chapter 4: Antibiotic resistance gene (ARG) trends in municipal 

wastewater Salmonella isolates reflect a subset of the clinical ARG 

diversity 

Abstract 

 With the rising disease burden attributable to antibiotic resistant pathogens, sensitive 

monitoring of antibiotic resistant genes (ARGs) in isolates from human infections is integral: this 

provides an accurate picture of the active antibiotic resistome. The use of municipal wastewater 

(MW) for monitoring community salmonellosis patterns has previously exposed subclinical 

infection trends, and may shed further light on ARG prevalence in circulating Salmonella strains. 

Draft Salmonella genomes isolated from Oahu MW were subject to comparative genomics 

against all RefSeq NCBI assemblies from clinical NTS cases. ARGs in MW Salmonella isolates 

represent a subset of those observed in clinical NTS, and ARG profiles correspond more strongly 

with serovar than isolation source (MW vs. clinical NTS). Overall ARG prevalence is lower in 

MW Salmonella than clinical NTS: there is a larger proportion of susceptible isolates and fewer 

multidrug resistant (MDR) strains in MW. Higher percentages of clinical NTS isolates contain 

resistance genes against beta-lactams, quinolones, rifamycin, bleomycin, lincosamide, 

sulfonamides, trimethoprim, chloramphenicol/florfenicol, quaternary ammonium and 

streptothrycin; ARGs indicative of clinical NTS isolates (IndVal analysis, α < 0.05) 

corresponded with these antibiotic classes. ARGs indicative of MW were tet(C) and dfrA14: both 

were linked with common serotypes in MW (S. Anatum and S. Haifa). Similar rates of 

tetracycline, quaternary ammonium and fosfomycin ARGs were found in both datasets; for the 

latter, a new allele of fosA7 was discovered in S. Montevideo isolates. This study demonstrates 
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that MW may be useful for determining local antibiotic resistance patterns for all Salmonella 

infections, including asymptomatic or subclinical strains.  

Importance 

Antibiotic resistance is increasing in enteric bacterial pathogens like Salmonella enterica. 

Public health monitoring of antibiotic resistance genes (ARGs) in Salmonella isolates has been 

aided by decreased cost and complexity of whole genome sequencing (WGS), and overall trends 

in clinical, food, and environmental sources can be assessed through centralized data resources 

like NCBI’s Pathogen Database Isolates Browser. However, these datasets are biased: isolates 

from human infections tend to reflect strains which lead to serious infections and underrepresent 

asymptomatic or mild strains. Municipal wastewater (MW), however, should contain all strains 

which have infected the connected community, symptomatic or not. Our study indicates that 

MW Salmonella isolates have reduced antibiotic resistance than clinical NTS isolates (in terms 

of ARG diversity and number of ARGs/isolate); however, ARG trends are reflective of the 

serovars found in MW which likely represent subclinical infections within the community.  
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4.1 Introduction 

The increasing rate of antibiotic resistance in bacterial pathogens is becoming an 

international public health emergency: recent data indicates that the prevalence of antibiotic 

resistant pathogens is higher than previously understood, and without intervention could lead to 

untreatable infections for even common illnesses (US CDC, 2019; WHO, 2015).  Non-typhoidal 

salmonellosis (NTS) accounts for approximately 1.4 million illnesses in the US per year 

(Voetsch et al., 2004), and over 200,000 of these infections may involve antibiotic resistant 

Salmonella (US CDC, 2019).  

Antibiotic resistance in Salmonella is increasingly being monitored genetically, with 

antibiotic resistance gene (ARG) screening conducted on genomes from clinical, animal, and 

food-based surveillance programs (for example, through the National Database of Antibiotic 

Resistant Organisms (NDARO), https://www.ncbi.nlm.nih.gov/pathogens/antimicrobial-

resistance/, and the National Antimicrobial Resistance Monitoring System for Enteric Bacteria 

(NARMS), https://www.cdc.gov/narms/index.html). Identification of antibiotic resistance 

patterns in Salmonella through whole genome sequencing (WGS) tends to conform closely with 

phenotypical resistance testing –  with the exception that aminoglycoside resistance can be 

overpredicted based on the presence of relevant ARGs alone (Mcdermott et al., 2016; Thomas et 

al., 2017); this makes genomic monitoring of Salmonella ARGs fairly effective as a proxy for 

antibiotic resistance in NTS infections (Zankari et al., 2013).  

One limitation of large-scale surveillance efforts is that human clinical Salmonella 

isolates are generally only collected when illness is sufficiently symptomatic to prompt a hospital 

visit; this contrasts with food-based surveillance programs, which have federally mandated 

sampling intervals to ensure product quality (i.e. poultry meat testing (USDA, 2011)) and regular 
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cecal sampling for slaughterhouses (USDA, 2020). Monitoring municipal wastewater (MW) may 

bridge this gap for human infections: in separated sewer systems, much of the bacteriological 

input to MW comes from human feces/urine, and may be indicative of enteric illness prevalence 

in the community (O’Brien & Xagoraraki, 2019). We have previously demonstrated the use of 

MW monitoring of Salmonella for predicting general and specific NTS infection trends (Yan et 

al., 2018), detecting outbreaks missed by clinics (Chapter 2) and exploring subclinical NTS 

strains (Chapter 3). MW may also provide unique insight into the ARG patterns within the 

community (Fahrenfeld & Bisceglia, 2016), and could shed light on asymptomatic infection 

trends which are inaccessible by clinical approaches but still contribute to the active Salmonella 

resistome (Berge et al., 2006).  

Many studies have reviewed the presence of ARGs in wastewater by targeting specific 

genes present in a range of pathogens (Auguet et al., 2017; Calero-Cáceres & Muniesa, 2016; 

Rizzo et al., 2013), or opting for a metagenomic approach (Che et al., 2019; Guo et al., 2017). 

However, these investigations can be limited in their public health applicability, as the source 

pathogens for the ARGs may be unidentifiable; furthermore, many ARGs found in MW may not 

have serious implications on human health, or are rarely found in clinical infections (Dai et al., 

2019).  

 By targeting a specific pathogen (Salmonella) and contrasting their ARG patterns with 

clinical isolates, the larger significance of the ARGs on public health can be assessed. In the 

present study, we determine that the ARGs in Salmonella derived from MW tend to reflect a 

subset of the larger ARG diversity present in database clinical NTS isolates. Furthermore, MW 

can be used to identify new variants of ARGs (i.e. fosA7).  
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4.2 Materials and Methods 

4.2.1 WGS of wastewater-derived Salmonella enterica isolates 

Salmonella was isolated weekly from municipal wastewater during a year-long sampling 

campaign at the Sand Island Wastewater Treatment Plant (Honolulu, HI) from 2010-2011. Full 

details of the sample processing have been previously described (Yan et al., 2018), but included 

Salmonella enumeration, isolation, and determination of pulsotypes through pulsed-field gel 

electrophoresis (PFGE). The final collection consisted of 378 confirmed Salmonella isolates; 

from this collection, isolates were randomly selected for WGS (n = 272 as of September 1, 

2019). Sequencing was conducted by the Hawaii Department of Health, following standard CDC 

PulseNet procedures for DNA extraction, Nextera XT library preparation, and Illumina MiSeq 

runs (CDC PulseNet, 2015, 2016). WGS paired-end reads are available under BioProject 

accession no. PRJNA274995. 

4.2.2 Draft genome assembly  

Sequencing adapters were trimmed from raw paired-end FASTQ reads using BBDuk 

from the BBTools package (Bushnell, 2018). The Trim Galore wrapper (Krueger, 2017) was 

used to trim for quality bases (Phred scores of <20 removed) via Cutadapt (M. Martin, 2011) and 

confirm read quality via FastQC (Andrews, 2018). Quality-trimmed paired-end FASTQ reads 

were assembled using the de novo assembler SPAdes (Bankevich et al., 2012). Assemblies were 

assessed for contamination using BlobTools at the phylum level (Laetsch & Blaxter, 2017); 

contigs not belonging to Proteobacteria or viral phages were removed from the assemblies. 

Depth of coverage and assembly statistics were determined using QUAST (Gurevich et al., 

2013); results are summarized in Table S1 (Dataset S1). Serovars were assigned using SISTR for 
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command line (Yoshida et al., 2016). BioSamples and draft assemblies are available under 

BioProject accession no. PRJNA507471; accession numbers are also provided in Table S1.  

4.2.3 Selection of human-derived Salmonella isolates from NCBI database  

The full list of Salmonella enterica RefSeq assemblies in the NCBI Assemblies database 

(https://www.ncbi.nlm.nih.gov/assembly, n = 10,947) was accessed on January 4, 2020. All 

assemblies were downloaded, and serovars were assigned using SISTR for command line 

(Yoshida et al., 2016). Metadata relating to the pathogen host (`pathogenicity`, `host_taxid`, 

`isolation_source` and `host`) was scraped from corresponding BioSample entries for each 

assembly with a custom python script using pandas (McKinney, 2010), BioPython (Cock et al., 

2009) and lxml (https://lxml.de/) libraries. For this study, only the subset of Salmonella enterica 

isolates which were recorded in human infections was sought. However, the metadata flags 

sometimes directly conflicted with one another (i.e. `host` designated as “human” but 

`isolation_source` designated as a non-human source, such as food items or animals). In order to 

include assemblies in the human host subset, the following criteria was applied: 

 Assemblies with `pathogenicity` flag = human or `host_taxid` = 9606 (Homo sapiens) 

were designated as having human hosts 

 All unique flags for `isolation_source` were manually reviewed, and assemblies with 

`isolation_source` which included specificity for human sources (for example, “Human 

(blood)” or “biological fluid-human”) were included 

 Assemblies with “human” specified under the `host` flag were manually reviewed for 

their corresponding `isolation_source` flags: if the `isolation_source` was potentially 
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human (bodily fluids, patient description, etc.), these assemblies were included. Other 

assemblies with non-human or unspecified `isolation_source` entries were discarded. 

After cleaning to select for human-sourced isolates (n = 1,825), assemblies for typhoidal and 

paratyphoidal serovars Typhi and Paratyphi A (Feasey et al., 2012) were dropped to limit the 

study to pathogens responsible for nontyphoidal salmonellosis, NTS (n = 1,305). Assemblies 

with the Paratyphi B serovar were retained, as infections tend to show symptoms more similar to 

NTS than typhoid or paratyphoid (Chart, 2003). There were no Paratyphi C isolates in the study 

set. 

4.2.4 Antibiotic resistance gene analysis  

Core and additional antibiotic resistance genes were identified in the MW and NCBI NTS 

human nucleotide assemblies using the NCBI AMRFinder-Plus version 3.0.12 (Feldgarden et al., 

2019) using default settings (minimum coverage of 50% and minimum identity of 90% to 

reference sequences, excluding HMM hits) and `--organism` flag set to “Salmonella” for point 

mutation identification. Draft assemblies were scanned for plasmid presence using the MOB-

recon and MOB-typer tools from MOB-suite (Robertson & Nash, 2018); putative plasmid 

sequences were subject to AMRFinder to assess ARGs located on plasmids. Select sequences 

containing potential integron-bound ARGs were subject to screening with integron_finder to 

identify integrases, attC sites and cassettes (Cury, Jové, Touchon, Néron, & Rocha, 2016). 

Summary tables for gene coverage were imported into JuPyter sheets for analysis using the 

pandas library. Tables were converted into gene presence/absence dataframes (i.e. ignoring 

partial or duplicate instances of genes). Determination of antibiotic class resistance (based on 

presence of genes) was made using the Pathogen Detection Reference Gene Catalog (version 
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2019-10-30.1, accessed from www.ncbi.nlm.nih.gov/pathogens/isolates#/refgene/ on December 

11, 2019). The JuPyter metadata analysis is available in Dataset S2.  

For fosA7 (fosfomycin resistance gene), a local BLAST database was built using 

representative nucleotide sequences from all 5 proteins in the NCBI protein cluster 

PCLA_866354 for the “FosA family Fosfomycin resistance glutathione transferase” 

(www.ncbi.nlm.nih.gov/proteinclusters/866354, HMM accessions: NF000026.1, NF000221.3, 

NF000496.1, NF032892.0, PF00903.23 and RF0077). Draft assemblies from MW and NCBI 

Assembly dataset were scanned against this fosA database using ABRIcate with a minimum 

identity of 90% and an increased minimum coverage of 70%. A custom Python script was used 

to construct a multiFASTA with all fosA genes in the assemblies studied, which was 

subsequently aligned using MUSCLE (Edgar, 2004). An initial tree was constructed with 

FastTree (Price et al., 2010) to assess genomes with identical fosA sequences (Figure 6-3), and 

duplicate sequences were removed to simplify the resulting tree. The simplified fosA alignment 

was then used to generate a generalized time-reversible maximum likelihood phylogenetic tree 

with 1000 bootstrap iterations using RAxML (Stamatakis, 2014) which was visualized using the 

iTOL web tool (Letunic & Bork, 2016). 

4.2.5 Statistics and visualization  

Statistical analyses were performed using R version 3.6.2 (R Core Team, 2019). The 

ARG compositions of MW and human NTS isolates (from the NCBI Assembly database) was 

visualized via principal coordinate analysis (PCoA). First, a dissimilarity matrix was computed 

from the ARG presence/absence matrix with a zero-adjusted Bray-Curtis distance as the beta-

diversity index using the `bray0` function from the `ecole` package 

(https://github.com/phytomosaic/ecole). This index allows for dummy-coding of “empty rows” 
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(i.e. isolates with no ARGs) with the assumption that these rows are empty for similar ecological 

reasons, and simplifies to the Sørensen index for binary presence/absence data (Clarke, 

Somerfield, & Chapman, 2006). PCoA was conducted using the `wcmdscale` function from the 

`vegan` package (Oksanen et al., 2019);  the Lingoes correction method was applied to prevent 

negative eigenvalues (Legendre & Legendre, 2012).  

Differences in the multivariate community ARG centroids between samples collected 

from different sources (MW vs human) were tested using permutational multivariate analysis of 

variance (PERMANOVA) on the dissimilarity matrix. The multivariate dispersion of ARGs 

between the two sources was determined using permutation analysis of dispersion (PERMDISP). 

Omnibus PERMANOVA and PERMDISP (`adonis` and `betadisper`, respectively) were also 

implemented from the `vegan` package (Oksanen et al., 2019). The significance of the omnibus 

PERMDISP test was determined via an analysis of variance (ANOVA). 

To identify genes that were significantly associated with source (i.e. MW vs human 

clinical), indicator species analysis using the indicator value index (IndVal) was implemented 

using the `multipatt` function from the R library `indicspecies`) (De Cáceres & Legendre, 2009) 

on the binary presence/absence matrix. The IndVal score for each gene is the product of two 

components, A and B: A is the relative average abundance (the relative frequency in the target 

group, divided by the sum of relative frequencies over all groups; also called the positive 

prediction or specificity value) and B is the relative frequency of occurrence within the target 

group (sensitivity value). Significance was calculated using 999 permutation tests (random 

reassignment of groups). All code for statistical analyses is included in Appendix: RStudio 

Output. 
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4.3 Results and Discussion 

4.3.1 High-level comparison of ARG occurrence in MW and clinical NTS 

In general, MW Salmonella isolates have reduced genotypic antibiotic resistance than 

those in the NCBI Assembly database (specifically NTS isolates from human sources). MW 

isolates have on average significantly fewer unique ARGs per genome, with a mean of 2.3 

ARGs/genome compared to 3.0 ARGs/genome for NCBI Assembly isolates (Mann-Whitney U 

test, p = 0.003); however, this mean could be heavily skewed by outlier clinical isolates with 

especially high ARG counts (Figure 4-1A). The trend is also reflected in a linear regression of 

gene frequencies (i.e. for specific ARGs) between the datasets: most genes are present in higher 

rates in the NCBI Assembly dataset than the MW dataset (p < 0.001 for least-squares regression, 

R2 = 0.514; Figure 4-1B).  

The MW isolates have a higher percentage of pan-susceptible isolates than NCBI 

Assembly isolates (58.6% and 46.5%, respectively), as well as fewer isolates with multidrug 

resistance (i.e. 1 or more genes which confer resistance to 2 or more drug classes, 19.4% and 

37.9% respectively; Figure 4-2A). Furthermore, the NCBI dataset exhibits resistance to a wider 

range of antibiotic classes, and – with the exception of tetracycline and fosfomycin resistance – 

has higher resistance rates against all classes of antibiotics (Figure 4-2B).  
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Figure 4-1: Overall ARG trends in MW and NCBI Assembly (clinical NTS) datasets. A) 
Violin plot showing distribution of unique ARGs per isolate, and B) linear regression of 
gene frequencies in both datasets 

 

y = 1.1467x + 1.0188
R² = 0.5142

0

5

10

15

20

25

0 5 10 15 20G
en

e 
fr
eq

u
en

cy
 (
%
 o
f 
is
o
la
te
s)
 in
 N
C
B
I 

A
ss
em

b
ly
 d
at
as
et
 (
h
u
m
an

 N
TS
)

Gene frequency (% of isolates) in MW

% in NCBI vs % in MW 1:1 line Linear regression

A) 

B) 



82 
 

 

 

Figure 4-2: Trends showing resistance to antibiotic classes, A) overall distribution of 
genotypic resistance and B) resistance to specific antibiotic class by dataset. “Multidrug” in 
the context of b) refers to point mutations in the ramR gene, conferring resistance to 
ampicillin, chloramphenicol, quinolone, rifampin, and tetracycline (Abouzeed, Baucheron, 
& Cloeckaert, 2008). 

A) 

B) 
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4.3.2 Prevalence of specific ARGs 

WGS analysis of the 273 wastewater Salmonella isolates identified 25 different ARGs 

(Figure 4-3). The most frequently detected ARGs include tet(B) (18.7%), fosA7 (13.9%), sul1 

(9.9%), qacEdelta1 (9.9%), tet(A), (9.5%), aph(3’’)-lb (7.7%), aph(6)-ld (7.7%), and blaTEM-1 

(5.1%), which confer resistance to tetracycline, fosfomycin, sulfonamide, quaternary ammonium, 

aminoglycoside (specifically streptomycin), and beta-lactam antibiotics.  

A total of 5.8% wastewater Salmonella isolates contain either blaTEM (0.7%) or 

blaTEM-1 (5.1%), which confer resistance to beta-lactam antibiotics. The US CDC reported that 

approximately 3% of clinical non-typhoidal Salmonella isolates are ceftriaxone resistant (US 

CDC, 2019); however, the NCBI Assembly NTS human dataset shows considerably higher rates, 

with 1.7% and 17.6% of isolates containing blaTEM and blaTEM-1, respectively.  Thirty-seven 

different beta-lactam resistance genes were identified in the NCBI dataset (including several 

genes conferring resistance to carbapenem: blaNDM-1,-5, and -7, as well as blaVIM-1), although 

only 7 genes (blaCARB-2, blaCMY-2, blaCTX-M-55, blaLAP-2, blaOXA-1, blaTEM and 

blaTEM-1) were present in at least 1% of samples.  

2.2% of the wastewater Salmonella isolates contain the gyrA S83Y mutation (83rd amino 

acid changed from serine to tyrosine) in the quinolone resistance-determining region (QRDR). 

This mutation has been linked with decreased sensitivity to the fluoroquinolones ciprofloxacin, 

enoxacin, pefloxacin, norfloxacin, ofloxacin, and nalidixic acid (Reyna, Huesca, González, & 

Fuchs, 1995). This was the only point mutation identified in the MW Salmonella isolates, and 

this particular mutation is less abundant in the NCBI Assembly NTS clinical dataset (0.8%). In 

MW, it was only detected in isolates of the serovar Hadar; this mutation appears to be a defining 

characteristic of ciprofloxacin-tolerant Hadar strains (Eaves et al., 2004). The NCBI assemblies 
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contain a wider range of point mutations in gyrA, including S83F (serine to phenylalanine, 

1.7%), D87N (aspartic acid to asparagine, 6.1%), D87G (aspartic acid to glycine, 3.4%) and 

D87Y (aspartic acid to tyrosine, 2.2%). Based on previous studies with S. Typhimurium, all of 

the gyrA mutations likely confer the same intermediate resistance to ciprofloxacin, with the 

exception of gyrA D87N which has an intermediate but slightly decreased resistance, as 

demonstrated through the minimum inhibitory concentration, MIC (0.25 ug/mL for D87N, 

compared with 0.50 ug/mL for other gyrA mutations and 0.0078 ug/mL for wild type) (Reyna et 

al., 1995). Two of the gyrA mutations detected in the NCBI Assembly dataset – S83F and D87G 

– are also associated with modest increases in triclosan resistance (Webber et al., 2017). 

Furthermore, the NCBI assembly dataset also contains a variety of mutations in gyrB, parC, 

parE, and ramR, which can contribute to multiple drug resistances (including quinolones) 

(Abouzeed et al., 2008; Hooper & Jacoby, 2015); these mutations or genes are each present in 

<1% of the isolates. Finally, the plasmid mediated quinolone resistance (PMQR) genes qnrS1 

(1.5%) and qnrS13 (2.3%) were present only in the NCBI Assembly clinical dataset (as well as 

various qnrA, B, D and E alleles in <1% of isolates); these genes may confer further resistance 

against ciprofloxacin and ampicillin (Gay et al., 2006), however they were only noted on 

chromosomal regions of the genomes (Figure 6-4). This can be compared with CDC’s recent 

report of approximately 8% of clinical NTS isolates which were non-susceptible to ciprofloxacin 

(US CDC, 2019).  
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Figure 4-3: Heat map comparing gene frequency (% of isolates in each dataset with ARG 
in genome) between MW and NCBI Assembly (human NTS) isolates. Antibiotic class for 
ARGs is listed on right. ARGs listed were present in at least 1% of either dataset, while 
ARGs with lower frequency were excluded from the plot (Refer to Table S2, Dataset S1 for 
a complete list showing all ARG frequencies). 
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When considering ARGs, isolates in the clinical NTS assembly dataset generally have 

higher frequencies of ARG presence, with some minor exceptions: MW isolates have higher 

rates of the tetracycline efflux pump-encoding genes tet(B) and tet(C), the fosfomycin 

inactivation gene fosA7, the aminoglycoside inactivate gene aadA22, and the trimethoprim 

resistance gene dfrA5, as well as the chromosomal point mutation gyrA_S83Y (Figure 3). 

Interestingly, these results contrast with other studies of ARGs in Salmonella recovered from 

wastewater; a recent study in China reported high frequencies of tet(A) and sul1 (C. M. Zhang et 

al., 2019). 

As demonstrated in the overall antibiotic class resistance rates, MW isolates have a 

reduced range of ARG diversity compared with the clinical NTS database isolates. 136 ARGs 

were unique to the clinical NTS dataset; of these, 114 ARGs were observed in <1% of clinical 

NTS isolates. Therefore, much of the ARG diversity in clinical NTS isolates is due to wide range 

of rare genes. In contrast, none of the genes found in MW Salmonella isolates were unique to 

that dataset. 

4.3.3 Multivariate statistics and visualization  

To further visualize and test the similarities of the ARG profiles between isolates from 

MW and the human NTS NCBI Assembly datasets, a dissimilarity matrix using binary 

presence/absence data for all ARGs (as well as metadata for isolate source and serovar) was 

constructed. A zero-adjusted Bray-Curtis distance was as the beta-diversity index, to allow for 

inclusion of pan-susceptible isolates without any ARGs (i.e. “empty” observations), assuming 

that these isolates exhibit no ARGs for similar ecological reasons (Clarke et al., 2006). This 

matrix was then subject to principal coordinate analysis (PCoA) to observe overall trends, and 

subsequent statistical analyses.  
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PERMANOVA indicated that there were significant differences in ARG compositions 

based on isolate type (F = 32.9, d.f.  = 1, p < 0.001), serovar (F = 8.8, d.f. = 91, p < 0.001) and a 

combination of both isolate type and serovar (F = 2.1, d.f. = 24, p < 0.001). However, serovars 

accounted for considerably more statistical variance than other factors: 34.2% (R2 = 0.342), 

compared with 1.4% (R2 = 0.014) for the isolation source and 2.1% (R2 = 0.021) for the 

combination of the two factors. Accordingly, the differences in ARG compositions between 

isolation sources are statistically significant but very minor compared with the differences 

attributed to serovar, and are likely not meaningful.  

Furthermore, PERMDISP yielded significantly different multivariate dispersion between 

isolate sources and serovars (p < 0.001 for both). This parameter can be used to infer a level of 

ecological heterogeneity between niches; in this scenario, this may indicate a difference in the 

ranges and combinations of ARGs is present within different datasets. This observation is 

supported for ARG distributions accord to serovars; serovars are designated based on antigenic 

properties and while many arise from a close common ancestor, others are known to by 

polyphyletic and genetically distantly related (Achtman et al., 2012). Accordingly, variations in 

ARG patterns within serovars is expected to be large, as well as between serovars; this has been 

previously noted in a study of the polyphyletic serovar S. Kentucky (Vosik, Tewari, Dettinger, 

M’ikanatha, & Shariat, 2018) and for different multilocus sequence types (MLSTs) of S. 

Typhimurium (Zankari et al., 2013). The variations in ARGs observed within the isolation 

sources suggests that strains in the NCBI Assembly database exhibit a wider range of ARG 

profiles than isolates from MW, based on visual observation of the dispersion plot (Appendix: 

RStudio Output); this observation is supported by the diversity of rare ARGs found only in the 

NCBI isolates.   
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These patterns are demonstrated in the PCoA plot, which shows considerable overlap in 

ARG profiles between the two isolate sources (MW and NCBI assembly, Figure 4-4). Overall, 

the MW isolates appear nested within the NCBI Assembly group, suggesting that a subset of the 

ARG profiles observed in human NTS cases may be reflected in MW isolates. Caution is 

warranted in overinterpretation of the PCoA plots, however, as the axes account for little overall 

variance (<5%); this indicates that the multivariate ARG patterns are not easily reducible to 2 

dimensions and exhibit complex variation.  

Indicator genes (i.e. genes which are significantly associated with MW or human clinical 

isolates) were assessed using the indicator value index (IndVal, Table 4-1); this approach is 

commonly used for indicator species in ecological surveys (De Cáceres & Legendre, 2009), but 

has also been applied in microbial genomics to identify indicator genes for specific niches 

(Malik, Thomson, Whiteley, Bailey, & Griffiths, 2017) . Two genes – tet(C) and dfrA5 – were 

found to be indicative of MW Salmonella isolates, whereas 18 indicator genes were noted for 

clinical NTS isolates; for the latter, 14 genes (78%) were unique to that dataset and not observed 

in MW. The indicator genes for clinical NTS isolates included resistance to a range of antibiotic 

classes, including beta-lactams, quinolones (including streptomycin), rifamycin, bleomycin, 

lincosamide, sulfonamides, trimethoprim, chloramphenicol/florfenicol, quaternary ammonium 

and streptothrycin. All of the indicator had higher specificity values than sensitivity values, and 

thus tend to reflect genes which are overrepresented in each dataset (as compared to the other 

dataset), rather than genes which are expected to be detected in a majority of isolates within the 

dataset. 



89 
 

 

Figure 4-4: PCoA plot of ARG profiles in MW and NCBI assembly (human NTS) datasets 
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Table 4-1: Indicator genes for isolate source datasets from IndVal (α ≥ 0.05). Genes marked 
by an asterisk (*) are found only in that dataset 

Isolate source Gene 

A 
(specificity 

value) 

B 
(sensitivity 

value) Statistic 
p-

value 

MW 
tet(C) 0.761 0.037 0.167 0.006 
dfrA5 0.864 0.015 0.113 0.013 

NCBI assembly 
(human NTS) 

aadA1 0.965 0.100 0.310 0.001 
floR 0.912 0.113 0.322 0.001 
sul2 0.906 0.212 0.439 0.001 
gyrA_D87N* 1.000 0.061 0.248 0.003 
sul3* 1.000 0.046 0.214 0.003 
blaCMY-2* 1.000 0.054 0.233 0.006 
gyrA_D87G* 1.000 0.034 0.186 0.013 
blaCTX-M-
55* 1.000 0.031 0.175 0.014 
bleO* 1.000 0.034 0.186 0.016 
blaCARB-2* 1.000 0.028 0.168 0.018 
dfrA12* 1.000 0.040 0.200 0.018 
arr-2* 1.000 0.023 0.152 0.02 
blaLAP-2* 1.000 0.023 0.152 0.02 
qnrS13* 1.000 0.023 0.152 0.02 
lnu(F)* 1.000 0.029 0.171 0.027 
qacL* 1.000 0.024 0.154 0.027 
dfrA1 0.909 0.037 0.183 0.035 
sat2* 1.000 0.018 0.133 0.045 

 

4.3.4 Serovars and ARG diversity  

As reported previously, the distribution of serovars found in MW differed from clinical 

observations for the same time (2010-2011) and location (Honolulu, HI) (Yan et al., 2018); this 

distribution also contrasts with the prevailing serovars found in the NCBI Assembly dataset for 

clinical NTS infectious agents (Figure 4-5). The NCBI dataset has high abundances of top 

clinical Salmonella serovars S. Enteritidis and S. Typhimurium (as well as the monophasic S. 

Typhimurium-like 4,[5],12:i:-, the emerging serovar of concern S. Weltevreden (Makendi et al., 
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2016), and S. Dublin, which is host-adapted to cattle but prone to causing foodborne infections in 

humans (McDonough, Fogelman, Shin, Brunner, & Lein, 1999)); in contrast, S. Derby dominates 

the MW isolate library, followed by moderate proportions of S. Paratyphi B var. Java, S. 

Mbandaka, and S. Senftenberg. Some of the variation in dominant serovars between datasets is 

due to localized, time-limited outbreaks in Honolulu: for example, the S. Java outbreak 

associated with contaminated tuna (Diemert & Yan, 2019). Further differences in serovar trends 

between clinics and MW are likely to reflect endemic carriage of subclinical or asymptomatic 

infections (Berge et al., 2006; Diemert & Yan, 2020).  

ARG prevalence also varies within serovars: notably, S. Typhimurium represents a 

serovar with a relatively high ARG burden in clinical NTS isolates (average of 5.4 

ARGs/isolate), whereas all S. Typhimurium isolates sequenced from MW were pan-susceptible, 

lacking any ARGs. As the second-most common clinical serovar in humans after S. Enteritidis, 

as well as a leading infectious agent of farm animals (Thomas et al., 2017). S. Typhimurium 

plays a central role in Salmonella’s public health impact. Many recent studies focus on its 

evolving antibiotic resistance patterns (Mensah et al., 2019; X. Wang et al., 2019); however, 

28.7% of the S. Typhimurium isolates in the human NTS dataset also completely lacked ARGs. 

Therefore, while the S. Typhimurium isolates in MW are not broadly representative of the 

clinical dataset, they do capture a subset of the characteristics recorded in health clinics.  
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Figure 4-5: Serovar distribution in datasets A) MW and B) NCBI NTS clinical Assemblies, 
with average ARGs per isolate in each serovar 

 

 

 

A) 

B) 
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The differential impact of serovars in each of the datasets (MW vs NCBI Assembly 

human NTS) is underscored in the distribution of indicator ARGs by serovar (Figure 4-6): S. 

Typhimurium contributes to the ARG prevalence for many of the human NTS indicator ARGs, 

as well as other top serovars S. Enteritidis and S. 4,[5],12:i:-. The effect of the S. Goldcoast 

serovar is also obvious: it is an outlier in its particularly high ARG prevalence (average of 14 

unique ARGs/isolate) and contributes to most indicator ARG categories. Few epidemiological 

reports of S. Goldcoast had been published until recently; infection rates had risen in Taiwan in 

the last few years, and a multiple drug resistant (MDR) strain from an outbreak emerged which 

was closely related to other Goldcoast isolates found internationally (Liao et al., 2019). 

Additionally, an MDR strain was previously isolated from wastewater in Italty (Pignato et al., 

2010).  

Likewise, the impact of prevalent MW serovars on indicator genes in evident: the 

abundance of tet(C) is entirely due to S. Anatum isolates, while the prevalence of dfrA5 is driven 

by S. Haifa strains. S. Anatum isolates with the tet(C) gene were also present in the clinical NTS 

dataset. Additionally, the Pathogen Detection Isolates Browser was queried for nearby 

neighbours of the MW S. Anatum isolates: one of three isolates from swine and pork samples 

found in the same SNP cluster (PDS000029857.5, accessed on April 15, 2020) also contained 

tet(C). MoB-Suite analysis of all S. Anatum isolates with tet(C) indicated that the ARG was 

found on putative plasmid sequences: the identified plasmid varied in length from 7807 – 9577, 

was designated as mobilizable (contained relaxase but no origin of transfer, oriT) for all 

assemblies but HIY0078, and showed homology to the reference S. Anatum plasmid pSan1-06-

0624 (Accession number CP014660.1). This reference plasmid was obtained from an S. Anatum 

isolate with tetracycline resistance from a human stool sample (Nguyen et al., 2016). In contrast, 
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drfA5 was found solely on the chromosomes of the MW S. Haifa isolates (HIY0257, HIY0259, 

HIY0265 and HIY0266), and were contained within an integron cassette. This dfrA5 integron 

cassette was not present in the single S. Haifa isolate within the human NTS dataset; however, 

multidrug-resistant clinical S. Haifa isolates have previously been identified, including those 

containing the dfrA5 cassette or otherwise exhibiting trimethoprim resistance (Agbaje et al., 

2019; Randall, Cooles, Osborn, Piddock, & Woodward, 2004).  

Finally, two genes which were highly abundant in MW – tet(B) and fos(A7) – are also 

largely affected by dominant strains (particularly S. Derby and S. Agona). A large proportion of 

tet(B) was detected on plasmids; notably, it was detected on the most frequently identified 

plasmid, which was grouped by MOB-suite (Robertson & Nash, 2018) in cluster 841 and 

corresponded with a conjugative plasmid (GenBank accession CP0022495.1) from a closed S. 

Derby genome (Robertson, Yoshida, Gurnik, Rankin, & Nash, 2018). This plasmid was 

identified only in the S. Derby strains corresponding to the sequence type ST-72, as opposed to 

the more clinically common ST-40 (more discussion on these S. Derby trends can be found in 

Diemert & Yan, 2020). AMRFinder analysis revealed that in addition to the tet(B) ARG, this 

plasmid also contained a suite of metal-resistance genes (copper resistance from the pco gene 

cluster, silver resistance from sil gene cluster). As this plasmid is mobile, it may be transmissible 

to other enteric pathogens; however, it should be noted that this plasmid was only found in S. 

Derby isolates in the present study.  
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Figure 4-6: Distribution of indicator ARGs and MW abundant ARGs by serovar in A) 
NCBI Assembly (human NTS) dataset and B) MW dataset. Note the variation in the y-axis 
scale 

A) 

B) 
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In fact, the plasmids identified with ARGs appeared to be mostly unique within each 

serovar: while some plasmids contained similar ARGs, they belonged to different plasmid 

clusters due to variations in relaxases, oriT, replicons, and/or mate pair formation types. This 

may support the theory that little genetic transfer, particularly of ARGs, had occurred between 

different serovars within MW. The only exception was a plasmid from cluster 429 which was 

found in a S. Mbandaka isolate (HIY0168) and a S. Muenster isolate (HIY0190). In this case, 

despite having similar mash distances to the reference plasmid (CP019559, from E. coli), the two 

plasmid sequences contained a different combination of ARGs: aac(3)-VIa, aadA1 and aph(3’)-

Ia in HIY0168 only, aadA4 in HIY0190 only, qacEdelta1, sul1, and tet(B) in both.   

In contrast with the initial report that fos(A7) is relatively rare in Salmonella and only 

found in S. Heidelberg genomes (Rehman, Yin, Persaud-Lachhman, & Diarra, 2017), the 

fosfomycin-resistance gene showed moderate prevalence in both MW (13.9%) and NCBI 

Assembly NTS clinical (10.4%) isolate datasets. As the overall data review used gene 

presence/absence matrices, some of these hits corresponded with partial genes. To clarify the 

allele diversity, fosA nucleotide sequences were identified using a custom BLAST database, 

excised from genomes, aligned, and used to construct a minimum likelihood tree (Figure 4-7A). 

The main contribution in MW was due to fosA7 in S. Derby and S. Agona isolates, which had a 

number of amino acid substitutions compared with the original fosA7 sequence described in S. 

Heidelberg (Rehman et al., 2017). The NCBI Assembly NTS clinical dataset contained mostly S. 

Heidelberg and S. Agona versions of fosA7. Both datasets also included some variants of the 

gene; in particular, S. Montevideo isolates contained a 5’-truncated version of fosA7 (Figure 

4-7B). This allele has not been described in literature previously, but it has been assigned to an 

“Identical Protein Group” in NCBI (https://www.ncbi.nlm.nih.gov/ipg/EDW0567516.1); all S. 
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Montevideo fosA7 sequences in the study had 100% coverage and identity to the nucleotide 

sequence corresponding with this protein, referred to as “metallothiol transferase fosB” in NCBI 

(sequence excised from assembly Accession GCA_900455795.1, for protein Accession 

SUE57636.1). Further experimental work is required to determine whether this variant has the 

same effect as the prototypical fosA7 from S. Heidelberg.  
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Figure 4-7: a) Tree of fos nucleotide sequence alignments from MW & NCBI Assembly NTS clinical genomes, with reference 
sequences from the Fos protein cluster PCLA_866354 (listed in Table 6-1) and an example sequence from NCBI 
(GCA_900455795.1). Alignment conducted via muscle (Edgar, 2004) , tree constructed using RAxML (Stamatakis, 2014) and 
visualized in iTOL (Letunic & Bork, 2016), with branches with boostrap values <75% dropped. b) Amino acid alignment in 
Base-by-Base (Tu et al., 2018) showing mutations between fosA7 in S. Heidelberg, fosA7.2 in S. Agona, and the putatively 
named fosB in S. Montevideo.  
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4.3.5 Discussion and theories for MW trends 

 Overall, even though the ARG profiles in the Salmonella isolates recovered from 

wastewater only represent a subset of the clinical NTS ARGs, they do tend to reflect trends 

observed within their respective serovars reasonably well. One potential explanation for the 

difference in serovar distributions between the datasets is due to MW capturing subclinical 

salmonellosis trends which are not recorded clinically (Berge et al., 2006). For example, four of 

the common serovars detected – S. Derby, S. Mbandaka, S. Senftenberg and S. Anatum – have 

been specifically noted to have low seasonal variation across the USA: unlike many Salmonella 

infections (which tend to concentrate in summer months), they have steady infection rates 

throughout the year (Boore et al., 2015). This could point toward continuous, endemic illnesses 

rather than acute outbreaks. 

 An alternative reason for the contrast in serovars could be due to low-level foodborne 

infections. Many of the serovars which are abundant in MW appear to be commonly associated 

with meat production animals: for example, S. Derby is prevalent in swine and turkeys (Hayward 

et al., 2016; Sévellec et al., 2018), and S. Agona and S. Anatum are found in multiple farm 

animals (Hoelzer, Isabel, Switt, & Wiedmann, 2011). Animal-based illnesses can lead to 

zoonotic foodborne infections through inadequate sanitation or processing at slaughterhouses; 

however, if the serovars are host-adapted, they may not cause severe or systemic illness in 

humans (Monack, 2012). Dose can also play a role in the severity of infection: for example, 

despite receiving doses too low to cause symptoms, S. Anatum could still be detected in the feces 

of inoculated volunteers (Blaser & Newman, 1982). Therefore, detection of these serovars in 

MW but their absence or scarcity in clinics may indicate that these strains may only be capable 
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of subclinical infections (either due to host specificity for non-human animals, or due to low dose 

in finished food product).  

A last source of variation between the datasets could be time of collection. With 

continued, unchecked use of antibiotics, the abundance of ARGs may be increasing among 

human pathogens isolates in general. For example, a long-term study of antibiotic resistance in 

E. coli from clinics and sewage sludge (not untreated wastewater) indicated that prevalence of 

resistance to most classes of antibiotics increased between 2000 and 2009 (Reinthaler et al., 

2013). As the Salmonella isolates from MW in the present study were collected between 2010-

2011, antibiotic use and adaptive pressures may have changed, leading to nonreflective ARG 

trends.  

It is important to note that while mobilizable ARGs were present in the MW isolates, 

little evidence of horizontal gene transfer (HGT) was present, beyond a potential for HGT within 

serovars. Horizontal gene transfer can complicate the use of MW as a monitoring avenue for 

ARGs: if pathogens pick up additional ARGs in MW, they will not be representative of the 

antibiotic resistance capability of the original infective agent. Due to the abundance of excreted 

antibiotic resistant pathogens, residual antibiotic drugs, and high-stress conditions which could 

encourage transfer of plasmids, integrons, and other mobile genetic elements, wastewater is 

considered a potential “hot spot” for HGT (Guo et al., 2017; Rizzo et al., 2013); however, our 

study indicates that this is likely not a large problem for Salmonella ARG analysis.  
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5 Chapter 5: Conclusions  

5.1 Overall and specific conclusions 

The overall objective of this dissertation was to use municipal wastewater (MW) 

surveillance of Salmonella (coupled with whole genome sequencing, WGS) to evaluate 

community salmonellosis trends, and to determine if wastewater-based epidemiology (WBE) 

using Salmonella could confirm clinical data, and/or provide insight into patterns not normally 

accessible using clinical monitoring techniques. These goals were met within the three research 

chapters, as follows: 

 In Chapter 2, a clinically undetected re-emergence of an outbreak strain – 

Salmonella Java – was discovered using MW surveillance.  

o Salmonella Java was found to be statistically dominant in MW during a 

recorded outbreak (in 2010) and at another time when it was not detected in 

clinics (in 2011). 

o The low SNP differences and close clustering (via cgMLST) of the MW 

isolates from two collection times (2010 and 2011) indicated that all isolates 

were clonal (and therefore from the same foodborne outbreak recorded in 

2010).  

o This study indicated that MW has high sensitivity for the detection of 

clinically relevant salmonellosis infections within the community, including 

those which are missed health clinics. This means that MW monitoring of 

Salmonella can both reflect clinical patterns, and supplement clinical 

monitoring. 
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 In Chapter 3, a unique subclinical strain of Salmonella was discovered using MW 

monitoring.  

o A specific traditional sequence type (ST-72) of Salmonella Derby 

(previously considered to be rare) was found to be prevalent in Hawaii MW 

but uncommon in clinics.  

o Comparative genomics indicated that the S. Derby serovar as a whole is less 

virulent than clinical representative Salmonella isolates, which may indicate 

that it plays a role as a subclinical serovar. 

 However, ST-72 has increased ability to infect hosts compared to 

other Derby isolates due to an increased number of fimbrial genes 

(specifically, long polar fimbrae), but lacks genes involved in 

symptom production (including Salmonella Pathogenicity Island 23) 

 Its unique virulence profile may allow ST-72 to establish and persist 

in hosts without causing significant symptoms.  

o Subclinical salmonellosis poses a public health risk due to its high ability to 

be spread and its potential for serious infections in immunocompromised 

patients. Presently, little is known about the serovars and genetics of 

chronic and asymptomatic nontyphoidal Salmonella strains, and this 

genetically detailed study sheds light onto the subject using municipal 

wastewater.  

 This demonstrates that MW can be used to obtain health information 

which is not possible through clinical monitoring, as it is not biased 

toward selection of highly virulent pathogen strains (like clinics). 
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 In Chapter 4, the antibiotic resistance gene (ARG) patterns of MW Salmonella 

isolates were compared with clinical nontyphoidal salmonellosis isolates from 

NCBI.  

o Overall, the MW isolates only capture a subset of the ARG diversity seen in 

clinics.  

 These differences are largely driven by the variations in serovars 

between the datasets (i.e. MW contains more subclinical strains than 

the human NTS dataset). 

 This may also be due to the increased ARG rates which have been 

observed in the interceding decade.  

o This may limit the applicability of MW to monitor clinically-relevant 

Salmonella ARG trends. 

o Despite this limitation, novel ARG trends can still be observed from MW, 

including a novel allele of the fosfomycin resistance gene fosA7.  

5.2 Limitations and opportunities for future work  

The diversity of Salmonella isolates determined in the MW sampling campaign may be 

limited by the sampling and culturing methods. Firstly, 24-hour composite samples were only 

collected on Sundays; this provides an incomplete snapshot of weekly transmission patterns. 

Ideally, daily composite samples would provide increased resolution for outbreak and rare strain 

detection. Additionally, the culturing method could be improved: up to 10 confirmed Salmonella 

colonies were collected from each sample, many of which were clonal (i.e. the same genomes 

detected on the same sampling day, in different colonies). The culture media itself may not be 

equally viable for all serovars; this would need to be experimentally confirmed (i.e. no Typhi 
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isolates were recovered, although this serovar is relatively rare in the US). Furthermore, a wider 

range of antibiotic resistant isolates could have been recovered if selective media containing 

antibiotics were used (Berge et al., 2006), although this would introduce bias.  

Additional interesting conclusions could be made if clinical isolates from the same time 

period were easily accessible for genomic comparison. However, due to the age of the study (~10 

years), the contemporaneous clinical isolates were not subject to WGS.  

Further investigation into the ARG patterns in this Salmonella library is also strongly 

recommended. In particular, the partial fosA7 gene found in S. Montevideo isolates should be 

assessed to determine its efficacy at conferring fosfomycin resistance.  
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6 Supplemental Figures and Tables 

 

 

Figure 6-1: Derby ST detection in Hawaii MW and clinics during sampling weeks (May 
2010 – May 2011). STs in clinics inferred based on PFGE cluster results compared with 
cgMLST-MST clusters.  
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Figure 6-2: cgMLST minimum spanning tree for all isolates in EnteroBase (Alikhan et al., 2018) 
identified as Derby serovar using SISTR (Yoshida et al., 2016), with coloured legends for A) 7-
gene MLST sequence types and B) sample type from present study. Branch lengths are collapsed 
when allele difference < 30, and branch lengths > 2500 are shortened and shown with hash lines. 
Minimum spanning tree was created online using GrapeTree (Z. Zhou et al., 2018) 

 

 

A) 

B) 
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Table 6-1: Reference nucleotide sequences (for respective proteins) used for fos database 
and in phylogenetic tree 

Protein (name & source) Accession number Sequence (nt ranges) 
fosA7 Salmonella‡  NC 011083.1  4781873-4782295 
fosA7.5 Enterobacteriaceae† NZ AEZJ02000019.1  c94183-93761 
fosB Salmonella Agona* NZ CATT01000083.1  15669-16139 
fosA7.2 Salmonella Agona**  NC 011149.1  4707419-4707841 
fosA Enterobacter cloacae  CP001918.1  698372-698905 
‡ Originally identified in S. Heidelberg 
† Mostly E. coli, some Salmonella and others (Klebsiella, Citrobacter) 
* Only two entries, both S. Agona 
** Mostly identified as S. Agona (serovar is not specified in many isolates listed) 
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Figure 6-3: Full phylogenetic tree (generated in iTOL) for all fosA7 sequences found in 
isolates in MW and NCBI assembly dataset  
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Figure 6-4: Distributions of chromosomal vs. plasmid-based ARGs in a) MW and b) NCBI 
Assembly clinical NTS Salmonella isolates.  

A) 

B) 
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7 Appendix: RStudio output (supplemental to Chapter 4) 

NCBI Assembly NTS vs MW ARGs, with serovar, PCoA 

 

7.1 Importing data from Python (pandas) analysis 

setwd("~/argpaper_2020") 
library(ggplot2) 
library(ape) 
library(indicspecies) 

## Loading required package: permute 

library(vegan) 

## Loading required package: lattice 

## This is vegan 2.5‐6 

library(ecole) 
 
set.seed(2) 
 
sub_args = read.csv('all_args_presabs_20200409.csv',header=TRUE) 
 
#make pres/abs df 
sub_pa = sub_args[,4:ncol(sub_args)] 
#turn pres/abs data frame into matrix 
m_sub_pa = as.matrix(sub_pa) 
#check to make sure the matrix is actually saved numerically.  
#head(m_sub_pa)  

7.2 PCoA plot, based on zero-adjusted Bray-Curtis distance matrix 

#make a distance matrix using zero adjusted Bray‐Curtis measure (via ecole's 
bray0) 
dist_sub_bray0 = bray0(m_sub_pa) 
 
#pcoa, with lingoes correction 
pcoa_calc <‐ wcmdscale(dist_sub_bray0, k=(nrow(m_sub_pa)‐1), eig=TRUE, add="l
ingoes") 

Try Chris Chizinski’s approach to display colours by organizing the scores for the “sites” 
(isolates): 
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all.scores <‐ as.data.frame(scores(pcoa_calc))  
 
 
data.scores <‐ data.frame(all.scores$Dim1,all.scores$Dim2)  
 
# create a column of site names, from the rownames of data.scores 
data.scores$type <‐ sub_args$type 
 
head(data.scores)  #look at the data 

##   all.scores.Dim1 all.scores.Dim2                    type 
## 1      ‐0.2154435      0.02096351 NCBI_assembly_human_NTS 
## 2      ‐0.2154435      0.02096351 NCBI_assembly_human_NTS 
## 3      ‐0.1525593     ‐0.05724161 NCBI_assembly_human_NTS 
## 4      ‐0.1525593     ‐0.05724161 NCBI_assembly_human_NTS 
## 5      ‐0.1525593     ‐0.05724161 NCBI_assembly_human_NTS 
## 6      ‐0.1525593     ‐0.05724161 NCBI_assembly_human_NTS 

Next, make hull data: 

grp.a <‐ data.scores[data.scores$type == "NCBI_assembly_human_NTS", ][chull(d
ata.scores[data.scores$type == "NCBI_assembly_human_NTS", c("all.scores.Dim1"
, "all.scores.Dim2")]), ]  
grp.b <‐ data.scores[data.scores$type == "MW", ][chull(data.scores[data.score
s$type == "MW", c("all.scores.Dim1", "all.scores.Dim2")]), ]  
hull.data <‐ rbind(grp.a, grp.b)  #combine groups 
hull.data 

##      all.scores.Dim1 all.scores.Dim2                    type 
## 1278      0.62961435     ‐0.05821306 NCBI_assembly_human_NTS 
## 1187      0.63710526     ‐0.12148589 NCBI_assembly_human_NTS 
## 698       0.62474212     ‐0.15101520 NCBI_assembly_human_NTS 
## 402       0.59119035     ‐0.22663270 NCBI_assembly_human_NTS 
## 754       0.46070272     ‐0.43999261 NCBI_assembly_human_NTS 
## 347       0.34807260     ‐0.53330631 NCBI_assembly_human_NTS 
## 974       0.21301769     ‐0.50899443 NCBI_assembly_human_NTS 
## 192       0.21301769     ‐0.50899443 NCBI_assembly_human_NTS 
## 406       0.12266973     ‐0.43686536 NCBI_assembly_human_NTS 
## 691      ‐0.21544354      0.02096351 NCBI_assembly_human_NTS 
## 648      ‐0.21544354      0.02096351 NCBI_assembly_human_NTS 
## 200      ‐0.21544354      0.02096351 NCBI_assembly_human_NTS 
## 1        ‐0.21544354      0.02096351 NCBI_assembly_human_NTS 
## 118      ‐0.01271944      0.16570735 NCBI_assembly_human_NTS 
## 997       0.30044336      0.33453628 NCBI_assembly_human_NTS 
## 478       0.39256644      0.33261404 NCBI_assembly_human_NTS 
## 239       0.44323262      0.32836361 NCBI_assembly_human_NTS 
## 992       0.48996995      0.31252156 NCBI_assembly_human_NTS 
## 1293      0.54434130      0.26663731 NCBI_assembly_human_NTS 
## 1189      0.56993052      0.18210940 NCBI_assembly_human_NTS 
## 725       0.60808768      0.05292331 NCBI_assembly_human_NTS 
## 1405      0.30272442     ‐0.52724073                      MW 
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## 1372     ‐0.15255933     ‐0.05724161                      MW 
## 1312     ‐0.21544354      0.02096351                      MW 
## 1314     ‐0.21544354      0.02096351                      MW 
## 1313     ‐0.21544354      0.02096351                      MW 
## 1306     ‐0.21544354      0.02096351                      MW 
## 1316     ‐0.21544354      0.02096351                      MW 
## 1424     ‐0.01398570      0.19995927                      MW 
## 1404      0.41639843      0.27686334                      MW 
## 1572      0.51649551      0.26326287                      MW 

We don’t have the species scores here. Let’s try calculating them with wascores and adding to 
NMDS plot. 

argscores = as.data.frame(wascores(scores(pcoa_calc), m_sub_pa)) 

Then, plot with ggplot2 

col_list <‐ c("NCBI_assembly_human_NTS" = "blue", "MW" = "red") 
 
ggplot() +  
  geom_polygon(data=hull.data,aes(x=all.scores.Dim1,y=all.scores.Dim2,fill=ty
pe,group=type),alpha=0.10) + # add the convex hulls 
  geom_point(data=data.scores,aes(x=all.scores.Dim1,y=all.scores.Dim2,color=t
ype),size=2,shape=20) + # add the point markers 
  geom_text(data=argscores,aes(x=Dim1,y=Dim2,label=rownames(argscores)),size=
3,check_overlap=TRUE)+ 
  scale_color_manual(values = col_list) + 
  scale_fill_manual(values = col_list) + 
  coord_equal() + 
  theme_bw() +  
  theme(#axis.text.x = element_blank(),  # remove x‐axis text 
        #axis.text.y = element_blank(), # remove y‐axis text 
        axis.ticks = element_blank(),  # remove axis ticks 
        axis.title.x = element_text(size=18), # remove x‐axis labels 
        axis.title.y = element_text(size=18), # remove y‐axis labels 
        panel.background = element_blank(),  
        panel.grid.major = element_blank(),  #remove major‐grid labels 
        panel.grid.minor = element_blank(),  #remove minor‐grid labels 
        plot.background = element_blank()) 
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7.3 PERMANOVA 

Omnibus test: 

adonis_results = adonis(dist_sub_bray0 ~ sub_args$type + sub_args$serovar + s
ub_args$type*sub_args$serovar, permutations = 999) 
print(adonis_results) 

##  
## Call: 
## adonis(formula = dist_sub_bray0 ~ sub_args$type + sub_args$serovar +      
sub_args$type * sub_args$serovar, permutations = 999)  
##  
## Permutation: free 
## Number of permutations: 999 
##  
## Terms added sequentially (first to last) 
##  
##                                  Df SumsOfSqs MeanSqs F.Model      R2 Pr(>
F) 
## sub_args$type                     1     3.663  3.6627  32.856 0.01400  0.0
01 
## sub_args$serovar                 91    89.508  0.9836   8.823 0.34225  0.0
01 
## sub_args$type:sub_args$serovar   24     5.489  0.2287   2.052 0.02099  0.0
01 
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## Residuals                      1461   162.872  0.1115         0.62276        
## Total                          1577   261.532                 1.00000        
##                                    
## sub_args$type                  *** 
## sub_args$serovar               *** 
## sub_args$type:sub_args$serovar *** 
## Residuals                          
## Total                              
## ‐‐‐ 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

7.4 PERMDISP for isolation type 

groups <‐ sub_args$type 
 
## Calculate multivariate dispersions 
mod <‐ betadisper(dist_sub_bray0, groups,add=TRUE) 
mod 

##  
##  Homogeneity of multivariate dispersions 
##  
## Call: betadisper(d = dist_sub_bray0, group = groups, add = TRUE) 
##  
## No. of Positive Eigenvalues: 1576 
## No. of Negative Eigenvalues: 0 
##  
## Average distance to median: 
##                      MW NCBI_assembly_human_NTS  
##                   2.262                   2.282  
##  
## Eigenvalues for PCoA axes: 
## (Showing 8 of 1576 eigenvalues) 
##  PCoA1  PCoA2  PCoA3  PCoA4  PCoA5  PCoA6  PCoA7  PCoA8  
## 130.65  43.27  27.15  24.73  17.18  15.84  14.83  13.49 

## Perform ANOVA test 
anova(mod) 

## Analysis of Variance Table 
##  
## Response: Distances 
##             Df  Sum Sq  Mean Sq F value    Pr(>F)     
## Groups       1 0.09139 0.091391  87.249 < 2.2e‐16 *** 
## Residuals 1576 1.65082 0.001047                       
## ‐‐‐ 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

Significantly different dispersions between groups! 

plot(mod) 
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7.5 PERMDISP for serovar 

groups <‐ sub_args$serovar 
 
## Calculate multivariate dispersions 
mod2 <‐ betadisper(dist_sub_bray0, groups,add=TRUE) 
mod2 

##  
##  Homogeneity of multivariate dispersions 
##  
## Call: betadisper(d = dist_sub_bray0, group = groups, add = TRUE) 
##  
## No. of Positive Eigenvalues: 1576 
## No. of Negative Eigenvalues: 0 
##  
## Average distance to median: 
##              Adelaide                 Agona               Alachua  
##                 0.000                 2.235                 1.618  
##                Albany                Amager                Anatum  
##                 0.000                 1.587                 2.212  
##          Augustenborg              Bareilly                 Berta  
##                 0.000                 2.211                 0.000  
##      Bovismorbificans            Braenderup           Brandenburg  
##                 2.168                 1.984                 1.630  
##              Butantan                 Cerro               Chester  
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##                 0.000                 0.000                 2.116  
##          Choleraesuis                 Coeln               Concord  
##                 0.000                 0.000                 1.850  
##             Corvallis                 Derby                Dublin  
##                 2.112                 2.257                 2.262  
##           Enteritidis            Gallinarum                  Give  
##                 2.257                 0.000                 2.007  
##            Goettingen             Goldcoast                 Hadar  
##                 0.000                 2.226                 2.130  
##                 Haifa              Hartford                Havana  
##                 2.017                 0.000                 1.832  
##            Heidelberg          Hvittingfoss        I 4,[5],12:i:‐  
##                 2.243                 0.000                 2.267  
##              I 45:d:‐          I 6,14:z38:‐          II 18:z10:z6  
##                 0.000                 0.000                 0.000  
##      IIIa 18:z4,z23:‐ IIIb 48:z10:e,n,x,z15           IIIb 60:r:z  
##                 2.024                 1.587                 1.943  
##         IIIb 65:(k):z              Infantis                Isangi  
##                 0.000                 2.230                 0.000  
##                 Itami        IV 16:z4,z32:‐         IV 48:g,z51:‐  
##                 0.000                 0.000                 0.000  
##                  Java               Javiana          Johannesburg  
##                 2.198                 2.144                 2.017  
##             Jukestown               Kambole              Kedougou  
##                 0.000                 0.000                 1.642  
##              Kentucky                Kiambu               Kottbus  
##                 2.143                 1.587                 0.000  
##            Litchfield                London              Malstatt  
##                 2.077                 2.153                 0.000  
##             Marseille              Mbandaka           Meleagridis  
##                 0.000                 2.210                 0.000  
##            Mikawasima           Mississippi            Montevideo  
##                 1.587                 1.976                 2.205  
##              Muenchen              Muenster                Napoli  
##                 2.200                 2.094                 1.595  
##               Newport           Oranienburg            Oritamerin  
##                 2.262                 1.587                 0.000  
##                Panama           Paratyphi B                Pomona  
##                 2.264                 1.943                 0.000  
##                 Poona               Potsdam               Reading  
##                 0.000                 0.000                 1.876  
##                Rissen             Saintpaul        Schwarzengrund  
##                 1.624                 2.181                 2.219  
##           Senftenberg             Singapore            Sloterdijk  
##                 2.213                 0.000                 0.000  
##               Stanley              Takoradi             Tennessee  
##                 2.137                 1.943                 2.164  
##              Thompson           Typhimurium                Uganda  
##                 2.052                 2.289                 2.048  
##                Urbana               Virchow              Waycross  
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##                 0.000                 2.139                 0.000  
##           Weltevreden           Worthington  
##                 2.242                 2.001  
##  
## Eigenvalues for PCoA axes: 
## (Showing 8 of 1576 eigenvalues) 
##  PCoA1  PCoA2  PCoA3  PCoA4  PCoA5  PCoA6  PCoA7  PCoA8  
## 130.65  43.27  27.15  24.73  17.18  15.84  14.83  13.49 

## Perform ANOVA test 
anova(mod2) 

## Analysis of Variance Table 
##  
## Response: Distances 
##             Df Sum Sq Mean Sq F value    Pr(>F)     
## Groups      91 179.09 1.96808  2953.1 < 2.2e‐16 *** 
## Residuals 1486   0.99 0.00067                       
## ‐‐‐ 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

Significantly different dispersions between groups! Too many to plot dispersion. 

 

7.6 Indicator genes 

Do this for isolation type only (too many serovars, computation crashes).  

ind_args = multipatt(sub_pa, sub_args$type, control=how(nperm=999)) 
summary(ind_args,indvalcomp=TRUE)                      

##  
##  Multilevel pattern analysis 
##  ‐‐‐‐‐‐‐‐‐‐‐‐‐‐‐‐‐‐‐‐‐‐‐‐‐‐‐ 
##  
##  Association function: IndVal.g 
##  Significance level (alpha): 0.05 
##  
##  Total number of species: 162 
##  Selected number of species: 20  
##  Number of species associated to 1 group: 20  
##  
##  List of species associated to each combination:  
##  
##  Group MW  #sps.  3  
##                 A       B  stat p.value    
## tet.C.    0.76115 0.03663 0.167   0.006 ** 
## dfrA5     0.86438 0.01465 0.113   0.016 *  
##  
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##  Group NCBI_assembly_human_NTS  #sps.  17  
##                   A       B  stat p.value     
## sul2        0.90617 0.21226 0.439   0.001 *** 
## floR        0.91166 0.11341 0.322   0.001 *** 
## aadA1       0.96453 0.09962 0.310   0.001 *** 
## gyrA_D87N   1.00000 0.06130 0.248   0.002 **  
## blaCMY.2    1.00000 0.05441 0.233   0.001 *** 
## sul3        1.00000 0.04598 0.214   0.005 **  
## dfrA12      1.00000 0.03985 0.200   0.008 **  
## bleO        1.00000 0.03448 0.186   0.005 **  
## gyrA_D87G   1.00000 0.03448 0.186   0.016 *   
## dfrA1       0.90943 0.03678 0.183   0.035 *   
## blaCTX.M.55 1.00000 0.03065 0.175   0.023 *   
## lnu.F.      1.00000 0.02912 0.171   0.032 *   
## blaCARB.2   1.00000 0.02835 0.168   0.018 *   
## qacL        1.00000 0.02375 0.154   0.027 *   
## arr.2       1.00000 0.02299 0.152   0.039 *   
## blaLAP.2    1.00000 0.02299 0.152   0.041 *   
## qnrS13      1.00000 0.02299 0.152   0.039 *   
## ‐‐‐ 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
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