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Abstract

Bacteria of the Vibrio genus are natural inhabitants of low salinity coastal ecosystems yet pose
an increasing risk to human health. Pathogenic Vibrio species are highly temperature-
sensitive and can cause infection via the consumption of undercooked seafood or direct
exposure of wounds to seawater. Emergence of Vibrio spp. wound infections in high-latitude
regions has been linked to rising sea surface temperatures caused by human-driven climate
change. Simultaneously, warming air temperatures may encourage coastal recreational

behaviour, exposing a greater number of individuals to these bacteria.

In this thesis, the northwards expansion of Vibrio vulnificus wound infections along the US
Gulf of Mexico and Atlantic coastlines over a three-decade period is demonstrated using
epidemiological data from the US Centers for Disease Control and Prevention. Statistical
modelling of the V. vulnificus infection distribution as a function of air temperature is used to
predict the changing geographic spread of infections to the end of the 21 Century under
different scenarios of climate change. At a finer temporal and spatial scale, environmental
drivers of weekly V. vulnificus wound infections in Gulf Coast US states are explored with a
multi-model inference framework. The thesis also includes an ecological sampling study of
Vibrio spp. bacteria within an anonymised coastal lagoon in the United Kingdom (UK).
Vibrio spp. bacterial abundance is quantified and examined for associations with temperature,
salinity and pH over a 10-week summer period whilst individual bacterial isolates are identified
with cutting-edge matrix-assisted laser desorption/ionisation time-of-flight (MALDI-TOF) mass
spectrometry (MS), polymerase chain reaction (PCR) and 16S ribosomal RNA (rRNA) gene

sequencing.

The thesis highlights the importance of temperature to the distribution of V. vulnificus wound
infections and provides crucial long-term future risk projections for the US east coast. Further,
the microbiological data presented contribute to initial information on potentially pathogenic

Vibrio spp. bacteria in UK waters.
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1 Introduction

1.1 Background overview

Vibrio is a genus of bacteria which can be found in a wide range of aquatic habitats
(F. L. Thompson et al., 2004), from freshwater sources to the deep-sea (Urkawa and
Rivera, 2006). There are over 100 Vibrio species, including 12 known to cause human
disease (Baker-Austin et al., 2018). Vibrio spp. illnesses are grouped into cholera and

non-cholera Vibrio spp. infections.

Cholera is caused by V. cholerae which have an O1 or 0139 antigen within the bacterial
cell membrane (Farugue and Mekalanos, 2012). This severe diarrheal disease is
typically spread through contaminated drinking water as a result of poor sanitation and
is estimated to cause 2.9 million ilinesses, including around 95,000 fatalities, globally
each year (WHO, 2023).

V. cholerae that do not possess the O1 or 0139 antigen, non-O1/non-0139 V. cholerae
(NOVC), do not cause cholera but can still cause human illness. NOVC are included in
the ‘big four non-cholera Vibrio spp. pathogens alongside V. vulnificus, V.
parahaemolyticus and V. alginolyticus (Baker-Austin et al., 2017). Although other non-
cholera Vibrio spp. such as V. mimicus, V. cincinnatiensis, V. metschnikovii, V. furnissii,
and V. fluvialis are also linked with human disease (Baker-Austin et al., 2018), this thesis
will focus on the ‘big four’ due to their significance as environmental pathogens with
increasing incidence of human infection (Baker-Austin et al., 2017, 2010). From here on,
any reference to ‘Vibrio spp. bacteria’ or ‘vibrios’ refers to non-cholera Vibrio species,
unless stated otherwise. Equally, ‘Vibrio spp. infections’ refers to non-cholera Vibrio spp.

infections, unless else specified.

Vibrio spp. infections (also referred to as ‘vibriosis’) follow two main routes of
transmission. The bacteria may enter and infect an open wound via seawater exposure
or foodborne infection can be acquired through consumption of the bacteria in seafood
(Almagro-Moreno et al., 2023). In contrast to cholera, vibriosis does not involve person-
to-person transmission or transmission through the faecal-oral route (Almagro-Moreno
et al., 2023). Unlike O1/0139 V. cholerae, which can be found in both fresh and marine



waters, other Vibrio spp. bacteria require salt for growth and are naturally present within

warm, low salinity coastal waters and estuaries (Baker-Austin et al., 2018).

Vibriosis inflicts a global burden on human health; infections are reported across Asia
(Kang et al., 2020; Li et al., 2020), Northern Europe (Amato et al., 2022), the Americas
(Raszl et al., 2016; Sheahan et al., 2022) and Oceania (Harlock et al., 2022; Vasey et
al., 2023). It is estimated that approximately 80,000 cases of vibriosis occur in the United
States (US) annually, of which 45,000 cases are thought to be caused by
V. parahaemolyticus. Around 52,000 of the total estimated Vibrio spp. infections in the
US are attributed to the consumption of contaminated seafood (CDC, 2019). Infections
vary in severity; symptoms are dependent on the Vibrio species and health of the
individual, ranging from mild gastroenteritis to fatal septicaemia (Baker-Austin et al.,
2018). Of particular concern is V. vulnificus which causes around 100-200 cases of
vibriosis in the US each year (Sheahan et al., 2022). Despite the relatively low number
of cases attributed to V. vulnificus (~11% of vibriosis reported in the US from 2007 to
2018; Sheahan et al., 2022), infections are especially severe and progress rapidly. V.
vulnificus infections can prove fatal around just 48 hours after transmission (Baker-Austin
and Oliver, 2016). Notably, foodborne V. vulnificus septicaemia possesses a case fatality

rate of ~50%; the highest of all food-borne diseases (Rippey, 1994).

An increasing body of research links vibriosis disease dynamics to variability in climatic
factors. Past studies have demonstrated Vibrio spp. bacteria’s exceptional sensitivity to
temperature in the laboratory and environment (Kelly, 1982; Pfeffer et al., 2003), and,
more recently, multiple heatwave-associated outbreaks of human vibriosis have been
documented in nonendemic regions (Baker-Austin et al., 2016, 2013; Brehm et al.,
2021a). For instance, the emergence of vibriosis in Northern Europe has been attributed
to anomalous sea surface temperatures (SSTs) in the Baltic Sea (Baker-Austin et al.,
2013; Ebi et al., 2017). This temperature sensitivity led Baker-Austin et al. (2017) to
designate Vibrio spp. pathogens “the microbial barometer of climate change”. The
increased risk of Vibrio spp. disease as a consequence of warming and extreme weather
has also been recognised by the Inter-governmental Panel on Climate Change (IPCC)
(Bindoff et al., 2019). The emergence of Vibrio spp. infections and their growing burden
on human health stresses the need for investigations into their associated environmental

factors.



1.2 Thesis structure

The main body of this thesis is comprised of an introductory literature review chapter and
three data chapters. Each data chapter is presented in the format of a paper for potential

submission to an academic journal.

Chapter 2

Chapter 2 provides an overview of the Vibrio spp. literature, covering the ecology of the
bacteria within the marine environment to the epidemiology of vibriosis. North America
and the Baltic Sea region of Northern Europe provide key case studies of locations
experiencing increasing and emerging Vibrio spp. infections and so are the focal regions
of this review. The impacts of climate change upon the bacterial dynamics of Vibrio spp.
in the environment and human behaviour which drives exposure are explored.
Socioeconomic impacts of Vibrio spp. infections are discussed as well as mitigation

strategies to prevent future infections.

Chapter 3

Chapter 3 uses a 30-year epidemiological dataset of V. vulnificus wound infections from
the US Centers for Disease Control and Prevention (CDC) to examine the northwards
expansion of reported cases through time along the east coast of the US. As there is
uncertainty surrounding the southern limit of cases due to the absence of a dedicated
Vibrio spp. infection surveillance service in South America, this analysis aims to
understand changes in V. vulnificus wound infections at the northern limit of cases
reported only. An ecological niche modelling methodology is utilised to build a model
which explains the current geographic extent of V. vulnificus cases based on
environmental variables. The future northwards expansion of V. vulnificus wound
infections is predicted across the 215 Century under multiple scenarios of climate change
based on data from seven CMIP6 global climate models. In addition to mapping future
geographic predictions, the population living within 200 km (1-2-hour journey) of the
coastline at risk of reported infections is projected and used in combination with future

age-structure data to estimate potential future annual case numbers.

This chapter was published in Nature Scientific Reports in March 2023 (see section 1.3)
and has since been accessed over 20,000 times and cited 19 times in academic
literature. It has also been cited in an official CDC health advisory issued in September

2023 (CDC, 2023) after several V. vulnificus infections were reported in the New York



and Connecticut area. The publication has received substantial media attention resulting
in over 10 interviews with journalists from Forbes, TIME Magazine, NBC News, The New
York Times, and WIRED Magazine resulting in written articles as well as TV broadcast
and live radio. According to Altmetric, the publication has been mentioned by 328 news
outlets including. Thesis author Elizabeth J. Archer (EJA), Dr Craig Baker-Austin (CBA)
and Prof. lain R. Lake (IRL) conceived the idea. All data analyses and figure creation
were undertaken by EJA. The manuscript was written by EJA and IRL. Prof. Timothy J.
Osborn (TJO) and CBA advised on data availability and Dr Felipe J. Colén Gonzalez
(FICG) provided statistical expertise. All authors provided advice and interpretation of

the analysis, edited multiple versions of the manuscript, and contributed to revisions.

Chapter 4

Chapter 4 builds on the analysis of chapter 3 by conducting a time-series analysis
exploring the environmental drivers of V. vulnificus wound infection incidence for US
states along the Gulf Coast. A multi-model inference approach was implemented to
compare the relative importance of different environmental predictors including
meteorological and oceanographic variables as well as hurricane landfalls and the El

Niflo and La Nifia modes of the Southern Oscillation.

Chapter 5

Chapter 5 presents results from a 10-week ecological sampling study of Vibrio spp. in a
UK coastal lagoon. The weekly abundance of Vibrio spp. bacteria during summer months
was recorded using culture-dependent microbiological techniques and assessed for
correlations with environmental parameters. In addition, 325 isolates were collected,
purified and identified to species level using matrix-assisted laser desorption/ionisation-
time-of-flight (MALDI-TOF) mass spectrometry (MS), polymerase chain reaction (PCR)
and 16S ribosomal RNA (rRNA) gene sequencing. These isolates contribute to a

preliminary database of Vibrio spp. strains retrieved from UK waters.

This work was conducted during EJA’s CASE partner placement with the Centre for
Environment, Fisheries and Aquaculture Science (Cefas). EJA and CBA planned the
study. Water sampling was conducted by EJA and Exeter-Cefas PhD student Alexandra
Hughes (AH). Training in microbiological techniques was provided within Cefas
laboratories. EJA conducted all culture-dependent microbiological techniques including
membrane filtration Vibrio spp. count plates and the isolation, purification and storage of
individual isolates. MALDI-TOF MS was conducted by Andy Powell (AP, Cefas Staff)
and Megan Adaway (MA, Cefas placement student). PCR was conducted by EJA and



MA. 16S rRNA gene sequencing was conducted by Cefas staff. All data analysis, figure

creation and write-up of the work was conducted by EJA.

Chapter 6

Chapter 6 provides a breakdown of the key research outcomes produced from each data
chapter of the thesis. Recurring themes present throughout the thesis are discussed and
areas for future research are outlined before concluding with an overview of the

contribution that this thesis makes to the literature.

1.3 Published work

Chapter 3 was published in Nature Scientific Reports, March 2023:

Archer, E.J., Baker-Austin, C., Osborn, T.J., Jones, N.R., Martinez-Urtaza, J., Trinanes,
J., Oliver, J.D., Colén Gonzélez, F.J., & Lake, I.R. Climate warming and increasing
Vibrio vulnificus infections in  North America. Sci Rep 13, 3893 (2023).
https://doi.org/10.1038/s41598-023-28247-2



https://www.nature.com/articles/s41598-023-28247-2
https://www.nature.com/articles/s41598-023-28247-2

2 Literature review

2.1 Vibrio spp. ecology and environmental

drivers

Within the literature, sea surface temperature (SST) and salinity are frequently reported
as the most significant factors determining the abundance of non-cholera Vibrio spp.
bacteria (hereafter referred to as “Vibrio spp. bacteria’). However, many further variables
such as abundance of plankton, turbidity, pH and nutrient concentrations have been
recorded to significantly influence Vibrio spp. abundance and therefore, may be of
importance when predicting future areas of increased disease risk. Table 2.1 highlights
a number of papers which look at the environmental drivers of Vibrio spp. bacteria.

Taking each environmental parameter in turn we now consider this literature.

2.1.1 Sea surface temperature

Temperature mediates both the survival and abundance of Vibrio spp. bacteria in the
environment. In general, seawater temperatures above 18°C enable the bacteria to
thrive and rapidly multiply to high densities (Baker-Austin et al., 2017; Ruppert et al.,
2004). For instance, V. parahaemolyticus bacteria are able to replicate every 12-14
minutes in suitable conditions (Ulitzur, 1974). As a result of this responsiveness to
temperature, patterns of Vibrio spp. abundance typically fluctuate in correspondence
with SST and follow a seasonal pattern of abundance that peaks during summer months
(Pfeffer et al., 2003). For this reason, temperature is described as one of the main drivers
of the Vibrio spp. spatiotemporal distribution (Tantillo et al., 2004), particularly in
temperate regions, e.g., Oberbeckmann et al. (2011) and Sterk et al. (2015).

Nevertheless, some studies do not find temperature to be a significant predictor of
Vibrio spp. abundance. A systematic review by Sheikh et al. (2022a) into Vibrio spp.
(including O1 V. cholerae) and temperature found that of 111 papers containing
laboratory and ecological Vibrio spp. growth profiles, 10 (9%) did not find temperature to
significantly influence Vibrio spp. growth. Fifty-two papers (47%) demonstrated a
significant positive association between temperature and Vibrio spp. growth whilst 7
papers (6%) found significant negative associations between temperature and

Vibrio spp. growth (Sheikh et al., 2022a). The remaining 42 papers (38%) suggested that
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temperature’s relationship with Vibrio spp. growth was not straightforward and could be
non-linear or dependent on other environmental parameters (Sheikh et al., 2022a).
Sampling over a period with a reduced range of temperatures, especially if conditions
remain suitable for Vibrio spp. throughout the sampling period e.g., summer only, is one
possible explanation for temperature’s lack of significance. For example, Oberbeckmann
et al. (2012) found that water temperature only had a significant positive relationship with
Vibrio spp. abundance in spring, which recorded the greatest variability in temperature.
Alternatively, species-specific temperature preferences amongst the vibrios (Sheikh et
al., 2022a) may result in complex overall relationships between temperature and total

Vibrio spp. growth.

Laboratory research suggests that optimal V. vulnificus growth typically lies between
37°C to 39°C (Kelly, 1982; Miles et al., 1997; Velez et al., 2023), but within the aquatic
environment water temperatures above 30°C seem have an inhibitory effect on
V. wulnificus (Oliver, 2015). This disparity in observations between a controlled
environment and ecological sampling hints at the complexity of predicting Vibrio spp.
abundance within natural systems where temperature fluctuations interact with many
other important physico-chemical and biological parameters such as dissolved oxygen,
pH and plankton abundance (Velez et al., 2023; Vezzulli et al., 2016) (see Table 2.1).

2.1.2 Salinity

Vibrio spp. bacteria require salt for growth (Urkawa and Rivera, 2006) and exhibit a
general preference for salinities below 25 Practical Salinity Units (PSU) (Baker-Austin et
al., 2013); the salinity of full strength seawater is considered 35 PSU. This biological
importance of salt to the non-cholera vibrios suggests that, where temperature is not
limiting, salinity typically determines the distribution of Vibrio spp. bacteria in the marine
environment (Urkawa and Rivera, 2006). This was echoed in work by Froelich et al.
(2013) where the importance of salinity and water temperature variables to Vibrio spp.
abundance differed depending on whether the water was mixed or stratified with defined
layers of salinity in the Neuse River Estuary, North Carolina. When mixed, water
temperature and salinity together explained 55% of the variation in Vibrio spp.
abundance with 99.6% of this attributed to water temperature. On the other hand, when
the water was stratified, the two variables explained 49% of the variation in Vibrio spp.
abundance of which salinity explained greater variability (70.6%) than water temperature
(29.4%). Many ecological sampling studies find salinity to be a significant predictor of

Vibrio spp. abundance, alongside temperature (see Table 2.1).



Although below 25 PSU is a general guide to Vibrio spp. suitability, optimal salinity range
has been observed to differ between species by Esteves et al. (2015) who documented
these interspecies differences within a coastal lagoon system. Peak bacterial
concentrations were recorded between salinities of 5 and 12 PSU for non-O1/non-0139
V. cholerae (NOVC), 10 and 15 PSU for V. vulnificus and 10 and 20 PSU for V.
parahaemolyticus. This may explain some conflicting results from environmental
sampling studies as salinity has been recorded as having both positive and negative

relationships with overall Vibrio spp. abundance (see Table 2.1).

2.1.3 Plankton

The environmental survival and persistence of Vibrio spp. is supported by an array of
different organisms (see Figure 2.1). Associations with phytoplankton (Eiler et al., 2006;
Frischkorn et al., 2013; Oberbeckmann et al., 2011) and zooplankton (Huq et al., 1983;
Nalin et al., 1979) have been long been documented throughout members of the Vibrio
genus (Hug et al., 1983).

Zooplankton

Vibrio spp. colonise the chitinous exoskeletons of zooplankton, especially copepods
(Pruzzo et al., 2008). Living attached within a biofilm brings Vibrio spp. bacteria
protection against changing physico-chemical conditions (Hall-Stoodley et al., 2004) and
predation (Matz et al., 2005). In addition, Vibrio spp. are able to break down and use
chitin as a source of energy (Aunkham et al., 2018; Hunt et al.,, 2008; Kaneko and
Colwell, 1975; Svitil et al., 1997). It has been suggested that Asiatic strains of
V. parahaemolyticus may have been transported to South America attached to the
exoskeletons of zooplankton carried across the Pacific Ocean by El Nifio currents
(Gonzalez-Escalona et al., 2015; Martinez-Urtaza et al., 2016). Overall, association with
zooplankton sustains a dynamic microbial reservoir within the upper layer of the ocean,

argued as crucial to Vibrio spp. persistence (Vezzulli et al., 2010).

Phytoplankton

Phytoplankton including dinoflagellates (Eiler et al., 2006), diatoms (Frischkorn et al.,
2013) and cyanobacteria (Islam et al., 1999) have been associated with Vibrio spp.
persistence. Direct attachment of V. parahaemolyticus to diatoms has been observed
(Frischkorn et al., 2013) but phytoplankton blooms may also benefit Vibrio spp. survival
through the release of dissolved organic matter (DOM). Within experimental Baltic Sea

microcosms, addition of cyanobacterial DOM enhanced the abundance of total

8



Vibrio spp. by orders of magnitude, whilst temperature had no significant effect (Eiler et
al., 2007). Interestingly, this response was species-specific as NOVC and V. vulnificus
were the only Vibrio spp. to increase in abundance significantly (Eiler et al., 2007). The
influence of phytoplankton on Vibrio spp. abundance has also been documented from
environmental water samples. Chlorophyll-a, a proxy for phytoplankton density, has
been recorded as a significant predictor of Vibrio spp. abundance in the Neuse River
Estuary, North Carolina, US (Hsieh et al., 2008), the Arabian Sea off south-west India
(Asplund et al., 2011) and the inland bays of Delaware, US (Main et al., 2015) (see Table
2.1). Within such environmental waters, chlorophyll-a concentration has been found to
correlate with SST (Hsieh et al., 2008), suggesting the complexity of unpicking the
importance of phytoplankton to Vibrio spp. abundance rather than their covariance with

SST in environmental settings.

2.1.4 Nutrients

Vibrio spp. bacteria display a feast-or-famine lifestyle and are able to take advantage of
increased availability of nutrients, dividing rapidly in their presence (Westrich et al.,
2016). Determining which substances stimulate the growth of Vibrio spp. is vital for

predicting their abundance and mitigating against surges in concentrations.

Counterintuitively, multiple ecology-based modelling studies have observed negative
correlations between the concentration of some nutrients and Vibrio spp. abundance;
ammonium nitrogen, nitrate and phosphate have all demonstrated this relationship (see
Table 2.1). In fact, low levels of these substances are associated with high phytoplankton
abundance (Oberbeckmann et al., 2011), creating conditions rich in DOM, suitable for
Vibrio spp. growth, whilst supporting persistence through formation of an environmental
reservoir (Asplund et al., 2011) (see section 2.1.3). This is a further example of the
interactions between environmental variables and their effects on Vibrio spp. bacteria
and why it is important to understand these interactions. As mentioned, chlorophyll-a, a
proxy for phytoplankton density, has been identified as a significant predictor of
Vibrio spp. abundance by multiple studies (Asplund et al., 2011; Hsieh et al., 2008; Julie
et al., 2010; Main et al., 2015). This suggests that, rather than direct bacterial
assimilation, the contribution of these nutrients to the development of phytoplankton
blooms could be their dominant influence on Vibrio spp. abundance dynamics. The
salinity and temperature of coastal systems is generally beyond our direct control,

however, the input of bloom-stimulating nutrients should be mediated by terrestrial land



management to prevent proliferation of Vibrio spp. pathogens (Thickman and Gobler,
2017).

2.2 Environmental persistence of Vibrio spp.

Vibrio spp. bacteria are able to survive in the water column when conditions are suitable.
When conditions are not suitable, the survival and persistence of Vibrio spp. populations
relies upon bacteria living within environmental reservoirs that can seed the free-living
water column population when conditions become favourable again. Many of these
environmental reservoirs are documented in Figure 2.1. This section will discuss different
environmental reservoirs of Vibrio spp. bacteria as well as the ‘viable but nonculturable’

(VBNC) survival mechanism.

2.2.1 Viable but nonculturable (VBNC) state

Lack of culturable Vibrio spp. cells each winter within aquatic systems was once wholly
attributed to cell death in response to cold temperatures unsuitable for survival (Oliver,
2013). This changed when, in 1987, Roszak and Colwell, described the VBNC state in
bacteria. Whilst transitioning to the VBNC state, bacteria undergo suspension of most
metabolic activity (Nowakowska and Oliver, 2013), shrinking in size and shifting from rod
to coccoid formation (Oliver et al., 1991). These VBNC cells do not divide, yet retain

enough internal processing to still be classed as ‘alive’ (Roszak and Colwell, 1987).

Temperature conditions below ca. 10°C are believed to induce VBNC transition in
Vibrio spp. bacteria (Vezzulli et al., 2013). Changes in salinity, oxygen concentration and
reduced availability of nutrients may also prompt this survival strategy (Colwell, 2000;
Oliver, 2005a). However, this is a complicated process with strain and growth phase
recognised as additional influential factors (Wu et al., 2016). Many Vibrio species not
limited to V. wulnificus, V. parahaemolyticus, V. cholerae and V. alginolyticus
demonstrate this method of persistence (Albertini et al., 2006; Oliver, 2005b; Wagley et
al., 2021) which delivers enhanced resilience to multiple other stressors including pH,
antibiotics, ethanol and heavy metals, as demonstrated in VBNC V. vulnificus cells
(Nowakowska and Oliver, 2013). Successful resuscitation and cell replication generally
occurs upon the return of suitable levels of the inducing variable (Nowakowska and
Oliver, 2013) and is essential for the VBNC response to be recognised as a survival

mechanism (McDougald et al., 1998).
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Figure 2.1 Environmental persistence and transmission amongst Vibrio spp.
bacteria. Figure is based on Vezzulli et al. (2010) created from own illustrations and with
additional components (plastic debris and ship hull). Question marks suggest potential
interactions. Large arrows indicate transmission routes to humans (dark: evidenced in
literature, light: potential route). Thin arrows represent ecological interactions between
species. References: 1. (Shikuma and Hadfield, 2010); 2. (Halpern and Izhaki, 2017), 3.
(Boer et al., 2013; Huehn et al., 2014) 4. (Colwell, 1996; Martinez-Urtaza et al., 2016;
Vezzulli et al., 2013) 5. (Froelich and Noble, 2016) 6. (Frischkorn et al., 2013) 7. (Ayala
and Ogbunugafor, 2023) 8. (Bowley et al., 2021; Zettler et al., 2013) 9. (Abd et al., 2005;
Laskowski-Arce and Orth, 2008) 10. (Chase et al., 2015; Islam et al., 1994; Mahmud et
al., 2007; Reilly et al., 2011).

2.2.2 Sediment

Vibrio spp. abundance is considerably higher within marine sediments (Blackwell and
Oliver, 2008; Boer et al., 2013; Vezzulli et al., 2009). The benthic environment serves a
protective role, providing bacteria with superior access to nutrients and more stable
thermal conditions (BoOer et al., 2013). Vibrio spp. bacteria over-wintering in sediments
may recolonise the water column once favourable temperatures return (Kaneko and
Colwell, 1973). Therefore, the function of sediment as a reservoir for pathogenic strains

should not be overlooked.
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2.2.3 Bivalves

Bivalves such as mussels, clams and oysters utilise a filtration method of feeding; a
mechanism that draws in great densities of Vibrio spp. cells (Pruzzo et al., 2005). Uptake
of these bacteria is aided by their association with particulates and planktonic organisms
(Froelich and Noble, 2016). Vibrio spp. bacteria accumulate in bivalve tissues at
significantly higher concentrations than within the surrounding water (DePaola et al.,
2003; Wright et al., 1996), emphasising the elevated risk of infection from consumption
of raw contaminated shellfish (Froelich and Noble, 2016). Moreover, bivalve larvae may
supplement the planktonic Vibrio spp. population by returning cells to the water column,

supporting the role of shellfish as a reservoir for these bacteria (Prado et al., 2014).

2.2.4 Abiotic biofilm associations

Amongst other man-made surfaces, e.g., ship hulls (Shikuma and Hadfield, 2010),
oceanic plastic debris supplies a long-lasting, artificial, hydrophobic substrate,
encouraging microbial biofilm formation (Zettler et al., 2013). Vibrio spp. have repeatedly
been recorded to dominate microbial communities attached to plastic (the ‘plastisphere’),
representing as much as 33% of bacterial polypropylene colonisers in the North Atlantic
open ocean (Amaral-Zettler et al., 2020; Zettler et al., 2013). Yet whether plastic debris
functions as a microbial reservoir or potential vector of pathogenic Vibrio spp. is not
known and warrants further scientific investigation (Amaral-Zettler et al., 2020; Bowley
et al., 2022).

2.2.5 Other biotic associations

Further environmental reservoirs of Vibrio spp. have been included within Figure 2.1.
Although some of these additional mechanisms of persistence have only been observed
in select Vibrio species so far, including 01/0139 V. cholerae, they offer insight into the
range of potential biological associations between Vibrio spp. and other marine

organisms.

Protozoa may provide a form of environmental reservoir for V. cholerae as symbiosis
with free-living amoebae such as Acanthamoebea castellanii has been demonstrated to
support their survival (Abd et al., 2005). A. castellanii is also suggested to promote
growth of V. parahaemolyticus through secretion of metabolic products, with no direct

contact required (Laskowski-Arce and Orth, 2008).
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Halpern and Izhaki, (2017) review the presence of 0O1/0139 V. cholerae and NOVC
within the tissues of fish; most of these isolations being taken from healthy individuals.
Fish, as hosts, may provide NOVC and other Vibrio spp. with protection from adverse
conditions enabling their environmental dissemination and in return, may benefit from
the bacteria’s presence, for example, through improved digestion (Halpern and Izhaki,
2017).

A recent meta-analysis by Ayala and Ogbunugafor (2023) suggests that birds host many
different pathogenic species of Vibrio including V. cholerae, V. parahaemolyticus,
V. wulnificus and V. alginolyticus and are an understudied potential reservoir of
Vibrio spp. bacteria. However, whether Vibrio spp. are opportunistic pathogens or active

agents of avian disease and mortality is undecided (Ayala and Ogbunugafor, 2023).

Aquatic plants have been shown to support Vibrio spp. abundance (Chase et al., 2015;
Gonzalez et al., 2014; Kalvaitiené et al., 2023; Mahmud et al., 2007). In Japan, seaweeds
have been recognised as reservoirs for diverse populations of V. parahaemolyticus
(Mahmud et al., 2007). Meanwhile, V. parahaemolyticus and a highly virulent genotype
of V. vulnificus have been isolated from mats of the macroalga Gracilaria vermiculophylla
on the US coast of Virginia (Gonzalez et al., 2014). In the first food safety assessment
of macroalgae farmed for human consumption in the waters of the Northeast US,
V. parahaemolyticus was detected from 78% of sugar kelp Saccharina latissimi samples,
highlighting the importance of monitoring for bacterial pathogens in this industry (Barberi
et al., 2020). Finally, a V. alginolyticus infection was reported as a result of direct contact
of an open wound with gel extracted from Fucus spiralis (Reilly et al., 2011), suggesting
contaminated macroalgae as a potential vector of extraintestinal Vibrio spp. disease. On
the contrary, there is evidence to link the presence of seagrass with reduced Vibrio spp.
load in the water column (Lamb et al., 2017; Reusch et al., 2021), yet the mechanism of

this reduction remains unclear.
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Table 2.1

microbial abundance of Vibrio spp. bacteria and environmental variables. Statistical
methods used: 2Regression-based modelling, "Independent correlation-based analyses.
Unless presented in brackets, signifying a negative relationship, variables demonstrated
positive relationships with Vibrio spp. abundance. **Positive below 15 PSU, negative
above 15 PSU. SST (sea surface temperature), DOC (dissolved organic carbon), DON
(dissolved organic nitrogen), DO (dissolved oxygen concentration), chl-a (chlorophyll-a),
H (Shannon-Weiner Index of diversity), POC (particulate organic carbon), TOC (total

organic carbon), FPV (fine particulate volume).

Studies demonstrating significant (*p<0.05 minimum) interaction between

Water Column

Reference

Location

Sea Surface Temperature (SST)

Pfeffer et al., 20032

Vezzulli et al., 20092

Froelich et al., 2015°

Sterk et al., 20152

Oberbeckmann et al.,
2011b

J. R. Thompson et al.,
2004°

Neogi et al., 2011°

Blackwell and Oliver, 2008

Eastern North
Carolina, USA

La Spezia Gulf, Italy

Eastern North
Carolina, USA

The Netherlands,
Europe

Helgoland Roads,
Germany, North Sea

Barnegat Bay, New
Jersey, USA

Eastern Atlantic
Ocean (~50°N —
~24°S)

Eastern North
Carolina, USA

Species

Vibrio spp.

Vibrio spp.

Vibrio spp.

Vibrio spp.

Vibrio spp.

Vibrio spp.

Vibrio spp.

Vibrio spp.

Significant* Variables

SST, number of estuarine
bacteria, phosphorous,
(ammonia nitrogen), salinity,
turbidity, (pH)

SST, salinity, organic matter
concentration

SST

SST, salinity, pH, enrichment
method

SST, SiO2, (NO2), (NO3’)

SST

SST, DOC, DON

SST, turbidity, total bacteria,
total coliforms, E. coli, (DO),
(ammonia nitrogen)
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Table 2.1 continued...

Reference

Location

Species

Significant* Variables

Boer et al., 20132

Blackwell and Oliver, 2008

Julie et al., 20102

Boer et al., 20132

Blackwell and Oliver, 2008°

Boer et al., 20132

Froelich et al., 20152

Blackwell and Oliver, 2008

Salinity

Hsieh et al., 20082

Turner et al., 20092

Hsieh et al., 20072

Froelich et al., 20132

Oberbeckmann et al.,
20122

Wright et al., 19962

Lipp et al., 20012

Germany, North Sea

Eastern North
Carolina, USA

French Atlantic
Coast

Germany, North Sea

Eastern North
Carolina, USA

Germany, North Sea

Eastern North
Carolina, USA

Eastern North
Carolina, USA

Neuse River Estuary,
North Carolina, USA

Georgia, USA

Neuse River Estuary,
North Carolina, USA

Neuse River Estuary,
North Carolina, USA

Helgoland Roads,
Germany, North Sea

Chesapeake Bay,
USA

Charlotte Harbor,
Florida, USA

V. alginolyticus

V. cholerae

V. parahaemolyticus

V. parahaemolyticus

V. parahaemolyticus

V. vulnificus

V. vulnificus

V. vulnificus

Vibrio spp.

Vibrio spp.

Vibrio spp.

Vibrio spp.

Vibrio spp.

V. vulnificus

V. vulnificus

SST, rainfall

SST, (DO), (ammonia
nitrogen)

SST, turbidity

SST, (salinity)

SST, turbidity, (DO),
(ammonia nitrogen)

SST, (wind- westerlies),
(salinity)

SST, salinity
SST, turbidity, (DO),

(ammonia nitrogen)

salinity, SST, chl-a, DOC

salinity, SST

salinity, POC

salinity, SST

(salinity), SST, (PO4®),
(Secchi depth)

(salinity), depth of
sample

salinity**, SST

15



Table 2.1 continued...

Reference

Phytoplankton

Asplund et al., 20112

Location

Arabian Sea,
Mangalore, South-
West India

Species

Vibrio spp.

Significant* Variables

diatom biomass,
(temperature), chl-a,
total bacteria,
phaeopigment
absorbance, copepods,
tides, H’ phytoplankton,
DOC, (salinity), (DO),
DN, (SiO2), pH, PO4-P,
heterotrophic flagellates,
(ciliates), NOs-N, (Secchi
depth)

Within Sediment

Sea Surface Temperature (SST)

Vezzulli et al., 20092

Boer et al., 20132

Blackwell and Oliver, 2008

Boer et al., 20132

Boer et al., 20132

pH

Blackwell and Oliver, 2008

Salinity

Julie et al., 20102

Lipp et al., 20012

La Spezia Gulf, Italy

Germany, North Sea

Eastern North
Carolina, USA

Germany, North Sea

Germany, North Sea

Eastern North
Carolina, USA

French Atlantic Coast

Charlotte Harbor,
Florida, USA

Vibrio spp.

V. alginolyticus

V. parahaemolyticus

V. parahaemolyticus

V. vulnificus

V. vulnificus

V. parahaemolyticus

V. vulnificus

SST

SST, salinity, (wind -
westerlies), TOC, rainfall

SST, turbidity
SST, TOC, (wind —

westerlies), rainfall

(salinity)

SST, (wind - westerlies),
(salinity)

pH

salinity

salinity, pH

Biofilm-Associated

Particle-associated

Hsieh et al., 20072

Neuse River Estuary,
North Carolina, USA

Vibrio spp.

FPV, (salinity)
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Table 2.1 continued...

Reference Location Species Significant* Variables
raphidophyte
abundance, diatom

. Delaware Inland Bays - abundance
b 1 L

Main et al., 2015 USA Vibrio spp. P T
abundance, chl-a,
salinity

Plankton-associated (20-100pm)

Oberbeckmann et al., Helgoland Roads, Vibrio spp. SST, Si02, (NO2),

2011° Germany, North Sea (NOs3), (Secchi depth)

Plankton-associated (63-200pum)

(copepod abundance),

Turner et al., 20092 Georgia, USA Vibrio spp. planktonic Vibrio conc.,
SST
(diatom abundance),

Turner et al., 20092 Georgia, USA Vibrio spp. planktonic Vibrio conc.,
SST, (DO)
(cyanobacteria

a . . abundance), (planktonic

Turner et al., 2009 Georgia, USA Vibrio spp. Vibrio conc.), SST.
(salinity), (DO)

Plankton-associated (>100um)

Oberbeckmann et al., Helgoland Roads, Vibrio spp. SST, Si02, (NO),

2011° Germany, North Sea (NO3), POs*

Plankton-associated (>200um)

copepod abundance,
Turner et al., 20092 Georgia, USA Vibrio spp. (planktonic Vibrio conc.),

SST, (salinity)

(decapod abundance),
Turner et al., 20092 Georgia, USA Vibrio spp. (planktonic Vibrio conc.),

SST

Shellfish-Associated

Sea Surface Temperature (SST)

Eastern North

. b .
Froelich et al., 2015 Carolina, USA Vibrio spp. SST

Oberbeckmann et al., Helgoland Roads, _— . .
2011P Errm, e S Vibrio spp. SST, Si02, (NOz2), (NO3’)
Cook et al., 20022 Atlantic & Gulf Coast V. parahaemolyticus  SST, salinity

states, USA

Chesapeake Bay,

a
Parveen et al., 2008 Maryland, USA

V. parahaemolyticus ~ SST, turbidity, DO
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Table 2.1 continued...

Reference Location Species Significant* Variables

Eastern North

. a . .
Froelich et al., 2015 Carolina, USA V. vulnificus SST, salinity
Chlorophyll-a

Julie et al., 20102 French Atlantic Coast V. parahaemolyticus  chl-a

2.3 Vibrio spp. epidemiology

Vibrio spp. pathogens, including O1/0139 V. cholerae, are the dominant cause of human
illness linked to bacteria from the marine environment (Almagro-Moreno et al., 2023;
Baker-Austin et al., 2018). Ingestion of pathogenic Vibrio spp. in seawater or raw seafood
can cause gastroenteritis which may lead to life-threatening primary septicaemia in
immunocompromised individuals and those with predisposing chronic illnesses (Baker-
Austin et al., 2018). Alternatively, cells may enter the body via an open cut exposed to
contaminated seawater or seafood drippings (Daniels, 2011). Resultant wound infections
vary in severity; most are resolved with antibiotic treatment but in some cases surgical
debridement of tissue or limb amputation is necessary to prevent progression to
secondary septicaemia which can be fatal (Leng et al., 2019). Such extreme cases are
mainly associated with V. vulnificus infections in individuals with underlying health

conditions (Leng et al., 2019).

Despite the overarching similarities in disease characteristics, interspecies differences
in geographic spread, mortality rate and clinical manifestations will be explored in the

following section.

2.3.1 Vibrio vulnificus

In contrast to V. parahaemolyticus, V. alginolyticus and V. cholerae, V. vulnificus is an
opportunistic pathogen meaning it predominantly causes foodborne and wound
infections in people with underlying health conditions (Baker-Austin and Oliver, 2018).
Consequently, the number of infections caused by this pathogen is relatively low
compared to other vibrios (Sheahan et al., 2022). Between 2007 and 2018, 1,573 cases

of V. vulnificus were reported in the US Cholera and Other Vibrio lliness Surveillance
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(COVIS) dataset, representing ~11% of Vibrio spp. infections and 53% of which were
confirmed as non-foodborne manifestations (Sheahan et al., 2022).

High iron availability enables rapid proliferation and progression of V. vulnificus host
infection (Baker-Austin et al., 2018; Wright et al., 1981), resulting in rapid symptom onset,
e.g., within 26 hours after oyster consumption (Oliver, 2013). Consequently, illnesses
that result in excess iron levels in the blood, including liver cirrhosis, cancer, and
hereditary hemochromatosis, generate a greater risk of fatality from V. wvulnificus
infections (Khan et al., 2007; Oliver, 2005c; Payne et al., 2016).

The rapidity of V. vulnificus disease progression stresses the importance of responsive
intervention with appropriate antibiotics, as likelihood of survival diminishes with delay in
treatment (Klontz, 1988; Oliver, 2005c). Correct diagnosis within a short window of
symptom onset is vital for maximising chance of survival, therefore highlighting the need
for widespread awareness and education of disease risks amongst both medical
practitioners and the general public. This is especially important when considering
non-endemic regions such as the Baltic Sea region of Northern Europe and Atlantic
Coast of the United States, where Vibrio spp. cases are emerging (Baker-Austin et al.,
2013; King et al., 2019).

Interestingly, a large proportion of cases affect persons aged between 45-60 years
(Baker-Austin et al., 2018), with greatest prevalence repeatedly observed in men (Hlady
and Klontz, 1996; Jones and Oliver, 2009). These biases may be linked to trends in liver
cirrhosis diagnoses, as middle-aged males are more frequently affected by this condition
(Sajja et al., 2014; Scaglione et al., 2015). However, the protective role of the female
hormone, oestrogen, against Vibrio spp. Endotoxic shock may also influence this
disparity (Merkel et al., 2001).

V. vulnificus foodborne infections

The case fatality rate (CFR) of V. vulnificus primary septicaemia infections (~50%) is
greater than that of any other foodborne disease (Baker-Austin et al., 2018; Rippey,
1994). Between 1992 and 2007, 51.6% of patients (459 cases), died in the US according
to Food and Drug Administration (FDA) records (Jones and Oliver, 2009). FDA data
available for 180 primary septicaemia cases reported between 2002 and 2007, revealed
95.3% of individuals had at least one underlying condition and the ingestion of raw
oysters preceded 92.8% of infections (Jones and Oliver, 2009). Consumption of raw

bivalves, mainly oysters, is a common factor amongst primary septicaemia cases (Baker-
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Austin and Oliver, 2018), highlighting the risk of consuming this seafood product for those
with high risk predispositions.

V. vulnificus wound Infections

Whilst V. vulnificus wound infections have a lower mortality rate (~18%) (Ralston et al.,
2011), they are more frequently reported than foodborne V. wvulnificus infections
(Sheahan et al., 2022). Seawater exposure to this marine pathogen arguably still
presents a substantial risk for those with the risk factors mentioned above. Prompt
surgical removal of infected tissue (Chao et al., 2013) and amputation can be necessary

to prevent the rapid onset of systemic infection resulting in secondary septicaemia and

death; survival is significantly enhanced in those patients subjected to this treatment
within 24 h of infection (Kuo et al., 2007). The rapidity of V. vulnificus infections is
exemplified in a case report of a 59-year-old male who exposed an insect bite to
seawater whilst fishing in the Gulf of Mexico (Baker-Austin and Oliver, 2016). The fast
progression of the illness resulted in the death of this individual around 48 hours after

exposure (Baker-Austin and Oliver, 2016).

2.3.2 Vibrio parahaemolyticus

V. parahaemolyticus is a common cause of seafood-related illnesses that are typically
self-limiting (Almagro-Moreno et al., 2023) and seawater exposure infections that resolve
after antibiotic treatment (Baker-Austin et al., 2017). This said, individuals with health
conditions can still develop more severe forms of V. parahaemolyticus infection such as

primary septicaemia (Zhang and Orth, 2013).

Perhaps due to the high number of V. parahaemolyticus infections relative to other
Vibrio spp. pathogens (e.g., in the US, V. parahaemolyticus caused ~40% of vibriosis
cases between 2007 and 2018; Sheahan et al., 2022), there are more data available on
the history and global dispersal of this pathogen compared to other Vibrio species. The
first recorded outbreak of V. parahaemolyticus occurred in Japan during the 1950s
(Shinoda, 2011) and by 1969, V. parahaemolyticus was isolated from sporadic vibriosis
cases across the United States (Baker-Austin et al., 2018). Since then, a unique serotype
(strains grouped by possession of the same surface antigens within the cell membrane)
of V. parahaemolyticus, serotype O3:K6, emerged from Asia in 1996 and has spread
globally, resulting in the first V. parahaemolyticus pandemic (Velazquez-Roman et al.,
2014).

20



V. parahaemolyticus foodborne infections

V. parahaemolyticus is responsible for the greatest prevalence of seafood-related food-
poisoning in the US (Newton et al., 2012) and about 20-30% of all food-poisoning
incidences in Japan (Alam et al., 2002). In the US, between 2007 and 2018, 4,530
foodborne cases of V. parahaemolyticus were reported to COVIS (Sheahan et al., 2022).

Whilst most cases of gastroenteritis are self-limiting (Baker-Austin et al., 2017), the risk
of developing a severe primary septicaemia infection following ingestion of raw oysters
is high for persons with an underlying chronic illness (Su and Liu, 2007). Outbreaks within
the US are now regularly linked to consumption of oysters harvested from coastlines off
the Gulf of Mexico, Atlantic and Pacific (Altekruse et al., 2000; Centers for Disease
Control and Prevention, 1999, 1998).

V. parahaemolyticus wound infections

V. parahaemolyticus wound infections are mainly recorded during summer months
(Hlady and Klontz, 1996) and regularly require antibiotic treatment (Baker-Austin et al.,
2017). This clinical manifestation of V. parahaemolyticus is much less common than
foodborne V. parahaemolyticus illnesses. Only 14% (n = 755) of V. parahaemolyticus
cases reported to COVIS between 2007 and 2018 were confirmed as non-foodborne
infections compared to 80% which were confirmed as foodborne (Sheahan et al., 2022).
The reason for lower prevalence of wound infections compared to foodborne infections

is unclear.

2.3.3 Non-O1/non-0139 Vibrio cholerae (NOVC)

NOVC cause wound infections, ear infections and gastroenteritis (Deshayes et al.,
2015). During the progression of an infection, NOVC can enter the bloodstream,
described as ‘bacteraemia’ (Deshayes et al., 2015). Bacteraemia is infrequently
diagnosed, yet poses a high risk for those individuals with underlying illnesses (Ou et al.,
2003). As with V. vulnificus, liver-related disorders are repeatedly identified as the
greatest predisposing factor for bacteraemia development (Deshayes et al., 2015). Other
significant risk factors include malignancies and steroid use (Ou et al., 2003). Based on
an extensive literature review of 350 cases by Deshayes et al. (2015), NOVC
bacteraemia presents a CFR of ~33%. Most of the bacteraemia patients were male
(77%), middle-aged individuals (median age 56 years) and nearly all (96%) were known

to have a predisposing condition, e.g., liver cirrhosis (55%) (Deshayes et al., 2015).
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NOVC foodborne infections

Gastroenteritis is a frequent form of NOVC infection (Chen et al., 2015; Vezzulli et al.,
2020) and can range from mild to severe, similar to V. parahaemolyticus (Anderson et
al., 2004). Progression to NOVC bacteraemia has predominantly been linked to seafood
consumption (54%), of which oysters, fish and shrimps constitute the greatest risk

(associated with 41%, 23% and 18% of cases, respectively) (Deshayes et al., 2015).

NOVC wound infections

NOVC can also cause extraintestinal infections such as wound and ear infections
associated with seawater exposure (Baker-Austin et al., 2018). The 2014 heatwave
experienced across Northern Europe, saw a sudden associated surge in reported
Vibrio spp. infections within Sweden and Finland; NOVC was responsible for 77% of
these cases, most of which were wound infections (Baker-Austin et al., 2016). NOVC
wound infections also increased in Europe during the following heatwave year of 2018,
with 100 cases reported across Sweden, Finland, Norway, Denmark, Estonia and Poland
(Amato et al., 2022). This information suggests NOVC infections are a developing human

health hazard and therefore should be monitored closely.

2.3.4 Vibrio alginolyticus

V. alginolyticus predominantly causes wound and ear infections which can usually be
treated with antibiotics (Jacobs Slitka et al., 2017; Pezzlo et al., 1979); progression of

these cases to bacteraemia or necrotising fasciitis is rare, but may occur in

immunocompromised individuals (Reilly et al., 2011). Foodborne V. alginolyticus
infections are not considered a common form of illness caused by this pathogen,
although cases of seafood-associated gastroenteritis are present within the literature
(Baker-Austin et al., 2018; Uh et al., 2001), therefore here we focus on extraintestinal

V. alginolyticus wound infections only.

Within Europe, V. alginolyticus infections have been reported sporadically (Baker-Austin
et al., 2016, 2013; Hartley et al., 1991; Reilly et al., 2011). In the US, reported cases of
V. alginolyticus increased 12-fold between 1988 and 2012 with 1331 total reported
infections, 86% of which were related to water-based activities (Jacobs Slifka et al.,
2017). This bacterium was responsible for 131 (15.7%) of 834 Vibrio spp. infections
reported in Florida between 1998 and 2007 (Weis et al., 2011). Cases were sporadic
and non-fatal (Weis et al., 2011). This mirrors the percentage of vibriosis cases caused
by V. alginolyticus nationally in the US between 2007 and 2018 (15.8%) (Sheahan et al.,
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2022). Whilst in 2007 V. alginolyticus caused around 100 cases per year, recent data
suggests there are now nearly 300 per year (Sheahan et al., 2022). This highlights the
growth of V. alginolyticus in significance as a human pathogen with warming sea surface

temperatures (Amato et al., 2022; Sheahan et al., 2022).

2.4 Understanding reporting: burden of illness

pyramid

The ‘burden of illness’ pyramid is a concept used by FoodNet (CDC, 2015) (see Figure
2.2) to understand the stages leading up to a case of foodborne illness being reported to
a surveillance body. Each stage, represented by a level of the pyramid, contains fewer
individuals than the level beneath. This concept is particularly relevant for Vibrio spp.
pathogens such as NOVC and V. parahaemolyticus which can cause self-limiting
gastroenteritis (Baker-Austin et al., 2018). For example, a large number of the population
may be exposed to these pathogens through eating seafood but only some individuals
will become ill. Only a small proportion of those persons will seek medical attention and
fewer still will have a sample taken and tested. A confident species-level identification is
obtained for some of the tests. Not all confirmed test results will get reported to the
centralised surveillance body therefore, as a result, many cases of vibriosis are not
reported. Unlike in the US, where vibriosis is legally notifiable (CDC, 2019), vibriosis is
not a notifiable disease in Europe which further decreases the likelihood of reporting.
There may also be differences in the extent of underreporting between different
Vibrio spp. pathogens. For instance, V. vulnificus symptoms are typically severe and
foodborne infection can rapidly develop to primary septicaemia (Warnock and MacMath,
1993), which unquestionably requires medical intervention. In comparison, the generally
self-limiting nature of gastrointestinal symptoms caused by V. parahaemolyticus (Baker-
Austin et al., 2018) suggest a lower frequency of infected individuals reporting their
illness to a doctor. Therefore, it could be proposed that proportionally, there is greater
underreporting of V. parahaemolyticus than V. wvulnificus, with consequences for

understanding the true extent of the health burden these bacteria pose.
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Reported to
Health Institute

Surveillance
sample

Species
sample
Laboratory tests
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Sample taken for analysis Medical
sample

Medical attention required
Acute gastroenteritis, wound infection & septicaemia

Individual becomesiill Population
e.g. Self-limiting gastroenteritis sam ple

General public exposed
Coastal recreational activity & seafood consumption

Figure 2.2  Vibrio spp. burden of iliness pyramid. Adapted from FoodNet Surveillance
example (CDC, 2015).

2.5 Threat of antimicrobial resistance (AMR)

The genome of Vibrio spp. bacteria is distributed across two chromosomes; a trait
present across the Vibrionaceae family (Okada et al., 2005). Vibrio spp. bacteria are
highly receptive to free genetic material; species constantly evolve through the
mechanism of horizontal gene transfer (HGT) (Le Roux et al., 2015), threatening
potential recombination of antimicrobial resistance (AMR) genes. In fact, attachment to
chitin (a key component of marine invertebrate exoskeletons; see section 2.1.3 for
Vibrio spp. attachment to plankton) induces natural competence in Vibrio spp., i.e.,
enables the uptake of free DNA which could harbour virulence or AMR genes (Blokesch,
2014).

Regular, excessive use of antibiotics to suppress disease within aquaculture
environments, as well as increasing use for treatment of human infection, has created a
selection pressure within natural aquatic habitats for AMR bacteria (Allen et al., 2010).
Such environments are considered reservoirs of AMR bacteria (Marti et al., 2014) which

enter via wastewater from homes and hospitals, as well as run-off from agricultural
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sources (Reverter et al., 2020). These factors are thought to have led to the occurrence
of multi-drug resistant (MDR) Vibrio spp. strains (Letchumanan et al., 2015). MDR
Vibrio spp. isolates have been found in seafood products (Letchumanan et al., 2015),
coastal water and sediment samples (Baker-Austin et al., 2008), and clinical isolates

from human infections (Baker-Austin et al., 2009).

Shaw et al. (2014) tested 120 V. vulnificus and 77 V. parahaemolyticus environmental
strains isolated from the Chesapeake Bay and Maryland Coastal Bays for their
susceptibility to 26 different antibiotics. V. vulnificus isolates were resistant to 12 of 26
antibiotics whilst V. parahaemolyticus isolates demonstrated resistance to 15 of 26
antibiotics (Shaw et al., 2014). Importantly, the majority of isolates were susceptible to

those antibiotics recommended for treating Vibrio spp. infections (Shaw et al., 2014).

AMR strains pose a significant risk to human health as the outcome of life-threatening
Vibrio spp. infections is shown to depend on the timing of effective antibiotic treatment
(Klontz, 1988). Increasing incidence of infections (Baker-Austin et al., 2010) stress the
need for alternative therapies and effective methods of mitigation to reduce the likelihood

of further resistant strains developing (Heng et al., 2017).

2.6 Climate change impacts on Vibrio spp.

transmission and disease

Greenhouse gas emissions from human activity have unequivocally increased global
temperatures (IPCC, 2021) with widespread negative consequences for people and
nature (IPCC, 2022). As the average global temperature rises, impacts continue to
manifest in long term, incremental changes whilst also enhancing disruptive, extreme
events (Bindoff et al., 2019; Collins et al., 2019).

The IPCC Special Report on the Ocean and Cryosphere in a Changing Climate states
that there is ‘very high confidence’ in the link between warming, extreme weather events
and increased Vibrio spp. disease risk (Bindoff et al., 2019). An overview of how climate
change may influence Vibrio spp. disease risk is presented in Figure 2.3 resulting from
a synthesis of the literature presented. Prediction of this risk involves multiplying the level
of hazard by the level of exposure in the population; climate change affects both of these
components. This diagram identifies how climate change may influence SST, through
warming trends, and salinity, via changing precipitation and glacier melt (IPCC, 2014).

Both may have direct microbial effects which could modify the abundance and
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distribution of Vibrio species as well as indirect effects through changes to plankton
populations (see section 2.1.3). Climate change could also affect human behaviour.
Changing air temperature and precipitation are likely to impact the frequency and
locations of recreational activities such as fishing, coastal bathing and seafood
consumption which enhance the risk of coming into contact with Vibrio spp. Furthermore,
a feedback mechanism may occur whereby awareness of rising Vibrio spp. disease risk

results in a small proportion of individuals limiting their exposure. Together, the hazard

and exposure combine to influence the spatiotemporal distribution of Vibrio spp. disease.

Climate Change

Salinity Precipitation Air Temperature

Microbial Effects Human Effects

Replication rate
Virulence

Aquatic reservoirs
VBNC state
Dispersal of strains

Coastal recreation

Shellfish consumption

Ageing population

Chronic diseases (V. vulnificus)

Spatiotemporal
Human Vibrio spp. exposure distribution of

Vibrio spp.
T disease

Vibrio spp. abundance
and distribution

»

HAZARD X EXPOSURE

RISK

Figure 2.3 Potential influences of climate change on the spatiotemporal distribution
of Vibrio spp. disease. Impacts of climate change include changing SST, precipitation
and air temperature (IPCC, 2014), with proposed influences on microbial communities
and human behaviour. The resultant effects on Vibrio spp. abundance (hazard) and
human Vibrio spp. exposure (exposure) can be multiplied together to determine the

spatiotemporal distribution of Vibrio spp. disease risk.

2.6.1 Vibrio spp. spatiotemporal abundance and distribution
(hazard)

In terms of the hazard, climate change may influence the spatiotemporal abundance of
Vibrio spp., changing opportunities for human exposure, and thus infection. There are
several environmental factors that promote Vibrio spp. survival in the aquatic

environment, and these may influence both the geographic range of Vibrio spp. as well
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as the seasonal patterns of its abundance. The possible influences of climate change on
each of these environmental factors with potential consequences for Vibrio spp.

spatiotemporal abundance and distribution will be considered in turn.

Geographic range

Temperature and salinity directly influence Vibrio spp. bacteria’s replication rate and
survival (see section 2.1, ‘Vibrio spp. ecology and environmental drivers’). Changes in
these environmental parameters therefore majorly determine the capacity for growth and

persistence in the marine environment of Vibrio spp. (Vezzulli et al., 2013).

The ocean has absorbed greater than 90% of the excess heat generated from
anthropogenically driven warming (Zanna et al., 2019) and many impacts of climate
change affecting the ocean are accelerating (Bindoff et al., 2019). Average global sea
temperature continues to rise at an increasing rate, disproportionately affecting the upper
ocean and causing widespread stratification of the surface layer (Bindoff et al., 2019). At
the time of writing (August 2023), average daily global SST for 2023 has consistently
reached well beyond 2 standard deviations from the 1981-2011 mean (Climate
Reanalyzer, Climate Change Institute, University of Maine, 2023; Huang et al., 2021)
(see Figure 2.4). With time, stratification is likely to be strengthened by the freshening of
marine ecosystems in high latitude regions in response to future patterns of heavy
precipitation (Bindoff et al., 2019). As these changes occur, warm, low salinity conditions
suitable for Vibrio spp. growth may expand poleward, extending the spatial area within
which vibrios can persist (Baker-Austin et al., 2013; Vezzulli et al., 2013). One analysis
predicts that the length of global coastlines suitable for Vibrio spp. growth could expand
by up to 38,000km by the end of the 21 Century (Trinanes and Martinez-Urtaza, 2021).
Multi-decadal evidence presented by (Vezzulli et al., 2016) suggests that rising SSTs,
correlated with warming trends of the Northern Hemisphere Temperature (NHT) and
Atlantic Multidecadal Oscillation (AMO) climatic indices, have driven an increase in the
relative abundance of Vibrio spp. amongst plankton-associated bacteria sampled within
the temperate North Atlantic and North Sea regions. However, long term changes in
climatic variables also affects the dynamics of Vibrio spp. indirectly, by altering the
populations of organisms that encourage Vibrio spp. survival, particularly plankton

communities (Hays et al., 2005) (see section 2.1.3).

There is high confidence that the poleward movement of marine organisms has in-part
been enabled by increasing ocean temperatures (Bindoff et al., 2019). As warm water

species shift in range, the structure of plankton communities in high latitude regions
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changes, with potential consequences for Vibrio spp. persistence (Vezzulli et al., 2015).
In the North Atlantic and North Sea regions, a multi-decadal increase in phytoplankton
abundance with SST and a more recent shift in phytoplankton community structure were
observed (Vezzulli et al., 2016). Differential competitive ability of phytoplankton species
under changing ocean conditions is thought to have resulted in a reduction in
dinoflagellates, whilst diatoms have increased in abundance in this region (Hinder et al.,
2012; Vezzulli et al., 2016). These community composition alterations have occurred in
tandem with a sharp increase in Vibrio spp. abundance relative to other members of the
bacterioplankton since the year 2000 (Vezzulli et al., 2016). It is difficult to ascertain
whether Vibrio spp. have benefitted directly from these changes in the phytoplankton
community or whether phytoplankton dynamics mirror that of Vibrio spp. due to the
relationship of these organisms with temperature. However, (Main et al., 2015) found a
greater positive relationship between Vibrio spp. and diatoms than with dinoflagellates,
supporting the consideration of changing phytoplankton community structures as a

potential factor in the prediction of future Vibrio spp. abundance.

Climate change may also influence the survival of Vibrio spp. bacteria transported to
new, suitable regions via natural or artificial (e.g., ship ballast tanks) means (Colwell,
1996; Martinez-Urtaza et al., 2016; Shikuma and Hadfield, 2010). The likelihood of the
establishment of Vibrio spp. populations in non-endemic locations will arguably increase
with the effects of climate change as these locations become more favourable for growth
(Vezzulli et al., 2013). The climate phenomenon ‘El Nifio’ results in extensive warming
of surface waters along the west coast of South America with irregular frequency every
two to seven years (Martinez-Urtaza et al., 2016). These events are contended to provide
a “long-distance biological corridor”, connecting the waters from South America to those
of East Asia through an intercontinental body of warm water (Martinez-Urtaza et al.,
2016). Analysis of oceanographic variables has linked the 1997 emergence of
V. parahaemolyticus serotype O3:K6 along the coast of South America to the movement
of El Nifio waters from Southeast Asia (Martinez-Urtaza et al., 2008). Vibrio spp. may be
transported across this distance in biofilm association with the exterior surfaces of
zooplankton, enabling them to reach new habitats for colonisation whilst protected from
starvation and physiological changes (Martinez-Urtaza et al., 2016). Extreme El Nifio
events are predicted to double in frequency throughout the 21t century (Collins et al.,
2019), potentially creating more frequent opportunities for the geographic transmission

of pathogenic Vibrio spp.
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Figure 2.4 Daily global average sea surface temperatures from the NOAA Optimum
Interpolation SST (OISST) version 2.1 dataset (1981-2023) (Huang et al., 2021). Light
grey lines represent each year from 1981 to 2021. The orange and bold black lines show
data from 2022 and 2023, respectively. The small dashed line represents the 1982-2011
mean with larger dashed lines for 2 standard deviations above and below that mean.
Image courtesy of Climate Reanalyzer, Climate Change Institute, University of Maine,

(2023) under a Creative Commons Attribution 4.0 International License.

Temporal abundance

One impact of ocean warming is the extended duration of summer SSTs (Baker-Austin
et al.,, 2013), likely leading to longer growing seasons for temperature-mediated
organisms. Rapid replication is common amongst the Vibrio genus; some species double
in under 10 minutes (Aiyar et al., 2002), therefore, prolonged periods of optimal SST for
Vibrio spp. proliferation can lead to the accumulation of high cell densities within near-
shore waters (Ruppert et al., 2004). Vibrio spp. concentrations may be further
supplemented by the regrowth of VBNC cells (see section 2.2.1), which can be initiated
by temperature upshifts (Coutard et al., 2007). However, it is worth noting that some
locations could become less suitable for Vibrio spp. bacteria if salinity is sufficiently
increased because of strong evaporation during periods of high temperature. This is
more likely in coastal waters that are semi-enclosed or have less tidal exchange such as

coastal lagoons.
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Vibrio spp. abundance could be enhanced by other environmental factors, including
changes to precipitation. It is predicted that greater average annual rainfall at higher
latitudes will cause increased volumes of freshwater run-off (IPCC, 2014). As well as
reduced salinity, this may lead to subsequent nutrient loading of coastal areas, potentially
fuelling phytoplankton and zooplankton blooms, ultimately boosting Vibrio spp. survival
(Andersson et al., 2015; Heisler et al., 2008) (see sections 2.1.3 and 2.1.4). Furthermore,
seasonality of peak Vibrio spp. abundance may be influenced by changes to the timing
of phytoplankton spring blooms which are observed to occur earlier in response to
climate change impacts on physiology, water column stratification and changing light and
nutrient availability (Winder and Sommer, 2012). Furthermore, the species composition
of zooplankton communities is also an important factor in the seasonal timing of

Vibrio spp. abundance (Constantin de Magny et al., 2014; Turner et al., 2009).

In addition to long term seasonal changes, increasing frequency of extreme weather
events is associated with climate change (IPCC, 2014). There is high confidence that
anthropogenic global warming was responsible for 84-90% of Marine heatwave (MHW)
events recorded between 2006 and 2015 (Collins et al., 2019). MHWSs have doubled in
frequency since 1982, whilst also increasing in severity, geographic extent and duration;
trends predicted to continue into the 21 Century (Collins et al., 2019). Anomalously high
SSTs associated with heatwave events stimulate Vibrio spp. abundance (Ruppert et al.,

2004), therefore MHWSs represent an increasingly frequent source of elevated hazard.

Short periods of high volume rainfall can cause coastal flooding, creating the brackish,
low salinity conditions within which Vibrio spp. bacteria flourish (Baker-Austin et al.,
2018). Hurricanes are associated with an elevated risk of Vibrio spp. infections as
extensive brackish coastal floodwaters resulting from hurricane storm surges can expose
large numbers of people to the bacteria leading to a spike in wound-associated vibriosis
(Rhoads, 2006; Sodders et al., 2023). For example, a total of 38 vibriosis cases were
reported in Florida, US after exposure to Hurricane lan’s floodwaters in 2022 (Sodders
et al., 2023). This included 11 fatalities, 9 of which were caused by V. vulnificus (Sodders
et al., 2023). Climate change is predicted to increase the intensity of hurricanes (Collins
et al., 2019) which may influence the vibriosis risk associated with these events. More
generally, heavy precipitation events are becoming more frequent with climate change
(IPCC, 2014). Rising sea levels due to glacial melt and thermal expansion, in response
to ocean warming (IPCC, 2014), may exacerbate the severity and extent of coastal
flooding during extreme events, suggesting greater exposure of human populations to

Vibrio spp. bacteria in future.
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2.6.2 Human factors (exposure)

Coastal recreation

Environmental variables also affect human behaviour; for example the duration of coastal
recreational activity increases with air temperature (Elliott et al., 2019), exhibiting a
visible surge in popularity during summer periods. Nevertheless, literature addressing
how weather affects specific human behaviours involved in Vibrio spp. disease

transmission such as seafood consumption, bathing and fishing is not extensive.

Future patterns of recreational activity have the potential to alter the extent to which
human populations are exposed to Vibrio spp. pathogens. Climate predictions of
increased air temperature and more frequent heatwave events (IPCC, 2014) could be
accompanied by concomitant patterns of recreational behaviour, potentially resulting in
higher incidence of infections. However, the influence of environmental factors upon
human behaviour may not be linear; for example, anomalously high temperatures
experienced during some heatwaves may reduce recreation and thus exposure
(Coombes et al., 2008).

Demographic changes influencing exposure

Demographic factors also influence the burden of Vibrio spp. infections. Concomitant
with global trends of coastal migration (Hugo, 2011), between 2000 and 2016, the
population of coastal counties along the Gulf of Mexico grew by >3 million (24.5%) in
comparison to an overall 14.8% growth in population of the US within this time (Cohen,
2018). These factors are important as more people are potentially exposed to Vibrio spp.
bacteria and some chronic underlying conditions that predispose individuals to greater
risk of developing a severe manifestations of Vibrio spp. infection, for example liver
cirrhosis, are associated with older individuals (Scaglione et al., 2015). Ageing
populations are highly likely to mean predisposing conditions rise in frequency amongst
the general population with higher proportion of individuals susceptible to suffer from life-
threatening forms of vibriosis. Meanwhile, population growth in many parts of the world
(UN DESA, 2019) may lead to more individuals interacting with coastal resources which

would likely result in a general increase in infections.

Temporal patterns in consumption of seafood imply a further source of altering levels of
exposure. As well as short term seasonality, long term trends suggest a general increase

in seafood consumption in some regions (Gudmundsson et al., 2006).
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2.7 Changing Vibrio spp. disease risk

The true burden of Vibrio spp. disease risk is unknown (see section 2.4). Despite this,
data indicate a global rise in reported Vibrio spp. illnesses (Vezzulli et al., 2013).
Reported Vibrio spp. infections are increasing both over time and in geographic extent
(Baker-Austin et al., 2013). For example, the annual incidence of vibriosis per 100,000
individuals in the US more than doubled in less than a last decade from 0.42 in 2010 to
0.90 in 2019 (Newton et al., 2012; Tack et al., 2020). The geographic expansion of
vibriosis cases is noted in their emergence at high latitudes in northern Europe (Baker-
Austin et al., 2013) and Alaska (McLaughlin et al., 2005) as well as temperate regions of
Israel (Paz et al., 2007), Northwest Spain (Baker-Austin et al., 2010), Chile (Gonzalez-
Escalona et al., 2005) and Peru (Martinez-Urtaza et al., 2008); representing a developing
human health hazard in these locations. However, in many of these locations no
systematic collection and investigation of epidemiological Vibrio spp. data takes place,
therefore, emergence is based upon case reports which may give a poor estimate of

incidence.

In the following sections the changing risk of Vibrio spp. disease in North America and
Northern Europe will be considered in turn. Whilst vibriosis does also occur in other
locations around the world, many academic papers focus on these two regions thus

providing substantial data to discuss.

2.7.1 North America

Vibrio spp. bacteria have been a known cause of illness in the US for decades. The
earliest reports of V. parahaemolyticus and V. alginolyticus infections occurred in the late
1960s (Twedt et al., 1969) followed by the first V. vulnificus infections which were
described in 1976 (Hollis et al., 1976; Kang et al., 2020). Vibrio spp. account for a large
number of mild and therefore unreported cases. The US CDC estimate that around
80,000 vibriosis infections occur each year in the US, of which 65% are believed to be

caused by V. parahaemolyticus, (CDC, 2019).

The Pacific Northwest region, which includes the US states of Washington, Oregon and
Alaska as well as the Canadian province of British Columbia, and the US Gulf of Mexico
coastline are hotspots for Vibrio spp. disease (Sheahan et al., 2022). The Pacific
Northwest has harvested shellfish for over 150 years and brings $270 million to the local

economy annually (NOAA, 2022). However, the consumption of shellfish from this region
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has been associated with vibriosis, including several V. parahaemolyticus outbreaks
occurring in 1997 (CDC, 1998), 2004 (McLaughlin et al., 2005) and 2021 (Washington
State Department of Health, 2021). Meanwhile, in the Gulf of Mexico region, reports of
vibriosis prompted the first US coordinated surveillance of Vibrio spp. infections in 1989,
resulting in the establishment of the Cholera and Other Vibrio lllness Surveillance
(COVIS) system by the CDC, FDA and states of Texas, Alabama, Louisiana, and Florida
(CDC, 2022; Levine and Griffin, 1993). Additional states voluntarily joined the COVIS
reporting scheme as they experienced infections and vibriosis was made nationally
notifiable in the US in 2007 (CDC, 2019).

Numbers of all vibriosis cases declared to COVIS have grown since mandatory reporting
began in 2007 according to data presented by Sheahan et al. (2022). Between 2007 and
2018, 14,017 cases were reported (Sheahan et al., 2022). Around 70% of cases
occurred in the latter half of this 12-year dataset with ca. 3,000 cases in 2018 alone,
representing about 20% of all cases (Sheahan et al., 2022). Using these data Sheahan
et al. (2022) were able to build models of monthly vibriosis occurrence for individual
Vibrio spp. pathogens using SST, supporting the influence of warming temperatures on
the increasing number of vibriosis cases reported in the US. This is also evidenced in
case reports of vibriosis at new, higher latitudes along the East Coast of the US (e.g.,

Delaware Bay; King et al., 2019).

V. parahaemolyticus was the dominant species reported to COVIS between 2007 and
2018, causing around 40% of all infections (Sheahan et al., 2022). Around 900 cases of
V. parahaemolyticus were reported in 2018, demonstrating a ~50% increase compared
to the previous year and approximately quadruple the number reported in 2007 (Sheahan
et al., 2022). Cases of V. vulnificus and V. alginolyticus also increased over time from
fewer than 100 cases before 2009 to around 200 and 300 cases per year attributed to
these species by 2018, respectively (Sheahan et al., 2022). Interestingly, 2017 and 2018
also saw substantial increases in the number of infections caused by Vibrio species other
than V. parahaemolyticus, V. vulnificus, and V. alginolyticus (Sheahan et al., 2022). The
number of infections caused by these ‘other’ Vibrio species, including NOVC, increased
from around 300 cases in 2016 to 1,600 cases in 2018 (Sheahan et al., 2022). The
inclusion of cases confirmed with culture-independent diagnostic tests (CIDTs) from
2017 onwards is believed to have contributed to this significant rise in reporting through
improvements in the accuracy of diagnoses (Sheahan et al., 2022). This may also be

linked to the recent increases in V. parahaemolyticus infections.
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2.7.2 Northern Europe

The emergence of Vibrio spp. infections in northern Europe has corresponded with
spatial and temporal changes in SST (Baker-Austin et al., 2013). In conjunction with
other high latitude regions, northern Europe is warming at a rate disproportionate to the
global average (Belkin, 2009). Sudden increases in domestically contracted Vibrio spp.
illnesses have accompanied multiple heatwave events (1994, 1997, 2003, 2006, 2010,
2014, 2018) experienced in this geographic area (Amato et al., 2022; Baker-Austin et al.,
2016).

For example, Sweden and Finland reported a total of 89 Vibrio spp. infections in
association with the summer heatwave of 2014 (Baker-Austin et al., 2016). NOVC
caused the majority (77%) of cases with 10 of these infections reported at latitudes
greater than 63°N, including 6 documented at ~65°N (Baker-Austin et al., 2016). At the
time of reporting, the Vibrio spp. cases observed represented the largest yearly totals
recorded for Sweden and Finland, as well as documenting the most northerly cases of
vibriosis ever recorded (Baker-Austin et al.,, 2016). Generalised linear modelling
determined maximum annual SST as the key predictor of cases in these countries
(Baker-Austin et al., 2016), similar to previous results (Baker-Austin et al., 2013).
Analysis of all cases reported within the Baltic Sea area between 1985 and 2010
revealed that alongside maximum annual SST, time explained significant amounts of
variability in the number of cases reported (Baker-Austin et al., 2013). Trends that may
have led to time being a significant variable include: changes in reporting such as greater
medical awareness leading to higher rates of diagnosis, shifting population demography

and increased exposure (Baker-Austin et al., 2013).

Analysis of Hadley SST data sets revealed the Baltic Sea, considered the world’s most
rapidly warming marine ecosystem (Belkin, 2009), has been warming by more than 1°C
per decade since 1987; seven times faster than the global average (Baker-Austin et al.,
2013; Belkin, 2009). Baker-Austin et al. (2013) predict the future extension of summer
SSTs, with average SST set to exceed 18°C for the majority of the summer season under
the highest levels of warming. Temperatures above 18°C are preferential for Vibrio spp.
growth (Vezzulli et al., 2013), highlighting the increased risk of Vibrio spp. disease under
a changing future climate. Furthermore, the spatial extent of Baltic Sea waters favourable
for Vibrio spp. growth is predicted to double from 140,000 km? in July 2015 to
309,966 km? in July 2050 under the RCP 4.5 climate change scenario; or to 317,793 km?
in July 2050 under RCP 8.5 (Semenza et al., 2017).
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Notably, since 2014, Sweden has reported a new record number of annual Vibrio spp.
infections with 135 cases reported in 2018 (see Figure 2.5); a year of extreme heat for
Europe, especially Scandinavia (Herring et al., 2020). Across Norway, Sweden, Finland,
Denmark, Poland and Estonia, 445 vibriosis cases were reported in 2018, surpassing
the previous record of 272 total cases reported in 2014 (Amato et al., 2022). Recent work
demonstrates a strong significant correlation (r = 0.95) of average annual seawater
temperature and annual total Vibrio spp. cases reported in Denmark (Gildas Hounmanou
et al., 2023).
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Figure 2.5  Annual totals of domestically acquired vibriosis cases in Sweden during
years 2010-2022. Created with data from the Public Health Agency of Sweden (Public
Health Agency of Sweden, 2023, 2019).
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2.8 Socioeconomic impacts of changing

Vibrio spp. disease

2.8.1 Economic impacts on tourism

Tourism often provides coastal communities with a substantial proportion of their
economic gain (Ghosh, 2012). A study by (Czajkowski et al., 2015), estimates the
economic benefits from recreational activity within Baltic Sea region at 15 billion euros
per year. This same study identifies that degradation of the Baltic’s marine environment
may lead to annual losses of 1-2 billion euros due to a reduction in citizens’ perceived
value of this region, and thus reduced likelihood of recreational use. Therefore, potential
negative associations of a geographic area with Vibrio spp. may dramatically reduce
tourism and result in harmful economic impacts to the detriment of coastal towns and
cities around the world affected by these pathogens. This could be particularly relevant
for associations with V. vulnificus infections, as this pathogen is colloquially referred to

as “flesh-eating” in the media (e.g., Hassan, 2022).

Increased public awareness of rising Vibrio spp. incidence rates and shellfish harvesting
closures could also have negative implications for local seafood industries (Anderson
and Plummer, 2017; Luk et al., 2019). The comparatively low carbon footprint of shellfish
to other protein sources (Nijdam et al., 2012) indicates their value as an important
sustainable resource. However, failure to cook thoroughly, or raw ingestion, increases
risk of Vibrio spp. infection. Association of illness with local fisheries may damage their
reputation and consequent in economic loss which could also negatively impact the
mental health of these communities (Sheahan et al., 2022). This could be especially
detrimental due to the coincidence of the summer tourism season and peak conditions

for Vibrio spp. growth and abundance.

2.8.2 Healthcare costs

Health-related costs resulting from Vibrio spp. infection include those directly incurred
from doctor appointments, antibiotic treatments and hospitalisation, whilst indirect costs
are also associated with inability to work during illness. Given the rising rates of
Vibrio spp. infections (Baker-Austin et al., 2010; Newton et al., 2012), increases in the
economic burden of this disease are expected. It is especially important to consider the

burden of increasing cases of V. vulnificus; the severity of these infections makes them

36



particularly costly due to high rates of hospitalisation, often involving high-cost intensive
care units (Seidel et al., 2006), and death. An analysis by Sheahan et al. (2022)
estimates that in 2018 vibriosis cost the US $2.2 billion when accounting for medical
care, productivity losses due to time off work and premature death. By 2090, these
infections could cost the US between $5.2 billion - $7.3 billion each year, depending on
global greenhouse gas emissions (Sheahan et al., 2022). Higher emissions are expected
to have a stronger positive influence on SSTs which would likely lead to greater numbers

of cases and therefore higher cost (Sheahan et al., 2022).

The economic impacts mentioned may be concentrated spatially and temporally,
because of the seasonality of infections (Baker-Austin et al., 2013) and localised
suitability of conditions for Vibrio spp. growth. Rising cases of infection will likely intensify
pressure on public health services — some of which may already be stressed by the
impacts of escalating ageing populations (United Nations, Department of Economic and
Social Affairs, 2015) and increasingly frequent heatwave periods (Hoegh-Guldberg et
al., 2018).

2.9 Mitigation of Vibrio spp. infections

The sensitivity of Vibrio spp. abundance to temperature indicates these marine bacteria
represent a rapidly changing hazard (Baker-Austin et al., 2017). Infections can be fatal,
especially amongst the most vulnerable (Oliver, 2005c), therefore, it is important that

steps are taken to minimise Vibrio spp. disease risk.

One key element in mitigation is ascertaining when Vibrio spp. concentrations are at their
highest. This can be conducted either through direct water sampling for bacterial
enumeration (Gyraite et al., 2020) or growth risk models based on climatic data. One
example is the European Centre for Disease Control and Prevention (ECDC) Vibrio Map
Viewer, which enables real-time monitoring of Vibrio spp. growth risk as well as
generation of a 5-day risk forecast based on SST and salinity in the Baltic Sea (ECDC,
2016). This forecast is examined weekly by the ECDC who publish their observations
within Communicable Disease Threat Reports (CDTR); such information can be
evaluated by public health authorities, who then decide whether further action is required
(Semenza et al., 2017). Communication of increased Vibrio spp. risk may take the form
of public alerts, educating immunocompromised persons of elevated exposure risk,
warning signs or beach closures (Semenza et al., 2017). By further developing predictive

models of Vibrio spp. disease, risks to human health can be more reliably evaluated,

37



allowing clear guidance to be relayed to the public which can limit exposure, thus

potentially reducing the burden of Vibrio spp. disease on human health.

However, monitoring Vibrio spp. case data for recent reports and issuing alerts in
response is another strategy. In September 2023 the US CDC issued a Health Alert
Network (HAN) advisory to increase awareness of recent serious and fatal V. vulnificus
infections that had been reported on the Atlantic coast (CDC, 2023). The HAN advisory
encouraged healthcare workers to consider V. vulnificus as a potential cause of wound
infections where exposure to seawater has occurred, as well as urging them to share
guidance and news of the recent reports across departments and laboratories (CDC,
2023). Specifically, due to the rapidity of disease progression, clinicians are advised not
to wait for laboratory confirmation of a suspected V. vulnificus infection before starting a
patient’s treatment including antibiotic therapy and surgical tissue removal. Guidance
from the CDC to the public includes to not enter seawater or brackish water with an open
cut and to wash any cuts that have been exposed to seawater, brackish water or raw

seafood with soap and water immediately (CDC, 2023).

In addition to measures which limit exposure through water-related activities, it is
important to consider methods which reduce Vibrio spp. risk from seafood consumption.
The CDC recommend that raw oysters and other shellfish should be cooked thoroughly
before eating (CDC, 2023). The closure of waters to shellfish harvesting has proved an
effective tactic to control the progression of foodborne Vibrio spp. outbreaks, for
example, the 1997 outbreak of V. parahaemolyticus within the US Pacific Northwest
(CDC, 1998). However, frequent repetition of this approach may result in significant
negative economic impacts for shellfishery owners and their workers. In light of this,
research efforts are now focused on establishing post-harvest purification treatments
which can reduce Vibrio spp. densities with minimal impact on the quality of the seafood
product. Processes being tested for use on oysters include: UV-sterilized seawater
depuration (Phuvasate et al., 2012), irradiation (Andrews et al., 2003), low temperature
pasteurization (Andrews et al., 2000), high hydrostatic pressure (Kural and Chen, 2008),
flash freezing with frozen storage (Liu et al., 2009), chlorine dioxide treatment (Wang et

al., 2010) and bacteriophage application (Rong et al., 2014; Zhang et al., 2018).

Knowledge gained from the management of similar hazards, such as harmful algal
blooms (HABs) could be utilised to inform the development of mitigation strategies
regarding Vibrio spp. risk. Berdalet et al. (2015) describe the importance of clear
scientific communication of human health risks regarding HABs in the context of coastal

tourism and the fishing industry. Lack of uniform understanding of HAB risk amongst
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affected communities can lead to the ‘halo effect’ whereby human activities within that
location, unrelated to HAB risk, are reduced or halted (Berdalet et al.,, 2015). For
example, consumption of all forms of seafood is reduced, despite bivalves presenting
particularly high risk by concentrating HAB biotoxins (Berdalet et al., 2015).
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3 Climate warming and
Increasing Vibrio vulnificus

Infections in North America

3.1 Abstract

Vibrio vulnificus is an opportunistic bacterial pathogen, occurring in warm low-salinity
waters. V. vulnificus wound infections due to seawater exposure are infrequent but
mortality rates are high (~18%). Seawater bacterial concentrations are increasing but
changing disease pattern assessments or climate change projections are rare. Here,
using a 30-year database of V. vulnificus cases for the Eastern USA, changing disease
distribution was assessed. An ecological niche model was developed, trained and
validated to identify links to oceanographic and climate data. This model was used to
predict future disease distribution using data simulated by seven Global Climate Models
(GCMs) which belong to the newest Coupled Model Intercomparison Project (CMIP6).
Risk was estimated by calculating the total population within 200km of the disease
distribution. Predictions were generated for different “pathways” of global socioeconomic
development which incorporate projections of greenhouse gas emissions and
demographic change. In Eastern USA between 1988 and 2018, V. vulnificus wound
infections increased 8-fold (10-80 cases p.a.) and the northern case limit shifted
northwards 48km p.a. By 2041-2060, V. vulnificus infections may expand their current
range to encompass major population centres around New York (40.7°N). Combined
with a growing and increasingly elderly population, annual case numbers may double.
By 2081-2100 V. vulnificus infections may be present in every Eastern USA State under
medium-to-high future emissions and warming. The projected expansion of V. vulnificus
wound infections stresses the need for increased individual and public health awareness

in these areas.
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3.2 Introduction

Greenhouse gas emissions from human activity are changing our climate (IPCC, 2021).
The global mean temperature has risen 1.2°C since the pre-industrial period (World
Meteorological Organisation, 2021). Despite the aim of the Paris Climate Agreement to
limit this increase in global average temperature to “well below two degrees” (United
Nations, 2016), 1.5°C of warming may occur by the early 2030s (IPCC, 2021).

Impacts may be especially acute on the world’s coastlines which provide a major
interface between natural ecosystems and human populations and are a particular
source of human disease. Vibrios are naturally occurring and commonly found
Gram-negative bacteria in marine waters, which thrive in warm, brackish water and are
highly sensitive to temperature (Vezzulli et al., 2013). These associations with climate
have led to Vibrio species being collectively recognised as a “microbial barometer of
climate change” (Baker-Austin et al., 2017). Despite being endemic to subtropical
regions (e.g. south-eastern USA (King et al., 2019)), Vibrio spp. infections have recently
emerged at higher latitudes such as Delaware Bay, USA (King et al., 2019) and the Baltic
Sea (Baker-Austin et al., 2013). The latter geographical shift has been formally attributed
to climate change (Ebi et al., 2017). Recent modelling studies indicate that climate
change will increase the suitability and distribution of pathogenic Vibrio species,

particularly at high latitudes (Trinanes and Martinez-Urtaza, 2021).

Of particular concern is V. vulnificus infection which can occur from exposure to seawater
through small skin lesions (Baker-Austin and Oliver, 2016) and can quickly turn necrotic,
requiring urgent surgical tissue removal or limb amputation in around 10% of cases
(Dechet et al., 2008). V. vulnificus is the most pathogenic of the Vibrio genus: wound
infection mortality rates are as high as 18% (Ralston et al., 2011) and fatalities have
occurred as soon as 48 hours following exposure (Baker-Austin and Oliver, 2016).
Alongside causing around 100 cases annually in the USA (Brumfield et al., 2021), the
economic burden of V. wvulnificus wound infections is estimated at over US$ 28
million/year (Ralston et al., 2011). When also considering the economic burden of
foodborne cases (USDA, 2020), overall annual costs associated with this pathogen are
estimated at over US$ 360 million, making it the most expensive marine pathogen in the
USA to treat.

Despite a changing V. vulnificus infection distribution, there are few attempts to quantify

this change, or to map the likely climate change effects. This is due to the lack of high-
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quality epidemiological data. Some studies have made future Vibrio spp. risk predictions
based on the projected distribution of ideal environmental conditions (e.g., Trinanes and
Martinez-Urtaza, (2021)) but these predictions indicate the probable presence of

Vibrio spp. bacteria rather than disease risk (Brumfield et al., 2021).

Here, we produce a systematic assessment of the changing distribution of V. vulnificus
infections along the east USA coast using a unique 30-year V. vulnificus infection
database. The study area includes the USA Gulf Coast, a global hotspot for V. vulnificus
infection (Huang et al., 2016), and the Atlantic coastline where reported V. vulnificus
infections are increasingly common (King et al., 2019). We then explore the influence of
climate change upon the spatial distribution of V. vulnificus wound infections using an
Ecological Niche Model (ENM), a common tool for predicting species distribution based
upon biogeographic variables and increasingly used for modelling disease transmission
(Johnson et al., 2019).

Future changes to the V. vulnificus wound infection distribution were predicted using the
ENM and future data simulated by seven Global Climate Models (GCMs) which belong
to the newest Coupled Model Intercomparison Project (CMIP6) (Eyring et al., 2016).
These GCM projections were available for different Shared Socioeconomic Pathways
(SSPs) which enabled the influence of climate change in the V. vulnificus distribution to
be assessed. SSPs offer an update to the previous Representative Concentration
Pathways as they combine different socioeconomic “narratives”, which shape trends
including economic growth, population change and urbanisation with corresponding
levels of greenhouse gas emissions by the end of the 215 century (O’Neill et al., 2014;
“The CMIP6 landscape,” 2019). We focus on scenarios SSP1-2.6 which is set against
the SSP1 narrative of “sustainability” and is a low emissions scenario, and SSP3-7.0,
which is set against the SSP3 socioeconomic backdrop of “regional rivalry” (Riahi et al.,
2017) where resurgent nationalism and regional conflicts shift focus away from climate
mitigation leading to medium-to-high emissions. These are referred to hereafter as
SSP126 and SSP370. Analysis was based upon climate data (temperature and
precipitation) obtained from seven GCMs and oceanographic data (sea surface

temperature and salinity) for one GCM (see Methods and Table S1 for GCM references).
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3.3 Methods

3.3.1 Vibrio vulnificus data

Since 1988 the CDC has maintained the Cholera and Other Vibrio lliness Surveillance
database (COVIS) for the reporting of human cases of vibriosis and cholera. Laboratory-
confirmed cases of V. vulnificus, where the transmission route was confirmed as non-
foodborne, foreign travel was not reported, and the patient did not live in the Pacific
Region of the US (or travel outside this Region) were extracted (1375 cases) for the
years 1988-2018. For a few cases (69) a symptom date was not present, but in all but 3
cases one was generated by applying the modal lag between cases where a symptom

date and specimen date were present.

An accurate location of exposure is important, and for most cases this was based on the
city/county where the individual lived or travelled to in the days preceding symptoms.
Cases were excluded (128) where the home/travel location was coarser than city/county.
A further 75 cases were excluded as the home/travel location was further than 200km
from the coast (>2-hour drive), introducing uncertainty into location of exposure which is
predominantly coastal. The analysis proceeded with 1169 cases (85% of total) which
were matched to their nearest coastline. Equivalent V. vulnificus data from Canada were
unavailable, and an absence of case reports in the literature strongly suggests

negligeable incidence.

3.3.2 Baseline oceanographic, climate and climate change

projection data

V. vulnificus is known to be affected by both sea surface temperature (SST) and
seawater salinity. Gridded historical and future data sets of SST (°C) and salinity (PSU)
were downloaded for the Alfred Wegener Institute Climate Model (AWI-CM-1-1-MR) at
a spatial resolution of 25km (Semmler et al., 2018). Historical data were downloaded
between 2007 and 2014 (data were not available beyond 2014). Future data were
downloaded for the years 2018 — 2100 under SSP126, SSP245, SSP370 and SSP585.
For baseline and all future time periods (2021-2040, 2041-2060, 2061-2080 and 2081-
2100) the mean monthly temperature for each month during the period of interest was
calculated. The mean and maximum salinity and mean and maximum SST were then

calculated from these 12 values.
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Meteorological conditions such as air temperature and precipitation not only influence
SST and salinity (SST and air temperature are highly correlated (Feng et al., 2018;
Galbraith et al., 2012)) but can also affect human behaviour and hence exposure to
V. vulnificus. They are also known to influence coastal recreational behaviour (Elliott et
al., 2019). Crucially they are available at finer grid resolutions. For baseline conditions,
gridded historical monthly maximum air temperature (°C) and monthly total precipitation
(mm) were obtained from the WorldClim database (https://www.worldclim.org/) for the
years 2007 to 2018. The air temperature data (Harris et al., 2014) which has been bias
corrected using WorldClim 2.1 (Fick and Hijmans, 2017) to a spatial resolution of 2.5
arcminutes (~4.6km), represents monthly means of the daily maximum air temperatures.
Future maximum air temperature (°C) and total precipitation (mm) were obtained from
the WorldClim ‘Future Climate’ dataset which had been downscaled and bias-corrected
with the same WorldClim 2.1 baseline. These data were available for four future 20-year
time periods under four SSPs as gridded monthly averages across each 20-year period
for January to December, respectively. Individual data were obtained for seven GCMs
(BCC-CSM2-MR, CNRM-CM6-1, CNRM-ESM2-1, CanESM5, IPSL-CM6A-LR, MIROC-
ES2L, MIROCG6) downscaled at a spatial resolution of 2.5 arcminutes (~4.6km) (see
Table S1 for GCM references).

To ensure the compatibility of historical and future temperature data, monthly averages
of maximum air temperature were calculated for each calendar month across the 11-
year historical period of 2007 to 2018. Therefore, each grid cell contained 12 values (one
average value per calendar month) for the historical period and 12 for a given future time

period.

From the air temperature data tmean was calculated as the average of 12 monthly values
for each time period. The maximum of these values was also calculated (tmax). Using
the monthly total precipitation, mean precipitation, and maximum precipitation variables

were also calculated in the same way.

3.3.3 Historic and future population scenario data

Baseline population at risk and age distribution was calculated using 2010 subsets of
Gridded Population of the World, Version 4: Population Count and Gridded Population
of the World, Version 4: Basic Demographic Characteristics, respectively (Center for
International Earth Science Information Network - CIESIN - Columbia University, 2018a,
2018b), at a resolution of 2.5 arcminutes (~4.6km). These data were subdivided into
20-year age categories (0-19, 20-39, 40-59, 60 and older).
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SSP-specific future population data were obtained at the same spatial resolution as
annual projections (Jones and O’Neill, 2016). These data were subdivided into age
categories using SSP-specific future U.S. County-Level Population Projections (Hauer
and Center for International Earth Science Information Network - CIESIN - Columbia
University, 2021).

3.3.4 Changing distribution

To assess whether the geographical distribution of cases has shifted over time, the mean
latitude, 5" percentile (southern extent) and 95" percentile of latitude (northern extent)
was calculated for the dataset in annual time steps. These data were plotted and trends

assessed.

3.3.5 Model specification and creation

The current spatial distribution of V. vulnificus cases (presence:absence) was calculated
using cases from 2007 onwards (n=709) to ensure a contemporary distribution and
because V. vulnificus became notifiable in 2007 (therefore there was potential for earlier
cases to be unreported). The northern extent of the distribution was set as the 95"
percentile latitude of cases (39.93°N adjacent to Philadelphia). The distribution was
assumed to extend southwards along the US coastline to the Mexican border (25.95°N;
cases were reported along the entire coastline to this border; Figure 3.1), as results
indicated no change in the southern extent and V. vulnificus has been isolated in shellfish
throughout the Gulf of Mexico. The coastline absent of V. vulnificus infections was
defined as northwards from 39.93°N to the northernmost point of Newfoundland and
Labrador located (60.35°N). Grid cells directly intersecting the coastline were used to
define presence:absence locations (oceanographic data, SST and salinity, 318 presence
cells, 596 absence cells; climate data, air temperature and precipitation, 2990 presence

cells, 5252 absence cells).

The creation of each model was based upon cells along the coast that were labelled as
present/absent for V. vulnificus. The oceanographic (SST and salinity) and climate (air
temperature and precipitation) data were assigned to each cell. Models were generated
using oceanographic and climate data. For each model, the proportion of
presence:absence points was kept constant and 10% of the data were set aside for
model validation whilst the remaining 90% were carried forward for model creation and
testing. From this remaining 90% of the data, 100 random samples were obtained which

contained all the presence points and an identical number of randomly selected absence
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points to ensure that the models were not biased towards predicting either presence or
absence. Each of the 100 random samples of data were split 70:30 into training and
testing subsets whilst maintaining a 50:50 ratio of presence:absence points in both
training and testing subsets. Binomial logistic regression models of V. vulnificus
presence-absence were fitted using 10-fold cross validation on each of the 100 training
subsets using a Generalised Linear Model (GLM) method within the package ‘caret’
(Kuhn, 2021) in R version 4.0.2 (R Core Team, 2021). Model predictive power was
measured using the mean AUC calculated for each of the 100 model replicates on the
corresponding testing subsets using R package ‘pROC’ (Robin et al., 2011). Multiple
variations of oceanographic and climate variables were fitted as univariate models, and
each was tested to check that the assumption of linearity between the predictor variable
and logit of the outcome had been met. All coefficients and metrics of model performance
were averaged over the 100 replicates. Each model produced this way (i.e., as an
average of the 100 replicates) was used to predict on the corresponding 10% validation
dataset which had been held out of the model creation process for each variable tested.
A further AUC was generated to check the ability of the model to predict on unseen data,
this is referred to as the ‘Validation AUC’.

3.3.6 Distribution maps

After the final models were selected, predictors from the historical data set and from
every future SSP / time period combination were passed through the model to produce
estimates of current and future V. vulnificus distribution. For the future time period the
output from all 7 GCMs were averaged to generate a multi-model mean prediction of the
future distribution. The model outputs were the probability of V. vulnificus wound infection
presence and these probabilities were converted into a binary map using the
‘PresenceAbsence’ package (Moisen and Freeman, 2008) in R version 4.0.2 (R Core
Team, 2021). This package translates probability of occurrence into a binary
(presence:absence) parameter based on a given ‘Required Sensitivity’. A required
sensitivity of 0.85 (ReqSens85) was chosen to ensure that that no more than 15% of risk
locations were missed whilst maintaining the highest degree of specificity possible. The
ReqSens85 threshold meant that probabilities greater than or equal to 0.999 were
classified as presence and probabilities below 0.999 as absences. A lower Required
Sensitivity threshold was not applied as V. vulnificus is a rare infection and it is important
not to misidentify true locations as absences (Freeman and Moisen, 2008). Modifying
this parameter made negligeable difference to the distribution due to the strong predictive
power of the chosen models (tmean AUC 0.999, tmax AUC 0.998).
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3.3.7 Coastlines, population at risk and projected cases

The sum of the coastline length within climate cells where presence was calculated for
each SSP scenario and future time period. The population at risk of V. vulnificus infection
was determined as the sum of the population that reside within a 200km buffer
surrounding these coastal cells and clipped to the maximum latitude of predicted risk (to
be consistent with the method used to assign cases to coastal locations). To estimate
likely cases, the current case rates by 20-year age bands (0-19, 20-39, 40-59, 60 and
older) were calculated using age data within COVIS. These rates were multiplied by the
age profile in the risk zone (200km buffer surrounding coastline where V. vulnificus

infections are present) to estimate likely baseline and future cases.

3.4 Results

3.4.1 Changing incidence and distribution of V. vulnificus

infections

The historical distribution of V. vulnificus infections between 2007-2018 is presented in
Figure 3.1. This presents all cases where either the home or travel location was reported
within 200 km of the eastern USA coastline. Cases were reported from the Mexican
border along the entire coast of the USA to Maine. The total reported V. vulnificus cases
has increased, from around 10 p.a. in 1988 to around 80 p.a. by 2018. Figure 3.2
presents the latitudinal distribution of V. vulnificus cases by year and shows that the 5™
percentile of latitude (henceforth southern extent) of cases has remained constant at the
Mexican border and not shifted northwards (linear trend p=0.237), whereas the mean
case latitude has moved northward at 0.13° (~15 km) p.a. (linear trend p<0.001). The
95" latitude percentile (henceforth northern extent) of V. vulnificus cases has extended
northwards at 0.43° (~48 km) p.a. (linear trend p<0.001). On Figure 3.2 the non-linear
progression of the northern extent is likely a consequence of cases of this low probability
disease only occurring when reaching high population density areas (e.g., Virginia,

Maryland see Figure 3.1).
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Atlantic
Ocean
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Mexico

Figure 3.1 Original locations of the 709 confirmed non-foodborne V. vulnificus
infections reported to the Cholera and Other Vibrio lllness Surveillance (COVIS)
database between 2007 and 2018 within 200 km of the east USA coastline (blue
shading).
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Figure 3.2 Latitudinal shifts by year of confirmed non-foodborne V. vulnificus
infections in the USA reported to the Cholera and Other Vibrio lliness Surveillance
(COVIS) between 1988 — 2018. The 95" latitude percentile in 5-year bands is presented
in the upper panel. The lower panel presents the 5" percentile, mean and 95" latitude

percentile for individual years alongside 5-year rolling means.

49



Binary logistic regression models of the V. vulnificus infection distribution (presence-
absence between the Mexican border and northern extent) were fitted using 10-fold
cross validation on 100 data subsets using generalised linear models (see Methods).
Both mean air temperature (tmean) and maximum air temperature (tmax) were
individually statistically significant (p<0.001) with a high area under the receiver operator
characteristic curve (AUC; 0.999 and 0.998, respectively) and high validation AUCs
(0.999 and 0.997, respectively) indicating good predictive accuracy for V. vulnificus
infection presence. Mean precipitation and maximum precipitation were also significant
(p<0.001) but each had a lower AUC (0.833 and 0.687). Sea surface temperature and
salinity were considered but the coarse dataset resolution (25 by 25km vs 5 by 5km for
air temperature and precipitation) meant that they were unable to capture conditions
close to the coast (where there can be sharp gradients particularly in salinity near to
estuaries) especially as the effective resolution (i.e., including density of the underlying
salinity observations) may be coarser. For example for every coastal grid cell (25 x 25km)
in the study area for every month, salinity values were never in the suitable range for V.
vulnificus (2-25 practical salinity units (PSU) (Baker-Austin et al., 2018)) (see Figure S1),
yet V. vulnificus infections are present in all these states (Figure 3.1). This indicates that
the true salinity of these near-shore waters is within the ideal range for V. vulnificus, but
we are unable to observe the true salinity values due the coarse resolution of these data.
This resulted in poor statistical relationships with V. vulnificus. Model fit was not improved
by multivariable models hence the two models with the highest AUC were selected (i.e.,
tmean and tmax), to represent different temperature variations. These models were used
to predict the V. vulnificus infection distribution into the future, using air temperature

projections from seven GCMs.

3.4.2 Future Distribution and Incidence of V. vulnificus

Infections

Projections are presented as maps of infection distribution, length of coastline within this
distribution, population at risk within 200km of the distribution and estimated annual case
numbers. Results were produced for multiple time periods (2021-2040, 2041-2060,
2061-2080, 2081-2100) and SSPs (SSP126, SSP245, SSP370, SSP585). We focus on
SSP126 and SSP370 to represent a range of likely socioeconomic trends and
greenhouse gas emissions (Hausfather and Peters, 2020). We focus on 2041-2060 and
2081-2100 to make our projection periods comparable with other impact modelling

groups (e.g., The Inter-Sectoral Impact Model Intercomparison Project [ISIMIP]
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(Warszawski et al., 2014)). Results for other SSPs and time periods are found in

Supplementary Information (Table S2-S3 and Figures S2-S9).

Tmean and tmax were the strongest predictors of infection distribution, and projections
of future distribution from both are compared in Figure 3.3 and Figure 3.4. Projections
were produced for both tmean and tmax to evaluate how sensitive the projections are to
predictor choice. Baseline predictions are almost identical to the current distribution
(Figure 3.2), with the upper limit around Philadelphia (40.0°N). Under both SSP126 and
SSP370, the tmean model (Figure 3.3) predicts a northward expansion of V. vulnificus
infection distribution to New Jersey (40.0°N) and southern New York state (40.9°N) by
2041-2060. Under SSP126, the projected distribution changes little from 2041-2060 to
2081-2100. Under SSP370 the distribution extends northwards to include the
Connecticut (41.3°N), New Hampshire (43.0°N) and southern Maine (43.3°N) coastlines.

Under the tmax model (Figure 3.4) by 2041-2060 SSP126 and SSP370 the V. vulnificus
infection distribution extends further northward into Connecticut (41.3°N) and as far north
as Boston, Massachusetts (42.4°N). By 2081-2100, there is a notable between-scenario
difference with little further change in the distribution under SSP126 but an expansion
towards the southern Maine coastline (43.3°N) under SSP370. Under SSP370, the
distribution of V. vulnificus infections encompasses every Eastern USA coastal state by
2081-2100. Figure 3.5 presents the length of coastline within the infection distribution
and population at risk for every SSP and time period. SSPs incorporate changes in
climate and changes in population. Table 3.1 focusses on SSP126 and SSP370 for
2041-2060, and 2081-2100 and indicates that V. vulnificus infections are currently
present along ~10,000km of the eastern USA coastline. Tmax produced a lower baseline
of infection distribution estimate than tmean (9,000 vs 10,000km). In the near future (i.e.,
2021 - 2040), the length of the coastline where infections are present increases to
between 10,800km and 10,900km under all scenarios. After this increase, the coastline
lengths where infections are present diverges depending upon SSP. By 2041-2060, V.
vulnificus infections may be present along ~11,100km (SSP126) to ~11,500km
(SSP585) of USA coastline. However, far future predictions indicate a ~2,100km
difference in coastline where infections are present between SSP126 and SSP585.
Under SSP585, the tmax model (2081-2100) indicates 14,400km of coastline where
infections are present and stretches as far North as the St Lawrence River. However,
this is an unlikely worst-case scenario that is at odds with increasing clean energy use
(Hausfather and Peters, 2020).
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@ Baseline (2007-2018) Prediction @ Future Prediction
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Figure 3.3 Baseline and projected V. vulnificus infection distribution (presence)

predicted using tmean and then averaged across seven CMIP6 global climate models
for A. 2041 — 2060 and B. 2081 — 2100 under CMIP6 SSP126 and SSP370.
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Figure 3.4  As Figure 3.3 but predicted using tmax.
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Figure 3.5 Length of the coastline where V. vulnificus infections are present
(thousands of km) for the tmean (A) and tmax model (B). Total population at risk (millions)
for the tmean (C) and tmax model (D). Future values represent an average across seven
CMIP6 global climate models (GCMs). Error bars represent the highest and lowest

estimate from individual GCM predictions.
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Table 3.1

Length of coastline where V. vulnificus infections are present (thousand

km) population at risk (millions), percentage of population aged = 60 and estimated

annual number of V. vulnificus cases under CMIP6 Shared Socioeconomic Pathways

SSP126 and SSP370. Values are the ensemble mean from seven global climate models

and the minimum and maximum estimates are given in square brackets.

Coastline where

Percentage of

) ) ) ) Estimated
infections are Total projected projected
) ) ) ) ) ) annual total
Scenario Time Period present population at risk population at
o ) number of
(thousands (millions) risk aged 260
cases
of km) years (%)
tmean model

Baseline 2007 - 2018 10.0 61.0 16.9 61

2041-2060 11.110.8-11.3] 106.6 [94.8-120.7] 32.5[32.7-32.4] 145 [130-164]
SSP126

2081-2100 11.1[10.8-11.3] 124.1[108.4-138.3] 43.1 [43.3-42.9] 204 [178-228]

2041-2060 11.3[10.9-11.9] 89.1[76.9-99.9] 31.4[31.5-31.3] 120 [104-135]
SSP370

2081-2100 12.5[12.2-13.7] 88.0 [87.4-89.7] 41.1 [41.1-40.8] 141 [141-143]

tmax model

Baseline 2007 - 2018 9.3 75.1 16.9 76

2041-2060 11.1[10.6-11.5] 120.5[113.9-126.3] 32.4 [32.5-32.4] 164 [156-172]
SSP126

2081-2100 11.1[10.7-11.6] 137.0[123.2-144.8] 42.9 [43.1-42.9] 224 [202-237]

2041-2060 11.4[11.1-12.3] 98.9 [92.5-103.5] 31.3[31.4-31.3] 133 [125-140]
SSP370

2081-2100 13.0 [11.8-16.5] 90.2 [87.4-92.5] 40.4 [41.1-39.6] 142 [141-144]
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When the coastline where infections are present is combined with the SSP-specific
population, the impacts diverge further between SSPs. These impacts combine climate
change and population change. Under all SSPs there is a large increase in population at
risk between the baseline and 2021-2040 as New York and nearby states become
incorporated. By 2081-2100 the population at risk varies between ~90 million (SSP370)
and ~210 million (SSP585). The tailing off of population at risk for many SSPs between
2041-2060 and 2081-2100 is notable. This is due to reductions in population associated
with these SSPs (Jones and O’Neill, 2016) and for SSP370, this represents a reduction
in the population at risk in spite of a larger coastline where V. vulnificus infections are
present, due to a lower future population under SSP3, particularly in NE USA (Jiang et
al., 2020).

Aged populations are more susceptible to V. vulnificus infections and when the projected
population aged over 60 is calculated large increases in this age group are observed
across all models from 17% at the baseline to 31% by 2041-2060, and over 40% by
2081-2100. When the estimated number of cases is calculated based upon current age
specific case rates (20-year age bands) the results indicate a case doubling by 2041-
2060 under most SSPs and models. By 2081-2100 cases increase again to more than 3
times baseline under SSP126. Under SSP370 by 2081-2100 there is a smaller increase
over 2041-2060 numbers due to the smaller future population under this SSP. Currently
the case fatality rate for V. vulnificus wound infections is around 18% (Ralston et al.,
2011). The projections combine climate change and population change and in Table S4
these are replicated focussing on population change only (i.e., V. vulnificus distribution
is held constant). For SSP126 around half the change in case numbers is associated
with climate change and the other half population change. For SSP370 between 67%

and 75% of the change is climate related.

3.5 Discussion

Our projections of V. vulnificus infection distribution and population at risk have multiple
strengths. They are based upon one of the most detailed databases of V. vulnificus cases
to date (Cholera and Other Vibrio lllness Surveillance [COVIS]; Newton et al. (2012)),
which covers the Gulf and Atlantic USA coasts spanning 30 years (1988-2018). COVIS
data trained and validated the models which were generated using 100 different samples

of historical data and had strong predictive power. Each GCM produced similar V.
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vulnificus infection distributions and uncertainty is presented as the range between
different GCMs.

V. vulnificus is an increasingly recognized human pathogen with a low incidence but a
high wound infection fatality rate of ~18% (Ralston et al., 2011). Here we show that in
Eastern USA the total reported V. vulnificus cases have increased 8-fold between 1988
and 2018, accompanied by a profound geographical expansion. In the late 1980’s
infections were rare above Georgia (32°N) but by 2018 were regularly reported as far
north as Philadelphia (40°N). On average the V. vulnificus infection distribution has been
shifting northwards at ~48km p.a. Our analyses confirm studies which have documented
Vibrio spp. infection emergence in new US locations (King et al., 2019). Between 1988
and 2016 there have been over 1100 wound infections reported in the USA with 159
associated fatalities, highlighting the significant yet underappreciated impact of this
pathogen.

Our projections indicate that climate change will have a major effect on V. vulnificus
infection distribution and number in Eastern USA, likely due to warming coastal waters
favouring presence of bacteria and elevated temperatures leading to more coastal
recreation. By 2041-2060 the coastline where V. wvulnificus infections are present
increases by over 1000km under both SSP126 and SSP370 and both tmean and tmax
models. This shift increases the population at risk into the densely populated coastal
regions of New Jersey and New York. Alongside population growth and an increasingly
elderly population, this translates into a doubling of cases by 2041-2060.

By 2081-2100 the patterns increasingly diverge between SSPs. Under SSP126 the
coastline where V. vulnificus infections are present remains relatively static but increases
in the elderly population under this ‘sustainability’ scenario led to further increases in the
projected population at risk and cases. Conversely, under SSP370, the coastline where
V. vulnificus infections are present increases by another 1000km into southern Maine, to
encompass every state along the Eastern USA coastline. However, this shift occurs into
less densely populated areas, and within SSP370 there are population reductions under
this ‘regional rivalry’ scenario. For context, the population within the current V. vulnificus
disease distribution (see Figure 3.2), is projected to decrease by 9.3 million over the 21%
Century under the SSP3 pathways (Table S4). The overall impacts under SSP370 are a
small increase in the projected number of cases in comparison to 2041-2060. Under all
SSPs and time periods, tmax gave a marginally greater increase in coastline where

V. vulnificus infections are predicted compared to tmean.
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The 4° shift in the northern coastline extent where V. vulnificus infections are present
under SSP370 projected by 2080 (~0.06° p.a.) is slower than the rate observed between
1988-2018 (0.43° p.a.). Potential reasons include steeper latitude-temperature gradients
at higher latitudes or few reported cases early in the observational period (1988-2018) in
mid-latitudes. This is plausible due to the rare nature of a V. vulnificus iliness intersecting

an area of lower population (i.e., North and South Carolina, Figure 3.1).

Our work uses an ENM to evaluate V. vulnificus infection spread. The best model is
based upon air temperature, a surrogate for both sea surface temperature (the two are
strongly correlated (Feng et al., 2018; Galbraith et al., 2012)) and coastal recreation
(Elliott et al., 2019). This approach contrasts to previous studies (Trinanes and Martinez-
Urtaza, 2021) which focus on the ecological suitability for the V. vulnificus bacteria, which
even if present, may not lead to human disease (van Zyl, 2022). Therefore, within our
current and future V. vulnificus disease distribution there will be coastal areas where
conditions are unsuitable for V. vulnificus bacteria. However, it is worth noting that
despite this limitation, V. vulnificus infections currently occur along the USA coastline
from Southern Texas to New Jersey (Figure 3.1). The current and future oceanographic
data resolution (25 x 25km) is a particular challenge for coastal studies as the underlying
observations are often poorly representative of near coastal conditions where

V. vulnificus thrive and ultimately come into contact with the human population.

This work has uncertainties. Exposure case location was assumed as the nearest
coastline to an individual’s home/travel county, but case location was only used to define
the current V. vulnificus distribution. Population at risk was based upon residents within
200km of the coast (~2-hour travel time), but different distance buffers could have been
used. Projected cases were based upon current age-specific incidence rates, but these
may change. The analysis used future downscaled climate data, bias corrected with
current observational data, but future weather patterns may be different. We were unable
to model changes to the V. vulnificus southern extent, but this bacterium has been

isolated from oysters as far south as Tabasco (18.5°N) (Fernandez-Rendén et al., 2019).

The northward V. vulnificus infection expansion stresses the need for increased
individual and public health V. vulnificus awareness in these areas. This is crucial as
prompt action when symptoms occur is necessary to prevent major health outcomes
(Coerdt and Khachemoune, 2021). Individuals and health authorities could be warned in
real time about particularly risky environmental conditions through marine (Frélicher and
Laufkotter, 2018) or Vibrio-specific early warning systems (Semenza et al., 2017). Active

control measures could include greater awareness programmes for at risk groups (e.g.,
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the elderly, individuals with underlying conditions), and coastal signage during high-risk

periods.
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4 Environmental predictors of
Vibrio vulnificus infections
reported on the United States’
Gulf Coast

4.1 Abstract

Vibrio vulnificus is a climate-sensitive marine pathogen which causes severe wound
infections via exposure to seawater. The Gulf of Mexico and Atlantic coasts of the United
States (US) are a global hotspot for these infections and recent work predicts that the
number and distribution of V. vulnificus infections is likely to increase with climate
warming in this region. In this study we use a multi-model inference approach to
systematically assess potential environmental drivers of V. vulnificus infection variability
at a weekly timescale across five US states along the Gulf of Mexico coastline. Air
temperature and sea surface temperature were independently the most important
environmental drivers of V. vulnificus infection variability. A baseline model without the
addition of environmental variables containing parameters of year, month, occurrence of
a holiday and random effect of US state demonstrated similarly good predictive power
(baseline AUC: 0.816 vs air temperature AUC: 0.817 and SST AUC: 0.818). This
observation suggests that a model accounting for seasonal trends alone may provide
reasonable predictive skill for V. vulnificus infection occurrence in this region. This work
reinforces the association of V. vulnificus infection with environmental temperatures and
thus highlights V. vulnificus disease as a continued and growing human health risk in a
warming world. This research presents a critical call to action to policymakers,
emphasizing the urgency of climate adaptation strategies, public health interventions,
and surveillance measures to mitigate the growing threat of V. vulnificus infections in
vulnerable coastal regions. It underscores the need for proactive policies and resources
dedicated to safeguarding public health in the face of climate-induced health risks,

particularly those linked to marine pathogens.
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4.2 Introduction

With the recent finding that 58% of human pathogenic diseases are exacerbated by
climate change (Mora et al., 2022), the interconnectedness of human health and the
health of the environment has never been more apparent. Intensifying climatic hazards
such as heatwaves, extreme rainfall events, hurricanes and sea-level rise can influence
pathogens, host and vector populations, as well as human behaviour resulting in
changes to disease transmission in space and time (Epstein, 2001; IPCC, 2022).
Waterborne disease caused by marine Vibrio spp. bacteria, which infect open wounds
exposed to seawater, is a key example of how changing environmental conditions can
influence the spread of disease due to the sensitivity of these pathogens to
environmental temperatures (Baker-Austin et al., 2017). Vibrio spp. infections have
emerged in the Baltic Sea region of Northern Europe in accordance with anomalous sea
surface temperatures (SSTs) associated with climate change (Baker-Austin et al., 2013;
Ebi et al., 2017) and at new, higher latitude locations along the east coast of the United
States (US) (Archer et al., 2023; King et al., 2019). Continued warming is estimated to
provide up to 38,000 km of additional coastline suitable for Vibrio spp. growth worldwide
by 2100, depending on greenhouse gas emissions (Trinanes and Martinez-Urtaza,
2021), highlighting the potential growth of Vibrio spp. disease as a human health issue
throughout the 21 Century.

Of the Vibrio spp. pathogens, V. vulnificus presents a major threat to human health
(Almagro-Moreno et al., 2023; Amaro and Carmona-Salido, 2023), especially along the
coastlines of subtropical eastern Asia, the Gulf of Mexico and Atlantic coasts of North
America and countries bordering the Baltic Sea in Northern Europe, where these
infections are mainly reported (Archer et al., 2023; Gildas Hounmanou et al., 2023;
Huang et al., 2016). V. vulnificus is opportunistic, therefore most infections occur in
individuals who are immunocompromised or have a chronic health condition (Baker-
Austin and Oliver, 2018). As a consequence, the numbers of infections reported are low
(e.g., ~80 V. vulnificus wound infections are reported along the US Gulf of Mexico and
Atlantic coasts combined each year (Archer et al., 2023)). Despite this, V. vulnificus
infections are high impact due to the severity of the disease and consequences for
patient health. V. vulnificus wound infections can quickly become systemic so rapid
diagnosis and treatment with antibiotics is essential (Baker-Austin and Oliver, 2016).
Survival of this illness can also depend on life-changing surgery such as amputation

(Dechet et al., 2008) and the mortality rate for V. vulnificus wound infection is estimated
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at ~18% (Ralston et al., 2011). Individuals with chronic conditions associated with
elevated blood iron levels, e.g., liver cirrhosis and haemochromatosis, are especially
susceptible to severe V. vulnificus infections as the bacterium can replicate rapidly under
increased iron availability (Baker-Austin et al., 2018; Wright et al., 1981). Current
demographic trends indicate that many populations are ageing (United Nations
Department of Economic and Social Affairs, 2023): a characteristic associated with
increased prevalence of chronic conditions (Boutayeb and Boutayeb, 2005). For context,
by 2050, the world population aged 65 and above is expected to rise to 1.6 billion (1 in
6) which is more than double the 761 million (1 in 10) people within this age group in
2021 (United Nations Department of Economic and Social Affairs, 2023). This suggests
that globally, future populations are likely to contain a greater proportion of individuals

with risk factors that make them susceptible to V. vulnificus infections.

A key epidemiological feature of V. vulnificus infections is that they are highly seasonal
(Hlady and Klontz, 1996; Newton et al., 2012). Warm summer months coincide with the
majority of waterborne V. vulnificus infections which mainly occur between May to
October (Baker-Austin et al., 2016; Baker-Austin and Oliver, 2018; Brehm et al., 2021a).
This trend is also present in the annual cycle of V. vulnificus bacterial abundance which
demonstrates a seasonal peak in summer months in accordance with changes in water
temperature (Jacobs et al., 2014; Pfeffer et al., 2003). V. vulnificus bacteria prefer warm
(~20°C), low salinity (10-25 Practical Salinity Units, PSU) conditions (Noorian et al.,
2023) and sea surface temperature (SST) is frequently identified as the primary driver of
V. vulnificus bacteria in the environment, often explaining >50% of the variability in its
abundance, whilst salinity demonstrates less explanatory power (Blackwell and Oliver,
2008; Motes et al., 1998; Nigro et al., 2011; Randa et al., 2004). Other environmental
factors associated with V. vulnificus abundance include chlorophyll-a concentration (a
proxy for phytoplankton biomass), and zooplankton. Phytoplankton blooms, which
increase nutrient availability for bacterial growth, have been linked to increased V.
vulnificus abundance (Eiler et al., 2007; Greenfield et al., 2017). Meanwhile, V. vulnificus
attach directly to zooplankton (Gugliandolo et al., 2008; Toubiana et al., 2019); here, the
bacteria are sheltered from harsh changes in physical conditions whilst provided with a
source of nutrients and protection from predators (Hall-Stoodley et al., 2004; Matz et al.,
2005; Vezzulli et al.,, 2016). V. vulnificus has been positively associated with
zooplankton, notably copepods (Diner et al., 2021), which are highlighted as one of the
most important environmental reservoirs for Vibrio spp. bacteria (Vezzulli et al., 2010).
Although presence of V. vulnificus bacteria alone does not result in human infection due

to the many other elements involved in disease transmission (i.e., number of bacteria,
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virulence of strains, human exposure, host susceptibility), environmental variables
associated with V. vulnificus growth are arguably important precursors to human disease
and should be explored when constructing models to explain V. vulnificus infection

variability.

Further variables potentially important to V. vulnificus infection variability include
precipitation, air temperature, hurricane landfall, and El Nifio, and La Nifia Southern
Oscillation (ENSO) and these are detailed below. Heavy precipitation increases
freshwater runoff from the land which can dilute coastal salinities to brackish conditions
preferred by V. vulnificus, influencing the abundance of this bacterium (Bullington et al.,
2022). Alternatively, in terms of human behaviour, precipitation may decrease coastal
recreation (Morgan and Ozanne-Smith, 2013) and thus human exposure to V. vulnificus
but extreme rainfall may increase exposure through coastal flooding. Air temperature
positively influences coastal recreation (Elliott et al., 2019), including the number of
bathers immersed in coastal waters (Morgan and Ozanne-Smith, 2013). Consequently,
summer months are considered the peak of coastal recreational activity and thus a
period of elevated human exposure to Vibrio spp. bacteria. However, air temperature
strongly correlates with sea surface temperature (Ayala et al., 2023; Sheahan et al.,
2022) so possible influences on human behaviour are challenging to isolate from

temperature effects on V. vulnificus bacteria in the water.

Hurricane landfalls and ENSO events may represent longer-term, upstream changes in
conditions that are not visible within weekly air temperature and rainfall variables but
have relevance to V. vulnificus infections. In 2005, exposure to the brackish flood waters
of Hurricane Katrina was associated with 14 cases of V. vulnificus infection, including 3
fatalities (CDC, 2005) (see Figure S10). In 2022, Hurricane lan was linked to 29
V. vulnificus cases in Florida, including nine deaths (Sodders et al., 2023). Finally,
changes in environmental conditions induced by the ENSO climate phenomenon have
been linked to increased risk of vibriosis in the US nationally (Logar-Henderson et al.,
2019). The two opposing modes of ENSO: La Nifia and El Nifio, are associated with
increased and suppressed hurricane activity in the Atlantic basin, respectively (Bell and
Chelliah, 2006), thus upstream effects of the ENSO modes may influence coastal
conditions and human exposure of V. vulnificus along the Gulf Coast of the US, the focal

location of this study.

Presently, few studies seek to explain the variability in V. vulnificus human infections. In
the US, SST has been used to model monthly likelihood of V. vulnificus infection by

Sheahan et al. (2022). However, other factors known to influence Vibrio spp. bacteria in
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the environment are not explored as the aim of Sheahan et al. was to provide future
projections of Vibrio spp. incidence, so models were limited by future data availability.
Other recent work by Ayala et al. (2023) examines air temperature, water temperature,
windspeed and air pressure recorded by NOAA buoys for associations with monthly V.
vulnificus infections reported in Florida. Both air and water temperatures were found to
be significantly higher in months when V. vulnificus cases occurred whilst negative
associations were found for wind speed and air pressure variables. A logistic regression
model including these four environmental variables plus dummy month variables to
account for seasonal trends was determined to be the best explanatory model of monthly
V. vulnificus infection occurrence, but strong correlation between air temperature and
water temperature variables may have reduced the precision of the model estimates due
to multicollinearity. To the best of our knowledge, no study has yet examined the
environmental drivers of weekly variability in V. vulnificus infections nor included

attempts to validate the strength of models on withheld data.

In Chapter 3 the sustained northwards expansion in the distribution of V. vulnificus
infections along the eastern coastline of the United States was documented and
predictions for further extension to the geographic range of V. vulnificus infections with
climate warming were produced (Archer et al., 2023). In contrast, this chapter seeks to
explore a wide range of environmental predictors of V. vulnificus infections on a weekly,
short-term basis after accounting for seasonal and long-term trends. Despite studies into
the geographic spread of Vibrio spp. infections, there is a lack of research investigating
the environmental drivers of variability in Vibrio spp. infections through time, particularly
at short intervals. This omission is important as Vibrio spp. bacteria respond to
environmental changes rapidly and thus represent a dynamic risk to human health.
Unravelling which factors are important in driving weekly variability in V. vulnificus

infections is therefore a key knowledge gap yet to be addressed in a systematic way.

In this study we use a multi-model inference (MMI) approach (Burnham and Anderson,
2002) to rank and compare the relative importance of a number of different
environmental variables by their ability to explain the variability in reported V. vulnificus
infections at weekly intervals. The MMI approach offers an alternative to null hypothesis
testing which often seeks to provide one final model without considering model
uncertainty (Whittingham et al., 2006). In contrast, within the MMI framework, models
containing different combinations of the predictor variables are fitted and compared
simultaneously using metrics that assess how likely each model represents the best

approximating model for the data (Symonds and Moussalli, 2011). Therefore, this
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approach represents a robust methodology for considering multiple possible predictor

variables.

The MMI framework has been widely applied in ecology and examples of its use include
to understand features of hedgerow habitat associated with bat activity (Boughey et al.,
2011) and to explore factors associated with household infestation by Triatoma infestans
in rural Argentina (Gurevitz et al., 2011). We focus this V. vulnificus wound infection
modelling exercise on five US states bordering the Gulf of Mexico (Texas, Mississippi,
Louisiana, Alabama and Florida). This coastline is a key hotspot for V. vulnificus infection
(Huang et al., 2016; Miles et al., 2023) with at least one case reported in each of the five
states to the US Centres for Disease Control and Prevention (CDC) Cholera and Other
Vibrio lliness Surveillance (COVIS) monitoring programme every year between 2009 and
2018 (n = 391 cases).

4.3 Methods

4.3.1 Vibrio vulnificus health data

A dataset of confirmed non-foodborne V. vulnificus infections reported at county-level
between 1988 and 2018 was obtained from the US Cholera and Other Vibrio lliness
Surveillance (COVIS) service (CDC, 2022) and coastal cases were determined (see
Chapter 3 for details). A subset of V. vulnificus data for 1993 to 2018 were used to match

the availability of environmental data (see section 4.3.2).

Only infections reported along the Gulf of Mexico coastline of the United States (Texas,
Mississippi, Louisiana, Alabama and Florida; n = 711) were included in this analysis (see
Figure 4.1). The Gulf of Mexico has been a hotspot for V. vulnificus infections
continuously over the temporal range of the V. vulnificus dataset and therefore provides
more data points for model creation than other east coast states which have more
recently started reporting V. vulnificus infections (e.g., the first V. vulnificus wound
infection in Maryland, where V. vulnificus cases are often associated with Chesapeake
Bay, was reported to COVIS in 2003).

To ensure only Gulf of Mexico cases of V. vulnificus were included, the coastline of
Florida was divided into Gulf Coast and Atlantic Coast with north and west of Highway 1
determined as the Gulf Coast of Florida. South and east of Highway 1 was determined
to be the Atlantic Coast of Florida and was excluded from the analysis. Highway 1 runs
south-west from approximately 25.173°N, -80.374°E to 24.556°N, -81.780°E (see Figure
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4.1). The majority (72%; 255/354) of Florida’s V. vulnificus infections between 1993 and

2018 were associated with the Gulf of Mexico coastline.

V. vulnificus infection occurrence within each ISO week (January to December) between
1993 to 2018 was determined for each Gulf Coast state (Texas, Louisiana, Mississippi,
Alabama, and Florida [Gulf Coast only]). Wound infection reports were aggregated to
state-level due to uncertainty regarding the location of exposure and to reduce zero-
inflation from the high number of weeks across counties when no V. vulnificus cases
were reported. Although within 200 km of the coast, many cases were reported in
counties not directly on the coastline resulting in uncertainty in the location of exposure
on the coastline. For ~30% of cases (196/711), the exact ‘location of exposure’
description, which provides location detail beyond the county-level of reporting, was

missing whilst this information was ambiguous for many additional cases.

Whilst the incubation period for V. vulnificus wound infections is short, usually within 24
hours of exposure (Baker-Austin and Oliver, 2016; Sakihara et al., 2023), a weekly time
interval was chosen to account for uncertainty in the time between exposure and
reporting and provides the average coastal conditions associated with presence of an
infection in each US state. This was included in the models as a Boolean variable
whereby ‘1’ indicates the occurrence of at least one case reported within the state in a
given week and ‘0’ indicates that no cases were reported. A Boolean variable of infection
occurrence was used due to the low variability in total weekly cases as in (Sheahan et
al., 2022). When aggregated to state-level the maximum weekly total V. vulnificus
infections was 9 cases in Louisiana on the week beginning 29" August 2005 and there
was a high frequency of weeks where no infections were reported because of the relative
rarity of V. vulnificus infections. For example, cases were reported on the Gulf Coast of
Florida during 15% (207/1357) of weeks between 1993 to 2018 and just 3% of weeks
(49/1357) in Alabama.
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Figure 4.1 United States Gulf of Mexico coastline included in the study (red).
Location of Gulf Coast-associated Vibrio vulnificus wound infections during study period
(1993-2018) shown by points coloured by month of infection onset. Inset map of United

States, North America to contextualise the study region.

4.3.2 Environmental data

Oceanographic and weather data

Daily SST and salinity data from the Global Ocean Physics Reanalysis dataset for 1993
to 2018 (Copernicus Marine Service, 2022a) and daily zooplankton biomass (expressed
as carbon in seawater, C g m?) data from the Global Ocean Low and Mid Trophic Levels
Biomass Content Hindcast product for 1998 to 2018 (Conchon, 2016; Copernicus Marine
Service, 2022b; Lehodey et al.,, 2015, 2010) were downloaded at 0.083° (~9 km)
resolution from the Copernicus Marine Service. Satellite-derived chlorophyll-a
concentration (mg m=3) data was downloaded from the Ocean Colour Daily dataset
(version 5.0.1) at 0.042° (~5 km) resolution for 1998 to 2018 from the Copernicus Climate
Data Store (Copernicus Climate Data Store, 2019).

Hourly 2m air temperature (°C) and total precipitation (m) reanalysis data of the ERA5-
Land dataset were obtained from the Copernicus Climate Data Store at 0.1° (~11 km)
resolution (Mufioz Sabater, 2019). Total precipitation was converted into mm as this was
a more appropriate unit for comparison with the remaining environmental variables using

the same y-axis (see Figure 4.2) and later standardisation of the variables would mean
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no impacts on this variable within model creation. These weather data were downloaded
for the 1993-2018 time-period and were processed into daily means to match the
available temporal range and frequency of the oceanographic data using Climate Data
Operator (version 1.9.8) (Schulzweida, 2019) on the High Performance Computing
Cluster supported by the Research and Specialist Computing Support service at the

University of East Anglia.

Weather and oceanographic data, except for chlorophyll-a, were extracted at the Gulf of
Mexico coastline where the data grid cells touch the coastline. As most chlorophyll-a data
grid cells did not intersect the US coastline, and to account for patchiness in data
availability due to clouds, values for this variable were extracted within a 30 km buffer of
the coastline as most coastal human activity occurs within this distance from the coast

(Trinanes and Martinez-Urtaza, 2021).

Using I1ISO weeks, the weekly minimum (weekmin), weekly mean (weekmean) and
weekly maximum (weekmax) value of each cell within the weather and oceanographic
datasets was calculated from the daily data using the Climate Data Operator software
(version 1.9.8) (Schulzweida, 2019).

All further data analysis was conducted in R version 4.2.1 (R Core Team, 2022). For
every 1SO week within the 1993 to 2018 time-period the weekmin, weekmean and
weekmax values of each weather and oceanographic variable (with the exception of
chlorophyll-a and zooplankton, which were available from 1998 to 2018) were averaged
spatially across the coastline of each Gulf Coast state. These averages were weighted
by the human population count within 200 km of each cell on the coastline to reflect the
environmental conditions of locations with increased human presence and therefore
potentially greater coastal recreational activity. Data were missing for 19/1036 (1.8%) of

weeks for the chlorophyll-a and zooplankton variables combined.

Population count data were obtained at 0.042° (~5km) resolution at 5-year intervals from
version 3 (years 1990 — 1995) and version 4 (years 2000 — 2015) of the Gridded
Population of the World dataset (CIESIN - Columbia University, 2018; CIESIN - Columbia
University et al., 2005). Due to the availability of the population data, environmental data
for 1993-1994 were weighted by 1990 population data, 1995-1999 weighted by 1995

data and so on.

Hurricane landfall data

Hurricane landfall data was obtained from NOAA'’s ‘Continental United States Hurricane

Impacts/Landfalls 1851-2022’ dataset which lists the states affected by hurricanes each
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month (https://www.aoml.noaa.gov/hrd/hurdat/All_U.S._Hurricanes.html). Presence of a
hurricane landfall impact of any hurricane category was included in relevant models as

a binary variable.

El Nifio Southern Oscillation (ENSO)

Oceanic Nifio Index (ONI) data which quantify SSTs anomalies in Pacific equatorial
waters using the Nifio 3.4 region [5°N-5°S, 120°-170°W], were obtained from NOAA’s
‘Cold and Warm Episodes by Season’ dataset (https://origin.cpc.ncep.noaa.gov/
products/analysis_monitoring/ensostuff/ONI v5.php). Five consecutive 3-month running
means with an ONI of at least +0.5°C, or -0.5°C within the Nifio 3.4 region are considered
an El Nifio or La Nifia period, respectively (Norel et al., 2021). The occurrence of El Nifio

and La Nifia conditions were each included as binary variables.

State and Federal holidays

In the absence of a freely available US holiday API, the dates of non-working Federal
and State holidays in Gulf Coast US states were obtained from the timeanddate.com
web page and included as a single Boolean variable to indicate a holiday occurred within

a particular week of the dataset.

4.3.3 Statistical analysis

An MMI approach using mixed effects logistic regression models was taken to explore
and compare the ability of different factors to explain the weekly variability in V. vulnificus
wound infections within Gulf Coast states of the US. Modelling was conducted in three
main stages: initial models to determine the best versions of weather and oceanographic
variables, model comparison using these ‘best’ variables and assessment of the impact
of additional hurricane landfall, ENSO and plankton variables on model fit and predictive

power.

All models contained a random effect for US state to account for potential increased
similarity in observations reported in the same state. The performance of environmental
models is compared to both ‘null’ and ‘baseline’ models which lack environmental
parameters throughout. The ‘null’ model of weekly V. vulnificus infection occurrence
contains an intercept and a random effect of US state only. The ‘baseline’ model builds
on the null model to account for seasonal and long-term trends by also including a
polynomial term of year (due to sigmoid relationship between year and the logit of the

model from preliminary analyses), dummy categorical variables for each month to control
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for monthly variation, and a Boolean variable to indicate the presence or absence of a
non-working holiday within each week to control for potentially greater exposure during
public holidays when more people have the opportunity for coastal recreation. Dummy
variables for each week of the year were also explored as an alternative to monthly
dummy variables but resultant predictive power was lower for all models so monthly
dummy variables were used. All environmental models contain parameters present in

the baseline model in addition to weather and/or oceanographic variables.

‘Best’ versions of weather and oceanographic variables

The weekmin, weekmean and weekmax of the SST, salinity, air temperature, and total
precipitation variables were assessed to determine the ‘best’ version of each variable,
i.e., the version with greatest relative importance to weekly V. vulnificus infections, to
carry forward into the final model set (see ‘Modelling approach' below for relative
importance calculation). As demonstrated in Chapter 3, different versions of variables
(minimum, mean, maximum) can have different strength as predictors, so this step was
included to ensure the strongest version of each variable was used for final multi-model

comparisons.

Variables were first tested for covariance using Spearman’s Rho Rank Correlation and
all possible pairs of variables that did not correlate 20.7 were generated. SST and air
temperature variables correlated strongly (p(6783) = 0.96, p<0.001) therefore two sets
of candidate models, one including SST variables and one including air temperature
variables were assessed separately. Only one version of each environmental variable
was included in each model so that they could be compared but also due to correlation
across variable versions (e.g., weekmean air temperature correlates with weekmin and
weekmax air temperature), and to ensure each predictor variable occurs within the model

set the same number of times for balanced calculation of relative importance.

Each environmental model contained all variables present in the baseline model plus a
unique combination of environmental predictors (n = 63), resulting in 65 models per initial
candidate set (see Table S5). The relative importance of each version (weekmin,
weekmean and weekmax) of the predictors was determined (see ‘Modelling approach’
below) with only the version with the greatest average relative importance carried forward
to the final model comparisons. The two model sets were reduced to the combinations
of the best versions of the environmental variables only (n = 7) alongside the null and

baseline models and model metrics were recalculated based on the reduced model set.

70



Modelling approach

For each set of models analysed, the following method was applied:

As in Chapter 3, an initial 90:10 split of the dataset was used to set aside 10% of the
data for later validation whilst 90% of the data was for training and testing models. The
90% subset was randomly sampled to generate 100 subsets of data, each containing a
balanced proportion of weeks where V. vulnificus infections were present versus absent
(50:50). Each subset was split 70:30 with 70% of the data for model training and 30% of
the data for model testing (i.e., generation of an area under the receiver operator
characteristic curve [AUC] value, a measure of predictive power). Therefore, each

random subset of the data (n = 100) provided a replicate for all models within the set.

Model results including coefficients and metrics were averaged over 100 replicates to
reflect a more robust choice of ‘best’ model (see below). Median values as an alternative
to taking the mean were explored as the median is less sensitive to outliers, however,
resultant values were highly similar and made negligeable difference to the conclusion

of results.

The Ime4 package (Bates et al., 2015) in R (version 4.2.1) (R Core Team, 2022) was
used to generate all generalised linear mixed models. For each model, the corrected
Akaike Information Criterion (AIC.) to account for a large number of predictors (k) relative
to sample size (n), i.e., n/k < 40, was generated as described by Symonds and Moussalli,
2011:

2k(k + 1)

AlC. = AIC + ———
¢ +n—k—1

For each data subset, the fitted models were ordered by ascending AIC. and the ‘best’
model was that with the lowest AIC.. The difference between the AIC. of each model and
the best model was generated (Ai). To quantify the probability that each model is the best
model given the data subset, the Akaike Weight (w;) of each model was calculated as
described by (Burnham and Anderson, 2004):

1
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The mean AIC.was calculated for each model from the 100 subsets of data to generate
averaged model results. This enabled the overall ‘best’ model with the greatest average

model Akaike Weight to be determined.
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The relative importance of each individual environmental predictor included in the models
was calculated by adding together the model Akaike Weight of every model in the set
where that predictor was present. Relative importance values for each predictor were

also averaged across the 100 subsets of data.

The mean AUC was generated for each model from across the 100 test data subsets
that were held out from model training. A validation AUC was generated from the raw

unbalanced 10% validation subset that was held out from model training and testing.

Models with a mean difference in AIC. from the best model (A)) of less than 2, indicating
that they are amongst the best competing models (Symonds and Moussalli, 2011), were
selected for averaging. Model averaging was conducted with R package MuMIn (Barton,
2023).

Impact of additional variables

To assess whether the addition of further potentially relevant variables improved model
fit, final models were rerun with the addition of terms for El Nifio, La Nifia, hurricane
landfall, chlorophyll-a concentration and zooplankton biomass. Final models were rerun
with data from 1998-2018 due to the restricted availability of chlorophyll-a and
zooplankton data. The decision to include plankton variables at a later stage in the
modelling was taken so that oceanographic and weather variables could be assessed
first with the greatest time-range of data available. ENSO and hurricane landfall variables
were included at a later stage as they potentially have ‘upstream’ effects on V. vulnificus
disease, and we first wanted to explore environmental variables with more direct

associations to V. vulnificus described the literature.

The difference in average AIC. and AUC values between the original model and the
model with the addition of each variable in turn was reviewed. Differences in AIC. greater
than two suggest that the new model is substantially different from the original model
(Burnham and Anderson, 2004).

All possible model combinations of the final weather and oceanographic variables and
the above-mentioned additional variables were generated and fitted to 100 subsets of
the 1998-2018 dataset alongside null and baseline models (n = 257). Covariance
between all variables was tested beforehand and ensured that none of the additional
variables were correlated =0.7 with the final model variables. Average standardised
coefficients, 95% confidence intervals of coefficient estimates, and the relative

importance of all variables was generated for comparison.
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4.4 Results

4.4.1 Environmental conditions in US Gulf Coast states

The mean environmental conditions between 1993 and 2018 for individual Gulf Coast
states for each month of the year are presented in Figure 4.2 with mean monthly V.
vulnificus wound infections displayed using a secondary y-axis. Air temperature and SST
variables both display a seasonal trend, highlighting the strong correlation between these
temperature predictors. For all Gulf Coast states, temperature peaks around mid-July
and the seasonal trend of V. vulnificus infections shows strong similarity to that of

temperature.

There are distinct differences in the patterns of salinity exhibited between states.
According to these data, little variation in salinity is present along the Gulf Coast of
Florida throughout the year as conditions remain typical of seawater at around 35 PSU.
Louisiana, Mississippi, and Alabama display a decrease in mean salinity to their lowest
values at around April to May. Of these three states, Mississippi observed the lowest
minimum salinity values of around 10 PSU, reflecting brackish conditions. A sharp spike
in maximum precipitation is noticeable around the time of the reduction in salinity in
Mississippi and Louisiana. Conversely, Texas demonstrates a temporary increase in

salinity around mid-late summer.

73



Texas Louisiana Mississippi

40 1.00

30

20

12 3 4 5 6 7 8 9 10 11 12

40 1.00
— salinity (PSU)

— Sea Surface Temperature (°C)

Monthly means of environmental variables (1993-2018)

30 075 ~—— 2m Air Temperature (°C)
— Total Precipitation (mm)
20 0.50
© Min
== Mean
10 0.25
— Max
0 0.00 ® Vibrio vulnificus infections

1 2 3 45 6 7 8 9101112 1 2 3 4 5 6 7 8 9 10 11 12
Month
Figure 4.2 Monthly environmental conditions and number of V. vulnificus wound
infections for US Gulf Coast states averaged over 1993-2018 time-period. Environmental
means are weighted by population count within 200 km of the coast.
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Table 4.1 Models of weekly V. vulnificus infection occurrence ranked by highest
Akaike weight (wi). Results shown for a sea surface temperature and air temperature
model sets, which each contain 7 possible combinations of environmental variables.
Model sets include a ‘null’ model (intercept and random effect of US state only) and
‘baseline’ model which contains variables present in all environmental models. K
indicates the number of model parameters. Model results were generated for and
averaged over 100 random subsets of the dataset: bias corrected AIC (AIC,), difference
in AIC. from the best model (a), area under the ROC curve (AUC), validation (V.) AUC
and Akaike weight (w)). Top models (A < 2) indicated above line.

Rank Mean (n = 100)
Model® P

(n=9) K AIC. A AUC V. AUC Wi

Sea surface temperature model set

1 sst weekmean 18 765.696 0.378 0.818 0.823 0.378
sst weekmean + totprec weekmean 19 766.436 1.118 0.818 0.819 0.267
sal weekmax + sst weekmean 19 767.133 1.815 0.817 0.823 0.189
4 sal weekmax * sst weekmean 20 767.866 2.548 0.817 0.819 0.132
+ totprec weekmean
5 baseline model 17 778.148 12.831 0.816 0.817 0.011
6 totprec weekmean 18 778.204 12.886 0.817 0.812 0.009
7 sal weekmax 18 778.815 13.498 0.817 0.821 0.008
8 sal weekmax + totprec weekmean 19 778.823  13.505 0.817 0.817 0.007
9 null model 2 988.338 223.020 0.646 0.612 0.000

Air temperature model set

1 temp weekmean 18 765.875 0.322 0.817 0.822 0.407
2 temp weekmean + totprec weekmin 19  767.066 1.513 0.816 0.822 0.228
3 sal weekmax + temp weekmean 19 767.147 1.594 0.817 0.823 0.219
4 sal weelmax - temp weekmean 20 768.380 2.828 0.816 0.823 0.119
+ totprec weekmin
5 baseline model 17 778.148  12.596 0.816 0.817 0.010
6 sal weekmax 18 778.815 13.263 0.817 0.821 0.008
7 totprec weekmin 18 779.487 13.935 0.815 0.816 0.005
8 sal weekmax + totprec weekmin 19 780.151 14.598 0.816 0.820 0.004
9 null model 2 988.338 222.785 0.646 0.612 0.000

aAll environmental models and the baseline model contain a random effect for US state, 3" order polynomial terms
of year, dummy month variables and binary term for whether it is a public holiday (state or federal) or not. °Predictor
labels: weekmin = weekly minimum, weekmean = weekly mean, weekmax = weekly maximum, sst = sea surface

temperature (°C), temp = air temperature (°C), sal = salinity (PSU), totprec = total precipitation (mm).
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Table 4.2 Standardised coefficient estimates (B), standard errors, and 95%
confidence intervals of coefficients. Each value is averaged over the top models (ai < 2,
see Table 4.1) and 100 random subsets of the dataset. Relative predictor importance
(Zw) calculated from 9 model subset (Table 4.1). Confidence intervals that do not overlap

0 are highlighted in bold.

Predictor B SE Lower CI Upper CI ZWi

= sst weekmean 1.926 0.526 0.896 2.957 0.966

g totprec weekmean -0.061 0.109 -0.274 0.152 0.414

S sal weekmax -0.019 0.110 -0.234 0.196 0.335
§ poly(year, 3)1 14.766 3.319 8.260 21.272
£ poly(year, 3)2 -1.259 2.852 -6.850 4.331
é& poly(year, 3)3 0.304 3.221 -6.009 6.617
2 holiday -0.357 0.483 -1.304 0.591
§ Jan -15.630 1117.162 -2205.267 2174.008
E Feb -15.885 1256.215 -2478.067 2446.296
§ Mar -0.831 0.660 -2.125 0.462
May -0.965 0.514 -1.972 0.043
Jun -0.848 0.862 -2.537 0.842
Jul -1.177 0.829 -2.802 0.448
Aug -1.516 0.889 -3.257 0.226
Sep -1.792 0.726 -3.214 -0.369
Oct -1.117 0.641 -2.373 0.139
Nov -1.222 0.643 -2.482 0.039
Dec -1.459 6.198 -13.608 10.689

= temp weekmean 1.278 0.340 0.611 1.945 0.973

g totprec weekmin -0.065 0.098 -0.257 0.127 0.356

é sal weekmax 0.021 0.111 -0.196 0.238 0.350
o poly(year, 3)1 17.429 2.966 11.616 23.242
*g poly(year, 3)2 -0.143 2.762 -5.557 5.270
:é. poly(year, 3)3 -2.025 2.878 -7.665 3.615
2 holiday 0.306 0.320 -0.322 0.934
'3: Jan -16.963 1080.210 -2134.174 2100.248
Feb -16.876 1015.379 -2007.019 1973.266
Mar -0.767 0.633 -2.008 0.473
May -0.720 0.475 -1.650 0.210
Jun 0.325 0.579 -0.810 1.459
Jul -0.135 0.599 -1.309 1.040
Aug -0.296 0.614 -1.500 0.908
Sep -0.119 0.444 -0.988 0.750
Oct -0.901 0.536 -1.952 0.149
Nov -0.548 0.623 -1.770 0.673
Dec -2.084 6.008 -13.860 9.691
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Figure 4.3 Logistic regression equation of model averaged parameters A. Weekly
mean sea surface temperature (°C) and B. Weekly mean air temperature (°C). Grey
shading indicated Standard Error. Models with a mean difference in AIC. from the best

model (Aj)) < 2 (see Table 4.1) included in averaging.
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4.4.2 Model results

An initial modelling step was conducted to assess the ‘best’ version (i.e., weekmin,
weekmean, or weekmax) of each weather and oceanographic variable to investigate,
based on their initial ‘relative importance’ score. Due to strong correlation between air
temperature and SST variables, two respective initial model sets (n = 65 models each)
were generated. In the SST initial model set, ‘SST weekmean’, ‘total precipitation
weekmean’ and ‘salinity weekmax’ were the best performing versions of the variables.
In the air temperature initial model set, ‘air temp weekmean’, ‘total precipitation weekmin’
and ‘salinity weekmax’ performed best (see Table S5 and Table S6 for initial model

results).

Models containing these best performing versions of variables were retained in the two
final model sets (n = 9 models each) and Akaike model weights were recalculated based
on the smaller model sets. Results of the final model sets are shown in Table 4.1. All
model sets include a ‘null’ model which contains only the intercept and random effect of
US state, a ‘baseline’ model which builds on the null model with a third order polynomial
of year, dummy variable for month and a Boolean holiday variable and the environmental
models which contain all variables of the baseline model in addition to the environmental

variables.

For both final model sets, the null model was ranked lowest in terms of Akaike Weight
and had an AUC of 0.646 indicating poor predictive power (an AUC >0.8 indicates good
predictive power; Hosmer et al., 2013). The addition of year, month and holiday terms to
the null model increased the average AUC from 0.646 to 0.816, indicating good
predictive power of the resulting baseline model. Despite large differences in the average
Akaike Weight across models, predictive power (AUC) did not vary substantially across
the remaining models. Models including temperature had a greatly reduced AIC.
compared to the baseline model, yet negligible increases in their predictive power are
recorded as AUC improves by 0.002 at most. More specifically, once baseline terms that
account for a long-term positive trend, monthly variation and holidays are included, the
addition of temperature may increase model fit, but makes little improvement to the
model's predictive power. The validation dataset which represents 10% of the raw
dataset held out from core model training and testing confirmed these results with similar
model AUC scores produced (SST model and air temperature model improve baseline
AUC by 0.006 and 0.005 using validation dataset).
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Within both final model sets, including a single environmental variable of temperature
alongside baseline variables has the greatest average Akaike Weight and lowest
average AIC.. Within the SST model set, on average, an SST weekmean model of
V. vulnificus infection variability had a 37.8% chance of being the best model given the
data available compared to 1.1% for the baseline model which lacks any environmental
parameters. The baseline model had an average A; of 12.831, indicating a substantial
difference in AIC. from the best model over the 100 replicate data subsets compared to
a A of 0.378 for the SST weekmean model. As the latter is not 0, this highlights that
although best performing on average, the SST weekmean model was not the best model

in all 100 data subsets.

The average A of models ‘SST weekmean + total precipitation weekmean’ and ‘SST
weekmean + salinity weekmax’ is less than 2 (1.118 and 1.815, respectively), suggesting
that on average, they do not differ substantially from the best model. Nonetheless,
precipitation and salinity models without a temperature variable performed less well than
the baseline model, each with negligible Akaike Weights which imply a <1% chance of
being the best model, emphasising that SST is still an important factor in weekly
V. vulnificus infection variability. Model results within the air temperature set displayed
strong similarity to those of the SST set due to the strong correlation between these
temperature variables. Air temperature weekmean was on average 40.7% likely to be

the best model for the data.

The relative importance of each environmental predictor is displayed in Table 4.2
alongside averaged standardised coefficients and 95% confidence intervals of the
coefficients. SST and air temperature were the most important predictors with strong
average relative importance of 0.966 and 0.973, respectively. The 95% confidence
intervals for both temperature predictors did not overlap zero, indicating a strong positive
influence of temperature on weekly V. vulnificus infection variability in Gulf Coast states.
The positive impact of SST (average standardised beta coefficient = 1.926) was stronger
than that of air temperature (average standardised beta coefficient = 1.278). The
relationship of these variables with the probability of a V. vulnificus wound infection being

reported in a Gulf Coast state is visualised in Figure 4.3.

Precipitation and salinity both displayed a negative association with weekly V. vulnificus
infection occurrence, yet high standard errors and zero-overlapping confidence intervals

indicate a lack of statistical importance.

Interestingly, the holiday variable, included to control the potential impact of state and

federal holidays on weekly V. vulnificus infections, was not statistically important and had

79



a small standardised coefficient of 0.049 and 0.051 in the SST and air temperature model

sets, respectively.

4.4.3 ENSO, hurricane landfall, and plankton variables

Additional variables of potential importance to weekly V. vulnificus infection occurrence
based on existing literature including El Nifio and, La Nifia events, hurricane landfall,
chlorophyll-a, and zooplankton (see Introduction), were investigated. Each variable was
added individually to the final environmental models to determine differences in AIC.
(A AIC:) and AUC (A AUC) metrics of the final environmental models with the addition of
each variable (see Table S7 and Table S8). Table 4.3 presents the averaged
standardised coefficients and relative importance of the additional variables when

compared to all other environmental variables in the final model sets.

The addition of La Nifia and hurricane landfall terms individually resulted in a marginal
reduction in AIC. for all models (A AIC. range for La Nifia: -0.288 to -1.758, hurricane
landfall: -0.414 to -0.971) indicating slight improvements to model fit but no substantial
difference to the original models (A AIC. < 2; Burnham and Anderson, 2004). La Nifia
somewhat improved predictive power for 9/14 models by a positive A AUC of 0.001 whilst
the addition of the hurricane landfall variable resulted in no change in AUC for all but one
model, where AUC decreased by 0.001.

The impact of El Nifio on AIC. was inconsistent; AIC. was slightly reduced for models
which included SST (A AIC. range: -0.018 to -0.080) and AUC improved by 0.001 at
most. Table 4.3 shows that the direction of association with weekly V. vulnificus
infections for La Nifla was negative whilst this was positive for El Nifio and hurricane
landfall variables. This suggests that V. vulnificus wound infections could be more likely
to be reported during EI Nifio events and hurricane landfall impacts and less likely during
La Nifia events. However, these coefficients possessed large standard errors and all
respective confidence intervals overlapped zero so no statistically significant conclusions

can be drawn.

Chlorophyll-a and zooplankton variables unanimously increased AIC. across models,
indicating a small reduction in model fit with the inclusion of these variables (A AIC. range
for chlorophyll-a: 1.261 to 1.530, zooplankton: 0.298 to 1.442). Neither variable improved
predictive power; chlorophyll-a reduced the AUC of 13/14 models by a maximum of 0.002
and zooplankton reduced the AUC of 9/14 models by 0.001. Small negative and positive

coefficients were generated for chlorophyll-a and zooplankton variables respectively.
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Nonetheless, zero-overlapping confidence interval estimates imply a lack of statistical

importance to weekly V. vulnificus infection variability.

Results in Table 4.3 show that the temperature variables maintain the highest relative
importance when additional variables are included in the modelling set (relative
importance: SST weekmean = 0.965, air temperature weekmean = 0.940). La Nifa
scores second highest with a relative importance of 0.649 in the SST model set and

0.633 within the air temperature model set.

Overall, none of the additional predictors were found to be statistically important to

weekly V. vulnificus infection occurrence.
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Table 4.3 Standardised coefficient estimates (), standard errors, relative predictor
importance (Zw;) and 95% confidence intervals of coefficients. Each value is averaged
over all models (n = 257) and 100 random subsets of the dataset. Confidence intervals

that do not overlap 0 are highlighted in bold. Ordered by relative importance.

95% Cls
Predictor? B SE Zwi

Lower Upper
Sea surface temperature set
sst weekmean 1.448 0.429 0.965 0.608 2.289
La Nifia -0.415 0.245 0.649 -0.895 0.065
zooplankton 0.072 0.211 0.449 -0.342 0.486
El Nifio 0.273 0.267 0.412 -0.251 0.797
totprec weekmean -0.094 0.101 0.398 -0.292 0.105
hurricane landfall 0.369 0.489 0.381 -0.589 1.326
sal weekmax -0.071 0.255 0.366 -0.571 0.428
chlorophyll-a -0.020 0.154 0.342 -0.322 0.282
Air temperature set
temp weekmean 1.083 0.355 0.940 0.388 1.778
La Nifia -0.405 0.244 0.633 -0.884 0.074
El'Nifio 0.262 0.267 0.401 -0.262 0.786
hurricane landfall 0.343 0.488 0.368 -0.614 1.301
sal weekmax -0.112 0.259 0.368 -0.619 0.395
totprec weekmean -0.079 0.102 0.357 -0.278 0.12
zooplankton 0.008 0.208 0.351 -0.399 0.416
chlorophyll-a -0.007 0.154 0.334 -0.309 0.294

aPredictor labels: weekmin = weekly minimum, weekmean = weekly mean, weekmax = weekly
maximum, sst = sea surface temperature (°C), temp = air temperature (°C), sal = salinity (PSU),

totprec = total precipitation (mm).
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4.5 Discussion

This study uses a structured MMI approach to explore and rank different environmental
predictors identified in the literature as potentially important to weekly V. vulnificus wound
infection variability in the Gulf Coast region of the United States. Our results suggest that
both air temperature and SST are key environmental drivers of weekly variability in
V. vulnificus wound infections in this region, however, seasonal factors alone appear

good predictors of V. vulnificus disease.

Both sea surface temperature and air temperature variables had statistically significant
coefficient estimates and demonstrated the greatest relative importance of all
environmental predictors. Models with a single temperature parameter in addition to
baseline variables generated the lowest average AIC. scores and therefore explained
the greatest amount of variation in weekly V. vulnificus infections. These models support
studies that note a greater number of V. vulnificus cases in warm summer periods
(Baker-Austin and Oliver, 2018). Significance of both temperature variables at the weekly
time scale suggests the importance of weekly temperature for V. vulnificus wound
infections beyond monthly variability, which was accounted for in the models. However,
as air temperature and SST are highly correlated, it is not possible to unpick the

mechanism of temperature’s impact on V. vulnificus infections.

Possible pathways that increase the likelihood of infection include an increased density
of V. wvulnificus bacterial cells in response to higher water temperature. The short
generation times of Vibrio spp. bacteria (Eagon, 1962; Ulitzur, 1974) coupled with
temperature upshifts can lead to rapid accumulation of bacterial cells in coastal bathing
waters, increasing risk to bathers (Ruppert et al., 2004). As well as increased abundance,
it is suggested that temperature affects the infectious capability of V. wvulnificus
(Hernandez-Cabanyero et al., 2020). From a human behaviour perspective, warm air
temperatures have been associated with increased coastal recreation (Elliott et al., 2019;
Morgan and Ozanne-Smith, 2013) including increased coastal bathing (Morgan and
Ozanne-Smith, 2013) thus weeks with higher-than-average air temperature could be
associated with higher levels of human exposure. However, we are unable to untie the
importance of different temperature-related mechanisms for V. vulnificus infections at the

weekly scale with the current data.

Despite the strong relative importance of temperature variables, a baseline model

incorporating month, year and holiday variables exhibited good predictive power with an
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AUC of 0.816, just 0.002 less than that of the SST model and 0.001 less than the AUC
of the air temperature model. This implies that the seasonal pattern of V. vulnificus
infections is captured by dummy month variables within the model, enabling good
predictive power without the requirement of environmental variables. A model built with
these baseline variables may be useful for generating predictions of V. wvulnificus
infection risk in similar locations where environmental data are difficult to obtain.
Nevertheless, it is important to note that outside of the Gulf of Mexico US coastline, other

states may observe different results using the same modelling analysis.

A model based on seasonal factors alone may not be as helpful in regions that
experience greater interannual variability in temperature and other environmental
conditions that may differ from the seasonal pattern in V. vulnificus wound infections
experienced by Gulf of Mexico states. In fact, linear models reveal that along the Gulf of
Mexico coastline used in this study, monthly dummy variables explained 82% of the
variability in the mean weekly air temperature variable (temp weekmean) whilst along
the Atlantic Coast of the US, only 68% of air temperature variation is explained by month
(see Table S9 and Table S10). This also indicates the challenge of isolating the effect of
temperature from its seasonal pattern present in monthly dummy variables, especially in

this coastal region.

V. vulnificus bacteria prefer low salinity (<25 PSU) environments such as brackish
estuarine waters (Noorian et al., 2023); however, salinity was not found to be a
statistically important parameter in weekly V. vulnificus infection variability. This lack of
statistical importance may be partly explained by the low levels of variability in weekly
salinity observed in our dataset (see Figure S12). This was especially noted for the Gulf
Coast of Florida, where ~50% of infections (354/711) were reported over the study’s time
range (1993-2018). The oceanographic data used are 0.083° (~9 km) resolution gridded
reanalysis data whereby observational data are incorporated into computer models. The
gridded nature of these data means that small-scale spatial changes in salinity that can
occur across the coastal zone (e.g., within inlets, bays, and estuaries) are aggregated
into the coarser resolution grid cells, meaning some loss of granularity in the values.
Data were also averaged spatially across the coastline of each state weighted by
population count to account for uncertainty in exposure location. As a result, weekly
salinity values reflect broad trends along the most populated areas of the coastline of

each state and may not pick up variation at the smaller geographic scale.

We hypothesised that precipitation may reduce coastal salinities which could encourage

V. vulnificus growth and increase the likelihood of infection or, alternatively, reduce
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coastal bathing (as found by Morgan and Ozanne-Smith (2013) in an Australian coastal
setting) and therefore exposure which could have a decreasing impact on infections.
However, precipitation was not found to significantly influence V. vulnificus wound
infection variability. The precipitation data reveal high week-to-week variability and no
clear seasonal trends, emphasising the stochasticity of this environmental factor (see
Figure 4.2).

This analysis did not find hurricane landfalls to have a significant contribution to the
variability in weekly V. wvulnificus infections above the effects of the weather and
oceanographic factors explored. This was surprising given the cases of V. vulnificus
associated with hurricanes Katrina (CDC, 2005) and lan (Sodders et al., 2023). However,
V. vulnificus infection risk may depend on the specific characteristics of the hurricane
landfall event e.g., demographic characteristics of the impacted population, healthcare
access in the aftermath, extent of coastal flooding. For instance, although Hurricane
Katrina made landfall as a category 3 hurricane, storm surges >25 ft in height combined
with failure of the levee system in New Orleans resulted in 80% of the city flooding
(Knabb et al., 2023; Sodders et al.,, 2023). Such widespread coastal flooding in
combination with an elevated risk of cuts and grazes from debris would have resulted in

especially high levels of human exposure to V. vulnificus bacteria present.

Extremely high storm surges reaching 12-18 ft were also documented during Hurricane
lan, which made landfall as a category 4 hurricane and was associated with 29
V. vulnificus cases (Sodders et al., 2023). In contrast, just 6 vibriosis cases were
associated with Hurricane Irma which also made landfall in Florida as a category 4
hurricane, but resulted in lower storm surge heights of 5-6 ft (Sodders et al., 2023). This
information alludes to the complexity of factors that may influence the V. vulnificus health
burden of hurricanes events which are likely not captured by the binary hurricane landfall

impact variable included in our modelling analysis.

Additionally, the Atlantic hurricane season runs from 1% June to 30" November (NOAA,
2023a), overlapping with summer months during which most V. vulnificus infections
occur (May to October; ), therefore, the upstream environmental impacts of hurricanes
are likely incorporated into the seasonal and environmental components of the model.
Despite absence of a statistically significant association with hurricane landfall in our
analysis, coastal flooding following a hurricane remains a V. vulnificus safety concern for
residents as brackish floodwaters can provide ideal growth conditions for this pathogen
(Rhoads, 2006).
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Variables representing the two different modes of the ENSO climate phenomenon were
included in the modelling analysis: El Nifio and La Nifia. During El Nifio, winter conditions
in the Gulf Coast states are cooler and wetter due to changes to the jet stream (Lindsey,
2017). Despite more severe weather and increased rainfall leading to a greater risk of
flooding in south-eastern coastal states, Atlantic hurricane activity is reduced during El
Nifio (Bell and Chelliah, 2006). Conversely, La Nifia is conducive to greater Atlantic
hurricane activity but also warmer, drier winter weather overall (Bell and Chelliah, 2006;
Lindsey, 2017).

Neither ENSO mode had a significant impact on weekly V. vulnificus infection variability
overall. This result agrees with previous work by Logar-Henderson et al. (2019) who
demonstrate increased risk of vibriosis in association with a yearly average of NOAA'’s
multivariate ENSO Index (MEI) both across the US nationally and along the Pacific Coast
but find no significant association with vibriosis reported along the Gulf and Atlantic
Coasts. Alternatively, changes in weather conditions related to ENSO may have been
accounted for by the seasonal and temperature variables present. The strength of the
ENSO mode, as indicated by the numerical ONI value or alternative ENSO indices, could
be explored in future work in addition to different lag periods between ENSO events and

V. vulnificus infections.

Further variables explored also include chlorophyll-a (a proxy for phytoplankton density)
and zooplankton biomass. Inclusion of these variables in the analysis was based on
ecological associations of phytoplankton and zooplankton with greater V. vulnificus
bacterial abundance (Brumfield et al., 2023a; Eiler et al., 2007; Greenfield et al., 2017;
Turner et al., 2014) which may precede human infections. However, neither variable was
found to significantly explain weekly variability in V. vulnificus infections. Several studies
indicate that relationships between Vibrio spp. bacteria and plankton are complex and
species-specific (Diner et al., 2021; Turner et al., 2014, 2009). Unfortunately, species-
specific relationships are not captured by the upper taxonomic level data available in a
spatially and temporally continuous gridded format, so a lack of significance may be

related to this issue.

Data availability was a key challenge to this analysis. The rarity of V. vulnificus wound
infections and limited temporal range of high-resolution environmental data restricted the
amount of data available for constructing models. The choice of a logistic regression
model was based on the small variability in number of weekly cases per state in the
dataset and the high number of weeks with zero cases which may have led to

overdispersion in a count-based model. To improve the reliability of results despite the
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reduced sample size as a result of the rarity of V. vulnificus infections, 100 subsets of
the data were randomly drawn. Model sets were run on each data subset and metrics
averaged to ensure that models were ranked based on their performance on all 100
subsets. The reduced amount of V. vulnificus data available was an unavoidable
limitation of the analysis due to the opportunistic nature of this pathogen but steps were

taken to increase the robustness of model results.

Another limitation of this study was the use of state-wide spatial averages of
environmental conditions due to uncertainty in the location of human exposure resulting
in disease transmission. The counties of all reported infections were within 200 km of the
coastline but the exact point of exposure on the coastline was unclear in many cases.
Using large spatial averages will have somewhat reduced the variability in the
environmental data used for modelling. Consequently, some variables that may have
effects at the county-level may not have been picked up as important within the state-
wide analysis. Environmental state-wide averages were weighted by population count to
reflect values along the coastline with potentially greater human exposure, but alternative
human activity data (e.g., smartphone-GPS data such as in Filazzola et al., 2022) could

have been used here if freely and easily accessible.

Overall, this study offers the first attempt to explore a range of potential environmental
drivers of weekly V. vulnificus infection variability using a MMI approach. Although
temperature is frequently associated with Vibrio spp. bacteria and infections, we use a
structured, quantitative approach that ranks the relative importance of temperature
variables alongside other tentatively important environmental parameters. Our finding
that a model containing seasonal parameters alone has good predictive power suggests
that predictive models of weekly V. vulnificus infection risk could be straightforward to
implement for Gulf Coast US states. Future research may include repeating this analysis
on Atlantic Coast states where different environmental conditions and patterns of
variability may vyield different results. The inclusion of lag periods for some variables,
especially those hypothesised to have an indirect impact on the variability of V. vulnificus
wound infections i.e., El Nifio, La Nifia, chlorophyll-a and zooplankton biomass could

also be explored in future work.
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5 An environmental investigation
of Vibrio spp. abundance and
Isolation of potentially pathogenic
Vibrio spp. in a UK coastal

hotspot during summer months

5.1 Abstract

Non-cholera Vibrio spp. infections are an emerging threat to human health in Northern
Europe. High numbers of infections have been reported in countries bordering the Baltic
Sea during recent heatwave years due to the sensitivity of these pathogens to
temperature but, at present, Vibrio spp. infections are believed to be extremely rare in
the UK. This study records the abundance of Vibrio spp. bacteria within a UK coastal
lagoon over a 10-week period in the summer of 2022 and investigates potential
associations with environmental parameters including water temperature, salinity, and
pH. High Vibrio spp. abundance of up to 1.03 x10°> CFU/100ml was recorded but no
significant correlations with environmental parameters were found. A collection of 325
isolates from water samples were identified using matrix-assisted laser
desorption/ionisation time-of-flight (MALDI-TOF) mass spectrometry (MS), polymerase
chain reaction (PCR) and 16S ribosomal RNA (rRNA) gene sequencing. The presence
of potentially pathogenic Vibrio species was confirmed; strains belonging to three of the
four key human pathogenic species: V. alginolyticus, V. parahaemolyticus and
V. cholerae were recovered and represented 142 of 325 isolates (44%). Continued sea
surface temperature warming with climate change could increase the suitability for
Vibrio spp. pathogens in UK waters therefore more research is needed to determine the
key environmental influences on Vibrio spp. abundance and assess the risk to human

health in this region.
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5.2 Introduction

Non-cholera Vibrio spp. (henceforth ‘Vibrio spp.’) pathogens are climate-sensitive marine
bacteria that represent an emerging risk to human health in Northern Europe (Baker-
Austin et al., 2017, 2013) (see section 1.1 for overview). There are two key routes of
disease transmission; foodborne infections are acquired through the consumption of
contaminated undercooked seafood whilst wound infections develop from bacterial
colonisation of a cut or wound when exposed to the pathogen in seawater (Baker-Austin
et al., 2018). Due to pathogenic Vibrio species’ affinity for warm (>18 °C), low salinity
(<25 PSU) waters (Vezzulli et al., 2015), Vibrio spp. infections have historically been
associated with subtropical locations such as the Gulf of Mexico (Newton et al., 2012;
Strom and Paranjpye, 2000; Weis et al., 2011). Yet, recent decades have witnessed
increasing reports of Vibrio spp. infections at higher latitudes in temperate regions,
including Northern Europe (Baker-Austin et al., 2016, 2013), Alaska (McLaughlin et al.,
2005), Chile (Gonzalez-Escalona et al., 2005) and the Northeast United States (Archer
et al., 2023; King et al., 2019).

To date, Vibrio spp. infections reported in Europe have predominantly resulted from
exposure to the low salinity waters of the Baltic Sea (Baker-Austin et al., 2016; Brehm et
al., 202l1a; Gildas Hounmanou et al., 2023). Here, rapidly rising sea surface
temperatures in response to climate change are considered key to the emergence and
unprecedented numbers of wound infections reported in countries bordering the Baltic
Sea, particularly Sweden, Finland, Denmark and Germany (Baker-Austin et al., 2016;
Brehm et al., 2021a; Ebi et al., 2017; Gildas Hounmanou et al., 2023). Between 2010
and 2018, 638 Vibrio spp. infections were reported in Denmark (Gildas Hounmanou et
al., 2023). Notably, around a quarter of these cases were reported in 2018 alone; a
heatwave year which saw increased Vibrio spp. incidence in many Baltic Sea countries
totalling 445 cases across Norway, Denmark, Sweden, Finland, Poland and Estonia
which surpassed the record 272 total reported Vibrio spp. cases set across these
countries during the previous 2014 heatwave (Amato et al., 2022). Although less
frequent, Vibrio spp. wound infections have also been reported on the North Sea
coastlines of Denmark, Germany and The Netherlands (Brehm et al., 2021b; Gildas
Hounmanou et al., 2023; Schets et al., 2011, 2006), highlighting that Vibrio spp. risk in
Europe is not limited to the Baltic Sea. Despite the higher salinity of the North Sea

compared to the brackish Baltic Sea (Lehmann et al., 2022), low salinities suitable for
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pathogenic Vibrio spp. growth still exist in near-shore estuarine environments along

North Sea coastlines (Fleischmann et al., 2022; Huehn et al., 2014).

At present, few domestically acquired Vibrio spp. infections have been reported in the
United Kingdom (UK) (Hartley et al., 1991; Hooper et al., 1974; Reilly et al., 2011); most
UK Vibrio spp. cases are associated with travel outside of the country (Baker-Austin et
al., 2020). However, the current and future risk of infections is highlighted by several
recent studies that confirm the presence of potentially pathogenic Vibrio species in UK
waters (Ford et al., 2020; Harrison et al., 2022), including a pandemic strain of
V. parahaemolyticus (Powell et al., 2013). However, it is important to note that the
presence of these bacteria alone does not necessarily result in local human infections.
For example, potentially pathogenic Vibrio species have been isolated from waters off
the east coast of Canada (Badley et al., 1990), yet, to the best of our knowledge, there
are currently no reports of seawater-associated Vibrio spp. wound infections in this
region present in the available literature. Nevertheless, V. vulnificus wound infections
have been reported further northwards over time along the east coast of North America
and further expansion of the infection distribution into non-endemic locations within the
Northeast United States is predicted with climate warming (Archer et al., 2023). This
highlights the need to monitor Vibrio spp. risk to human health in locations where
potentially pathogenic Vibrio species are present. Worryingly, UK sea surface
temperatures have warmed significantly by around 0.3°C per decade over the last 40
years, with strongest surface warming trends in the southern North Sea (Cornes et al.,
2023). This spatially overlaps with where Harrison et al., (2022) found water
temperatures exceeding 18°C, and therefore suitable for Vibrio spp. growth, to occur for
up to 70 days per year on average between 2015-2017. Presence of potentially
pathogenic Vibrio spp. combined with continued warming of UK sea surface
temperatures expected with climate change (Cornes et al., 2023) stresses the need to

examine Vibrio spp. risk in the UK.

In locations where Vibrio spp. are endemic, strategies to reduce Vibrio spp.
concentrations in seafood (e.g., UV-sterilised water depuration (Phuvasate et al., 2012)
and bacteriophage application (Zhang et al., 2018)) are being developed. Nevertheless,
Vibrio spp. bacteria cannot be removed from the coastal waters in which they naturally
occur. Instead, management of Vibrio spp. wound infection risk must centre around
enhanced monitoring and forecasting of Vibrio spp. in coastal waters, as well as
epidemiological surveillance and increased awareness within risk groups. The UK is able

to investigate the potential risk of Vibrio spp. infections and plan appropriate mitigation
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actions prior to Vibrio spp. potentially emerging as a notable health risk as seen within
the Baltic Sea region of Northern Europe. In line with this, Ford et al., (2020) conducted
the first ecological and genomic study of Vibrio spp. in the UK over the summers of 2018
and 2019. A coastal lagoon in the Southwest UK was chosen for its warm, shallow
brackish waters to provide insight into Vibrio spp. populations in the UK where conditions
are suitable for their growth. Ford et al., (2020) recorded a peak water temperature of
32.1°C and levels of Vibrio spp. abundance up to 10° colony forming units (CFU) per
100ml. Concerningly, this maximum level of Vibrio spp. abundance is comparable to that
found in some North Sea coastal areas of The Netherlands where Vibrio spp. infections
have been reported in previous years (Schets et al., 2011, 2006; Sterk et al., 2015).
However, this magnitude of Vibrio spp. abundance was only present in one week during
the summers of 2018 and 2019 at the study location, which is considered a hotspot for
Vibrio spp. bacteria (Ford et al., 2020). The rarity of pathogenic Vibrio species at high
abundances in both space and time which also coincide with human exposure may be
one reason why Vibrio spp. infections remain highly uncommon in the UK, but further
studies of Vibrio spp. abundance and virulence in more UK coastal environments are
needed. Yet, even with additional environmental sampling data, the actual number of
Vibrio spp. ilinesses is not known. Individuals with mild, self-limiting infections are not
likely to seek medical attention but, even if medical testing and treatment is required,
Vibrio spp. disease is currently not notifiable to the UK Health Security Agency. All these

factors imply that infections are underreported.

Understanding which environmental factors influence Vibrio spp. abundance in the UK
is a first step towards identifying other ‘hotspot’ locations with elevated Vibrio spp. risk.
Temperature and salinity are regularly identified as important drivers of Vibrio spp.
bacterial abundance in ecological sampling studies (Froelich et al., 2013; Takemura et
al., 2014; Turner et al., 2009; Vezzulli et al., 2009; Wetz et al., 2014) and therefore have
been used to produce Vibrio spp. risk map tools in multiple locations. In the United
States, the ecology of Vibrio spp. bacteria has been explored in locations such as the
Chesapeake Bay in Maryland and the Neuse River Estuary in North Carolina, to develop
predictive models of Vibrio spp. abundance to inform monitoring efforts and anticipate
increased Vibrio spp. risk (Froelich et al., 2013; Jacobs et al., 2010). Meanwhile, in
Northern Europe, an existing tool for Vibrio spp. risk prediction is the ECDC Vibrio Map
Viewer (ECDC, 2016) which is an excellent resource for predicting suitable water
temperature and salinities for Vibrio spp. growth in the Baltic Sea (Semenza et al., 2017).
Although the ECDC Vibrio Map Viewer risk output can be seen for UK waters,

development of a UK-specific model would offer more reliable predictions across UK
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coastlines. Both near-term and far-term predictions could be generated to allow the
identification of coastal hotspots predicted to exhibit high levels of future Vibrio spp.
abundance and therefore where efforts to increase awareness of Vibrio spp. disease
could be targeted. The identification of high Vibrio spp. risk locations could also inform
where to conduct enhanced shellfish testing as high Vibrio spp. abundance in bivalves,
such as oysters, may pose a challenge to the shellfish industry through the risk of
foodborne illnesses. Yet so far there has been little attempt to investigate the

environmental drivers of Vibrio spp. abundance in UK waters.

In this study, we investigate Vibrio spp. abundance and its potential associations with
environmental parameters within the same coastal lagoon hotspot in the Southwest UK
as used by Ford et al. (2020). The identity of the coastal lagoon is kept anonymous in
agreement with the sampling permit and is henceforth referred to as ‘Lagoon X'. A large
collection of isolates are identified with molecular methods, including MALDI-TOF MS,
PCR and 16S rRNA gene sequencing which confirm the presence of potentially
pathogenic Vibrio species in this UK coastal hotspot. Given the further warming of UK
waters (Cornes et al., 2023) and increased frequency of UK heatwave events expected
with climate change (Christidis et al., 2020), more research into Vibrio spp. as a potential

future human health risk in the UK is needed.

5.3 Methods

5.3.1 Sampling sites

Three sampling locations were used along the length of ‘Lagoon X', a shallow coastal
lagoon located in Southwest England (see Figure 5.1). There is limited freshwater input
at one end of the Lagoon via several freshwater streams and seawater intrusion at the
other where the Lagoon meets full strength seawater (see Figure 5.2). This results in
varying salinity across the sites. Site A is located near the freshwater input which dilutes
the water to brackish conditions. Site B is shallow in depth and therefore exhibits strong
salinities during times of increased evaporation. Site C is closest to seawater influx.
These sites are the same as described in Ford et al. (2020) which enables comparison

to previous years’ results.

Water samples of 1 litre volume were collected in duplicate at low tide at each sampling
site along Lagoon X once a week on the same day (where possible) between 14™ July

2022 and 13™ September 2022. Given that Vibrio spp. bacteria prefer warm water

92



temperatures, this summer period was chosen with the aim of recording peak Vibrio spp.
abundance. The samples were obtained using 1 litre plastic bottles fixed to a 3-metre-
long collection pole. Each bottle was rinsed three times in the Lagoon water to the side
of the collection spot to avoid disturbing the sediment near where the water sample was

to be collected. Water samples were taken just below the surface of the water.

In situ water temperature and salinity was recorded at time of sampling using a
conductivity, temperature, and depth (CTD) instrument which was attached to the end of
the sampling pole. Measurements of pH were taken using a hand-held pH-meter within
the sample bottle immediately after water sample collection. All environmental
measurements were repeated three times to account for measurement uncertainty.
Samples were transported on ice back to the laboratory within 3 hours and microbial

analyses took place within 24 hours.
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Figure 5.1 Generalised location of anonymous coastal lagoon study site in the
Southwest United Kingdom.
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Figure 5.2 Schematic of coastal lagoon study site in Southwest United Kingdom.
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Figure 5.3 Method workflow from collection of water samples to end points
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Vibrio spp. abundance; identification of bacterial species present. Steps labelled a-e are

referred to within the text.
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5.3.2 Culture-dependent microbial analysis

Culture-dependent microbiological techniques were used to estimate Vibrio spp.
abundance in the collected water samples for correlational analyses with environmental
parameters. Individual colonies from count plates matching the morphology of potentially
pathogenic Vibrio species (V. parahaemolyticus, V. vulnificus, V. cholerae,
V. alginolyticus) were isolated and grown in pure culture for species identification with
molecular techniques (see section 5.3.3). A flowchart documenting the stages of analysis

is presented in Figure 5.3 for clarity.

a. Membrane filtration plate counts for Vibrio spp. enumeration

Enumeration of Vibrio species present in the water samples used procedures set out in
the BSI Standard publication and Ford et al. (2020). For each replicate water sample,
subsamples of different volumes (1, 10 and 100 ml) were filtered through a 0.45 ym pore
membrane, using a vacuum pump, which was then placed onto ChromID Vibrio (VID)
agar (Biomériux, Marcy I'Etoile, France) using sterile forceps. This process was repeated
for Thiosulfate Citrate Bile Sucrose (TBCS) agar (Oxoid, UK). Both sets of plates were
incubated at 37°C for 18 hours.

After incubation, the number of presumptive Vibrio spp. colony forming units (CFU) on
each plate within the readable range (30-300 colonies) was counted using colony
morphology and colour for identification of Vibrio species. The CFU per 100 ml water
(CFU/100ml) was subsequently calculated.

b. Isolation and purification of isolates

For weeks 1 to 9 (sampling dates: 14/07/2022 to 06/09/2022), individual selected
colonies were isolated and grown in pure culture for later species confirmation using
molecular methods (see section 5.3.3). Where available, a minimum of two colonies from
each morphology (TCBS: small-green, large-green, small-yellow, large-yellow and VID:
blue-purple, blue with halo, creamy, pink-orange) from each site were sub-cultured for
purity by streak-plating onto their respective agar type. Purification plates were incubated
for 18 hours at 30°C. After incubation, a 10uL loop of pure culture was inoculated onto
protect beads (Technical Service Consultants Ltd, UK) which were stored at -80°C for

later species confirmation with molecular methods (see section 5.3.3).
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5.3.3 Molecular methods for species confirmation

Molecular methods were used to confirm the species identification of the isolates
collected. Matrix assisted laser desorption/ionization time-of-flight (MALDI-TOF) mass
spectrometry (MS) is a relatively new method for identifying Vibrio spp. that gives a level
of confidence with each result (see below section for details). PCR, a long-established
technique used to confirm the presence of a species-specific gene, was conducted on
isolates identified as V. parahaemolyticus and V. alginolyticus by MALDI-TOF MS to
check the validity of these ‘high confidence’ results. PCR was also used to check for the
presence of virulence-associated genes tdh and trh which encode production of virulence
factors thermostable direct hemolysin (TDH) and TDH-related hemolysin (TRH) in V.
parahaemolyticus (Ceccarelli et al., 2013). For those MALDI-TOF MS results that were
low confidence, the isolate was sent for 16S rRNA sequencing to confirm species

identification.

c. MALDI-TOF MS

MALDI-TOF MS was used to confirm the bacterial species identification. In preparation
for MALDI-TOF MS analysis, isolates were grown from inoculation of a single protect

bead onto saltwater agar (SWA) and incubated overnight at 30°C.

Using a sterilised toothpick, a sample of a single colony from each plate was directly
transferred to the target well of a 96-well target plate. After the initial spot, a second spot
was applied immediately after, without further sample being collected. This double-spot
method was used to reduce the amount of sample in the target well with the aim to
increase accuracy; MALDI-TOF MS requires an especially small amount of sample. This
process was performed in duplicate for each isolate. A 1 yL volume of HCCA matrix
solution was applied to each spotted sample on the target plate and dried at room
temperature before MALDI-TOF MS analysis on the Bruker MALDI Biotyper
(www.bruker.com). Each resultant species identification was accompanied by a level of
confidence (log score) between 0.0 and 3.0 generated by MBT Compass HT software
(www.bruker.com). A log score of 22.0 indicates an identification to species-level (also
described in Mougin et al. (2020) and Moussa et al. (2021)). Isolates with a best match
species identification log score of <2.0 (indicating low confidence identification) were
reanalysed using the extended direct transfer method, as per the manufacturer’s

instructions.

For the extended direct transfer method, the sample double-spot procedure was

repeated as detailed above followed by a formic acid extraction. A 1 pL volume of 70%
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formic acid was applied to the sample in each target well and allowed to dry at room
temperature before application of the HCCA matrix. If a high confidence species
identification could not be obtained after the extended direct transfer method was

applied, the isolate was sent for 16S rRNA gene sequencing.

d. Conventional PCR for species confirmation

All isolates confidently identified as V. alginolyticus or V. parahaemolyticus using

MALDI-TOF MS were also tested using conventional polymerase chain reaction (PCR).

Isolates were grown on marine agar. A single colony was inoculated into 500 pyL of
molecular grade water in a 1.5ml tube and boiled at 95°C for 5 minutes. This step was
repeated for positive control samples (V. parahaemolyticus reference strain NCTC
10885; V. alginolyticus reference strain NCTC 12160) and the negative control
(molecular grade water). Species-specific primers were used to confirm the species
identification via PCR (see Table 5.1).

Mastermix was prepared containing per reaction: 10 ul Green GoTagq flexi reaction buffer
(Promega), 5 pl MgCI2, 0.625 pl dNTPs, 0.5 ul forward primer, 0.5 ul reverse primer,
30.625 pl molecular grade water, 0.25 pl GoTaq G2 flexi DNA polymerase (Promega).
PCR reactions were conducted in a 500 ul tube containing 5 pl of bacterial suspension
and 45 pl of mastermix. Thermocycler programmes for toxR and alg can be found in
Table 5.2 and Table 5.3, respectively.

PCR products were run on a 2 % agarose gel containing 1.0 pg/ml ethidium bromide, at

120 V for 30 minutes to visualise the PCR results.

Table 5.1 Primer sequences used for V. parahaemolyticus (toxR) (Kim et al., 1999)
and V. alginolyticus (Alg) (Luo and Hu, 2008) PCR assays.

Primer Sequence

toxR (forward) 5- GTCTTCTGACGCAATCGTTG -3

toxR (reverse) 5- ATACGAGTGGTTGCTGTCATG -3°

Alg (forward) 5- TCAGAGAAAGTTGAGCTAACGATT -3°
Alg (reverse) 5- CATCGTCGCCTGAAGTCGCTGT -3°
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Table 5.2 Thermocycler programme for toxR V. parahaemolyticus PCR assay.

N Cycles Temperature (°C) Time (min)
1 94 3
94 1
30 58 1
72 1
1 72 5
Table 5.3 Thermocycler programme for Alg V. alginolyticus PCR assay.
N Cycles Temperature (°C) Time (min)
1 94 4
94 0.5
31 64 0.5
72
1 72 8

Conventional PCR for presence of the tdh and trh gene in V. parahaemolyticus

Conventional PCR for haemolysin genes tdh and trh were carried out on all confirmed
V. parahaemolyticus strains essentially as previously described (Bej et al., 1999) and
briefly comprised of 30.62uL nuclease-free water, 0.72uL dNTPs, 10uL GoTaq Flexi
Buffer, 5uL MgCL,, 0.58ul tlh forward and reverse primers (uUM) 0.25ul GoTaq Flexi G2
DNA Polymerase. The thermal cycle protocol for both tdh and trh assays can be found
in Table 5.5. Samples were separated on 2% agarose gels and subjected to a 120V,

400mA electrophoresis run for 25-35 minutes.
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Table 5.4 Primer sequences for tdh (Nishibuchi M and Kaper J B, 1985) and trh
(Honda et al., 1991) PCR assays.

Primer Sequence

tdh (forward) 5- GTAAAGGTCTCTGACTTTTGGAC -3°
tdh (reverse) 5- TGGAATAGAACCTTCATCTTCACC -3°
trh (forward) 5-TTGGCTTCGATATTTTCAGTATCT -3
trh (reverse) 5- CATAACAAACATATGCCCATTTCCG -3°

Table 5.5 Thermocycler programme for tdh and trh PCR assays.

N Cycles Temperature (°C) Time (min)
1 94 3
94 1
30 58 1
72 1
1 72 5

e. 16S rRNA Gene Sequencing

The PCR reactions were performed in a 50 pl volume containing 2.5 pl cDNA samples
in reaction volumes of; 0.5 pl of 25 mM dNTPs, 10 pl 5x green GoTagq flexi buffer, 5 pl of
25 mM MgCI2, 0.25 pl GoTaq G2 Flexi DNA Polymerase (Promega), 0.5 pl of forward
and reverse primer at 10 pmol, and 30.75 pl of molecular grade water. The thermocycler

programme can be found in Table 5.7.

PCR products were resolved on a 2 % agarose gel containing 1.0 pg/ml ethidium
bromide, at 120 V for 30 minutes, products of the expected size were excised, and the
DNA purified using the freeze and squeeze method using spin modules (MP
biomedicals). Both strands of the DNA were sequenced by Sanger sequencing using big
dye terminator 3.1 methodology (Life technologies) using the manufacturer's

recommended protocol and the sequences were analysed on a 3500xI genetic analyser
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(Applied Biosystems). Consensus sequences were generated using CLC workbench 7

software.

Where different forward and reverse matches were identified, the match with the greatest

similarity was used as the identification for that isolate.

Table 5.6 Primer sequences for 16S rDNA amplification (Weisburg et al., 1991).

Primer Sequence
fD1 (forward) 5- AGAGTTTGATCCTGGCTCAG -3’
rP2 (reverse) 5- ACGGCTACCTTGTTACGACTT -3’

Table 5.7 Thermocycler programme for 16S rDNA amplification.

N Cycles Temperature (°C) Time (min)
1 94 5
94 1
30 55 1
72 1
1 72 10

5.3.4 Statistical analysis

Spearman’s Rho Rank Correlation was used to check for correlation between each
environmental parameter and Vibrio spp. abundance at each site independently. The
Spearman’s Rho Rank Correlation was used due to a small number of data points for
each test (n = 10; one pair of datapoints per week per site). Each value of water
temperature, salinity and pH is a mean of three repeat measurements taken at the time

of sampling. Each Vibrio spp. abundance value is a mean of two replicate plate counts.
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5.3.5 Weather conditions at sampling sites

Weather conditions at the sites between 01/07/2022 and 30/09/2022 were obtained from
Visual Crossing (www.visualcrossing.com). This platform uses the integrated surface
database (ISD) from NOAA and observations from local weather stations to provide daily
data for a range of parameters. Daily data for the following parameters were obtained:
air temperature (°C), maximum air temperature (°C), precipitation (mm), wind speed
(kph), solar radiation (W/m?) and cloud cover (%). Results for weather conditions are

included in the Supplementary Material.

5.4 Results

5.4.1 Environmental conditions in Lagoon X

Week-by-week variation in mean environmental conditions across the sampling period
(14/07/2022 — 13/09/2022) is presented in Figure 5.4A. All three sites had an overall
mean water temperature above 20°C. Site B had the highest mean water temperature
(22.67 £ 5.58°C [+ 2 SD]) and recorded the maximum weekly temperature during
week 2 (19/07/2022) of 26.42°C when sites A and C measured 22.50°C and 21.98°C,
respectively. Water temperature at site B was also the most variable with the greatest
standard deviation. Site A had an overall mean water temperature of 20.15 + 4.28°C
whilst site C measured 20.83 + 2.68°C. Over the 10-week sampling period, the three
sites displayed a similar pattern in water temperature (see Figure 5.4A). After an initial
increase in week 2 (19/07/2022) and sharp decline to below 20°C in week 3
(26/07/2022), water temperatures increased again in week 4 (02/08/2022) at the
beginning of August followed by a fluctuating decrease in temperature over the remaining
weeks of the study. During this time, mean water temperature remained above 20°C for
five consecutive weeks between 02/08/2022 and 30/08/2022 at sites B and C.

Strong differences in mean salinity were observed between sampling sites. The highest
overall mean salinity of 39.12 + 5.28 PSU was recorded at site B followed by site C with
35.68 £ 1.08 PSU, which is located where Lagoon X meets seawater (typically 35 PSU).
The lowest salinities were consistently recorded at site A (mean: 28.93 + 5.80 PSU),
which is nearest to freshwater input. Throughout the sampling period, mean weekly
salinity was distinct for each site. Salinity at site C showed little variation over time whilst
noticeable drops in salinity were recorded at sites A (week 5; 09/08/2022) and B (week
4; 02/08/2022).
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The overall mean pH measurements of all sites reflected alkaline (pH >7) conditions.
Site B had the greatest mean pH of 9.24 + 0.46 and measured consistently higher in pH
than the remaining two sites over the whole study period. Sites A and C showed a similar
trend in pH through time and had an overall mean pH of 8.42 + 0.52 and 8.45 + 0.34,

respectively.
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Figure 5.4  Weekly A. environmental conditions (mean with shaded area between

Vibrio spp. count (CFU/100ml)

minimum and maximum values to show measurement uncertainty) B. Vibrio spp.
abundance (CFU/100ml) across the three Lagoon X sampling sites during 10-week
sampling period (14/07/2022 — 13/09/2022). Mean with error bars to show minimum and
maximum Vibrio spp. count.

104



5.4.2 Culture-dependent Vibrio spp. abundance

Vibrio spp. bacteria were detected using culture-dependent methods every week across
the sampling period (see Figure 5.4B). Site A had the highest overall mean Vibrio spp.
count of 2.22 x10* CFU/100ml water followed by site B at 1.30 x10* CFU/100ml. The
overall mean Vibrio spp. abundance of site C was an order of magnitude lower than sites
A and B at 1.75 x10%® CFU/100ml. The maximum weekly Vibrio spp. abundance recorded
was 1.03 x10° CFU/100ml recorded during week one (14/07/2022) at site A. All sites
experienced their maximum Vibrio spp. count during this same week: 5.20 x10*
CFU/100ml at site B and 5.00 x10® CFU/100ml at site C. Over the remaining weeks,
trends in Vibrio spp. concentrations appear to vary independently across sites, however,
sites A and B recorded consistently greater numbers of Vibrio spp. colonies than site C.
After the initial high Vibrio spp. numbers recorded during week one, the number of colony
forming units sharply reduced and remained below 2.00 x10* CFU/100ml, with most
observations below 1.00 x10* CFU/100ml.

5.4.3 Influence of environmental parameters on Vibrio spp.

abundance

Mean weekly Vibrio spp. abundance was plotted against mean environmental
measurements for each sampling site and associations were assessed using

Spearman’s Rho Rank correlations which are presented in Figure 5.5.

Visually, the scatter plots do not appear to show any clear patterns of association
between Vibrio spp. counts and environmental parameters which is confirmed by all non-
significant Spearman’s rank tests. The overall highest recorded Vibrio spp. count of
1.03 x10° CFU/100ml at site A during week one occurred when salinity measured 27.0
PSU and water temperature was 18.1°C; warmer water temperatures were recorded
across 7 out of 9 other weeks in the sampling period and reached up to 23.9°C at this
site. Site B recorded its highest Vibrio spp. abundance of 5.20 x10* CFU/100ml at 20.2°C
and 40.4 PSU.
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5.4.4 Isolate species identification

Performance of identification methods

Table 5.8 details the methods used to identify strains isolated from Lagoon X. A total of
335 isolates were analysed for species identification using MALDI-TOF MS. Of these,
216 isolates (65%) had a high confidence (log score =2.0) species identification that
matched both replicates tested. One high confidence species result was obtained for 53
isolates (16%). Sixty isolates (18%) had low-confidence MALDI-TOF MS scores.

16S rRNA gene sequencing was carried out for 65 isolates (60 low confidence
MALDI-TOF MS and 5 strains which returned different high confidence species
identifications for the same isolate. Twenty-five (38%) were subsequently identified to
species-level whilst 23 (35%) were identified as Vibrio spp. at genus-level (including the
5 isolates that obtained multiple high confidence scores for different species using
MALDI-TOF MS).

All isolates confidently identified as V. parahaemolyticus and V. alginolyticus using
MALDI-TOF MS (n = 129) were tested again with PCR which yielded 96% agreement (5
conflicting identifications). Five isolates identified as V. alginolyticus via MALDI-TOF MS
were PCR negative for V. alginolyticus. Fourteen isolates with low confidence
MALDI-TOF MS identifications suspected of being V. alginolyticus from close match
results were also tested with PCR and all obtained positive results. However, upon
sequencing, 1 of the 14 isolates was differentially identified as Grimontia hollisae.
Therefore, conflicting species identifications exist for 6 out of 335 isolates (1.8%). No
identification was possible for 4 of 335 isolates (1.2%). Overall, 325 isolates obtained a

species identification.
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Table 5.8 Breakdown of methods used to confirm identity of isolates collected.

Identification method N (%)
1 MALDI-TOF MS: two high confidence ID replicates in agreement 213 (63.6)
2 MALDI-TOF MS: at least one high confidence ID 51 (15.2)
3 Low confidence MALDI-TOF MS ID: identified using PCR* 13 (3.8)
4 Low confidence MALDI-TOF MS ID: identified using 16S rRNA gene 25 (7.5)

sequencing '
Low confidence MALDI-TOF MS ID: identified to genus level using 16S
5 . 23 (6.9)
rRNA gene sequencing
6 Conflicting results between methods 6 (1.8)
7 No identification possible 4(1.2)
Total 335

*V/. alginolyticus and V. parahaemolyticus isolates only
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Species Identified

Between 14/07/2022 and 06/09/2022, 20 bacterial species from 6 genera were
represented across 325 isolates from Lagoon X (see Figure 5.6 and Table 5.9). Vibrio
species made up 79% of strains identified (258/325). Twelve different Vibrio species
were isolated including three of four key human Vibrio spp. pathogens: V. cholerae
(4/325), V. parahaemolyticus (21/325) and V. alginolyticus (117/325) which together
represented 55% of Vibrio spp. isolates (142/258) and 44% of all isolates (142/325).
V. alginolyticus was the most numerous bacterial species overall, making up 36% of the
total isolates (117/325) and close to half of Vibrio spp. isolates alone (117/258; 45%).
Twenty-one isolates were identified as V. parahaemolyticus (8% of Vibrio spp.; 6%
overall), and 4 as V. cholerae (2% of Vibrio spp.; 1% overall). Three of the
V. parahaemolyticus strains were PCR-positive for the trh gene which is associated with
virulence in V. parahaemolyticus (Ceccarelli et al., 2013). The second most numerous
species identified was V. harveyi with 54 isolated strains (21% of Vibrio spp.; 17%
overall). Twenty-three isolates (9% of Vibrio spp.; 7% overall) were classified as Vibrio

species, however, could not be identified to species-level.

In addition to Vibrio, species from the Photobacterium, Shewanella, Exiguobacterium,
Stenotrophomonas, and Grimontia genera were also isolated as Vibrio spp. false-
positives due to similar colony appearance to the target Vibrio species. Although using
growth media selective for Vibrio species (TCBS and VID), some non-Vibrio species can
still grow on selective media (Nigro and Steward, 2015). The genus Photobacterium
consisted of 43 isolates of P. damselae (previously V. damsela), a potential human and
aguatic animal pathogen, and was the next most common genus represented amongst
the isolates (43/325; 13%) after Vibrio. Three species of Shewanella were isolated
(10/325; 3%), including 7 isolates of S. algae, an emerging human pathogen (Srinivas et
al., 2015).

Overall, 252 of the 302 isolates identified to species level (83%) were species with the
potential to cause infections in humans and 264/302 (87%) were species potentially

pathogenic to aquatic animals (278/302; 92% potentially pathogenic isolates in total).
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I stenotrophomonas
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Vibrio aestuarianus
Vibrio alginolyticus

Vibrio cholerae

Vibrio harveyi
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Vibrio mytili

Vibrio natriegens

Vibrio parahaemolyticus
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Figure 5.6  A. Percentage breakdown of the genera isolated from Lagoon X (n = 325).
B. Percentage breakdown of Vibrio species isolated (n = 258). Vibrio species for which
only one isolate was obtained (n = 3) were merged with Vibrio spp.
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Table 5.9 Species identification of isolates obtained across Lagoon X sampling sites
A-C during 9 weeks of the sampling period (14/07/2022 — 06/09/2022).

Site
Species? Total Reference(s)
A B C
Exiguobacterium artemiae 1 0 0 1 Lépez-Cortés et al., 2006
Exiguobacterium marinum 4 2 1 7 Kim et al., 2005
e Grimontia hollisae 0 0 2 2 Hﬁgg;?gg:;?;_?ggg;?
eo Photobacterium damselae 13 3 27| 43 %Si\?gg ;{ :II_"’ 22811:? ;
e Shewanella algae 4 3 0 7 HongoeltSa}l._l,_SZéJnZ;;e?glr.w ,i\;aé)slgt i
Shewanella insulae 1 0 1 2 Park et al., 2020
o Shewanella marisflavi 1 0 0 1 Li et al., 2010
e Stenotrophomonas maltophilia 0 0 4 4 Brooke, 2012
o Vibrio aestuarianus 1 0 10| 11 Ga;?i,egggéa; I'iﬁggg;eﬁ:e;gff et
ec Vibrio alginolyticus 33 48 36 |117|C2 € a"égicl’lgeégl‘_‘?ggif"' 2000;
eo Vibrio cholerae 1 1 2| 4 Chzeonlg? ellézigﬁizétE:Eezl Oeztoal.,
o Vibrio europaeus 1 0 0 1 D;(E}gg :tt :II_',’ gg:zlf
eo Vibrio harveyi 11 32 11|54 E;ﬁ:rg o lel.’, P
Vibrio hepatarius 1 0 0 1 Tiimigzzr?ta?gl.,zg%%é
Vibrio hyugaensis 0 2 5 7 Urbanczyk et al., 2015
Vibrio mytili 2 4 0 6 Pujalte et al., 1993
o Vibrio natriegens 5 0 3 8 Zhang et al., 2023
o Vibrio neptunius 1 0 0 1 Galvis et al., 2020
eo Vibrio parahaemolyticus 15 0 6 | 21 il ﬂgﬁgrg?gﬁ?;ég” AT
o Vibrio proteolyticus 0 4 0 4 V(Srizzvrimggritcgtl.él.z,ogg(;)o
- Vibrio spp. 11 5 7 | 23 -
Total 106 104 115|325

aSpecies is noted as a potential pathogen of humans (e) or aquatic animals (o). Species included in the

‘big four’ Vibrio human pathogens (Baker-Austin et al., 2017b) highlighted in bold.
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5.4.5 Distribution of species across sites and weeks

Distribution across sites

V. alginolyticus was isolated from all three sampling sites with 48 of 117 isolates (41%)
obtained at site B (hypersaline) whilst isolated from sites A (33/117; 28%) and C (36/117,
31%) a similar number of times. V. parahaemolyticus was only isolated from sites A
(brackish salinity) and C (salinity of seawater), with most isolates (15/21; 71%) from site
A and remaining 6/21 (29%) from site C. Four isolates of V. cholerae were recovered
including 2 at site C and 1 each at sites A and B. The distribution of V. harveyi isolates
across sites was similar to that of V. alginolyticus. V. harveyi was predominantly isolated
from site B (32/54; 59%) followed by an equal number of 11 isolates at both sites A and
C. Ten of 11 V. aestuarianus isolates were obtained from site C and 1 at site A.

The majority of P. damselae isolates originated from site C (27/43; 63%) with 13/43
(30%) from site A and 3/43 (7%) from site B. S. algae was recovered from sites A (4/7)
and B (2/7) only.

Distribution across sampling weeks

Figure 5.7 displays the number and distribution of V. alginolyticus, V. parahaemolyticus

and V. cholerae isolates recovered from the three sites across the sampling period.

V. alginolyticus was isolated across all sites and weeks except week 9 (06/09/2022) at
site C. The highest number of V. alginolyticus isolates (10) was recovered on week 1
(14/07/2022) at site B and week 4 (02/08/2022) at site C. With the exception of these
weeks, the number of V. alginolyticus isolates at sites B and C gradually declined over
the 9-week period. A weekly maximum of 5 V. alginolyticus isolates was identified for

several weeks across the latter half of the study period at Site A.

V. parahaemolyticus was isolated in 6 of 9 sampling weeks at site A, where a weekly
maximum of 6 isolates was recovered on week 4 (02/08/2022). V. parahaemolyticus was
isolated during the last 3 weeks (23/08/2022 to 06/09/2022) at site C and no isolates for

this species were recovered from site B.

V. cholerae was recovered sporadically across the study period. A single isolate of this
species was identified at sites A and B during weeks 3 (26/07/2022) and 5 (09/08/2022),
respectively. Two isolates of V. cholerae were isolated at site C: 1 in week 5 (09/08/2022)
and 1 in week 6 (16/08/2022).
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Figure 5.7 Number of potentially pathogenic V. alginolyticus, V. cholerae,
V. parahaemolyticus isolates obtained across 9 weeks of the sampling period
(14/07/2022 — 06/09/2022) for sites A-C.

5.5 Discussion

The emergence and increasing reports of Vibrio spp. infections in Northern Europe
associated with warming sea surface temperatures (Baker-Austin et al., 2013; Ebi et al.,
2017) demonstrates the interdependence of the environment and human health,
especially within the context of climate change. Whilst Vibrio spp. infections are not an
endemic health issue in the UK, the ongoing warming of coastal waters (Cornes et al.,
2023) stresses the importance of investigating environmental Vibrio spp. bacteria in this
region to better understand the risk to human health. This study is one of the first to
collect and examine Vibrio spp. bacterial abundance for associations with environmental
conditions in the UK and also involved the collection and identification of a large number
of Vibrio spp. isolates. Our analysis did not find significant associations between those
environmental parameters tested (water temperature, salinity, and pH) and Vibrio spp.
abundance. However, Vibrio species known to cause illness in humans, including three
of the ‘big four’ Vibrio spp. pathogens affecting human health (V. parahaemolyticus,
V. cholerae and V. alginolyticus) (Baker-Austin et al., 2017) were isolated, supporting
existing evidence of their presence in UK waters during summer months (Ford et al.,
2020; Harrison et al., 2022). This is concerning as the sampling site, Lagoon X, is used

for recreational water sports and swimming in several locations along its length and has
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a shellfish harvesting area. This work highlights the need for ongoing research into

Vibrio spp. human health risk in the UK.

Vibrio spp. abundance and environmental conditions in Lagoon X

Using the culture-dependent membrane filtration method, Vibrio spp. bacteria were
recovered in all 10 weeks of the summer 2022 study period (14/07/2022 — 13/09/2022)
across the three sites sampled in Lagoon X. The shallow bathymetry of Lagoon X in
combination with heatwave conditions present in the UK during summer 2022 (Kendon,
2022) led to water temperatures of around 18°C or above recorded at all sites throughout
the study, thus within an ideal range for Vibrio spp. bacterial growth (Vezzulli et al., 2015).
Meanwhile, the varying salinity across Lagoon X sites demonstrates the ability of
members of the Vibrio genus to inhabit a range of salinities from brackish (site A; 28.93
+ 5.80 PSU [mean * 2 SD]) to that of seawater (site C; 35.68 + 1.08 PSU) to hypersaline
(site B; 39.12 = 5.28 PSU). Lagoon X has minimal freshwater input (nearest to site A)
and shallow bathymetry; therefore, evaporation is likely a key source of this variability in
salinity, mediated by both the depth of the waters and amount of tidal seawater influx at
each site. The average pH levels of sites A and C were similar (8.42 + 0.52 and 8.45 +
0.34, respectively), reflecting values typical of seawater (~8; Marion et al., 2011) whilst
average pH measured 9.24 + 0.46 at site B. A potential reason for this strong alkalinity
at site B is the presence of photosynthesising seagrass flats which remove dissolved
carbon dioxide from the water, thus reducing acidity and increasing pH (Frankignoulle
and Distéeche, 1984).

For all sites, peak Vibrio spp. abundance occurred during week one of the study
(14/07/2022). A maximum Vibrio spp. abundance of 1.03 x10°> CFU/100ml was recorded
at site A, similar to that found by Ford et al. (2020) (1.26 x10° CFU/100ml) at the same
site along Lagoon X on 10/07/2018. This suggests that Vibrio spp. abundance at such
order of magnitude is not a one-off occurrence in this location. Interestingly, this
maximum Vibrio spp. abundance in 2022 was recorded at 18.1°C which was the third
lowest water temperature measured at site A. Site A also had the highest average
Vibrio spp. abundance across the 10-week sampling period (2.22 x10* CFU/100ml),
despite observing the lowest average water temperature of the three sites over the study
period. The brackish salinity of site A may have increased the suitability for Vibrio spp.
bacteria. However, no significant correlations were found between Vibrio spp.
abundance and water temperature, salinity or pH at the three sites. Similar average
levels of total Vibrio spp. abundance have been recorded in the Delaware and

Chesapeake Bays (7.9 x10* and 5.1 x10%® CFU/100ml, respectively; Parveen et al.,
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2020), where Vibrio spp. infections have recently emerged (King et al.,, 2019).
Nevertheless, it is not possible to reliably compare the risk of human infections between
locations based on Vibrio spp. humbers alone, especially as different methods of
enumeration are used and average values are often calculated across different time
ranges (i.e., May through October in Parveen et al. (2020) versus July to September in
this study).

The maximum water temperature recorded at Lagoon X was 26.42°C at site B on
19/07/2022, 6°C lower than the overall maximum of 32.1°C recorded at site A during the
2018 heatwave by Ford et al. (2020). Investigation of the weather conditions during the
study reveals strong correlations between local daily air temperature and in situ water
temperatures at the sites (site A: p(8) = 0.82, p < 0.01; site B: p(8) = 0.94; p < 0.001; site
C: p(8) = 0.70; p < 0.05) (see Figure S13). According to these weather data, maximum
daily air temperature between July and September (31.0°C) occurred on 10/08/2022
across all three sites, one day after sampling on 09/08/2022 (week 5) (see Figure S14).
This suggests that peak water temperature may have occurred on a non-sampling day.
Regardless, in both the present study and Ford et al. (2020), the maximum water
temperature and highest Vibrio spp. abundance did not occur in the same week,
indicating the influence of a factor other than temperature on Vibrio spp. abundance.
These results contrast with many ecological studies which frequently find temperature
and salinity to be the two most important environmental influences on Vibrio spp.
abundance, (Froelich et al., 2013; Takemura et al., 2014; Turner et al., 2009; Vezzulli et
al., 2009; Wetz et al., 2014). Yet the significance of these variables is not unanimous.
Salinity and temperature have been found to vary in their importance as predictors of
total Vibrio spp. abundance with season (Froelich et al., 2013; Oberbeckmann et al.,
2012). For example, Oberbeckmann et al. (2012) found temperature and chlorophyll-a
to be significant predictors of Vibrio spp. abundance in German North Sea waters in
spring whereas salinity, Secchi depth (turbidity) and chlorophyll-a were significant
predictors during the summer. The authors suggest that this could indicate the existence
of a water temperature threshold that allows increasing Vibrio spp. growth to occur. In
our study, temperature remained near or above 18°C at all sites for the duration of the
sampling period but there was no evidence of increasing Vibrio spp. growth with
increases in water temperature. This suggests that temperature was not the factor
limiting Vibrio spp. growth during the time range of the study. Additional complexities
include the interaction of temperature and salinity on Vibrio spp. abundance (e.g., as
seen for V. vulnificus: Randa et al., 2004) as well as the species-specific relationships

with these variables (Esteves et al., 2015).
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Our results show that, for all sites, the weeks with greatest Vibrio spp. abundance
occurred at their lowest pH values (pH 8.0 - 8.8), but no overall correlation with this
variable was found. Although there has been less focus on the effect of pH on Vibrio spp.
abundance, the importance of this parameter to Vibrio spp. growth has recently been
discussed and investigated by Velez et al., (2023). Vibrio spp. can survive across pH 5
to 10 by induction of the viable but nonculturable (VBNC) state of bacterial dormancy at
the extremes of acidity and alkalinity (Nowakowska and Oliver, 2013; Wong and Wang,
2004). Under controlled conditions, Velez et al., (2023) found the highest growth rates of
environmental V. parahaemolyticus and V. vulnificus strains occurred within neutral to
acidic pH levels. Meanwhile, water sampling of the Chesapeake Bay recorded the
highest abundances of V. parahaemolyticus and V. vulnificus at around pH 8 (Brumfield
et al., 2023a).

Isolation of potentially pathogenic Vibrio spp. strains

A selection of suspected V. parahaemolyticus, V. wvulnificus, V. cholerae and
V. alginolyticus colonies were isolated from the membrane filtration count plates and
sub-cultured each week so that the presumed Vibrio species’ identifications could be
confirmed by molecular methods. The presence of V. parahaemolyticus, V. cholerae and
V. alginolyticus, three of the ‘big four’ Vibrio species known for their burden on human
health (Baker-Austin et al., 2017), was confirmed by a combination of MALDI-TOF MS,
PCR and 16S rRNA sequencing. These three species constituted 55% of the 258
Vibrio spp. strains identified. V. alginolyticus was the most numerous overall with 117
isolates recovered across the sites including a high proportion (48/117; 41%) from
hypersaline site B (39.12 + 5.28 PSU). Pathogenic V. alginolyticus strains cause typically
mild ear and wound infections that are treatable with antibiotics; only a small number of
cases develop into septicaemia or necrotising fasciitis, usually in immunocompromised
individuals (Baker-Austin et al., 2018). This pathogen caused over half (52.2%) of all
Vibrio spp. infections reported in Denmark between 2010 and 2018 (n = 638), where
vibriosis is an emerging health issue (Gildas Hounmanou et al., 2023). The majority
(74.5%) of these V. alginolyticus cases were ear infections. In the UK, reports of
V. alginolyticus infections are rare and sporadic with only a handful of cases present in
the available literature (Hartley et al., 1991; Reilly et al., 2011). The most recent case
report was published in 2011 after a woman in her 70s wrapped an existing cut with a
homemade dressing containing the seaweed Fucus spiralis collected from the shoreline
which became infected (Reilly et al., 2011). As vibriosis is not a notifiable illness in the

UK, the true number of V. alginolyticus cases is not known.

116



V. parahaemolyticus was predominantly isolated from site A (15/21; 71%), the site with
lowest average salinity (28.93 + 5.80 PSU), whilst absent from hypersaline site B (39.12
+ 5.28 PSU). These differences may reflect broader salinity tolerance by V. alginolyticus
compared to V. parahaemolyticus. A meta-analysis of ecological studies by Takemura
et al. (2014) suggests that V. parahaemolyticus may inhabit salinity ranges between
around 5 to 33 PSU which matches the absence of this species at the hypersaline site B
and reduced recovery from site C where salinity was around 35 PSU. Where Vibrio spp.
infections are endemic, V. parahaemolyticus can be a common cause of mild seafood-
and seawater exposure-related infections, e.g., in the United States it is estimated to
cause around 45,000 infections each year (Centers for Disease Control and Prevention,
2019). In Denmark between 2010 and 2018, V. parahaemolyticus caused 45.9% of
reported Vibrio spp. wound and deep tissue infections (Gildas Hounmanou et al., 2023).
Most V. parahaemolyticus infections are self-limiting or resolve following antibiotic
treatment but can be life-threatening in some cases, especially for individuals with
underlying health conditions (e.g., Guillod et al.,, 2019). Concerningly, three
V. parahaemolyticus strains isolated from Lagoon X tested positive for the trh gene which
encodes TRH, a major V. parahaemolyticus virulence factor associated with disease
(Ceccarelli et al., 2013). Unfortunately, the PCR assay for detection of the thermostable
direct hemolysin (TDH) gene, tdh, did not work and therefore will be the focus of future

work.

Four isolates of V. cholerae were recovered from across the sites. Similar to
V. parahaemolyticus, non-O1/non-0O139 V. cholerae generally cause self-limiting
gastroenteritis as well as wound and ear infections (Deshayes et al., 2015). A large
proportion (77%) of Vibrio spp. infections reported in Sweden and Finland after a 2014
heatwave event in Northern Europe were attributed to non-O1/non-0139 V. cholerae,
including several infections reported less than 100 miles from the Arctic Circle (Baker-
Austin et al., 2016).

Interestingly, V. vulnificus was not isolated throughout the sampling period despite being
recovered from all three sites at Lagoon X in both 2018 and 2019 (Ford et al., 2020).
This could have been in response to lower average salinities recorded in 2018 (17.0 -
37.9 PSU) and 2019 (21.0 - 35.0 PSU) which may have been more favourable for
V. vulnificus (Ford et al., 2020). The optimal salinity range for V. vulnificus growth is
around 10 to 25 PSU (Esteves et al., 2015; Noorian et al., 2023) but has been observed
to expand to between 5 and 30 PSU at higher water temperatures (>22°C) (Randa et al.,

2004). Yet, this is just one possible explanation and other environmental factors may
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have been involved. V. vulnificus is a serious opportunistic human pathogen that can
cause deadly necrotising wound and seafood-related infections, mainly in susceptible
individuals with chronic underlying health conditions (Baker-Austin and Oliver, 2018).
Despite the rarity of V. vulnificus disease, the high fatality rates associated with wound
(~18%; Ralston et al., 2011) and foodborne (~50%; Jones and Oliver, 2009) infections
emphasise the severity of this pathogen. Therefore, the presence of V. vulnificus isolates
possessing multiple virulence genes in UK waters is concerning (Ford et al., 2020).
Heavy summer rainfall events may increase the suitability of coastal waters for
V. vulnificus bacteria in the UK by reducing salinities during peak seasonal water
temperature. Heavy rainfall did not occur during the sampling period conducted in this

study, which may partially explain the absence of V. vulnificus bacteria.

Molecular methods

MALDI-TOF MS was used for rapid species identification of isolates recovered from the
waters of Lagoon X. Of the 335 isolates, 261 (78%) returned a high confidence species
identification via MALDI-TOF MS. PCR of isolates identified as V. alginolyticus or
V. parahaemolyticus by MALDI-TOF MS (n = 129) returned 96% identification agreement
between the two methods. These findings support the use of MALDI-TOF MS for Vibrio
species identification within the context of monitoring Vibrio spp. risk by providing rapid,
cost-effective results (Dieckmann et al., 2010; Erler et al., 2015; Mougin et al., 2020).
The sensitivity and rapid proliferation of Vibrio spp. means that high abundances of these
bacteria can accumulate quickly in coastal waters with favourable conditions. Being able
to routinely identify the presence of Vibrio spp. pathogens in coastal waters shortly after
a sample is taken would enable the timely use of warning signs or public text alerts if

necessary.

The use of culture-independent methods for the quantification of Vibrio spp. abundance
would benefit this analysis. Quantitative real-time PCR (QPCR) uses species-specific
primers to enumerate target Vibrio species and therefore would enable species-specific
relationships with environmental variables to be assessed (Randa et al., 2004; Wetz et
al., 2014). The Vibrio spp. abundance presented in this study includes some non-Vibrio
species, as 21% of isolated strains did not belong to the Vibrio genus; gPCR would
enable the enumeration of chosen target Vibrio species only and therefore reduce false-
positive counts. Furthermore, although the chromogenic media used for culture-
dependent counts should allow for species-specific enumeration based on morphology,
later testing with MALDI-TOF MS revealed inconsistent colony appearance within

species. In particular, V. alginolyticus colonies exhibited a wide range of colours on VID
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media. This species grew as pink, blue and purple colonies which more closely match
the description of V. parahaemolyticus, V. vulnificus and V. cholerae on this media (see
Table S11). The intense selection pressure experienced by environmental Vibrio spp.
strains results in natural variation that can be observed in the variable morphologies of
isolates (personal communication with A. Powell, Cefas), further strengthening the need

for species-specific enumeration using qPCR.

Isolates that obtained a low confidence MALDI-TOF MS identification or multiple
contrasting high confidence MALDI-TOF MS identifications were sent for 16S rRNA gene
sequencing. From 16S rRNA gene sequencing, species-level results were obtained for
just 31/65 (48%) of isolates whilst 29/65 (45%) were identified to genus level and 5/65
(8%) could not be identified. High genetic similarity amongst Vibrio species (especially
within the V. harveyi clade (Lin et al., 2010)) can make it challenging to decipher between
species with this method (Mougin et al., 2020). Future work could include whole genome
sequencing (WGS) of isolates recovered to aid identification to species level where this
has not been possible or where conflicting identifications have been obtained across
methods. WGS would provide higher resolution genetic data to enable comparisons of
closely related species to build a phylogenetic tree of Vibrio spp. strains and could be
used to assess whether similar strains reappear in the same location each year. WGS
data would also reveal whether the strains possess genes associated with virulence or
antibiotic resistance (Janecko et al., 2021). Concerningly, the presence of genes
associated with virulence amongst V. parahaemolyticus, V. vulnificus and V. cholerae
isolates from Lagoon X was noted by Ford et al. (2020) and within three
V. parahaemolyticus isolates in in our study. Gathering knowledge of the virulence genes
present in environmental Vibrio spp. strains and assessing the relative virulence of
different strains (e.g., via the Galleria mellonella infection model for V. parahaemolyticus;
Wagley et al., (2018)) would help to assess the human health risk of Vibrio spp. found in

UK waters.

Limitations and future work

This snapshot ecological study adds to a preliminary dataset of Vibrio spp. abundance
in the UK and the large number of Vibrio spp. isolates collected (n = 258) contribute to
an increased understanding of the Vibrio species present. Unfortunately, the short
timeframe of the study and necessary independent treatment of the sampling sites meant
only ten pairs of datapoints were available to test for each correlation between
Vibrio spp. abundance and environmental factors, reducing the reliability of the statistical

results. Therefore, future work could include more extensive sampling across seasons,
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starting earlier in the year, and samples could also be collected at more frequent intervals

(e.g., twice a week).

In this study three environmental factors were measured. However, the ecological
complexity of coastal environments increases the number of factors that likely influence
Vibrio spp. populations. For example algal blooms can provide a source of nutrients to
Vibrio spp. (Hsieh et al., 2007) and storms can disturb the sediment, releasing more
Vibrio spp. cells into the water column (Wetz et al., 2008). Therefore, the measurement
of additional potentially important environmental factors that have also been identified as
important to Vibrio spp. abundance in some locations, i.e., nutrient levels, chlorophyll-a
concentration, dissolved oxygen and turbidity (Blackwell and Oliver, 2008; Hsieh et al.,
2008; Oberbeckmann et al., 2011; Pfeffer et al., 2003; Vezzulli et al., 2009), should also
be explored alongside water temperature, salinity and pH in future work. Further
complexity is introduced by the rare physical characteristics of Lagoon X which influence
the movement and mixing of water and its biological inhabitants. Different coastal
environments in the UK such as estuaries and bays have different physical
characteristics which means that our observations cannot be generalised to all other
coastal environments in the UK. Sampling a range of coastal environments in different
locations along the UK coastline would provide greater insight into Vibrio spp. abundance

and risk.

Conclusion

Overall, this study confirms that a high abundance of Vibrio spp. bacteria can be found
within a UK coastal environment in summer months, but no correlation of Vibrio spp.
abundance with water temperature, salinity or pH was found. However, given that our
results provide evidence of potentially pathogenic Vibrio species in UK coastal waters,
further scientific investigation of the Vibrio spp. community and monitoring is warranted

to provide a continued assessment of the risk to human health.

120



6 Outlook & discussion

Here, the key research outcomes of the thesis are summarised for each data chapter
followed by a discussion of the key reoccurring themes throughout the thesis and
priorities for future research. The chapter concludes by stating the contributions of this
thesis to the field.

6.1 Key research outcomes

The work conducted in Chapter 3 represents one of the first studies to systematically
assess the historical changes in the geographic distribution of V. vulnificus wound
infections in the eastern United States (US). Previously, the northwards shift of
V. wulnificus infections was inferred with sporadic case reports of infections in
non-endemic locations (e.g., King et al., 2019) yet here, Chapter 3 visualises 30 years
of data from the Cholera and Other Vibrio lliness Surveillance (COVIS) database to map
the northwards shift in distribution over this period. Results indicate that the upper limit
of the infection distribution has been moving northwards at ~48 km per year on average.
Cases that were once restricted to the southern US along the Gulf of Mexico coastline in
the 1980s are now reported in the Chesapeake and Delaware Bays and waters off the
coast of New Jersey. Also in Chapter 3, an ecological niche modelling methodology was
used to build models of V. wvulnificus wound infection risk based on average air
temperature conditions where V. vulnificus infections are mainly reported. These models
were then used to predict future expansion of the areas conducive to V. vulnificus
infections under different scenarios of climate change. This work highlights future at-risk
regions on the Northeast US Atlantic coast that may benefit from increased awareness
of V. vulnificus infections. It also indicates the long-term benefit of limiting greenhouse
gas emissions; the predicted geographic expansion of the V. wvulnificus infection
distribution by the end of the 215 Century was limited under SSP126, a low emissions
scenario, to around Connecticut compared to medium-to-high scenario, SSP370,
whereby the risk distribution reached Maine. However, estimations of the population
living within 200 km of the coastline at risk of V. vulnificus infections reveal that more
individuals within a high-risk age group (60 and older) are expected to live within this risk
region in the future under SSP126 than SSP370 and this was reflected in the higher

number of cases expected per year. This is a key finding that emphasises the need to
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explore demographic change as well as environmental change when examining

V. vulnificus risk.

Whilst the work of Chapter 3 focused on long-term, large-scale changes in historical and
future V. vulnificus infection risk, the role of Chapter 4 was to examine V. vulnificus
infections at a finer temporal resolution. Environmental factors were assessed for their
influence on the variability of weekly V. vulnificus infections. The work focused on the
Gulf of Mexico coastline, where V. vulnificus infections have historically been reported,
and employed a robust multi-model inference (MMI) approach for comparison of the
relative importance of a range of environmental factors to weekly infection variability.
Overall, air temperature and sea surface temperature (SST) variables had the greatest
relative importance and were the only significant environmental parameters. However,
the baseline model which included a random effect of US state, as well as accounting
for seasonality (month), year and national or state US holiday, had a similarly good
predictive power compared to the best models which included air temperature or SST
alongside these baseline variables. This suggests that a model where seasonal changes
in temperature are accounted for within the ‘month’ variable may provide good
predictions of whether a V. vulnificus infection may be reported in a given week along
the Gulf of Mexico coastline. Assessments of the different variables influencing
V. vulnificus infection variability as opposed to variability in V. vulnificus bacterial
abundance are limited and, to the best of our knowledge, only one such study has been
published in the United States, which was conducted with data for Florida only at a

monthly temporal resolution (Ayala et al., 2023).

The work of Chapter 3 and Chapter 4 indicates the importance of temperature to the
occurrence of waterborne V. vulnificus disease in the US. The constructed models
encapsulate the processes that lead to disease including V. vulnificus bacterial presence
and abundance in the environment, human behaviour leading to exposure and host
susceptibility in a “black box” approach. This approach means we are unable to unpick
the influence of temperature on V. vulnificus bacteria versus human-related factors, such
as behaviour. Therefore, the aim of Chapter 5 was to focus on the microbiology and
investigate the environmental factors driving Vibrio spp. bacterial abundance by
conducting an ecological study within a Vibrio spp. hotspot located in Southwest
England. To date, no V. vulnificus infections have been reported in the UK and domestic
infections caused by other Vibrio spp. are believed to be extremely low in number. Yet it
has been suggested that warming waters along the UK coastline may encourage

pathogenic Vibrio spp. growth and therefore the risk to human health should be
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investigated (Ford et al., 2020). Due to the microbiological techniques used, a much
wider range of Vibrio species could be considered in Chapter 5, rather than solely
investigating V. vulnificus. By understanding the environmental factors influencing
Vibrio spp. abundance, other “hotspot” locations with similar conditions could potentially
be identified and targeted for future monitoring of pathogenic Vibrio spp. Over a 10-week
period, water samples were obtained, and environmental parameters were measured in
situ. Associations between environmental parameters (i.e., water temperature, salinity
and pH) and culture-dependent Vibrio spp. bacterial abundance were tested but no
significant correlations were identified. This alludes to the complexity of capturing
patterns in the abundance of one bacterial genus within a dynamic coastal environment
at weekly intervals over a short time period. Yet, the study did reveal high levels of
Vibrio spp. abundance which peaked at 10° colony forming units (CFU) per 100ml of
water, confirming that such magnitude of Vibrio spp. abundance, as recovered in Ford
et al. (2020), is not a unique event in the study location. A further key finding from this
work was the confirmation of potentially pathogenic Vibrio species within the 325 isolates
identified, including V. alginolyticus, V. cholerae and V. parahaemolyticus using
molecular methods, including matrix-assisted laser desorption/ionisation time-of-flight
(MALDI-TOF) mass spectrometry (MS). Additional testing revealed that three isolates of
V. parahaemolyticus possessed the trh gene, associated with virulence (Ceccarelli et al.,
2013). The presence of potentially pathogenic Vibrio species within a UK coastal site
used for recreation and shellfish harvesting is concerning and strengthens the need to
conduct additional research on Vibrio spp. bacteria in the UK to identify and understand

Vibrio spp. risk in more locations.

6.2 Reoccurring themes

6.2.1 Data availability

Health data

For building models of Vibrio spp. risk based on human infections, good quality
epidemiological data is key. Chapters 3 and 4 use V. vulnificus wound infection data from
the Centers for Disease Control and Prevention (CDC) COVIS database: the most
comprehensive Vibrio spp. infection database in the US. The COVIS system collates
reports of Vibrio spp. infections from across all states, meaning that only one data
request is needed. As a result, it is much easier to obtain Vibrio spp. infection data for

the US as opposed to, for example, the Baltic Sea region of Northern Europe which
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requires data requests to be sent individually to the health institutes of different countries;
a centralised Vibrio spp. surveillance system for all of Europe is yet to be established.
Vibrio spp. infections were made legally notifiable in the US in 2007, however, the
severity of V. vulnificus infections made their occurrence medically noteworthy, even
before this date. As a result, there is reasonable confidence that the V. vulnificus
infections reported to the CDC represent close to the true number of infections. The
V. vulnificus pathogen is opportunistic and therefore infections are rare (around 80
wound infection cases are reported per year on the east coast of the US (Archer et al.,
2023)).

Vibrio spp. infections caused by other species such as V. parahaemolyticus and
V. alginolyticus are greater in prevalence (Sheahan et al., 2022), but symptoms are
typically not as severe as V. vulnificus infections leading to many unreported self-limiting
infections. This uncertainty in the true number of cases is relevant for Chapter 5 located
in the UK, where Vibrio spp. infections are thought to be rarely domestically acquired.
There is currently no legal requirement for cases to be reported to the UK Health Security
Agency (UKHSA) so, even if mild ear or wound Vibrio spp. infections were being
contracted from exposure to UK waters, this information may not be reported.
Underreporting of Vibrio spp. infections in non-endemic locations may mean that
mitigation efforts such as enhanced shellfish testing and bathing water monitoring are
not considered until serious, potentially life-threatening, systemic infections, typically
caused by V. wvulnificus and non-01/0139 V. cholerae, are reported. Vibrio spp.
infections are a classic example of the ‘Burden of lliness’ pyramid (see section 2.4 in
Chapter 2) for which there are many unreported mild infections in the community with
fewer, more severe cases reported to health authorities, especially when reporting is not

mandatory.

Within Chapters 3 and 4, a common theme was that the low number of cases restricted
the statistical analyses that could be performed. For instance, binomial logistic
regression models which aggregated the infection distribution into presence or absence
along the coastline in Chapters 3 and at the weekly state-level in Chapter 4 were used
rather than count-based models as the low number of cases would have meant limited
variability present in the dependent variable. The low number of cases was also
considered in Chapter 3’s visualisation of the changing distribution of V. vulnificus
infections. A low number of cases can result in large jumps northwards in the northern

limit of V. vulnificus infections, therefore, the 95" percentile latitude of cases was
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averaged over 5-year periods to represent the expanding upper limit of the infection

distribution.

Despite confidence in the number of V. vulnificus infections reported to COVIS, the exact
location of exposure, beyond county-level, of the cases is a source of uncertainty.
Although the CDC COVIS reporting form asks for the specific water body the patient has
been exposed to in the last 7 days before infection began (https://www.cdc.gov/

nationalsurveillance/pdfs/cdc5279-covis-vibriosis-508c.pdf), the exact location is often

unclear or missing in the retrieved case database entries for V. vulnificus wound
infections. Chapter 3 considers cases ‘coastal’ if the US county where the infection was
reported (or travel county within US, if stated), are within 200 km of the US coastline.
The same method was applied in Chapter 4, but the locations of cases were then
aggregated to state-level for the modelling analysis. Currently, location of exposure is
recorded on the COVIS reporting form but relies on the patient’s ability to accurately and
reliably recall where and when they interacted with coastal waters. This information recall
may be affected by the time taken to record the information or if the patient is recovering
from a severe infection. However, the timescale is likely reduced for V. vulnificus
infections as symptoms require urgent medical attention usually within hours of exposure
(Baker-Austin and Oliver, 2016). Additionally, how specifically the question of exposure
location was asked may affect the information provided. Many exposure locations were
vague and stated “ocean” or large geographic areas such as “Gulf of Mexico” or “Atlantic
Ocean”. Having a more specific location of exposure for each case in the COVIS dataset
would enable more focussed analyses into the environmental conditions associated with

cases of waterborne V. vulnificus infection.

An alternative method of determining the exact locations that a patient has been exposed
to brackish waters would be to use the GPS location data from a device such as their
mobile phone. This method has many ethical considerations relating to the privacy of
individuals which were raised recently with the use of mobile GPS data for contact-
tracing during the COVID-19 pandemic (Grantz et al., 2020). However, the responsible
and effective use of such data could bring positive benefits to public health. For instance,
this information may help to identify hotspot Vibrio spp. risk areas that could be studied
or monitored more closely. At a broader population scale, anonymised mobile phone
GPS data could reveal trends in human activity at the coast that could be examined
alongside trends in reported Vibrio spp. infections. Anonymised mobile phone GPS data
has recently been used to explore and quantify human activity within green space,

including the amount of time spent within different land cover types (Filazzola et al.,
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2022). Similarly, data on human activity at the coast could be used to weight coastal
environmental data used in Vibrio spp. infection modelling, similar to Chapter 4 whereby
population count data was used as a proxy for human activity and therefore exposure. A
better understanding of where and how people spend time at the coast could also
potentially inform Vibrio spp. risk mitigation efforts by focussing resources (e.g.,
monitoring V. vulnificus bacterial load, signage, regional risk modelling) on popular

bathing locations.

Collating Vibrio spp. health data into a global Vibrio spp. surveillance system would
enable more efficient and greater collaboration between healthcare professionals,
researchers, and decision makers to allow for more responsive and informed mitigation
actions. Such a system could introduce standardised reporting across multiple countries
which may currently have different reporting forms and therefore different metadata
collected. Standardised reporting would be useful for tracking trends in incidence across
broader geographical regions, improving the availability of epidemiological data for
research and for identifying the emergence of Vibrio spp. infections in new locations.
However, there are huge challenges to standardising reporting of disease cases across
multiple states or countries, including how you define a case of a particular disease. The
European Surveillance System (TESSy) collects case data for infectious diseases
reported across the European Union and European Economic Area but discrepancies in
the data reported still exist between countries. For example, there is no standardised
reporting date for campylobacteriosis cases submitted to TESSy so whether the date of
onset, date of diagnosis or date of notification is used depends on the country submitting
the data (Lake et al., 2019).

Increased availability of Vibrio spp. health data could enable regular development and
optimisation of existing Vibrio spp. risk models which help to protect public health
(discussed in section 6.3.1). Nonetheless, any expansion in epidemiological surveillance
of Vibrio spp. disease would be costly, requiring continuous funding and many resources

that need to be considered against the benefits of such a system.

Environmental data

One of the first challenges to constructing a statistical model is obtaining high quality
data; models are only as good as the information they are trained with. Within Chapter
3, the challenge of obtaining suitable data for constructing an ecological niche model of
V. vulnificus infections on the east coast of the US is discussed. A core aim of this

analysis was to construct a model to predict potential changes in the geographic disease
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distribution into the future, therefore, future environmental data obtained had to be
downscaled and bias-corrected with the same baseline dataset as used for the historical

data. Such data was available from WorldClim (https://www.worldclim.orqg) for

meteorological variables at a fine resolution of 2.5 arcminutes (~4.6 km) and for seven
different Coupled Model Intercomparison Project phase 6 (CMIP6) global climate models
(GCMs) for the chosen Shared Socioeconomic Pathways (SSPs) at the time of
download. However, similarly paired historical and future oceanographic data could not
be found at the same high spatial resolution nor for the same number of CMIP6 models
and SSPs. Having more than one GCM enables predictions to be made from an
ensemble of models that account for a range of possible futures, as in (Colon-Gonzélez
et al., 2018).

Oceanographic variables such as SST and salinity were obtained at a resolution of
25 km from the Alfred Wegener Institute Climate Model (AWI-CM-1-1-MR), the highest
resolution available for future oceanographic data from CMIP6 GCMs. Given the size of
these data grid cells, large offshore areas were incorporated into the value of each cell,
rather than reflecting the conditions nearshore and within the intertidal zone, at the
interface between land and sea where most recreational exposure is likely to take place.
When extracting these 25 km resolution data at the coastline, it became apparent that
the historical values obtained were not within the tolerance of V. vulnificus bacteria which
are mainly found in conditions below 25 practical salinity units (PSU) (Randa et al.,
2004). All salinity values were above 25 PSU, even within states where V. vulnificus
wound infections are endemic. As a consequence, oceanographic variables could not be
reliably used to generate a model of V. vulnificus infections in Chapter 3. The intertidal
zone is noted as having a particularly high number of microclimates which stresses the
need for appropriately fine-scale environmental data when constructing models of a
species’ niche or distribution (Robinson et al., 2011). This heterogeneity of the coastal
environment was highlighted in Chapter 5 which, for example, documented large
differences in salinity between sampling sites located ~7 km apart (Site A: 28.93 + 5.80
PSU, Site B: 39.12 £ 5.28 PSU [mean * 2 SD]). Moreover, the resolution of data used to
construct species distribution models has been found to influence the relative importance
of variables and the extent of suitable habitat predicted (Basher et al., 2014). Fortunately,
the lack of available high-resolution future SST data was overcome by using finer coastal
air temperature instead. A strong correlation between air temperature and SST had been
suggested in the literature (Feng et al., 2018; Galbraith et al., 2012) and was later also
observed along the Gulf of Mexico coastline during the analyses for Chapter 4

(p(6783) = 0.96, p<0.001). Unfortunately, no proxy was available for other
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oceanographic variables of interest such as salinity. Yet even these air temperature data
of comparatively fine resolution are only able to predict broad areas of risk at ~4.6 km
resolution. V. vulnificus risk is likely to vary spatially within these broad areas as the

suitability of conditions for the bacteria fluctuate.

Lack of high-resolution future oceanographic data is especially an issue for marine
species distribution modelling and ecological niche modelling studies aiming to assess
climate change impacts. For example, von Hammerstein et al. (2022) sought to assess
the impact of climate change on SSTs within humpback whale breeding grounds. The
authors state that the 25 km resolution of CMIP6 data was not suitable for their analysis
as the whale’s breeding grounds would be represented by just a few grid cells. As an
alternative solution, they conducted statistical downscaling using the delta method
(Ramirez Villegas and Jarvis, 2010) to provide access to high resolution (~5 km) SST
data for future time periods. However, this downscaling method assumes that changes
in future climate are constant over large areas that match the resolution of the GCM data
used (i.e., 25 km; cell area 625 km?) and that the relationships between variables in the
baseline period remain the same over time (Ramirez Villegas and Jarvis, 2010).
Therefore, despite daily SST data of ~1 km resolution being available from the Group for
High-Resolution Sea Surface Temperature (GHRSST) for 2002 onwards (Chin et al.,
2017), downscaling these data is still limited by the coarse resolution of future CMIP6

SST projections which do not overlap sufficiently with the coastline.

Even with future data available, predictions of Vibrio spp. risk could potentially be limited
by the GCMs’ ability to account for extreme events as upshifts in case numbers are
associated with heatwave events (Baker-Austin et al., 2016; Brehm et al., 2021a).
Indeed, predictions of future V. vulnificus infection risk in Chapter 3 were generated from
models based on maximum air temperature data. However, recent studies that have
explored the ability of CMIP6 models to predict climate extremes retrospectively find that
the models have been able to capture observed historical extreme temperatures well
(Engdaw et al., 2023; Kim et al., 2020; Wu et al., 2021). Yet, climatic tipping points,
defined as a “level of change in system properties beyond which a system reorganizes”
(IPCC, 2022) are a source of uncertainty. This is owing to the challenge of estimating
when they are predicted to bring about abrupt and often irreversible change. One such
tipping point is the collapse of the Atlantic Meridional Overturning Circulation (AMOC)
which is predicted to cool the Northern Hemisphere as ocean circulation slows (Vellinga
and Wood, 2002). Rapid cooling of North Atlantic sea surface temperatures in response
to the AMOC shutting down (Orihuela-Pinto et al., 2022) would likely influence the burden

128



of Vibrio spp. illnesses along the coasts of North America and Europe due to the climate
sensitivity of Vibrio spp. disease. A recent study predicts that the AMOC may collapse
as soon as the middle of the 21% Century (Ditlevsen and Ditlevsen, 2023). However, the
timing of this tipping point being reached is hotly debated. Although the IPCC have high
confidence that the AMOC is “very likely” to weaken this century, they state with medium
confidence that the full collapse of the AMOC by 2100 is “very unlikely” (Collins et al.,
2019). Across the CMIP6 GCMs, including those used to generate future predictions of
V. vulnificus infection burden in Chapter 3, there are large differences in predicted
declines in AMOC strength but most models do not predict an abrupt shutdown (Bellomo
et al., 2021). Nevertheless, GCMs may be subject to model-biases that underestimate
the likelihood of AMOC collapse (Liu et al., 2017). Therefore, the highly improbable but
still physically possible collapse of the AMOC this century (Collins et al., 2019) is not

represented within Chapter 3 predictions.

By only exploring variables for their ability to explain the variability in past V. vulnificus
infections, rather than attempt future predictions, the environmental data available for
Chapter 4’s analysis was expanded. Higher resolution historical data could be obtained
for multiple oceanographic variables from the Copernicus Marine Service at 0.083°
(~9 km) resolution from the Global Ocean Physics Reanalysis dataset for 1993 onwards.
These data are outputs from computer models which are used to interpolate the values
between observational datapoints. Model output data are highly valuable as they can
provide access to a range of variables over continuous space and time and are often
freely available. A study by Becker et al. (2016) compared models of cetacean density
constructed with oceanographic variables from model output data versus in situ
measurement data and found that both models had highly similar, good predictive
capabilities, supporting the use of model output data for species distribution and
ecological niche modelling studies. However, ~9 km is still highly coarse and may
homogenise small-scale changes in environmental conditions that could influence
bacterial abundance of Vibrio spp., especially within the intertidal zone. The use of these
data represents a trade-off between the spatial resolution and the temporal range of data
available. With a low frequency of V. vulnificus cases, having a longer temporal range of
the Global Ocean Physics Reanalysis dataset available i.e., 1993 onwards, kept a
greater number of weeks when V. vulnificus infections occurred within the model training
dataset compared to ~1 km resolution GHRSST data which were available from 2002
onwards (Chin et al.,, 2017). A comparison of models built with these two different

datasets is beyond the scope of this thesis but may offer insight into whether to prioritise
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spatial resolution or temporal range when selecting gridded environmental datasets for

similar analyses with a low number of observations.

In contrast, Chapter 5 used in situ measurements of environmental conditions at the time
of sampling for Vibrio spp. abundance, rather than existing gridded datasets. Whilst a
model of Vibrio spp. abundance could potentially have been created with the measured
variables (sea surface temperature, salinity and pH) if they demonstrated significant
relationships, the ability to predict Vibrio spp. abundance in the UK would require the
availability of gridded oceanographic data with good resolution at the coast. High
resolution (~1.5 km by ~3 km) reanalysis data with 7-day forecast are available for the
UK from the Copernicus Marine Service for SST and salinity variables (CMS, 2023a).
However, this resolution would cover the three sampling sites in Chapter 5 within a few
grid cells and so may not provide enough datapoints for calibrating a model of Vibrio spp.
bacterial abundance to the gridded data. SST data finer than ~1 km resolution such as
300m (at daily temporal resolution) and 100m (at 16-day temporal resolution) can be

obtained through CoastObs (www.coastobs.eu) but are not open access. For additional

potentially relevant variables such as dissolved oxygen, turbidity and chlorophyll-a
concentration, the Sentinel-2 satellite has recently enabled the availability of 100m
resolution data spatially ranging from Europe’s coastlines to 20 km offshore which can
be obtained for 2020 onwards (e.g., CMS, 2023b). Yet pH remains difficult to obtain at a
similarly high spatial resolution.

6.2.2 Understanding the influence of climate change on

pathways of Vibrio vulnificus disease transmission

Understanding the pathways through which climate change may influence waterborne
V. vulnificus infections via environmental impacts on human behaviour and the suitability
of the coastal environment for V. vulnificus bacteria is complex. Additionally, as
V. vulnificus infections are mainly acquired by older individuals, often with health
conditions (Baker-Austin and Oliver, 2018), demographic change in coastal populations
(and those visiting the coast) may also influence the future health burden of this disease.
This complexity has been summarised in Figure 6.1 which is a directed acyclic graph of
the many different pathways that climate change and demographic change may

influence waterborne V. vulnificus infections, based off reading conducted for this thesis.

Pathogenic Vibrio spp. bacteria are known for their sensitivity to temperature (Baker-
Austin et al., 2017) but human behaviour and therefore exposure to seawater potentially

containing Vibrio spp. pathogens can also be influenced by temperature (Elliott et al.,
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2019; Morgan and Ozanne-Smith, 2013). Although temperature variables were found to
be statistically important in both Chapter 3 and Chapter 4, it is not possible to infer the
underlying mechanism of temperature within the disease transmission pathway for these
analyses due to collinearity between air temperature and SST. Air temperature may
influence human recreational behaviour and therefore exposure to the bacteria in the
environment, whilst SST could affect the abundance of V. vulnificus bacteria, both

directly and indirectly e.g., by mediating plankton blooms (see Figure 6.1).

For example, in Northern Europe, the emergence of Vibrio spp. infections occurred in
accordance with anomalous SSTs, closely mirroring the spatial and temporal patterns
(Baker-Austin et al., 2013). In addition to an increase in suitability for Vibrio spp.
pathogens, human recreational behaviour in the waters of the Baltic Sea may have also
increased due to heatwave conditions but, without reliable human activity data and
concurrent microbiological sampling in areas where infections are reported, it is not
possible to unpick how much each response to temperature may have contributed to the
increased number of infections. Here, more research into how people interact with the
coast under different weather conditions e.qg., fishing, bathing or beach use only would
be useful. Combined with Vibrio spp. surveillance data, this information could be used to
identify especially ‘risky’ activities during periods of increased suitability for Vibrio spp.

infections.

Within the environment, many different factors are found to significantly impact
Vibrio spp. bacterial abundance (see Table 2.1 in Chapter 2). Yet, of a range of variables
considered, air temperature and SST were the only environmental terms found to be
statistically relevant at the human V. vulnificus infection level along the US Gulf Coast in
Chapter 4. Here, the ‘hurricane landfall impact’ variable is discussed as an example.
Hurricane landfall impact was not a significant predictor of weekly V. vulnificus infection
variability despite 14 reports of infection associated with Hurricane Katrina (CDC, 2005).
As discussed in Chapter 4, it is likely that the specific characteristics of individual
hurricane landfall events are more important to the V. vulnificus health burden than the
occurrence of a hurricane landfall itself. For instance, Hurricane Katrina caused an
especially high storm surge which coupled with the failure of protective levees, resulted
in widespread flooding and exposure (Knabb et al., 2023). Hurricane lan was also
associated with increased reports of V. vulnificus infections (Sodders et al., 2023). A
recently published study by Brumfield et al. (2023) observed increases in SST before
and immediately following Hurricane lan that were above the 10-year average.

Chlorophyll-a concentrations were greater than five times the 10-year standard deviation
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during and after Hurricane lan, suggesting an increased suitability of conditions for
growth of Vibrio spp. bacteria (Brumfield et al., 2023b). However, as this event occurred
in 2022 it was beyond the temporal range of the COVIS data used in this thesis (1988 —
2018). Therefore, the rarity of a hurricane landfall impact resulting in cases of
V. vulnificus (a relatively rare form of infection) may mean that no statistically significant

effect is detectable when analysing many years of data.

This relates to ideas discussed by Levin (1992), whereby “different processes are likely
to be important on different scales”. For example, although Chapter 4 did not find salinity
to be important for weekly V. vulnificus infection variability at the state-level, salinity might
still be important to the variability of infections if studied at a local level. Different bathing
areas within a county may vary in salinity due to their specific physical characteristics
(such as proximity to freshwater inputs) which mediates the suitability for V. vulnificus
growth. However, when aggregated to weekly values at the state-level, spatial and
temporal variation in salinity is reduced (although some states demonstrated greater
variability in weekly salinity than others; see Figure S12) (see section 6.2.1, ‘Data
availability’ for discussion on spatial resolution). Nevertheless, when conducting an
ecological study of Vibrio spp. bacteria in the UK (Chapter 5), no significant
environmental drivers of Vibrio spp. abundance (including water temperature and
salinity) were found. This highlights the challenge of understanding the key

environmental drivers of Vibrio spp. bacteria as geographic location, season, and
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taxonomic resolution (i.e., investigating the abundance of all Vibrio spp. rather than

specific species) can influence findings.
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Figure 6.1 Directed acyclic graph of the pathways through which climate change and
demographic change may influence waterborne Vibrio vulnificus infections generated
from reading conducted during the creation of this thesis. Each edge (arrow) may contain
a ‘+’ to identify an increasing effect on the connecting node. Orange highlights the climate
change node, blue represents key human-related nodes, green highlights Vibrio spp.
bacteria within the environment and red signifies the waterborne infection node.
References: 1. Kang and Elsner (2015), 2-3. IPCC (2021), 4. Wang et al. (2019), 5. IPCC
(2021), 6-7. Collins et al. (2019b), 8. Fong et al. (2020), 9. (Henson et al., 2021; United
States Environmental Protection Agency, 2013; Yamaguchi et al., 2022), 10. Sheikh et
al. (2022b), 11. IPCC (2021) 12. Hernandez-Cabanyero et al. (2020), 13. Wang et al.
(2019), 14. IPCC (2021), 15. Elliott et al. (2019); Morgan and Ozanne-Smith (2013), 16.
Julien et al. (2020), 17. Neumann et al. (2015), 18. United Nations Department of
Economic and Social Affairs (2023), 19. Baker-Austin et al. (2016), 20. Neumann et al.
(2015), 21. United States Environmental Protection Agency (2013), 22. IPCC (2021), 23.
Rhoads (2006), 24. Eiler et al. (2007); Greenfield et al. (2017) , 25. IPCC (2021), 26.
Deeb et al. (2018), 27-28. Baker-Austin and Oliver (2018), 29. Rhoads (2006).
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6.2.3 Improving the robustness of results

A reoccurring theme throughout the thesis is the importance of ensuring the robustness
of analysis results in response to the low frequency of V. vulnificus infections, and
potential uncertainties and errors in the data. In both Chapter 3 and Chapter 4 the data
for modelling were split 90:10 so that 90% of the data could be used for model training
and testing (split 70:30) and the remaining 10% would be held out for model validation
as an unseen set of data applied at the end of the modelling process. Calculating model
metrics such as the area under the receiver operating characteristic curve (AUC; a
measure of predictive power) with the validation set is important to assess whether the
model performs as well on completely unseen raw data (Chicco, 2017; Quinn et al.,
2021).

Chapter 3 model parameter estimates were averaged across 100 replicate models which
were constructed with 100 random subsets of the data. Averaging over multiple models
generally reduces prediction error compared to the use of just one model, as supported
by an assessment of 180 studies by Dormann et al. (2018). Predictions of future risk
were also averaged across results from 7 CMIP6 GCMs to account for differences in
their simulations of future climate. Generating model predictions from an ensemble of
GCMs is a useful method to account for differences in their simulations of future climate
and enables the range of predicted values across GCMs to be assessed alongside the
mean, as seen for predictions of dengue fever cases in Colén-Gonzélez et al. (2018).
Model averaging was also used in Chapter 4. Here, an MMI approach was used to obtain
average parameter estimates across a set of models containing different combinations
of environmental variables. Using MMI enables models to be ranked by their fit to the
data and means that variables of interest can be explored for their relative importance
to the dependent variable in a systematic way (Symonds and Moussalli, 2011). This

process was repeated across 100 random subsets of data and results were averaged.

Although vastly contrasting to Chapter 3 and Chapter 4 in methodology, Chapter 5 also
included efforts to improve the robustness of results. Multiple methods were used to
confirm Vibrio species identification of the bacterial isolates obtained from a coastal
lagoon. For example, those isolates identified as V. alginolyticus and
V. parahaemolyticus by MALDI-TOF MS were also tested with conventional PCR to
confirm these results. MALDI-TOF MS is a relatively new method for identifying
Vibrio spp. (Dieckmann et al.,, 2010) therefore confirmation via a secondary, more
established method was important to understand the accuracy of MALDI-TOF MS for

Vibrio spp. identification. This said, the gold standard for microbial species identification
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is currently whole genome sequencing (WGS) (UKHSA, 2018). Future work could
include comparison of results generated with MALDI-TOF MS and WGS.

6.3 Future research

6.3.1 Future Vibrio spp. risk

Early warning systems

Moving forward, a key area of research is the further development of predictive risk
models for V. vulnificus and other Vibrio spp. pathogens. Both long-term predictions
(e.g., spanning decades into the future) and short-term early warning systems (e.g., a
5-day forecast) are needed to inform effective mitigation strategies which can help to
prevent Vibrio spp. infections. Chapter 3 provides an example of long-term prediction of
V. vulnificus infection risk for the east coast of the US. Whereas early warning systems
like the ECDC Vibrio Map Viewer (Semenza et al., 2017) provide a resource for
forecasting Vibrio spp. risk over the next five days based off SST and salinity data which
can be used for decision making by local government as well as the general public.
Similar near-term risk models may be useful for predicting Vibrio spp. risk in other
locations where infections are emerging e.g., east coast of the United States (Archer et
al., 2023), Australia (Harlock et al., 2022) and New Zealand (Vasey et al., 2023). On the
other hand, Schiitt et al. (2023) argue that the ECDC Vibrio Map Viewer is less helpful
for estimating Vibrio spp. infection risk as the model does not account for species-specific
preferences of temperature and salinity and that models focused on a particular Vibrio
species, would be more valuable and robust. Even so, regardless of whether they
visualise predicted V. vulnificus risk only or general Vibrio spp. risk, mapped forecasts of
Vibrio spp. risk using gridded environmental data are useful for estimating risk over large
areas which would be impractical and highly costly to sample directly. Monitoring
Vibrio spp. bacteria with laboratory techniques, which can take several hours, would also
delay the dissemination of warning messages to the public. Nevertheless, it is still
important that model results are validated with microbiological analysis of water samples
(Méalzer et al., 2016).

A key aim of Chapter 5 was to assess the relationship of environmental variables with
Vibrio spp. abundance in a UK coastal lagoon. The resultant environmental conditions
suitable for high Vibrio spp. abundance could then potentially be mapped to identify other

coastal Vibrio spp. hotspots for further microbiological investigation (nonetheless,
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extrapolation of relationships between Vibrio spp. abundance and environmental
parameters to wider geographic locations would need to be validated by in situ
microbiological testing). Unfortunately, this was not possible as no significant
relationships between water temperature, salinity or pH and Vibrio spp. abundance were
found over the 10-week study, emphasising the complex ecology of this environment.
However, given the high Vibrio spp. abundance (10° CFU/100ml) recorded in some water
samples from UK ‘Lagoon X’ in Chapter 5 and the number of potentially pathogenic
isolates recovered, future work should continue to investigate Vibrio spp. risk to bathers
in the UK.

Figure 6.2 is an interactive Vibrio spp. risk map created by mapping thresholds of SST
(>18°C) and salinity (<25 PSU) recognised as preferred for Vibrio spp. growth (Vezzulli
et al., 2013) (similar to the ECDC Vibrio Map Viewer; Semenza et al. (2017)) with high
resolution (~1.5km by ~3km) oceanographic data. As seen in Figure 6.2, several
alternative locations are identified as potential UK Vibrio spp. risk hotspots during the
2022 heatwave (Kendon et al., 2023). Nevertheless, the elevated risk identified in this
mapping exercise should be taken as a starting point for future microbiological
investigation and validation which is needed before such risk map application can be

considered useful.

Future advancements in satellite sensors, oceanographic sensors and computer models
used to interpolate data between observations, may provide opportunities to include
further relevant variables in addition to SST and salinity in near-real-time Vibrio spp. risk
models to improve predictions. This may be especially useful for developing more
complex models in smaller, high Vibrio spp. risk locations that have specific hydrological
dynamics. For instance, Bullington et al. (2022) generated hourly real-time predictions of
V. vulnificus concentrations in the Ala Wai Canal of Honolulu, Hawai‘i using 40m
resolution SST and salinity forecast data from the Regional Ocean Modeling System for
the Waikiki area (Waikiki ROMS), five-day average rainfall, daily maximum air
temperature and, using a moored fluorometer sensor, dissolved organic matter (DOM).
The inclusion of DOM increased the risk model’s ability to explain the variability in
V. vulnificus concentration by 17%, highlighting the importance of this parameter at the
study location (Bullington et al., 2022). Work to predict DOM in estuaries has been
conducted (Bowers and Brett, 2008; Wang et al., 2021). Future availability of DOM
forecasts alongside other open-source data products would enable this parameter to be

included in near-term forecasts of V. vulnificus concentration.
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Figure 6.2  Vibrio spp. risk in the UK on 14/07/2022 during the July 2022 heatwave
(Kendon et al., 2023) based on suggested suitable sea surface temperature (>18°C) and
salinity (<25 PSU) for Vibrio spp. growth (Vezzulli et al., 2013). Daily risk plus 5-day
forecast using data from the Atlantic — European North West Shelf — Ocean Physics
Analysis and Forecast dataset available from the Copernicus Marine Service
(Copernicus Marine Service, 2023a). Application made by author using RShiny (Chang
et al., 2022). Top: UK view. Bottom: zoom-in of waters suitable for Vibrio spp. growth in

the Severn Estuary leading into the Bristol Channel.

Current bathing water quality classifications in Europe and the US are determined by

counting the number of viable faecal indicator bacteria (FIB) in water samples obtained
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and tested during the bathing season (typically May to September) (Tiwari et al., 2021).
The quantification of waterborne pathogens is not included in these assessments as FIB
are considered more easily isolated from the environment and an indication of faecal
pollution and its associated pathogens (US Environmental Protection Agency, 2001).
Alternatively, Gyraite et al. (2020) propose an integrated bathing water quality
assessment that also takes into consideration specific Vibrio spp. indicators: less than
19 V. vulnificus infections per 1000 bathers and a V. cholerae count of less than 10°
cells/100ml are required to stay below the high-risk level. Although promising in concept,
the proposed risk level considered acceptable for V. vulnificus should be examined to
ensure that the rate of infections is appropriate for the geographic area and time period
(19 cases represents roughly a quarter of annual V. vulnificus cases on the east coast
of the US (Archer et al., 2023)). Support for the inclusion of additional bathing water
quality parameters alongside FIB comes from Farrell et al. (2021) who conducted a
review of waterborne organisms of public health concern isolated within designated
bathing waters of Europe across multiple studies (Farrell et al., 2021). The authors found
that Vibrio spp. were the most frequently detected bacterial organisms and were found
in 84.1% of samples tested (392/466) (Farrell et al., 2021).

Another limitation of existing bathing water quality monitoring is the infrequency of
sample collection. Even if Vibrio spp. counts were to be measured alongside FIB, the
sensitivity of Vibrio spp. to changing environmental conditions means that four samples
per season (the minimum required under the EU Bathing Water Directive; E. U. Directive
(2006)) would not be adequate to provide a reliable estimation of risk to bathers. This is
evident through results of Vibrio spp. bacterial counts in Chapter 5 which demonstrate
strong weekly variability in abundance. For other rapidly changing environmental
hazards such as harmful algal blooms (HABSs), wider monitoring efforts are enabled using
citizen science initiatives such as the US Phytoplankton Monitoring Network which has
existed for over 20 years (NCCOS, 2021). This strategy proves effective for HABs as
they are often highly visible and citizen scientists can be trained to obtain water samples
and identify different phytoplankton species with optical microscopy. Unfortunately, the
same methods cannot be used to identify Vibrio spp. bacteria which are typically
identified with techniques requiring use of specialist laboratory equipment and methods.
However, there is ongoing development of lateral flow assays as a low-cost, portable
test to detect Vibrio spp. pathogens in seafood samples (Sohrabi et al., 2022; Yang et
al., 2021; Ying et al., 2021) and drinking water in rural regions (Mayry et al., 2022). Such
tests are rapid, taking just over one hour to complete without the need for laboratory

thermocycler instruments (Ying et al., 2021) or expensive reagents (Mayry et al., 2022)

138



and so may provide a promising tool for citizen science monitoring of Vibrio spp. in local

waters in the future.

6.3.2 Vibrio spp. ecology and disease

Paired environmental and epidemiological data

In addition to environmental data, genetic information obtained from sequencing the
causal Vibrio spp. pathogen could also be incorporated into the same dataset.
Applications like NextStrain (https://nextstrain.org/) and Microreact (https://microreact.
org/) currently enable the genetic information of pathogens such as the DENV1 dengue
virus and Mycobacterium tuberculosis, the causal agent of tuberculosis, to be shared
and evolving strains to be tracked globally. By mapping the geographic locations of
clinical Vibrio spp. strains in space and time, the evolution and movement of Vibrio spp.
pathogens could be visualised and considered in conjunction with Vibrio spp. early
warning systems for the benefit of public health preparedness (Baker-Austin et al., 2020).

Building on the above mapping of Vibrio spp. genetic information, future epidemiological
Vibrio spp. surveillance should aim to incorporate environmental and demographic
attributes into records of infections. In the context of the COVID-19 pandemic, the
integration of data from multiple sources including meteorological data, policy data and
air quality data alongside epidemiological data has been valuable for elucidating
COVID-19 risk factors (Badr et al., 2023). For Vibrio spp. researchers, the availability of
this information at local, regional, and global scales would prove invaluable for
investigating the geographic expansion of Vibrio spp. pathogens with climate change
and the environmental conditions conducive to infections. It could also highlight human
populations with demographic characteristics that make them particularly vulnerable to
Vibrio spp. infections, particularly those caused by V. vulnificus. An example of a similar
framework is the Medical & Environmental Data Mash-up Infrastructure (MEDMI) project
which was active between 2013-2016 and is now accessible through the UKHSA
Environmental Public Health Surveillance System (EPHSS) (https://www.ecehh.org/
research/medmi/). MEDMI provided a platform for researchers to extract and combine
epidemiological, environmental, and demographic data (described by MEDMI as “data
linkage”) for a variety of human health projects e.g., examining the seasonality of
pathogens in connection with weather (Cherrie et al., 2018) and night-time temperature
and mortality risk (Murage et al., 2017). A key challenge highlighted by researchers
working with the MEDMI platform was the difficulty in matching data from different

sources at different temporal and spatial resolutions, available at different temporal
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ranges and frequencies (Leonelli and Tempini, 2021) (similar to points discussed in
section 6.2.1 ‘Data availability’). However, it is argued that with careful, purposeful choice
of datasets and acknowledgement of their limitations, analyses that make use of “data

linkages” can still provide important findings (Leonelli and Tempini, 2021).

Human interaction with the environment leading to disease

Detailed information on what activities individuals were engaged with whilst exposed to
Vibrio spp. pathogens resulting in disease should be collated to help better understand
if particular behaviours are associated with elevated risk of infection or the most severe
health outcomes such as sepsis or death. For example, it might be helpful to understand
to what extent fishing activity versus swimming increases a person’s risk of aquiring a V.
vulnificus infection but obtaining these data is a challenge. Within the confirmed
waterborne V. vulnificus COVIS data subset used in this thesis, about 20% of entries
include a specific statement on the presumed route of transmission such as “scraped
arm on crab trap” or “cut by catfish spine”. Yet even of these cases, many statements
are vague or incomplete, e.g., “lives next to sea” and “slipped”. Having access to this
information would be valuable for identifying groups of people to target for V. vulnificus

interventions.

6.3.3 Climate change attribution of Vibrio vulnificus infection

emergence along Northeast United States coastline

The emergence of Vibrio spp. infections in Northern Europe was attributed to anomalous
sea surface temperatures that arose as a consequence of climate change due to the
strong similarity in the spatial and temporal patterns of temperatures and disease
emergence (Baker-Austin et al., 2013; Ebi et al., 2017). Future work could include an
attribution study to determine the role of climate change in the emergence of V. vulnificus
wound infections along the northeast coastline of the US. Detection and attribution
studies for health-related outcomes such as Vibrio spp. disease are highly important for
many reasons. From a financial perspective, demonstrating the link between climate
change and particular poor health outcomes can aid in loss and damage calculations as
well as open up sources of funding reserved for climate change related issues (Ebi et
al., 2020). The further benefit of attributing health impacts to climate change includes an
increase in the general public’s understanding that climate change is affecting health
now and it is not just a problem for tomorrow, boosting the significance of climate action
(Ebi et al., 2020).
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6.4 Contribution of the thesis to the field

This thesis includes one of the first studies to explore the changing spatial distribution of
V. vulnificus wound infections on the east coast of the US over a three-decade historical
period. Temperature-sensitive V. vulnificus, is considered a ‘microbial barometer of
climate change’ (Baker-Austin et al., 2017); research into changes in the spatial
distribution of such pathogens is crucial for further understanding the impacts of climate
change on the marine microbial community and human health. By mapping the historical
changes in V. wvulnificus risk, we have demonstrated the northwards expansion of
V. vulnificus wound infections through time, bringing together 30 years of data and, more
generally, highlighting the increasing burden of climate-sensitive diseases in a warming
world. Meanwhile, the predictions of future V. vulnificus risk along the Northeast coast of
the US provide incentive for greater awareness of V. vulnificus infections and their risk
factors amongst residents, visitors, and healthcare professionals. With these predictions
we also demonstrate the need for a reduction in greenhouse gas (GHG) emissions to
limit the burden of V. vulnificus infections on human health in the long term, as predictions
of risk diverged with climate change scenarios mostly in the far-future time period
(2081-2100). This is because even if GHG emissions were reduced now, stabilisation of
global temperature may still not occur for 20-30 years (IPCC, 2021), i.e., we have already
‘locked in’ a certain amount of warming. However, as the number of predicted infections
was also heavily influenced by the age structure and count of the population, this work
stresses the need for research to consider the intersection of demographic change and

V. vulnificus risk.

In 2023, higher than average SSTs have been recorded globally, including along US
coastlines (NOAA, 2023b). Fatalities from V. vulnificus infections have been reported in
Connecticut (CT DPH, 2023), New York (Governor Kathy Hochul, 2023) and North
Carolina (NCDHHS, 2023). This has prompted the US CDC to issue an official health
advisory to warn citizens of the risk of V. vulnificus infections associated with warm
coastal waters (CDC, 2023). Chapter 3 (Archer et al., 2023) has been cited in this official
advisory, therefore part of the thesis has already supported public health awareness
efforts in the US. Further, press attention surrounding the study has potentially increased
awareness of V. vulnificus more generally in the US and Canada, as well as an

awareness of climate change’s impact on the marine environment and human health.

Using the same CDC dataset, the second modelling study presented in this thesis

(Chapter 4) explores the drivers of V. vulnificus wound infection occurrence at a weekly
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timescale for Gulf of Mexico states. This analysis demonstrated the strength in the
seasonality of V. vulnificus infections within this region. The importance of temperature
as an environmental driver of weekly infections compared to other environmental factors
was supported but weekly temperature was not essential to the generation of a good
predictive model which already contained a seasonal component (i.e., month). This not
only demonstrates how predictable the occurrence of V. vulnificus wound infections is in
the Gulf of Mexico region, but it also highlights the potential accuracy of an early warning

system using a model only containing seasonal components in this location.

Challenges resulting from studying a low probability, high impact form of infection have
been confronted and discussed throughout this thesis. Both Chapter 3 and Chapter 4
tailored the modelling methodologies used to V. vulnificus wound infections. The
methods detailed in these chapters may be of use to researchers wishing to study other
diseases with similar characteristics. Further to the methodologies, the importance of
using high quality environmental and epidemiological datasets, especially when the

frequency of infection cases is low, is highlighted by this work.

To improve the understanding of Vibrio spp. abundance and its environmental drivers in
the UK, an ecological sampling study (Chapter 5) was conducted. Analysis of Vibrio spp.
abundance in UK waters is rare so this work has helped to develop current knowledge
of Vibrio spp. in a hotspot location. MALDI-TOF MS was used to aid rapid identification
of a large collection of isolates recovered, supporting its potential future use in
Vibrio spp. monitoring efforts. Multiple potentially pathogenic Vibrio species were
isolated. These findings suggest the need for further investigation of Vibrio spp. in UK

waters.

The impacts of climate change on microorganisms are not well documented nor widely
discussed (Cavicchioli et al., 2019). Yet, human infections caused by Vibrio spp.
pathogens offer a tangible indicator of marine microbial communities facing
environmental change (Baker-Austin et al., 2017) and therefore could be considered a

vehicle for increased understanding of the link between environment and health.
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Table S1 Global Climate Models (GCMs) used in this study.

Model Name

Institution(s)

Main Reference(s)

AWI-CM-1-1-MR

Alfred Wegener Institute

(Semmler et al., 2020)

BCC-CSM2-MR

Beijing Climate Center

(Xin et al., 2018)

CNRM-CM6-1

Centre National de Recherches
Meteorologiques and Centre Europeen de
Recherche et Formation Avancees en

Calcul Scientifique

(Voldoire, 2018;
Voldoire et al., 2019)

CNRM-ESM2-1

Centre National de Recherches
Meteorologiques and Centre Europeen de
Recherche et Formation Avancees en

Calcul Scientifique

(Séférian et al., 2019)

CanESM5

Canadian Center for Climate Modelling and

Analysis

(Swart et al., 2019)

IPSL-CM6A-LR

Institut Pierre-Simon Laplace Climate

Modelling Centre

(Boucher et al., 2020)

MIROC-ES2L

Japan Agency for Marine-Earth Science
and Technology; Atmosphere and Ocean
Research Institute, The University of Tokyo;
National Institute for Environmental
Studies; RIKEN Center for Computational

Science

(Hajima et al., 2020)

MIROCG6

Japan Agency for Marine-Earth Science
and Technology; Atmosphere and Ocean
Research Institute, The University of Tokyo;
National Institute for Environmental
Studies; RIKEN Center for Computational

Science

(Tatebe et al., 2019)
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Table S2

Length of coastline where V. vulnificus infections are present (thousand

km) population at risk (millions), percentage of population aged = 60 and estimated

annual number of V. vulnificus cases under CMIP6 Shared Socioeconomic Pathways
SSP126, SSP245, SSP370 and SSP585. Values are for the tmean model and are the

ensemble mean from seven global climate models and the minimum and maximum

estimates are given in square brackets.

Percentage of

Coastline where ) ) Estimated
) ] Total projected projected
) ) ) infections are ) ) ) annual total
Scenario  Time Period population at risk population at
present . ] number of
(millions) risk aged 260
(thousands of km) cases
years (%)
Baseline 2007 - 2018 10.0 61.0 16.9 61
2021 - 2040 10.9[10.7 - 11.1] 86.7 [83.6 - 94.4] 27.2[27.2-27.2] 106 [102-115]
2041 - 2060 11.1[10.8-11.3] 106.6 [94.8-120.7] 32.5[32.7-32.4] 145 [130-164]
SSP126
2061 - 2080 11.1[10.9-11.4] 119.8 [109.1 - 132.6] 43.0[43.2-42.9] 196 [179-216]
2081 - 2100 11.1 [10.8-11.3] 124.1[108.4-138.3]  43.1 [43.3-42.9] 204 [178-228]
2021 - 2040 10.9[10.7 - 11.1] 85.4 [80.1 - 93.6] 26.3[26.3-26.2] 102 [95-112]
2041 - 2060 11.3[11.1-11.5] 109.7 [105.0 - 118.2] 30.1[30.1-30.0] 142 [136-153]
SSP245
2061 - 2080 11.5[11.3-12.0] 125.4[121.5-134.1] 38.8[38.8-38.7] 192 [186-204]
2081 - 2100 11.7 [11.4 - 12.2] 136.0[134.5-140.9] 38.7[38.8-38.7] 208 [205-215]
2021 - 2040 10.8[10.7 - 11.2] 78.4[72.0 - 92.6] 27.0 [27.0-27.0] 95 [88-113]
2041 - 2060 11.3[10.9-11.9] 89.1[76.9-99.9] 31.4[31.5-31.3] 120 [104-135]
SSP370
2061 - 2080 11.7 [11.3 - 12.5] 94.4[92.9 - 98.0] 41.2 [41.2-41.1] 152 [149-158]
2081 - 2100 12.5[12.2-13.7] 88.0 [87.4-89.7] 41.1[41.1-40.8] 141 [141-143]
2021 - 2040 10.9 [10.7- 11.3] 93.5[88.8 - 106.5] 25.7[25.7-25.8] 110 [103-124]
2041 - 2060 11.5[11.3-12.1] 136.4[132.1 - 146.6] 28.9[28.9-28.8] 170 [165-182]
SSP585
2061 - 2080 12.2[11.9-12.8] 178.2[172.9-181.77] 35.2[35.2-35.2] 251 [244-257]
2081 - 2100 13.2[12.4 - 15.8] 212.4[209.6 - 223.7] 34.9[35.2-33.4] 298 [296-300]
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Table S3

As Table S2 but for the tmax model.

Percentage of

coastline ) ) Estimated
) ) Total projected projected
] ] ] infections are ) ] ) annual total
Scenario  Time Period population at risk population at
present o number of
(millions) risk aged 260
(thousands of km) cases
years (%)

Baseline 2007 - 2018 9.3 75.1 16.9 76

2021 - 2040 10.8[10.4 - 11.3] 102.0 [94.4 - 106.3] 27.3[27.2-27.4] 124 [115-131]

2041 - 2060 11.1[10.6-11.5] 120.5[113.9-126.3] 32.4 [32.5-32.4] 164 [156-172]
SSP126

2061 - 2080 11.2[10.9 - 11.6] 133.5[132.6-138.9] 42.9 [42.9-42.9] 218 [216-228]

2081 - 2100 11.1[10.7-11.6] 137.0 [123.2-144.8] 42.9 [43.1-42.9] 224 [202-237]

2021 - 2040 10.8[10.4 - 11.3] 98.7 [93.6 - 105.8] 26.3 [26.2-26.4] 117 [112-126]

2041 - 2060 11.3[10.8 - 11.8] 119.3[118.2-123.9] 30.0 [30.0-30.0] 154 [153-159]
SSP245

2061 - 2080 11.6[11.2 - 12.2] 132.5[128.7 - 135.8]  38.7 [38.8-38.7] 203 [197-208]

2081 - 2100 11.8[11.3 - 12.4] 140.3[135.1 - 146.1]  38.6 [38.7-38.0] 213 [207-218]

2021 - 2040 10.8[10.4 - 11.4] 95.2 [87.1 - 99.4] 27.0 [26.9-27.0] 116 [105-121]

2041 - 2060 11.4 [11.1-12.3] 98.9 [92.5-103.5] 31.3[31.4-31.3] 133 [125-140]
SSP370

2061 - 2080 12.0[11.4 - 13.1] 97.7 [93.0 - 103.4] 40.9 [41.2-39.6] 156 [149-160]

2081 - 2100 13.0 [11.8-16.5] 90.2 [87.4-92.5] 40.4 [41.1-39.6] 142 [141-144]

2021 - 2040 10.8[10.3 - 11.4] 108.9[100.2 - 117.5] 25.8[25.7-25.9] 128 [116-138]

2041 - 2060 11.6 [11.2 - 12.3] 143.5[140.0 - 149.0] 28.8 [28.8-28.9] 180 [174-187]
SSP585

2061 - 2080 12.411.7-14.4 183.4[177.9-191.5] 34.7 [35.2-33.5] 256 [251-258]

2081 - 2100 14.4[12.3 - 19.1] 220.4[209.6 - 224.2]  33.8[35.2-33.3] 299 [296-300]
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Table S4

Length of coastline at risk (thousands km) population (millions) within 200

km of predicted V. vulnificus risk, percentage of population aged = 60 and estimated

annual number of V. vulnificus cases under CMIP6 Shared Socioeconomic Pathways
SSP126 and SSP370 assuming no shift in the distribution of V. vulnificus (95" percentile

latitude of cases: ~40°N).

Percentage of

Length of Total projected ) Estimated
) ) ) . projected
] Time coastline at risk population at ) annual total
Model Scenario ) ) ) population at
Period (in thousands risk ) number of
) o risk aged 260
of km) (in millions) cases
years (%)
Baseline 2007 — 2018 10.8 59.3 19.0 59
No Change 2041-2060 10.8 73.3 32.9 101
in the SSP126
distribution 2081-2100 10.8 83.3 43.6 138
of
V. vulnificus 2041-2060 10.8 59.3 31.7 80
SSP370
2081-2100 10.8 50.0 41.7 81
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Figure S1 Boxplot of mean monthly salinity concentration (PSU) for every 25 km x

25 km coastal grid cell in the study area 2007-2014 subdivided by state.
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Figure S2 Tmean model prediction of V. vulnificus human wound infection risk
averaged across seven CMIP6 global climate models between 2021 — 2040 under
CMIP6 Shared Socioeconomic Pathway (SSPs) SSP126, SSP245, SSP370 and
SSP585.
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@ Baseline (2007-2018) Prediction @ Future Prediction

Vibrio vulnificus Risk

Figure S3 As Figure S2 but for 2041 — 2060.
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@ Baseline (2007-2018) Prediction @ Future Prediction

Vibrio vulnificus Risk

Figure S4

As Figure S2 but for 2061 — 2080.
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@ Baseline (2007-2018) Prediction @ Future Prediction

Vibrio vulnificus Risk

Figure S5

As Figure S2 but for 2081 — 2100.
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@ Future Prediction

@ Baseline (2007-2018) Prediction

Vibrio vulnificus Risk

Figure S6 Tmax model prediction of V. wvulnificus human wound infection risk
averaged across seven CMIP6 global climate models between 2021 — 2040 under
CMIP6 Shared Socioeconomic Pathway (SSPs) SSP126, SSP245, SSP370 and
SSP585.
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Vibrio vulnificus Risk

Figure S7

As Figure S6 but for 2041 — 2060.
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As Figure S6 but for 2061

Figure S8
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@ Baseline (2007-2018) Prediction @ Future Prediction

Vibrio vulnificus Risk

Figure S9

As Figure S6 but for 2081 — 2100.
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Figure S10 Top: Storm track of Hurricane Katrina, August 2005, with county-level
reports of V. vulnificus wound infections for 2005 following Hurricane Katrina (23/08/2005
onwards). Bottom: Total weekly V. vulnificus wound infection case numbers for Gulf

Coast States (stacked). Only infections reported within 200 km of the coast are included.
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Figure S11  Monthly chlorophyll-a and zooplankton biomass with number of
V. vulnificus wound infections for US Gulf Coast states averaged over 1993-2018 time-
period. Environmental means are weighted by population count within 200 km of the
coast.
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Table S5 Initial model sets predicting incidence of V. vulnificus infection in a given
week based on highest Akaike weight (w;). Results shown for a sea surface temperature
(sst) model set and air temperature (temp) model set, which each contain 63 possible
combinations of environmental variables. Model sets include a ‘null’ model (intercept and
random effect of US state only) and ‘baseline’ model which contains variables present in
all environmental models. K indicates the number of parameters in each model. Model
results were generated for and averaged over 100 random subsets of the dataset: AIC
corrected for large K relative to sample size (AIC.), difference in AIC. from the best model
(&), area under the ROC curve (AUC) and Akaike weight (w).

Rank Mean (n = 100)
Modela b
(n =65) K AICc A AUC Wi

Sea surface temperature set

1 sst weekmean 18 765.696 1.153 0.818 0.053
2 sst weekmax 18 766.054 1.511 0.818 0.051
3 sst weekmean + totprec weekmean 19 766.436 1.893 0.818 0.037
4 sst weekmin 18 766.666 2.124 0.818 0.036
5 sst weekmax + totprec weekmean 19 766.679 2.136 0.818 0.036
6 sst weekmean + totprec weekmax 19 766.654 2.111 0.818 0.033
7 sst weekmax + totprec weekmax 19 766.888 2.345 0.818 0.032
8 sst weekmean + totprec weekmin 19 767.014 2.471 0.817 0.028
9 sst weekmax + totprec weekmin 19 767.379 2.836 0.817 0.027
10 sst weekmin + totprec weekmean 19 767.451 2.908 0.818 0.027
11 sal weekmin + sst weekmean 19 767.124 2.581 0.816 0.026
12 sal weekmin + sst weekmax 19 767.478 2.935 0.816 0.026

aAll environmental models and the baseline model contain a random effect for US state, 3™ order polynomial
terms of year, dummy month variables and binary term for whether it is a public holiday (state or federal)
or not. PPredictor labels: weekmin = weekly minimum, weekmean = weekly mean, weekmax = weekly
maximum, sst = sea surface temperature (°C), temp = air temperature (°C), sal = salinity (PSU),
totprec = total precipitation (mm).
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Table S5 continued...

Rank Mean (n = 100)
Modela P
(n =65) K AlCc A AUC wi
13 sal weekmax + sst weekmean 19 767.133 2.590 0.817 0.026
14 sal weekmax + sst weekmax 19 767.452 2.909 0.817 0.025
15 sal weekmean + sst weekmean 19 767.169 2.626 0.817 0.025
16 sal weekmean + sst weekmax 19 767.508 2.965 0.817 0.025
17 sst weekmin + totprec weekmax 19 767.680 3.137 0.818 0.023
18 sst weekmin + totprec weekmin 19 767.974 3.432 0.817 0.021
19 sal weekmax * sstweekmean *0IpreC 0 767.866 3323  0.817 0018
20 sal weekmax + sst weekmin 19 768.118 3.575 0.817 0.018
21 sal weekmin + sst weekmin 19 768.116 3.573 0.816 0.018
22 sal weekmax + sstweekmax +10P/eC 50 768065 3523 0817 0.018
23 \fva;e"l‘ifne:;'” *sstweekmean +10preC 5, 767887 3344 0817 0017
24 sal weekmean + sst weekmin 19 768.154 3.611 0.817 0.017

25 sal weekmean + sst weekmean + 20 767.911 3368  0.817 0.017
totprec weekmean

sal weekmin + sst weekmax + totprec

26 20 768.121 3.578 0.816 0.017
weekmean

27 sal weekmean + sst weekmax + totprec 20  768.129 3.586 0817 0.017
weekmean

28 sal weekmax + sst weekmean + totprec 20  768.099 3.556 0.817 0.016
weekmax

29 sal weekmin + sst weekmean + totprec 20 768.102 3.560 0.816 0.016
weekmax

30 sal weekmin + sst weekmax + totprec 20 768.329 3.786 0816 0.015
weekmax

31 sal weekmax + sst weekmax + totprec 20  768.294 3751 0817 0015

weekmax

aAll environmental models and the baseline model contain a random effect for US state, 3" order
polynomial terms of year, dummy month variables and binary term for whether it is a public holiday (state
or federal) or not. PPredictor labels: weekmin = weekly minimum, weekmean = weekly mean, weekmax =
weekly maximum, sst = sea surface temperature (°C), temp = air temperature (°C), sal = salinity (PSU),
totprec = total precipitation (mm).
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Table S5 continued...

Rank Mean (n = 100)
Model2 b
(n =65) K AICc A AUC wi

sal weekmean + sst weekmean +
32 totprec weekmax 20 768.135 3.593 0.817 0.015

sal weekmean + sst weekmax + totprec

33 20 768.347 3.804 0.817 0.015
weekmax

34 sal Wegkmln + sst weekmean + totprec 20  768.452 3.909 0.815 0014
weekmin

35 sal weekmin + sstweekmax +totpreC 54 768913 4270 0815 0.013
weekmin

36 sal weekmax + sstweekmax + totprec 5, 768778 4235 0816 0.013
weekmin

37 sal weekmax + sst weekmean + tOlpreC 4,58 454 3911 0816 0.013
weekmin
sal weekmax + sst weekmin + totprec

38 weekmean 20 768.895 4.352 0.817 0.013
sal weekmean + sst weekmean +

39 totprec weekmin 20 768.494 3.952 0.816 0.013

40 SEL BEELOTEEN - CElNBRIIRCHEWRE  op  Zemeng  sgep  GE0 G609
weekmin

41 sal weekmin + sst weekmin + totprec 20 768919 4376 0817 0.012
weekmean

42 sal weekmean + sst weekmin + totprec 20  768.938 4.395 0817 0012
weekmean

43 sal weekmax + sstweekmin +fotprec 5, 259139 4597 0817 0.011
weekmax

44 sell I ANy - SHHERUIT & BIIEE 20 769.147 4604 0816 0.011
weekmax

45 sal weekmean + sst weekmin + totprec 20  769.175 4632 0817 0.011
weekmax

46 sal Wee_kmln + sst weekmin + totprec 20  769.433 4.890 0.815 0.010
weekmin

47 sal Wee_kmax + sst weekmin + totprec 20 769.429 4.886 0.816 0.010
weekmin

48 sal Wee_kmean + sst weekmin + totprec 20  769.469 4.927 0.816 0.010
weekmin

49 baseline model 17 778.148 13.606 0.816 0.002

50 totprec weekmean 18 778.204 13.661 0.817 0.001

aAll environmental models and the baseline model contain a random effect for US state, 3 order polynomial
terms of year, dummy month variables and binary term for whether it is a public holiday (state or federal) or
not. PPredictor labels: weekmin = weekly minimum, weekmean = weekly mean, weekmax = weekly
maximum, sst = sea surface temperature (°C), temp = air temperature (°C), sal = salinity (PSU), totprec =
total precipitation (mm).
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Table S5 continued...

Rank Mean (n = 100)
Model P
(n = 65) K AICc A AUC  wi
51 sal weekmax 18 778.815 14.273 0.817 0.001
52 totprec weekmax 18 778.400 13.858 0.817 0.001
53 sal weekmean 18 779.103 14.560 0.817 0.001
54 sal weekmax + totprec weekmean 19 778.823 14.280 0.817 0.001
55 sal weekmin 18  779.406 14.864 0.816 0.001
56 sal weekmax + totprec weekmax 19 779.094 14.551 0.817 0.001
57 totprec weekmin 18 779.487 14.945 0.815 0.001
58 sal weekmean + totprec weekmean 19 779.094 14.552 0.817 0.001
59 sal weekmean + totprec weekmax 19 779.349 14.806 0.817 0.001
60 sal weekmin + totprec weekmean 19 779.392 14.849 0.817 0.001
61 sal weekmin + totprec weekmax 19 779.628 15.085 0.817 0.001
62 sal weekmax + totprec weekmin 19 780.151 15.609 0.816 0.001
63 sal weekmean + totprec weekmin 19 780.446 15.903 0.816 0.001
64 sal weekmin + totprec weekmin 19 780.755 16.212 0.815 0.000
65 null model 2 988.338 223.795 0.646 0.000

Air temperature set

1 temp_weekmean 18 765.875 1.099 0.817 0.074
2 temp_weekmin 18 766.275 1.500 0.818 0.065
3 temp_weekmean + totprec_weekmin 19 767.066 2.290 0.816 0.043

2All environmental models and the baseline model contain a random effect for US state, 3™ order
polynomial terms of year, dummy month variables and binary term for whether it is a public holiday (state
or federal) or not. "Predictor labels: weekmin = weekly minimum, weekmean = weekly mean, weekmax =
weekly maximum, sst = sea surface temperature (°C), temp = air temperature (°C), sal = salinity (PSU),

totprec = total precipitation (mm).
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Table S5 continued...

Rank Mean (n = 100)
Modela P
(n =65) K AICc A AUC  wi
4 temp_weekmean + totprec_weekmax 19 767.100 2.324 0.817 0.040
5 sal_weekmax + temp_weekmean 19 767.147 2.371 0.817 0.039
6 temp_weekmean + totprec_weekmean 19 767.118 2.342 0.817 0.039
7 temp_weekmin + totprec_weekmin 19 767.561 2.786 0.817 0.037
8 sal_weekmin + temp_weekmean 19 767.294 2.519 0.816 0.037
9 sal_weekmean + temp_weekmean 19 767.265 2.490 0.816 0.037
10 temp_weekmin + totprec_weekmean 19 767.556 2.781 0.818 0.036
11 temp_weekmin + totprec_weekmax 19 767.563 2.787 0.818 0.035
12 sal_weekmax + temp_weekmin 19 767.564 2.789 0.818 0.034
13 sal_weekmean + temp_weekmin 19 767.678 2.902 0.818 0.031
14 sal_weekmin + temp_weekmin 19 767.718 2.942 0.817 0.030

sal_weekmin + temp_weekmean +

15 . 20 768.498 3.723 0.815 0.022
totprec_weekmin

16 SE_TEEIMER > 27, BEEImeEn & 20 768.380  3.605 0.816 0.022
totprec_weekmin

17 sal_weekmean _+ temp_weekmean + 20  768.488 3.713 0815 0021
totprec_weekmin

18 sal_weekmax + temp_weekmean + 20  768.385 3.609 0817 0021
totprec_weekmax

19 sal_weekmax + temp_weekmean + 20  768.381 3.605 0817 0021
totprec_weekmean

20 sal_weekmin + temp_weekmean + 20  768.521 3.745 0816 0.020
totprec_weekmax

21 sal_weekmean + temp_weekmean + 20 768.494 3718  0.816 0.020
totprec_weekmax

22 sal_weekmax + temp_weekmin + 20  768.882 4106 0817 0019

totprec_weekmin

apll environmental models and the baseline model contain a random effect for US state, 3™ order polynomial
terms of year, dummy month variables and binary term for whether it is a public holiday (state or federal)
or not. PPredictor labels: weekmin = weekly minimum, weekmean = weekly mean, weekmax = weekly
maximum, sst = sea surface temperature (°C), temp = air temperature (°C), sal = salinity (PSU),
totprec = total precipitation (mm).
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Table S5 continued...

Rank Mean (n = 100)
Model2 b
(n =65) K AICc A AUC Wi

sal_weekmin + temp_weekmean +

23 20 768.537 3.762 0.816 0.019
totprec_weekmean

24 sal_weekmean + temp_weekmean + 20 768.502 3.726 0816 0.019
totprec_weekmean

25 sal_weekmax + temp_weekmin + 20 768.841  4.066  0.818 0.019
totprec_weekmean

26 LV ISRl ] VA s 20 768.868  4.092  0.818 0.018
totprec_weekmax

27 sal_weekmean +temp_weekmin + 20 768.993 4217  0.817 0.018
totprec_weekmin
sal_weekmin + temp_weekmin +

28 totprec_weekmin 20  769.020 4.244 0.816 0.017
sal_weekmean + temp_weekmin +

29 totprec_weekmean 20 768.957 4,181 0.817 0.017
sal_weekmin + temp_weekmin +

30 totprec_weekmean 20 769.001 4.225 0.817 0.016

31 sal_weekmean + temp_weekmin + 20 768974 4198  0.817 0.016
totprec_weekmax

32 el e Sl Ul Lo ke 20 769.009 4234 0817 0016
totprec_weekmax

33 temp_weekmax 18 771.492 6.716 0.816  0.009

34 temp_weekmax + totprec_weekmax 19 772.361 7.586 0.816 0.006

35 temp_weekmax + totprec_weekmin 19 772.648 7.873 0.815 0.006

36 sal_weekmax + temp_weekmax 19 772.539 7.763 0.816  0.005

37 temp_weekmax + totprec_weekmean 19 772.385 7.610 0.816  0.005

38 sal_weekmean + temp_weekmax 19 772.738 7.963 0.816  0.005

39 sal_weekmin + temp_weekmax 19 772.889 8.114 0.815 0.005

40 S| RSN & (i TS SEss 20 773412 8636  0.816 0.003
totprec_weekmean

41 sal_weekmax + temp_weekmax + 20 773.433 8658  0.816 0.003

totprec_weekmax

apll environmental models and the baseline model contain a random effect for US state, 3" order polynomial
terms of year, dummy month variables and binary term for whether it is a public holiday (state or federal) or
not. PPredictor labels: weekmin = weekly minimum, weekmean = weekly mean, weekmax = weekly
maximum, sst = sea surface temperature (°C), temp = air temperature (°C), sal = salinity (PSU),
totprec = total precipitation (mm).
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Table S5 continued...

Rank Mean (n = 100)
Model? P
(n =65) K AIC: A AUC Wi
42 S| PO < (Emy WS 20 773759 8984  0.815 0.003
totprec_weekmin
43 sal_weekmean + temp_weekmax + 20 773609 8833  0.816 0.003
totprec_weekmean
44 L e A s b s 20 773616 8840  0.816 0.003
totprec_weekmax
45 sal_weekmean + temp_weekmax + 20  773.947 9171 0815 0003
totprec_weekmin
46 R g PR RS Sy 20 773757 8981  0.815 0.003
totprec_weekmax
sal_weekmin + temp_weekmax +
47 totprec_weekmean 20 773.765 8.989 0.815 0.003
sal_weekmin + temp_weekmax +
48 totprec_weekmin 20 774.077 9.301 0.814 0.003
49 baseline model 17 778.148 13.373 0.816 0.002
50 sal_weekmax 18 778.815 14.040 0.817 0.001
51 totprec_weekmax 18 778.400 13.625 0.817 0.001
52 totprec_weekmean 18 778.204 13.428 0.817 0.001
53 sal_weekmean 18 779.103 14.328 0.817 0.001
54 sal_weekmax + totprec_weekmean 19 778.823 14.047 0.817 0.001
55 sal_weekmax + totprec_weekmax 19 779.094 14.318 0.817 0.001
56 sal_weekmin 18 779.406 14.631 0.816 0.001
57 totprec_weekmin 18  779.487 14.712 0.815 0.001
58 sal_weekmean + totprec_weekmean 19 779.094 14.319 0.817 0.001
59 sal_weekmean + totprec_weekmax 19 779.349 14.573 0.817 0.001
60 sal_weekmin + totprec_weekmean 19 779.392 14.616 0.817 0.001

apll environmental models and the baseline model contain a random effect for US state, 3" order polynomial

terms of year, dummy month variables and binary term for whether it is a public holiday (state or federal) or

not. °Predictor labels: weekmin = weekly minimum, weekmean = weekly mean, weekmax

= weekly

maximum, sst = sea surface temperature (°C), temp = air temperature (°C), sal = salinity (PSU),

totprec = total precipitation (mm).
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Table S5 continued...

Rank

Mean (n = 100)

Model2 b
(n=65) K AlCc A AUC Wi
61 sal_weekmin + totprec_weekmax 19 779.628 14.853 0.817 0.001
62 sal_weekmax + totprec_weekmin 19 780.151 15.376 0.816 0.001
63 sal_weekmean + totprec_weekmin 19 780.446 15.670 0.816 0.001
64 sal_weekmin + totprec_weekmin 19 780.755 15.980 0.815 0.000
65 null model 2 988.338 223562 0.646 0.000

aAll environmental models and the baseline model contain a random effect for US state, 3™ order polynomial

terms of year, dummy month variables and binary term for whether it is a public holiday (state or federal) or

not. Predictor labels: weekmin = weekly minimum, weekmean = weekly mean, weekmax = weekly

maximum, sst = sea surface temperature (°C), temp = air temperature (°C), sal = salinity (PSU),

totprec = total precipitation (mm).
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Table S6 Standardised coefficient estimates (), standard errors, relative predictor
importance (Zw;) and 95% confidence intervals of coefficients shown. Each value is
averaged over all models in each model set (n = 65) and 100 random subsets of the

dataset. Confidence intervals that do not overlap O are highlighted in bold.

95% Cls

Rank Predictor? B SE Zwi
Lower Upper

Sea surface temperature set

1 sst weekmean 1.371 0.381 0.367 0.624 2.117
2 sst weekmax 1.346 0.379 0.359 0.602 2.089
3 sst weekmin 1.301 0.374 0.260 0.567 2.035
4 totprec weekmean -0.091 0.096 0.245 -0.278 0.097
5 totprec weekmax -0.079 0.098 0.217 -0.271 0.112
6 sal weekmax -0.113 0.249 0.200 -0.601 0.375
7 sal weekmin -0.010 0.254 0.198 -0.508 0.488
8 sal weekmean -0.073 0.254 0.193 -0.571 0.425
9 totprec weekmin -0.010 0.096 0.188 -0.199 0.179

Air temperature set

1 temp weekmean 1.137 0.322 0.494 0.505 1.769
2 temp weekmin 1.025 0.296 0.423 0.446 1.605
3 totprec weekmin 0.021 0.097 0.216 -0.170 0.212
4 sal weekmax -0.176 0.252 0.211 -0.669 0.318
5 totprec weekmean -0.067 0.096 0.205 -0.255 0.122
6 totprec weekmax -0.064 0.098 0.204 -0.255 0.128
7 sal weekmean -0.132 0.256 0.195 -0.634 0.369
8 sal weekmin -0.067 0.259 0.194 -0.574 0.439
9 temp weekmax 0.838 0.308 0.068 0.235 1.441

aPredictor labels: weekmin = weekly minimum, weekmean = weekly mean, weekmax = weekly
maximum, sst = sea surface temperature (°C), temp = air temperature (°C), sal = salinity (PSU),

totprec = total precipitation (mm).
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Table S9 Linear regression results air temperature ~ month (Gulf Coast).

Variable Estimate Stgr;rocl)a:rd t-value p-value
(Intercept) 20.72 0.10 199.60 <0.0001
Aug 7.16 0.15 49.19 <0.0001
Dec -6.19 0.15 -42.44 <0.0001
Feb -5.99 0.15 -40.21 <0.0001
Jan -7.53 0.15 -51.86 <0.0001
Jul 7.09 0.15 48.73 <0.0001
Jun 6.30 0.15 42.91 <0.0001
Mar -3.46 0.15 -23.78 <0.0001
May 3.69 0.15 25.39 <0.0001
Nov -2.81 0.15 -19.12 <0.0001
Oct 1.81 0.15 12.48 <0.0001
Sep 5.50 0.15 37.45 <0.0001

R?: 0.825
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Table S10 Linear regression results air temperature ~ month (Atlantic Coast).

Standard

Variable Estimate Error t-value p-value
(Intercept) 12.82 0.13 95.41 <0.0001
Aug 11.31 0.19 60.03 <0.0001
Dec -6.44 0.19 -34.09 <0.0001
Feb -8.25 0.19 -42.82 <0.0001
Jan -9.03 0.19 -48.05 <0.0001
Jul 11.81 0.19 62.67 <0.0001
Jun 9.19 0.19 48.38 <0.0001
Mar -5.08 0.19 -26.97 <0.0001
May 4.71 0.19 25.05 <0.0001
Nov -1.97 0.19 -10.36 <0.0001
Oct 3.28 0.19 17.46 <0.0001
Sep 8.50 0.19 44.73 <0.0001

R?:0.675

172



261

o4 p(8) = 0.82; p<0.01

22+

204

p(8) = 0.94; p<0.001

Temperature (°C)
s N R

a
oo
|

c
261
p(8) = 0.70; p<0.05
244
221
204
18+
a A A % % % c'b ® © ©
PN O S N S S S S S N
R RS © & & RS & o & RS
Date
— Water temperature — Air temperature

Figure S13 In situ water temperature and local air temperature from Visual Crossing

on sampling dates. Result of Spearman’s rank correlations between the two forms of
temperature shown for each site.
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Figure S14  Daily weather conditions near sites A-C including mean air temperature,
maximum air temperature and precipitation between 01/07/2022 to 30/09/2022 from
Visual Crossing. Dotted lines indicate the dates samples taken.
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Figure S15 Daily weather conditions near sites A-C including wind speed, solar
radiation, and cloud cover between 01/07/2022 to 30/09/2022 from Visual Crossing.
Dotted lines indicate the dates samples taken.
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Table S11 Example morphologies of Vibrio species on VID and TCBS media isolated
from coastal lagoon water during the study.

Vibrio alginolyticus on VID: “creamy”

A Creamy pink; mucoid; ~3-5 mm 22/072L

22/029L

22/255L
1
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Table S11 continued...

Vibrio alginolyticus on VID: “creamy”

D Dark blue; ~1-3 mm 22/045L

E Purple; ~2 mm 22/088L (Va PCR positive, 16S: Gromontia hollisae)

Vibrio alginolyticus on TCBS: “yellow”

F Yellow 22/073L
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Table S11 continued...

Vibrio alginolyticus on TCBS: “yellow”

G Creamy; translucent centre; filamentous margin 22/154L

H Yellow turning green 22/081L

Vibrio parahaemolyticus on VID: “pink”

| Dark pink; mucoid; ~1-2 mm 22/258L
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Table S11 continued...

Vibrio parahaemolyticus on VID: “pink”

G Pink; <1 mm 22/141L

AN

H Purple; <1 mm 22/233L

Vibrio parahaemolyticus on TCBS: “green”

I Green; ~2-4 mm 22/094L
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Table S11 continued...

Vibrio cholerae on VID: “bluish-green to green”

J Blue; <1 mm 22/071L

K  Pink; ~1 mm 22/157L

Vibrio cholerae on TCBS: “yellow”

L  Yellow; ~1 mm 22/219L
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Glossary

Bacteraemia?

(Liver) cirrhosis?

Endotoxic (septic)
shock, septicaemia,

systemic Infection?

Gastroenteritis?

Hemochromatosis?

Necrotising fasciitis?

Surgical debridement?®

IMedicineNet )

2NHS (www.nhs.uk)

Presence of live bacteria in the bloodstream, a form of

sepsis.

Irreversible scarring of the liver commonly caused by

alcohol consumption and viral hepatitis.

A life-threatening condition where the overreaction of the
immune system to infection causes damage to the body’s

own tissues and organs.

Inflammation of the stomach and bowel, caused by

infection.

An inherited disorder characterized by abnormally high
absorption of iron by the intestinal tract, resulting in
excessive storage of iron, particularly in the liver, skin,

pancreas, heart, joints, and testes.

Serious bacterial infection of subdermal tissue and

surrounding muscles and organs.

A procedure to remove all infected and dead tissue from a

skin wound.

SUCSF Department of Surgery (https://surgery.ucsf.edu)
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