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A number of emerging vector-borne diseases have the potential to be transmitted in the
UK by native mosquitoes. Human infection by some of these diseases requires the presence
of communities of multiple vector mosquito species. Mitigating the risk posed by these
diseases requires an understanding of the spatial distributions of the UK mosquito fauna.
Little empirical data is available from which to determine the distributions of mosquito
species in the UK. Identifying areas at risk from mosquito-borne disease therefore requires
statistical modelling to investigate and predict mosquito distributions.

This thesis investigates the distributions of potential vector mosquitoes in the UK at
landscape to national scales. A number of new methodological approaches for species distri-
bution modelling are developed. These methods are then used to map and understand the
distributions of mosquito communities with the potential to transmit diseases to humans.

Chapter 2 reports the establishment of substantial populations of the West Nile virus
(WNV) vector mosquito Culex modestus in wetlands in southern England. This represents
a drastic shift in the species’ known range and an increase in the risk of WNV transmission
where Cz. modestus is present.

Chapter 3 develops and applies a new species interaction distribution model which
identifies fish and ditch shrimp of the genus Palaemonetes as predators which may restrict
the distribution of the potential WNV vector community in these wetlands.

Chapter 4 develops a number of methods to make robust predictions of the probability
of presence of a species from presence-only data, by eliciting and applying estimates of the
species’ prevalence.

Chapter 5 introduces a new Bayesian species distribution modelling approach which
outperforms existing methods and has number of useful features for dealing with poor-
quality data.

Chapter 6 applies methods developed in the previous two chapters to produce the first
high-resolution distribution maps of potential vector mosquitoes in the UK. These maps
identify several wetland areas where vector communities exist which could maintain WNV
transmission in birds and transmit it to humans.

This thesis makes significant contributions to our understanding of the distributions of
UK mosquito species. It also provides methods for species distribution modelling which
could be widely applied in ecology and epidemiology.
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“C. pipiens is so common and widespread in Britain that a
compilation of its locality records would be of no scientific
interest.”
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Chapter 1

General introduction



Emerging vector-borne diseases

The last two decades have seen dramatic expansions in the global distributions of a
number of vector-borne diseases. These include the introduction and rapid spread
of West Nile virus (WNV) in North America (Hayes, 2001) and Bluetongue virus
(BTV) into southern and then northern Europe (Purse et al., 2005; Carpenter et al.,
2009) as well as outbreaks of chikungunya fever in Italy and dengue fever in France
(ECDC, 2007; La Ruche et al., 2010). The spread of these diseases has resulted in
human morbidity and mortality and severe economic losses (Wilson & Mellor, 2009).
Understanding the factors responsible for these changing distributions and predicting
future spread has become an important issue in global health research (Kilpatrick &
Randolph, 2012).

In many cases, spread of a pathogen to a new region follows shortly after the
introduction of an efficient vector (Reiter & Sprenger, 1987). Drastic increases in
the volume of global traffic in recent history have been identified as a major driver
of range expansions of vectors and the diseases they transmit (Tatem et al., 2006).
In other cases, such as the establishment of WNV in North America and BTV in
northern Europe, suitable vectors are already present in the region (Randolph &
Rogers, 2010). Explaining range shifts in these pathogens is less straightforward,
though climate change (Purse et al., 2005; Guis et al., 2012), land use change (Lambin
et al., 2010), socio economic factors (Randolph, 2010) and changes in disease control
(Hay et al., 2002) are all likely to play a role.

Whilst the complexity of these situations makes it almost impossible to predict the
arrival of specific diseases, the identification of areas at risk of disease establishment
and spread has received a great deal of focus (Medlock et al., 2007b; Hartemink et al.,
2009; Lindsay et al., 2010).



Spatial variation in disease risk

The ecology of vector-borne pathogens is complex. To persist they require not only
suitable environmental conditions for their own biological processes, but also the
presence and sufficient abundance of susceptible host and vector species. The spatial
distributions of such diseases are restricted to where all of these components coin-
cide (Reisen, 2010). As a result risk of vector-borne diseases tends to be spatially
heterogeneous (Bousema et al., 2012).

Identifying regions at risk from vector-borne diseases therefore requires an un-
derstanding of how the ecology of pathogens, hosts and vectors drives their joint
distributions (LoGiudice et al., 2003; Beketov et al., 2010; Ferguson et al., 2010) and

interactions.

Mosquito-borne disease risk in the UK

At present, no mosquito-borne diseases are thought to be transmitted to humans in
the UK (Medlock et al., 2007b). However several mosquito species present in the UK
have the potential to act as vectors of human pathogens and pose a risk to public

health (Ramsdale & Gunn, 2005; Medlock et al., 2005).

Malaria

Human malaria was previously transmitted in parts of the UK and may have been re-
sponsible for significant morbidity and mortality (Dobson (1980), though see Hutchin-
son & Lindsay (2006a)). It is unclear which of the human-infecting species of Plas-
modia were the responsible pathogens, though the salt-marsh mosquito Anopheles
atroparvus is widely considered to have been the vector (Dobson, 1980). Whilst much
of the UK may have climatic conditions suitable for the transmission of Plasmodium
vivaz (Lindsay & Thomas, 2001; Lindsay et al., 2010), transmission could only occur
where the anopheline vectors feed on humans at a relatively high rate. Current and

future risk of malaria is likely to be much lower than in the past, since the condi-



tions which led to high levels of human biting by An. atroparvus no longer occur
(Bruce-Chwatt & De Zulueta, 1980; Kuhn et al., 2003). Any transmission of malaria
would therefore be restricted to areas where human hosts coincide with abundant
populations of suitable anopheline vectors remote from preferred vertebrate hosts of

these vectors.

Arboviruses

The aedine mosquito species Aedes aegypti and Ae. albopictus are efficient vectors
of established and emerging mosquito-borne viruses of significant public health im-
portance (Reiter, 2010b) but are currently absent from the UK. However a number
of other arboviral infections of humans could be transmitted by native mosquitoes,
including WNV as well as the Sindbis (SV) and Tahyna (TV) viruses (Medlock et al.,
2007b) which are present in Europe.

WNV is responsible for periodic epidemics and epizootics in Europe, particularly
in the wetlands in the south of the continent (Pradier et al., 2008). During an outbreak
of the disease in Greece in 2010, 262 human cases were reported, resulting in 197 cases
of neuroinvasive disease and 33 deaths (Danis et al., 2011). SV and TV are thought
to produce milder symptoms and no fatalities have been reported from either disease
(Medlock et al., 2007b). However the difficulty in identifying the causes of viral
encephalitis cases make it problematic to establish their true burden (Davison et al.,
2003).

Neutralizing antibodies to both WNV and SV have been detected in wild birds
(Buckley et al., 2003) and sentinel chickens (Buckley et al., 2006) in the UK. Whilst
these findings suggest that enzootic cycles of these viruses may already be present,
confirmation of this by virus isolation has not so far been achieved.

These three pathogens share similar ecology, being maintained in an enzootic
cycle in birds by many of the same mosquito species (Lundstrom, 1994). Humans
and other mammals are essentially ‘dead-end’ hosts for these viruses, developing

an insufficient level of viraemia to reinfect mosquitoes (Bunning & Bowen, 2001).



Transmission to humans therefore requires both enzootic vectors which habitually
bite birds and sustain the enzootic cycle, and ‘bridge vectors’ which will bite both
birds and mammals, transmitting the viruses to susceptible human hosts (Reiter,

2010a).

Other public health concerns

Dirofilariasis (caused by the parasitic nematodes Dirofilaria immitis and D. repens)
is predominantly a disease of dogs, but is considered an emerging zoonotic infection
in southern Europe (Pampiglione et al., 2001; Genchi et al., 2005). The parasites can
be vectored by a wide range of common mosquito species (Svobodova & Misonova,
2005) and environmental conditions in southern and central England appear to be
suitable for extrinsic incubation (Medlock et al., 2007a). However human cases are
rare and typically result in only relatively mild pathology.

By far the most immediate public health consequence of UK mosquitoes is nui-
sance biting. Whilst mosquito bites can occur almost anywhere in the UK during
the summer months, major biting nuisance tends to highly localized in areas of large
populations of species such as Ochlerotatus detritus (Hutchinson & Lindsay, 2006b).
The Kent and Essex coasts have been the site of significant problems, with mosquito
biting rates of 200 per hour recorded (Ramsdale & Snow, 1995). Whilst mosquito
bites are a mild irritation in most cases, severe allergic reactions are not uncommon

(Malcolm, 2009).

Mosquito distributions

Most potential vector mosquitoes in the UK are rare by comparison with susceptible
human and avian hosts. Spatial variation in the risk of these diseases is therefore par-
ticularly dependent on the distributions of suitable vector mosquitoes. Consequently;,
identification of areas at risk from mosquito-borne disease depends on knowledge of
the distributions of potential vectors (Medlock et al., 2005). Mapping these distribu-

tions and understanding what drives them is essential to predicting and mitigating



risk from mosquito-borne disease.

Empirical data on the distributions of mosquito species in the UK comprise a
limited number of occurrence records. In order to map spatial variation in mosquito-
borne disease risk we therefore need to construct predictive models of their distribu-
tions. To accurately predict these distributions at a national scale requires methods to

account for the various sources of bias in the poor-quality occurrence data available.



Species distribution modelling

Species distribution models (SDMs) are a range of quantitative models of the spa-
tial distributions of one or more species. The ability of these models to produce
continuous maps of predicted distributions has led to their wide use in ecology and
related fields (Elith & Leathwick, 2009). Among other applications, SDMs have been
used to investigate ecological and evolutionary theories (Anderson et al., 2002; Hugall
et al., 2002), to aid wildlife conservation by identifying critical habitats for endangered
species (Elith & Leathwick, 2006) and even to detect new species (Raxworthy et al.,
2003). SDMs have also become widely used in public health to map the current and
potential distributions of diseases and their vectors (Rogers, 2006; Bhatt et al., 2013)
as well as incriminating potential hosts and vectors of emerging diseases (Peterson
et al., 2004; Purse et al., 2007) and identifying complex inter-species relationships in

disease ecosystems (Stephens et al., 2009).

Extensions

The most widely used approach to distribution modelling is to relate the presence
or absence of individuals of a species at a set of sites to environmental variables
measured at those sites. These models have been referred to as ‘niche’ models owing
to their basis in the Grinellian and Hutchinsonian concepts of niche (Grinnell, 1904;
Hutchinson, 1957; Warren, 2012).

In recent years however, a number of extensions to these SDMs have been de-
veloped (Guisan & Thuiller, 2005). Spatially explicit SDMs have been proposed
which account for non-environmental spatial correlation in distributions arising from
population processes (Gelfand et al., 2006; Kearney & Porter, 2009). Mechanistic,
process-based models have incorporated additional aspects of ecological theory into
SDMs (Dormann et al., 2012; Garcia-Valdés et al., 2013). Species-interaction distribu-
tion models have been developed which attempt to describe the distributions of entire

ecological communities by modelling biotic interactions between species (Ovaskainen



et al., 2010; Kissling et al., 2011; Wisz et al., 2013).

These extensions to the widely used SDM concept have great potential to expand
our understanding of ecology and identify the various drivers of species’ distributions.
Whilst these approaches have so far been little used by epidemiologists (though spatial
models are increasingly used, see e.g. Gething et al. (2006); Linard (2009)) they have

similar potential for public health research.

Practical issues

Whilst investigating the drivers of species’ distributions is a fundamental question
in both ecology and epidemiology, production of accurate distribution maps to guide
policy decisions is often the immediate aim. In many cases the only data available
from which to construct distribution maps are scarce and of variable quality, preclud-
ing the use of some of the more complex models described above. Consequently, the
more flexible and robust correlative SDM approaches are more applicable in many
cases and methods for dealing with the various sources of bias in the available data

are crucial.
Presence-only data

Often, the only available empirical information on the distribution of a species consists
of sites where the species has been recorded (Graham et al., 2004). Since these
presence-only data are far from the randomly-sampled presence-absence data required
to fit most statistical models to binary data, different approaches are needed. A
common approach is to augment occurrence data with randomly-sampled background
data (also referred to as pseudo-absence data) and apply a standard presence-absence
statistical model (Barbet-Massin et al., 2012). Unfortunately this approach violates
several assumptions of presence-absence statistical models and can lead to bias in
model predictions (Ward, 2007). In general, distribution maps generated using these
methods do not represent the probability that the species is present.

Recently, models have been proposed to generate predictions of probability of



presence using presence-background data (Ward et al., 2009; Phillips & Elith, 2011).
These approaches have yet to see widespread use, due to their novelty and the re-

quirement for an estimate of the species’ prevalence which can be hard to acquire

(Phillips & Elith, 2013).
Other forms of bias

Occurrence data used to fit SDMs is often collated from a variety of different sources.
These may include museum collections (Graham et al., 2004), records provided by
members of the public (Dickinson et al., 2012) or published scientific literature.
Records resulting from these sources are typically of variable quality and subject
to various forms of bias.

In many cases the occurrence data has spatial precision lower than that of the
gridded environmental data used to fit the model (Mcpherson et al., 2006). If this
is not accounted for, it can lead to regression dilution in model predictions (Frost &
Thompson, 2000; McInerny et al., 2011). Such occurrence data tend to be subject to
significant spatial bias in recording effort - individuals are more likely to be recorded
from some areas than others. This can bias model predictions towards the envi-
ronmental signature of recording effort, rather than of the species being considered
(Phillips et al., 2009).

Given the paucity of the data and potential implications of the resulting predic-
tions, a robust treatment of the uncertainties associated with such distribution maps

is desirable, though rarely implemented (Elith et al., 2002).



Aims and structure of the thesis

The aim of this thesis is to add to our understanding of the spatial distributions
of potential vector mosquitoes in the UK. To achieve this aim using the limited
empirical data available, there is a strong focus on the development of new methods

and approaches for modelling species’ distributions.

Structure

Chapter 2 reports the presence in southern England of substantial populations of
Culex modestus, an efficient vector of WNV not previously thought to be present in the
UK. The possible origins of these populations and the implications of its presence on
disease risk are discussed. In Chapter 3, a novel species interaction distribution model
is applied to larval survey data from wetland sites where populations of Cz. modestus
are established. This allows us to identify biotic interactions such as competition and
predation which may influence the distribution of the community of potential WNV
vector mosquitoes in these locations.

The rest of the thesis then focuses on applying SDMs to map and understand the
national-scale distributions of potential vector mosquitoes in the UK. Since the only
available data on broad-scale mosquito distributions in the UK consist of a limited
number of presence-only records, a number of new methods are developed to deal
with these issues. Chapter 4 develops a method to elicit accurate estimates of species’
prevalence from expert opinion and approaches to apply these estimates to produce
robust predictions of probability of presence from presence-only data. Chapter 5
introduces GRaF, a new Bayesian approach to SDM. A variety of useful features for
dealing with poor-quality data are demonstrated and the method is shown to have
higher predictive accuracy than existing models.

Chapter 6 combines the methods developed in Chapters 5 and 6 and applies
them to generate high resolution predicted distribution maps for potential vector

mosquitoes in the UK from presence only distribution data. These distribution maps

10



are combined to map the distributions of communities of potential avian arbovirus
vectors, identifying areas of greatest risk in the case of introduction of WNV, SV or
TV. Land cover correlates of the distributions of individual species and communities
are explored.

Finally, Chapter 7 provides a general discussion of the thesis and its implications

for species distribution modelling and future risk of mosquito-borne pathogens in the

UK.

Format

Chapters 2 to 6 have been prepared in the format of scientific journal articles, rather
than traditional thesis chapters. Chapter 2 has been published in the journal Parasites
& Vectors whilst the rest are yet to be published. The significant majority of each
chapter is my own work and author contributions are detailed on the title page of

each chapter.
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Abstract

Background: The risk posed to the United Kingdom by West Nile virus
(WNV) has previously been considered low, due to the absence or scarcity
of the main Culex sp. bridge vectors. The mosquito Culer modestus is
widespread in southern Europe, where it acts as the principle bridge vector
of WNV. This species was not previously thought to be present in the
United Kingdom.

Findings: Mosquito larval surveys carried out in 2010 identified substan-
tial populations of Cz. modestus at two sites in marshland in southeast
England. Host-seeking-adult traps placed at a third site indicate that the
relative seasonal abundance of Cx. modestus peaks in early August. DNA
barcoding of these specimens from the United Kingdom and material from

southern France confirmed the morphological identification.

Conclusions: Cx. modestus appears to be established in the North Kent
Marshes, possibly as the result of a recent introduction. The addition of

this species to the United Kingdom’s mosquito fauna may increase the

risk posed to the United Kingdom by WNV.
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Findings

Culex modestus is a competent laboratory vector of West Nile virus (WNV, Balenghien
et al. (2008)) and regularly bites birds, humans and horses in continental Europe
(Balenghien, 2006). This mosquito is considered the principle bridge vector of WNV
between birds and humans in the Camargue wetland, southern France and is thought
to have played a role in the transmission of WNV in the Danube delta, Caspian and
Asov sea deltas, and the Volga region in Russia (Poncon et al., 2007). It has also
been implicated in Tahyna and Lednice virus transmission in France and Slovakia
respectively (Lundstrom, 1994).

Cz. modestus is widely distributed in the Palaearctic region, the larvae inhabit
fresh to slightly saline water in irrigation channels, marshes and rice fields (Becker
et al., 2010). Prior to this report, the only record of this species in the United
Kingdom totalled three adults and ten larvae found in and around Portsmouth in

southern England in 1944-45 (Marshall, 1945).
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The Study

Mosquito surveys were carried out during 2010 in the North Kent Marshes, south-
east England (Fig. 3.1). Larval surveys were undertaken at two sites - Cliffe marshes
(Cliffe; 51°28°58” N 0°28’45” E) and Elmley National Nature Reserve (Elmley; 51°23’03” N
0°47’19”E) - in June, July and August. At each visit larvae were sampled twice us-
ing a 1 litre dipper at randomly located points along the edges of drainage ditches,
reed beds and pools. A total of 230 points were sampled, across an area of 3.83km?.
The relative seasonal abundance of host-seeking female mosquitoes was measured at
Northward Hill bird reserve (51°27°45”N 0°33’02”E) using a Mosquito Magnet trap
(Liberty plus model, American Biophysics, Rhode Island, USA). This site is bkm from
Cliffe and 18km from Elmley (Fig. 3.1A). The trap ran for four nights on alternate
weeks between April and October.

Larval and adult mosquitoes were identified morphologically using a range of keys
(Becker et al., 2010; Snow, 1990; Cranston et al., 1987; Lechthaler, 2005). To confirm
the morphological identification DNA barcodes of a subset of Cz. modestus specimens
from the North Kent Marshes (7 larvae, 10 adults) and the Camargue (3 adults) were
generated. A 709 bp fragment of the cytochrome ¢ oxidase subunit I (COI) was
amplified by PCR (Folmer et al., 1994) and sequenced. Cz. modestus COI barcodes
were compared to those obtained from CZz. pipiens specimens from the North Kent
Marshes (n = 3) and Somerset (n = 6) as well as 35 COI sequences downloaded from
GenBank. Phylogenetic analyses were carried out using MEGAS5 software (Tamura
et al., 2011).

In larval surveys 850 Cz. modestus of all stages were collected, along with Anophe-
les maculipennis s.1., Cz. pipiens s.1. and Culiseta annulata. At both sites Cx. mod-
estus was the second most abundant species after Cz. pipiens s.1., making up 44%
and 23% of the overall larval population sampled at Cliffe and Elmley respectively
(Table 2.1).
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Fig. 2.1: A) North-west Europe, showing locations where Culex modestus popu-
lations were detected in this study (white circles), the location of Cx. modestus
identified in southern England in 1944-5 (white triangle), and recent records
from Europe (black triangles; Francis Schaffner, personal communication and
articles cited here). All of these recent records date from the period 2004-2009
with the exception of the two northernmost French records, which date from
1995 and 1998. B) Thames Estuary area, showing locations where Cz. mod-
estus populations were detected in 2010 (white circles) and the locations of
international shipping terminals (black squares). To give an indication of the
size of the port, black squares are proportional to number of ships arriving
during May 2011: small squares 1-25 ships; medium squares 26-75 ships; large
squares 75-165 ships. Urban and semi-urban areas, as classified by the United
Kingdom Land Cover Map 2000, are coloured dark grey.
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Table 2.1: Numbers and proportions (given as %) of larvae collected from Cliffe marshes and Elmley National Nature Reserve

Month  Culex modestus %  Culex pipiens s.l. %  Culiseta annulata %  Anopheles maculipennis s.l. %

Cliffe marshes June 0 - 0 - 0 - 0 -
July 131 61 52 24 0o - 31 15

August 231 38 351 58 0o - 23 4

Total 362 44 403 49 0 - 54 7

Elmley NNR June 2 3 57 90 1 2 3 5
July 371 44 408 49 22 3 36 4

August 120 10 637 52 377 31 91 7

Total 493 23 1102 52 400 19 130 6

Table 2.2: Numbers and proportions (given as %) of adult female Cz. modestus collected at RSPB Northward Hill

14-18 June 12-16 July 26-30 July 09-13 Aug 23-27 Aug 06-10 Sept 20-24 Sept

Culex modestus 0 31 272 325 11 10 0
Total catch 0 120 281 350 40 49 21
% - 26 97 93 28 20 0
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A total of 649 adult female Cx. modestus were captured at Northward Hill between
12 July and 10 September, with a peak of 325 adults in the second week of August
(Table 2.2). Overall, Cz. modestus comprised 75% of the mosquitoes collected at
Northward Hill. Morphological identification of Cz. modestus was confirmed by
DNA barcoding and phylogenetic analyses. All the COI sequences from Cx. modestus

specimens form a discrete clade with high bootstrap support (Fig. 2.2).
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JN592731 Cx. madestus 15 Cliffe NKM UK*
JN592742 Cx. modestus 46 Northward Hill NKM UK*
| JNE92732 Cx. modestus 14 Cliffe NKM UK*
JN592745 Cx. medestus 49 Northward Hill NKM UK*
JNS§92744 Cx modestus 48 Northward Hill NKM UK*
[ INB92746 Cx. modestus 29 Camargue France*
| UN592747 Cx. modestus 35 Camargue France*
JN592735 Cx. modestus 19 Cliffe NKM UK*
|INS92723 Cx. modestus 02 Elmley NKM UK*
JN592728 Cx. modestus 11 ElImley NKM UK*
JN592729 Cx. maodestus 22 Elmley NKM UK*
JN592725 Cx. modestus 07 Elmley NKM UK*
JN592730 Cx. modestus 23 Elmley NKM UK*
JN582733 Cx. modestus 16 Cliffe NKM UK*
( JN592727 Cx modestus 09 Elmley NKM UK*
L JN592743 Cx. modestus 47 Northward Hill NKM UK*
99 JN592724 Cx. modestus 03 Elmley NKM UK*
JN592748 Cx. modestus 41 Camargue France*
JN§92726 Cx. modestus 08 ElImley NKM UK*
JN582734 Cx. modestus 18 Cliffe NKM UK*
FM177758 Cx. modestus Volgograd Russia
90| JNB82749 Cx. pipiens 05 Elmley NKM UK*
JNB92750 Cx. pipiens 83 Somerset UK*
FN395191, FN395195-6, FN395198-200 Cx. forrentium Russia
FN395197 Cx. forrentium Russia
LAM403477 Cx. torrentium Russia
FN395186, FN395190 Cx. pipfens pipiens Russia
r AM403492, FN395171-FN395180 Cx. pipfens molestus Russia
rJN592739 Cx. pipiens 3858 Somerset UK*
77 GU908074 Cx. pipiens pipiens Canada
JNB92736 Cx. pipfens 12 Elmley NKM UK*
JNB92737 Cx. pipfens 3854 Somerset UK*
JNB92738 Cx. pipfens 3855 Somerset UK*
JNB92740 Cx. pipiens 85 Somerset UK*
JNB92741 Cx. pipfens 86 Somerset UK*
FM177757, FN395203, FN395206 Cx. pipiens pallens Japan
AMA03476, FN395181-5, FN3951887-2 Cx. pipiens pipiens Russia
HQ398885 Cx. tritaeniorhynchus Thailand

—

0.02

Fig. 2.2: Phylogenetic maximum-likelihood tree of COI sequences (603 bp)
from Culez modestus (North Kent Marshes (NKM) specimens in boldface) and
other representatives of the Culex genus estimated using the T92+1"4+1 model of
nucleotide substitution, which was selected by MODELTEST. Bootstrap values
are shown for the main clades only. The accession numbers and geographic
origin of the 35 GenBank downloads (which represent 10 unique sequences)
and COI barcodes generated in this study (asterisked) are shown. Scale bar
indicates nucleotide substitutions per site.
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Conclusions

Established populations of Cx. modestus have been reported from the Camargue
and Dombes wetlands in southern and central France (Pongon et al., 2007; Pradel
et al., 2009) as well as in wetlands in the Czech Republic (Votypka et al., 2008)
but the species is believed to be more widely distributed than this in Europe. Its
previous known northerly limit in Europe was in northern France (see Fig. 3.1A,
Francis Schaffner, personal communication) and Oostvardersplassen, the Netherlands
(Reusken et al., 2010). However these records comprise only a few specimens and it
is unclear whether there are established populations at these sites. The species was
not detected during a recent and intensive survey of the mosquito fauna of Belgium
(Van Bortel et al., 2009). Our finding demonstrates that established populations of
Cz. modestus are present in the United Kingdom and provides further support for
the existence of northern populations of the species.

It seems unlikely that Cz. modestus could have been present in the North Kent
Marshes for a long time without being detected. The mosquito fauna of the North
Kent Marshes are among the most well sampled in the United Kingdom, both by
amateur entomologists and by professionals engaged in mosquito control (Ramsdale
& Snow, 1995).

An extensive larval survey was carried out at Elmley in 2003 (Hutchinson, 2004).
This survey identified 95 sites containing An. maculipennis s.1. but did not detect
Cz. modestus. In the present larval survey Cz. modestus were found to be strongly
associated with An. maculipennis s.1.; being present in 73% of sites containing An.
maculipennis s.1. larvae. This suggests Cr. modestus was absent from this site in
2003. However the 2003 survey did not record any Cz. pipiens s.l. in An. maculipen-
nis s.1. positive sites, whilst they were present in 20% of such sites in the present
study; suggesting that the sampling strategy employed in 2003 may not have been
sensitive to culicines.

If these Cx. modestus populations were established recently, international shipping
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may well have been the route of introduction. International shipping has previously
been implicated in the introduction of mosquito species; including Cz. modestus to
China (Nie et al., 2004) and there are a high number of shipping terminals in the area
of the North Kent Marshes (see Fig. 3.1B).

A number of vectors and vector-borne diseases have undergone changes in their
geographic ranges in recent years, in response to varied biotic and abiotic environmen-
tal factors (Randolph & Rogers, 2010). There is some evidence that Cz. modestus
is extending its distribution in Europe, with speculation that this may be driven
by weather events or changes to wetlands (Pradel et al., 2009; Votypka et al., 2008).
Without detailed information on the previous and current distribution of this species,
however, it is unclear what role these factors might play.

A recent review of the potential vectors of WNV (Medlock et al., 2005) concluded
that the risk of human cases in the United Kingdom is low due to limited human
exposure to potential bridge vectors. However, the risk of transmission of WNV in
this part of Kent may be higher than previously supposed, as we have shown that
Cz. modestus populations exist alongside the potential WNV maintenance vector
Cx. pipiens s.l. at sites hosting many migratory and resident birds. Since human
population numbers in the North Kent Marshes are relatively low and little is known
of the dispersal range or host preferences of Cz. modestus in the United Kingdom, it
is difficult to quantify the significance of any change in risk to humans. It does seem
likely, however, that the risk posed to horses, which are often grazed in the North
Kent Marshes, will have increased. In light of this, and until the national distribution
of Cx. modestus is established, surveillance for WNV in the United Kingdom should
now focus on this part of Kent.

In summary, the discovery of populations of Cx. modestus in southern England
suggests a recent introduction of this species and provides further evidence for ex-
pansion of its geographic range. There is an associated increased risk posed to the

United Kingdom by WNV and other pathogens transmitted by Cz. modestus.
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Abstract

Background: The risk posed to the United Kingdom by West Nile virus (WNV) has previously been considered low,
due to the absence or scarcity of the main Culex sp. bridge vectors. The mosquito Culex modestus is widespread in
southern Europe, where it acts as the principle bridge vector of WNV. This species was not previously thought to
be present in the United Kingdom.

Findings: Mosquito larval surveys carried out in 2010 identified substantial populations of Cx. modestus at two sites
in marshland in southeast England. Host-seeking-adult traps placed at a third site indicate that the relative seasonal
abundance of Cx. modestus peaks in early August. DNA barcoding of these specimens from the United Kingdom
and material from southern France confirmed the morphological identification.

Conclusions: Cx. modestus appears to be established in the North Kent Marshes, possibly as the result of a recent
introduction. The addition of this species to the United Kingdom’s mosquito fauna may increase the risk posed to
the United Kingdom by WNV.

Keywords: Anopheles, Arboviruses, Culex, Culicidae, Disease Vectors, DNA Barcoding, Taxonomic, Introduced Spe-

cies, West Nile virus
.

Findings

Culex modestus is a competent laboratory vector of
West Nile virus (WNV, [1]) and regularly bites birds,
humans and horses in continental Europe [2]. This mos-
quito is considered the principle bridge vector of WNV
between birds and humans in the Camargue wetland,
southern France and is thought to have played a role in
the transmission of WNV in the Danube delta, Caspian
and Asov sea deltas, and the Volga region in Russia [3].
It has also been implicated in Tahyna and Lednice virus
transmission in France and Slovakia respectively [4].

Cx. modestus is widely distributed in the Palaearctic
region, the larvae inhabit fresh to slightly saline water in
irrigation channels, marshes and rice fields [5]. Prior to
this report, the only record of this species in the United
Kingdom totalled three adults and ten larvae found in

* Correspondence: nick.golding@zoo.ox.ac.uk

'Spatial Ecology and Epidemiology Group, Tinbergen Building, Department
of Zoology, University of Oxford, South Parks Road, Oxford OX1 3PS, UK
Full list of author information is available at the end of the article

( BiolVled Central

and around Portsmouth in southern England in 1944-45
[6].

The Study

Mosquito surveys were carried out during 2010 in the
North Kent Marshes, south-east England (Figure 1). Lar-
val surveys were undertaken at two sites - Cliffe marshes
(Cliffe; 51°28’58"N 0°28'45"E) and Elmley National Nat-
ure Reserve (Elmley; 51°23'03"N 0°47°’19"E) - in June,
July and August. At each visit larvae were sampled twice
using a 1 litre dipper at randomly located points along
the edges of drainage ditches, reed beds and pools. A
total of 230 points were sampled, across an area of 3.83
km?. The relative seasonal abundance of host-seeking
female mosquitoes was measured at Northward Hill bird
reserve (51°27°45"N 0°33'2"E) using a Mosquito Magnet
trap (Liberty plus model, American Biophysics, Rhode
Island, USA). This site is 5 km from Cliffe and 18 km
from Elmley (Figure 1A). The trap ran for four nights
on alternate weeks between April and October.

© 2012 Golding et al; licensee BioMed Central Ltd. This is an Open Access article distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/2.0), which permits unrestricted use, distribution, and reproduction in
any medium, provided the original work is properly cited.
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Kilometers
0 25 5

Figure 1 A) North-west Europe, showing locations where Culex modestus populations were detected in this study (white circles), the
location of Cx. modestus identified in southern England in 1944-5 (white triangle), and recent records from Europe (black triangles;
Francis Schaffner, personal communication and articles cited here). All of these recent records date from the period 2004-2009 with the
exception of the two northernmost French records, which date from 1995 and 1998. B) Thames Estuary area, showing locations where Cx.
modestus populations were detected in 2010 (white circles) and the locations of international shipping terminals (black squares). To give an
indication of the size of the port, black squares are proportional to number of ships arriving during May 2011: small squares 1-25 ships; medium
squares 26-75 ships; large squares 75-165 ships. Urban and semi-urban areas, as classified by the United Kingdom Land Cover Map 2000, are

L coloured dark grey.

Larval and adult mosquitoes were identified morpho-  Marshes (7 larvae, 10 adults) and the Camargue (3
logically using a range of keys [5,7-9]. To confirm the adults) were generated. A 709 bp fragment of the cyto-
morphological identification DNA barcodes of a subset  chrome c¢ oxidase subunit I (COI) was amplified by PCR
of Cx. modestus specimens from the North Kent [10] and sequenced. Cx. modestus COI barcodes were
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compared to those obtained from Cx. pipiens specimens
from the North Kent Marshes (n = 3) and Somerset (n
= 6) as well as 35 COI sequences downloaded from
GenBank. Phylogenetic analyses were carried out using
MEGADS5 software [11].

In larval surveys 850 Cx. modestus of all stages were
collected, along with Anopheles maculipennis s.l., Cx.
pipiens s.. and Culiseta annulata. At both sites Cx.
modestus was the second most abundant species after
Cx. pipiens s.., making up 44% and 23% of the overall
larval population sampled at Cliffe and Elmley respec-
tively (Table 1).

A total of 649 adult female Cx. modestus were cap-
tured at Northward Hill between 12 July and 10 Sep-
tember, with a peak of 325 adults in the second week of
August (Table 2). Overall, Cx. modestus comprised 75%
of the mosquitoes collected at Northward Hill. Morpho-
logical identification of Cx. modestus was confirmed by
DNA barcoding and phylogenetic analyses. All the COI
sequences from Cx. modestus specimens form a discrete
clade with high bootstrap support (Figure 2).

Conclusions

Established populations of Cx. modestus have been
reported from the Camargue and Dombes wetlands in
southern and central France [3,12] as well as in wet-
lands in the Czech Republic [13] but the species is
believed to be more widely distributed than this in
Europe. Its previous known northerly limit in Europe
was in northern France (see Figure 1A, Francis Schaff-
ner, personal communication) and Oostvardersplassen,
the Netherlands [14]. However these records comprise
only a few specimens and it is unclear whether there
are established populations at these sites. The species
was not detected during a recent and intensive survey
of the mosquito fauna of Belgium [15]. Our finding
demonstrates that established populations of Cx. mod-
estus are present in the United Kingdom and provides
further support for the existence of northern popula-
tions of the species.

Page 3 of 5

It seems unlikely that Cx. modestus could have been
present in the North Kent Marshes for a long time with-
out being detected. The mosquito fauna of the North
Kent Marshes are among the most well sampled in the
United Kingdom, both by amateur entomologists and by
professionals engaged in mosquito control [16].

An extensive larval survey was carried out at Elmley in
2003 [17]. This survey identified 95 sites containing An.
maculipennis s.l. but did not detect Cx. modestus. In the
present larval survey Cx. modestus were found to be
strongly associated with An. maculipennis s.l.; being pre-
sent in 73% of sites containing An. maculipennis sl. lar-
vae. This suggests Cx. modestus was absent from this
site in 2003. However the 2003 survey did not record
any Cx. pipiens s.l. in An. maculipennis s.. positive sites,
whilst they were present in 20% of such sites in the pre-
sent study; suggesting that the sampling strategy
employed in 2003 may not have been sensitive to
Culicines.

If these Cx. modestus populations were established
recently, international shipping may well have been the
route of introduction. International shipping has pre-
viously been implicated in the introduction of mosquito
species; including Cx. modestus to China [18] and there
are a high number of shipping terminals in the area of
the North Kent Marshes (see Figure 1B).

A number of vectors and vector-borne diseases have
undergone changes in their geographic ranges in recent
years, in response to varied biotic and abiotic environmen-
tal factors [19]. There is some evidence that Cx. modestus
is extending its distribution in Europe, with speculation
that this may be driven by weather events or changes to
wetlands [12,13]. Without detailed information on the pre-
vious and current distribution of this species, however, it is
unclear what role these factors might play.

A recent review of the potential vectors of WNV [20]
concluded that the risk of human cases in the United
Kingdom is low due to limited human exposure to
potential bridge vectors. However, the risk of transmis-
sion of WNV in this part of Kent may be higher than

Table 1 Numbers and proportions (given as %) of larvae collected from Cliffe marshes and Elmley National Nature

Reserve
Month Culex % Culex % Culiseta annulata % Anopheles maculipennis s.l. %
modestus pipiens s.I.
Cliffe marshes June 0 0 0 0
July 131 61 52 24 0 0 31 15
August 231 38 351 58 0 0 23 4
Total 362 44 403 49 0 0 54 7
Elmley NNR June 2 3 57 90 1 2 3 5
July 371 44 408 49 22 3 36 4
August 120 10 637 52 377 31 91 7
Total 493 23 1102 52 400 19 130 6




Golding et al. Parasites & Vectors 2012, 5:32
http://www.parasitesandvectors.com/content/5/1/32

Page 4 of 5

Table 2 Numbers and proportions (given as %) of adult female Cx. modestus collected at RSPB Northward Hill

14-18 June 12-16 July 26-30 July 09-13 August 23-27 August 06-10 September 20-24 September
Cx. modestus 0 31 272 325 1 10 0
Total catch 0 120 281 350 40 49 21
% - 26 97 93 28 20 0

previously supposed, as we have shown that Cx. modes-
tus populations exist alongside the potential WNV
maintenance vector Cx. pipiens s.l. at sites hosting many
migratory and resident birds. Since human population

JN592731 Cx. modestus 15 Cliffe NKM UK*
JN592742 Cx. modestus 46 Northward Hill NKM UK*
‘JN592732 Cx. modestus 14 Cliffe NKM UK*
JN592745 Cx. modestus 49 Northward Hill NKM UK*
JN592744 Cx modestus 48 Northward Hill NKM UK*
[ JN592746 Cx. modestus 29 Camargue France*
| UN592747 Cx. modestus 35 Camargue France*
JN5E92735 Cx. modestus 19 Cliffe NKM UK*
|JNE92723 Cx. modestus 02 Elmley NKM UK*
JN592728 Cx. modestus 11 Elmley NKM UK*
JN592729 Cx. modestus 22 Elmley NKM UK*
JNE92725 Cx. modestus 07 EImley NKM UK*
JNE92730 Cx. modestus 23 Elmley NKM UK*
JN592733 Cx. modestus 16 Cliffe NKM UK*
[ JN892727 Cx. modestus 09 Elmley NKM UK*
|- JNS92743 Cx. modestus 47 Northward Hill NKM UK*
99 JN5982724 Cx. modestus 03 Elmley NKM UK*
JN592748 Cx. modestus 41 Camargue France*
JN592726 Cx. modestus 08 Elmley NKM UK*
JN592734 Cx. modestus 18 Cliffe NKM UK*
FM177758 Cx. modestus Volgograd Russia
90, JN592749 Cx. pipiens 05 Elmley NKM UK*
JN592750 Cx. pipiens 83 Somerset UK*
FN395191, FN395195-6, FN395198-200 Cx. torrentium Russia
FN385197 Cx. torrentium Russia
LAM403477 Cx. torrentium Russia
FN395186, FN395190 Cx. pipiens pipiens Russia
AM403492, FN395171-FN395180 Cx. pipiens molestus Russia
JN592739 Cx. pipiens 3858 Somerset UK*
GU908074 Cx. pipiens pipiens Canada
JN592736 Cx. pipiens 12 Elmley NKM UK*
JINB92737 Cx. pipiens 3854 Somerset UK*
JN592738 Cx. pipiens 3855 Somerset UK*
JN592740 Cx. pipiens 85 Somerset UK*
JIN592741 Cx. pipiens 86 Somerset UK*
FM177757, FN395203, FN395206 Cx. pipiens pallens Japan
AM403476, FN395181-5, FN3951887-9 Cx. pipiens pipiens Russia
——— HQ398885 Cx. tritaeniorhynchus Thailand

|

0.02
Figure 2 Phylogenetic maximum-likelihood tree of COI
sequences (603 bp) from Culex modestus (North Kent Marshes
(NKM) specimens in boldface) and other representatives of the
Culex genus estimated using the T92+I'+I model of nucleotide
substitution, which was selected by MODELTEST. Bootstrap
values are shown for the main clades only. The accession numbers
and geographic origin of the 35 GenBank downloads (which
represent 10 unique sequences) and COIl barcodes generated in this
study (asterisked) are shown. Scale bar indicates nucleotide
substitutions per site.

numbers in the North Kent Marshes are relatively low
and little is known of the dispersal range or host prefer-
ences of Cx. modestus in the United Kingdom, it is diffi-
cult to quantify the significance of any change in risk to
humans. It does seem likely, however, that the risk
posed to horses, which are often grazed in the North
Kent Marshes, will have increased. In light of this, and
until the national distribution of Cx. modestus is estab-
lished, surveillance for WNYV in the United Kingdom
should now focus on this part of Kent.

In summary, the discovery of populations of Cx. mod-
estus in southern England suggests a recent introduction
of this species and provides further evidence for expan-
sion of its geographic range. There is an associated
increased risk posed to the United Kingdom by WNV
and other pathogens transmitted by Cx. modestus.
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Abstract

Spatial variation in the risk of mosquito-borne pathogens is strongly in-
fluenced by the distribution of communities of suitable vector mosquitoes.
Individual species’ distributions are known to be strongly influenced by
their abiotic habitat requirements, but the importance of biotic interac-
tions between species is less well understood. Whilst previous studies have
investigated biotic interactions relevant to mosquito communities under
laboratory settings, the impact of biotic interactions on mosquito distri-

butions in the field have rarely been assessed.

We construct a novel multivariate-binomial species interaction distribu-
tion model (SIDM) to investigate community interactions using obser-
vational data from a UK wetland. Mosquito larval distributions in this
habitat are strongly driven by environmental covariates, with shallow wa-
ter positively associated with all mosquito species. Using the model we
are able to distinguish between the environmental factors and inter-species
interactions influencing the distribution of a community of potential vec-
tor mosquitoes. We identify ditch shrimp (genus Palaemonetes) and fish

as predators which may influence mosquito distributions.

Whilst SIDMs do not yield concrete evidence of biotic interactions, they
can suggest potentially important interactions which may benefit from
further study. The statistical model we develop has advantages over ex-
isting approaches and could be applied widely in community ecology. We

provide an R package BayesComm to enable its wider use.
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Introduction

The spatial distribution of mosquito-borne diseases (MBDs) is heavily dependent on
the distribution of suitable vector species (Reisen, 2010). Whilst transmission of some
MBDs is entirely dependent on single mosquito species, most may be transmitted by
multiple species (Becker et al., 2010). The involvement of multiple vector species
with differing ecology and biology can complicate vector control interventions. Un-
derstanding and mapping the spatial distribution of these species is therefore essential
for efficient control of globally important diseases such as malaria (Hay et al., 2010;
Ferguson et al., 2010).

For some zoonotic MBDs, transmission of the pathogen from its sylvatic hosts
to human populations requires the presence of multiple species. Such a transmission
cycle is exemplified by West Nile virus. WNV is sustained in an avian sylvatic cycle
by ‘maintenance’ mosquito species which must both be ornithophagic and competent
for transmission of the virus. Humans and other mammals are ‘dead-end’ hosts for
WNYV as they rarely develop a sufficient level of viraemia to re-infect mosquitoes. In
order for humans to become infected by the virus they must therefore be bitten by
a ‘bridge’ mosquito species which has previously fed on an infected bird and gone
on to establish an infection (and therefore must be ornithophagic, anthropophagic
and competent). The risk of human WNV cases is therefore restricted to areas where
susceptible avian hosts, human populations, maintenance mosquito species and bridge
species coincide in both space and time.

Unsurprisingly, transmission of WNV in Europe exhibits a patchy distribution
which appears to principally be driven by the distribution of its major vectors (Durand
et al., 2010). In order to identify areas at risk from WNV and similar diseases, both
now and in the future, we must therefore understand what drives the assembly and
distribution of entire communities of vector mosquitoes

Whilst adult, female mosquitoes are responsible for transmitting pathogens, the

ecology of the relatively immobile larval stages drives the distribution of the species
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at all but the finest of spatial scales. Herein we refer to the distributions of larval

mosquitoes.

Drivers of community assembly

The majority of previous work has focussed on environmental (abiotic) drivers of the
distributions of individual mosquito species (Sinka et al., 2010; Diuk-Wasser et al.,
2006; Tran et al., 2008) and mosquito communities (Beketov et al., 2010; Steiger et al.,
2012; Schéfer et al., 2004; Brown et al., 2008). Less attention has been paid to the
impact of between-species (biotic) interactions on vector distributions. There are a
number of ways biotic interactions may influence the distribution of mosquitoes. Pre-
dation and competition between species may restrict mosquito distributions, whilst
apparent or indirect mutualisms may promote them (Blaustein & Chase, 2007). Iden-
tifying biotic relationships that affect the distribution of vector mosquitoes could be
useful for disease control (Ferguson et al., 2010; Mukabana et al., 2006).

Investigations of biotic interactions affecting mosquitoes have mainly been re-
stricted to laboratory experiments (Juliano, 2009; Blaustein & Chase, 2007; Medlock
& Snow, 2008). Whilst laboratory studies allow identification of biotic interactions
which are possible under certain environmental conditions, they cannot tell us whether
these interactions influence the distributions of mosquito communities in the field.
Experimental manipulations of communities in the field would provide a fair test of
the impact of specific biotic interactions on the distribution of mosquito communi-
ties. Carrying out such experiments at appropriate spatial and temporal scale and
with sufficient replicates to draw generalisable conclusions would likely be financially
and practically unfeasible, particularly, as here, where there are a large number of
potential interactions to test.

By contrast, observational data on species co-occurrences are relatively easy to col-
lect. Such data could be interrogated for signs of biotic interactions between species,
manifested as correlations between their distributions. This approach is complicated

by the difficulty in distinguishing the effects of biotic interactions from environmental
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factors. Positive (or negative) correlations between species’ distributions could just
as easily be explained by sharing (or not sharing) environmental habitat requirements
as by the presence of a biotic interaction. In order to infer biotic interactions from
such data, we therefore need appropriate methods to discriminate between biotic and

environmental drivers of species distributions

Species interaction distribution models

A number of species interaction distribution models (SIDMs) have been proposed
that aim to quantify the effects of biotic interactions on species distributions (Kissling
et al., 2011). Of these, multivariate binomial regression provides an appealing concep-
tual and technical approach (Ovaskainen et al., 2010). In such a model each species’
fundamental niche is modelled by independent binomial regressions and biotic inter-
actions between species are modelled as a symmetric matrix controlling correlation in
the regression errors. Because the model accounts for co-occurrence in distributions
which can be explained by each species’ fundamental niche, the positive and negative
correlation coefficients are assumed to be representative of positive and negative biotic
interactions between species. Parameter inference is carried out using Markov Chain

Monte Carlo (MCMC) because of the relative complexity of the statistical model.

Here, we investigate the abiotic environmental factors and inter-species interac-
tions influencing the spatial distribution of a community of potential vector mosquitoes
in a UK wetland. We identify the most important abiotic environmental drivers of
each species’ distribution in this habitat. Using a novel and efficient sampler for
the multivariate binomial regression model we identify predators of mosquito larvae
which appear to influence the distribution of the mosquito vector species. We dis-
cuss the implications of these findings and the potential for SIDMs to improve our

understanding of the community ecology of vector-borne diseases.
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Materials and methods
Larval habitat surveys

Dipping surveys were carried out at three sites in the North Kent Marshes in south-
east England; one at Cliffe marshes (51°28’58”N 0°28’'45"E) and two at Elmley
Marshes (51°23’03”N 0°47°19”E, see Fig. 3.1). A set of random coordinates were
determined within each site, the nearest water body to each of these points was
marked as a dipping site and its location (accurate to within 10cm) recorded using a
differential GPS system (Trimble 5800, Trimble Navigation Limited, Sunnyvale, Cal-
ifornia, USA). A total of 167 dip sites were each visited six times (rounds); in June,
July and August of 2010 and 2011, but few mosquitoes were collected in June of both
years, so data from these two rounds were discarded. At every dipping round each of
the dip sites were visited and a pair of dips was carried out using a 1 litre dipper; one
at the edge and one toward the centre of the water body. The contents of these two
dips were pooled for analysis. Mosquito larvae were identified morphologically using
the keys of Snow (1990); Cranston et al. (1987); Becker et al. (2010) and presence or
absence for each species at each dip recorded.

Six representative morphologically identified Anopheles maculipennis sl. (3 each
from Cliffe marshes and Elmley marshes) were DNA-barcoded to determine the
species. All were An. atroparvus (John Day, unpublished data) and indeed these
sites are consistent with the broad environmental preferences of species members
of the An. maculipennis complex as described in the literature, and with previous
records from the North Kent Marshes (Hutchinson, 2004; Snow, 1998; Becker et al.,
2010). All recorded An. maculipennis s.l. were therefore assumed to be An. at-
roparvus and are referred to as such herein. The other mosquito species present were
Culex pipiens, Cr. modestus and Culiseta annulata.

Other ditch fauna were identified morphologically to the most precise level pos-
sible in the field (Croft, 1986). Water temperature, salinity and oxidation-reduction

potential (ORP) were recorded at each dip site and round using a digital probe (YSI
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Fig. 3.1: Maps of the three larval survey plots. Filled circles are dip points
where mosquitoes were found in at least one dipping round and empty circle
where they were not. Grazing marsh is shown in light grey, inland waterbodies
(from Ordnance Survey MasterMap) in middle grey and sea in white. Axes
are all-numeric Ordnance Survey National Grid references, giving distances in
metres.

556 MPS, Yellow Springs, Ohio, USA). Water depth was recorded as the mean of the
depth at the edge and the centre of each dip site. High-resolution digital photographs
(FinePix XP10, Fujifilm, Minato-ku, Japan) were taken of vegetation at the edge
and centre dip points and the presence or absence of different vegetation types at
each dipsite was determined from these using field guides (Rose & O’Reilly, 2006;
Press & Gibbons, 2002; Rose, 1989). The nine vegetation types recorded are shown
in Fig. 3.C.1.

Environmental conditions

To identify potential abiotic environmental drivers of distributions and reduce the
number of parameters in the SIDM, we used a stepwise selection procedure to select
a subset of abiotic environmental predictors for each faunal taxon. At each stage of
the procedure, we parameterized univariate probit regression models by maximum
likelihood estimation. Starting from a null model, abiotic environmental predictors
were added to the model to select combinations of predictors that minimised the
model Akaike Information Criterion (AIC, Akaike (1973)). Fixed terms for dipping

rounds and survey area (Elmley or Cliffe Marshes) were included in all of these models
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to account for potential correlation structures which could be caused by the repeated-
measures study design. The full set environmental covariates from which these subsets
were selected consisted of four physical measurements of the water body: depth,
temperature, ORP and salinity; and dummy variables indicating presence or absence
of the nine vegetation types.

The presence or absence of vegetation types acts as a visible indicator of long-
term environmental conditions at dip sites. The plants also strongly influence the
structure of the aquatic habitat, variously providing shade or cover from predators.
For these reasons we consider vegetation to act as an abiotic environmental condition
on mosquito larvae and other aquatic fauna, rather than interacting with them in

intimate pair-wise species interactions.

Species interaction distribution model

We use a Bayesian multivariate probit regression model to explicitly model the fun-
damental niches of each species as well as correlations between the distributions of
the different species. Our approach is similar to the model of Ovaskainen et al. (2010)
but uses the probit function, rather than the logit function as a link. As a result of
this modification, we are able to fit the model using a highly efficient Gibbs sampler
(Edwards & Allenby, 2003), which greatly speeds up the model fitting process. Full
details of the model specification, implementation and choice of priors are given in
appendices 3.A & 3.B. We provide software to fit the model as a free, open-source
package BayesComm (Golding, 2013) for the statistical programming environment R.

The package can be downloaded from the CRAN repositories.

Effect Sizes

As well as identifying environmental conditions associated with the presence or ab-
sence of mosquitoes, we wish to compare the strength of these effects, to pick out the
environmental factors which have the most impact on their distribution. Standard-

ising continuous variables (so that they have a mean of 0 and a standard deviation
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of 1) enables us to compare the impact of different environmental factors on species
distributions without the confounding effects of different measurement scales. The
coefficient can therefore be interpreted as the effect of a 1 standard deviation change
in the covariate on the distribution of each mosquito species. Since the discrete vari-
ables (such as the presence or absence of a vegetation type) are already on the same
scale, these can be compared directly as effect sizes. Unfortunately it is not possible

to directly compare the effect size of discrete variables with continuous variables.

Comparing models

As in Ovaskainen et al. (2010) we fit four types of model: a null model, a community-
only model, an environment-only model and a full model. All models were fitted with
intercept terms as well as the indicator variables used in the stepwise selection pro-
cedure. In the environment-only and full models, for each species the environmental
covariates selected by stepwise selection were included in the design matrix. In the
null and environment-only models the correlation matrix was set as an identity matrix,
enforcing independence of the model errors between species. In the community-only
and full models the inter-species correlation matrix was also parameterised.

The null model assumes that each taxon occurs with equal probability at each site
(conditional on the dipping round and survey area). Any deviation from this predic-
tion can therefore be interpreted as the distribution of the fauna within the study
areas. We quantify these distributions as the residual deviance of the null model.
By calculating the residual deviance of the other models and the proportion of the
null deviance remaining, we measure the proportion of each species’ distribution ex-
plained by each model. It should be noted though that since inter-species interactions
and environmental covariates are fitted in different ways within the model it is not
possible to draw conclusions about the relative importance of the biotic and abiotic
factors in driving distributions.

Adding additional parameters to any statistical model inevitably increases its fit

to the data, even if there is no true underlying relationship. It is therefore advisable
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to account for this potential for overfitting when comparing models. A common
approach is to use information criteria which penalize models according to the number
of parameters added. Our model includes latent variables and some prior information
and an error structure and therefore the number of model parameters is not clearly
defined. Spiegelhalter et al. (2002) proposed the Deviance Information Criterion
(DIC) as a natural approach to compare such models. We therefore calculate DIC
and use this to compare the likely predictive power of the different models considered
here. Lower DICs indicate better fit with a difference greater than 5 indicating an

appreciable difference in explanatory power between models.

Spatial autocorrelation

We checked for a residual spatial autocorrelation structure in each species’ distribu-
tion. First we calculated raw residuals using the mean probability of presence at each
site as predicted by the full model. We split the dataset by dipping round and survey
area, resulting in 8 separate sets of residuals for each taxon. We screened these resid-
uals using a Moran’s I test in the spdep package (Cliff & Ord, 1981; Bivand et al.,
2011). For sets with a Moran’s I p-value lower than 0.05 we plotted a correlogram
using the ncf package (Bjornstad, 2012). We visually inspected these correlograms
for signs of a coherent spatial autocorrelation structure and detected none.

All models were fitted using BayesComm version 0.4 and analysis performed in R
version 2.14.2 (R Development Core Team, 2012). The dataset and a full R script to
repeat our analysis and reproduce all of the figures in this manuscript are provided

in the supplementary material.
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Results

The aquatic faunal community we studied contained 16 taxa, including larvae of
four mosquito species - all potential vectors of human disease: Anopheles atroparvus,
a former European malaria vector; Culexr pipiens, a known maintenance vector of
WNYV in southern Europe; Culiseta annulata, a potential bridge vector of WNV; and
Culex modestus, a highly efficient bridge vector of WNV only recently found to be
breeding in the UK (Becker et al., 2010; Golding et al., 2012). Fig. 3.2 illustrates
the observed pattern of co-occurrence between the mosquito species and the other
recorded fauna. Cs. annulata was only present at Elmley whereas the other three

species were present at both study sites.

Environmental drivers

Fig. 3.3 illustrates effect sizes of the AIC-selected environmental covariates for indi-
vidual mosquito distributions. Estimates of the environmental regression coefficients
for all fauna are given in Fig. 3.C.1.

The principle abiotic environmental drivers of the mosquito community distribu-
tion were water depth and surface vegetation cover. All species showed a preference
for shallow water, with this covariate having the strongest effect on the distribution
of Cs. annulata. The distributions of Cz. pipiens, Cz. modestus and An. atroparvus
were all positively associated with the presence of surface vegetation (filamentous al-
gae, water crowfoot, and duckweed). The distribution of Cs. annulata appeared to be
unaffected by the presence or absence of any vegetation type, though it was far more
likely to be found in cooler water. Salinity had a slight impact on the distributions of
two of the mosquito species, with Cx. modestus more likely to occur in more saline
water and An. atroparvus in less saline water.

Environmental covariates explained 20% of spatial variation in the distribution of
the entire mosquito community (Fig. 3.5). At the species level, the explained variation

ranged from 12% for Cz. modestus and An. atroparvus to 67% for Cs. annulata.
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——  saucer bugs (llyocoris)

——  swimming beetles (Haliplidae)

—— amphipods (Gammaridae)

—— fish (Pisces)

——— An. atroparvus

——— Cx. modestus

——  damselfly larvae (Zygoptera)

——  water boatmen (Corixidae)

——  mayfly larvae (Ephemeroptera)

—— diving beetles (Dysticidae)

—— newts (Pleurodelinae)

L L beetle larvae (Coleoptera)

—— Cs. annulata

——— Cx. pipiens

L dragonfly larvae (Anisoptera)

—— ditch shrimp (Palaemonetes)

L—

0.1

Fig. 3.2: Cluster dendrogram illustrating patterns of co-occurrence between
faunal taxa. The dendrogram was created using hierarchical clustering of the
raw distribution data. Mosquito species are in boldface and the scale bar gives
the dissimilarity along the edges of the dendrogram. Dissimilarity between two
species was calculated as one minus the empirical Pearson correlation coefficient
with 0 representing perfect positive correlation, 1 no correlation and 2 perfect
negative correlation.
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Fig. 3.3: Effect sizes of AIC-selected abiotic environmental covariates used to describe the spatial distribution of the four
mosquito species estimated using a full model. Points give the maximum « posteriori estimates of effect sizes and grey lines
give the associated 95% credible intervals. Credible intervals which do not cross zero signify that the posterior probability
that the effect size is 0 or of the opposite sign is less than 0.05, analogous to statistical significance at the 5% level in a
frequentist statistical test. Effect sizes are divided into those for continuous variables (depth, temperature, ORP and salinity)
and for discrete variables (plant type), since effect sizes cannot be directly compared for the two different types of data.
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Biotic interactions

Estimated inter-species correlation coefficients before and after accounting for envi-
ronmental covariates are illustrated in Fig. 3.4. The parameter estimates and pro-
portion of spatial variation explained are given in Fig. 3.C.2.

The majority of correlation estimates in the full model were positive (67.5% from
community-only model and 59% for full model). Correlation coefficients between
members of the mosquito community were strongly positive, ranging from 0.28 to
0.49. There were a number of positive correlations between mosquito species and
other faunal taxa, including beetle larvae (0.23 to 0.3) and damselfly larvae (0.12 to
0.27). After accounting for each species’ fundamental niche, the distributions of both
ditch shrimp (Palaemonetes) and fish were negatively correlated with those of the
four mosquito species (Fig 3.C.2). Correlation coefficients ranged from -0.16 to -0.27
for ditch shrimp and from -0.22 to -0.27 for fish, though the uncertainty around these
estimates was larger for Cz. pipiens and Cs. annulata than for the other two species.

The full model had greater overall explanatory power (after accounting for model
complexity) than any of the other models, with a DIC of 3056 (cf. 3648, 3550 and

3150 for the null, community-only and environment-only models).
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(community-only model) and b) after accounting for fundamental niches (full model). Positive correlations are shown in
green and negative in blue. The absolute size of the posterior mean correlation coefficient is reflected in the line width.
Correlations are only plotted where the posterior probability of a zero or opposite-sign correlation (Bayesian p-value) was

less than 0.05.
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Discussion
Abiotic environmental predictors

The habitat preferences shown by the mosquito species were consistent with existing
knowledge of their ecology. All species were more likely to occur in shallower water,
with Cz. pipiens, Cr. modestus and An. atroparvus more likely to occur where
floating vegetation was present. Such habitats are likely to afford greater protection
from predators (Becker et al., 2010)

The positive association between An. atroparvus and filamentous algae is in ac-
cordance with the studies of Hutchinson (2004) at Elmley marshes: the species was
associated with small pools above thick filamentous algae of the genus Enteromorpha
which were 4°C warmer, less saline and contained fewer predators than sites without
algae. Environmental conditions in this microhabitat appear to be advantageous for
mosquito larvae, which are highly susceptible to predation and rely on temperature
for their development. Unlike the other members of the mosquito community at these
sites, which are Culicine, the morphology of Anopheline mosquitoes allows them make
use of microhabitats such as these which have limited space (Becker et al., 2010).

The preference of Cs. annulata for cooler water and no obvious response to surface
vegetation accords with the species’ habitat generalism and common use of shaded
water bodies. The strong negative effect of ORP on the distribution of Cs. annu-
lata and Cx. pipiens may reflect their apparent preference for nitrogen rich water
(Marshall, 1938), though direct interpretation of ORP alone is difficult.

The negative relationship between the presence of emergent grass (indicative of
temporary flooding of normally terrestrial habitat) and the distribution of Cz. mod-
estus may signify a preference for more permanent water bodies. Cz. modestus was
more likely to be found in water beneath bulrushes, which are known to provide a

habitat in which adults of the species hibernate (Mouchet et al., 1969).
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Biotic interactions

Most of the non-mosquito fauna we recorded in the community (mayfly larvae being
the exception) have been incriminated as potential predators of mosquito larvae in
the UK (Medlock & Snow, 2008). Wild caught diving beetles, swimming beetles,
newts, damselfly larvae and dragonfly larvae have been shown to have consumed lar-
vae (Onyeka, 1983) and amphipods, ditch shrimp, fish, water boatmen and beetle
larvae were shown to feed on live larvae in laboratory experiments (Roberts, 1995;
Jeffries, 1988; Medlock & Snow, 2008). Of these predators, our model provides evi-
dence only for ditch shrimp and fish being negatively correlated with mosquito larvae
after accounting for environmental covariates. Both of these taxa were found to be
particularly voracious predators of mosquito larvae under laboratory conditions, con-
suming in the region of 30 larvae per hour and with ditch shrimp reportedly killing
more larvae than they could eat (Roberts, 1995). By comparison, amphipods con-
sumed 1-2 larvae per hour and Notonecta glauca nymphs only one larva in 12 hours
(Jeffries, 1988). The voracity of ditch shrimp and fish may indicate that their preda-
tion, unlike that of other predators, has an appreciable impact on the distribution of
mosquito larvae. The identification of fish as effective predators of mosquito larvae
is in accordance with findings in other parts of the world, where the introduction
of exotic fish or the application of native fish has been successfully used to control
mosquito numbers (Becker et al., 2010).

Of the 11 correlation coefficients between mosquito larvae and other fauna which
had good evidentiary support (those in Fig. 3.C.2b), 7 were positive and 4 nega-
tive. It seems unlikely that such a high proportion of these interactions could rep-
resent mutualistic interactions, particularly given the probable predatory nature of
the other fauna. A possible explanation is that these positive correlations could in-
dicate low-level predation, with the other fauna being attracted to mosquito prey,
but not consuming enough to impact on their distribution (at least measured as pres-

ence or absence). A more plausible explanation is that these simply represent shared
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responses to environmental variables which have not been completely explained by
the model. This would also explain the strong positive correlations between mosquito
species, which might more realistically be expected to compete for resources (Juliano,

2009).

Explanatory power

We considered the distribution of mosquito larvae at a very fine spatial resolution,
sampled in brief seasonal snapshots. The presence of mosquito larvae at this scale
is likely to be influenced by a number of processes other than those considered here,
including: the distribution of blood-meal hosts, local population dynamics and dis-
persal behaviour of larvae and adults. Despite this, we were able to explain 25%
of the distribution of the mosquito community (and 76% of the distribution of Cs.
annulata).

Whilst the distribution of Cs. annulata was very well explained in our models, the
large parameter estimate for the study area dummy variable in both the environment-
only and full models (Fig. 3.C.1) indicates that the species’ absence at Cliffe marshes
was not explained either by measured environmental covariates or biotic interactions.
Why this relatively common species was absent on all visits to this site is as yet

unclear.

Advantages and limitations of SIDMs

SIDMs present a promising new method of understanding how interactions within
ecological communities can influence species distributions. As with any observational
approach to understanding complex systems, SIDMs cannot provide concrete answers
to ecological questions. Experimental manipulations of field populations are crucial
to establish what factors actually drive community dynamics. However, SIDMs allow
the wealth of available observational data on species co-occurrences to be used to
refine hypotheses about the drivers of species’ distributions (Wisz & Guisan, 2009).

SIDMs are likely to be particularly successful at identifying biotic interactions where
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other abiotic drivers of species’ distributions can be well parameterised and where
additional sources of information (such as temporal data) are available (Kissling et al.,
2011).

The relative complexity of SIDMs and large number of model parameters makes
fitting such models computationally demanding. As a result, development of SIDMs
has only recently become feasible for analysing real ecological datasets. By imple-
menting a computationally efficient sampler for multivariate binomial regression and
disseminating it as an R package, we hope to contribute to making these approaches

available for routine use by ecologists.
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Appendix 3.A Statistical model and inference

3.A.1 Statistical model

We use a multivariate extension of the latent variable model for binary regression
(Albert & Chib, 1993). Our approach is very similar to a model recently described for
analysis of ecological communities (Ovaskainen et al., 2010) except that we draw the
latent variable from a normal, rather than a logistic, distribution. This is equivalent
to using a probit function rather than a logit function as the canonical link in a
univariate binomial regression. The probit and logit functions are very similar, with
the only apparent drawback of the probit model being that regression coefficients for
binary covariates can no longer be interpreted directly as log odds ratios (which are
not widely used in ecology). The advantage of our approach is that it enables use of a
Gibbs sampler to make inference about the regression parameters, thereby reducing

computation time and the risk of numerical errors. The model is defined as:

Yij = ]-(Zz] > 0)
Zij = Mij T €ij
pij = X;B;

e; ~ N(0,R) (3.A.1)

where y; ; is a binomial variable representing presence (1) or absence (0) of species
J at site 4, z is a normally distributed latent variable, 1(z > 0) is an indicator
function returning 1 when z > 0 and 0 otherwise, X; is an n by k; design matrix
for species j, 3, is a vector of k; regression coefficients for species j and N (0,R) is
an m-dimensional standard multivariate normal distribution with mean vector 0 and
symmetric, positive-definite correlation matrix R, n is the number of sites, m the
number of species and k; the number of environmental covariates used to model the
fundamental niche of species j. The elements of R describe whether species co-occur
more or less often than would be expected by their fundamental niches alone and is

indicative of the underlying network of interactions between species in the community.
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3.A.2 Model inference

We use a computationally efficient Gibbs algorithm, based on a sampler described
by Edwards & Allenby (2003), to sample the model parameters in turn from their

conditional posterior distributions. At each iteration this entails the following steps:

1. Sample the latent variables z from a truncated multivariate standard normal
distribution:

z~ Nr(p, R) (3.A.2)
such that z;; is positive when y;; = 1 and negative otherwise.

2. Sample the vector of regression coefficients 3; for each species j from a multi-

variate normal distribution:

B, ~ N((o1+ X/ X;) ' Xz;, (01T + X[ X)) (3.A.3)

where o is the standard deviation of the prior distribution over 3;, I is an
identity matrix, having diagonal elements 1 and all other elements 0 and '

denotes the matrix transpose.

3. Sample the correlation matrix R by first sampling a covariance matrix W and

scaling this to a correlation matrix:

W~ W,(v, ee+S)
C = diag(W) 2

R = CWC/ (3.A.4)

where diag(.) denotes the diagonal vector of a matrix and W), (., .) is a Wishart
distribution of dimension m (the number of species). The scale matrix S and de-

grees of freedom parameter v define the prior distribution over W and therefore

R.
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By sampling a covariance matrix and scaling to a correlation matrix, we are able
to use a Gibbs sampler whilst avoiding the non-identifiability of the variance of a
model for binary data. The implications of this approach are discussed in Edwards
& Allenby (2003). Our choices of prior parameters o, S and v are discussed in
Appendix 3.B
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Appendix 3.B Choice of priors

To construct a sampler for Bayesian statistical models it is necessary to specify priors
over all of the parameters for which we want to make inference. These express our
prior belief (before observing any data) about the probability distribution of the pa-
rameters. Here we use conjugate priors to enable the efficient Gibbs sampler described
above.

For each element of each vector of regression coefficients 3; we use a diffuse normal
prior with mean 0 and variance 100 by setting o to 10. This is a widely used prior
which exhibits little influence on the posterior. Specification of an appropriate prior
for the unidentified covariance matrix W is less straightforward. A commonly used

conjugate prior for W is obtained by setting:

v=m-+1

S=vI (3.B.1)

This prior has the feature that each element of a correlation matrix derived from
W has a marginally uniform distribution and it therefore has no impact on the pos-
terior. Such a prior is problematic for our model for two reasons. Firstly, a uniform
prior implies that it is equally likely for the distributions of two species to be very
strongly correlated (i.e. always found together or never found together) as it is for
there to be no correlation between them. This is biologically unrealistic; we would
expect the majority of inter-species interactions to be weak or non-existent with rel-
atively few interactions driving moderate correlations in distributions (Wootton &
Emmerson, 2005). Secondly, a prior of this sort exhibits a dependency between the
unobserved variance parameters of W and the correlation coefficients of R, such that
when these variance parameters are large, the prior assigns much higher probability
to strong correlations than weak correlations. This leads to very unrealistic posterior
parameter estimates with a bimodal distribution close to 1 and -1. Edwards & Al-

lenby (2003) demonstrate a weakly informative prior which avoids this problem but
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Fig. 3.B.1: Hlustration of our inverse Wishart prior over the correlation matrix
and its impact on the posteriors. Prior probability density over each element of
R for a) 100 records and b) 400 records, estimated from 100,000 simulations.
c¢) Posterior probability density of the correlation coefficient from a BayesComm
model applied to a simulated bivariate dataset with 400 observations. The
vertical line shows the maximum-likelihood estimate of the coefficient.

maintains conjugacy for the likelihood:

v=mn-+2m

S =2ml (3.B.2)

where n is the number of observations. With few observations this gives a reason-
able non-uniform prior. As the number of observations increases the prior becomes
centred on 0, but with the increased amount of data its influence on the posterior
becomes weaker. The shape of this prior and its weak, but informative, effect on the
posterior are illustrated using simulated data in Fig. 3.B.1 and R code to reproduce

these figures is given in the supplementary material.
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Appendix 3.C Parameter estimates

The posterior distributions of the regression coefficients from the environment-only
and full model are summarised in Fig. 3.C.1. Summaries of the posterior distributions
of the correlation coefficients and the percentage of deviance explained per species

from the community-only and the full model are shown in Fig. 3.C.2.
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Fig. 3.C.1: Regression coefficients from a) the environment-only model and b)
the full model. Displayed are the posterior means with standard deviations in
parentheses. Positive coefficients are in green and negative coefficients in blue.
Squares are left blank where coefficients were not selected by AIC.
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amphipods 011 01 013 01 0.08 01 008 009 009 2% -0.01-0.19 003 0O 0.05 0.29 amphipods 011 011 017 011 0.08 0.1 008 0.9 0.09 10% -0.05-0.08 -0.01 -0.05 0.06 0.18
beetle larvae 01 009 012 01 01 011 009 012 011 012 2% 011 0.2 0.17 -0.17 0.09 beetle larvae 01 01 014 01 01 013 01 014 013 013 28% 002 008 009 -02 -0.07
dragonfly larvae 011 013 0.13 014 0.12 0.14 012 013 013 0.14 0.14 0% 0.02 0.02 0.01 -0.06 dragonfly larvae 015 016 0.16 016 0.2 0.16 0.4 015 014 017 017 20% 0.03 0 0.01 -0.03
mayfly larvae 0.1 0.09 013 0.08 008 01 008 012 01 01 01 013 0% 0.06 -0.12 0.12 mayfly larvae 012 011 015 009 0.09 011 0.09 0.12 0.1 0.11 0.12 0.14 17% 0.03 -0.12 0.01
newts 019 017 019 016 0.4 014 014 015 0.16 017 0.16 0.7 016 0% -0.09 0.07 newts 0.18 019 02 018 013 016 014 0.17 017 017 017 0.6 0.16 23% -0.09 0.03
fish 016 015 0.7 014 011 013 012 0.14 0.14 0.14 014 0.16 014 016 0% 0.02 fish 014 013 016 013 0.11 014 012 0.13 0.14 0.14 0.14 015 0.14 0.16 14% 0.02
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Fig. 3.C.2: Inter-species correlation coefficients from a) the community-only model and b) the full model. The upper-right
triangle gives the mean of the posterior distribution over the correlation coefficients, with positive coefficients in green and
negative coefficients in blue. The lower-left triangle gives the standard deviation of the posterior distribution over each
coefficient. The diagonal gives the percentage of null deviance explained for each species.
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Abstract

Species distribution models (SDM) using occurrence and randomly se-
lected background data are widely used in applied ecology. Predictions
from these models are often interpreted as an estimate of the probabil-
ity that the species is present. In fact, these predictions actually provide
only a relative probability of presence or an index of habitat suitability.
Knowledge of the species’ prevalence is required to predict the absolute
probability of presence. Since field data are usually not available from
which to calculate this prevalence, it must be estimated from expert opin-

ion.

We propose a framework of practical steps to overcome this problem, in-
cluding: (i) a procedure for eliciting accurate estimates of prevalence from
expert opinion; (ii) an approach to construct a valid probability distribu-
tion from these estimates which reflects their inherent uncertainty; (iii) a
Bayesian approach to fitting presence-background SDMs which accounts
for uncertainty in the prevalence estimate, applicable to any parametric
SDM. We provide R code to implement these methods to enable their

wider use.
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Introduction

Species distribution models (SDMs) have become one of the most widely used ana-
lytical tools in ecology (Elith & Leathwick, 2009). They have been used to answer
fundamental ecological questions (Sagarin et al., 2006), though their greatest success
has been in applied settings, such as conservation (Elith & Leathwick, 2006) and
public health (Hay et al., 2007). The most widely used SDMs attempt to describe a
species’ distribution as a function of its environment and are often referred to as niche
models (Elith & Leathwick, 2009; Warren, 2012). Recent advances in SDM methodol-
ogy have extended these approaches to incorporate intrinsic spatial effects (Vanhatalo
et al., 2012; Rangel, 2006), biotic interactions (Kissling et al., 2011; Wisz et al., 2013)
and explicit biological processes (Kearney & Porter, 2009; Dormann et al., 2012).

In some cases the data used to build these models are from surveys which record
both presence and absence of the species. In these cases there are a number of
different approaches which can be used to estimate the probability that a species is
present a given location. Commonly though, the only data available at an appropriate
spatial scale are records of sites where the species is known to have occurred (Graham
et al., 2004). Occurrence data are most often augmented with a random ‘background’
sample of the environmental conditions within the study area. We herein refer to this
as ‘presence-only’ distribution modelling, whilst acknowledging that other methods
exist which do not require a background sample (Walker & Cocks, 1991; Hirzel et al.,
2002). A widely used approach to presence-only modelling is the application of a
standard presence-absence statistical model (Elith et al., 2006), treating background
data as absences. We term this the naive approach after Ward (2007). Approaches
such as MaxEnt (Phillips et al., 2006), which explicitly consider background data,
have also been widely used.

Often the aim of the SDM is to understand which environmental factors influence
the species’ distribution, or to produce maps predicting the relative suitability of

habitat for the species. Where these are the sole aims of the study, both MaxEnt and
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naive models can be very successful, since they rank sites by their relative probability
of presence (Elith et al., 2006). In other cases, a map of the predicted probability
that the species is present is required. Such maps may be used directly for policy
making, or used as a part of further analysis, such as ‘stacking’ of distribution models
to understand patterns of biodiversity (Benito et al., 2013) or interactions between
species (Broennimann et al., 2012). In these cases the naive approach performs poorly,
since the prediction can have at best only a monotonic relationship with the true
probability of presence (Phillips et al., 2009). There is a common misconception that
MaxEnt overcomes these problems - Yackulic et al. (2012) found that the majority
of users interpreted predictions as probability of presence However MaxEnt actually
generates predictions which are at best only proportional to the true probability of
presence (Phillips et al., 2006; Elith et al., 2006). In many cases, the use distribution
maps will be put to are unknown. It is therefore crucial to make clear precisely what
they represent.

A number of approaches have been proposed to produce predictions of the species’
probability of presence by incorporating the species’ prevalence into the SDM (Phillips
& Elith, 2013). Prevalence can be defined as the proportion of a set of randomly-
allocated survey locations (in SDM this is commonly grid squares) in which the species
is present. Prevalence and probability of presence can be difficult to define in presence-
only SDMs, since they depend on the size of the grid squares, temporal scale and
sampling approach (Elith et al., 2011). Presence-absence data sampled randomly from
the study area are rarely available (else presence-only methods would be unnecessary)
so in practice prevalence estimates are likely to be elicited from experts with detailed
knowledge of the species’ ecology. These estimates are likely to be subect both to
error and the experts’ uncertainty. Methods for reducing error and incorporating
uncertainty into model predictions would therefore be useful.

Here, we illustrate two forms of bias inherent in naive models and propose a very
simple approach which could be used to correct commonly used SDMs. We compare

this simple correction with existing approaches at a range of prevalence estimates
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and illustrate that it performs reasonably well, particularly at low prevalences. We
propose methods to improve the accuracy of expert-opinion prevalence estimates and
combine the uncertain estimates of multiple experts. Finally we demonstrate a flex-
ible Bayesian statistical approach which can be used to fit any parametric SDM to
presence-only data whilst incorporating uncertainty in the prevalence estimate into
model predictions. Code is provided in the supplementary material to reproduce our
simulations and figures using the statistical programming language R (R Development

Core Team, 2012).
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Bias in naive models and MaxEnt

The presence-absence methods used in naive models calibrate their predictions ac-
cording the proportion of presence records in the data. As a result, the absolute
value of predictions from naive models are highly sensitive to the ratio of presence to
background points used to fit the model (Ward, 2007). By contrast, MaxEnt explic-
itly considers background data and fits an exponential model which maximises the
entropy between the presence and background samples. MaxEnt then rescales model
predictions to fall between 0 and 1, using a rescaling parameter 7 which reflects the
species prevalence. By default MaxEnt assumes a prevalence of 0.5.

Fig. 4.2.1 illustrates bias in predictions from naive models fitted using three differ-
ent ratios of presence to background records and a MaxEnt model using the default
prevalence of 0.5. Note that the naive model with a ratio of 1:1 implicitly assumes a
prevalence of 0.5, hence its similarity to the MaxEnt prediction. Because the MaxEnt
model accounts for contamination of the background records with presence records
(as discussed below) its estimate of the model slope is more accurate than that of the
naive model.

Whilst they produce biased predictions of the probability of presence, the naive
approach and standard Maxent approach are all capable of producing predictions of
the rank-order of probability of presence. The performance of presence-only SDMs
is commonly assessed using statistics such as the area under the reciever operating
statistic curve (AUC, Fielding & Bell (1997)) and correlation coefficients (Elith et al.,
2006). These statistics measure only a model’s ability to predict the rank order of
probability of presence and essentially ignore the probability of presence suggested by
the model (Lobo et al., 2008). For example, the four predictive models in Fig. 4.2.1
had identical AUCs and Spearman’s rank correlations of 0.78 and 0.36 for MaxEnt

and naive models respectively.
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Fig. 4.2.1: Illustration of bias in naive models and MaxEnt. Shown are naive lo-
gistic regression models with three presence-background ratios (solid grey lines),
a MaxEnt model fitted using only linear features, a ratio of 10 background
records per presence and the default prevalence of 0.5 (dashed grey line) fit-
ted to 1,000 presence and up to 100,000 background points simulated from a
linear-logistic model with intercept -2 and slope 2 (solid black line, prevalence
0.34).

Calibration bias and contamination of controls in naive models

Ward (2007) described the two sources of bias in naive SDMs, which we refer to here
as calibration bias and contamination of controls. Calibration bias arises because the
ratio of occurrence to background samples is rarely the ratio of presence to absence
records that would be expected in a random presence-absence sample. Contami-
nation of controls is caused because background records are incorrectly assumed to
represent sites where the species is absent. Because MaxEnt explicitly considers the
presence-background case it is not susceptible to contamination of controls, though
it is susceptible to calibration bias since it assumes a prevalence of 0.5 (Fig. 4.2.1).
The impact of both sources of bias on model predictions is dependent on the
prevalence of the species. As the implicit prevalence of the model departs from the
species’ true prevalence, both naive and MaxEnt models will consistently over or
under predict the probability of presence. At higher prevalence a greater proportion

of the randomly-selected background records will be undetected presences records,
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whilst at low prevalence very few records will be undetected presence records and the
model will be less biased

We ran a simulation to compare the relative importance of these two forms of bias
on predictions from a naive model under different species prevalences. Logistic linear
regression models with one covariate were fitted to data generated from a true model
with a slope of 2 and an intercept ranging from -2.9 to 2.9, resulting in prevalences
from 0.08 to 0.92. The values of the covariate were sampled uniformly between -1
and 1. We fitted three types of model: a naive model which was subject to both
forms of bias, a model subject only to calibration bias and a model subect only to
contamination of controls. The naive model was fitted to 1,000 presence and either
10,000 or 100,000 background records (ratios of 1:10 and 1:100). The calibration
bias model was fitted to 1,000 presence records and either 10,000 or 100,000 absence
records. The contaminated controls model was fitted to 1,000 presence records and
background records so that the ratio of presence to background records matched the
expected ratio of presence to absence records in a random sample. We also fitted an
unbiased model to 1000 presence points and the expected number of absence records
for comparison. The predicted probability of presence from each of these models for
a random sample of 50,000 records was compared to the true probability of presence
by root mean squared error (RMSE).

Fig. 4.2.2 shows the results of this simulation. The calibration bias has a much
greater impact on the predictive accuracy of the model than contamination of controls
in our example. The relative importance of the two forms of bias on predictions from
naive models will depend both on the ratio of presence to background samples used
and on the species’ niche breadth. Note that in the calibration-corrected model pre-
diction accuracies are higher at very high prevalences despite the background samples
being heavily contaminated. This is because at very high and low prevalences most
records are either presence or absence and the ability to correctly identify the prob-
ability of presence becomes more important than the ability to discriminate between

presence and absences.
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Fig. 4.2.2: Effect of calibration bias and contamination of controls on root mean
squared error (RMSE) of predicted probability of presence. In the naive and
calibration bias plots, presence/background ratios of 1:10 and 1:100 are shown
by solid and dashed lines respectively. The prediction error of an unbiased
model is shown by a solid grey line.

Correction with a prevalence estimate

In order to produce predictions of probability of presence from presence-background
data, methods are needed which account for both of the above forms of bias. Three
methods have been proposed to do this using an estimate of the species’ prevalence.
They are: a likelihood function for logistic models (SC) proposed by Steinberg &
Cardell (1992), an iterative expectation-maximisation algorithm (EM) proposed by
Ward et al. (2009) and a scaled binomial loss function (SB) proposed by Phillips &
Elith (2011). These three methods were reviewed by Phillips & Elith (2013). It is
also possible to generate predictions of probability of presence from MaxEnt (ME) by
replacing the default prevalence of 0.5 with a user-specified estimate of the species’
prevalence. However, since ME fits an exponential model of habitat suitability then
rescales this prediction to fall between 0 and 1, these are not robust maximum-
likelihood predictions of probability of presence (Phillips & Elith, 2011).

A number of other studies have suggested that the species’ prevalence estimate
could be calculated from the data (Lancaster & Imbens, 1996; Lele & Keim, 2006;
Divino et al., 2011; Royle et al., 2012). Whilst these approaches appear to perform

very well on simulated datasets, they make very strong assumptions about model
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structure (Ward et al., 2009). They are highly susceptible to even minor violations
of these assumptions, rendering them unsuitable for practical applications (Phillips
& Elith, 2013). In practice prevalence estimates must be specified a priori and used

to correct the model.

Calibration-corrected naive model

As Fig. 4.2.2 illustrates, a large proportion of the prediction error in the naive model
is caused by calibration bias, rather than contamination of controls. We can there-
fore employ a very simple correction to this source of bias by using a subset of n,
background locations so that the ratio of presence to backround records is the same

as would be expected in a random presence-absence sample. n,, is calculated as:

Ny = @ (4.3.1)

where n, is the number of prevalence records and 7 is the species prevalence.

We refer to this approach as the calibration-corrected naive model (CC). This
approach is similar to the case-control adjustment suggested by Ward et al. (2009)
for logistic models. The CC model is very straightforward to implement for any
statistical model designed for binary data (not just logistic models) and requires no
programming on the part of the user. For SDM approaches which allow regression
weights, this approach can be adapted to allow an arbitrary number of background
records ny by assigning each background record a weight of n,/n,, and presence
records a weight of 1.

Whilst this correction to the standard naive model allows the user make a valid
prediction of the probability of presence of a species, it does not account for the
‘contamination’ of background samples with sites that are actually positive for the
species. Although this contamination can lead to bias in the fitted model, this is only
likely to cause an issue where the species prevalence is moderately high (since the
rarer the species the fewer random background points, assumed to be absences, are

likely to actually contain the species).
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Comparison of calibration-corrected naive model with other
presence-only models

Using simulated data, we compared the performance of the CC model with other
presence-only models. We investigate how their performance differs with species
prevalence and when the prevalence estimate is incorrect. We fit the ME model (with
only linear features and no regularisation) using the dismo R package (Hijmans et al.,
2012) and the SB, CC and naive models using R’s glm function (for SB using code
given in Fig. 1 of Phillips & Elith (2011)). Since the EM and SC methods are
more difficult to apply and implementations are not currently available, we provide R
functions (EM.1linear and SC.linear) for these in the supplementary material. These
models were fitted to 100 presence points sampled from the same logistic linear models
used in the simulation shown in Fig. 4.2.2 and 2,000 background points. Predictions
from each model to a random sample of 50,000 records were compared with the true
probability of presence by RMSE. We compared predictions of these models when
provided with an inaccurate prevalence estimate, either 0.1 high or lower than the
true prevalence (truncated between 0.01 and 0.99). These simulations were repreated
500 times and the mean RMSE from these simulations is shown in Fig. 4.3.1.

The presence-only models all had much higher predictive accuracy than the naive
model at all but very low prevalences. The comparative accuracy of the naive model
at very low prevalence arises because the prevalence implied by the 1:20 presence to
background ratio (approximately 0.05) approaches the true prevalence. The predictive
accuracy of all models was lower at high prevalences. In these cases, the species is
likely to be present in most locations and the sample provides very little information
with which to discriminate presence locations from the background. For very common
species, samples of sites where the species is not found would be more useful than
occurrence records, though this would obviously be difficult to achieve in practice.

Whilst the EM model performed well, particularly with prevalences above 0.5,

though it was less accurate at prevalences below around 0.3. This effect was exacer-
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bated when the prevalence was overspecified and ameliorated when it was underspec-
ified. The reasons for this unexpected behaviour are unclear. The ME model was the
least accurate of the presence-only models both when the prevalence was accurate
and when it was underestimated (right hand panel Fig. 4.3.1). When the prevalence
was overestimated (middle hand panel Fig. 4.3.1) ME models had higher predictive
accuracy than when it was correctly specified, for prevalences less than 0.5. This is
most likely a result of ME’s rescaling of exponential predictions.

This rescaling procedure are likely the cause of the ME model’s unusual behaviour.
The SC model was overall one of the most accurate presence-only methods, though
the average predictive accuracy dropped at high prevalences (>0.7, true prevalence)
and particularly when the prevalence was overspecified. This was caused by the model
occasionally specifying quite extreme parameter estimates and therefore predictions.
The instability of this approach was noticed previously by Phillips & Elith (2013). In
practice, application of the SC model should therefore be treated with caution. The
SB model consistently made accurate predictions, and produced reasonable results
even when the prevalence was mispecified. Whilst the predictive accuracy of the
CC approach was lower than some of the other presence-only models the predictions
were still correctly-calibarated (predicted probabilities were not consistently over- or
underestimated). CC outperformed the ME model and its behaviour was consistent

when the prevalence was mispecified.
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Fig. 4.3.1: Predictive accuracy of the expectation-maximisation (dark grey),
MaxEnt (green), Steinberg & Cardell (red), scaled binomial (blue) and
calibration-corrected naive (purple) linear logistic models and a naive model
(dashed light grey).

Estimating prevalence from expert opinion

The previous section demonstrated the value of accurately specifying prevalence in
species distribution models. Presence-only distribution modelling is typically applied
when little or no presence-absence data is available. In a practical application of the
methods discussed here, it is unlikely that suitable data therefore exist from which to
estimate prevalence. Methods to elicit accurate estimates of species’ prevalence from
expert opinion would therefore be beneficial.

An obvious approach would be to simply ask a number of experts to provide
estimates of the proportion of grid squares occupied by the species, given a clearly
defined spatial extent, grid resolution and time period. To answer this question an
expert may rely on their knowledge of the extent of the species’ range in the study
area, basing their estimate on the proportion of grid cells which fall within these
limits. This approach could provide relatively accurate estimates if the resolution of
the SDM were very low (large grid squares). At finer resolutions (small grid squares)
this approach would likely lead to overestimates, since most species’ distributions are
relatively patchy within their range limits, and a smaller proportion of grid squares

inhabited.
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Incorporating additional knowledge of the species’ ecology could help to improve
this estimate. We propose to incorporate expert knowledge of the species’ habitat
preference by constructing a preliminary discrete-habitat based expert-opinion distri-
bution model. Since prevalence can be calculated both as the proportion of locations
inhabited and as the average probability of presence over these locations, averaging
predictions from such model would provide an estimate of the species prevalence.

Whilst the continuous environmental covariates commonly used in SDM enable
detailed predictions of the species’ distribution, they may be difficult for the expert
to interpret and relate to their knowledge of the species’ ecology. Furthermore each
covariate cannot be considered in isolation making the experts task yet more diffi-
cult. By contrast, discrete maps of habitat type are widely available and relatively
straightforward to interpret in terms of a species’ ecology. To construct a coarse
expert-opinion distribution model, we can elicit from experts the proportion of grid
squares (of a specified size and over a given time limit) of a given habitat type in
which they would expect the species to be present. This information can be combined
with the habitat map to produce a coarse map of the probability of presence of the
species. The approach is ilustrated in Fig. 4.4.1.

In statistical terms, this approach is equivalent to considering prevalence as the
marginal probability of presence, with the probability distribution of environmental
conditions being marginalized out. Since we consider a mutually exclusive set of
environmental conditions (habitat types) this marginalisation is calculated by a total

probability sum:
py=1) = [ ply=10)p(o) do
J
=y =112)) p(s;) (4.4.1)

where z is a continuous measure of the environment and 2* is a discrete classifi-
cation of the environment, with 7} being one of a set of J mutually exclusive discrete

habitat types, p(x) and p(z*) are the probability distributions over these two mea-
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Fig. 4.4.1: Tllustration of method for elicitation of species prevalence estimates
from species experts. The species’ true probability of presence across the study
area (upper right) is assumed to depend on a set of continuous environmental
covariates (upper left). We instead produce a discrete distribution model (lower
right) for the species using a map of discrete habitat types (such as a land cover
map, lower left) and expert-opinion estimates of the probability that the species
would be present in a grid cell of a given habitat type.



sures of the environment (with p(:c;‘) calculated as the proportion of the area covered
by habitat type j), p(y = 1|z) is the probability of presence conditional on continuous
environmental variables (a species distribution model) and p(y = 1|x7) the probability
of presence in grid square of habitat type j, which we elicit from experts.

Whilst it is likely that the habitat classes will be related to the continuous co-
variates used in the SDM (and those which drive the species’ distribution) this is
not required to estimate prevalence, provided the habitat-level probability estimates
are accurate. The advantage of this approach is that instead of the entire prevalence
estimate being subject to error in the expert opinion, only the habitat-specific preva-
lences are, with the proportional cover of habitat types being calculated from the
habitat map. Whilst the habitat map may be subject to some error, this is likely to

be far smaller than the error in expert opinion.

Simulation of prevalence estimates

To illustrate the advantage of this approach, we run three simple simulations, the re-
sults of which are shown in Fig. 4.4.2. For each run, we simulated species prevalences
and proportional cover for a set of hypothetical habitat classes and combined these to
derive a true (simulated) prevalence value. We simulated expert-opinion prevalence
estimates by drawing values from a beta distribution estimated as in appendix 4.A,
given a mode and 95% credible intervals (CIs) £0.3 (truncated to between 0.001 and
0.999). For the direct prevalence estimate we sampled estimates from a distribution
with the true prevalence as its mode. For the discrete habitat method we sampled es-
timates for each habitat class with the class-level prevalence as the mode and summed
across classes as in equation 4.4.1 to produce estimates of overall prevalence. We ran

the simulation with theoretical habitat maps comprising 5, 10 and 20 habitat classes.

By breaking the expert opinion estimation down into discrete habitat types, the
estimation error is minimized. The effect increases as the number of discrete habitat

types increases. Note that this simulation assumes that error in the expert-opinion
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Fig. 4.4.2: Distribution of prevalence estimates using a direct estimate (dashed
line) and the discrete habitat method described here (solid line) with different
numbers of habitat classes. The density of estimates from 1000 simulations
is shown and compared with the the true, simulated prevalence (vertical grey
line).
estimates is the same whether for the overall prevalence or prevalence by habitat
type. In practice, we might reasonably expect error to be lower for the habitat level

prevalence estimates (particularly for those habitats which are known to be completely

unsuitable), since more information is available from which to make an estimate.
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Incorporating prevalence uncertainty in the model

Given a point-estimate of the species’ prevalence, we can use any of the methods
described above to build an unbiased SDM and generate predictions of the species’
probability of presence. Such predictions are conditional on this single prevalence
estimate and do not account for our uncertainty in it. It would therefore be sensible
to incorporate this uncertainty into the model and generate predictions which are not
conditional on a single estimate of the species prevalence.

Here we propose a Bayesian statistical approach to presence-only SDM which in-
corporates uncertainty in both the prevalence estimates and model parameters into
model predictions. We outline a method to construct a valid prior probability distri-
bution over the species prevalence parameter from uncertain expert-opinion estimates.
We present a likelihood function which can be used to fit any parametric SDM to
presence-background data. Finally, we demonstrate a Markov chain Monte Carlo pro-
cedure to fit and predict from such a model whilst accounting for uncertainty both

in the prevalence estimate and model parameters.

Constructing a prior distribution

In order to fit a Bayesian statistical model we specify prior distributions over model
parameters, which reflect our existing knowledge about the model. Whilst we can
specify simple non-informative prior distributions over most model parameters, con-
verting uncertain expert-opinion estimates into a valid probability distribution over
the prevalence estimate is more difficult.

The beta distribution is a convenient model for the probability distribution over
the prevalence estimate since it is well-understood and is bounded between 0 and
1. The shape of the distribution is controlled by two strictly positive parameters
«a and . Unlike parameters of other commonly used distributions the relationship
between the value of these parameters and the nature of the distribution are not easy

to interpret. We are therefore unable to directly elicit estimates of these parameters
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Fig. 4.5.1: Beta prior probability distributions for species prevalence fitted using
three different expert-opinion modes and 95% credible intervals (grey lines and
labels). The true 95% credible intervals of the distribution are indicated by
dashed black lines. The estimated parameters for these distributions are (from
left to right): « = 1.3, 8 =6.0; « =9.9, 5 =3.2; a = 4.5, § = 4.5.

from experts.

Instead, we elicit an estimate of the distribution’s mode (the most probable preva-
lence value) and associated 95% Cls, reflecting the expert’s uncertainty in this esti-
mate. We then use these estimates to construct a valid beta distribution describing
this uncertainty. Given these three estimated values, an exact solution to the two
parametrs of the beta distribution is not guaranteed. We therefore use a numeri-
cal optimisation routine to find a valid beta distribution with the same mode and
most similar 95% Cls (0.025 and 0.975 quantiles). This procedure is detailed in ap-
pendix 4.A and we provide an R function betaPars in the supplementary material to
carry out this optimisation. Fig. 4.5.1 illustrates prevalence priors constructed using
different modes and confidence intervals.

When eliciting expert-opinion prevalence estimates using a discrete distribution
model as described above, we need to combine the uncertainty from a number of
experts for several habitat types. We do so using a Monte Carlo integration procedure,

outlined in appendix 4.B.

Adapting the presence-only likelihood function

Lancaster & Imbens (1996) proposed a likelihood function to fit unbiased binomial
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models to presence-only data given a point-estimate of prevalence. This approach
forms the basis for the expectation-maximisation algorithm of Ward (2007). An
unfortunate limitation of this approach is that it is restricted to models which employ
the logistic link function. We adapt this likelihood function to be suitable for any
parametric model for binomial data by converting from the probability scale to the
logistic scale before performing the presence-only correction. Our adapted likelihood

function is:

(p})™ (1 —p))' = (4.5.1)

n
1=

. np en*(mi)
g 4.5.2
bi ny + mn, 14 en” (@) ( )

0 (i) = log( i ) + log (M) (4.5.3)

11— Di Ty

pi = f(x;, B) (4.5.4)

where z; is a binary variable denoting whether observation i is a presence (z = 1)
or background (z = 0) record, p! is the probability that an observation represents a
occurrence (rather than a background) record, p; is the probability that the species is
present and f(x;, ) is a model with vector of parameters ( relating the covariates x;
to the probability that the species is present. Note that equation 4.5.2 is equivalent
to equation 8 in (Ward et al., 2009) and if the logistic link function is used, the entire
likelihood function simplifies to equation 9 in the same article.

The formulation we give here can be used for a model with any link function
suitable for binomial data, including the commonly used probit link or non-standard
link functions such as the scaled Gaussian (Mclnerny et al., 2011). This likelihood
function can also be used to parameterise process-based models of species distributions
which do not use an explicit link function (Dormann et al., 2012). Because the

likelihood function contains both convex and concave terms it can be difficult to
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maximise using standard numerical approaches, particularly when the model has

non-linear structure (Lancaster & Imbens, 1996; Ward, 2007).

Markov chain Monte Carlo procedure

Markov chain Monte Carlo (MCMC) has become a widely used approach for fit-
ting Bayesian statistical models (Gelman et al., 2004). The flexibility of MCMC en-
ables the incorporation of various sources of uncertainty and for fitting non-standard
models which are difficult to solve using conventional maximum-likelihood estima-
tion techniques (such as the likelihood function we present above). We implement
a Metropolis-Hastings sampler to fit a Bayesian logistic linear model to presence-
background data using the adjusted likelihood function, whilst accounting for uncer-
tainty in the prevalence estimate.

Unlike the other model parameters, the data contain no information on the value
of the prevalence parameter 7 (subject to realistic assumptions). We therefore specify
7 a priori as in the other presence-only approaches discussed here. Unlike the other
approaches, the stochastic nature of the MCMC algorithm allows us to consider dif-
ferent estimates of 7 within a single model. We do this by drawing a random sample
of 7 from its prior distribution at each iteration of the algorithm. We use this esti-
mate of m to sample the other model parameters according to the Hastings criterion.
The resulting parameter estimates, and predictions generated from them account for
all of the uncertainty in the prevalence estimate.

Unfortunately the non-standard approach we employ means that the model cannot
be fitted using many of the popular software packages for MCMC, such as WinBUGS
and OpenBUGS (Lunn et al., 2009) We therefore provide an R function MH in the sup-
plementary material which will perform the inference for a user-specified parametric
model for binary data.

Using a simulated presence-background dataset we illustrate the MCMC sampler
and the effect of incorporating prevalence uncertainty when the prevalence esimate

is mispecified. We simulated 100 presence and 2,000 background points from the
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Fig. 4.5.2: Effect of prevalence uncertainty on model inference and predictions.
a) Prior probability distribution over the species’ prevalence (blue), with its
mode (0.07) indicated by a red line and the true value (0.17) by a black line.
b) Posterior density of parameter estimates from the model with prevalence
uncertainty (blue shaded contours) and the model without (red contour lines).
Contours show the 0.1 to 0.9 density regions, the true parameter values are
indicated by a black cross. c¢) Posterior mean (solid coloured lines) and 95%
credible intervals (shaded regions) of the predicted probability of presence from
the model with prevalence uncertainty (blue) and without (red). The black line
shows true probability of presence.

logistic linear model used to produce Fig 4.2.1. We used the MCMC sampler to fit
a logistic linear model with a prevalence prior distribution with a mode of 0.07 and
95% CIs of 0.01 and 0.17 (beta distribution parameters: o = 4.8, 8 = 51.6). The
data had a true prevalence of 0.17, approximately at the upper 95% CI of the prior
distribution. We fitted a second model which did not account for uncertainty in the
prevalence estimate but assumed a fixed prevalence of 0.07. We ran both samplers for
50,000 iterations, after discarding 1,000 initial burn-in iterations which was sufficient
to ensure that the Markov chains had converged and were well mixed.

The results of this simulation are shown in Fig. 4.5.2. Accounting for uncertainty
in the prevalence estimate increased the uncertainty in parameter estimates. The
model accounting only for uncertainty in model parameters produced predictive 95%
CIs which were far from the true probability of presence. By contrast, the upper
95% CI of the model accounting for prevalence uncertainty incorporated the true

probability of presence.
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Discussion

In recent years, there has been an increasing awareness among SDM researchers
that new methods are needed to produce robust distribution models from ubiqui-
tous presence-only distribution data. As a result, a range of new approaches have
been proposed (Phillips et al., 2006; Ward et al., 2009; Phillips & Elith, 2011; Divino
et al., 2011; Royle et al., 2012) and existing methods from other fields of research
rediscovered (Steinberg & Cardell, 1992; Lancaster & Imbens, 1996). Despite show-
ing a great deal of potential to improve SDMs, these approaches have yet to become
standard practice in applied distribution modelling. There are a number of potential
barriers to the adoption of these methods, including a lack of software to fit robust
presence-only models and the requirement to provide additional information in the
form of a prevalence estimate.

The calibration-corrected naive approach (CC) we introduce is immediately avail-
able for use with existing software - users need only select the number of background
records to represent their prevalence estimate (using equation 4.3.1). Whilst it is
subject to some bias, the CC approach generates predictions which are correctly cal-
ibrated and is capable of producing accurate predictions, particularly at low preva-
lences. Most of the methods we investigate here imply non-concave likelihood func-
tions (Phillips & Elith, 2011) which can be difficult to maximise, leading to erratic
predictions from some models. As the CC approach does not interfere with the model-
fitting procedure it can be used to adapt any presence-absence model - regardless of
the inference method.

The paucity of suitable data from which to estimate prevalence necessitates sub-
jective estimates. Previous studies have investigated the potential to incorporate prior
knowledge of species’ responses to environmental variables into SDMs (Pearce et al.,
2001; Seoane et al., 2005; Choy et al., 2009; Murray et al., 2009). However, we are
not aware of any studies which have attempted to elicit expert-opinion estimates of

species’ prevalences. Based on our simple simulation, the discrete-habitat prevalence
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elicitation method we propose here could drastically improve the accuracy of such
estimates.

Given the subjectivity of expert-opinion estimates, a consideration of the uncer-
tainty associated with them is crucial. Honest communication of the various sources
of uncertainty in SDMs when generating predictions is crucial to allow proper as-
sessment and interpretation of these models (Elith et al., 2002). Bootstrapping and
ensemble procedures have been used to quantify and incorporate multiple sources of
uncertainty in SDMs (Elith & Leathwick, 2006). The Bayesian approach we propose
incorporates uncertainty in both prevalence and parameter estimates into model pre-
dictions. This approach could be extended to incorporate other sources of uncertainty
and prior ecological information.

The flexibility of MCMC for Bayesian inference means it can be used to parame-
terise complex species distribution models (Ovaskainen et al., 2010; McInerny et al.,
2011). MCMC tends to be more computationally intensive than the numerical max-
imisation procedures currently used to fit SDMs. It also requires user input during
the fitting process to ensure convergence of the sampler. This restricts wider use of
this methodology to users with experience of using the technique and makes ‘batch’
fitting of models for multiple species impractical.

On the basis of the limited simulations we have performed, the methods we propose
appear to be useful tools for generating robust predictions from presence-only SDMs.
We have focussed on developing methods which can be easily applied using exisiting
software and providing R code otherwise. We hope that this will enable further

validation of these approaches and enable users of SDMs to apply them.
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Appendix 4.A Appendix A - Estimating the pa-
rameters of a beta distribution

Our aim is to estimate parameters a and 3 of a beta distribution with mode 7 and

with 0.025 and 0.975 theoretical quantiles Gg.025,0.975 as similar as possible to the

expert-opinion quantiles gg25,0.975. The mode of the beta distribution is given by:
a—1

Given @& (the estimate of o) and 7 we can solve for 3
= a—1
= — 4.A.2
p T+2—x ( )
We use a bounded line search algorithm (Brent minimization (Brent, 1973) using

the R function optimize) to find a value of In & between -1 and 8 which minimises:

Z G0.025,0.975 — €0.025,0.975] (4.A.3)

The bounded search allows for stable maximisation and limits a to between 0.36

and 2981, sufficient to model a wide range of prevalence distributions.
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Appendix 4.B Appendix B - Monte Carlo combi-
nation of prevalence estimates

Using the discrete-habitat prevalence elicitation method described here, we are pro-
vided with uncertain prevalence estimates for a number of habitat types from multiple
experts. To incorporate this information into the model, we need to combine these
estimates into a single prior probability distribution over the species’ prevalence.
We combine these multiple probability distributions using a Monte Carlo procedure,
which we outline here.

For J habitat types and K experts, we have JK probability distributions p(7; )
over the species’ prevalence. We approximate each of these as p(7r~j %) by constructing
a beta distribution from the modes and 95% confidence intervals provided by the

experts. For each expert k we:

e draw N random samples 7;, from each of the habitat-specific beta distribu-

tions p(7r~]k)

e for each of these NV sets of habitat- specific prevalence estimates we calculate

the expected prevalence for the entire study area, as in equation 4.4.1:

J
Thn = Z’R’jkn p(z}) (4.B.1)
j=1

*) is the proportion of the study area covered by habitat type j.

where p(z;

We now have NK random samples 7, of 7 which we use to estimate p(7). We
estimate the mode of the distribution by kernel density estimation (using the density
function in the base installation of R) and the 95% interval from the empirical 0.025
and 0.975 quantiles. Finally, we estimate the parameters o and 3 of a beta distribution

approximation p(m) of the prevalence prior p(m).
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Chapter 5

GRaF': Fast and flexible Bayesian
species distribution modelling
using Gaussian random fields

Nick Golding & Bethan V. Purse

Authors’ contributions: NG devised and implemented the model, designed and car-
ried out the model comparison and wrote the manuscript. BVP contributed to the model
comparison and helped to revise the manuscript.
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Abstract

Species distribution models are very widely used in ecology and their
predictions often inform policy decisions. It is therefore important to use
methods with high predictive accuracy, that permit sources of bias to be

taken into acount and enable biological interpretation.

We introduce a new approach for modelling species distributions using
latent Gaussian random fields and provide an open source R package,
GRaF, to allow ecologists to implement these models. We illustrate how
GRaF works and describe some of its advantages over commonly used
approaches, which include: i) flexible response terms, ii) the ability to ac-
count for imperfect occurrence records, iii) incorporation of prior knowl-
edge of the species’ ecology, iv) computational efficiency and v) automatic

estimation of prediction uncertainty.

Using a dataset of 227 terrestrial vascular plant distributions within the
UK we compare GRaF’s predictive accuracy with that of widely used
species distribution models and demonstrate that GRaF outperforms Boosted
regression trees, Generalized additive models and MaxEnt. Finally, we
discuss potential extensions for the approach, including spatially explicit

and multi-species models and models for count data.
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Introduction

Species distribution models (SDMs), in their basic form, attempt to model the dis-
tribution of species using environmental conditions as predictors. Typically these
models make use of records of the distribution of the species in question and gridded
datasets of environmental variables to generate maps of the species’ predicted distri-
bution. In recent years SDMs have become some of the most widely used methods in
ecology (Elith & Leathwick, 2009), providing essential tools for both theoretical and
applied research. Among other applications, SDMs are used to investigate drivers
of global biodiversity patterns and to guide conservation policy and public health
interventions (Lehmann et al., 2002; Sinclair et al., 2010; Sinka et al., 2010).

A wide range of different approaches has been suggested for SDMs, ranging from
relatively simple ‘envelope’ models and commonly used statistical methods such as
logistic regression to more complex methods such as those developed in the field of
machine learning (Elith et al., 2006). These approaches have a number of features

which determine their suitability to model species distributions including:

Predictive performance. Predictive accuracy is likely to depend on a number
of factors, amongst which the ability to model complex (non-linear) interactions
between drivers of species’ distributions seems to be particularly important
(Elith et al., 2006). Preventing the model from overfitting to the training data
(modelling random noise, rather than the true ecological response) will also
increase predictive performance when the model is applied to new datasets

(Wenger & Olden, 2012);

Imperfect data. SDMs are often applied to distribution records opportunis-
tically collated from a variety of different sources, rather than from planned
surveys. Such datasets are prone to various sources of error, such as observa-
tion bias, a lack of absence records and uncertainty in the location or reliability

of individual records (Newbold, 2010; Elith et al., 2010). Failure to account for

111



these sources of error can lead to biased model predictions.

Predicted distribution maps are often needed for species where few occurrence
data are available (Pearson et al., 2006). In these cases it may be useful to
augment these limited data with existing knowledge of the species’ ecology

(Murray et al., 2009).

Computational efficiency. SDMs are often required to be run in batch op-
erations, where the distributions of multiple species are modelled at once. For
routine analyses such as these, SDMs which are relatively quick to run and do

not require much user input are advantageous.

Prediction uncertainty. SDM predictions typically represent the model’s
best guess at the species’ distribution, given the occurrence and environmental
data available. These predictions are usually subject to multiple sources of
uncertainty in the data and model parameters. It is therefore desirable to
provide maps quantifying uncertainty in these predictions (Elith et al., 2002;

Guisan & Zimmermann, 2000).

Gaussian random fields (GRFs; also known as Gaussian processes - particularly
in the machine learning literature (Rasmussen & Williams, 2006)) provide a flexible
approach to fitting complex statistical models. Most applications of GRFs in ecology
require the use of computationally expensive Markov chain Monte Carlo samplers
(Patil, 2007; Sigourney et al., 2012). Whilst MCMC is a useful approach to fitting
complex models it can be very time consuming and requires the user to supervise
the model fitting process. These limitations make such procedures impractical for
the routine fitting of SDMs (though see Vanhatalo et al. (2012)). We propose that
latent GRF models fitted using efficient numerical appproximations can overcome
these drawbacks and provide a solution to a number of issues inherent in species
distribution modelling. A software package GRaF for the statistical programming

language R (R Development Core Team, 2012) is provided to allow users to employ
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these methods for fitting SDMs.

Below, we illustrate how GRF models work, demonstrate GRaF’s solutions to
some problems commonly encountered in SDM and compare GRakF’s predictive ability
with other commonly used approaches on a large dataset of known vascular plant
occurrence records. The advantages and limitations of GRaF and potential avenues

for future enhancements of the approach are discussed.
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Gaussian random field models

While most statistical models attempt to describe the relationship between covariates
and the response variable by parameterising some equation (e.g. linear regression),
GRF models instead describe this relationship based on an assumption that obser-
vations with similar covariate values will yield a similar response value. The model
then uses the available data to construct a normally distributed, correlated ‘field’ of
variables which give rise to the observed response variable.

The approach of fitting models based on similarity (or dissimilarity) between sites,
rather than fitting directly to the covariates, is shared by a number of related ‘kernel
methods’ such as kernel regression (used in Generalised dissimilarity matrix models
(Ferrier, 2002; Ferrier et al., 2002)), kernel support vector machines (Evgeniou et al.,
2005) and kriging (Rogers & Sedda, 2012). The explicit Bayesian statistical treatment
of GRF models enables a number of useful model-fitting procedures and extensions
which would be difficult to implement for many of these other methods

The GRF approach is widely used in the field of model-based geostatistics (Diggle
& Ribeiro Jr, 2007), where the covariates are the geographic location or the time of
the observation and the GRF therefore models spatial or temporal correlation. GRaF
takes this concept and applies it to environmental covariates to model the response
variable - probability of presence.

A technical explanation of how this is achieved, and a statistical formulation of
the GRaF model, are given in Appendix 5.A. Here we provide an illustration of how
GRF models differ from other SDMs, using as an example the effect of temperature

on the probability of presence of a hypothetical species.

Covariance function

In order to construct the GRF we first calculate the environmental distances between
observations. In our example the environmental distances are simply the difference

in temperature between each pair of sites (Fig. 5.2.1a). In a model with more co-
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Fig. 5.2.1: Illustration of the covariance function. Panel a shows the observed
presence-absence data (points) and the true underlying probability of presence
given temperature (dashed line). Panel b shows how the covariance function
relates differences in temperature between sites to correlation between prob-
ability of presence at these sites, given three different lengthscale parameters
(discussed in the text). Models fitted to the data using these three lengthscales
are shown in Fig. 5.2.2.

variates we would calculate the multi-dimensional Fuclidean distance. We convert
these distances into expected correlations in probability of presence between sites us-
ing a covariance function. There are a number of different covariance functions that
we could use, but GRaF employs a squared-exponential covariance function since
it is easy to parameterise and produces ecologically plausible smooth curves. As
well as the distances between observations, we must supply the covariance function
with a lengthscale parameter for each environmental covariate in the model. These
lengthscales control how correlation between observations decays with environmental
distance and therefore the complexity of fitted response curves. Fig. 5.2.1b shows
how this function converts temperature difference to expected correlation given three
different lengthscales. Assuming a lengthscale of one degree, the expected correlation
between two observations with a one degree difference in tempreature is around 0.6,
whereas with a difference of two degrees this drops to around 0.14. With a longer
lengthscale, these expected correlations will be higher, resulting in a less complex

fitted line (Fig. 5.2.2). In practice lengthscales do not need to be specified in advance
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as they can be estimated from the data, though we may wish to inform the model of

how likely different lengthscales are for the species being modelled.
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function at the mean probability of presence (upper row) or a mean function representing some prior knowledge about how
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Mean function

In addition to these expected correlations, we specify a mean function: an initial
estimate of how the response variable changes with the covariates. If nothing is
known about how the probability of presence of a species depends on temperature,
a flat mean function is used, which assumes an equal probability of presence at all
temperatures. If we have some prior knowledge that the species is more likely to
be present at low temperatures than at high temperatures, we can incorporate this
information into the model. For example, the mean function could be a linear model
(with fixed parameters) relating temperature to probability of presence.

Fig. 5.2.2 demonstrates the effects of these two different mean functions on our
model, with varying lengthscales. We can see from this illustration that where there
are enough observations, the mean function has little effect on the fitted line, but
where there are few datapoints, such as toward the limits of the recorded temperature

range, the mean function determines the shape of the fitted response.
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GRaF
Model structure

Machine learning algorithms such as boosted regression trees (BRT; Elith et al.
(2008a)) have been shown to perform very well at predicting species distributions
(Elith et al., 2006). It seems likely that this performance is due to their ability to fit
complex and highly non-linear responses to environmental covariates.

A drawback of BRT and similar methods is that they fit ‘jerky’ and biologically im-
plausible predictive responses which may contribute to their tendency to overfitting
to training data (i.e. they fit to noise in the data as well as the species’ distribu-
tion, Wenger & Olden (2012)). By comparison, more traditional approaches such as
univariate generalized additive models (GAM; Hastie & Tibshirani (1986)) fit more
biologically realistic smooth functions. Whilst some implementations of GAM can
fit multivariate smoothers (Wood, 2011), they perform poorly in more than a few
dimensions so are unable to account for complex interactions.

GRaF offers an attractive solution to this trade-off between model flexibility and
ecological realism by allowing for interactions between, and highly non-linear ef-
fects of, covariates, whilst fitting biologically plausible smooth predictive surfaces

(see Fig. 5.3.1).

Uncertainty in occurrence data

Modellers often want to make high resolution predictions from high resolution grid-
ded environmental data but are often hampered by the low resolution of the species
occurrence data. This mismatch in resolution is problematic when the modeller needs
to extract covariate values corresponding to each record, since there will be a number
of different covariate values from which to choose. Thus the problem of uncertainty
in the record location can be more usefully considered as uncertainty in the measured
value of the environmental covariate for each occurrence record. A simple approach

to this problem is to fit the model using the mean of the covariate values. Whilst
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Fig. 5.3.1: Predictive surfaces fitted by boosted regression trees (BRT), a gen-
eralized additive model with univariate smoothers (GAM) and GRaF to sim-
ulated data with a strong non-linear interaction. The true surface represents
the probability of presence of a hypothetical species in response to temperature
and rainfall. Models were fitted to 1000 random presence/absence observations
drawn from the true probability surface. R code used to fit these models is
provided as supplementary material.



straightforward to implement, this approach ignores the uncertainty in the covariate
and can lead to regression dilution, which dampens the apparent effect of a covariate
on the species distribution.

The problem of regression dilution has been well studied in statistics (Frost &
Thompson, 2000) and measurement error models have been proposed to deal with
this bias in SDMs (Mclnerny et al., 2011) and other ecological models (McNamara
& Harding, 2004). As well as the mean of the environmental covariates for each
record, measurement error models use an estimate of the error variance (which in
the case of spatial error may be calculated from the multiple covariate values for
each record) and use this information to correct for the regression dilution effect.
Whereas most measurement error models are fitted by computationally expensive
Markov chain Monte Carlo methods, GRaF fits these at negligible computational
cost by accounting for this error within the covariance function (see Fig. 5.3.2). This
approach is detailed in full in (Dallaire et al., 2011).

GRaF also allows users to provide weightings to individual records in order to
account for the variable reliability of different records or to account for observation
bias (Phillips et al., 2009) in a similar way to the bias grids available in other SDMs
(Elith et al., 2010).

Incorporating prior ecological knowledge

Often when modelling species distributions with few occurrence data there are other
forms of information about the ecology of this or similar species which could be used
to improve the model. For example experimental studies may have demonstrated a
relationship between the species’ ability to persist and some environmental gradient.
In such cases it may be desirable to incorporate this prior knowledge of the species
ecology into the model to augment the occurrence data. Unfortunately this is not
easily accomplished in many current SDMs.

Bayesian statistical inference provides a convenient way of incorporating prior

information of this sort into statistical models and has become increasingly popular
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Fig. 5.3.2: Comparison of predictive surfaces fitted by GRaF models to simu-
lated data with the covariate measured under error either ignoring measurement
error (standard model) or accounting for it (error model). Solid lines give pre-
dictions and shaded regions represent 95% credible intervals. Three hundred
presence-absence points were generated from the true model (dashed line) given
the correct value of the covariate (tick marks outside box, presence on top line
and absence on bottom line). Normally distributed random noise was then
added to simulate covariates measured under error (tick marks insode box).
Both models were then fitted to these data with measurement error. The error

model was provided with the correct standard deviation of the error (0.5) whilst
the standard model ignored the error.




in ecology (see e.g. McCarthy (2007)). In a Bayesian model the user specifies a
prior probability distribution over each model parameter, representing their existing
knowledge about what values of the parameter are likely. The model then compares
this prior probability with the parameter estimate suggested by the data and produces
a form of weighted average over the two; the posterior distribution. As the amount
of data available to the model increases, the impact of the prior on the posterior
diminishes.

GRakF allows the user to incorporate ecological knowledge into distribution models
by manipulating two Bayesian priors: the mean function and the lengthscale hyper-
prior. The mean function acts as a prior over the whole SDM and can be used to
incorporate specific knowledge of the species’ response to environmental gradients,
such as findings from experimental studies. The lengthscale hyperprior determines
how likely different lengthscales are and can be used to inform the model how rapidly
probability of presence is likely to change with different values of the environmental
covariates.

If neither of these priors are manipulated by the user, GRaF fits a non-informative,
flat mean function, as in Fig. 5.2.2 and an informative lengthscale hyperprior which

represents ecologically plausible response curves (described in Appendix 5.A).

Uncertainty in model predictions

As with any model, predictions from SDMs are uncertain estimates of the probability
of presence of the species. Where these predictions are to be used for some practi-
cal purpose it would be beneficial to provide maps representing the uncertainty in
the predicted distribution map (Elith et al., 2002). Such maps allow users to deter-
mine how much confidence they can place in a given prediction, information which is
especially valuable where the predictons have policy implications.

SDM uncertainty estimates can be produced by bootstrapping data (Elith et al.,
2002) though this requires models to be run many hundreds of times and can therefore

be computationally prohibitive.
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GRaF models automatically produce estimates of uncertainty in model predic-
tions, without the need for bootstrapping procedures. Fig. 5.3.3 illustrates predic-
tions and associated uncertainty estimates from a GRaF distribution model of a plant

species, Bog Myrtle (Myrica gale), in the UK.
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Fig. 5.3.3: True and predicted distributions of Bog myrtle (Myrica gale; preva-
lence 0.27) in Great Britain. Shown are the true distribution, the predicted
distribution from a GRaF model (the Maximum a posteriori prediction), and
lower and upper bounds on this prediction, representing our uncertainty in it
(95% credible intervals, automatically generated by GRaF). The GRaF model
was fitted to 300 presence-absence data points - around 10% of the dataset.



Comparison of GRaF with existing SDMs

We compared the predictive ability of GRaF with commonly used approaches for
modelling species distributions from both presence-absence and presence-only data.
All model fitting, prediction and statistical analysis were performed in R version 2.15.
All R code and data used to carry out these analyses are provided as supplementary

material.

Methods
Data

Gridded presence/absence maps of native terrestrial vascular plant species of Great
Britain at 10 km resolution were obtained from the New Atlas of the British and Irish
Flora (Preston et al., 2002). Of the 1335 distributions in the original dataset, a subset
of 227 species of different genera was selected for the model comparison. Criteria for
selection of these species are outlined in Appendix 5.B. The distribution of British
plant species is well characterized at this spatial scale, so records were assumed to
represent known presence or absence which is essential to compare models fairly. The
227 plant species selected had a wide range of prevalences (proportion of grid squares
occupied; ranging from 0.075 to 0.925, median 0.394), a factor known to influence
the accuracy of SDMs (McPherson, 2004) and inhabited a wide range of habitats (see
Fig. 5.B.1).

Maps of 10 indices of environmental conditions were used as covariates for model
fitting and prediction. These were derived from a time series of satellite images of
the UK by subsequent Fourier decomposition and principal components analysis to
produce variables representing the major axes of environmental variation in the UK.
The advantage of these abstract indices is that they compress a large amount of
information on conditions and seasonality (the ten principal components explain 90%
of variation in the Fourier variables) into relatively few orthogonal variables which

enable us to make accurate predictions (Dormann et al., 2008). Whilst they are
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difficult to to interpret biologically, the first three indices appear to correspond to
gradients from arable land to pasture, lowlands to uplands, and urban areas to rural
areas. Details of this dataset and how it was produced are given in Appendix 5.B.
All models were fitted using the full set of 10 covariates.

A total of 2774 10 km grid squares contained both distribution data and environ-

mental data and were used to evaluate the different modelling approaches.
Presence/absence models

For the presence/absence comparison we compared GRaF with BRT and GAM. For
each of the 227 species 300 grid squares (10.8% of available records) were selected at
random and used to train each of the three models.

Model predictions for the remaining 2474 grid squares were then used to com-
pare the predictive ability of the models. GRaF models were fitted using GRaF
0.1-0 (Golding, 2013), optimising the lengthscale parameters and otherwise using de-
fault settings. BRT models were fitted using the gbm.step function in dismo 0.7-17
(Hijmans et al., 2012) with 5-fold cross validation, a tree complexity of 5, and an
initial learning rate of 0.001. The learning rate was consecutively halved by an al-
gorithm until a minimum of 1000 trees were fitted (in accordance with (Elith et al.,
2008a)). GAM models were fitted using gam 1.06.2 (Hastie, 2011) with univariate

spline smoothers for each covariate and default settings.
Presence-only models

For the presence-only data we compared GRaF with MaxEnt (Phillips et al., 2006),
one of the most widely used approaches for modelling species distributions (Yackulic
et al., 2012).

In order to generate predictions about the probability of presence of a species using
MaxEnt, the user must supply the model with an estimate of the species’ prevalence in
the study area. This information is not contained within the presence or background

data and if not provided MaxEnt outputs can only be interpreted as a ‘index of
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habitat suitability’ (Elith et al., 2011). Equally, when fitting a model designed for
presence/absence data to presence-background data it is important to select a ratio
of background points to presence points equivalent to what what would be expected
in a random sample of presence/absence data (Ward, 2007) in order to minimise bias
in the predictions. In most cases it seems likely that the modeller could make an
informed estimate of the prevalence of a species in the study area (though subject to
some error) and correct the model, and this is the situation that we consider here.
For each species we selected 100 presence records at random from the dataset and
1500 randomly selected background points. We then fitted MaxEnt models to these
1600 data points and made predictions after correcting the model prevalence estimate
using the species’ prevalence in the entire presence-absence dataset. We fitted GRaF
models to the same 100 presence records and a subset of the background points so that
the ratio of presence to background points is equal to the prevalence. The remaining
1174 grid squares were then used to compare the models. GRaF models were fitted
as for presence-absence data and MaxEnt models were fitted using dismo 0.7-17 with

default settings.
Statistical analysis

For each model/species we compared the predicted probability of presence with true
presence/absence on the withheld data. We used two metrics of predictive perfor-
mance: the model deviance (Zuur et al., 2007) and classification rate (proportion
of grid squares correctly classified as presence or absence) using a threshold of 0.5.
Since we produce predictions of the probability of presence, rather than a metric of
suitability, a threshold of 0.5 is the natural choice, since it classifies the predictions
according to the most probable case. We do not present results for the widely used
AUC metric, since it is subject to a number flaws which limit its use for comparing
between modelling approaches (Lobo et al., 2008).

The results were analysed by mixed-effects regression, implemented using the nlme

R package version 3.1-106 (Pinheiro et al., 2012). In each regression the response
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Fig. 5.4.1: Marginal deviance of model predictions to withheld training sets
for presence/absence and presence-only data. Centre lines give means, boxes
give standard deviations, lower deviance represents a better prediction. Pres-
ence/absence and presence-only models were tested on datasets of different sizes
so deviances are not comparable between the two panels.

variable was the metric of predictive performance (deviance or classification rate)
and the covariates were SDM (modelled as a fixed effect) and plant species (modelled
as a random effect in order to account for the nested study design).

Marginal deviance scores were calculated from the residuals of null models with
an intercept term and random effects terms for plant species, but no model term.
These marginal deviances enable us to visualise the expected deviance from each

SDM whilst removing species-level effects.

Results

GRaF models made more accurate predictions to the witheld data than other models
for both presence-absence and presence-only data (Fig. 5.4.1). Predictive deviances
for presence/absence GRaF models were 81.7 (£ 14.0 SE, t450 = 5.83, p<0.0001)
lower than for BRT and 320.9 (£ 14.0 SE, t450 = 22.90, p<0.0001) lower than for

GAM models. Predictive deviances for presence-only GRaF models were 108.5 (+
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6.7 SE, ta6 = 16.13, p<0.0001) lower than for MaxEnt models.

This pattern was mirrored in classification accuracies, with BRT classifying 0.6%
(£0.06 SE, t452 = 9.71, p<0.0001), GAM 1.3% (£0.06 SE, t452 = 20.40, p<0.0001)
and MaxEnt 3.8% (40.33 SE, tas = 11.77, p<0.0001) fewer grid squares correctly
than GRaF’s average rates of 82.5% and 79.5% respectively for the presence/absence
and presence-only data.

GRaF models explained 28% of null deviance for presence/absence data and 20%

for presence-only data.
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Discussion
SDM comparison

In our comparison GRaF clearly outperformed a number of popular SDMs, includ-
ing BRT which has been shown to be one of the best performing of existing SDM
approaches (Elith et al., 2008Db).

In this comparison, we fitted each model following best-practice guidelines where
available and default settings otherwise. We also compared models across a very
large dataset of species distributions with varying prevalences. We therefore consider
this to be a fair comparison of the SDMs considered. Further comparisons of these
methods, with different datasets and modellers, would be useful in order to evaluate
the performance of GRakF.

In the presence-only comparison, we provided GRaF and MaxEnt with informa-
tion about the prevalence of the species. User specification of the species’ prevalence
is necessary in order to make a prediction about the species probability of presence
(see Phillips & Elith (2013) and for a formal proof Ward (2007)). Unfortunately
this important aspect of presence-only SDM appears to have been largely overlooked,
with the output of uncorrected MaxEnt models in particular being very often misin-

terpreted as predictions of probability of presence (Yackulic et al., 2012).

Advantages of a Bayesian approach

GRakF’s ability to incorporate prior ecological knowledge and account for uncertainty
in occurrence locations stem from its use of a Bayesian statistical approach. These
features are likely to prove useful where there are few occurrence records (Murray
et al., 2009) and where there is a well-understood environmental driver of a species’
distribution, such as a temperature limit on the distribution of a disease (Gething
et al., 2011). The same approach could be used to integrate process-based ecological
models (Dormann et al., 2012) with the more commonly used correlative SDMs.

By taking a Bayesian approach, GRaF can produce estimates of uncertainty in
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model predictions, by considering a probability distribution over the predicted values
(accounting for uncertainty in the shape of the GRF) rather than making a single
‘best guess’ prediction, as is the case with most SDMs.

Whilst GRaF predictions account for uncertainty in the shape of the GRF, they
do not account for uncertainty in the lengthscale hyperparameters, but are condi-
tional on an optimum estimate calculated from the dataset. Conditional posterior
predictions are likely to satisfy most SDM users’ requirements since most widely used
SDMs do not provide any measure of prediction uncertainty, let alone accounting for
uncertainty in hyperparameters. If required, predictions accounting for uncertainty in
hyperparameters (or other variables, such as a prevalence estimate for presence-only
data) can be approximated by numerical integration (e.g. a deterministic algorithm
as in (Rue et al., 2009) for models with parameters, or otherwise by Monte Carlo).
Such a procedure will inevitably be more computationally intensive, but is likely to

be far more efficient than alternative approaches such as MCMC.

Computational efficiency

GRaF models are fairly computationally efficient, with model fitting times to the
300 presence-absence datapoints in our comparison similar to those of BRT models
(GRaF: mean 60.8s £+ 21.41 SD cf. BRT: 43.7s £ 25.97s SD, n = 227). GRaF
seems efficient for datasets of up to a few thousand datapoints and running our R
implementation on a desktop computer is likely to be sufficiently fast for the majority
of users.

Unfortunately, fitting times for GRaF models scale non-linearly with the size of the
dataset (due to multiple matrix decompositions of O(n?) complexity), so for very large
data sets, GRaF models can be disproportionately slow. For users who wish to model
very large datasets efficiently, substantial speed-ups can be achieved by exploiting
parallel computing. Since GRaF uses R’s basic functions for linear algebra (which
in turn call third-party linear algebra libraries) GRaF can be efficiently parallelised,

without any additional coding, simply by linking R to a parallel linear algebra library
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(see e.g. Schmidberger et al. (2009)).

Model complexity

GRaF can fit models with highly-complex interactions between covariates, a feature
which probably contributes greatly to its predictive performance. When using com-
plex models such as this it is important to avoid owverfitting to the training data -
finding patterns in random noise and therefore producing biased predictions to new
datasets. Common approaches to dealing with this problem include stepwise covari-
ate selection procedures, which seek to find a parsimonious subset of the available
covariates which explain the data well; and regularization (e.g. the ‘lasso’ which is
used in MaxEnt, among others (Tibshirani, 1996)) which is used during model fitting
to include only the most important covariates.

GRaF tunes the model hyperparameters using the model marginal likelihood (Ras-
mussen & Williams, 2006) and therefore automatically reaches an optimal trade off
between model fit and complexity. GRaF therefore reduces the influence of envi-
ronmental covariates with little explanatory power and prevents model overfitting,
without requiring the user to carry out a stepwise selection procedure.

A downside of fitting models with high-dimensional and non-linear interactions is
that it becomes harder for the user to interpret the relationship between the species
and its environment. This problem is not unique to GRaF, but is an inevitable
trade-off when modelling complex data.

The GRaF R package provides functions to help users to interrogate GRaF models.
The effects of individual covariates on probability of presence can be visualised, as
can two-way interactions between covariates. Models can also be compared using
deviance information criteria (Spiegelhalter et al. (2002), an equivalent of commonly
used information criteria, such as Akaike’s (Akaike, 1973), for hierarchical models) to
quantify the relative importance of covariates in driving the species’ distribution. A
worked example modelling the distribution of Bog Myrtle and demonstrating these

features is provided in appendix C.
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Future work

Though GRaF is currently designed to fit the kinds of SDMs that are most commonly
used at present, the approach could be extended in a number of ways. Since latent
GRF models include, as a special case, a large subset of generalised linear mixed-
effects models (Rue et al., 2009) GRaF could easily be extended to model abundance
data, nested study designs and spatio-temporal autocorrelation. Community GRaF
models could also be implemented to allow users to fit models for whole communities
of species, parameterising and accounting for correlations between their distributions
(Wisz et al., 2013; Kissling et al., 2011). GRaF’s open source R implementation will

facilitate these extensions.
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Appendix 5.A Statistical explanation and specifi-
cation

5.A.0.1 Linear regression

The basic linear regression model can be written as follows:

y ~ N(u, %)
uw=a+ pfx
Y = Io? (5.A.1)

where y is a vector of observed responses, which is assumed to be drawn from
a multivariate normal distribution with mean vector p and covariance matrix . In
order to describe how y responds to changes in the covariates x, we model p as a
linear combination of x and vector of regression coefficients S with intercept . We
also assume that that each element of y is independent conditional on u, so we can
decompose ¥ into an identity matrix I (having diagonal elements 1 and all other

elements 0) and a single variance parameter .

5.A.1 Gaussian random fields

Gaussian random field models also assume that the observations y are drawn from a
multivariate normal distribution, but rather than describing the relationship between
y and x via the mean, p is specified in advance and the relationship is modelled in
terms of the error from the mean. Unlike in the linear regression model, these errors
are assumed to be correlated, with the expected correlation between any two errors
defined by a covariance function.

We can therefore specify a Gaussian random field model as:
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y ~ N(u, %)

p=f(x)
2= g(X7 l)

where f(x) is the mean function, evaluated at x and g(x, ) is a covariance function
evaluated at x, with lengthscale hyperparameter . We place a normally-distributed
hyperprior over each element of the natural log of [, which we denote 6, with mean
1o and standard deviation oy. This hyperprior defines what values [ can take, and
therefore how smooth the fitted terms are, and is specified in advance, along with the

mean function, to express the modeller’s prior belief in the shape and flexibility of

the GRF.

5.A.2 GRaF - specification

GRaF fits a latent GRF model, allowing us to consider binary (presence/absence)

observations. This model is specified as follows:

y ~ Bernoulli(p)

p = ®(z)
z ~ N(u,X)
p=f(x)

r

Y =yg(xl) = k=1 "3y
where ®(.) denotes the cumulative density function of a standard normal dis-

tribution (the probit link function) which maps the latent GRF z to the vector of

probabilities of presence p and g(.) is the squared exponential covariance function
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Fig. 5.A.1: Default hyperprior distribution (pp = In(10), op = 1) over each
element of the hyperparameter . (a) Hyperprior distribution shown on the
scale of 0. (b) Hyperprior distribution shown on the scale of l;. (c) Examples
of GRFs fitted using hyperparameters at the 0.025 (I, = 1.4, dashed line), 0.5 (I
= 10, solid line) and 0.975 (I = 71.0, dotted line) quantiles of the hyperprior.

for m covariates and ry is the symmetric matrix of environmental distances between
records for covariate k. When an error measurement is supplied with the covari-
ates, the squared exponential covariance function of Dallaire et al. (2011) is used to
incorporate this error.

GRaF users may specify a mean function f(.) and parameters py and oy of the
hyperprior in order to reflect their prior knowledge about the species being studied.
By default we set f(x) to return the species’ prevalence as calculated from the input
data (a prior which assumes no effect of the covariates) and place an informative prior
on 0 with parameters py = In(10) and oy = 1 to represent our belief in relatively

smooth effects of covariates on species’ niches. This prior is illustrated in Fig. 5.A.1.

5.A.3 GRaF - fitting

Whilst there is a closed-form solution to the conditional posterior of a GRF with
normally-distributed response data, finding a solution to the latent-Gaussian model is
slightly involved. We use an iterative procedure to compute a Laplace approximation
(Rasmussen & Williams, 2006) to the posterior distribution of z, conditional on some
value of the hyperparameters 6.

The posterior density of @ is given by:
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p(Oly, ) o< p(yl0, z)p(0) (5.A.4)

where p(0) is the prior probability of € (defined by the hyperprior, described above)
and p(y|@, ) is the marginal likelihood of the model given 6 and is calculated from the
Laplace approximation. We use a standard numerical optimisation routine (BFGS,
implemented using R’s optim function) to find the peak of this density, giving us the
maximum a posteriori estimate for # which we use to approximate the conditional

posterior distribution of the GRF and make predictions from the model.
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Appendix 5.B Data for SDM comparison
5.B.1 Distribution data

Of the 1335 vascular plant distributions available in (Preston et al., 2002), 1098 were
selectively removed, leaving 227 distributions with which to compare SDMs. The

rejection procedure was as follows:

1. Remove any distribution with a name containing the strings: ‘s.l.’; ‘s.str’, ‘agg.’,
or ‘sensu’ since modelling of individual species, rather than species complexes,

is more representative of standard applications of SDM. 95 removed

2. Remove any species with more than 5% of records classed as ‘non-native’ or
which were mapped as ‘native’ (where non-native occurrences were not con-
sidered and which may therefore contain non-native records; see Preston et al.
(2002)), since modelling of non-equilibrium species distributions generally re-
quires specific, case-by-case consideration (see e.g. Elith et al. (2010)). 251

removed

3. Remove species for which distributions may be biased, according to expert opin-
ion (Dr Chris Preston, pers. comm.). Reasons given were: incomplete recording,
failure to distinguish between native and alien spp., species status debated or

discredited. 7 removed

4. Remove species classed as hydrophytes since their distributions are likely to be
dependent on very local water conditions poorly described by remotely sensed

imagery. 102 removed

5. Retain one species at random from each genus to reduce the chance of phyloge-
netic correlation (and associated correlation of preferred habitat types) between

species from reducing the independence of the data points. 522 removed

6. Remove species with prevalence <0.075 or >0.925 to ensure that each distribu-

tion contained at least 200 presence and 200 absence records, enough to enable
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both training and testing of models. 131 removed

The distributions of the remaining 227 vascular plant species showed no clear habi-

tat bias, though species richness displayed a slight north-south gradient (Fig. 5.B.1).

197

148

[(o]
o
number of species

Fig. 5.B.1: Density of presence records for the 227 vascular plant species used
to compare SDMs

5.B.2 Environmental covariates

In order to build distribution models for the plant data, we require gridded maps of
environmental data. We produced maps of the major axes of enviromental variation
in Great Britain, derived from a 7-year time series of high-resolution satellite images.

Unlike maps of land cover or meteorological conditions from weather stations
which are commonly used for building SDMs, satellite imagery has the advantages
that it is directly recorded at high resolution (rather than being interpolated from
a small number of sites) and represents a continuous measure of environmental con-

ditions (rather than subjective land cover classes). Whilst a single satellite image
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provides useful information about environmental conditions, by using a time series of
images, we are able to capture additional detailed information of seasonal change.

High resolution (approx. 200m?) satellite images of Great Britain, recorded by
the moderate-resolution infrared spectrometry (MODIS) sensor on NASA’s Terra and
Aqua satellites every 8 days between 2001 and 2007 were obtained. For each pass,
we obtained images of the following three bands: mid infra-red (MIR; raw output of
wavelengths 3-5 pm); enhanced vegetation index (EVI; a metric of vegetation cover)
and normalized vegetation index (NDVI; a metric of vegetation cover complementary
to EVI). In order to render this huge dataset (containing more than 800 images, each
with around 15 million pixels) usable for SDM, it was necessary to compress this
information into a smaller set of gridded maps. The imagery were first decomposed
using a temporal Fourier analysis (TFA) procedure, designed specifically for MODIS
data and described in detail in (Scharlemann et al., 2008). This procedure returns, for
each pixel and each band, 10 variables: the mean, variance, maximum and minimum
of the band and 6 Fourier components: the phase and amplitude of annual, bi-annual
and tri-annual cycles. These TFA variables together describe the temporal pattern of
each band within each pixel, and have been successfully used in SDMs (Rogers et al.,
2002; Gilbert et al., 2005; Johnson et al., 1998). Whilst the Fourier components
within each band are orthogonal to one another, correlations remain between bands
and with the other TFA variables.

We use principle components analysis (PCA) on these 30 TFA variables, plus an
elevation map at the same resolution from the Shuttle Radar Topography Mission
(Farr et al., 2007), to derive a set of 31 orthogonal principle components which de-
scribe the major azes of environmental variation in the TFA variable dataset. The
first 10 principle components represent around 90% of the total variation in the TFA
dataset (see Table 5.B.1) and we retain these for use in the SDM comparison. In
order to model the plant distribution data at 10km resolution, we resampled the
maps of these 10 components from 200m resolution to 10km resolution (the spatial

distribution of these principal components is shown in Fig. 5.B.3).
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Whilst it would have been possible to carry out the PCA on the original MODIS
time series, this would have required the highly computationally-intensive decompo-
sition of a matrix of around 12 billion elements. Carrying out the PCA on the TFA
variables (which had already been produced prior to this study) required decomposi-
tion of a much smaller matrix.

Despite the comparatively high information content of these principle components,
they have the disadvantage that they are not as directly ecologically interpretable as
other commonly used environmental variables, such as land cover classes. In order to
interpret the environmental gradients that these indices represent, we compare each
of the 10 principal components with broad land cover classes at the same resolution
obtained from the CEH land cover map 2000 (Fuller et al., 2002) (Table 5.B.1). The
first three components appear to represent gradients from Arable land to pasture,
from lowlands to uplands and from urban areas to coniferous woodlands respectively.

The ability of these components to describe environmental variation becomes more
clear when they are combined. Fig. 5.B.2 combines the first three principal compo-
nents. It is clear in this figure that arable land (red), pasture (yellow-green), uplands
(purple) and urban areas (turquoise) are well described by the first three principal
components. The additional components will combine to describe finer details of the

environment which may be equally as important for describing species’ niches.
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Fig. 5.B.2: Composite image showing the spatial distribution of principal com-
ponents 1 (green), 2 (blue) & 3 (red) in Great Britain. These three components
account for 60% of the total variance in the TFA dataset.

pPC1 PC2 PC3 PC4 PC5 PC6 PC7T PC8 PC9 PCI10

Broadleaved/mixed woodland 0.10 -0.52 -0.03 0.13 0.21 -0.12 0.10 0.04 0.21 0.37
Coniferous woodland 0.08 0.19 0.59 0.13 -0.09 -0.02 0.10 -0.22 0.26 0.21

Arable & horticulture -0.29 -0.86 -0.41 -0.11 0.10 -0.29 -0.05 0.04 -0.03 0.07

Improved grassland  0.42  -0.56 0.11 0.22 0.22 -0.17 0.21 0.11 0.25 0.24
Semi-natural grassland  -0.06 0.14 0.49 0.36 0.05 0.20 0.18 -0.09 0.11 0.40
Mountain, heath & bog -0.04  0.64 0.58 0.22 -0.24 0.12 0.10 -0.24 0.07 0.12
Built-up areas & gardens 0.04 -0.62 -0.50 -0.02 0.34 -0.11 0.08 0.15 -0.06 0.22
Standing open water  -0.15 0.26 0.10 0.06 -0.10 0.20 -0.06 -0.06 -0.10 0.11

Coastal 0.19 0.22 -0.24 -0.25 0.12 0.08 -0.14 0.17 -0.29 -0.49

Oceanic seas 0.19 0.36 -0.18 -0.31 0.05 0.12 -0.18 0.18 -0.27 -0.52

Proportion of variance explained 0.27 0.22 0.11 0.08 0.05 0.04 0.03 0.03 0.02 0.02
Cumulative proportion explained 0.27 0.49 0.60 0.68 0.73 0.77 0.80 0.83 0.85 0.87

Table 5.B.1: Spearman’s rank correlation coefficients between principal compo-
nents and broad land cover classes from LCM 2000, and proportion of variance
of TFA components explained by each component. The strongest positive and
negative correlation coefficients between each principal component and land
cover classes are given in boldface.



PC1(27%) PC2 (22%) PC3 (11%) PC4 (8%) PC5 (5%)

PC6 (4%) PC7 (3%) PC8 (3%) PC9 (2%) PC10 (2%)

Fig. 5.B.3: Spatial distribution of principal components in Great Britain. Darker shades represent higher values of the
component. Proportion of variance in TFA dataset explained by each component is given in brackets.

¢S1



Appendix 5.C Demonstration of GRaF R package
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Introduction

We demonstrate here some features of the GRaF R package for fitting species distribu-
tion models using Gaussian random fields. As an example, we model the distribution
of Bog Myrtle (Myrica gale) in Great Britain using data detailed in the methods sec-
tion and Appendix B. We assume that both the GRaF package and the raster package
are installed and that the file BogMyrtleData.RData is the working directory.

Loading and extracting data

We load these packages and data:

> library(GRaF)
> library(raster)
> load(BogMyrtleData.RData)

BogMyrtleData.RData contains three objects: PCs - a RasterBrick object con-
taining 10 Principal Components environmental layers; BM - a RasterLayer object
with the known distribution of Bog Myrtle at 10km resolution, and points - a Spa-
tialPoints object (from the sp package, loaded by raster) with the 300 randomly
selected grid squares used in the model comparison.

We only use the first 100 of these random datapoints and the first 3 environmen-
tal layers. We plot the random points over the known distribution along with the
environmental covariates:

> par (mfrow = c(1, 4), mar = c(1, 1, 2, 1), oma = c(2, 0, 2, 0))

greys <- colorRampPalette(c(light grey, black))

plot(BM, col = c(light grey, dark grey), axes = F, box = F,
legend = F, main = Bog Myrtle)

vV Vv

> plot(points[1:100], add = T, pch = 21, cex = 0.3)

> plot(PCs, 1, col = greys(50), axes = F, box = F, legend = F)
> plot(PCs, 2, col = greys(50), axes = F, box = F, legend = F)
> plot(PCs, 3, col = greys(50), axes = F, box = F, legend = F)



Bog Myrtle

To fit the models we extract the environmental data and occurrences for the 100
random points:

> y <- extract(BM, points[1:100])
> x <- extract(PCs[[1:3]], points[1:100])
> x <- data.frame(x)

Fitting and visualising GRaF models

To begin with we fit a graf model to this data without tuning the hyperparameters
by setting opt.l = FALSE. When we do this graf makes a guess at appropriate
hyperparameters from the data. Details of how it does this are given in the helpfile,
which can be accessed using ?graf.

> ml <- graf(y, x, opt.1l = FALSE)

We set up the plotting panel and use graf’s plot function to visualise the fitted
random field along each of the covariates, along with 95% credible intervals and the
presence-absence data shown on the axes. See 7plot.graf for more plotting options.

> par(mfrow = c(1, 3))
> plot(ml)
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We visualise the interaction between the first two covariates with a 3-dimensional
perspective plot by using the plot3d function:

> par(mfrow = c(1, 3))
> plot3d(ml, c(1, 2), prior = FALSE)
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Note that we suppress plotting of the mean function which in this case defaults
to a flat surface.

Model complexity

We can calculate the deviance information criterion (DIC) of the model using the DIC
function.
> DIC(m1)

DIC pD
99.387577 4.605478

DIC also returns the number of effective parameters of the model (pD). This is a
measure of the complexity of the model and is directly analagous to the number of



parameters in standard statistical models such as logistic regression.

We can adjust the complexity of the model by setting the lengthscale hyperpa-
rameters using the 1 argument. We access the lengthscales from our first model and
create a model with much shorter lengthscales (a more complex model) and a model
with much longer lengthscales (a less complex model):

> mi1$l
[1] 8.069940 8.759522 6.820797

> m2 <- graf(y, x, opt.l = FALSE, 1 = m1$1 * 0.1)
> m3 <- graf(y, x, opt.l = FALSE, 1 = m1$1 * 10)
> DIC(m2)
DIC pD
99.96790 13.66754
> DIC(m3)
DIC pD

102.476963  2.107745

We visualise the surfaces fitted by these models:

> par(mfrow = c(1, 3))
> plot(m2)
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> par(mfrow = c(1, 3))
> plot(m3)
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Optimising the lengthscales

In practice we would prefer to calculate an optimal value for the lengthscales and we
can do this by setting opt.1l = TRUE. graf now runs multiple models in an optimi-
sation routine and therefore takes longer to run. Because this optimisation trades
complexity off against fit to the data, it guards against model overfitting in a similar
way to regularisation methods such as the lasso.

> par(mfrow = c(1, 3))
> m4 <- graf(y, x, opt.1l = TRUE)

> m4$l
[1] 10.821436 6.769179 11.956630
> DIC(m4)
DIC pD
99.029131 4.204211
> plot(m4)
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Making predictions

To generate predictions from this model for the rest of Great Britain we extract the rel-
evant environmental covariates and use graf’s predict function (see ?predict.graf

for details).

> unmask <- which(!is.na(PCs[[1]]10[]))
> xall <- extract(PCs[[1:3]], 1:ncell(PCs)) [unmask, ]
> p <- predict(ml, data.frame(xall))

> head(p)

posterior mode lower 95} CI upper 95} CI

[1,] 0.
.3560689
.3206399
.3027491
.2971340
2776231

O O O O O

3590668

0.
.1936734
.1838494
.1671409
.1443506
.1517646

O O O O O

1934960

0.

o O O O O

5569247
.5503185
.4876237
.4730940
.4982656
.4400118

As well as a posterior mode - the ‘best guess’ prediction - lower and upper 95%
credible intervals around these predictions are also provided. We can plot these
predictions by putting them back into a raster file:

> pred <- PCs[[1:3]]

> pred[] [unmask,] <- p

> plot(pred, col = greys(50), zlim
box = F, axes = F, legend

posterior mode

lower 95% CI

Adding prior ecological knowledge

c(0, 1),
F, main

nc = 3,
= colnames(p))

upper 95% CI

We can augment the distribution data with knowledge of the ecology of Bog Myrtle.
As its name would suggest, Bog Myrtle displays a preference for upland bogs, a habitat
with which PC2 is positively correlated (see Appendix B). We specify a simple linear



probit model which assigns high probability of presence to sites with a high value of
PC2, and low probability of presence elsewhere. We plot the fitted surfaces, with the
prior overlaid as a dashed line:

> pri <- function(x) pnorm(-1 + 0.5 * x$PC2)
> mb <- graf(y, x, opt.1l = TRUE, prior = pri)
> par(mfrow = c(1, 3))
> plot(m5, prior = T)
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the predicted surface is a compromise between our prior knowledge of the species’
ecology and what can be determined from the data. We plot the predictions from
this model:

> pred[] [unmask,] <- predict(mb, data.frame(xall))
> plot(pred, col = greys(50), zlim = c(0, 1), nc = 3,

box = F, axes = F, legend = F, main = colnames(p))

posterior mode lower 95% CI upper 95% CI
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Abstract

A number of vector-borne diseases have recently undergone significant
changes in global distribution. Emerging mosquito-borne diseases like
West Nile virus (WNV) could be spread in the UK by native mosquito
fauna. At present there is limited understanding of which areas of the
UK would be at risk from WNV and other diseases if they were to be
introduced. Understanding spatial variation in the risk of mosquito-borne
diseases requires knowledge of the distributions of the potential vector
mosquitoes. Empirical data on these distributions are scarce, so models

are required to increase our identify areas of disease risk.

We collate a comprehensive database of occurrence records for UK mosquitoes.
Using a novel Bayesian framework we incorporate expert-opinion knowl-
edge to build distribution models for twelve species which account for var-
ious sources of bias in the data. The predicted probability of presence of
these mosquitoes is mapped at a national-scale as well as the uncertainty
in these predictions. Using knowledge of the biology of these species, we
map the probability of presence of communities of mosquitoes likely to be

capable of sustaining WNV transmission and infecting humans.

These maps are the first high-resolution distribution maps of UK vector
mosquitoes and provide a tool for assessing risk from mosquito-borne dis-
eases. The distributions of potential WNV vector communities and of
several individual species are positively associated with the distribution
of coastal and floodplain grazing marsh. We identify regions of the UK

where future field studies and surveillance should be focussed to improve
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knowledge of the ecology and distribution of potential vector mosquitoes

in the UK.
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Introduction

Recent years have seen a number of vector-borne diseases extend their global distribu-
tions (Randolph & Rogers, 2010). In some cases pathogens have become established
in new areas following the introduction of efficient exotic vectors (Benedict et al.,
2007). In others, introduced pathogens have been spread by competent native vector
species (e.g. West Nile virus in North America (Hayes, 2001) and Bluetongue virus
in Northern Europe (Carpenter et al., 2009)).

The transmission (and therefore the distribution) of vector-borne diseases depends
on various factors relating to the pathogen, the vectors and the hosts (Reisen, 2010).
Of these, the presence of competent vectors is a pre-requisite for transmission. For
many vector-borne pathogens only a single vector species is required to maintain a
transmission cycle and infect humans. For zoonotic arboviruses such as West Nile
virus (WNV), transmission to humans often requires the presence of multiple vectors.
Ornithophagic mosquitoes can sustain transmission of WNV in an enzootic cycle in
birds but ornithphagic and mammalophagic ‘bridge’ vectors are needed for onward
transmission to humans (Marra et al.,, 2004). In the case of WNV and related ar-
boviruses the risk posed by the disease is therefore conditional on the distribution
of communities of vector species. An understanding of the spatial distributions of
potential vectors is therefore fundamental to identifying areas of disease risk.

Whilst no medically important mosquito-borne diseases are thought to be circu-
lating in the UK at present, a number of pathogens could be transmitted by native
mosquitoes. These include arboviruses such as West Nile, Sindbis and Tahyna viruses
(Medlock et al., 2005, 2007b) and the formerly established malaria-causing Plasmodia
spp. (Kuhn et al., 2003; Hutchinson, 2004) as well as the less common Dirofilaria
(Medlock et al., 2007a). Mosquito species vary in their vector competence for these
pathogens. The risk posed to the UK by these pathogens, both now and in the future,
is therefore dependent upon the distributions of multiple mosquito species (Snow &

Medlock, 2006)
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Previous studies have investigated this risk by considering the distributions of
occurrence records for potential vectors (Snow et al., 1998; Medlock et al., 2007b).
However the scarcity of records and a clear bias in recording effort limit the inter-
pretability of these data. In order to better identify areas at risk, robust continuous
distribution maps of UK mosquitoes are needed.

Species distribution models (SDMs) have been successfully applied to map the
distributions of medically important vector mosquitoes from national (Van Bortel
et al., 2009; Kulkarni et al., 2010) to global scales (Benedict et al., 2007; Sinka et al.,
2010a,b) as well as the diseases they transmit (Rogers et al., 2002; Bhatt et al.,
2013). In their most widely used form, SDMs model the probablity of presence of the
species at a site as a function of the environmental conditions at that site. By making
predictions from these models to a set of gridded environmental variables covering
the area of interest, SDMs can be used to generate maps of the species’ expected
distribution.

Two studies have used SDMs to model the distributions of anopheline mosquitoes
in the UK (Kuhn et al., 2002; Sinka et al., 2010a). These studies generated predicted
distribution maps for Anopheles atroparvus and An. messeae (considered potential
malaria vectors) at 8.5km and 5km resolutions as part of European-scale distribution
models. No maps of the predicted distributions of other mosquito species in the UK
are available in the published literature.

The data used to build SDMs often consist of occurrence records collated from a
variety of different sources, such as museum collections, ad hoc field surveys and the
published literature (Graham et al., 2004). Such data are subject to various sources
of error which can lead to inaccurate model predictions. These include sampling bias
(since people are more likely to look for mosquitoes in some areas than others, Phillips
et al. (2009)) and regression dilution (since locations of many occurrence records are
imprecise Frost & Thompson (2000)). Perhaps the most fundamental flaw is that most
observations provide presence-only data, consisting of records from sites where the

species has been found rather than presence and absence data arising from planned
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surveys. Most SDMs applied to such data may only predict a species-specific index of
the relative suitability of a site for the species, rather than an estimate of the absolute
probability that the species is present (Ward et al., 2009; Elith et al., 2011; Golding,
2013a). To produce robust maps of the distributions of these species which can be
directly compared and combined into communities, we need methods to overcome
these issues.

Here, we collate a comprehensive dataset of the occurrence records of mosquito
species in the UK. We elicit knowledge of the habitat requirements and prevalence
of these species from an expert in their field ecology to augment these data. Using
a new Bayesian approach (Golding & Purse, 2013) we combine these two sources of
information to build models of the probability of presence for each of these species in
the UK. We apply methods to account for error arising from the expert-opinion esti-
mates, imprecise occurrence records and recording bias in the occurrence data. The
approach enables us to account for and present uncertainty in our model predictions.

Using these models, we generate high-resolution maps of the probability of pres-
ence of twelve mosquito species in the UK and combine them to identify areas where
potential WNV vector communities are likely to occur. Interrogating these maps
we identify land cover types associated with individual species and with WNV vec-
tor communites. Finally, we identify regions of the UK where future field research
should be focussed to improve understanding of the ecology and distributions of UK
mosquitoes.

We provide GIS layers of the high-resolution distribution maps in the supple-
mentary material to enable further use of our results. We also provide the complete
dataset of species occurrences and computer code for the statistical programming lan-

guage R (R Development Core Team, 2012) to enable others to repeat our analyses.
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Methods
Mosquito occurrence data

We collated occurence records for UK mosquito species from a comprehensive search
of the published literature and combined these with additional data from online
databases, private collectors, research projects and museums. Records dated be-
fore the 1% January 1970 were excluded, since these historical records may relate
to environmental conditions which are no longer represented by the environmental
covariates.

The online publication databases Pubmed and Web of Knowledge were searched
to identify publications using terms derived from species names of the known UK
mosquitoes as listed in Table 1 of Medlock et al. (2005) with additional terms where
species names have changed. These search terms are listed in Appendix 6.B, Ta-
ble 6.B.1. Additional relevant publications were identified from a comprehensive
bibliography of British mosquitoes (Snow et al., 1997). Publications were obtained
and all post-1970 mosquito records with useable useful geographic information were
extracted.

Occurrence records were also collated from the online data portals of the National
Biodiversity Network (data.nbn.org.uk, which comprises data from the British
Mosquito Recording Scheme) and the MosquitoMap project (www.mosquitomap.org).
Occurrence data were extracted from labelled pinned mosquito collections of the Ox-
ford University Museum of Natural History and the National Museum of Wales. Ad-
ditional occurrence data from planned surveys and amateur collectors were provided
by UK mosquito researchers (Stefanie Schifer and Jolyon Medlock pers. comm.).

Occurrence records for Ochlerotatus cantans and Oc. annulipes were combined
since these two species are very difficult to distinguish morphologically and have
similar habitat preferences (Becker et al., 2010). For brevity, we refer to Oc. can-
tans/annulipes as a single species herein.

Culex. pipiens sensu lato comprises two subspecies in the UK; Cz. pipiens sensu

167


data.nbn.org.uk
www.mosquitomap.org

stricto and Cz. pipiens molestus. These two subspecies are morphologically indis-
tinguishable and have different biology and habitat preferences, though the latter is
thought to be extremely rare. We therefore discarded records identified as Cx. mo-
lestus but refer to the remaining records as Cz. pipiens s.l. whilst considering this
species’ vector role to be that of the vastly more common Cz. pipiens s.s.

Similarly An. maculipennis s.1. comprises three species in the UK: An. atroparvus,
An. messeae and An. daciae (Linton et al., 2005). These three species are very
difficult to distinguish morphologically and are best separated on the basis of their
habitat preferences - with An. atroparvus restricted to coastal marshes and An.
messeae and An. daciae inhabiting a wider variety of habitats with a slight preference
for fresher water (Marshall, 1938; Medlock et al., 2007b). We therefore only considered
records of An. atroparvus and manually removed any records of this species more
than two kilometres from saline to brackish waterbodies since these are likely to be
mis-identifications.

All occurrence records were maintained in a relational database and manually in-
spected to remove duplicates. Geographic locations which were given as place names
were georeferenced and shapefiles were created for all occurrence records in R using
the packages sp and ggmap (Pebesma & Bivand, 2005; Kahle & Wickham, 2012). The
database of occurrence records and associated GIS data are provided as supplemen-

tary material.

Environmental data

We used a gridded dataset of ten principal component indices of environmental vari-
ation in the UK to construct distribution models. These continuous, orthogonal
variables incorporate information on the seasonality of the environment and have
very high spatial resolution (grid cells 190m by 190m). The dataset was derived from
a time series of satellite imagery by Fourier decomposition and principal components
analysis and is detailed in Golding & Purse (2013).

The mosquitoes An. atroparvus and Ochlerotatus detritus are both associated
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with brackish to saline water (Becker et al., 2010) - an environmental factor which is
poorly characterised by satellite imagery. Distribution models for these two species
included a proxy environmental layer for salinity calculated as square root of distance
to the sea in metres. The transformation was applied to reflect the rapid decline in

salinity moving away from the coast and uniform freshwater conditions further inland.

(Gaussian random field models

We constructed latent Gaussian random field (GRF) species distribution models using
the R package GRaF (Golding, 2013b). GRFs have recently been proposed for SDM
(Vanhatalo et al., 2012) and the GRaF approach has been shown to have high pre-
dictive power Golding & Purse (2013). GRaF automatically penalises overly complex
models and prevents overfitting to the data. As a result, computationally expensive
stepwise selection and cross-validation routines required for other approaches were
not needed (Steyerberg et al., 1999; Elith et al., 2008). Because GRaF fits Bayesian
models efficiently using accurate numerical approximations, we were able to generate
large-scale predictions at very high resolution for several species and automatically

estimate uncertainty in these predictions.

Presence-background modelling and prevalence estimates

The available national-scale distribution data consist only of sites where the species
have been found so standard presence-absence distribution models cannot be directly
applied. We therefore applied GRaF in a presence-only framework by augmenting this
data with background records and estimates of the prevalence of each species. By
correcting presence-background distribution models using prevalence estimates, we
generated predictions of the absolute probability of presence of each species, rather
than the maps of relative probability of presence which are produced by standard
presence-background approaches (Elith et al., 2006; Ward et al., 2009).

We carried out this correction using the calibration-corrected naive approach

demonstrated by Golding (2013a) using regression weights. Other available presence-
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only methods have likelihood surfaces which are not log-concave of the likelihood
surface, precluding the use of a number of model fitting procedures (Phillips & Elith,
2011). The calibration-corrected approach does maintain log-concavity and can be
used in conjunction with GRaF. GRaF models fitted to presence-only data using
this method have previously been shown to outperform the commonly used MaxEnt
presence-only model (Phillips et al., 2006) on a large test set of 10km grid scale plant
distributions (Golding & Purse, 2013).

Unfortunately no data are available from which to calculate prevalence of mosquito
species at a national scale. We therefore elicited estimates of species’ prevalences from
expert-opinion using the discrete-habitat prevalence elicitation procedure proposed by
Golding (2013a) with the augmented land cover map for England described below.
In this study prevalence is defined as the number of the UK grid squares occupied
by a species, where the UK contains approximately 6.7 million grid squares, each
measuring 190m by 190m (surface area 0.036km?).

As well as the expert’s ‘best guess’ at each species’ prevalence, we obtained an es-
timate of the expert’s uncertainty (upper and lower bounds) in these prevalences (see
Appendix 6.E). We incorporated this uncertainty into model predictions by fitting
several models with different prevalence estimates and applying an efficient numeri-
cal integration procedure to combine predictions. The resulting maps incorporate the
full distribution of prevalence estimates and incorporate the different possible preva-
lences into the prediction uncertainty. The model fitting and numerical integration

procedure is detailed in Appendix 6.C.

Recording bias

Occurrence data were subject to substantial spatial bias in recording effort, with
clusters of occurrence points corresponding to the locations of surveys or amateur
collectors as well as a general bias toward south-east England (Fig. 6.2.1a). When used
in combination with randomly-selected background samples, spatial bias in occurrence

records can lead to severely biased model predictions (Phillips et al., 2009).
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We corrected for this bias by sampling background records under the same spatial
bias as occurrence records (Phillips et al., 2009). We interpolated occurrence records
for all species using a Gaussian kernel smoother to produce a continuous surface of
recording bias (Fig. 6.2.1b, R code provided in supplementary material) A standard
deviation of 30km was used in the kernel, representing a compromise between the
spatial scale of survey data (i.e. the areas covered by local surveys) and the general
bias towards the south and east of the UK. We then randomly sampled grid squares,
weighted according to this model of recording bias, to generate a population of 1,000

background occurrence records (Fig. 6.2.1c).
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Fig. 6.2.1: a) Spatial distribution of occurrence records of varying spatial precision for all mosquito species. b) Model of
recording bias: an interpolated map of record density for all mosquito species calculated using a Gaussian moving-window
smoother. Darker areas represent a higher recording bias. ¢) Location of the 1,000 background samples used to fit distribution

models.
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Adult dispersal

Whilst our aim was to understand the distribution of the adult mosquitoes which
transmit pathogens, the distributions of mosquito larvae are likely to be more strongly
constrained by environmental conditions. We therefore produced maps of the proba-
bility of presence of larvae of each species. Since the flight range of most mosquitoes
is greater than the 190m grid cells we consider here, it is not clear whether recorded
adult mosquitoes emerged at larval sites in that grid cell or in adjacent cells.
Average dispersal distances are difficult to estimate for adult mosquitoes and
consequently very little information is available in the literature. Becker et al. (2010)
estimate average dispersal distances for adult Cz. pipiens of around 500m, though
they consider this species to have a relatively short flight range. Wherever specimens
were collected as adults or where the life stage was not recorded we increased the area

of the occurrence record by adding a buffer zone of 1km

Imprecise record locations

The spatial location of many of the occurrence records was uncertain, either because
the location was recorded imprecisely or because it related to an adult or mosquito of
unknown life stage. Uncertainty in the true location of occurrence records becomes
problematic when extracting corresponding values of environmental covariates with
which to fit the SDM. A commonly used approach is to take the average values
of environmental covariates in the region of uncertainty. Whilst straightforward to
implement, applying an SDM to these average values but not accounting for the
associated uncertainty causes regression dilution (Frost & Thompson, 2000), which
can bias the SDM and its predictions (Mclnerny et al., 2011). We calculated both
means and standard deviations of covariate values for each imprecise record. These
statistics were calculated using a weighted procedure, with the weight assigned to
each grid cell given by the proportion of that cell falling within the area of the

occurrence record. We then fitted GRaF models accounting for this uncertainty
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using a measurement-error model (Golding & Purse, 2013). This prevented regression

dilution and allowed us to incorporate location uncertainty into model predictions.

WNV community map

We combined single-species distribution maps to identify regions where potential
WNV vector communities are likely present. The potential vector status of each
of the species is determined on the basis of biting preferences, as given by Medlock
et al. (2007Db).

A potential WNV vector community was defined as one where either a species
is present which could fulfill both bridge and enzootic vector roles (Culiseta morsi-
tans), or where a potential enzootic vector (Culex pipiens s.l.) and at one potential
bridge vector (of Aedes cinereus, Coquillettidia richiardii, Cs. annulata, Ochlerotatus
cantans/annulipes, Oc. detritus and Oc. punctor) is present. The remaining species
that were modelled: An. atroparvus, An. claviger, An. geniculatus and Oc. rusticus
are considered to be predominantly mammalophilic and are unlikely to play a role
in WNV transmission, though they may transmit other diseases and cause biting
nuisance.

We estimated the posterior probability of presence of a potential WNV vector
community at each grid cell using a Monte Carlo simulation procedure, drawing
1,000 random samples of the probability of presence of each species from the pos-
terior predictive distributions from single species distribution models. The resulting
distribution map represents the predicted probability of presence of potential WNV

vector communities, as well as uncertainty in this prediction.

Analysing model predictions

Whilst the ‘black-box” modelling approach and derived environmental indices we use
increase the predictive power of distribution models (Elith et al., 2006; Dormann
et al., 2008; Golding & Purse, 2013), the ecological relationships implied by the fitted

models are difficult to interpret. We therefore interrogated predicted distribution
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maps both by visual comparison with satellite imagery and statistical comparison
with land cover data.

The visual inspection aimed to identify characteristics associated with each species’
distribution at fine spatial scales. For each species, areas assigned low prediction
uncertainty and high or low probability of presence by distribution models were iden-
tified. High resolution satellite imagery (Google maps, maps.google.com) of these
areas was then obtained and inspected to identify fine-scale characteristics of these
sites.

Broader-scale correlates of species’ distributions were investigated by comparison
with the UK Land Cover Map 2007 (LCM2007, Morton et al. (2011)) which provides
a comprehensive map of land cover types for the UK at high resolution (25m grid
cell size). Unfortunately this map does not separately classify coastal and floodplain
grazing marsh - an important habitat for a number of UK mosquito species - instead
including these habitats in the much broader ‘rough grassland’ category. We overcome
this drawback by augmenting LCM2007 with independent geographic information on
the distribution of this habitat type and two others (coastal vegetated shingle and
coastal sand dunes) which were also poorly characterised. Whilst these two habitat
types are unlikely to be used by mosquitoes, they were included to increase the
accuracy of the prevalence elicitation method (described above) which performs better
with more land cover classes (Golding, 2013a). We added these habitat types to the
gridded LCM2007 data using shapefiles available from Natural England (at http://
www.gis.naturalengland.org.uk). Where these three habitats were present, they
were used to overwrite the LCM2007 classes in the gridded land cover map. Since
the shapefiles covered only England and equivalent information for the rest of the UK
was unavailable, the resulting land cover map could only be used to assess land cover
in England.

We sampled 10,000 190m grid cells at random in England with sampling proba-
bility determined by the recording bias map described above. For each grid cell we

compared the maximum a posteriori probability of presence from distribution maps
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with the percentage cover of each land cover class calculated from the 25m resolution
land cover map. We screened the 338 potential relationships by calculating spear-
man’s rank correlation coefficients between the probability of presence and percentage
cover of each land cover type. For potential relationships with absolute correlation
coefficients greater than 0.1 we fitted univariate probit regression models with prob-
ability of presence as the response and percentage cover of each land cover type as
the covariate. We identified possible relationships by carrying out likelihood ratio
tests of statistical significance on these models. To maintain a global error rate at
the standard value of 0.05 under multiple comparisons, we adjusted the significance

threshold using the correction of Sidak (1967).
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Results
Occurrence data and prevalence estimates

A total of 2,993 occurrence records for 21 mosquito species were compiled, represent-
ing 1,741 unique locations. No mosquito records were obtained from Northern Ireland
or the Scottish Hebrides. Maps of occurrence records for each species are given in
Figs. 6.B.2 and 6.B.2 in Appendix 6.B.

Predicted distribution maps were produced for twelve species: Aedes cinereus,
Anopheles atroparvus, An. claviger, Coquillettidia richiardii, Cr. pipiens s.1., Culiseta
annulata, Cs. morsitans, Oc. cantans/annulipes, Oc. detritus, Oc. geniculatus, Oc.
punctor and Oc. rusticus. Species for which distribution maps were not produced
either had fewer than 50 occurrence records (Cz. torrentium, An. plumbeus, Oc.
caspius, An. algeriensis, Oc. flavescens & Ctz. europaeus), represented a complex of
morphologically indistinguishable subspecies with different habitat preferences (An.
maculipennis s.1., Becker et al. (2010); Marshall (1938)) or had occurrence records
tightly clustered in very few locations (Cz. modestus).

Expert opinion prevalence estimates are given in Table 6.E.1 in Appendix 6.E. The
modes of these estimates ranged from 0.0002 (Ae. cinereus) to 0.066 (Cs. annulata).
Uncertainty in these estimates was relatively low, with 95% credible intervals ranging

in width from 0.0013 (Ae. cinereus) to 0.0494 (Cs. annulata)

Distribution maps

Distribution maps for individual species are given in Figs 6.A.1 to 6.A.12 in Ap-
pendix 6.A. Full resolution raster images of these distribution maps and associated
uncertainty are provided in the supplementary material.

Fig. 6.3.1 shows the distribution of potential WNV vector communities. Adult
mosquitoes of these eight species are active in the UK from June to August (Medlock
et al., 2007Db).

Fig. 6.3.2 shows spatial variation in overall prediction uncertainty for single species
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distribution models. The Highlands and Islands north-west Scotland have very high
uncertainty, as do other upland areas and the Fenland in eastern England. Note that
areas of open water such as Lough Neagh in Northern Ireland have high predictive un-
certainty due to their disimilarity from sampled sites and background points, though

it is unlikely that mosquito larvae would breed here (Becker et al., 2010).

Visual inspection

Areas with highest predicted probabilities of presence and lowest uncertainty for Oc.
cantans/annulipes, Oc. geniculatus and Oc. rusticus were all woodland areas, though
predictions for the latter two species were particularly uncertain. Predicted distribu-
tions of Ae. cinereus, Cs. morsitans and Oc. punctor were all very patchy, with high
probability /low uncertainty areas coinciding with wet woodlands. By comparison
with these species, Cq. richiardii, An. claviger, Cs. annulata and Cz. pipiens s.l.
were all relatively widespread with highest probability of presence in wetland areas
and lowest in drier areas. Cs. annulata and Cz. pipiens s.l. were both correctly
predicted to be common in urban and suburban areas, albeit subject to uncertainty.
Probability of presence of Oc. detritus was predicted to be high, but uncertain, in es-
tuarine areas and low elsewhere whereas the predicted distribution of An. atroparvus
clearly coincided with areas of coastal marsh.

Potential WNV vector communities were predicted to be relatively widespread,
with larger high-probability areas focussed on wetland areas, such as the Somerset
Levels and Moors and the Fenlands and smaller clusters in wet woodlands. Large
areas of Northern Ireland were also predicted have high probability of presence and
these all coincided with comparatively wet, low-lying land. All distribution maps

predicted low probability of presence in dryer inland areas.

Land cover analysis

Of the 338 vector-land cover relationships in the initial screening procedure 42 had

absolute correlation coefficients greater than 0.1 (Tables 6.D.1 and 6.D.2). When anal-
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ysed by probit regression, only five of these were significant at a p-value threshold of
0.0012 (Sidak-corrected threshold for a significance level of 0.05 with 42 comparisons;
Table 6.D.3). An. atroparvus, An. claviger, Cz. pipiens s.l., Cs. annulata and
WNV communities were all more likely to be present in cells with a higher percent-
age cover of coastal and floodplain grazing marsh (Fig. 6.3.3). The strength of these
five relationships was similar, with regression coefficients ranging from 0.842 to 1.009

(Table 6.D.3).
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Fig. 6.3.1: Predicted distribution of potential West Nile virus vector commu-
nities. Posterior probability of presence of larvae comprising a potential WNV
vector community in each 950m by 950m grid cell. The maximum a posteri-
ori prediction is shown as a gradient from blue to red and uncertainty in this
prediction (width of the 95% credible interval surrounding this estimate) is vi-
sualised by the saturation of these colours, with brighter colours denoting low
uncertainty and duller colours high uncertainty.



181

overall
prediction
uncertainty

00 05 1.0

Fig. 6.3.2: Spatial variation in overall prediction uncertainty from the twelve
mosquito distribution models. The widths of the 95% credible intervals for each
distribution model were summed then scaled to produce an index of uncertainty

between 0 (low uncertainty, grey) and 1 (high uncertainty, red) in each 950m
by 950m grid cell.



Probability of presence

Anopheles atroparvus Anopheles claviger Culex pipiens s |

(=) (e} o
™« 4 « O 4
(=) (= o
(=] (=} (=]
& & &
(=] S S
S = =
s | S | S |
o 4 Q4 o 4
© T T T T T T < T T T T T T © T T T T T T
0.0 0.2 0.4 06 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0 0.0 02 04 0.6 08 1.0
Culiseta annulata WNV community
(=) o
[ | o)
(=) o
(=) (=]
N [
(=] [=
s =
S | S |
_ _ ///
S =
© T T T T T T o T T T T T T
0.0 0.2 0.4 06 0.8 1.0 0.0 0.2 04 0.6 08 1.0

Coastal and floodplain grazing marsh - percentage cover

Fig. 6.3.3: Relationship between percentage cover of coastal and floodplain grazing marsh and the probability of presence of
four mosquito species and potential WNV vector communities. Probability of presence predicted by probit regression model
(black line), 95% confidence interval around this prediction (grey region) and the values of 10,000 evaluation points used to
fit these models (grey points, x axis values jittered to aid visualisation)

¢81



Discussion
Distribution maps

These are the first published high-resolution distribution maps for potential vector
mosquitoes in the UK. Great care was taken to deal with issues associated with the
use of the only available data and to honestly express uncertainty in predictions.
However due to the paucity of national-scale distribution data for UK mosquitoes it
has not been possible to evaluate the accuracy of these maps. We therefore suggest
that these maps be treated with caution until higher-quality presence-absence data
are available with which to evaluate them.

Improving our understanding of the UK mosquito fauna (particularly in areas
such as the Scottish Highlands and Islands which are at present poorly understood)
will therefore require comprehensive, broad-scale surveys. Such surveys are likely to
be both expensive and time consuming, though similar studies have been carried out

successfully at a national scale elsewhere (Van Bortel et al., 2009).

Correlates of species’ distributions

Predicted distributions for individual species broadly concurred with their known
habitat preferences as described by Marshall (1938) and Becker et al. (2010). Our
distribution map for An. atroparvus differs significantly from those of Kuhn et al.
(2002) and (Sinka et al., 2010a). The two previous models both predict high relative
probability of presence of this species in inland areas of the UK, whereas our map
predicts the species to be distributed only in limited coastal areas of the UK. This
disagreement may reflect differences in the ecology of An. atroparvus in the UK
compared with mainland Europe. Whereas the habitat preferences for this species
described by Becker et al. (2010) for Europe list a variety of different habitats, studies
on UK populations have found the species exclusively in coastal marshes (Marshall,
1938; Hutchinson, 2004). It also seems likely that records of An. atroparvus used in

the previous distribution maps have been confused with the morphologically similar
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An. messeae which is found in inland freshwater habitat - an issue which we avoided
by careful filtering of occurrence records.

Potential WNV vector communities and a number of individual mosquito species
were predicted to be most likely to occur in areas of coastal and floodplain grazing
marsh. This land cover type is similar to the coastal marsh habitats in which WNV
is found in southern Europe (Pongon et al., 2007; Danis et al., 2011). The associa-
tion between wetland areas and mosquitoes is well understood (Becker et al., 2010).
Wetlands provide numerous aquatic habitats for larval mosquitoes and are often the

epicentre of outbreaks of mosquito-borne disease (Dale & Knight, 2008).

Prevalence-correction

To our knowledge, this is the first study to apply species prevalence estimates to
produce robust probability-of presence distribution maps using presence-only data
(though Ward et al. (2009) tested a related method on a real dataset). By employ-
ing these new techniques we were able to combine these distribution maps to map
the distributions of potential WNV vector communities. This would not have been
possible using standard presence-background SDMs approaches, since since the rel-
ative influence of each species on the distribution of potential communities depends

on their comparative rarity, information which is not contained in predictions from

naive SDMs.

Mapping ecologial communities

The distribution map of potential WNV vector communities assumed the distributions
of the constituent species to be independent of one another. ‘Stacking” SDMs in this
way is an increasingly common method of modelling the distributions of communities
(Ferrier & Guisan, 2006; Benito et al., 2013). Whilst comparatively straightforward to
implement, predictions from these models ignore the potential for biotic interactions
between species to influence their distributions (Wisz et al., 2013). These approaches

may also underpredict co-occurrence between species which respond similarly to en-

184



vironmental covariates which are missing from the model. Species interaction dis-
tribution models have been proposed to deal with these concerns by considering the
distributions of multiple species in a single model and explicitly considering corre-
lations in between species’ distributions (Kissling et al., 2011). These approaches
are still in their infancy, and as yet no methods have been proposed to extend this

concept to presence-only records.

Implications for mosquito-borne disease risk

The potential WNV vector community distribution map we provide here provides an
indication of which areas of the UK may be most likely to see human WNV cases,
should the disease be introduced. This inevitably comes with caveats. These include
the inevitable inaccuracies in single-species distribution maps, the potential for biotic
interactions to influence the community distribution and specifics of the ecology and
biology of species which influence their potential to vector the disease. The map also
omits a number of potential vector species, for which insufficient empirical data were
available to produce distribution maps. Table 4 of Medlock et al. (2007b) lists Cu.
torrentium and An. plumbeus as potential enzootic and bridge vectors respectively
and Cs. litorea as having the potential to fill both roles.

Cz. modestus is considered the be the most important potential WNV bridge
vector present in the UK. This species is considered to be the main bridge vector
of WNV in Europe on the basis of its biting behaviour, competence for the virus
and implication in outbreaks (Hannoun et al., 1964; Balenghien et al., 2006, 2008).
Cz. modestus was only recently recognised as being established in the UK and con-
sequently confirmed occurrence records for the species are confined to relatively few
locations (Golding et al., 2012; Medlock & Vaux, 2012). In addition, it is unclear
whether the species has reached its equilibrium distribution in the UK - a necessity
to constructing SDMs on the basis of environmental conditions (Elith & Leathwick,
2009). For this reason it is not yet possible to produce a reliable national-scale map

of the distribution of this potential vector. However the species is known to inhabit
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wetlands elsewhere in Europe (Becker et al., 2010) and has been found in similar
habitat in the UK. The species’ equilibrium distribution is therefore likely to coincide
to a large extent with the potential WNV vector communities considered here.

In addition to the presence of suitable vectors, potential for the transmission
of WNV and other diseases depends on their sufficient abundance and feeding on
susceptible hosts at a rate high enough to maintain disease transmission. To more
fully understand the risk posed to the UK by WNV and similar diseases, knowledge
of the distributions and abundances of potential avian and human hosts is therefore

required.
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Appendix 6.A Distribution maps

Figures 6.A.1 to 6.A.12 present the predicted distributions of the twelve potential
vector mosquitoes considered in this study. In each figure the probability of presence
of at least one larva in each 950m by 950m grid cell is shown as a gradient from
blue (low probability) to red (high probability). Prediction uncertainty (measured as
the width of the 95% credible interval around the prediction) is shown as a gradient
of decreasing saturation, with highly certain predictions having full saturation and
uncertain predictions low saturation (grey regions). Full resolution raster images of

these distribution maps are provided in the supplementary material.
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Fig. 6.A.1: Predicted distribution of Aedes cinereus.
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Fig. 6.A.2: Predicted distribution of Anopheles atroparvus.
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Fig. 6.A.3: Predicted distribution of Anopheles claviger.
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Fig. 6.A.4: Predicted distribution of Coquillettidia richiardii.
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Fig. 6.A.5: Predicted distribution of Culex pipiens s.l.
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Fig. 6.A.6: Predicted distribution of Culiseta annulata.
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Fig. 6.A.7: Predicted distribution of Culiseta morsitans.
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Fig. 6.A.8: Predicted distribution of Ochlerotatus cantans/annulipes.
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Fig. 6.A.9: Predicted distribution of Ochlerotatus detritus.
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Fig. 6.A.10: Predicted distribution of Ochlerotatus geniculatus.
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Fig. 6.A.11: Predicted distribution of Ochlerotatus punctor.
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Fig. 6.A.12: Predicted distribution of Ochlerotatus rusticus.
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Appendix 6.B Mosquito occurrence data

The distribution of dates of occurrence records in the database are given in Fig. 6.B.1.
Search terms used in the literature search are given in Table 6.B.1. The spatial dis-
tributions of occurrence records for species with at least 20 records are shown in

Figs. 6.B.2 and 6.B.3.

record density

0.00000 0.00010 0.00020 0.00030

1970 1976 1983 1990 1997 2004 2011
year

Fig. 6.B.1: Density of occurrence records for all species by date.

Table 6.B.1: Terms used in literature search of mosquito occurrence data. Terms
followed by an asterisk are alternative species names.

Aedes cinereus Culiseta alaskaensis Ochlerotatus dorsalis Aedes detritus*

Aedes verans Culiseta annulata Ochlerotatus flavescens Aedes dorsalis*
Anopheles algeriensis Culiseta fumipennis Ochlerotatus leucomelas Aedes flavescens®
Anopheles claviger Culiseta litorea Ochlerotatus punctor Aedes leucomelas™
Anopheles maculipennis Culiseta morsitans Ochlerotatus sticticus Aedes punctor*
Anopheles plumbeus Culiseta subochrea Ochlerotatus rusticus Aedes sticticus™
Coquillettidia richardit ~ Ochlerotatus geniculatus — Orthopodomyia pulcripalpis Aedes Tusticus*
Culex modestus Ochlerotatus annulipes Aedes geniculatus* Anopheles atroparvus®

Culex pipiens Ochlerotatus cantans Aedes annulipes* Anopheles daciae*

Culex torrentium Ochlerotatus caspius Aedes cantans® Anopheles messeae®
Culex europaeus Ochlerotatus communis Aedes caspius* Culex territans®
Culiseta longiareolata Ochlerotatus detritus Aedes communis*  Orthopodomyia pulchripalpis*
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Culex pipiens s.l. Culiseta annulata
621 records 451 records
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Anopheles atroparvus Culiseta morsitans
147 records 134 records
L} L]
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Anopheles claviger
384 records

Ochlerotatus punctor
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Anopheles maculipennis s.I.
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Coquillettidia richiardii
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Ochlerotatus cantans/annulipes
180 records

Aedes cinereus
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o

Fig. 6.B.2: Distribution of occurrence records with lifestage recorded as larvae (blue) or as adults or unrecorded (green).
Occurrence records artificially enlarged to aid visualisation.
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Ochlerotatus detritus Ochlerotatus rusticus Ochlerotatus geniculatus Culex modestus Culex torrentium
86 records 80 records 75 records 58 records 48 records

Al

Anopheles plumbeus Ochlerotatus caspius Anopheles algeriensis Ochlerotatus flavescens Culex europaeus
36 records 33 records 30 records 25 records 21 records

Fig. 6.B.3: Distribution of occurrence records with lifestage recorded as larvae (blue) or as adults or unrecorded (green).
Occurrence records artificially enlarged to aid visualisation.
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Appendix 6.C Model fitting and integration of preva-
lence uncertainty

The species distribution models discussed in this paper use GRaF to fit a latent
Gaussian random field (GRF) model to binomial data using a Laplace approximation.
Full details of GRaF are given in Golding & Purse (2013). Below we outline our
approach of nesting GRaF within a numerical integration procedure to incorporate
uncertainty in each species’ prevalence estimate into the final prediction.

In the presence/absence case GRaF allows us to fit a latent GRF model and cal-
culate the posterior probability distribution over the probability of presence at a site,
conditional on the value of environmental covariates at that site and the Maximum

a posteriori (MAP) estimate of the GRF hyperparameters . In notation:

p(y; = 1|xi,é) = /p(yz = 1|zz)p(zi|é,x,) dz; (6.C.1)

where y; = 1 is a binary variable indicating whether site i represents a presence
(1) or a background (0) record, z; gives the value of environmental covariates at
site 1, 0 is the MAP estimate of @ and z; is the value of the GRF z at i. GRaF
solves this equation efficiently by computing an accurate Laplace approximation to
the conditional posterior of z, calculating § by numerical optimisation and employing
an analytical solution to the integral over z; (which is possible because a probit link
is used).

As discussed in the text and in Golding (2013a), this model can be adapted
to generate predictions of probability of presence from presence-background data
by using a prevalence estimate m to select an appropriate number of background
samples. We incorporate uncertainty in this prevalence estimate by specifying a prior
probability distribution over 7 and integrating over this uncertainty giving us the

predictive equation:

p(yi = 1|2, 0) = //p(yi = 1|2:)p(2]0, 25, )p(7) dz; dr (6.C.2)
Since p(r) is one-dimensional, this additional integration can be performed numer-
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ically. The prior we specify over the probability estimate follows a beta distribution,
which enables us to estimate the integral efficiently using Gaussian quadrature. This

procedure is as follows:

1. Select N prevalence values (nodes) 7; and associated quadrature weights w; to
use in the Gaussian quadrature. We select optimal 7; to integrate over the beta
prevalence prior distribution with parameters given in Appendix 6.E using the

R function gauss.quad.prob from the statmod package (Smyth, 2013).

2. For each prevalence estimate 7;:

(a) Calculate the calibration-corrected weighting for the 1,000 background
records. nu; is the expected number of absence records when np pres-
ence records are observed assuming prevalence is 7; and is calculated as
nuj = %ﬁrﬂ) (Golding, 2013a). Each background point is therefore given
a weight of nu,;/1000, so that the weights for background records sum to

nu;. The presence records all recieve a weighting of 1.

(b) Fit a GRaF model with the np presence records and weighted background
records and for each grid square ¢ calculate the predicted mean fi;; and

standard deviation ¢;; of Z; conditional on ;.

3. For each grid square :

(a) Estimate the integrals over fi; and &; as a weighted sum of the nodes and

weights:
Pl ) = / Pl 0, )p(r) dm

N

N



giving an estimate of the posterior distribution of z;:
p(Zil0, 2;) = N(Z; ju, 57) (6.C.5)

(b) For each grid square i analytically determine the mode and 95% credible
intervals of the posterior distribution over the probability of presence of

the species p(y; = 1|0, z;) from p(3|0, ;) as in (Golding & Purse, 2013).

Gaussian quadrature enables us to calculate accurate approximations to this inte-
gral based on relatively few function evaluations. Integration using N nodes will be
accurate provided the effect of the prevalence estimate on the probability of presence
is well approximated by a polynomial of order 2N-1. On the basis of a preliminary
analysis we set N to 3 (equivalent to a polynomial of order 5) since higher values of
N had little effect on predicted probabilities of presence.

For each species we ran this model fitting, prediction and integration procedure to
predict the probability of presence of each species for the approximately 6.7 million
pixels that make up the UK at the 190m resolution of the environmental covariates.
This large computational task was sped up by fitting models and generating predic-
tions in parallel on the NEMESIS computing cluster at the Centre for Ecology &
Hydrology, Edinburgh. Using a cluster of around 100 cpus enabled us to carry out
the model fitting and prediction for all species in around ten hours.

Whilst these predictions account for uncertainty in the shape of the latent GRF
and in the prevalence estimate they do not account for uncertainty in the hyperpa-
rameters € which control complexity of the GRF. Due to the high dimension of 6,
standard numerical integration procedures are not feasible and a simulation approach

would have beeen computationally prohibitive in the present study.
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Appendix 6.D Relationships with land cover classes

Spearman’s rank correlation coeffitients between proability of presence of vectors and

percentage cover of land cover types are given in Tables 6.D.1 and 6.D.2.
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Table 6.D.1: Spearman’s rank correlation coefficients between percentage cover of land cover classes and the maximum a

posteriori estimate of probability of presence for each vector (part a).

Ae. cinereus

An. atroparvus

An. claviger

Cq. richiardii

Cz. pipiens s.l.

Cs. annulata

Cs. morsitans

Broadleaved woodland
Coniferous woodland
Arable & horticulture
Improved Grassland
Rough Grassland
Neutral Grassland
Calcareous Grassland
Acid Grassland

Fen, Marsh & Swamp
Heather

Heath Grassland

Bog

Montane Habitats
Inland Rock

Saltwater

Freshwater
Supra-littoral Rock
Supra-littoral Sediment
Littoral Rock

Littoral Sediment
Saltmarsh

Urban

Suburban

Coastal & Floodplain Grazing Marsh
Coastal Sand Dunes
Coastal Vegetated Shingle

0.12
0.12
-0.08
-0.04
0.00
0.06
-0.01
-0.08
0.04
0.03
-0.01
-0.01
-0.01
0.00
0.06
0.07
0.02
0.06
0.03
0.05
0.05
-0.01
-0.08
0.10
0.03
0.02

-0.13
-0.02
0.13
-0.20
-0.08
0.00
-0.05
-0.08
0.01
-0.04
-0.07
-0.03
0.02
0.02
0.07
0.07
0.02
0.06
0.03
0.09
0.09
0.09
0.08
0.16
0.04
0.02

0.05
0.10
-0.05
-0.11
-0.04
0.02
0.00
0.01
0.04
0.03
0.01
-0.01
-0.00
0.04
0.07
0.08
0.02
0.06
0.03
0.07
0.08
0.02
-0.05
0.15
0.03
0.03

0.03
0.12
-0.10
-0.07
-0.03
0.07
-0.06
-0.08
0.04
0.05
0.00
-0.01
-0.00
0.00
0.07
0.09
0.02
0.05
0.03
0.06
0.06
0.03
-0.03
0.19
0.02
0.02

-0.01
0.10
-0.18
-0.10
-0.06
0.01
-0.00
0.01
0.04
0.05
0.03
0.01
-0.00
0.04
0.08
0.10
0.02
0.06
0.03
0.08
0.08
0.12
0.11
0.16
0.04
0.04

0.03
0.10
-0.12
-0.11
-0.04
0.03
-0.01
-0.05
0.04
0.04
-0.00
-0.02
-0.01
0.05
0.07
0.10
0.01
0.06
0.03
0.08
0.08
0.11
0.05
0.18
0.04
0.04

0.17
0.16
-0.20
-0.08
-0.01
0.03
-0.01
-0.02
0.04
0.07
0.05
-0.01
-0.01
0.06
0.07
0.10
0.02
0.06
0.03
0.07
0.07
0.06
0.08
0.10
0.03
0.03
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Table 6.D.2: Spearman’s rank correlation coefficients between percentage cover of land cover classes and the maximum a
posteriori estimate of probability of presence for each vector (part b).

Oc. cantans/annulipes

Oc. detritus

Oc. geniculatus

Oc. punctor

Oc. rusticus

WNV community

Broadleaved woodland
Coniferous woodland
Arable & horticulture
Improved Grassland
Rough Grassland
Neutral Grassland
Calcareous Grassland
Acid Grassland

Fen, Marsh & Swamp
Heather

Heath Grassland

Bog

Montane Habitats
Inland Rock

Saltwater

Freshwater
Supra-littoral Rock
Supra-littoral Sediment
Littoral Rock

Littoral Sediment
Saltmarsh

Urban

Suburban

Coastal & Floodplain Grazing Marsh
Coastal Sand Dunes
Coastal Vegetated Shingle

0.16
0.15
-0.16
-0.15
-0.04
0.02
-0.02
-0.07
0.04
0.03
-0.00
-0.01
-0.03
0.04
0.07
0.10
0.02
0.07
0.03
0.08
0.08
0.09
0.11
0.09
0.04
0.03

0.00
0.06
0.10
-0.31
-0.08
-0.01
-0.08
-0.18
0.03
-0.05
-0.08
-0.11
-0.05
0.02
0.06
0.11
0.02
0.06
0.04
0.08
0.07
0.19
0.24
0.06
0.04
0.04

0.19
0.13
-0.15
-0.22
-0.08
-0.02
-0.01
-0.05
0.01
-0.01
-0.02
0.01
-0.01
0.04
0.08
0.09
0.02
0.06
0.03
0.08
0.08
0.19
0.19
-0.05
0.03
0.04

0.15
0.16
-0.12
-0.21
-0.04
0.01
0.01
0.00
0.04
0.09
0.06
0.04
0.01
0.05
0.06
0.09
0.02
0.05
0.03
0.06
0.06
0.06
0.03
0.07
0.03
0.01

0.15
0.16
-0.26
-0.11
-0.02
0.04
-0.04
-0.07
0.03
0.05
0.02
-0.01
-0.02
0.04
0.08
0.11
0.02
0.07
0.03
0.09
0.09
0.15
0.21
0.09
0.04
0.03

0.13
0.15
-0.21
-0.07
-0.01
0.03
-0.01
-0.03
0.04
0.06
0.03
-0.01
-0.01
0.05
0.07
0.11
0.02
0.06
0.03
0.08
0.08
0.07
0.07
0.15
0.03
0.03
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Table 6.D.3: Regression coefficients (3), x? test statistics and p values of like-
lihood ratio tests on univariate generalized linear models. All tests performed

on one degree of freedom.

Vector Land cover type Ié] X p<

Aedes cinereus Broadleaved woodland -0.302 0 0.985
Aedes cinereus Coniferous woodland 0.674 0.004  0.949
Aedes cinereus Coastal & Floodplain Grazing Marsh -0.368 0 0.997
Anopheles atroparvus Arable & horticulture -0.206 5.575  0.018
Anopheles atroparvus Coastal & Floodplain Grazing Marsh  0.877  25.463 0.001
Anopheles claviger Coniferous woodland 0.197 0.109  0.741
Anopheles claviger Coastal & Floodplain Grazing Marsh 1.009  11.315 0.001
Coquillettidia richiardii Coniferous woodland 0.48 0.031 0.86

Coquillettidia richiardii Coastal & Floodplain Grazing Marsh 0.624  0.118  0.731
Culez pipiens s.l. Coniferous woodland 0.477 1.246  0.264
Culex pipiens s.l. Urban 0.211 1.331  0.249
Culex pipiens s.l. Suburban -0.067 1.486  0.223
Culex pipiens s.1. Coastal & Floodplain Grazing Marsh 0.847  33.681 0.001
Culiseta annulata Coniferous woodland 0.349 1.734  0.188
Culiseta annulata Freshwater 1.038 2.784  0.095
Culiseta annulata Urban 0.155  0.862 0.353
Culiseta annulata Coastal & Floodplain Grazing Marsh  0.937  53.571 0.001
Culiseta morsitans Broadleaved woodland 0.284 0.01 0.918
Culiseta morsitans Coniferous woodland 0.404 0.011  0.916
Culiseta morsitans Freshwater 0.939 0.051 0.821
Culiseta morsitans Coastal & Floodplain Grazing Marsh 0.146  0.001 0.973
Ochlerotatus cantans/annulipes  Broadleaved woodland 0.412  0.02 0.887
Ochlerotatus cantans/annulipes ~ Coniferous woodland 0.551  0.027  0.87

Ochlerotatus cantans/annulipes ~ Suburban -0.107 0.001  0.975
Ochlerotatus detritus Freshwater 0.423 0 0.993
Ochlerotatus detritus Urban 0.416 O 0.984
Ochlerotatus detritus Suburban 0.231 0 0.985
Ochlerotatus geniculatus Broadleaved woodland 0.41 0.024  0.876
Ochlerotatus geniculatus Coniferous woodland 0.345 0.007 0.934
Ochlerotatus geniculatus Urban 0.421 0.012 0.914
Ochlerotatus geniculatus Suburban 0.121  0.002  0.961
Ochlerotatus punctor Broadleaved woodland 0.386 1.111 0.292
Ochlerotatus punctor Coniferous woodland 1.0564 1901  0.168
Ochlerotatus rusticus Broadleaved woodland 0.222  0.005 0.944
Ochlerotatus rusticus Coniferous woodland 0.423 0.01 0.92

Ochlerotatus rusticus Freshwater 0.741  0.016  0.898
Ochlerotatus rusticus Urban 0.199  0.001 0.97

Ochlerotatus rusticus Suburban 0.105 0.001  0.971
WNV community Broadleaved woodland 0.003 0.026  0.871
WNV community Coniferous woodland 0.478 1.302 0.254
WNV community Freshwater 1.265 9.005  0.003
WNV community Coastal & Floodplain Grazing Marsh  0.842  14.808 0.001
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Appendix 6.E Estimating prevalence

Table 6.E.1 gives the expert opinion prevalence estimates for each species modelled.

The instructions given to the expert to estimate prevalences are provided below.

Table 6.E.1: Expert-opinion prevalence estimates and corresponding parame-
ters of the beta distribution calculated using the discrete-habitat prevalence
elicitation method.

mode  95% credible interval « G
Aedes cinereus 0.0002  (0.0001, 0.0015) 3.91  14074.49
Anopheles atroparvus 0.0052 (0.0022, 0.0138) 4.56  687.15
Anopheles claviger 0.0065 (0.0039, 0.0134) 14.77 2092.29
Coquillettidia richiardii  0.0119  (0.0076, 0.0227) 19.07 1497.95
Culez pipiens s.1.  0.0637 (0.0441, 0.0931) 25.08 354.7
Culiseta annulata 0.066  (0.0439, 0.0933) 29.88 409.54
Culiseta morsitans 0.0069 (0.0042, 0.015) 15.33  2069.04
Ochlerotatus cantans/annulipes 0.0048 (0.002, 0.0176) 5.39  917.45
Ochlerotatus detritus 0.0009 (0.0003, 0.0042) 221 1399.72
Ochlerotatus geniculatus 0.0065 (0.0025, 0.018) 424 499.9
Ochlerotatus punctor 0.0045 (0.0023, 0.0099) 6.7 1272.22
Ochlerotatus rusticus  0.0068 (0.0036, 0.0142) 7.64  969.78
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Prevalence

In order to produce maps of the probability of presence of mosquito species in the UK using
information only on where they are found, we need an estimate of the total proportion of grid cells
in which larvae are present. In order to estimate this overall prevalence of the species, we are asking
for expert opinion estimates of prevalence in each of a number of land cover types. To ensure that
the maps are interpretable, it is important to be clear about what these estimates represent.

When filling in the table in the file prevalence_table.xlIsx please bear the following scenario in mind:

A large number of 190m by 190m square plots are randomly demarcated
in England. If you were to thoroughly survey each of the plots with land
cover type x in a single day at the optimum time of year for the species,
in what proportion of these plots would you expect to find LARVAE of
mosquito species y?

Land cover types

The land cover types provided are all mutually exclusive, with ‘coastal and floodplain grazing marsh’,
‘coastal sand dunes’ and ‘coastal vegetated shingle’ superseding other habitat types. For example
the ‘rough grassland’ category does not include rough grassland in coastal and floodplain grazing
marshes. Most of the land cover types will be self-explanatory but technical definitions are provided
in the pdf file habitat_descriptions.pdf

Whilst each plot has a distinct land cover type, there may be other factors which influence the
suitability for mosquito larvae, for example deciduous woodland on steep slopes may be less
suitable than deciduous woodland on flat ground. There may also be suitable microhabitats, such as
water containers in an otherwise dry arable habitat. Try to use your field experience to incorporate
these differences into your estimates.

Filling in the table

For each habitat/species combination there is a box with space for your best guess at this proportion
and two boxes for upper and lower bounds on this estimate which allow your to express your
uncertainty in this estimate. The upper and lower bounds should represent values between which
you are 95% confident the true proportion lies. Be as precise or imprecise as you wish.

best - o=

guess

lower




For example, if you think that the most likely proportion of coniferous woodland plots which contain
Cs. annulata is 0.1, and you’re 95% confident the proportion wouldn’t be above 0.3 or below 0.01,
then fill out the boxes as follows:

Culiseta annulata

coniferous 0.1 0.3

woodland 0.01

For many species/habitat combinations the expected proportion may be very low (say less than 1 in
1000; 0.001). In these cases, please enter 0 for the best guess and leave the other two cells blank.

If you do not feel confident making estimates for certain species, even with large confidence
intervals, please leave those columns blank.



Chapter 7

General discussion
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The following general discussion recapitulates the content and principal findings of
this thesis, discusses some relevant issues and draws overall conclusions. The struc-
ture of the discussion reflects the two principal areas covered: species distribution

modelling (SDM) and mosquito-borne disease risk in the UK.

Recapitulation
Species distribution modelling

Chapter 3 developed a new species interaction distribution model (SIDM) using
Bayesian multivariate binomial regression. This model allows the user to investi-
gate correlations between the distributions of multiple species whilst removing the
confounding effects of environmental predictors.

Chapter 4 illustrated the distinct problems of calibration bias and contamina-
tion of controls when predicting the probability of species presence from presence-
background data. Methods were developed to produce accurate estimates of a species’
prevalence using the opinions of field experts and to formulate these estimates into
valid probability distributions. Two methods were then proposed to incorporate
this information into distribution models: a very simple calibration-corrected naive
approach for point estimates of prevalence which, whilst theoretically still biased,
produces accurate predictions of probability of presence under reasonable conditions,
and a more involved Markov chain Monte Carlo (MCMC) approach which could be
used to adapt any parametric SDM for use with presence-background data.

Chapter 5 introduced GRaF, a Bayesian SDM approach using Gaussian random
fields (GRFs) to fit complex, but smooth (and hopefully biologically plausible) re-
sponses to environmental covariates. GRaF provides methods to account for un-
certainty in occurrence records, incorporate knowledge of the species’ ecology and

automatically produce estimates of prediction uncertainty.
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UK mosquito distributions

Chapter 2 reported the establishment of substantial populations of the major Eu-
ropean West Nile virus (WNV) vector mosquito Culez modestus at wetland sites in
southern England. Also present at these sites are the enzootic WNV maintenance
vector Cz. pipiens, another potential bridge vector Culiseta annulata and the former
European malaria vector Anopheles atroparvus.

Chapter 3 applied the novel SIDM to identify environmental conditions and biotic
interactions which drive the distribution of this potential WNV vector community in
UK wetlands. Environmental conditions such as water depth are the most important
drivers, though two predators of mosquito larvae also appear to influence the spatial
distribution of this community.

Chapter 6 applied GRaF to a comprehensive database of mosquito occurrence
records to produce the first high-resolution distribution maps for UK mosquitoes.
Prevalence estimates were elicited from expert opinion and incorporated into these
models using methods developed earlier in the thesis, so that these maps provide ro-
bust predictions of probability of presence. These predictions were combined to map
the probability of presence of potential WNV vector communities in the UK. A num-
ber of wetland areas were highlighted in which WNV could probably be maintained

in an enzootic cycle and transmitted to humans.
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Species distribution modelling
Black-box and open-box models

There is an apparent distinction within species distribution modelling between cor-
relative and process-based approaches (Elith & Leathwick, 2009). Models in which
ecological processes are explicitly defined a priori are termed process-based, whereas
those which fit more vague, non-deterministic relationships are considered to be correl-
ative (Dormann et al., 2012). Correlative models have been shown to have very good
predictive power (Elith et al., 2006), whereas process-based approaches afford more
powerful and generalisable explanations of the species’ underlying ecology (Kearney
& Porter, 2009). However Dormann et al. (2012) note that for many modelling ap-
proaches this apparent dichotomy is not so clear-cut, with different approaches better
described by a ‘process-correlation continuum’.

Even among the more correlative models, there exists a continuum between those
with stronger predictive and explanatory abilities. Comparatively ‘black-box’ ap-
proaches such as random forests and artificial neural networks produce models with
high predictive power, but which resist direct ecological interpretation (Paruelo &
Tomasel, 1997; Cutler et al., 2007). By contrast, ‘open-box’ approaches such as
generalised linear models allow clear interpretation of fitted parameters and can be
interrogated using a range of hypothesis testing procedures (Zuur et al., 2009), though
they perform less well at predictive tasks (Elith et al., 2006).

This thesis has developed and applied correlative SDMs at both ends of this
continuum. The community model used in Chapter 3 was relatively open-box, with
parameters corresponding directly to biotic and abiotic relationships (though not
the mechanisms underlying them). This approach had good explanatory power: the
strength and evidentiary support of these relationships could easily be examined. By
contrast, the GRaF approach developed in Chapter 5 and applied in Chapter 6 is
comparatively black-box. Whilst GRaF models can to some extent be visualised and

compared, it is more difficult to understand the ecological implications of the fitted
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model.

Whilst the clearly-defined model structure enforced by parametric approaches
make them easy to interpret, these interpretations are not necessarily accurate. If the
analytical model is a poor approximation of of the ‘true’ model, any inferences from it
will be biased (Anscombe, 1973; Zuur et al., 2009). By enforcing less strict structural
assumptions, approaches such as GRaF, boosted regression trees and artificial neural
networks may produce more accurate representations of the underlying ecological
phenomena. Improving our ability to extract generalisable ecological knowledge from
these models would help to bridge the dichotomy between black-box and open-box
correlative SDMs (Olden & Jackson, 2002).

Opening up GRaF

GRaF’s coherent Bayesian statistical approach allows for a number of extensions
which could improve interpretability of the fitted models. Additive GRF models (Du-
venaud et al., 2011) would allow an exploration of the degree of complexity present
in the species’ response to its environment. Comparing additive GRFs with differ-
ent levels of interaction complexity would allow us to examine the dimensionality
of a species’ response to its environment and to identify which covariate interac-
tions are most important. GRaF models constructed as an additive combination of
(optionally non-additive) sub-models could be examined using functional ANOVA
procedures (Kaufman & Sain, 2010). This would allow a robust statistical assess-
ment of the relative importance of different groups of explanantory variables, such
as climatic conditions, anthropogenic impacts or spatio-temporal effects. Multiple-
reponse GRFs (Osborne et al., 2008; Alvarez & Lawrence, 2009; Alvarez, 2011) would
enable us to construct GRaF SIDMs. Inter-species correlation coefficients could then
be parameterised (as in Chapter 3) in conjunction with GRaF models of each species’
environmental niche.

The current implementation of GRaF would allow fitted process-based SDMs to

be incorporated as existing ecological knowledge, via the models’ mean function. This
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could be used to increase the predictive power of the model by incorporating non-
environmental processes into predictions However this is very much a one-way pro-
cess, GRaF provides no additional information about the modelled processes. More
comprehensive integration of process-based approaches with GRaF would require si-
multaneous parameterisation of the two components. Depending on the processes in
question this may be difficult to implement, but such a model could improve on both

the predictive and explanatory power of current approaches.

Interpretating presence-background predictions

For many applications of presence-background SDM, predictions of habitat suitabil-
ity are sufficient. Such models enable identification of the major ecological corre-
lates of distributions and identification of sites in which the species is most likely
to be present. But where the aim is to predict absolute probability of presence
from presence-background data, the naive approaches which are currently in wide use
are clearly inadequate. The correct interpretation of predictions from un-calibrated
presence-background models as a species-specific index of habitat suitability is clearly
stated in one of the most highly cited recent papers on SDM (Elith et al., 2006). Un-
fortunately, numerous applications of presence-background SDM continue to misinter-
pret the resulting distribution maps as representing probability of presence. Yackulic
et al. (2012) found that a 54% of uncorrected MaxEnt distribution maps were incor-

rectly labelled as probability of presence.
Subjective probability

Interestingly, Elith et al. (2011) suggested that uncorrected predictions from presence-
background models could be interpreted as probability of presence, subject to a liberal
interpretation of the sampling conditions (such as detection probability and spatial
and temporal sampling scale). This perspective shares similarities with the subjec-
tivist Bayesian interpretation that any probability can be considered valid since it

constitutes a subjective personal belief (De Finetti, 1974). The validity of subjec-
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tivist and objectivist approaches to probability theory are a subject of continuing
philosophical debate. However, the theoretical validity of such an interpretation of
presence-background predictions does not imply that it is useful. To be interpreted
and re-used, predicted probabilities must be accompanied by clearly-stated sampling
conditions. In Chapter 6 we achieve this by clearly stating the conditions of probabil-
ity of presence when eliciting an expert-opinion estimate of each species’ prevalence
(see Appendix 6.E). Because this interpretation was common across all species, the
resulting probabilities could be re-used when predicting the probability of presence

of WNV vector communities.
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Mosquito-borne disease risk to the UK

This thesis has focussed exclusively on mosquito species already present in the UK
and the risks posed by pathogens they could transmit. Here, the overall risk posed

by these pathogens is discussed, followed by the risks from exotic vectors.

Risk posed by native vectors

Malaria

Over the last three decades, the annual number of imported cases of Plasmodium vivax
malaria has decreased by 70%, from around 1,000 to 300 cases (Smith et al., 2008).
During the same time period however, importation of the more deadly P. falciparum
increased 31% to approximately 1,700 cases per annum. The former European malaria
vector Anopheles atroparvus is known to be a competent vector of P. vivaxr and in
1917 was responsible for a large outbreak of the disease on the Isle of Sheppey, Kent,
after infected soldiers were stationed there (Shute, 1945). The competency of An.
atroparvus for P. falciparum is less clear; Shute (1940) found specimens collected in
the North Kent Marshes to be susceptible to strains of the parasite originating in
temperate regions, but not those from the tropics. It seems however that the risk
posed to the UK by either species of malaria is low, due to the highly restricted
distribution of An. atroparvus (Chapter 6) and its apparent preference for feeding
on livestock rather than humans (Marshall, 1938). In the few areas where human
biting by An. atroparvus where transmission might be possible, it seems likely that
introduced malaria could be rapidly eliminated through treatment and vector control

(Hutchinson, 2004).
Arboviruses

The relatively widespread distribution of the known maintenance vector Cz. pipiens
and of susceptible bird species suggests that enzootic cycles of WNV and ecologically
similar pathogens could be maintained in much of the UK, provided a sufficient abun-

dance of the hosts and vectors. Transmission of such diseases to humans and livestock
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would be limited to those wetland areas where suitable bridge vectors, such as Cu.
modestus occur. Since wetlands tend to host the highest abundances of mosquitoes
in the UK, as well as large avian populations, these areas also seem the most likely
to maintain enzootic cycles. European wetlands also host large numbers of migra-
tory birds which could import viruses from areas where arboviruses are established
(Guillemain et al., 2009).

However the comparatively low population densities in European wetlands limits
the potential for spread to humans. In those UK wetlands where all the necessary
ingredients for WNV transmission coincide, an outbreak of similar severity of recent
outbreaks in southern Europe seems unlikely, due to the comparatively short adult

biting season and low abundances of mosquitoes in the UK.

Exotic vectors

The establishment of Cz. modestus in the UK clearly increases the risk of human
WNYV cases, at least in those areas where it is present. A number of other vector

mosquitoes have the potential to become established in the UK.
The Asian tiger mosquito

One of the most concerning species is Aedes albopictus, the ‘Asian tiger mosquito’,
an efficient vector of dengue and chikungunya fever viruses. Ae. albopictus originates
in Southeast Asia but is now also established in North and South America, Africa,
Australia and Europe. Twenty European countries have reported the presence of this
species (Medlock et al., 2012). The rapid global spread of Ae. albopictus - greatly
aided by the international trade in used tyres (Hawley et al., 1987) - has earned it
a reputation as the most invasive mosquito species in the world. Unlike most UK
mosquito species, Ae. albopictus tends to be prevalent in urban areas, breeding in
the small containers of standing water which tend to be abundant around human
habitation. As a result it comes into regular contact with human populations, which

it bites aggressively (Becker et al., 2010). Ae. albopictus is now considered to be the
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major nuisance biting mosquito in Italy (Scholte et al., 2007) and in parts of Spain
and France, where the species has only recently arrived (Aranda et al., 2006; Vazeille
et al., 2008). Where Ae. albopictus has become established in Europe, outbreaks of
dengue and chikungunya fevers have swiftly followed (Rezza et al., 2007; La Ruche
et al., 2010; Grandadam et al., 2011).

Modelling studies have suggested that parts of southern England have climatic
conditions suitable for Ae. albopictus to persist (Medlock et al., 2006; Benedict et al.,
2007; Caminade et al., 2012). However the UK is at the very edge of these predicted

ranges and the risk of the species becoming established is therefore uncertain.
The yellow fever mosquito

Ae. aegypti, the most important global vector of dengue, yellow and chikungunya
fever viruses, is currently established around the Black sea in Russia, Georgia and
Abkhazia (Medlock et al., 2012). The species was previously established in Western
Europe and sightings reported as far north as Brest, though it seems unlikely that Ae.
aegypti could become established in the UK under current environmental conditions
(Reiter (2010), despite a dubious historical report from Epping Forest (MacGregor,
1919)).

Other species

A number of other exotic and invasive aedine mosquitoes have been introduced to
Europe and appear to be spreading. These include Ae. japonicus, Ae. koreicus and
Ae. atropalpus, though none of these has been proven to be a vector in the field

(Medlock et al., 2012).
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General conclusions

GRaF, the distribution modelling approach introduced in this thesis provides a num-
ber of advances on existing correlative species distribution models (SDMs). By elic-
iting expert opinion estimates, we can correct GRaF and other SDMs to produce
correctly-calibrated maps of probability of presence, using abundant presence-only
data. Extensions to GRaF could increase the amount of ecological interpretability of
these models.

West Nile virus appears to be the greatest public health risk posed to the UK
by native mosquito species. The establishment of Culexr modestus in wetlands in
southern England substantially increases this risk. Experimental evaluation of the
impact of ditch shrimp (genus Palaemonetes) and fish on potential WNV vector
communities in UK wetlands may allow for sustainable mosquito control by promoting
these predators.

Based on the limited available information, the risk of WNV transmission appears
to be focussed in wetland areas. This thesis has provided a quantitative prediction
of areas where transmission of the pathogen to humans could occur. Organized,
broad-scale surveys are required to increase our knowledge of the distributions of Cz.
modestus and other potential vector mosquitoes. A comparison of the distribution
of potential WNV vector communities with distributions of avian and human hosts
and potential routes for disease introduction is needed to more fully map risk of the

disease.
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