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Abstract  

 

Maps of Ixodes ricinus distribution and maps depicting tick bite risk are 

essential for government and health organisations to target prevention and 

control strategies for tick-borne diseases. However, researchers often lack 

robust long-term and geographically extensive tick distribution data, and 

information about human exposure to ticks to measure risk. Citizen science 

projects, through the collective effort of many volunteers, have the potential to 

provide valuable data on tick bite risk and tick distribution, but are often based 

on opportunistic submission of reports.  

 

The overarching aim of this study was to assess methodologies to improve 

public health decision-making through distribution mapping of ticks and tick 

bite risk for Scotland. Research was undertaken to: compare the quality and 

robustness of predictive mapping with the three types of tick data most often 

used for predictive mapping; use statistical approaches to improve the quality 

of predictions of the distribution of I. ricinus in Scotland, including the predicted 

uncertainty; assess whether questing tick surveys reflect human-tick 

encounter risk; and finally, test the feasibility of a new citizen science approach 

to assess human risk of tick encounters.  

 

Analysis of the three existing datasets with I. ricinus distribution in Scotland 

showed that whereas data from questing tick surveys generate detailed 

predictive maps at local scale, at the country level, predictions were affected 

by poor data coverage. Additionally, dissimilarities in the predicted distribution 

pattern of I. ricinus between data from passive submission and from questing 

tick surveys were identified. This suggests the need for data from public 

submissions to gather information on absences and to account for volunteer 

effort. A predictive map of I. ricinus distribution in Scotland developed with a 

sophisticated Bayesian statistical technique (the stochastic partial differential 

equation (SPDE)) which accounted for several sources of variation was 
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successful in improving the predictions in areas with poor data coverage, and 

the associated uncertainty.  

 

The relationship between questing tick surveys and human tick bite rate was 

then assessed. Questing tick surveys were carried out whilst collecting 

contemporaneous data on tick encounters from orienteers running the same 

areas in 11 events at world, national, regional and local orienteering events. 

This novel approach found that questing tick surveys are a good indicator of 

tick bite risk. Also, the number of people multiplied by the hours of exposure is 

the most meaningful denominator for human exposure to tick bites (correlation 

coefficient with questing tick abundance of 0.8, p=0.0052). From 340 reports 

from orienteers recorded across all events, a mean incidence of 409 tick bites 

per 1,000 person-hours exposure was recorded. Significant correlations were 

found between tick bite rate and temperature on the event day, the proportion 

of pastures around the track used by orienteers and the start time of the 

activity.  

 

A citizen science project was implemented in Scotland between May and 

November 2018 and again between March and November 2019. The project 

used a novel approach that included collection of denominator data (number 

of people exposed, and time spent) and additionally asked people to report 

both when they did, and importantly, when they did not encounter ticks. Tick 

bite and tick encounter rates calculated from participant reports were 

compared with predictions of questing tick abundance in two study areas, 

Lochaber and the Cairngorms using data collected from questing tick surveys. 

A total of 1,914 reports from 65 volunteers were received, with 231 and 118 

reports received, respectively, from the Cairngorms and Lochaber areas. On 

average, the Cairngorms area registered 0.083 tick bites per person per hour 

of activity and 0.268 tick encounters per person per hour. Lochaber area 

registered 0.018 tick bites and 0.028 tick encounters per person per hour. Tick 

bite and tick encounter rates in the Cairngorms correlated better with predicted 

tick abundance in the area (correlation coefficient of 0.27 and 0.31, 
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respectively) compared to Lochaber (correlation coefficient of 0.15 in both 

cases). Tick bite and tick encounter rates were found to depend both on 

questing tick abundance, and on factors related to human activity and 

behaviour. Type of human activity explained more variation in tick bite rate 

than questing tick abundance. Tick bite and tick encounter rates were 

quantified by activity type. These findings are valuable in identifying high risk 

activities and targeting public health messages.  

 

This study resulted in new methodologies to improve predictive mapping of 

ticks, and better understanding of tick bite risk and the factors that drive it, with 

the overall aim of improving control and prevention of tick-borne diseases.  
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Lay Summary  

 

In Europe, the bite of infected ticks called Ixodes ricinus can transmit the 

bacteria causing Lyme disease. Adequate knowledge of I. ricinus distribution 

and the risk of tick bite are essential for government and health organisations 

to implement prevention and control strategies for diseases transmitted by 

ticks. This, in turn, can help citizens in their decision-making to prevent tick 

bites. However, it is difficult to develop accurate maps of tick distribution and 

tick bite risk. One of the limitations that researchers often face is the lack of 

robust tick distribution data, particularly for making predictions at national level. 

To overcome this problem, tick data that were not collected for the purpose of 

predictive mapping are frequently used. This lack of appropriate data 

negatively affects the quality of the predictions. In addition, these maps are 

normally developed with data where ticks are collected from the vegetation 

when waiting to attach to a host, but the relationship between these data from 

surveys of the vegetation and the actual risk of tick bites to people is not fully 

understood. Through participation in citizen science projects, people can 

submit information associated with their encounters with ticks, hence gathering 

data that can be used by researchers to estimate tick bite risk and tick 

distribution. However, these reports of tick sightings often lack detailed 

information on people’s exposure to ticks (such as the number of people 

exposed, the time of exposure or the distance covered through risky habitats), 

which therefore introduces uncertainty into the estimates of risk.   

 

This study investigated methodologies to improve predictive maps of tick                                                

distribution and tick bite risk. The research was conducted with tick data 

gathered in Scotland, a country with a high number of cases of Lyme disease 

(from 2008 to 2013 the estimated average annual human incidence was 6.8 

per 100,000). To begin with, the quality of three types of data that are often 

used to develop tick distribution maps was compared. Results revealed that 

the tick data collected from the vegetation using standard methods were the 

most useful for predictions at local scale. However, at national level, the low 



vii 
 

number of data points in some areas made the predictions less accurate. 

Additionally, differences in the predicted distribution pattern of I. ricinus 

between people’s submissions and from surveys in the vegetation were 

identified. This may be because tick sightings do not provide information on 

tick absence and lack information about the time people are exposed and on 

people’s level of commitment to submit when they find ticks. Subsequent work 

applied a specific modern statistical technique (the stochastic partial 

differential equation (SPDE)) which considers several sources of variation in 

the tick data. Using this approach, it was possible to make more accurate 

predictions of I. ricinus distribution in Scotland.  

                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                        

Finally, this project explored the components that explain the risk of getting tick 

bites. Initially, factors that affect tick activity (such as weather) and human 

behaviour (such as type of activity undertaken) were kept constant. This was 

achieved by recruiting volunteers who were orienteers, who reported 

information on their encounters with ticks, time spent in, and route through, tick 

areas after having competed in a defined location. The results were then 

compared with tick abundance estimated using data from surveys of the 

vegetation in the same area and time. Results indicated that tick abundance 

in an area is an important factor to explain the risk of tick bites. This study then 

tested the advantages of a novel citizen science approach. People carrying 

out different outdoor activities were asked to submit information on tick 

encounters, even when they did not find any ticks, and information on the time 

spent and route taken. These data were then used to look again at the 

relationship between tick abundance data from surveys of the vegetation, and 

tick bite risk. Results showed that the risk of getting a tick bite depends both 

on the abundance of ticks in the vegetation and on human behaviour. Human 

behaviour, such as type of activity undertaken, was the factor that most 

explained human exposure to ticks and tick bites. This study also generated 

measures of tick bite risk for different outdoor activities, which is important in 

identifying high risk groups and targeting public health messages.  
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This work presents new methodologies for tick distribution and for tick bite risk 

mapping and suggests what additional information needs to be collected to 

improve our understanding of the complexity of human-tick encounters.  
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Chapter 1: Introduction  

 

Since Lyme borreliosis (LB) was identified in the 1970s (Steere et al., 1977), 

its importance for public health has become clear, and it is the most common 

tick-borne disease (TBD) of humans in the Northern Hemisphere (O’Connell 

et al., 1998; van den Wijngaard et al., 2015; Stone, Tourand and Brissette, 

2017). Mapping and control of LB is particularly relevant in Scotland, where 

the incidence of LB is one of the highest in Europe (Ling et al., 2000). 

Therefore, the overall focus of this thesis is to investigate new methodologies 

to improve predictive mapping of ticks, and to provide a better understanding 

of tick bite risk and the factors that drive it, with the overall aim of improving 

control and prevention of TBDs. 

 

1.1. The public health importance of vector-borne diseases  

Vector-borne diseases (VBDs) are a group of infectious diseases caused by 

bacteria, viruses and parasites, which are transmitted to hosts (humans and/or 

animals) by a vector – such as mosquitoes, ticks, triatomines, sandflies, 

blackflies, aquatic snails, fleas, lice and tsetse flies. This group of diseases, of 

which some are zoonotic, pose a major threat to public and animal health, and 

an economic burden to society. Vector-borne diseases account for more than 

17% of all human infectious diseases, and result in about 700,000 deaths 

every year (WHO, 2017, 2020). Malaria, the most lethal VBD (WHO, 2017), 

was found to be associated with slower economic development (Gallup and 

Sachs, 2001), and just in 2016, $4.3 billion was spent on malaria worldwide 

(Haakenstad et al., 2019). The World Health Organisation lists 12 VBDs as 

being of major importance for public health, and three of them are transmitted 

by ticks, namely LB or Lyme disease, tick-borne encephalitis (TBE) and 

Crimean-Congo haemorrhagic fever (WHO, 2017, 2020). For animal health, 

there is a long list of important VBDs, several of which are also transmitted by 

ticks such as babesiosis, theileriosis and anaplasmosis (OIE, 2020).  
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The occurrence of VBDs used to be limited to certain geographic areas of the 

world. However climate change has resulted in increases in the distribution 

and abundance of disease vectors, and the rapid unplanned urbanisation, 

deforestation, intensive farming, international trade and travel are increasing 

the risk of human-vector contact. Therefore, all of these factors have 

contributed to the emergence and re-emergence of vector species and 

outbreaks of VBDs into new areas (Hay et al., 2002; Purse et al., 2005; Gray 

et al., 2009; Medlock et al., 2012, 2018; WHO, 2014, 2017; Medlock and 

Leach, 2015; Müller et al., 2019). In the last two decades, the world has faced 

the unprecedented global spread of dengue, chikungunya and yellow fever 

(WHO, 2017), and outbreaks of West Nile (Nash et al., 2001; Hadler et al., 

2015) and Zika virus (Musso, Cao-Lormeau and Gubler, 2015). Europe, in 

particular, was afflicted with outbreaks of West Nile (Bisanzio et al., 2011; 

Napp, Petrić and Busquets, 2018), chikungunya (Venturi et al., 2017) and 

dengue viruses (Lourenço and Recker, 2014), and with the return of local 

malaria transmission (Andriopoulos et al., 2013). There were also outbreaks 

of bluetongue and Schmallenberg viruses affecting ruminants (Purse et al., 

2005; Hoffmann et al., 2012; Ribeiro et al., 2015). 

  

In the last two decades, changes in distribution and incidence have also been 

reported for TBDs. Several countries in Europe have reported an increase in 

reported cases and an expansion of the range of LB and TBE (e.g. Daniel et 

al., 2003; Lindgren and Jaenson, 2006; Lukan, Bullova and Petko, 2010; 

Jaenson, Hjertqvist, et al., 2012; Hofhuis et al., 2015; Mavin, Watson and 

Evans, 2015; Tulloch et al., 2019). One of the reasons for this is the expansion 

of the geographical range of the main vector, Ixodes ricinus (e.g. Tälleklint and 

Jaenson, 1998; Lindgren and Gustafson, 2001; Daniel et al., 2003; Cadenas 

et al., 2007; Gray et al., 2009; Jaenson, Hjertqvist, et al., 2012; Laaksonen et 

al., 2017).  
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These examples of emergence and re-emergence of VBDs demonstrate the 

need to better understand disease carrying vectors and their distribution, as a 

necessary step to decrease the global burden of VBDs (WHO, 2017).  

 

1.1.1. Tick-borne diseases in Europe  

In Europe, TBDs are the most common VBDs (ECDC, 2012). I. ricinus 

(Linnaeus, 1758) is the most abundant and widespread tick species (Gray, 

1998; Tälleklint and Jaenson, 1998; Gritsun, Lashkevich and Gould, 2003; 

Gassner et al., 2011; Estrada-Peña et al., 2013; Oechslin et al., 2017), and 

also the species most often biting humans (Robertson, Gray and Stewart, 

2000; Bartosik et al., 2011; Cull et al., 2019; Lernout et al., 2019). I. ricinus is 

medically highly relevant as it is the dominant vector of LB and TBE (Gray, 

1998; Perret, Rais and Gern, 2004).  

 

1.1.1.1. Lyme borreliosis  

Genetic diversity of Borrelia burgdorferi (sensu lato)   

Lyme borreliosis is caused by the Borrelia burgdorferi (sensu lato) complex of 

spirochete bacteria (Burgdorfer et al., 1983; Ling et al., 2000). B. burgdorferi 

(s.l.) comprises at least 20 genospecies globally (Stone, Tourand and 

Brissette, 2017), which vary in pathogenicity and cause different symptoms. 

They also differ in geographic distribution, Ixodidae vector and transmission 

host(s) (van Dam et al., 1993; Stone, Tourand and Brissette, 2017; Mysterud 

et al., 2019). From this group, four genospecies have been reported in ticks in 

Scotland, namely B. afzelii (the most common genospecies), B. garinii, B. 

burgdorferi (sensu strictu) and B. valaisiana (James et al., 2012, 2014; Millins 

et al., 2016). B. afzelii and B. garinii are most frequently associated with clinical 

disease in Europe (Stanek and Reiter, 2011), but all four genospecies can 

cause human disease (Rijpkema et al., 1997; Diza et al., 2004; Stone, Tourand 

and Brissette, 2017). Although these genospecies exhibit some differences in 

clinical presentation (e.g. B. garinii is neurotropic and B. afzelii has been mostly 

associated with skin manifestations), associated symptoms and signs have not 
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been fully characterised due to difficulty in diagnosis (Rijpkema et al., 1997; 

Stone, Tourand and Brissette, 2017).  

 

The genospecies of the B. burgdorferi (s.l.) complex infect a wide range of 

vertebrate hosts. In Europe, reservoirs for B. afzelii are mainly small mammals 

such as the wood mouse, voles, shrews, red and grey squirrels (Hanincová, 

Schäfer, et al., 2003; James et al., 2014; Millins et al., 2015; Mysterud et al., 

2019). B. garinii is mainly transmitted by birds, although it is also found in red 

and grey squirrels (Hanincová, Taragelova, et al., 2003; James et al., 2014; 

Millins et al., 2015). B. valaisiana is associated with birds (Hanincová, 

Taragelova, et al., 2003), and B. burgdorferi (s.s.) is generalist, able to infect 

both mammals and birds (Millins et al., 2016). Prevalence of infection with B. 

burgdorferi (s.l.) in ticks is related to the abundance of competent hosts, and 

also with the burden of ticks on transmission hosts (Ostfeld and Keesing, 2000; 

James et al., 2012; Millins et al., 2016). Therefore, LB risk depends on the 

density of infected questing ticks, which depends on both the density of 

questing ticks (‘questing’ is the technique I. ricinus ticks use to find a host: ticks 

climb up the vegetation and wait for a passing host) (Mejlon and Jaenson, 

1997) and the presence of competent reservoir hosts such as rodents and 

birds, as well as incompetent hosts such as deer which host ticks but do not 

infect them with the pathogen (James et al., 2012; Millins et al., 2016).  

 

Public health relevance of Lyme borreliosis  

Although most cases that are treated promptly are relatively mild, LB can have 

serious consequences for infected people, leading to debilitating disease with 

significant morbidity if left untreated (Mavin, Watson and Evans, 2015; Steere 

et al., 2016). Human infection with Borrelia burgdorferi (s.l.) can have three 

stages: first the appearance of a skin lesion ‘erythema migrans’ (stage 1), 

which if untreated, can be followed by the disseminated infection, particularly 

affecting the nervous system (stage 2), and by late infection, which often 

involves arthritis or acrodermatitis chronica atrophicans (stage 3) (Steere et 

al., 2016). Therefore LB poses a large burden on health services (Lohr et al., 



5 
 

2015). For example, in the Netherlands, the total burden of LB was estimated 

in 2010 at 10.55 disability-adjusted life years per 100,000 population (van den 

Wijngaard et al., 2015).  

 

In Europe, there are an estimated 85,000 reported cases of LB each year 

(ECDC, 2012), however reporting in the affected countries is inconsistent, and 

many cases are undiagnosed (Lindgren and Jaenson, 2006; Cairns et al., 

2019). A recent study for Western Europe has estimated a population-

weighted average incidence rate of 22.04 cases per 100,000 person years 

(Sykes and Makiello, 2017). In the United Kingdom (UK), LB is not a notifiable 

disease, but laboratory confirmed cases of infection with Borrelia spp. are 

notifiable. A recent publication indicated that the incidence of LB in England 

and Wales has increased since 1997, reaching 1.95 cases per 100,000 in 2016 

(Tulloch et al., 2019). Scotland is one of the European countries with the 

highest LB incidence rate, especially in the Highlands (Ling et al., 2000). Since 

1996, the number of reported cases of LB in Scotland has increased, and from 

2008 to 2013 the estimated average annual incidence was 6.8 per 100,000 

(44.1 per 100,000 in the Highlands). However since 2010 is when LB stopped 

being a notifiable disease in Scotland, data since then are not comparable with 

earlier data (Mavin, Watson and Evans, 2015).  

 

There is no vaccine available to help preventing infection. Therefore 

prevention is based on minimising the risk of exposure to ticks and tick bites, 

rapid removal of attached ticks and early recognition of symptoms to initiate 

prompt treatment (Piesman and Dolan, 2002; Kilpatrick et al., 2017; Sprong et 

al., 2018; Gillingham et al., 2020).  

 

1.1.1.2. Other tick-borne diseases vectored by I. ricinus  

Besides LB, there are other TBDs whose pathogens are transmitted by I. 

ricinus. These include TBE, a well-established disease in central Europe, and 

emerging tick-borne zoonoses, such as babesiosis.  
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Tick-borne encephalitis is a severe encephalitis in humans caused by tick-

borne encephalitis virus (TBEV), a virus which belongs to the flavivirus group, 

family Flaviviridae and genus Flavivirus (Gritsun, Lashkevich and Gould, 2003; 

Lindquist and Vapalahti, 2008). There are other viruses antigenically related to 

TBEV (Porterfield, 1975; Calisher, 1988) such as louping ill virus, which is also 

transmitted by I. ricinus, but causes disease in sheep, cattle, grouse and other 

species, only rarely affecting humans (Macleod and Gordon, 1932; Jeffries et 

al., 2014; Gilbert, 2016). This similarity between TBEV and louping ill virus can 

cause cross-reactivity in serological tests and therefore diagnostic challenges, 

such as indicated in a recent study in the UK (Kreusch et al., 2019).  

 

Although most TBE cases are asymptomatic and vaccination is available 

(Demicheli, Debalini and Rivetti, 2009), in case of infection, the development 

of disease can cause permanent neurological sequelae and even death 

(Gritsun, Lashkevich and Gould, 2003; Lindquist and Vapalahti, 2008; Šmit 

and Postma, 2015). In Europe in 2017, 2,550 confirmed cases of TBE were 

reported, including nine deaths. The Czech Republic, Germany and Lithuania 

were the European countries with most reported confirmed cases (ECDC, 

2019b). However, it is considered that between 10,000 to 12,000 cases of TBE 

occur annually in Europe and Asia (Gritsun, Lashkevich and Gould, 2003; 

WHO, 2017). Until 2019, TBEV was not considered to occur in the UK. 

However recent research in England identified the first possible human case 

of TBE (Kreusch et al., 2019), and the occurrence of infected ticks with TBEV 

in some local areas (Holding et al., 2020; Holding, Dowall and Hewson, 2020). 

The origin for this first appearance of TBEV in UK is not yet known, but may 

be associated with the transport of infected ticks by migratory birds (PHE, 

2019).  

 

In addition to Borrelia burgdorferi (s.l.) and TBEV, I. ricinus can also transmit 

several other microorganisms, including Anaplasma phagocytophilum 

(Macleod and Gordon, 1933) causing human granulocytic anaplasmosis 

(Dumler et al., 2001); Rickettsia helvetica (Nilsson, Lindquist and Påhlson, 
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1999) and Rickettsia monacensis (Jado et al., 2007) causing spotted fever 

rickettsiosis; Babesia divergens, Babesia microti and Babesia venatorum, 

causing zoonotic babesiosis (Zintl et al., 2003; Hildebrandt, Gray and Hunfeld, 

2013; Westblade et al., 2017; Gray et al., 2019); Borrelia miyamotoi, a 

relapsing fever Borrelia which can induce symptoms similar to LB (Fukunaga 

et al., 1995; Franck et al., 2020); Candidatus Neoehrlichia mikurensis, causing 

an inflammatory disease in humans (Fehr et al., 2010; Portillo et al., 2018), 

and Francisella tularensis causing the zoonotic disease tularaemia (McCoy 

and Chapin, 1912; Ellis et al., 2002; Gehringer et al., 2012). With the exception 

of Francisella tularensis, the role of these pathogens in causing human 

disease has not yet been defined (Azagi et al., 2020). In Europe, most clinical 

cases are related with co-infections or occur in immunocompromised patients. 

Therefore, infections may often be neglected or misdiagnosed (Hildebrandt, 

Gray and Hunfeld, 2013; Sprong et al., 2018; Azagi et al., 2020). Nonetheless, 

as the number of reported cases is increasing, these microorganisms are 

known as emerging infections in humans (Hildebrandt, Gray and Hunfeld, 

2013; Oechslin et al., 2017; Gray et al., 2019; Franck et al., 2020). For example 

in the UK, the recent identification of B. miyamotoi in I. ricinus ticks (Hansford 

et al., 2015) and B. venatorum in sheep (Gray et al., 2019) have raised 

concerns about their potential public health importance.  

 

1.1.2. Biology and ecology of I. ricinus  

I. ricinus belongs to the family Ixodidae. Ixodid ticks have four life stages: egg, 

larvae, nymphs and adults (Gray, 1998; Anderson and Magnarelli, 2008). 

Larvae, nymphs and adults only require one blood meal: the two immature 

stages require a blood meal before developing to the next stage, and the adult 

female requires a blood meal before producing eggs (Figures 1.1 and 1.2) 

(Randolph, 1998; Anderson and Magnarelli, 2008; Gassner et al., 2011). Each 

tick stage feeds on a different host individual for a few days, then detaches, 

drops to the ground, and develops in the vegetation to the next stage (Gray, 

1998; Randolph, 1998). Adult ticks mate on the host. After feeding, females 
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lay a batch of eggs (about 3000 or more eggs) and the cycle is completed 

(Anderson and Magnarelli, 2008).  

 

 

Figure 1.1: The three active life stages of 
I. ricinus tick.  
From top, anticlockwise, one adult 
female, two larvae, and one nymph 
(reproduced from Lindquist and 
Vapalahti, 2008). 

 

 

 

Figure 1.2: I. ricinus life cycle. 
I. ricinus life cycle with the preferred hosts for each of 
the three active life stages (reproduced from Norman, 
Worton and Gilbert, 2016). 
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I. ricinus ticks have low mobility and their dispersion is dependent on host 

movement (Randolph, 1998). The three activity stages quest at different 

vegetation heights, which can also be related to differences in host preference 

(Mejlon and Jaenson, 1997). Larvae emerge from the eggs and quest near the 

ground, where the relative humidity is higher (Mejlon and Jaenson, 1997; Gray, 

1998). Ticks are vulnerable to dehydration whilst questing; when waiting for a 

host, questing ticks can leave their questing site and move to the litter zones 

to rehydrate (Perret, Rais and Gern, 2004).   

 

I. ricinus feed on a wide range of vertebrate hosts including reptiles, birds and 

mammals (MacLeod, 1936; Perret, Rais and Gern, 2004). Although the most 

important hosts for feeding larvae and nymphs are birds, small mammals such 

as rodents (James et al., 2012; Cayol et al., 2017) and deer (Mysterud, 

Hatlegjerde and Sørensen, 2014), the immature stages are found on hosts of 

all sizes (including humans), whilst adult stages feed more exclusively on 

larger hosts such as sheep and deer (Figure 1.2) (James et al., 2012; Norman, 

Worton and Gilbert, 2016). Deer are often the most important host for adult 

female ticks, and are often termed ‘tick reproduction hosts’ (Gray, 1998). 

Therefore, deer presence or density is positively associated with tick densities 

(Gilbert et al., 2012; Hofmeester et al., 2017; Dickinson, Millins and Biek, 

2020). Although deer play an important role as hosts of I. ricinus, deer are 

incompetent hosts of B. burgdorferi (s.l.) (Jaenson and Tälleklint, 1992; Rosà 

et al., 2003; Mysterud et al., 2019).  

 

Infection of I. ricinus with Borrelia burgdorferi (s.l.) 

The transmission cycle of B. burgdorferi (s.l.) to I. ricinus is complex and 

dependent on the host competence for the bacteria (Randolph, 1998; James 

et al., 2012), where host competence is defined as the duration and probability 

of effectively transmitting the bacteria to a feeding tick (particularly important if 

it is a genospecies likely to cause disease in humans) (Kilpatrick et al., 2017). 

Measuring host competence is challenging since it requires trapping and 

monitoring of wild caught individuals, or experimental infections. Competence 
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also depends on the different Borrelia genospecies and varies among both 

individuals and populations of a host species. Therefore, it can also vary 

between regions (Kilpatrick et al., 2017). Competent hosts for B. burgdorferi 

(s.l.) in Europe were listed previously in Section 1.1.1.1.  

 

The most significant mode of transmission is the transstadial infection of larvae 

and nymphs feeding on competent reservoir hosts (Randolph, 1998, 2004). 

Transovarial infection via a female tick to its offspring can occur, but this is rare 

(Hubálek and Halouzka, 1998), and in general, less than 1% of the questing 

larvae are infected (Gray, 1998; Wagemakers et al., 2015). Additionally, 

uninfected ticks may also acquire a non-systemic infection by co-feeding close 

to infected ticks (Gern and Rais, 1996; Ogden, Nuttall and Randolph, 1997; 

Randolph, 2009). Although adult ticks have higher prevalence of infection than 

nymphs (e.g. Kowalec et al., 2017), nymphs are most important in the 

transmission of B. burgdorferi (s.l.) to humans, as nymphs are the stage that 

most frequently bites humans (Robertson, Gray and Stewart, 2000).  

 

Phenology of I. ricinus  

Understanding tick phenology, the seasonal population dynamics of different 

tick life stages, is essential to understand the transmission of tick-borne 

pathogens (Perret, Rais and Gern, 2004; Levi et al., 2015). The life cycle of I. 

ricinus is generally completed in three years, but it may vary from two to six 

years in warmer or colder climates. The phenology therefore varies 

considerably in the different regions that this tick is present, depending on 

variations in biotic (host species, host density and behaviour, and vegetation 

structure) and abiotic factors (climate) (Gray, 1991).  

 

Climate can influence the abundance and distribution of I. ricinus, its life cycle 

processes, seasonal activity, population dynamics, survival, development time 

and individual tick behaviour (Pietzsch et al., 2005; James et al., 2012). This 

major influence of climate results from the direct influence of temperature and 

relative humidity on I. ricinus development, survival and questing. In fact, 
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temperature and relative humidity are thought to be the principal factors 

limiting the geographic range of I. ricinus (MacLeod, 1936; Lindgren, Talleklint 

and Polfeldt, 2000; Perret et al., 2000; Randolph et al., 2002).  

 

Temperature directly influences I. ricinus interstadial development rate, 

oviposition rate and egg development rates (Randolph et al., 2002). In warmer 

climates, this process may allow a tick to emerge as the next stage within the 

same season (Dobson and Randolph, 2011), whilst in colder climates (e.g. 

Scotland), most ticks will not emerge as the next stage until the following year. 

Higher temperatures also induce questing behaviour and extend questing 

season in cooler climates (Randolph, 2004; Hancock, Brackley and Palmer, 

2011; Gilbert, Aungier and Tomkins, 2014; Tomkins et al., 2014). In contrast, 

tick activity is inhibited by cold temperatures, and cold temperatures and/or 

short day length in winter induce tick diapause (dormancy) (Randolph et al., 

2002). Field surveys in Scotland, Switzerland and northern Italy have 

estimated that a weekly average maximum daily temperature of seven/eight 

degrees Celsius is needed for I. ricinus nymphs to emerge from their 

overwintering diapause and starting questing for hosts in spring (Gilbert, 

Aungier and Tomkins, 2014; Tomkins et al., 2014). Ticks are also vulnerable 

to desiccation during questing, when developing to the next instar (moulting) 

and, regarding adult females, when laying eggs. To survive desiccation, it is 

critical that the relative humidity of their microclimate does not fall below 80%, 

which is found in areas with a good vegetation cover and a mat of decaying 

vegetation (Gray, 1998; Gassner et al., 2011).  

 

These requirements for temperature, humidity, vegetation cover and hosts 

mean that ticks have preferences for certain habitats, such as forested areas 

which have canopies and understory vegetation that create a microclimate for 

ticks, maintaining suitable conditions of temperature and humidity, and are 

also home of hosts for ticks (Gray et al., 1998; Estrada-Peña, 2001). 
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In recent decades, several countries (such as Norway, Sweden, Germany, 

Czech Republic and UK, including Scotland), have reported an increasing 

abundance and distribution range of I. ricinus, spreading into higher latitudes 

and altitudes (Tälleklint and Jaenson, 1998; Daniel et al., 2003; Kirby et al., 

2004; Materna, Daniel and Danielová, 2005; Scharlemann et al., 2008; Jore et 

al., 2011; Jaenson, Jaenson, et al., 2012; Schwarz et al., 2012; Hvidsten et al., 

2020). The expansion of I. ricinus is not completely understood, but is 

attributed to abiotic environmental changes, such as climate change (Lindgren, 

Talleklint and Polfeldt, 2000; Gern, Cadenas and Burri, 2008; Gilbert, Aungier 

and Tomkins, 2014; Jore et al., 2014; Alkishe, Peterson and Samy, 2017; 

Hvidsten et al., 2020), and also changes in host animal abundance and 

distribution (for example in Scotland, the increase in deer abundance and 

distribution (Clutton-Brock, Coulson and Milner, 2004; Gilbert et al., 2012)), 

which relate to landscape structure and land use (Gilbert, 2013; Ehrmann et 

al., 2017).  

 

1.1.2.1. Human-tick interactions: risk factors for human-tick 

encounters  

An understanding of I. ricinus ecology helps in identifying spatial and temporal 

patterns and risk factors for human-tick encounters, including tick bites. I. 

ricinus activity is seasonal, and ticks are active and questing for hosts when 

temperature and humidity conditions are suitable during the year; from early 

spring to autumn. Human tick bites can occur during all periods of tick activity. 

In UK, human tick bites were reported from March to November, with peaks in 

the summer months of June and July (Cull et al., 2019). This can be explained 

by the influence of temperature on both tick activity and human behaviour, by 

favouring outdoor activities and the use of light clothing (Keukeleire et al., 

2015).  

 

Habitat type is also very important in determining the human risk of tick bites 

because it influences both tick abundance and survival, and the likelihood of 

human-tick contact (Tack et al., 2012). Risky habitats for tick bites include 
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habitats that support high tick populations, such as forested areas, particularly 

mixed and deciduous forests, which are also common areas for recreational 

activities (Robertson, Gray and Stewart, 2000; Bartosik et al., 2011; Mulder et 

al., 2013; Keukeleire et al., 2015; Garcia-Martí et al., 2018). However, ticks are 

also found in suburban and urban environments, including green spaces used 

for recreational activities (Maetzel, Maier and Kampen, 2005; Hansford et al., 

2017; Oechslin et al., 2017; Jore et al., 2020), and tick bites are reported to 

occur in private and public gardens (Mulder et al., 2013). Therefore, people 

are exposed to ticks and tick bites through recreational and occupational 

activities that bring them into areas where ticks are present (Bartosik et al., 

2011; Faulde et al., 2014; Keukeleire et al., 2015; Hall et al., 2017; Fernandez 

et al., 2019).  

 

1.1.2.2. Other tick species present in the United Kingdom  

There are 20 identified species of tick endemic in the UK (Jameson and 

Medlock, 2011). Human and veterinarian reports indicate that the most 

frequently reported tick species in the UK are I. ricinus, followed by I. 

hexagonus, I. canisuga and I. frontalis (Ogden et al., 2000; Jameson and 

Medlock, 2011; Abdullah et al., 2016; Cull et al., 2018). However, I. ricinus is 

the species that most commonly bites humans (Jameson and Medlock, 2011; 

Cull et al., 2018). The fact that I. ricinus is a generalist feeder and awaits a 

host on the vegetation, whilst the other species are specialists that commonly 

live in the nests of their host species, means that contact between I. ricinus 

and humans is more frequent (Piesman and Gern, 2004; Jameson and 

Medlock, 2011). In Scotland, all reported questing tick surveys found that 

100% of the ticks were I. ricinus (James et al., 2012; Millins et al., 2015; Gandy, 

2020), whilst all surveys of human tick bites have also found all ticks to be I. 

ricinus (Hall et al., 2017).  
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1.2. Modelling and mapping vectors for public health 

decision-making  

1.2.1. The public health importance of maps of disease vectors  

Since most vectors are strongly influenced by their environment, they usually 

have heterogeneous distributions. Therefore, maps of the distribution of 

disease vectors have been extensively used in research and policy. These 

outputs constitute an essential tool to help preparedness for VBDs outbreaks, 

and assist public health organisations, government and other stakeholders to 

set public health guidelines and policies (De Roeck et al., 2014; Estrada-Peña, 

Alexander and Wint, 2016; ECDC and EFSA, 2018; ECDC, 2019a). For 

example, the European project VectorNet has a network of experts for 

gathering, sharing and analysing data of the distribution of several vectors of 

diseases, including ticks (ECDC and EFSA, 2014), to inform European level 

decision-making.     

 

Maps with the distribution of vectors are important tools for vector surveillance 

and monitoring, allowing identification of areas of vector occurrence, and areas 

with high potential for infection introduction and transmission (Guerra et al., 

2002; Bisanzio et al., 2011; Kraemer et al., 2015; Boehnke et al., 2015; 

Alkishe, Peterson and Samy, 2017; Santos and Meneses, 2017; Kamal et al., 

2018; Domşa, Mihalca and Sándor, 2018; Ducheyne et al., 2018; Ferro e Silva 

et al., 2018; Simons et al., 2019; ECDC, 2019a; Hönig et al., 2019; Aguilar-

Vega et al., 2020). These maps increase the understanding of environmental 

factors which influence vector distribution and seasonality (Eisen, Eisen and 

Lane, 2006; Ribeiro et al., 2015; Diarra et al., 2018; Ferro e Silva et al., 2018) 

and help identify areas of future expansion or contraction of vector distribution, 

to then inform adaptation efforts (Porretta et al., 2013; Boeckmann and Joyner, 

2014; Feria-Arroyo et al., 2014; Kraemer et al., 2019). Maps with the 

distribution of vectors also help identify the seasonal and spatial variation of 

the risk of human-vector contact (Moiroux et al., 2013; Swart et al., 2014; 

Garcia-Martí et al., 2018; Kjær et al., 2019a). In addition, these maps help to 

make surveillance more cost-effective, directing efforts to target areas (Sallam 
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et al., 2016; Cuéllar et al., 2018) and can be used as tools to help communicate 

and raise awareness for local risks (Vourc’h et al., 2016; Garcia-Martí, Zurita-

Milla, van Vliet, et al., 2017).  

 

1.2.2. Species distribution models  

Most vector distribution maps are based on predicted distributions. Predictive 

maps of a species’ distribution are the outcome of species distribution models 

(SDMs), also known as environmental or ecological niche models. This big 

group of models relate species distribution data with environmental information 

and geographic space data, to make predictions about species distribution 

(Elith and Leathwick, 2009; Miller, 2010). Epidemiological data on disease 

distribution can also be incorporated into these models and maps to produce 

risk maps for disease distribution (Kitron, 2000).  

 

Species distribution models have evolved over the years together with the 

development of new mathematical and statistical techniques, computing power 

and storage capacity, and with the availability of extensive environmental 

datasets (Elith and Leathwick, 2009; Miller, 2010; Braks et al., 2016). The 

choice of technique depends on the question to be studied (Elith and 

Leathwick, 2009), the type of response variable and covariates available 

(Guisan and Thuiller, 2005), and the sample size, and can be influenced by 

the complexity of the modelling technique and computational resources 

(Mengersen et al., 2017).  

 

1.2.2.1. Approaches used and examples for disease vectors  

Species distribution models can be classified into two general approaches, 

mechanistic or process-based, and empirical-statistical models (Braks et al., 

2016). Mechanistic models quantify the relationship between the target 

variable and environmental attributes based on previous knowledge and 

proven causality of the aspects of the process to be modelled. This is achieved 

through the simulation of the mechanisms considered to be responsible for the 

observed correlation between target and environmental variables (Beerling, 
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Huntley and Bailey, 1995). Therefore, this type of model is often used to 

describe patterns of disease dynamics (Lloyd-Smith et al., 2009; Xiao and Zou, 

2014; Heesterbeek et al., 2015), and not just vector distribution. In the field of 

TBDs, mechanistic models have been used to investigate the spatial-temporal 

pattern of infected tick abundance and the influence of temperature on LB risk 

(Dobson and Randolph, 2011; Dobson, Finnie and Randolph, 2011; Hancock, 

Brackley and Palmer, 2011; Li et al., 2016; Worton, 2016). 

 

Empirical-statistical models (also called correlative environmental models), 

quantify the correlation between species distribution records and 

environmental covariates (Braks et al., 2016). This group of models can be 

classified into categories of methods to deal with presence-only data, 

regression and machine learning methods (according to Miller, 2010). One of 

the most commonly used methods for using presence-only data to describe 

the habitat suitability of a species is ecological niche factor analysis (Miller, 

2010). This is a multivariable analysis which compares the geographical 

predicted distribution for the locations with presence data, with the predicted 

distribution of the whole area, and generates a habitat suitability index for each 

cell (or pixel) in the area of study (Hirzel, Helfer and Metral, 2001; Hirzel et al., 

2002). This method has been used to describe the habitat suitability of I. ricinus 

(Table 1.1, which shows examples of methodological approaches, including 

data types used, that have been reported for I. ricinus).   

 

Regression methods establish a relationship between vector presence-

absence or abundance, and a set of environmental covariates, and generally 

assume that the response variable (vector distribution) can be modelled using 

additive combinations of predictors (Elith and Leathwick, 2009). The statistical 

algorithm can then be used to predict vector distribution (Lehmann, Overton 

and Leathwick, 2002). The most frequently used regression methods are 

generalised linear models (GLMs) and generalised additive models (GAMs) 

(Thuiller, 2003). These methods can deal with presence-absence or 

abundance data by using a different link function (e.g. binomial, Poisson, 
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negative binomial or zero inflated). Although GLMs are not able to deal with 

complex response curves, GAMs describe non-linear responses and can 

provide more flexibility for fitting ecologically realistic relationships (Yee and 

Mitchell, 1991; Lehmann, Overton and Leathwick, 2002; Elith and Leathwick, 

2009). Regression methods have been frequently applied to study vector 

distribution, with examples using data from Culicoides midges, which are 

vectors of bluetongue virus (Ribeiro et al., 2015; Ramilo et al., 2017; Diarra et 

al., 2018), mosquitos transmitting malaria (Moiroux et al., 2013) or West Nile 

virus (Bisanzio et al., 2011), I. scapularis (the main vector of LB in America 

and Canada) (Guerra et al., 2002; Brownstein, Holford and Fish, 2003; Diuk-

Wasser et al., 2010, 2012; Koffi et al., 2012) and I. ricinus (Table 1.1).  

 

Latent Gaussian models are a subset of structured additive regression models. 

Other examples of structured additive regression models include, among 

others, GLMs, GAMs, smoothing spline models, state space models, 

semiparametric regression, spatial and spatiotemporal models, log-Gaussian 

Cox processes and geostatistical and geoadditive models (Rue, Martino and 

Chopin, 2009). Latent Gaussian models can be implemented within a 

Bayesian framework. Bayesian inference is based upon Thomas Bayes’ 

theorem and considers that just one form of uncertainty exists, which is 

described by probability distributions, and combines two types of information 

to derive the posterior distribution of parameters and predictions - the prior and 

the (current) data model (Bernardo and Smith, 2000). Bayesian inference has 

been seen as a potential tool to improve SDMs, due to the integration of prior 

information (Bernardo and Smith, 2000), providing better ways to deal with 

errors and uncertainty (Bernardo and Smith, 2000; Guisan and Thuiller, 2005), 

the ability to account for spatial and temporal dependency, and the ability to 

develop complex hierarchical models (Rue, Martino and Chopin, 2009; 

Lindgren and Rue, 2015). Spatial and spatial-temporal latent Gaussian models 

which account for dependency in the data can be easily computed with the 

integrated nested Laplace approximation (INLA) and the stochastic partial 

differential equation (SPDE) (Lindgren, Rue and Lindström, 2011). Bayesian 
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models using INLA and SPDE have been developed for some disease vectors, 

such as Culicoides midges  (Kifle, Hens and Faes, 2017), Culex pipiens (Myer, 

Campbell and Johnston, 2017) and tsetse flies (Stanton et al., 2018) but not 

yet for ticks. The value of a Bayesian approach for modelling and mapping 

species distribution will be described in detail in Chapter 3. 

 

Machine-learning methods are a category of more flexible ‘data-driven’ 

methods, which are not based on specific distribution functions, and do not 

require a priori model specification (Miller, 2010). Although machine learning 

methods can be complex and difficult to interpret (sometimes compared to a 

‘black box’), and models can be demanding in terms of running time and 

computation resources (Elith, Leathwick and Hastie, 2008), they have been 

widely applied to model vector distribution. Examples include Culicoides 

midges (Cuéllar et al., 2018; Diarra et al., 2018; Aguilar-Vega et al., 2020); 

mosquito vectors of Zika, dengue and chikungunya (Kraemer et al., 2015, 

2019; Santos and Meneses, 2017; Ducheyne et al., 2018; Kamal et al., 2018; 

Richman et al., 2018; Tiffin et al., 2019) and mosquito vectors of malaria 

(Moffett, Shackelford and Sarkar, 2007; Sinka et al., 2012), triatomine vectors 

of Chagas disease (Sarkar et al., 2010; Ferro e Silva et al., 2018); I. scapularis 

(Atkinson et al., 2014; Feria-Arroyo et al., 2014; Johnson et al., 2016; Soucy 

et al., 2018) and I. ricinus (Table 1.1). From this group of methods the ones 

most commonly adopted for modelling and mapping I. ricinus distribution are 

random forest (RF) (Breiman, 2001; Prasad, Iverson and Liaw, 2006); boosted 

regression trees (BRT) (Friedman, 2001; Elith, Leathwick and Hastie, 2008) 

and maximum entropy models (MaxEnt) (Phillips, Anderson and Schapire, 

2006). Random forest and BRT can be used with abundance and presence-

absence data, and are ensemble model techniques thereby fitting many 

models and combining them for prediction (Elith, Leathwick and Hastie, 2008; 

Leathwick et al., 2008). MaxEnt is a method able to deal with presence-only 

data, however it does require the use of ‘background’ information (Phillips, 

Anderson and Schapire, 2006; Phillips et al., 2009). 
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However, different model techniques vary in their ability to capture all the 

variations present in the data, and therefore predictions of species distributions 

can vary widely among modelling approaches. Therefore, to decrease the 

predictive uncertainty of single models, some researchers opt to combine 

predictions from multiple models (from different techniques) into an 

‘ensemble’, obtaining a ‘consensus model’ (Araújo and New, 2007). This 

approach has been adopted for studies into the predicted distribution of 

mosquito vectors of Rift Valley Fever, sandfly vectors of Leishmania, 

triatomine vectors of Chagas disease, Culicoides midges and ticks, using 

ensembles of models using presence-only data, regression and machine 

learning methods (Carvalho et al., 2015; Chalghaf et al., 2018; Ferro e Silva et 

al., 2018; Ciss et al., 2019; ECDC, 2019a; Simons et al., 2019).  

 

Vector distribution data used in SDMs   

Vector data used in SDMs comprises three types: presence-only data; 

presence-absence; and abundance data (Table 1.1). Presence-only data are 

frequently gathered from public submissions, citizen science projects, history 

museums and data curators (Estrada-Peña and Venzal, 2006; Estrada-Peña, 

Venzal and Acedo, 2006; Porretta et al., 2013). One major limitation of 

presence-only data is that it lacks information on where the species was 

absent, which increases the risk of bias, and limits the type of questions that 

can be asked and the predictive power of the models (Pearce and Boyce, 

2006; Bird et al., 2014).  

 

Presence-absence data may be collected in this form or can be generated from 

abundance data, and from the addition of pseudo-absence points to presence-

only data. The generation of pseudo-absence points are based on information 

of unsuitable habitats for the vector (Pearce and Boyce, 2006), and is the 

approach frequently adopted by VectorNet to model I. ricinus distribution on a 

continental scale (ECDC, 2019a).  
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Vector abundance data are gathered from standardised methods of collection, 

where vectors are collected using traps with an attractant (carbon dioxide, 

light, odour, sound, animal or human bait) or by dragging or flagging (ECDC 

and EFSA, 2018). Questing ticks are generally collected by sweeping a flag 

(small piece of blanket), or by dragging a blanket over the vegetation, for a 

certain distance or time (Gray and Lohan, 1982), during questing tick surveys 

(thereafter in this thesis this method will be referred to as questing tick 

surveys). Although considered as standard techniques to collect ticks in the 

vegetation (Gilbert, 2010; ECDC and EFSA, 2018), flagging or dragging are 

not suitable means to estimate the density or abundance of ticks in the 

population (as they fail to collect ticks in diapause, moulting or attached to a 

host) but only the density or abundance of ticks that are questing (Perret, Rais 

and Gern, 2004). Additionally, the resources required for questing tick surveys 

mean that the data are often not available at larger geographical and seasonal 

scales (Li et al., 2016).  

 

1.2.3. Uncertainty and other knowledge gaps  

Predictive mapping of vector distribution, including I. ricinus, is a complex 

process, and models and correspondent predictive map outputs have 

uncertainty (Elith and Leathwick, 2009). This uncertainty results from data 

deficiencies due to data quality and coverage (for example small sample size, 

presence of bias and/or lack of absence points in distribution data), missing 

covariates (due to a lack of understanding on vector ecology), and from the 

model technique applied, which will be able to capture or not all the variation 

present (Barry and Elith, 2006; Estrada-Peña, Alexander and Wint, 2016). 

Therefore, although predictive maps of vector distribution are frequently 

published, including the plethora of predictive maps for I. ricinus (Table 1.1), 

very few studies address the uncertainty of the predictions (which is different 

from model sensitivity analysis), and consider uncertainty when using maps 

for decision-making (Elith and Leathwick, 2009). Addressing the predicted 

uncertainty is essential to assess the accuracy and robustness of the 

predictions, and is important to understand data and model limitations, which 
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can help to identify steps for data and model improvement (Heesterbeek et al., 

2015; Braks et al., 2016). Additionally, it is useful to adopt robust and 

sophisticated modelling techniques which can account for data variability, and 

which give information on the predictive uncertainty (Heesterbeek et al., 2015).  

 

Mapping I. ricinus in Scotland  

Although LB is a public health concern in Scotland, very few maps with I. 

ricinus predicted distribution have been published, particularly at an 

appropriate scale for national and local decision-making (some examples 

include Braga, 2012; Li et al., 2016).  

 

Current I. ricinus distribution data available for Scotland comes from three 

different sources: presence-only data from public submissions to Public Health 

England (PHE), relative abundance data from questing tick surveys (from 

Professor Lucy Gilbert and co-workers), and a composite dataset which 

combines the presence-only data with data from questing tick surveys and the 

generation of pseudo-absence points (ECDC and EFSA, 2018; ECDC, 2019a). 

Although data from questing tick surveys are generally considered to be the 

gold standard, the data available for Scotland were collected by aiming to 

answer specific ecological hypotheses, rather than conducted for the purpose 

of mapping tick distribution. Therefore, there is a lack of reliable information on 

tick distribution in Scotland. The question of whether these three datasets can 

be used for developing tick distribution models, in terms of data quality, 

coverage and predicted uncertainty, will be addressed in Chapters 2 and 3, 

using I. ricinus distribution data for Scotland. 

 

Relationship between questing tick surveys and tick bite risk  

Many of the published models and maps of tick distribution rely on data from 

questing tick surveys. These predicted outputs have been used to answer 

several questions regarding questing tick ecology, and to make inferences 

about human risk and exposure to ticks and TBDs (e.g. Eisen et al., 2006; 

Eisen, Eisen and Lane, 2006; Diuk-Wasser et al., 2010; Boehnke et al., 2015; 
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Brugger et al., 2016; Vourc’h et al., 2016; Hönig et al., 2019). However, studies 

that directly assess how well results from questing tick surveys explain human 

exposure and risk to ticks are rare. Additionally, there are other studies that 

use tick data from passive submissions to model tick distribution, without 

testing the quality of these data for robust inference, and/or gathering 

additional information to improve data quality. These questions will be 

addressed in Chapters 4 and 5.  



23 
 

Table 1.1: Non-exhaustive list of published work with predictions of the distribution of I. ricinus in Europe.  
The table describes the location, scale and spatial resolution used, the objective of the predictions, the response variable and 
source of data, the modelling approach, and if the predicted uncertainty was assessed. 

Location, scale and 
resolution 

Objective Response variable, source Method Uncertainty Reference 

Europe, continental scale, 
resolution of 8 km2  

Model and map current and 
future potential distribution 

Presence-only data, different 
sources 

Machine learning 
(GARP)  

No  (Boeckmann and 
Joyner, 2014) 

France, local scale, no 
information about resolution 

Map human risk of infection 
with B. burgdorferi (s.l.) 

Abundance data (flagging); 
density of infected nymphs 

Regression (GLM) No  (Vourc’h et al., 
2016) 

Germany, local scale, 
resolution of 0.5 km2  

Map spatial distribution Abundance data (flagging) Regression (GLM) No (Boehnke et al., 
2015) 

Norway, local scale, no 
information about resolution 

Determine the contribution 
of red deer space use on 
the spatial distribution of I. 
ricinus 

Abundance data (flagging)  Regression 
(GLMM and GAM) 

No (Qviller et al., 
2016) 

Europe, continental scale, 
resolution of 0.1 degree 
(approximately 11.1 km2) 

Identify long-term trends of 
habitat suitability 

Presence-only data (different 
sources) 

Ecological Niche 
Factor Analysis  

No (Estrada-Peña 
and Venzal, 2006; 
Estrada-Peña, 
Venzal and 
Acedo, 2006) 

Iceland, country scale, no 
information about resolution 

Identify areas for future tick 
establishment 

Presence-only data (different 
sources: flagging, ticks 
collected from mammals and 
birds, and from passive 
surveillance; and same 
number of pseudo-absences) 

Machine learning 
(BRT)  

No  (Alfredsson et al., 
2017) 

Romania, country scale, 
resolution of 0.6 km2 

Map spatial distribution Presence-only data (flagging 
and published literature) 

Machine learning 
(MaxEnt)  

No (Domşa, Mihalca 
and Sándor, 
2018) 

Eurasian region, 
continental scale, resolution 
of 5 km2 

Predict current and future 
(2050 and 2080) climatic 
niche 

Presence-only data (multiple 
sources: published literature 
and curated collections) 

Machine learning 
(MaxEnt)  

No  (Porretta et al., 
2013) 

Italy, local scale, resolution 
of 1 km2 

Identification of a cost-
effective sampling strategy 
for local scale surveillance 

Presence-only data 
(dragging)  

Machine learning 
(MaxEnt) 

No  (Signorini et al., 
2019) 
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Table 1.1: Continued  

Location, scale and 
resolution 

Objective Response variable, source Method Uncertainty Reference 

Czech Republic and 
Germany, regional scale 
(areas from the two 
countries), resolution of 250 
m2 

Development of an acarological 
risk model 

Abundance data (flagging) and 
prevalence with pathogens  

Regression 
(GLM)  

No  (Hönig et 
al., 2019) 

Germany, country scale, 
resolution of 100 m2 

Map spatial distribution Abundance data (flagging)  Regression 
(GLM) 

No  (Brugger et 
al., 2016) 

Scotland, country scale; 
resolution of 1 km2 

Develop a mechanistic, agent-
based model to study the 
temperature-driven seasonality of 
I. ricinus ticks and transmission of 
B. burgdorferi (s.l.) 

Density of questing infected nymphs  Mechanistic 
agent-
based 
model 

No  (Li et al., 
2016; 
Worton, 
2016) 

Europe and North Africa, 
continental scale, about 20 
km2 resolution 

Predict current and future (2050 
and 2070) spatial distribution 

Presence-only data (multiple 
sources: Global Biodiversity 
Information Facility, VectorMap, and 
scientific literature) 

Machine 
learning 
(MaxEnt) 

Yes  (Alkishe, 
Peterson 
and Samy, 
2017) 

Scandinavia, regional 
scale, 1 km2 resolution 
 

Predict presence-absence and 
abundance 

Presence-absence and abundance 
data (dragging) 

Machine 
learning 
(BRT) 

No  (Kjær et al., 
2019a, 
2019b) 

The Netherlands, country 
scale; resolution of 1 km2 

Modelling and mapping tick 
dynamics 

Abundance data (dragging and 
flagging by volunteers) 

Machine 
learning 
(RF)  

Yes (Garcia-
Martí, 
Zurita-Milla, 
van Vliet, et 
al., 2017) 

Scotland, country scale, 
resolution of 1 km2 

Predict current and future (2050) 
nymph abundance in Scotland 

Abundance data (dragging)  Regression 
(GLMM)  

No (Braga, 
2012) 

Europe, continental scale; 
resolution of 1 km2  

Map spatial distribution Presence-absence data (multiple 
sources: presence and absence from 
dragging or flagging, presence-only 
and pseudo-absences) 

Machine 
learning 
(BRT and 
RT)  

No  (ECDC, 
2019a) 

Abbreviations: BRT, boosted regression trees; GAM, generalised additive model; GARP, genetic algorithm for rule set production; GLM, generalised 

linear model; GLMM, generalised linear mixed model; MaxEnt, maximum entropy model; RF, random forest 
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1.3. Citizen science: a powerful tool for data collection 

The term ‘citizen science’ was introduced by the British sociologist Alan Irwin 

in 1995, to describe a more participatory science (in Cooper, 2017). A more 

complete definition is that citizen science (CS) refers to the engagement and 

active participation of common citizens in scientific research, with the aim of 

generating new scientific knowledge (Miller-Rushing, Primack and Bonney, 

2012). Citizen science projects involve, to a varying degree, the collaboration 

of citizens and scientists and can be classified into three categories: 1) 

contributory projects where participants only contribute data; 2) collaborative 

projects where participants, besides contributing with data collection, help in 

other steps of the project (refine project design, analyse data or disseminate 

project outputs); and 3) co-created projects, where citizen scientists participate 

actively in the entire scientific project (Bonney et al., 2009).  

 

Citizen science is not a new subject, and citizens have been actively recording 

their observations of the natural world for centuries (Bonney et al., 2009; 

Silvertown, 2009; Dickinson et al., 2012; Miller-Rushing, Primack and Bonney, 

2012). However, the advance of communications and computing technology 

has contributed to the increase in the number of CS projects (Silvertown, 2009; 

Miller-Rushing, Primack and Bonney, 2012; Bonney et al., 2014). Nowadays, 

citizens can be powered with high levels of knowledge, internet access, mobile 

phones and other systems that allow them to easily receive and share data, 

anytime and anywhere (Bonney et al., 2014; August et al., 2015; Guilbaud and 

Guilbaud, 2017; Lwin et al., 2017; Palmer et al., 2017; Hamer, Curtis-Robles 

and Hamer, 2018). This advance and availability of new technologies has led 

to a new recognition of the potential of CS for collecting data at larger temporal 

and spatial scales, and allowing science to answer questions that could not 

have previously been addressed (Tregidgo, West and Ashmore, 2013; Palmer 

et al., 2017). 

  

Citizen science has been used to make numerous contributions to science, 

covering a broad range of research areas (Bonney et al., 2014; Cooper, 2017). 
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In the last decades, there has been an increased scientific enthusiasm for CS. 

When using the term ‘citizen science’ in the search engine Web of Science, 

the number of outputs increased from nine items between 1990 and 2000, to 

111 between 2001 and 2010, and to 4,300 between 2011 and 2020 (date of 

search: 23/09/2020). Citizen science has been successfully used to monitor 

nitrogenous air pollution (Tregidgo, West and Ashmore, 2013); to identify 

invasive plants (Gallo and Waitt, 2011); to understand long-term changes in 

plant (Miller-Rushing and Primack, 2008) and bird phenology (Ellwood, 

Primack and Talmadge, 2010) responses to climate change; to monitor 

biodiversity and natural resources (MacKechnie et al., 2011; Danielsen et al., 

2014; Embling, Walters and Dolman, 2015; Chandler et al., 2017); to monitor 

the population changes of bird and mammalian species across the UK (Harris 

et al., 2016; Massimino, Harris and Gillings, 2018); to estimate climate niches 

and species distribution (Tiago, Pereira and Capinha, 2017); and for tracking 

disease-carrying mosquitoes (Palmer et al., 2017; Eritja et al., 2019).  

 

Additionally, CS has educational and social objectives. Participants can 

increase their understanding about the subject that is being studied and 

improve their scientific literacy (Bonney et al., 2009; Silvertown, 2009; 

MacKechnie et al., 2011), and can participate in management, surveillance, 

control and prevention efforts in the place they live (Bonney et al., 2009; 

Silvertown, 2009; Tregidgo, West and Ashmore, 2013; Danielsen et al., 2014; 

Kelling et al., 2015; Palmer et al., 2017).  

 

1.3.1. Challenges of citizen science datasets and possible solutions  

Although CS shows great potential for collection of datasets over space and 

time, issues of data quality can be a limitation of CS datasets, particularly for 

presence-only data derived from opportunistic data collection or observation 

efforts (Bird et al., 2014; Mengersen et al., 2017; Callcutt, Croft and Smith, 

2018; Hamer, Curtis-Robles and Hamer, 2018). Citizen science data can 

contain high levels of variability because CS projects involve a large number 

of participants who have different skills and motivation, which can lead to 
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decreased precision in measurements such as measurement error or bias, and 

variation in reporting rates associated with observer expertise and effort 

(Dickinson, Zuckerberg and Bonter, 2010; Bird et al., 2014; Embling, Walters 

and Dolman, 2015; Johnston et al., 2017; Palmer et al., 2017).  

 

Common reasons for bias in CS datasets are related to the presence of 

spatially and temporally correlated factors, as previous exposure to 

information, areas that are more or less attractive, or media attention, which 

may increase project participation in certain areas and times (Boakes et al., 

2010; Crall et al., 2011; Bird et al., 2014; Johnston et al., 2017). When CS 

datasets are characterised by spatial data (also called volunteer geographic 

information (Goodchild, 2007)), opportunistic efforts in collection or reporting 

will translate into spatial bias, which limits the representativeness of the spatial 

data (the degree to which a sample of spatial observations can represent the 

population) and decreases the quality and accuracy of the data (Goodchild and 

Li, 2012; Zhang and Zhu, 2018). Consequently, the statistical assumptions, 

including predictive maps of species distribution, may not be valid 

(MacKechnie et al., 2011; Callcutt, Croft and Smith, 2018).  

 

Historical datasets are frequently used as additional sources of CS data. 

However, these datasets often have incomplete information, and lack detail on 

how the data were collected, and who was/were the observer(s). It is therefore 

difficult to be sure if the patterns identified are due to real trends in the data or 

caused by changes in the observer or collection methods (Miller-Rushing, 

Primack and Bonney, 2012). Another issue with CS datasets is that 

methodologies are often simplified to make them more accessible to citizen 

scientists, which can result in a decreased sensitivity of the method used 

(Tregidgo, West and Ashmore, 2013).  

 

However, the benefits of CS approaches have motivated researchers to find 

ways to improve the quality of data collected, database management and data 

analysis (Dickinson, Zuckerberg and Bonter, 2010; Wiggins et al., 2011; Bird 
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et al., 2014). For example, verification studies can be conducted to ensure that 

the data collected by participants is accurate and reliable (Crall et al., 2011; 

Jordan et al., 2012; Tregidgo, West and Ashmore, 2013; Danielsen et al., 

2014). Several studies have demonstrated that with appropriate protocols, 

training of citizen scientists and iterative project development, data validation 

steps (such as expert validation and/or the use of new technologies with 

automatic validation tools and verification platforms), accounting for volunteer 

expertise or effort, and the application of sophisticated statistical techniques to 

account for the high variability in CS datasets, volunteers can collect data of 

quality equal or similar to those collected by experts, and with larger 

geographical coverage (Gallo and Waitt, 2011; Jordan et al., 2012; Tregidgo, 

West and Ashmore, 2013; Danielsen et al., 2014; Kosmala et al., 2016; 

Johnston et al., 2017; Palmer et al., 2017; Callcutt, Croft and Smith, 2018; 

Massimino, Harris and Gillings, 2018).  

 

1.3.2. Value of citizen science to study disease vectors   

Citizen science has proved to be an efficient tool to collect data on, and to 

study, disease vectors such as triatomines, mosquitoes and ticks. Triatomine 

bugs occur in the United States (US) and Latin America, and are vectors of 

Trypanosoma cruzi, the agent of Chagas disease in humans and animals 

(Bern et al., 2011; Wozniak et al., 2015). Citizen science projects have been 

particularly important to study these insects, since there is no reliable 

standardised collection method for triatomines (Hamer, Curtis-Robles and 

Hamer, 2018). The datasets generated through CS allowed scientists to study 

the spatial and temporal distribution of these insects, and policy decision 

makers to improve target interventions of vector control. These CS projects 

increased community and political awareness regarding Chagas disease, and 

public health protection through the education of citizens on how to prevent 

encounters with the vector (Yoshioka, 2013; Curtis-Robles et al., 2015, 2018). 

Curtis-Robles et al., (2015) indicated that their CS project contributed to an 

increased strength of the relationship between researchers, public health 

agencies, clinical veterinarians, medical practitioners and the general public.  
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The recent outbreaks of Zika, chikungunya, dengue and other diseases 

demonstrated the need for a better understanding of mosquito behaviour and 

geographical distribution (Switters and Osimo, 2019). An initiative at global 

scale, the Global Mosquito Alert Consortium, was created to build CS capacity 

for surveillance and control of disease-vector mosquitos (Tyson et al., 2018). 

Citizen science projects for mosquito surveillance at national or larger scales 

have been carried out in developed and developing countries (e.g. Maki and 

Cohnstaedt, 2015; Palmer et al., 2017; Murindahabi et al., 2018; Asingizwe et 

al., 2019; Eritja et al., 2019; Switters and Osimo, 2019). The CS project in 

Spain, ‘Mosquito Alert’, generates large datasets of the distribution of the Asian 

tiger mosquito (Aedes albopictus) and other species. Data analysis confirmed 

that this CS project provided accurate early warning information about 

mosquito invasion in Spain, and that CS can constitute a scalable and cheap 

tool for vector monitoring and surveillance of endemic and invasive species, 

helping governments and public health agencies in their decision-making 

(Palmer et al., 2017; Bartumeus, Oltra and Palmer, 2018; Eritja et al., 2019). 

Citizen science projects about mosquitoes have also demonstrated their 

strong social and educational objectives, as citizens learn about mosquito 

habitats, behaviour, diseases they may transmit, and about control and 

prevention measures (Palmer et al., 2017; Asingizwe et al., 2019). 

Recognising this benefit of CS projects, public health agencies are including 

programmes in their strategies for vector management that depend on citizen 

education and change of behaviours (vonHedemann et al., 2016).  

 

1.3.2.1. Citizen science projects about tick vectors of diseases 

There are several examples of CS projects to study ticks and TBDs, 

particularly in Europe, US and Canada, where LB is a major public health 

concern, and where CS helps public engagement in the prevention of tick bites 

and to increase awareness of TBDs (Seifert et al., 2016; Sakamoto, 2018). 

Examples for Europe are described in Table 1.2, and for the US and Canada 

in Appendix A: Supplementary material for Chapter 1. 
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Citizen science projects for ticks and TBDs vary in their objectives, and 

therefore in their complexity and number and type of questions asked to the 

volunteers (Table 1.2). Some of the projects comprise long-term national tick 

surveillance projects, for example the Tick Surveillance Scheme in the UK 

aims to improve the knowledge of the distribution of endemic and exotic tick 

species in the British Isles (Pietzsch et al., 2005; Jameson and Medlock, 2011; 

Cull et al., 2018, 2019; Hansford et al., 2018). Other projects have been 

implemented during a certain period to answer specific scientific questions, 

such as the project in Finland which led to the development of the ‘Tick Bank’, 

the vast collection of tick species in Finland (Laaksonen et al., 2017, 2018). 

Projects such as ‘Tekenradar’ in the Netherlands and ‘TekenNet’ in Belgium, 

besides educating and informing citizens about the risk of tick bites, also collect 

thousands of ticks and/or datapoints on human tick bites. This has enabled 

researchers to identify factors that determine tick bite risk (Mulder et al., 2013; 

Garcia-Martí, Zurita-Milla, Swart, et al., 2017), to map human exposure to tick 

bites (Garcia-Martí et al., 2018) and to study the prevalence of pathogens in 

ticks which have bitten people (Lernout et al., 2019).  

 

Citizen science projects about ticks have generated large datasets with spatial 

and temporal information of the vector distribution and the pathogens they 

transmit (e.g. Laaksonen et al., 2017, 2018; Cull et al., 2018; Nieto et al., 

2018). As an example, a CS project in Finland received about 20,000 ticks 

collected from humans and animals, which revealed the northward shift of I. 

ricinus in Finland, as well as enabling assessment of the prevalence of Borrelia 

burgdorferi (s.l.), B. miyamotoi and TBEV (Laaksonen et al., 2017). The same 

outputs would have been impossible to obtain by the scientific community 

alone using the standard methods of collection, dragging and flagging.  

 

Another value of CS projects is that this approach enables the collection of 

information on human-tick encounters, such as tick bites (Nieto et al., 2018). 

In fact, collecting citizen reports of tick bites is seen as a complementary 

strategy for LB surveillance, particularly if considered periodically and locally 
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(van den Wijngaard et al., 2017). The epidemiological importance of a tick bite 

has incentivised several CS projects to gather information on tick bites. Citizen 

science projects with ticks bites resulted in the identification of hotspot areas 

and risk factors for tick bites, spatial and seasonal patterns of human exposure 

of tick bites, and to gather data on the prevalence and dynamics of pathogenic 

agents (Mulder et al., 2013; Garcia-Martí, Zurita-Milla, Swart, et al., 2017; 

Garcia-Martí et al., 2018; Nieto et al., 2018; Porter et al., 2019; Salkeld et al., 

2019; Chauhan et al., 2020; Jore et al., 2020).  

 

Current challenges and knowledge gaps  

As described, CS can be a valuable approach for collecting tick distribution 

data and information on human-tick encounters. However, although CS 

projects have led to some important scientific discoveries about ticks and 

TBDs, there remain some challenges and knowledge gaps.  

 

For public health decision-making, it is necessary to assess the risk of a tick 

bite (Porter et al., 2019), where risk is the product of the density of infected 

ticks in the environment multiplied by the human exposure (Ginsberg, 1993; 

Eisen and Eisen, 2016). However, as human exposure is difficult to assess, 

often studies do not estimate the risk but instead make inferences based on 

the density of questing infected ticks (or as a proxy, density of questing ticks) 

from questing tick surveys (such as Schwarz et al., 2009; Swart et al., 2014; 

Boehnke et al., 2015; Brugger et al., 2016; Li et al., 2016; Vourc’h et al., 2016). 

However, as discussed in Section 1.2.3, it is not clear how well questing ticks 

in the environment reflect the actual risk of tick bites. 

 

Additionally, it would be relevant to get further information on human exposure 

to ticks and tick bites, such as the number of people in a certain area, the time 

spent doing certain outdoor activities or the distance covered. Most published 

CS projects on ticks and tick bites are based on the passive and opportunistic 

submission of reports (e.g. Laaksonen et al., 2017; Garcia-Martí et al., 2018; 

Nieto et al., 2018), and rarely gather information on human exposure. Thus, 
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the generated CS datasets lack information on absences and contain a great 

level of variability and bias. When using these datasets, inference is only 

available for the subset of citizens that had a tick encounter or a tick bite, which 

will result in incomplete information to assess human exposure and to estimate 

risk. Therefore, including reports of absence data is essential for making robust 

inferences about human tick bite risk. However, CS approaches that also 

record when tick bites or tick encounters did not occur may be difficult to 

implement. Nonetheless, this approach has never been assessed. In addition, 

although volunteer effort has been taken into account in studies with mosquitos 

to decrease associated bias (Palmer et al., 2017), volunteer effort has never 

been accounted in CS projects with ticks. These knowledge gaps will be 

addressed in thesis Chapters 4 and 5.  
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Table 1.2: Non-exhaustive list of citizen science projects implemented in Europe. 
The projects are based mainly on I. ricinus, the dominant vector species in Europe. This table includes information about the 
project, the data collected, and a link for the study and/or published references. 

Country  Project name and 
founders  

Description of the project and data collected  Link for the study and/or 
references  

United 
Kingdom 

Tick Surveillance Scheme, 
Public Health England 
 

Project set up in 2005. Citizens can send the ticks they collect 
from themselves, pets and other animals, which are then 
identified and tested by experts.  

https://www.gov.uk/guidance/tick-
recording-scheme (Pietzsch et al., 
2005; Jameson and Medlock, 2011; 
Cull et al., 2018, 2019; Hansford et 
al., 2018) 

The 
Netherlands 

‘Tekenradar’, 
National Institute for Public 
Health and the Environment 
and Wageningen University 

‘Tekenradar’ website platform was launched in 2012. This 
platform informs citizens about the risk and prevention of tick 
bites and at the same time, collects data on tick bites. 
Citizens record the date, location (geographical coordinates), 
age of the person bitten and photo of the tick and/or bite. 
Additionally, this platform records information on Lyme 
borreliosis occurrence from individuals.   

https://www.tekenradar.nl/ 
(Mulder et al., 2013; Antonise-
Kamp et al., 2017; Garcia-Martí, 
Zurita-Milla, Swart, et al., 2017; 
Garcia-Martí, Zurita-Milla, van Vliet, 
et al., 2017; Garcia-Martí et al., 
2018; Garcia-Martí, 2019) 

Finland Tick collection campaign, 
University of Turku 

The tick collection campaign was implemented between April 
to November 2015. Citizens were asked to send ticks (biting 
or crawling) collected from humans and animals, and in 
addition information on the collection site, date, and the tick 
host.  

(Laaksonen et al., 2017, 2018) 

Belgium ‘TekenNet’, Epidemiology of 
Infectious Diseases 
Services, Belgian Institute 
of Public Health  

‘TekenNet’ platform (website and mobile application) was 
created in 2015. It provides information on ticks and Lyme 
borreliosis and allows people to report a tick bite and the 
development of disease, together with the geographical 
coordinates of the location where they were bitten. 

https://tekennet.wiv-isp.be 
(Lernout et al., 2019) 

Switzerland Tick prevention, National 
Reference Centre for Tick-
Borne Diseases and other 
partners  

The mobile application collects tick bites reports from citizens 
from Switzerland and Liechtenstein, which then are used to 
develop a map of tick bites.  

https://zecke-tique-
tick.ch/en/tickbite-map-switzerland/ 

France  
 
 

Signalement-Tique, Institut 
National de la recherche 
agronomique and others 

The website and mobile application, launched in 2017, were 
developed to gather data from tick bites of humans and pets, 
including geolocation, date, photos of the ticks.  

https://www.citique.fr/signalement-
tique/  

https://www.gov.uk/guidance/tick-recording-scheme
https://www.gov.uk/guidance/tick-recording-scheme
https://www.tekenradar.nl/
https://tekennet.wiv-isp.be/
https://zecke-tique-tick.ch/en/tickbite-map-switzerland/
https://zecke-tique-tick.ch/en/tickbite-map-switzerland/
https://www.citique.fr/signalement-tique/
https://www.citique.fr/signalement-tique/


34 
 

1.4. Thesis aim and objectives  

The aim of this thesis is to investigate methodologies to improve predictive 

distribution mapping of ticks and tick bite risk in Scotland, to better inform 

public health decision-making. This aim will be achieved by applying modern 

statistical techniques to the current available data on tick distribution in 

Scotland, to understand the value and limitations of different tick distribution 

datasets, and by generating new data on the rate of tick bites and tick 

encounters to humans. Scotland is a country where I. ricinus is endemic, where 

LB is well-established, and along with the emergence of other pathogenic 

microorganisms, this gives raise to public and media concerns. Often policy 

makers require reliable maps of I. ricinus distribution to help with decision-

making. Although some models and maps have been published for Scotland, 

there are inherent challenges in modelling and mapping tick distribution, which 

are associated with the lack of robust long-term and geographically extensive 

tick data.  

 

Therefore, the objectives of this PhD are:  

 

1) to test the quality and robustness for predictive mapping and 

public health decision-making of the three most extensive and up-to-

date datasets of I. ricinus distribution in mainland Scotland, by 

assessing model results, biological plausibility, predictive and 

uncertainty maps and covariate coverage (Chapter 2); 

 

2) to improve the predictive map of I. ricinus questing nymph 

distribution in mainland Scotland obtained in Chapter 2 using data 

collected during questing tick surveys, including the estimated 

uncertainty in the predictions, by applying a sophisticated Bayesian 

statistical methodology (the Stochastic Partial Differential Equation) 

(Chapter 3); 
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3) to assess how data collected during questing tick surveys 

compare with the real risk of tick bites to humans, by quantifying the 

relationship between relative abundance of questing ticks collected 

from the vegetation and tick bite rate of exposed orienteers (Chapter 4); 

  

4) to investigate the feasibility of CS approaches that include 

collection of data on tick absence and volunteer effort, to assess how 

citizen science-based tick reporting data compares with scientific 

surveys of questing ticks in the environment, to identify the risk factors 

for human tick bite and encounter rates and finally, to compare the 

relative contribution of human behavioural risk factors and questing tick 

abundance in explaining the variation of tick bite and tick encounter 

rates (Chapter 5). 
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Chapter 2: Using imperfect data in predictive mapping 

of vectors: a regional example of Ixodes ricinus 

distribution 

 

The work described in this Chapter 2 has been published (please see a copy 

of the published manuscript in Appendix B: Supplementary materials for 

Chapter 2 (S1)): Ribeiro R, Eze JI, Gilbert L, Wint GRW, Gunn G, Macrae A, 

Medlock JM, Auty H (2019). Using imperfect data in predictive mapping of 

vectors: a regional example of Ixodes ricinus distribution. Parasites & Vectors 

12(536), pp 1-13. doi.org/10.1186/s13071-019-3784-1 

 

2.1. Introduction  

I. ricinus is the most abundant and widespread tick species in Western Europe. 

As well as B. burgdorferi (s.l.) causing LB (Gray, 1998), it transmits other 

pathogens responsible for causing diseases of humans and animals. This 

species is now found at higher northern latitudes and higher altitudes than 

previously reported (such as in Norway and Sweden) (Tälleklint and Jaenson, 

1998; Jore et al., 2011; Hvidsten et al., 2020) and is more abundant in some 

areas (as reported in Great Britain and in Germany) (Scharlemann et al., 2008; 

Schwarz et al., 2012). Understanding the drivers of the distribution and 

abundance of I. ricinus is one of the critical steps in assessing the risk of TBDs 

and informing policy on awareness, surveillance and control strategies 

(Estrada-Peña, 2001; Schulz, Mahling and Pfister, 2014; Kjær et al., 2019a). 

Reliable maps of I. ricinus distribution are essential to understand and identify 

changes in the pattern of I. ricinus and diseases it transmits (Medlock et al., 

2013), and to identify hot-spots of vector occurrence. This is necessary to help 

inform policy makers in allocating resources to high risk areas, including 

targeting education and preventive measures (Lindgren and Jaenson, 2006) 

or management of important tick population hosts such as deer (Gilbert et al., 

2012), and to guide citizens on their decisions regarding preventive measures 

(Kjær et al., 2019b).  
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Predictive maps are created based on spatial models which allow extrapolation 

of predictions for areas where no records are available (Braks et al., 2016). I. 

ricinus distribution models can be developed using two different approaches, 

correlative environmental models (empirical-statistical models) or mechanistic 

or process-based models (Braks et al., 2016). Correlative environmental 

models are based on the observed correlations between species distribution 

records (I. ricinus presence-only, presence-absence or quantitative data on 

abundance) and environmental predictor variables. In contrast, mechanistic 

models use detailed knowledge of I. ricinus ecology to simulate the 

mechanisms considered to underlie the observed correlations with 

environmental attributes (Beerling, Huntley and Bailey, 1995). 

 

Two important features of distribution maps which influence the process of 

decision-making are the geographic scale and the resolution. The purpose of 

the study will determine the geographical scale of the map and the resolution 

will determine the degree of precision, realism and applicability of the models 

and maps (Kitron, 2000). Therefore, if the objective is to make decisions at 

country or regional levels, finer resolution maps can detect high variability in 

tick distribution patterns and provide more effective guidance in the 

management strategy to use (Braks et al., 2016). 

 

Many I. ricinus distribution models and maps have been produced and 

published in the scientific literature or websites, aiming to predict current and 

future distribution of I. ricinus on different geographic scales, ranging from 

European level (Estrada-Peña and Venzal, 2006; Estrada-Peña, Venzal and 

Acedo, 2006; Beugnet, Chalvet-Monfray and Loukos, 2009; Boeckmann and 

Joyner, 2014; Alkishe, Peterson and Samy, 2017; ECDC, 2019a), to regions 

within Europe (Kjær et al., 2019a, 2019b), to country (Jore et al., 2011; Swart 

et al., 2014; Brugger et al., 2016; Li et al., 2016; Alfredsson et al., 2017; 

Domşa, Mihalca and Sándor, 2018), regional (Boehnke et al., 2015; Hönig et 

al., 2019) or local levels (Medlock et al., 2008; Schwarz et al., 2009; Qviller et 

al., 2016; Vourc’h et al., 2016; Signorini et al., 2019). 
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However, predicting I. ricinus distribution and abundance is challenging due to 

the complex ecology of I. ricinus (with multiple tick stages and multiple hosts), 

the limited availability of detailed, long-term and geographically extensive tick 

distribution data, and a wide range of environmental variables that may 

influence tick distribution. Reliable data on I. ricinus presence and absence or 

abundance can be collected during questing tick surveys which use 

standardised sampling methods, such as the blanket dragging technique 

(James et al., 2012; ECDC and EFSA, 2018). However, the resources required 

for field sampling (trained personnel, cost and time required) mean that data 

are often not available at meaningful spatial and seasonal scales. Other 

sources of data that were not collected with the specific purpose of predictive 

mapping are therefore often used instead. Data submitted by the public 

(citizens, medical and veterinary health agencies, wildlife groups and amateur 

entomologists) can be used to improve the knowledge of I. ricinus distribution 

(Jameson and Medlock, 2011) but usually comprise presence-only data so are 

subject to biases. An alternative approach, often undertaken by large-scale 

projects such as VectorNet (ECDC and EFSA, 2018), is to combine available 

data sources into one composite dataset. 

 

Although LB is an important public health concern in Scotland (Mavin, Watson 

and Evans, 2015), published predictive maps of I. ricinus distribution in 

Scotland are limited, particularly at an appropriate scale for national and local 

decision-making. Although some (as yet unpublished) predictive maps have 

been made (Braga, 2012; Worton, 2016), the only peer reviewed publication 

is a mechanistic model predicting the current distribution of infected I. ricinus 

nymphs and under climate warming (Li et al., 2016). Large-scale presence-

absence maps at the European level at coarse resolutions (such as 20km2)  

(Alkishe, Peterson and Samy, 2017) or using polygon data of the 

administrative units (the nomenclature of units for territorial statistics, level 3 

(ECDC, 2019a)) do not have sufficient resolution for targeting public health 

resources within Scotland, where I. ricinus is endemic.  
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The objective of this work was to compare the performance of three datasets 

to predict I. ricinus distribution in Scotland, in order to produce predictive maps 

for use by decision-makers. Model, map and uncertainty outputs of predicted 

tick abundance and distribution over Scotland were generated from three 

datasets: a) I. ricinus abundance data from questing tick surveys; b) I. ricinus 

presence-only data obtained from public submissions plus absence points; 

and c) a composite dataset that combines presence data from public 

submissions, presence and absence from questing tick surveys, literature 

reviews and expert opinion, and absence from a habitat suitability mask for I. 

ricinus. These datasets, which comprise the only data available on tick 

distributions at a national scale for Scotland, also represent three data types 

commonly used in mapping tick distributions (i.e. tick data from questing tick 

surveys; tick data from public submissions; and composite datasets). The 

outputs derived from these different inputs were assessed to highlight the 

strengths and limitations of each data type and the performance of these 

different types of data in predicting tick distribution in order to make 

recommendations for future tick mapping for use in a public health context.  

 

The issue of using imperfect data is common across the board with vector data, 

as is the challenge of trying to compare predictive maps in the absence of gold 

standards. This work therefore provides a useful exemplar illustrating the 

challenges of identifying an appropriate I. ricinus predictive distribution map for 

Scotland and identifying lessons relevant to other studies.  

 

2.2. Materials and Methods  

2.2.1. Tick data  

Three datasets with information on I. ricinus occurrence and abundance in 

Scotland were used. As is often the case with predictive mapping exercises, 

none of these datasets were collected with the main objective of predicting tick 

distribution at the national level, but they represent the most extensive 

datasets currently available for mainland Scotland. Details on the availability 
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of the three datasets can be seen in the published manuscript (Appendix B: 

Supplementary materials for Chapter 2 (S1)).  

 

Dataset 1 - I. ricinus abundance data from questing tick surveys  

Dataset 1 (Figure 2.1a) is tick abundance data and consists of counts of 

questing I. ricinus ticks (nymphs and adults) in sampled environments in 

mainland Scotland between 2006 and 2017. Questing ticks were sampled 

using the standard technique of dragging a white blanket of 1 m2 across the 

ground vegetation area of 10 x 10 m, with an average of approximately 15 

drags per site (Gilbert, 2010; James et al., 2012; Millins et al., 2016). During 

this eleven-year period, 687 sites were visited, with varying frequency (one to 

four visits), and a total of 10,611 drags were performed.  

 

Dataset 2 - I. ricinus public tick submissions  

Dataset 2 (Figure 2.1b) comprised 325 tick submissions by the public to PHE, 

between 1998 and 2016 in mainland Scotland. Data were recorded from the 

Biological Records Centre, Monks Wood and, since 2005, made through the 

Tick Surveillance Scheme. This scheme focuses predominantly on tick 

surveillance in England and Wales, so whilst ticks are also submitted from 

Scotland, the numbers of submissions are relatively small. The number of ticks 

(adults and nymphs) submitted per geographical location were transformed to 

presence-only data comprising 198 data points. Both adults and nymphs were 

included; 60% of submissions reported adult ticks only. To address the 

inherent limitations of modelling presence-only data, a similar number of data 

points on absence were added. Therefore, 200 absence and pseudo-absence 

points from Dataset 3 were randomly selected to include in Dataset 2. It is 

recognised that other methods could be applied in the selection of the pseudo-

absence points as described by Barbet-Massin et al., (2012). However, this 

work adopted a sample of absence points for Scotland that was validated by a 

group of entomologists and public health experts within VectorNet project 

(ECDC, 2019a) as contained in Dataset 3 (details below).  
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Dataset 3 - I. ricinus combined dataset 

Dataset 3 (Figure 2.1c) consists of presence and absence records of I. ricinus 

(adult and nymphs) in Scotland and is part of a large dataset of I. ricinus 

records for all Europe, produced for VectorNet project (ECDC and EFSA, 

2018) by a team of tick experts (a network of entomologists and public health 

professionals) supported by the European Centre for Disease Control and 

Prevention. This dataset covers a period of 10 years (between 2006 and 2016). 

The full methodology was described by ECDC (2019a). In VectorNet project, 

tick records were assembled from different sources, from public submissions 

(including presence-only data from Dataset 2 for Scotland) and from questing 

tick surveys (including Dataset 1 for Scotland) and then validated. Due to the 

small amount of absence data in comparison with presence data, additional 

absence points were assigned using a mask of suitable habitats for I. ricinus. 

The habitat suitability mask was defined by the same tick experts in VectorNet 

project as primary, secondary and unsuitable habitat types (land classes 

where a species is unlikely to be found except in exceptional circumstances 

such as continuous and discontinuous urban fabric, industrial or commercial 

units, port areas, post-flooding or irrigated croplands (or aquatic) or closed to 

open (> 15%) broad-leaved forest regularly flooded) as depicted in two land 

cover maps: CORINE 2006 and GLOBCOVER 2009 (Olivier et al., 2012; EEA, 

2014) and by adding additional information about I. ricinus environmental limits 

(e.g. the fact that I. ricinus is only present in areas with less than 150 days of 

snow cover per year and where the vegetation period is greater than 145 

days). Inferred absences were then extracted from unsuitable areas defined 

by the habitat (Braks et al., 2016; ECDC, 2019a). The dataset used in this 

study, after data management, included 1,102 presence points and 1,058 

absence points.  

 

For consistency between datasets, only mainland Scotland was considered. 

The extraction of points in mainland Scotland and the random selection of 200 

absence points for Dataset 2 were conducted using ArcGIS version 10.2.2 

(ESRI, 2012).  



42 
 

2.2.2. Georeferenced environmental data and variable selection  

Ecologically relevant climatic, topographic, land cover and host-related 

variables for I. ricinus occurrence and abundance were selected. These 

variables were collated as geographic information system (GIS)-based raster 

maps (Table 2.1).  

 

Table 2.1: Georeferenced environmental variables used in the study.  

Variables Resolution  

Moderate resolution 
imaging 
spectroradiometer 
(MODIS) variables 
(monthly averages, 
2001–2013) 

Normalised difference vegetation index (NDVI) 1 km2 

Land surface temperature (LST) 1 km2 

Cumulative land surface temperature  
(end of May 2010–2012, MODIS derived data) 

0.01 * 0.01 
degrees 
(~1.1 km2) 

Length of vegetation growth period (2008–2014) 0.01 * 0.01 
degrees  

Topographic variables Elevation above sea level 90 m2  

Long-term average 
climate data from UK 
Met Office  
(from 1981–2010) 

Monthly maximum, mean and minimum 
temperature (monthly average) 

5 km2 

Number of consecutive dry days  
(annual average) 

5 km2 

Extreme temperature range (annual average) 5 km2 

Rainfall (monthly total precipitation) 5 km2 

Days of air and ground frost (monthly average) 5 km2 

Mean relative humidity (monthly average) 5 km2 

Host-related variables Index of presence of roe (Alexander et al., 2014) 0.008333 * 
0.008333 
degrees 
(~1 km2) 

Index of presence of red deer (Wint et al., 2014) 0.008333 * 
0.008333 
degrees 

Red deer density for 2016 (Albon et al., 2017) 1 km2 

Land Cover 2006 44 land cover types  1 km2 

 

Monthly derived variables were extracted from each month. For data extraction 

compatibility and modelling purposes, all variables were converted to a 

standardised extent (mainland Scotland), format (.tif), spatial resolution (1 km2, 

using interpolation and the ‘resample’ function) and projection (British National 

Grid). Environmental data were extracted for each of the sites of tick collection 

and reporting [687 sites with counts of I. ricinus (Dataset 1); 398 presence-

absence points (Dataset 2); and 2,160 presence-absence points (Dataset 3)] 

using the tool ‘extract multiple values to points’ in ArcGIS version 10.2.2 (ESRI, 

2012).  
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Before model implementation, a correlation analysis and univariable 

regression analysis were performed for each response variable. If two 

variables were strongly correlated (correlation coefficient higher than 0.6), one 

of them was dropped. Variables with correlation coefficients between 0.5 and 

0.6 were kept for analysis but under observation for possible interactions. 

Following the univariable analysis, biologically relevant variables with a P-

value less than 0.10 were considered as model candidates. In general, due to 

issues of autocorrelation and collinearity, satellite-derived variables were 

preferred when compared with similar interpolated climatic variables (such as 

LST from MODIS compared with long-term average temperature from UK Met 

Office, Table 2.1) (Estrada-Peña, Estrada-Sánchez and Estrada-Sánchez, 

2015).  

 

2.2.3. Statistical model, model validation and predictive map  

Models were fitted using the integrated nested Laplace approximation (INLA) 

R package. This Bayesian approach was selected due to its ability to account 

for irregular sampling intensity, spatial dependency and to quantify uncertainty 

in data and variables, attributing to each variable a distribution of values (Rue, 

Martino and Chopin, 2009). It is recognised that other methods could be used, 

but the objective was not to compare different modelling techniques for species 

distribution models, but instead compare dataset types using the same 

modelling technique.  

 

The response variables were the count of I. ricinus ticks (nymphs and adults) 

per drag, visit and site of collection, and I. ricinus (nymphs and adults) 

presence and absence. A model for predicting tick relative abundance was first 

created considering just the counts of nymphs per drag, visit and site because 

nymphs of I. ricinus pose the greatest risk of tick bites of humans (Robertson, 

Gray and Stewart, 2000). However, for consistency with Datasets 2 and 3 

which include reports of adult ticks, it was decided to model I. ricinus relative 

abundance considering the total count of adult ticks and nymphs per drag, visit 

and site. This model did not differ significantly from the model using nymphs 
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only. The fixed effects were the previously selected set of most suitable 

environmental covariates, including the spatial location of the data (as an 

interaction term between latitude and longitude). A zero-inflated Poisson (ZIP) 

distribution was chosen to model I. ricinus abundance (Model 1) due to the 

skewed distribution of the number of ticks counted per drag, with a majority of 

drags counting zero ticks. Presence and absence of I. ricinus (Model 2 and 

Model 3) were modelled using a binomial distribution.  

 

The selected model for predicting I. ricinus relative abundance (Model 1) had 

two random effects: a) the effect of the site to capture the unstructured 

heterogeneity in the distribution of tick abundance among sites (i.e. to account 

for the unstructured spatial dependency), and b) the effect of each data point 

(each drag) in order to account for overdispersion not captured by the ZIP 

distribution, and also to account for possible serial correlation in the data 

arising due to repeated sampling or drags in each site. Tick presence and 

absence (Model 2 and Model 3) was modelled without random effects, 

because the inclusion of random effects did not improve model fit and 

predictive power.  

 

The models are described by the equations below: 

1: Zero-inflated Poisson model  

𝐿𝑜𝑔(𝑀𝑖𝑗) ~ 𝛼 +  𝛽1𝐿𝑆𝑇 +  𝛽2𝑅𝑜𝑒𝑑𝑒𝑒𝑟 + 𝛽3𝐷𝑒𝑐𝑖𝑑𝑢𝑜𝑢𝑠 + ⋯ 𝛽𝑘𝐿𝑎𝑡: 𝐿𝑜𝑛𝑔

+ 𝑓(𝐷𝑟𝑎𝑔𝑖𝑗) + 𝑓(𝑠𝑖𝑡𝑒𝑗)  

 

Where 𝑀𝑖𝑗 is the mean tick abundance for the ith drag in site j; 𝛼 is the 

intercept; 𝛽𝑘 are the measure of covariate effects; and f() denote the random 

effects due to drags and sites, respectively.  

 

2: Presence-absence model 

𝐿𝑜𝑔(𝑂𝑗 ) ~ 𝛼 +  𝛽1𝑁𝐷𝑉𝐼 +  𝛽2𝑅𝑎𝑖𝑛 + 𝛽3𝐹𝑟𝑜𝑠𝑡 + ⋯ 𝛽𝑘𝑀𝑜𝑜𝑟𝑙𝑎𝑛𝑑 
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Where 𝑂𝑗 is the odds of tick presence in a given point; 𝛼 is the intercept, and 

𝛽
𝑘
 are the measure of covariate effects.  

 

The models were evaluated using the deviance information criteria (DIC) as a 

measure for goodness of fit and a parameter from the cross-validation leave-

one-out, namely the negative of the sum of the log-conditional predictive 

ordinate score (CPO) as a measure for the predictive quality of the model 

(Gelman, Hwang and Vehtari, 2013). A backward stepwise procedure was 

used to select the most parsimonious model. For all three datasets, the most 

suitable models were selected based on the lowest values of DIC and CPO, 

amongst competing models with various covariate combinations. The model 

posterior means were used to produce the predictive maps of I. ricinus 

abundance (Model 1/Dataset 1) and presence-absence (Model 2/Dataset 2 

and Model 3/Dataset 3). The predicted uncertainty was calculated using two 

approaches. The first approach used was to rescale the range between the 

2.5% and the 97.5% quantiles of predicted values to a 0-1 scale (i.e. rescaled 

uncertainty). The second approach was to transform the standard deviation of 

the predictive values to logarithm base 10. The advantage of the rescaled 

approach (i.e. 0-1 scale) is that it brings the uncertainties from the three models 

in the same range of values. However it does not reflect the absolute values 

of the uncertainties. The resolution of all maps was 1 km2 per pixel. 

 

A matrix of boxplots, comparing the interquartile range of the model covariates 

over mainland Scotland with the interquartile range of the same covariates 

covered by the data points in each model, was developed to visualise the 

degree to which the three datasets cover the range of the covariates used in 

the models. Descriptive analyses, plots, models and maps were made using 

R software version 3.4.4 (R Core Team, 2013).  
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2.2.4. Kernel density analysis, model and predictive and uncertainty 

maps for a sub-sample of Dataset 1 

After the analysis of the predictive map from Model 1 (Dataset 1), in order to 

assess the value of I. ricinus abundance data (from questing tick surveys) for 

predictive mapping at local scales, a second model with a subset from Dataset 

1 was developed. Therefore, the council area in mainland Scotland with the 

best coverage of questing tick surveys was selected to develop a predictive 

model and map. To select the council area with the best coverage of questing 

tick surveys, a kernel density analysis was used to calculate the density of 

sites and drags per site around each neighbourhood to build a surface that 

accurately reflected the areas with higher density of tick sampling.  

 

Dataset 1 and all the covariates were extracted for the selected council area 

using a shapefile of the area. ArcGIS version 10.2.2 (ESRI, 2012) was used 

for the kernel density analysis and data extraction. Due to the presence of zero 

inflation in the counts of questing ticks collected in the selected area, the ZIP 

model with site and drag random effects used to model Dataset 1 was adopted. 

Variable selection, model development, validation and prediction followed the 

same procedure as presented in Section 2.2.3.   

 

2.3. Results  

Dataset 1 has an uneven distribution of tick collection sites over mainland 

Scotland, with concentration of collection sites in the east, particularly 

Aberdeenshire, and in contrast a lack of sampling points on the west coast 

(Figure 2.1a). The distribution of data points in Dataset 2 (Figure 2.1b) is 

sparse compared to Dataset 3 (Figure 2.1c). 
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Figure 2.1: Spatial distribution of the three datasets used in the models. 
(a) Distribution of sites of questing tick surveys in mainland Scotland 
(Dataset 1); (b) Distribution of sites of presence-only reports (black dots) 
and absences of I. ricinus (red dots) (Dataset 2); (c) Distribution of 
combined presence of I. ricinus from field surveys and public submissions 
(black) and absences (red dots) (Dataset 3).   

 

Model 1 (tick relative abundance, using Dataset 1: questing tick surveys) 

A spatial model of the count of ticks (adult and nymphs) per drag, visit and site 

was run initially (DIC of the most suitable spatial model was 29,786.66, CPO 

was 20,427.23). Subsequently, month was added in the model as a categorical 

variable, improving model predictive power (DIC 29,774.49; CPO 19,686.78). 

The results of Model 1 are presented in Table 2.2, the plots of model fitted and 

observed values can be seen in Appendix B: Supplementary materials for 

Chapter 2 (S2), and the predictive map for the month with the highest effect 

on questing tick abundance (April) is presented in Figure 2.2a.  
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Table 2.2: Results for Model 1 (Dataset 1).  
Posterior mean, SD, 2.5% and 97.5% quantiles and estimates (logarithm) of 
fixed effects for the model of tick abundance.  

Fixed effects Posterior 

mean 

SD 2.5% 

quantile 

97.5% 

quantile 

Intercept -150.7016 32.7201 -214.9447 -86.5187 

April 2.3606 0.3390 1.7198 3.0520 

May 1.9424 0.3174 1.3467 2.5944 

June 1.8192 0.3178 1.2227 2.4718 

July 1.2388 0.3149 0.6485 1.8863 

August 1.3438 0.3151 0.7530 1.9916 

September 1.4308 0.3186 0.8325 2.0850 

LST in July 0.0103 0.0022 0.0059 0.0147 

Number of days of frost in 

September 

-0.4035 0.0954 -0.5910 -0.2167 

Roe deer presence 0.0096 0.0034 0.0030 0.0163 

% cover of deciduous woodland 2.5341 0.7380 1.0837 3.9806 

% cover of coniferous woodland 0.9053 0.2138 0.4848 1.3240 

Interaction between latitude and 

longitude 

0.0010 0.0018 -0.0026 0.0045 

Abbreviations: SD, standard deviation; LST, land surface temperature. In the final model the 

month ‘April’ was considered as a dummy variable.  

 

Land surface temperature in July (posterior mean = 0.0103), presence of roe 

deer (posterior mean = 0.0096) and deciduous (posterior mean = 2.5341) and 

coniferous forest (posterior mean = 0.9053) were associated with an increase 

in I. ricinus questing tick abundance, whilst a higher number of frost days in 

September (posterior mean = -0.4035) lead to a decrease in tick abundance. 

Questing tick abundance was highest in April (Table 2.2). The interaction term 

between latitude and longitude was included in the model because, although 

not significant, it decreased model residual variance and can help account for 

spatial effects in questing tick abundance, such as spatial autocorrelation. The 

predictive map of tick abundance (Figure 2.2a) shows that tick abundance 

increases from the north and west to the south and east of Scotland, with 

highest predicted tick abundance in Aberdeenshire and the central belt. Areas 

of average to high uncertainty are present over all the east, centre and south 
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of Scotland, whereas all the west shows less uncertainty in predicted values 

(Figure 2.2d-g).  

 

Model 2 (tick presence-absence, using Dataset 2: tick information from 

public submissions) 

Model 2 (DIC of 388.61, CPO of 195.81) fits the data well (Appendix B: 

Supplementary materials for Chapter 2 (S2)). Presence of I. ricinus was 

correlated with an increase in NDVI (posterior mean = 0.1373) and some 

measures of habitat composition. An increased number of days with air frost 

in November (posterior mean = -0.1729) and increased precipitation in April 

(posterior mean = -0.0148) were associated with tick absence. The site 

location of tick submission was important (Table 2.3). The predicted map for 

Model 2 (Figure 2.2b) does not capture areas of lower probability of tick 

presence well and shows high levels of uncertainty for most of Scotland  

(Figure 2.2e-h). 

 

Model 3 (tick presence-absence, using Dataset 3: combined dataset) 

The adopted model (Model 3) gave the lowest values of DIC of 2,614.61 and 

a CPO of 1,307.74 (plot of model goodness of fit in Appendix B: Supplementary 

materials for Chapter 2 (S2)). Model 3 presented very similar covariates as 

Model 2, but deciduous forest and deer density became significant predictors, 

likely due to the increased number of points used to model tick presence-

absence (Table 2.3). Figure 2.2c shows a similar pattern of I. ricinus probability 

of presence as Figure 2.2b, but the predictive map using Model 3 (Figure 2.2c) 

has more detailed definition. Uncertainty is lower for the north, east, and centre 

of Scotland (Figure 2.2f-i).  
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Table 2.3: Results for Model 2 (Dataset 2) and Model 3 (Dataset 3). 
Posterior mean, SD, 2.5% and 97.5% quantiles for the binomial models of tick 
presence-absence with the data from public submissions (Dataset 2) and the 
combined dataset (Dataset 3). The estimates of the fixed effects are presented 
in the logarithm form.  

Model  Fixed effects  Posterior 

mean  

SD 2.5% 

quantile 

97.5% 

quantile 

Model 2: 

Presence-

absence model 

with presence 

points from 

public 

submissions 

plus absence 

points 

Intercept  -6.2657 1.0232 -8.3326 -4.3135 

NDVI Augusta 0.1373 0.0176 0.1040 0.1732  

Number of days of air 

frost November  

-0.1729 0.0521 -0.2784 -0.0738 

Rain April  -0.0148 0.0053 -0.0255 -0.0045 

% cover of coniferous 

woodland  

5.1989 1.2015 3.0921 7.8095 

% cover of moorland  2.2180 0.5656 1.1499 3.3725 

Interaction between 

latitude and longitude 

0.0053 0.0036 -0.0017 0.0123 

Model 3: 

Presence-

absence model 

with combined 

dataset 

Intercept  -3.4700 0.4771 -4.4160 -2.5424 

NDVI August 0.0005 0.0001 0.0004 0.0006 

Red deer density 0.0336 0.0100 0.0139 0.0533 

Number of days of air 

frost November 

-0.0527 0.0207 -0.0936 -0.0122 

Rain April -0.0123 0.0020 -0.0163 -0.0085 

% cover of moorland 1.3920 0.1640 1.0726 1.7161 

% cover of deciduous 

woodland  

3.1762 0.6757 1.9203 4.5770 

% cover of coniferous 

woodland  

2.1861 0.2128 1.7753 2.6100 

Interaction between 

latitude and longitude 

-0.0029 0.0013 -0.0054 -0.0004 

aThe posterior mean of NDVI was divided by 100. Abbreviations: SD, standard deviation; 
NDVI, normalised difference vegetation index 
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Figure 2.2: Predictive maps of I. ricinus distribution in mainland Scotland with 
respective uncertainty.  
a) Predictive map of I. ricinus abundance in April (Dataset 1) and uncertainty maps (d) 
log10 of the SD and (g) rescaled uncertainty; (b) predictive map of probability of 
presence of I. ricinus using presence-only data from public submissions and absence 
points (Dataset 2) and (e) uncertainty map as log10 SD and (h) rescaled uncertainty; 
(c) predictive map of probability of presence of I. ricinus using the combined dataset 
(Dataset 3), (f) uncertainty as log10 SD and (i) rescaled uncertainty. Darker areas of 
blue have higher uncertainty. X is the Easting coordinate and Y is the Northing 
coordinate.  
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In order to explore the validity of the predictions, the degree to which the three 

datasets cover the range of the covariates used in the models was assessed. 

The interquartile range of each covariate in mainland Scotland was compared 

to the interquartile range of each covariate in the models for the data points 

(sites/drags) included (Figure 2.3). The predictions of the three models were 

associated with uncertainty that was not captured in the uncertainty measures 

in Figure 2.2, because the tick data did not cover all the range of the covariates 

used. Dataset 3 covered the covariate range used in the predictions better than 

Dataset 1 or 2 (Figure 2.3). Dataset 1 was collected in predominantly forest 

areas.  

 

Several models were considered to try to improve the fit of the model for 

Dataset 2, with alternatives shown in Appendix B: Supplementary materials for 

Chapter 2 (S3). The index of presence of roe deer was found to be important 

for I. ricinus presence in Dataset 2, and it was included in the first selected 

Model 2 (Appendix B: Supplementary materials for Chapter 2 (S3, Table B-

S3.1)). However as can be seen in Figure 2.3, the range of the index of roe 

deer presence is not well covered by Dataset 2, contributing to higher 

uncertainty in the predictions (Appendix B: Supplementary materials for 

Chapter 2 (S3, Figure B-S3.1a-b)). The covariate roe deer was therefore 

removed from the final model (Table 2.2). Using all the covariates of Model 3 

for fitting a model with Dataset 2 helped to corroborate how the covariates 

(type and range) are important in predictive mapping and can be a source of 

error for model predictions (also show in Appendix B: Supplementary materials 

for Chapter 2 (S3, Table B-S3.1, Figure B-S3.1c-d)). Neither of these models 

were selected as the final model for the predictions with Dataset 2. The final 

model is shown in Table 2.3.
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Figure 2.3: Interquartile range of the covariates used in the three models.  
Facet-wrap of boxplots showing the interquartile range (y-axis) of the covariates over mainland Scotland and 
compared with the range of the same covariates covered by the data points in each model (Dataset 1, Dataset 2 and 
Dataset 3).
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Model and predictive map for the subset of Dataset 1 

A map of the council areas in mainland Scotland with the sites for questing tick 

surveys, and the output heat map from the kernel density analysis can be seen 

in Appendix B: Supplementary materials for Chapter 2 (S4). Aberdeenshire 

was the council area with the highest density of questing tick surveys and was 

therefore selected for analysis. In total, 163 sites were surveyed (23.8% out of 

686 sites over mainland Scotland) and 4,561 drags were performed over the 

years (43% out of 10,611 drags carried out over mainland Scotland). For 

Aberdeenshire, a spatial model of the count of ticks (adult and nymphs) per 

drag, visit and site was run initially (DIC of the most suitable spatial model was 

13,099.6, CPO was 7,744.5). A model without the interaction term between 

latitude and longitude was selected because the model predictive power 

increased when removing these covariates and their interaction term. 

Subsequently, month was added in the model as a categorical variable, 

improving model fit and predictive power (DIC 12,858.2; CPO 7,411.1). The 

results of this model are presented in Table 2.4 (plot of model goodness of fit 

in Appendix B: Supplementary materials for Chapter 2 (S5)). Maps for the 

month with the highest questing tick abundance (April) and corresponding 

predictive uncertainty were created (Figure 2.4), and the matrix of boxplots 

showing the interquartile range of the covariates over Aberdeenshire and over 

the data points is shown in Figure 2.5.  

 

Land surface temperature in July (posterior mean = 5.868), presence of roe 

deer (posterior mean = 0.010), and NDVI in April (posterior mean = 0.031) 

were associated with an increase of tick abundance in Aberdeenshire. Rain in 

July (posterior mean = -0.035) was associated with a decrease in tick 

abundance. April had the highest effect on questing tick abundance (Table 

2.4). A model using the same covariates as Model 1 was also applied to this 

subset of data from Dataset 1, but the output demonstrated that this was not 

the most suitable model to explain tick abundance in Aberdeenshire. However, 

there are some similarities between Model 1 and the model for Aberdeenshire, 

namely the fact that April was the month with highest effect on tick abundance, 
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and land surface temperature and presence of roe deer were also identified as 

positive predictors of tick abundance. Although the covariates deciduous and 

coniferous woodland were not selected in this model, NDVI, which is an index 

of green vegetation and used as a proxy of dense forest areas, was identified 

as a good predictor.  

 

Table 2.4: Model results for Aberdeenshire area. 
Posterior mean, SD, 2.5% and 97.5% quantiles for the model of relative tick 
abundance in Aberdeenshire (subset of Dataset 1). The estimates of the fixed 
effects are presented in the logarithm form.  

Fixed effects Posterior mean SD 2.5% 

quantile 

97.5% 

quantile 

Intercept -85.856 78.324    -239.630   67.801 

April 1.848   0.755       0.368     3.331    

May 1.578   1.555      -1.475     4.629    

June 0.758   0.734        -0.681     2.199    

July 0.237   0.739      -1.211     1.688    

August 0.330   0.736      -1.113     1.776    

September -0.043   0.738      -1.489    1.407   

LST in Julya  5.868   5.407      -4.748     16.475    

Rain in July  -0.035   0.014      -0.062    -0.008   

Roe deer presence 0.010   0.005      -0.001     0.021    

NDVI in Aprilb  0.031   0.020      -0.008     0.071    

aIn this model the posterior mean of LST in July was divided by 1000. bIn this model the 
posterior mean of NDVI was divided by 100. Abbreviations: SD, standard deviation; LST, 
land surface temperature; NDVI, normalised difference vegetation index 

 

The predictive map of tick abundance in Aberdeenshire (Figure 2.4a) is 

detailed enough to identify areas with low and high predicted tick abundance, 

and shows a similar distribution trend when compared with the predictive map 

on Figure 2.2a for the same area. Although Aberdeenshire was the area of 

mainland Scotland with high sampling intensity, there was an uneven 

distribution of sampling sites within Aberdeenshire with more sites 

concentrated in the south-west part and no sampling performed on the north-

east coast. Even so, both Model 1 and the present model identify the north-

east coast as an area with probability of high questing tick abundance. The 
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predicted uncertainty map for Aberdeenshire (Figure 2.4b) identifies the area 

where the predicted tick abundance is high but no sampling was performed as 

an area with higher uncertainty in the predictions. According to Figure 2.5, the 

clustering of sampling sites in Aberdeenshire resulted in the covariate range 

in this area still not being well represented by the points of sampling. 

 

 

Figure 2.4: Predictive map of I. ricinus distribution in Aberdeenshire with 
respective uncertainty. 
(a) Predictive map of I. ricinus questing tick abundance in April in 
Aberdeenshire and (b) uncertainty map. The uncertainty maps were 
calculated from the range of 95% confidence intervals of predicted values 
and rescaled to a 0-1 scale. Darker areas of blue have higher uncertainty. 
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Figure 2.5: Interquartile range of the covariates used in the model 
for Aberdeenshire.  
Facet-wrap of boxplots showing the interquartile range (y-axis) of 
the covariates over Aberdeenshire and compared with the range of 
the same covariates covered by the data points in the model. 

 
  

2.4. Discussion 

Predictive maps of tick distribution are essential for understanding human 

disease risk and allocating resources for prevention and control. However, 

they require extensive data on tick distribution, and robust long term and 

geographically extensive datasets are often difficult to obtain. Therefore, 

datasets are often used that were not collected for this specific purpose, or do 

not cover the entire extent of the required predicted distribution. The main aim 

of this study was to compare the performance of three different types of data 

to predict I. ricinus distribution in Scotland. The predicted tick distributions from 

the three datasets were critically assessed to deduce how useful each dataset 

may be to inform policy, future data collection and risk mapping, both for 

Scotland and more widely.  



58 
 

2.4.1. Predictors for I. ricinus relative abundance and presence-absence 

The predictors identified in the models are consistent with the current 

knowledge on I. ricinus ecology. I. ricinus activity is seasonal; in Scotland 

activity peaks in April and then generally declines over the season as ticks die 

or find a host, as observed in Model 1 and model for Aberdeenshire. It is not 

surprising that roe deer presence and red deer density are correlated with both 

tick abundance and presence, as deer are important hosts maintaining I. 

ricinus populations (Gilbert et al., 2012). Many other studies have found deer 

abundance as a predictor of tick presence and/or abundance (Ruiz-Fons and 

Gilbert, 2010; Gilbert et al., 2012; James et al., 2012). Temperature affects tick 

behaviour, interstadial development rate, fertility, survival and the proportion 

of active ticks (Randolph et al., 2002; Gilbert, Aungier and Tomkins, 2014; 

Tomkins et al., 2014). Warmer climates are frequently associated with tick 

presence and abundance (e.g. Gilbert, 2010). Land surface temperature was 

also used in other studies to estimate I. ricinus presence-absence and 

abundance (Swart et al., 2014; Estrada-Peña, Estrada-Sánchez and Estrada-

Sánchez, 2015; Hönig et al., 2019; Kjær et al., 2019b). In accordance, this 

study found that areas with warmer climate and lower number of frost days 

(minimum temperature below zero degree Celsius) were associated with 

higher tick abundance, consistent with previous studies (Braga, 2012; Paul et 

al., 2016).  

 

Habitats that provide a sheltered canopy over the ground, characterised by 

thick ground vegetation or shrub and deep leaf litter layers, such as mixed and 

deciduous forest, and habitats with bracken and deep heather in moorland, 

provide moist and mild microclimates which aid tick survival and activity. 

Forests are also a source of food and shelter for many species of tick hosts 

(Gray et al., 1998). NDVI, which quantifies the level of photosynthetic activity 

of the vegetation, has been previously identified as being an important 

parameter that correlates with I. ricinus presence and abundance (Estrada-

Peña, Estrada-Sánchez and Estrada-Sánchez, 2015; Hönig et al., 2019; Kjær 

et al., 2019b). More questing I. ricinus are usually predicted in areas with 
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warmer climate and higher rainfall or higher humidity (Ruiz-Fons et al., 2012). 

However, the negative effect of annual precipitation found in this study was 

also found by James et al. (2012) in Scotland and Schulz et al. (2014) in 

Germany. These findings suggest that the wet conditions in Scotland are 

probably too wet for I. ricinus to quest, while drier areas of Scotland are still 

wet enough for good survival rates. Therefore, future models of tick distribution 

could consider non-linear relationships between rainfall and tick distribution 

data.  

 

For all three datasets, plausible predictors were identified, and predictive maps 

were created. Although the models fitted the data well, the three predictive 

maps do not present a consistent pattern of I. ricinus distribution, and the 

predictions are associated with a large amount of uncertainty particularly for 

Model 2 (Dataset 2 – public submissions) and to a lesser degree for Model 1 

(Dataset 1 – questing tick surveys). The predicted uncertainty was lower when 

using a subset of Dataset 1 to predict I. ricinus distribution in the area that had 

a better coverage of questing tick surveys (model for Aberdeenshire). These 

conclusions were made considering the outputs of the rescaled uncertainty 

(the difference between the 97.5% and the 2.5% quantiles rescaled for 0-1 

scale). In this study, the approach of rescaling the uncertainty was used (also 

adopted by Alkishe, Peterson and Samy, 2017) because the response data 

type in the three models are different (abundance ranging from zero to 109 

versus presence-absence ranging from zero to one). To analyse the 

uncertainty of the predicted values from the three models it is necessary to 

generate comparable values. However, whichever approach is used (i.e. the 

difference between 2.5% and 97.5% of predicted values or the SD of the 

predictions) the predicted uncertainty is correlated with the model posterior 

mean for each covariate and does not include uncertainty associated with 

extrapolation outside the covariate range. Therefore, this study explored 

factors that could influence the validity of the predictions for each dataset and 

identified when each dataset might be most appropriately used. 
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2.4.2. Use of I. ricinus abundance data from questing tick surveys 

(Dataset 1) 

The relative abundance of questing I. ricinus ticks is generally measured by 

dragging a blanket over the vegetation during questing tick surveys. This 

technique does not measure the absolute density of the whole tick population 

in an area, because it does not count ticks that are moulting, resting, feeding 

or in diapause (Swart et al., 2014). It is also worth noting that the blanket drag 

method efficiency is affected by ground vegetation height and density (Ruiz-

Fons and Gilbert, 2010). Ground vegetation height and density should be 

included in statistical models, and repeated sampling of a site is recommended 

due to the impact of weather conditions on tick activity on the day of sampling. 

Another limitation from this technique is that tick absence data cannot be 

considered completely free of error because some of the zeros could in reality 

indicate very low tick densities rather than true absolute absence, due to the 

finite number of blanket drag transects per site and conditions on the day of 

surveying (Swart et al., 2014). However, this is a standard scientific technique 

which provides a useful comparable index of abundance of questing ticks 

between sites (ECDC and EFSA, 2018).  

 

Conducting blanket drags is time-consuming which makes it resource-

intensive to perform large-scale and/or long-term field studies using this 

technique. However, estimating questing I. ricinus relative abundance gives 

more information about this species distribution when compared with 

presence-only and presence-absence data. Abundance data are necessary to 

calculate the density of infected ticks, which is important in estimating disease 

risk (Swart et al., 2014), as well as providing more information on I. ricinus 

dynamics. Abundance data also improve model predictive performance and 

ability to discriminate trends at finer scales, compared to presence-absence 

data. This improvement is particularly important for species of high abundance 

compared to ‘rare’ species (Howard et al., 2014). When the objective is to 

create a predictive map for a country such as Scotland where I. ricinus is 

endemic, abundance models will provide more meaningful distribution maps.  
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The predictive map of questing I. ricinus relative abundance (Figure 2.2a) 

clearly identifies areas with high and low tick abundance and shows an 

increasing trend of tick abundance from the west to the east coast of Scotland. 

However, although the predictions of relative abundance of questing ticks had 

lower uncertainty compared to both of the predictive maps of I. ricinus 

probability of presence, it is clear that the sample sites are clustered and do 

not cover all of mainland Scotland, and that the covariate range covered by 

mainland Scotland is not fully represented in the data. Since there is an 

ecological gradient from the west (higher temperatures, higher rainfall) to the 

east, it is concerning that there may be insufficient data for accurate predictions 

in the west. Dataset 1 was collected mainly (although not exclusively) in forest 

areas, reflecting the data collection which was aimed at specific ecological 

studies (James et al., 2012; Millins et al., 2016). Hence the dataset does not 

have good coverage for some areas of mainland Scotland, and therefore the 

reliability of the predictions is likely to be lower outside the core survey areas. 

These issues of low coverage are common to these types of data, due to the 

resources needed to conduct questing tick surveys over a wide scale.  

 

The predictive model created using the subset of Dataset 1 with the highest 

questing tick survey coverage resulted in a detailed predictive map with less 

uncertainty (when uncertainty of the predictions of both models was 

comparable), corroborating that tick abundance data from questing tick 

surveys can be applied at regional and local level decision-making (Figure 

2.4). However, because the selection of sites for questing tick surveys was not 

stratified for important covariates (such as habitat type or elevation) and still 

showed clustering, there was also some uncertainty in the predictions. Some 

parts of the north-east coast where no sampling was performed were identified 

as having high tick abundance. Although these areas could have suitable 

conditions for ticks according to model results, such as temperature and 

humidity and presence of hosts, they may in fact represent habitats not suitable 

for ticks (such as urban areas or pastures). Two approaches could have been 

performed to overcome this issue: a) to use a mask of unsuitable habitats for 
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ticks (ECDC, 2019a) or b) to only include in the model the area with the 

sampling points, and better cover the range of the covariates.  

 

Quantitative survey data are often considered the ‘gold standard’, but this is 

only true for models that make predictions in the same geographical area and 

covariate range from which the surveys were conducted.  

 

2.4.3. Use of I. ricinus presence data obtained through public 

submissions plus absence points (Dataset 2) 

Presence-only data, generated from submissions by the public and often 

obtained from CS studies, are frequently used to map species distribution. 

These data usually require fewer resources to collect than questing tick 

surveys but include random error associated with uncertainty in the location of 

ticks were collected, variability in sampling (e.g. variability between different 

people reporting) and in effort (e.g. some people contribute more data than 

others and effort can also change over time) (Bird et al., 2014; Palmer et al., 

2017). Bias is also associated with the fact that people report from places that 

are visited frequently or are more accessible (Boakes et al., 2010). This type 

of data lacks information on where the species is absent, which limits the 

predictive power of the inference and also restricts the type of questions that 

can be asked (Pearce and Boyce, 2006). In this study, information of where 

the tick was absent (true absences from Dataset 1 and pseudo-absence points 

from habitat unsuitability mask from Dataset 3) was added to the presence-

only records from submissions to improve the predictive power of the model. 

This process is not free of error since I. ricinus is not confirmed to be absent 

at all the points used as absence (Pearce and Boyce, 2006). A general 

disadvantage of this type of distribution data is that all presences are treated 

as equal, regardless of the abundance of I. ricinus ticks that the habitat 

supports, which may not provide enough information to enable the model to 

differentiate a scarce habitat classified as having the species present from a 

habitat where the species is in fact established (Howard et al., 2014).  
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The predictive map resulting from Model 2 indicates high probability of I. ricinus 

presence over much of mainland Scotland, and does not reflect the known 

vector habitat preferences, as presence is predicted in some unsuitable areas. 

This does not provide particularly useful information for targeting public health 

interventions and illustrates the challenges of using sparse presence-absence 

data in areas where ticks are endemic. The predictive map presents high 

uncertainty (based on the rescaled approach) demonstrating low confidence 

in the predictions, likely due to the small sample size. This is also evidenced 

by the high absolute uncertainty compared to Model 3. In addition, there is 

uncertainty relating to the predictions as Dataset 2 does not cover all the 

covariate range.  

 

Although the potential biases of submission data are common to similar 

studies, they can often be minimised if sufficient sample sizes are obtained. 

The dataset used in this survey was not collected for the purpose of mapping 

tick distribution, so the sample size was low (~200). In England and Wales 

where the submission scheme has been promoted, over 4,000 data points 

were collected for the same period, giving more capacity for predictive 

mapping. These results should not rule out the use of data from public 

submissions that can be used to infer range limits of I. ricinus after careful 

analysis to account for adventitious ticks dispersed by hosts (ECDC, 2019a).  

 

2.4.4. Use of I. ricinus combined datasets (Dataset 3) 

The predictive model based on a dataset that combined data from questing 

tick surveys, public submission data and absences of I. ricinus increased the 

spatial coverage of the data in mainland Scotland (Figure 2.1c) and produced 

a more detailed predictive map. In addition, this dataset had the best coverage 

for the covariate range used in predictions (Figure 2.3). It is not surprising that 

the spatial trend of the predictions from both presence-absence models were 

comparable. However, the model developed using the combined data (Model 

3) provides a better description of the presence and absence of I. ricinus, not 

only because of the higher number of points but also because it includes 
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presence and absence data from questing tick surveys (Dataset 1). This 

method of adding information from different datasets can be more easily 

applied at country and continental levels to obtain distribution maps. However, 

because composite datasets combine different types of data, it is more 

challenging to understand how the different errors, bias and limitations of each 

dataset might affect the model outputs and the predicted uncertainty.  

 

2.4.5. Predictive I. ricinus maps for Scotland 

The three datasets used in this study are the only I. ricinus datasets that are 

available at a national scale in Scotland (as far as the author is aware). As 

discussed above, although data from questing tick surveys are usually 

regarded as the gold standard, the data used in this study did not have good 

coverage, both geographically and over the covariate range, for the whole of 

Scotland. This dataset is appropriate for making decisions that require detailed 

distribution data only in areas where the coverage is good. Outputs from 

Dataset 2, comprising public submission data, were limited by the small 

sample sizes in this dataset, which gave high model uncertainty. Therefore 

Dataset 3, which uses data from multiple sources, provides the most 

convincing predictive map and is recommended for decision-making at 

national scale.  

 

It is conceivable that any of these maps could be used alone for decision-

making, without further consideration of the limitations of the data inputs. The 

differences between the three maps highlight the importance of exploring 

sources of uncertainty in models and in predictions and presenting this 

alongside predictive maps. Although there are a high number of published 

papers on I. ricinus predicted distribution, uncertainty is rarely presented (rare 

examples are Alkishe, Peterson and Samy, 2017; Garcia-Martí, Zurita-Milla, 

van Vliet, et al., 2017). For other vectors, when uncertainty is considered, the 

uncertainty metric used in this study is commonly reported (such as Lord et al., 

2018), but its value is limited because the uncertainty values correlate with the 

posterior mean. In addition, this measure does not include uncertainty 
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associated with extrapolation outside the covariate range. Further 

development of methodological approaches to quantify this uncertainty, such 

as statistical tools for the diagnosis of model prediction reliability or to limit 

predictions to the range and covariates encountered during surveys, would be 

beneficial as also highlighted by Conn, Johnson and Boveng (2015). Although 

this exercise was conducted with the aim of improving tick distribution and LB 

management, the findings are relevant to other VBD systems for animal and 

human health. 

 

2.5. Conclusions 

The choice of the most suitable predictive map of I. ricinus distribution in 

Scotland depends on the objective. For local level decision-making, Dataset 1 

(I. ricinus data from questing tick surveys) and map 1 are more appropriate, 

with good coverage for some areas of Scotland. For decision-making at 

national level, using the combined Dataset 3 (map 3) provides better coverage 

of the country and the range of the covariates. Although questing tick surveys 

provide detailed data on questing tick relative abundance, the resources 

required often limit the number of areas that can be sampled, which makes it 

challenging to make predictions for extensive areas. If available at larger 

spatial and temporal resolution, relative abundance data will result in finer 

scale maps that are more effective for risk management and communication 

at national and regional levels. The analysis in this study highlights the need 

for additional surveying in areas with poor previous coverage.  

 

Future maps of I. ricinus abundance could be improved by adding a priori 

information of habitat preferences into the model structure (Conn, Johnson and 

Boveng, 2015). For large-scale mapping at lower resolution, or if there are few 

tick data from quantitative surveys, data on I. ricinus presence-only should be 

combined with data from field surveys and absence data for modelling 

presence-absence. To overcome the problems inherent in the use of 

presence-only data from public submissions, it is necessary to decrease 

associated errors and bias by accounting for observer effort and expertise 
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(Palmer et al., 2017) or to find approaches by which absence data are also 

reported (Swart et al., 2014). When predictive maps are needed for public 

health decision-making, such as allocation of resources for awareness 

campaigns, information on uncertainty should be included with vector 

distribution maps. However, because map uncertainty reflects a single source 

of uncertainty (the spatial model), improved statistical techniques are required 

to quantify uncertainties relating to predictions.  
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Chapter 3: Improving predictive mapping of Ixodes 

ricinus distribution in Scotland by accounting for 

spatial correlation using the Stochastic Partial 

Differential Equation (SPDE) 

 

3.1. Introduction  

The need to account for spatial correlation when modelling tick 

distribution  

Predictive mapping of tick species such as I. ricinus is a difficult process, 

affected not only by the complexity of tick ecology, but also by the quality and 

coverage of data inputs, which will affect the quality, extent and resolution of 

the predicted map and by the selected model technique, which will vary in the 

degree it can capture all the variability present (Ribeiro et al., 2019). One 

additional feature about predicting I. ricinus distribution that was not addressed 

in the previous chapter, is the presence of spatial correlation (or dependency) 

in observed and in unobserved explanatory variables (variables that have not 

been identified or are unmeasured). This spatial dependency needs to be 

accounted for in the inferential process to get reliable predictions from the 

spatial models. I. ricinus ticks have limited dispersion which depends 

predominantly on their hosts’ movement (Randolph, 1998), and therefore 

exhibits a spatial structure in explanatory variables (Beguin et al., 2012). 

Additionally, spatial correlation results from the methods of data collection 

used. I. ricinus data are often collected during questing tick surveys by 

dragging or flagging (Gilbert, 2010; James et al., 2012; ECDC and EFSA, 

2018). When dragging or flagging in a site, multiple transects are performed, 

and questing ticks are counted in each transect. The outcome is tick 

abundance or presence-absence of questing ticks per unit of time or area, 

observed in each site location and consequently, tick data is characterised by 

a hierarchy of drags or flags within sites. 
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Analysis of species distributions such as I. ricinus is sensitive to spatial 

dependency in model residuals, and not accounting for spatial correlation can 

reduce model performance (Latimer et al., 2006) and lead to underestimation 

of prediction errors (Gelfand et al., 2006), and incorrect results. Therefore, it 

requires a model that incorporates the information that an observation is more 

correlated with an observation collected at the same or a neighbouring 

location, than with another observation that is collected from a faraway 

location. This is based on the first law of geography: “Everything is related to 

everything else, but near things are more related than distant things" (Tobler, 

1970, p. 236). However, limitations of most common SDMs (such as GLMs 

and environmental envelopes) are the inability to account for spatial correlation 

or irregular sampling intensity, and to adequately quantify uncertainty of all 

model parameters (Latimer et al., 2006). Although not exclusive of Bayesian 

inference, this approach brings several advantages in modelling ecological 

data with spatial and/or temporal correlation, by integrating the concept of 

hierarchical spatial structure and accounting for similarities based on the 

neighbourhood between sites of collection. 

 

The Bayesian approach to deal with spatial correlation 

Bayesian inference brings several advantages to improve SDMs specifically: 

a) the model parameters are considered as probabilistic variables with joint 

probability density functions, and incorporate external information (prior 

information) to derive the posterior distribution (Bernardo and Smith, 2000); b) 

the hierarchical structure in the data and/or parameters is easily specified, 

which make predictions for new observations and missing data possible 

(Blangiardo et al., 2013; Poggio et al., 2016); c) uncertainty is implicitly 

represented (Bernardo and Smith, 2000; Poggio et al., 2016); d) the posterior 

distribution provides a more intuitive and interpretable quantity than a 

frequentist P-value (Blangiardo et al., 2013) and e) the final output specifies 

the properties of the posteriors, such as means, standard deviations and 

quantiles (Fuglstad and Beguin, 2018). With all these characteristics, Bayesian 

inference has advanced the study of the uncertainty associated with predictive 
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maps, a common feature due to the different errors associated with modelling 

for predictive mapping, providing information on the reliability of predictions 

and helping the process of decision-making (Poggio et al., 2016). 

 

However, the major drawback of Bayesian analysis that made their application 

unattractive previously, was their complexity and long computation time. 

Bayesian implementation of spatially explicit models has developed greatly, 

and started to be used more widely in research with the arrival of Markov chain 

Monte Carlo methods (MCMC) (Brooks et al., 2011) and the WinBUGS 

software (Spiegelhalter, Thomas and Best, 1999; Stensgaard et al., 2011). 

However, although MCMC algorithms are very flexible, there are still problems 

related to convergence, processing time and implementation (Beguin et al., 

2012; Blangiardo et al., 2013). MCMC methods involve computationally and 

time-intensive simulations to obtain the posterior distribution for the 

parameters. For fitting large spatial datasets and/or complex models, this 

results in very long running times (Rue, Martino and Chopin, 2009; Eidsvik et 

al., 2012; Blangiardo et al., 2013; Poggio et al., 2016).   

 

An alternative approach to MCMC to obtain the posterior distributions is the 

integrated nested Laplace approximation (INLA) (Rue, Martino and Chopin, 

2009). INLA is a deterministic algorithm that applies both analytical 

approximation and numerical integration to implement approximate Bayesian 

inference for a large class of Bayesian hierarchical models, called latent 

Gaussian models (e.g. linear regression models, additive models, hierarchical 

spatial models), which can account for hierarchical structure, non-Gaussian 

errors, and spatial and spatial-temporal correlation (Rue, Martino and Chopin, 

2009; Rue et al., 2013; Lindgren and Rue, 2015). INLA is a fast, 

computationally efficient alternative to MCMC because it uses deterministic 

approximations instead of random simulations (Beguin et al., 2012), and 

performs as well as MCMC (Rue, Martino and Chopin, 2009). INLA also 

enables a higher degree of process automation (Beguin et al., 2012) and can 

be easily implemented in R software, using R-INLA package (Rue et al., 2013). 



70 
 

The stochastic partial differential equation  

To improve the process of modelling spatial data and account for spatial 

correlation, INLA was joint with the stochastic partial differential equation 

(SPDE) approach (Lindgren, Rue and Lindström, 2011). The SPDE approach 

establishes a link between Gaussian fields and Gaussian Markov random 

fields, taking the advantages from the two fields and dealing with the spatial 

correlation in a very efficient way.  

 

In modelling hierarchical data, spatial dependency among observations is 

accounted for by introducing in the model Gaussian fields, which model the 

spatial signal in the observations that cannot be accounted for by covariates 

(Musenge et al., 2013; Bachl et al., 2019). Gaussian fields are spatially 

continuous random processes in which variables observed at any point are 

normally distributed, and are correlated with variables observed at other points 

in space according to a continuous correlation process (Bachl et al., 2019). 

Although very important in spatial statistical modelling, including in 

geostatistics, Gaussian fields are characterised by dense covariance matrices, 

requiring a long computational time to run (sometimes infeasible, particularly 

when a large number of geolocations are used), called the ‘big n problem’ 

(Lindgren, Rue and Lindström, 2011). The SPDE approach transforms by 

triangulation the continuously indexed Gaussian field with Matérn covariance 

function, by a neighbourhood structure and a sparse precision matrix of a 

Gaussian Markov random field (Rue and Held, 2005). The SPDE approach 

integrates the good computational properties of Gaussian Markov random 

fields, reducing the usual computational burden (Cameletti et al., 2012; 

Lindgren and Rue, 2015), and the computationally effective approximations of 

INLA algorithm (Rue, Martino and Chopin, 2009), providing a flexible structure 

for spatial-temporal random fields (Lindgren, Rue and Lindström, 2011).  

 

The use of the INLA-SPDE approach has shown advantages in building 

complex hierarchical spatial-temporal models with large datasets, when 

controlling for several confounding factors and at the same time, reducing the 
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normally required computational time; in modelling sparse datasets, 

accounting for the uncertainty in the estimates; in improving the development 

of high resolution maps, including predictions for areas with no data; and as 

an efficient method to quantify and reduce bias due to spatial and temporal 

heterogeneity in the data. Consequently, INLA-SPDE approach has been used 

in several fields including environmental modelling (Eidsvik et al., 2012; Poggio 

et al., 2016; Fuglstad and Beguin, 2018), for modelling and mapping spatial-

temporal disease and mortality for public health decision-making (Musenge et 

al., 2013; Núñez et al., 2016; Godana, Mwalili and Orwa, 2019; Utazi et al., 

2019), for health economic evaluations (Heath, Manolopoulou and Baio, 

2016), and for predictive mapping of vectors and VBDs (Kifle, Hens and Faes, 

2017; Myer, Campbell and Johnston, 2017; Stanton et al., 2018; Chiaravalloti-

Neto et al., 2019). This approach has not yet been used for modelling tick 

distribution, but clearly has the potential to address some of the current 

limitations.   

 

Study objectives and hypothesis 

The objective of this study was to improve on the predictive map of I. ricinus 

questing nymph distribution in mainland Scotland obtained in Chapter 2, 

including the estimated uncertainty in the predictions, by applying the SPDE 

method to the data collected during questing tick surveys (Dataset 1 in Chapter 

2). This was achieved by predicting the posterior density of I. ricinus nymphs 

(counts per drag) in mainland Scotland, and estimating the uncertainty of the 

predictions, by accounting for the spatial correlation through the introduction 

of a random field component. Additionally, model predictions accounted for 

extra sources of variability, namely the extra variation of site and drag random 

effects, and for the ZIP process. It was hypothesised that the introduction of 

the spatial random field would improve the predicted posterior density and the 

uncertainty in predicted values when compared with a model without this 

component. Finally, it was hypothesised that adding the extra variation of the 

drag and site effects, and the ZIP process in model predictions, would generate 

a more informative uncertainty map. Complex predictive models and maps 
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were created using inlabru R package (Bachl et al., 2019), and the predictive 

performance of the different models was assessed using scoring rules.  

 

3.2. Materials and Methods 

3.2.1. The inlabru R package  

Inlabru R package (Bachl et al., 2019) was the central package for this work, 

used to apply the SPDE and create a smooth spatial density surface for I. 

ricinus questing nymphs, based on data collected during questing tick surveys. 

This package was initially developed as part of a research project to implement 

novel methods to model spatial distribution from ecological survey data and is 

continuously being updated into new versions.  

 

Inlabru was built on INLA R package. Inlabru has a simpler syntax and 

provides easier access to Bayesian inference to fit realistically complex spatial 

and spatial-temporal models in an accurate and fast way, accounting for 

spatial and temporal correlation (Bachl et al., 2019). Inlabru package supports 

the following R packages: a) the sp package (Pebesma and Bivand, 2005) to 

deal with spatial data as points, lines and polygons (‘Spatial Points Data 

Frame’, ‘Spatial Lines Data Frame’ and ‘Spatial Polygons Data Frame’); b) 

INLA package (Rue et al., 2013) to approximate continuous space with the 

random field; and c) ggplot2 (Wickham, Chang, et al., 2020) and ggmap (Kahle 

and Wickham, 2013) packages for data visualisation tools (plus specific inlabru 

functions such as ’gg’ and ’gm’ to extend their functionality). Other R packages 

were used in this work, namely raster (Hijmans et al., 2020) and rgdal (Bivand, 

Keitt, et al., 2020), to deal with raster spatial data (.tif); dplyr (Wickham, 

François, et al., 2020) to write the required code; tidyverse (Wickham, 2019) 

for clean coding and RcolorBrewer (Neuwirth, 2014) for colour ranges. All the 

modelling procedures were done in R version 3.5.3 (R Core Team, 2019a), 

using inlabru development version.  
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3.2.2. Quantitative I. ricinus survey data: data management  

The data used for analyses comprised I. ricinus counts from questing tick 

surveys, as described in Chapter 2 (Dataset 1). However, only data on nymphs 

was used since nymphs are the instar most often involved in human tick bites 

(Robertson, Gray and Stewart, 2000), and represent a higher risk of 

transmitting pathogenic agents (such as the bacteria that causes LB 

(Robertson, Gray and Stewart, 2000; James et al., 2012; Li et al., 2016)). 

During questing tick surveys, nymphs were collected in higher numbers than 

adult ticks (94.2% of ticks collected were nymphs compared to 5.8% adult 

ticks). Therefore, data on nymph and adult ticks combined show a similar 

distribution to data on nymphs only. Data were collected from 2006 to 2017; 

687 sites were visited and a total of 10,611 drags were performed. The domain 

for the analysis was defined as mainland Scotland.  

 

To achieve the aim of this study to improve predictive mapping of I. ricinus 

questing nymphs in mainland Scotland, the candidate model predictive ability 

was evaluated on independent data, to better assess the model performance 

across the domain. The full dataset with the counts of questing nymphs per 

drag, visit and site of collection was split into two datasets: a) a training dataset 

for model training and b) a testing dataset for model validation. Therefore in 

order to test model predictive performance for different locations in the domain 

(mainland Scotland), the training and testing datasets were defined based on 

a random selection of sites, with 80% of the sites for the training sample and 

20% of the sites for the testing sample. Due to the clustered nature of sites of 

questing tick surveys in Scotland, this procedure was done by considering the 

total number of sites in each area (council area) and selecting proportionally 

(and randomly) distinct sites per area, to guarantee that all areas of the domain 

had sites in the training and testing datasets. 

 

The training dataset consisted of 8,510 drags in 547 sites (each drag being a 

row), and the testing dataset consisted of 139 sites with 2,101 drags. Spatial 

points from each dataset, training and testing, were stored together with their 
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attributes as spatial points data frame structures. Then to each spatial point 

the same projection (British National Grid) and extent as the spatial polygon 

object of mainland Scotland were attributed. Figure 3.1 shows the spatial 

distribution of training and testing data in mainland Scotland.   

 

 

Figure 3.1: Distribution of the training and the testing datasets in 
mainland Scotland.  
The blue dots represent the sites of the training dataset and the red 
dots the sites of the testing dataset. 

 

3.2.3. Environmental covariates  

Relevant environmental covariates (climatic, topographic, land cover and host-

related variables) that might explain tick distribution in Scotland were selected 

for this work. To predict nymph distribution over the domain, these covariates 

were obtained as GIS-based raster maps. Ten covariates were identified as 

suitable for the modelling procedure: LST in July (1 km2 resolution, average 

from 2001-2013, from MODIS); elevation above sea level (90 m2 resolution); 

rainfall (total precipitation) in July and days of ground frost in September (long-

term average climate data from UK Met Office (from 1981–2010, 5 km2 

resolution)); an index of presence of roe (Alexander et al., 2014) and red deer 

(Wint et al., 2014) (both at a resolution of 0.008333 * 0.008333 degrees (~1 
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km2)); the proportion of deciduous and of coniferous forest (from Land Cover 

2006 (1 km2 resolution)) and finally, latitude and longitude for each site. 

Covariates were defined as spatial pixels data frame objects (‘Spatial Pixels 

Data Frame’), with the same extent (mainland Scotland) and projection (British 

National Grid). The final resolution of all covariates was 1 km2 per pixel.  

 

To be able to fit the SPDE model in continuous space, it was necessary to 

evaluate the SPDE everywhere in the domain. Because this procedure 

includes an infinite number of points, covariates needed to be specified as 

functions. Using specific inlabru functions, covariates, as spatial pixel data 

frame objects, were then standardised and defined as continuous covariates 

over space. However, the current stable version of inlabru does not require 

these steps because they are included already in the internal code, and 

covariates just need to be defined as spatial pixels data frame objects.   

 

3.2.4. The mesh and the SPDE model  

Spatially structured random effects were included in the model by using the 

SPDE approach. The first step to create the SPDE model was to define the 

‘mesh’, or constrained refined Delaunay triangulation (Figure 3.2), a finite grid 

of triangulations of the spatial domain, which will add smooth random effects 

to the model (Lindgren and Rue, 2015). The mesh divides the domain into a 

set of non-intersecting triangles (which may be irregular), where any two 

triangles meet in an edge or corner (Lindgren, Rue and Lindström, 2011). The 

mesh can be designed from different principles; one approach often used to 

define this triangulation is to use the locations of the observations as initial 

triangle vertices, and then add further vertices to satisfy the triangulation 

quality constraints (such as Lindgren, Rue and Lindström, 2011; Cameletti et 

al., 2012; Musenge et al., 2013; Poggio et al., 2016; Silva et al., 2017). 

Alternatively, the mesh can be designed based on the domain boundaries 

(Núñez et al., 2016; Krainski et al., 2017). The latter approach was done in this 

study because a mesh created based on the boundaries of the domain can be 

used in future research, for predictions over the domain using other datasets. 



76 
 

Therefore, a spatial polygon data frame of the boundaries of mainland 

Scotland was used, and the function ‘inla.mesh.2d()’ used to create a two-

dimensional mesh. The quality of the mesh was assessed, and the mesh was 

refined using the shiny application (app) ‘meshbuilder()’, an interactive 

graphical tool available in INLA package, to assess the approximation errors 

and to build a refined mesh of the domain. The final mesh consisted of 2,626 

vertices, and the same projection as the previously referred spatial elements 

was defined (the lengths have the same units as the coordinate system).  

 

The parameters for defining the mesh in the function ‘inla.mesh.2d()’ were the 

following (Krainski et al., 2017):  

a) the boundary was created using the function 

‘as.inla.mesh.segment()’ to extract the boundary of the spatial polygon 

data frame object of the domain; 

b) the maximum edge length sets the triangle structure by 

specifying the maximum allowed triangle edge lengths in the inner 

domain and outer extension. This was defined as 5 km inside the inner 

domain and 45 km in the outer extension;   

c) the minimum angle sets the triangle structure in addition to the 

maximum edge by specifying the minimum internal angles of the 

triangles on the inner domain and outer extension. This was set as 30 

for the inner domain and 21 for the outer extension (values up to 21 

guarantee the convergence of the algorithm);  

d) the maximum n and maximum n strict were used to avoid large 

meshes. The argument n is the initial number of points on the extended 

boundary. This was defined as ‘max.n’=c(48,000, 16,000) and 

maximum n strict as ‘max.n.strict’=c(128,000, 128,000);  

e) the cut-off is the minimum distance between mesh vertices and 

provides further control to the shape of the triangles, meaning that 

points closer than the supplied distance are replaced by a single vertex. 

This parameter was used to filter away adjacent points and avoid 
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building small triangles around clustered locations. This was set as 5 

km;  

f) the offset specifies the size of the inner and outer extensions 

(defines how much the inner domain and the outer extension should be 

extended). This was defined as 10 km for the inner and 60 km for the 

outer extensions.  

 

The Matérn correlation model was defined using the function 

‘inla.spde2.pcmatern’, which considers the mesh and the hyperparameters, 

the priors for range (practical range) and sigma (the marginal standard 

deviation). Priors can be specified as informative or left as the default (non-

informative) (Poggio et al., 2016). The priors selected in this work are sensible, 

but not universal, default priors, called PC-priors (Fuglstad et al., 2019), which 

are available in INLA and inlabru. By using non-informative priors, little a priori 

knowledge of the values and variability that model parameters might take was 

assumed, therefore this allowed the properties of the data to inform the 

posterior distributions (Myer, Campbell and Johnston, 2017).  

 

3.2.5. Modelling and predictions  

The response variable was the count of nymphs collected per drag, visit and 

site of collection, and models were fitted using the ‘bru()’ function (Bachl et al., 

2019). Models were designated by specifying a formula for the linear predictor 

that defined the log density function, the components of the predictor (intercept 

and covariates, with and without the SPDE), and the observed variable 

distribution (Bachl et al., 2019). To account for the variability of the random 

effects of site and drag on the posterior density and predicted uncertainty, PC-

priors for site and drag were defined. Due to the excess of zeros in the 

response variable (52% of the drags are zero counts of nymphs) it was 

assumed (as done in Model 1 in Chapter 2) that the probability density function 

of the response variable was defined by a ZIP (Type 1) process (as defined in 

page 80). The components of the linear predictor - the intercept, the previously 
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identified set of continuous covariates, and the SPDE model, were stored in 

the same object.  

 

Model specification:  

𝐿𝑜𝑔(𝑀𝑖𝑗) ~ 𝛼 +  𝛽1𝑅𝑎𝑖𝑛 +  𝛽2𝑅𝑒𝑑𝑑𝑒𝑒𝑟 + 𝛽3𝐷𝑒𝑐𝑖𝑑𝑢𝑜𝑢𝑠 + ⋯ 𝛽𝑘𝐿𝑜𝑛𝑔 +

𝑓(𝐷𝑟𝑎𝑔𝑖𝑗) + 𝑓(𝑠𝑖𝑡𝑒𝑗) +  𝑓(𝜇𝑗) 

 

Where 𝑀𝑖𝑗 is mean tick abundance for ith drag in site j; 𝛼 is the intercept; 𝛽
𝑘
 

are the measure of covariate effects; and f() denote the random effects due to 

drags and sites respectively, and to the spatially structured effect 𝜇𝑗. The 

specification of the zero-inflated Poisson (Type 1) model can be seen in page 

80.  

 

Using the training dataset, the first step was to run a hierarchical model of the 

counts of nymphs per drag as a function of the set of covariates used in Model 

1 in Chapter 2 (LST in July, ground frost in September, proportion of forest that 

was deciduous, proportion of forest that was coniferous, probability of roe deer 

presence, latitude and longitude). This was also used in Model 1 in this 

chapter. Secondly, a new model was created by adding the random field to 

Model 1 and named Model 2. Predictions for the training and testing datasets 

for Model 1 and Model 2 were generated using the inlabru predict function 

based on 1,000 Monte Carlo samples.  

 

The model predictive quality was assessed using scoring rules. Although 

predictions and respective scoring rules were also generated for the training 

data, this was just to compare how the different models behaved for the 

training and testing data, to help identify model overfitting and compare how 

consistent models were. However, the model predictive capability was 

assessed just with the predictions of the testing data. The scores calculated 

were the following: a) the Dawid-Sebastiani score (S_DS), which measures 

the concentration of predictive distribution and coverage probabilities (Dawid 

and Sebastiani, 1999), and b) the logarithmic score (S_LOG), which is a strictly 

proper scoring rule, depending on the full probabilistic distribution and 
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accounting for the skewness in the data (Good, 1952). The two used scoring 

rules are negatively oriented, which means the lower the score, the better the 

predictive model (Held and Meyer, 2019). Functions were created to calculate 

each one of the scores, the respective standard deviation (SD, which gives the 

dispersion of the data from the mean) and standard error (SE, which gives the 

precision of the mean). The mean difference between scores (keeping one 

model as reference) and the respective P-value for those differences were also 

estimated.  

 

After comparing the models’ predictions, Models 1 and 2 were run again with 

the full dataset, to predict the expected posterior density for I. ricinus nymphs 

and the associated uncertainty. The predictions were made over the regular 

grid of triangles (mesh) covering the domain of the Scottish mainland. The 

uncertainty map was based on SD values. 

 

As discussed in Chapter 2, the coverage of data points over the covariates 

used in the predictions affects the predicted distribution and the predicted 

uncertainty. In addition, the random field can explain the same spatial effect 

as some covariates (making them irrelevant for predictive purposes) and can 

account for variability not accounted for by the covariates. Therefore, in this 

analysis it was necessary to assess a combination of different covariates in 

the presence of the random field, to create a better spatial model for tick 

distribution (when compared with Model 2). Using the training dataset, three 

best random field models (Model 3, Model 4 and Model 5) resulting from 

different combination of covariates were selected based on a forward 

approach and lower values of the DIC and Watanabe-Akaike information 

criteria (WAIC), as measures of goodness of model fit, and the CPO score as 

a measure for the predictive quality of the model (Gelman, Hwang and Vehtari, 

2013). Predictions for the training and testing datasets for these three models 

were generated using 1,000 Monte Carlo samples. Scores were computed to 

help select the most suitable random field model. Finally, the best predictive 

model was used to assess the effect of the two random effects (drag and site) 
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and the ZIP distribution on the predicted uncertainty by comparing the 

prediction with these components against the prediction without these 

components. 

 

The following functions were used for the predictions in the inlabru code 

(provided by Professor Finn Lindgren specifically for this work):  

 

Specification of the zero-inflated Poisson (Type 1) model:  

𝜃 ~ 𝑝(𝜃)   

Where 𝜃 is a vector of parameters  

𝑥|𝜃 ~ 𝑁(0, 𝑄(𝜃)−1 )  

𝑥 is the covariates used in the model (𝑥 given 𝜃), and the covariates are 

normally distributed with mean equal to 0; and variance 𝑄(𝜃)−1   

𝜂 = 𝐴𝑥 
 
Is the linear predictor (defined in page 78) 

𝜆 = exp (𝜂) 
 
𝜆 is the exponent function of the linear predictor, that predicts the average 

nymph abundance  

𝑦|𝑥, 𝜃 ~ 𝑍𝐼𝑃1(𝜆, 𝑝0 ) 

 
𝑦 is nymph abundance, which depends on the covariates; 𝑝0 is the probability 

of excess zeros in the model  

 
The probability function for the ZIP1 is 
 

𝑃𝑍𝐼𝑃1
(𝑦 = 𝐾|𝜆, 𝑝0) = 𝑝01[𝑘=0] + (1 − 𝑝0)𝑃𝑃𝑜𝑖𝑠𝑠𝑜𝑛 (𝑦 = 𝑘|𝜆) 

 

K is the observed value of abundance in each drag  

 

Moments:  

The conditional expectation (mean) and variance of a ZIP1 model are: 
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(This is the process for obtaining the formula of the mean and the variance of 

the zero-inflated Poisson 1 process) 

 

Ε𝑍𝐼𝑃1(𝜆,𝑝0)(𝑦) = (1 − 𝑝0)Ε𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜆)(𝑦) = (1 −  𝑝0)𝜆 

𝑉𝑎𝑟𝑍𝐼𝑃1(𝜆,𝑝0)(𝑦)

=  Ε (𝑉𝑎𝑟𝑍𝐼𝑃1|1[𝑦=0]
(𝑦|1[𝑦=0], 𝜆, 𝑝0)|𝜆, 𝑝0)

+ 𝑉𝑎𝑟 (Ε𝑍𝐼𝑃1|1[𝑦=0]
(𝑦|1[𝑦=0], 𝜆, 𝑝0)|𝜆, 𝑝0)

=  Ε ((1 − 1[𝑦=0])𝜆|𝜆, 𝑝0) + 𝑉𝑎𝑟((1 − 1[𝑦=0])𝜆|𝜆, 𝑝0)

= (1 − 𝑝0)𝜆 + 𝑝0(1 − 𝑝0)𝜆2 = (1 − 𝑝0)𝜆(1 + 𝑝0𝜆) 

  

The inlabru predict function generates posterior Monte Carlo samples  

{(𝜆[𝑖], 𝑝0
[𝑖]

) , 𝑖 = 1, … , 𝑁} 

Where i is the number of values (in this work N was equal to 1,000 samples) 

 

giving estimated means and variances 

Ε is the expectation function 

Ε̂(𝜆,𝑝0)[Ε(𝑦|𝜆, 𝑝0)] =  
1

𝑁
 ∑ Ε

𝑍𝐼𝑃1(𝜆[𝑖],𝑝0
[𝑖]

)

𝑁

𝑖=1

(𝑦) 

 

𝑉𝑎�̂�(𝜆,𝑝0)[Ε(𝑦|𝜆, 𝑝0)] =
1

𝑁 − 1
∑ (Ε

𝑍𝐼𝑃1 (𝜆[𝑖],𝑝0
[𝑖]

)
(𝑦) −  Ε̂(𝜆,𝑝0)[Ε(𝑦|𝜆, 𝑝0)])

2
𝑁

𝑖=1

 

 

Ε̂(𝜆,𝑝0 )
[𝑉𝑎𝑟(𝑦|𝜆, 𝑝0)] =

1

𝑁
∑ 𝑉𝑎𝑟

𝑍𝐼𝑃1 (𝜆[𝑖],𝑝0
[𝑖]

)

𝑁

𝑖=1

(𝑦) 

 

 

The integrated predictive expectation and variance Monte Carlo estimates are 

Ε̂𝐹 =  Ε̂(𝜆,𝑝0)[Ε(𝑦|𝜆, 𝑝0)] 

 

𝑉𝑎�̂�𝐹 =  Ε̂(𝜆,𝑝0)[𝑉𝑎𝑟(𝑦|𝜆, 𝑝0)] +  𝑉𝑎�̂�(𝜆,𝑝0)[Ε(𝑦|𝜆, 𝑝0)]  
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For estimating the scoring rules:  

1 – Dawid-Sebastiani: the Dawid-Sebastiani score for a prediction 𝐹 and 

observation 𝑦 is  

𝑆𝐷𝑆 (𝐹, 𝑦) =  
(𝑦 − 𝜇𝐹)2

𝜎𝐹
2 + log(𝜎𝐹

2) , 𝑤ℎ𝑒𝑟𝑒 𝑖𝑛 𝑡ℎ𝑖𝑠 𝑐𝑎𝑠𝑒 𝜇𝐹 = Ε̂𝐹 𝑎𝑛𝑑 𝜎𝐹
2 = 𝑉𝑎�̂�𝐹  

 

Where 𝜇 is the mean of the predicted values and 𝜎2 is the variance of the 

predicted values  

 

2 – Logarithmic score: the Logarithmic likelihood-score is  

 

𝑆𝐿𝑂𝐺 (𝐹, 𝑦) =  −log [𝑃𝑌~𝐹 (𝑌 = 𝑦)] 

𝑊𝑒 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒 𝑃𝑌~𝐹 (𝑌 = 𝑦) 𝑤𝑖𝑡ℎ 𝑎 𝑀𝑜𝑛𝑡𝑒 𝐶𝑎𝑟𝑙𝑜 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑜𝑟, 𝑎𝑠 𝑏𝑒𝑓𝑜𝑟𝑒, 

 

The predicted function  

�̂�𝑌~𝐹 (𝑌 = 𝑦) =  �̂�(𝜆,𝑝0)[𝑃𝑌~ 𝑍𝐼𝑃1(𝜆,𝑃0)(𝑌 = 𝑦)] =  
1

𝑁
 ∑ 𝑃

𝑌~𝑍𝐼𝑃1 (𝜆[𝑖],𝑝0
[𝑖]

)

𝑁

𝑖=1

(𝑌 = 𝑦) 
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3.3. Results 

3.3.1. The constrained refined Delaunay triangulation: mesh 

Figure 3.2 shows the spatial dependency structure used in the models with the 

random field. This refined mesh is composed by small triangles with almost 

the same dimensions in the inner domain, where the predictions are important, 

and bigger triangles in the outer extension (after the boundaries), to decrease 

the boundary effect.  

 

Figure 3.2: The two-dimensional constrained refined 
Delaunay triangulation (mesh) used in this work to define the 
spatial dependency structure.  
The blue line represents the boundaries of mainland Scotland. 
The small triangles are in the inner domain and the larger 
triangles are in the outer extension. 

 

3.3.2. Assessment of model predictive quality: comparison between 

Models 1 and 2  

Table 3.1 describes the covariates used in Models 1 and 2, the presence or 

not of the random field, and the values of DIC, WAIC and CPO, when the 

models were run with the training data. Although Model 2 presented slightly 
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higher values of DIC and WAIC than Model 1, adding the random field resulted 

in a better value of predictive performance than Model 1 as depicted by the 

CPO (Table 3.1).  

 

Table 3.1: Description of Models 1 and 2. 
Models 1 and 2 training set covariates (fixed effects), presence or not of the 
random field, and respective Bayesian assessment criteria, DIC, WAIC and 
CPO. 

Model Fixed effects  Presence of 
random field? 

DIC 
 

WAIC 
 

CPO 

Model 1 LST July No 23,341 
 

22,978 
 

16,300 

Number of days of frost in 
September  

% cover of deciduous 
woodland  

% cover of coniferous 
woodland 

Roe deer presence  

Latitude 

Longitude 

Model 2 LST July Yes 23,358 
 

23,051 
 

14,743 
 Number of days of frost in 

September  

% cover of deciduous 
woodland  

% cover of coniferous 
woodland 

Roe deer presence  

Latitude 

Longitude 

Abbreviations: CPO, conditional predictive ordinate; DIC, deviance information criteria; LST, 

land surface temperature; WAIC, Watanabe-Akaike information criteria 

 

Exploratory graphs were generated to show the distribution of the standardised 

residuals of Models 1 and 2 for a) the training and b) testing datasets (Figure 

3.3). The standardised residual is the residual (the difference between the 

observed and the predicted values) divided by its SD (y-axis). Figure 3.3  

analyses the standardised residuals from Model 1 and Model 2, in order to 

compare variability between the two models. Figure 3.3 shows that variability 

is higher in the training dataset than in the testing dataset. This is due to the 

higher proportion of data in the training dataset (80% of the sample), which 

resulted in a larger SD in counts of nymphs per drag, visit and site. This may 
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explain why the SD of predicted values for the training dataset is larger than 

the SD of predicted values of the testing dataset. The effect of the large SD in 

the training dataset also reflects on the scores, which are slightly higher for the 

training than for the testing dataset. In addition, the training and testing 

datasets were skewed and have outliers. These characteristics were important 

for selecting the most appropriate scoring rule to inform the decision regarding 

the most suitable predictive model.  

 

 

Figure 3.3: (a) Model standardised residuals (y-axis) for the training dataset 
for Models 1 and 2; (b) model standardised residuals (y-axis) for the testing 
dataset for Models 1 and 2.  
The x-axis shows the predicted SD. Different scales were used because the 
interest is to compare the testing datasets in both models separately.  
 

For both the training and testing datasets, under S_DS and S_LOG scores, 

Model 1 has lower predictive capability than Model 2, the model with the 

random field (Table 3.2). In this table, the SD of the score is a measure of the 
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dispersion of the data from the mean, being very susceptible to outliers, 

whereas the SE gives the precision of the mean. However, both results of the 

SD and the SE were not completely informative about the differences between 

the scores of the different models. Therefore a next step was to assess 

differences between mean scores of the different models, and test if the 

differences between means were statistically significant or not.  

 

Table 3.2: S_DS and S_LOG scores for Models 1 and 2.  
Score mean and respective SD and SE of the predictions for Models 1 and 2, 
of the counts of nymphs per drag in mainland Scotland, for the training and 
testing datasets.  

Subset Model S_DS S_LOG 

mean SD SE mean SD SE 

Training, n=8510 Model 1 2.221 6.95 0.075 1.821 1.76 0.019 

Model 2 1.624 3.24 0.035 1.671 1.56 0.017 

Testing, n=2101 Model 1 1.921 2.39 0.052 1.574 1.47 0.032 

Model 2 1.619 3.77 0.082 1.562 1.45 0.032 

Abbreviations: SD, standard deviation; S_DS, Dawid-Sebastiani score; SE, standard error; 

S_LOG, logarithmic score 

 

Table 3.3 shows the results of the difference between scores (the score mean) 

and respective P-values when comparing Model 1 and Model 2, considering 

Model 1 as the reference model (i.e. test if the difference between score means 

is statistically significant or not). Results should be interpreted by considering 

the score results of Model 1 in the first place. Therefore if differences between 

scores were positive, Model 1 was worse than Model 2. If the differences were 

negative, Model 1 was a better model than Model 2. Model 1 was consistently 

inferior to Model 2 for the training and testing datasets. For the testing dataset, 

differences were statistically significant for S_DS (Table 3.3).   
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Table 3.3: Differences in the score mean, and respective P-value, between 
Model 1 and Model 2, for the training and testing datasets. 
The significance level is less than 0.05. If the P-value is close to 1, means that 
Model 1 is significantly worse than the one it is being compared to (Model 2). 
If the P-value is close to 0, Model 1 is significantly better than Model 2. 

Model Subset Mean S_DS P-value Mean S_LOG P-value 

Model 2 Training 0.598 1 0.150 1 

Testing 0.303 1 0.012 0.938 

Abbreviations: S_DS, Dawid-Sebastiani score; S_LOG, logarithmic score 

 

3.3.2.1. Predicted posterior tick density and predicted uncertainty  

To assess the effect of the introduction of random field in model predictions 

and in the predicted uncertainty, Model 1 and Model 2 were re-run with the full 

dataset. Figure 3.4 compares Model 1 and Model 2, showing the expected tick 

density (the predicted counts of nymphs per drag) and the respective 

uncertainty in the prediction.   

 

Predictions from Model 1 show evidence of increasing trend of predicted tick 

density from the south west to the north east coast of Scotland. Model 2, a 

model with the same covariates as Model 1 but with the additional effect of the 

random field, was able to identify other areas as low and high tick density. The 

uncertainty maps also show differences between the two models. Whereas the 

uncertainty of Model 1 followed the same trend as the predicted posterior tick 

density, the map of predicted uncertainty for Model 2 identified some areas of 

high predicted tick density with lower uncertainty, and some areas of low 

predicted tick density as high uncertainty. Additionally, in the map of predicted 

uncertainty for Model 2, areas with sites (where questing tick surveys were 

carried out) have lower predicted uncertainty.  
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Figure 3.4: Prediction of the posterior density surface of counts of I. ricinus 
nymphs per drag using the grid of triangulations covering the domain and 
respective uncertainty (the SD) for Models 1 and 2.  
The black points are the sites where questing tick surveys were carried out.  

 

3.3.3. New predictive models with the random field  

Table 3.4 describes the covariates used in Models 3, 4 and 5, the three new 

selected models with the random field, and the respective values of DIC, WAIC 
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and CPO, when the models were run with the training data. According to CPO 

values, Model 3 has better predictive performance amongst the three models 

with random field (Table 3.4).  

 

Table 3.4: Description of Models 3, 4 and 5. 
Model covariates (fixed effects) and respective Bayesian assessment criteria, 
DIC, WAIC and CPO, for the training dataset from the three best models with 
the random field. 

Model Fixed effects  DIC 
 

WAIC 
 

CPO 

Model 3 Elevation  23,324 
 

23,017 
 

14,719 

Rain in July  

% cover of deciduous woodland  

% cover of coniferous woodland 

Red deer presence 

Latitude  

Longitude 

Model 4 Elevation  23,230 
 

22,830 
 

16,025 

Rain in July  

% cover of deciduous woodland  

Red deer presence 

Latitude 

Longitude 

Model 5 Elevation  23,360 
 

23,050 
 

14,817 

% cover of deciduous woodland  

Red deer presence  

Latitude 

Longitude 

Abbreviations: CPO, conditional predictive ordinate; DIC, deviance information criteria; 

WAIC, Watanabe-Akaike information criteria 

 

The model predictive quality was assessed for the three new models with the 

random field (Table 3.5). Although for the training dataset, Model 4 appears to 

be a better model (as it has a better fit to the data), the predictive quality for 

new data was worse, particularly when compared with Model 3 (Models 3 and 

4 only differ in the presence or not of the covariate coniferous forest). For the 

testing dataset, Model 3 showed a better predictive performance when 

compared with the other two models. Considering Model 3 as the reference 

model (Table 3.6), Model 3 has better predictive performance than Models 4 

and 5 for the testing dataset. Significant differences were found between 
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Model 3 and Model 5 for the two scores, and between Model 3 and Model 4 

for S_LOG (the strictly proper scoring rule).  

 

Table 3.5: S_DS and S_LOG scores for Models 3, 4 and 5.  
Score mean and respective SD and SE of the predictions for the three best 
models with the random field, of the counts of nymphs per drag in mainland 
Scotland, for the training and testing datasets.   

Subset Model S_DS S_LOG 

mean SD SE mean SD SE 

Training, n=8510 Model 3 1.603 3.92 0.042 1.669 1.56 0.017 

Model 4 1.492 4.34 0.047 1.647 1.55 0.017 

Model 5 1.596 4.70 0.051 1.672 1.55 0.017 

Testing, n=2101 Model 3 1.560 2.84 0.062 1.556 1.43 0.031 

Model 4 1.602 4.24 0.093 1.581 1.46 0.032 

Model 5 1.624 4.16 0.091 1.560 1.44 0.031 

Abbreviations: SD, standard deviation; S_DS, Dawid-Sebastiani score; SE, standard error; 

S_LOG, logarithmic score 

 

Table 3.6: Differences in the score mean, and respective P-value, between  
Models 2, 4 and 5 and Model 3 (used as reference model), for the training and 
testing datasets.  
The significance level is less than 0.05. If the P-value is close to 1, the 
reference model is significantly worse than the one it is being compared to. If 
the P-value is close to 0, the reference model is significantly better than the 
model it is being compared to.  

Model Subset Mean S_DS P-value Mean S_LOG P-value 

Model 2 Training -0.021 0.204 -0.002 0.160 

Model 4 0.111 1 0.022 1 

Model 5 0.007 0.613 -0.003 0.014 

Model 2 Testing -0.058 0.063 -0.006 0.041 

Model 4 -0.042 0.172 -0.025 0 

Model 5 -0.064 0.027 -0.004 0.006 

Abbreviations: S_DS, Dawid-Sebastiani score; S_LOG, logarithmic score 

 

Comparing Model 3 with Model 2, Table 3.2 and Table 3.5 indicate that Model 

3 has lower S_DS and S_LOG scores than Model 2. When checking for 

significant differences in the mean score, no significant differences were found 

between Models 2 and 3 for the training dataset. Regarding the testing dataset, 
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Model 3 performs better than Model 2 at S_DS and S_LOG (with significant 

statistical differences at S_LOG) (Table 3.6).  

 

 

Figure 3.5: Prediction of the posterior density surface of counts of I. ricinus 
nymphs per drag using the grid of triangulations covering the domain and 
uncertainty (the SD) for Model 3.  
The black points are the sites where questing tick surveys were carried out. 

 

For Model 3, the model with the random field and better predictive quality, the 

map of posterior density surface depicted areas of low, medium and high 

counts of nymphs per drag over mainland Scotland, and the existence of a 

markedly increasing trend from the west to the east coast of Scotland is not 

evident (Figure 3.5). Some areas with no survey sites were identified as areas 

with high predicted posterior nymph density, and some areas where surveys 

were conducted were identified as areas with low predicted posterior nymph 

density. The predicted uncertainty differentiated areas with low and high 

uncertainty over mainland Scotland, and areas where surveys were conducted 

presented high to medium to low uncertainty. The same is observed for areas 

with no survey sites. As Model 3 was considered an improvement on Model 2, 

its outputs for the fixed effects (the covariates) and the hyperparameters are 
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presented in Table 3.7. The posterior estimates accounted for the negative 

effects of elevation (posterior mean = -0.0022), the amount of rain in July 

(posterior mean = -0.0251) and longitude (posterior mean = -0.3749), and the 

positive effects of the proportion of forest that is deciduous (posterior mean = 

0.0044) and coniferous (posterior mean = 0.3607), the probability of red deer 

presence (posterior mean = 0.0105) and latitude (posterior mean = 0.6702). 

Posterior estimates also included the effects of the hyperparameters, the 

random field, the two random effects (drag and site) and the ZIP distribution.  

 

Table 3.7: Results of Model 3. 
Posterior mean, SD, 2.5% and 97.5% quantiles and estimates (logarithm) of 
fixed effects and hyperparameters. 

 Abbreviation: SD, standard deviation; ZIP1, zero-inflated Poisson type 1 

 

3.3.4. Assessment of the extra variation due to the drag and site effects, 

and the ZIP process in model predictions  

Figure 3.6 compares the predicted uncertainty with and without the variability 

due to drag and site random effects and the ZIP process for Model 3. The map 

on the left (the predicted uncertainty which accounts for the extra sources of 

variation) has higher spatial uncertainty (more green and dark green areas) 

because it captures all sources of uncertainty, whereas the map on the right 

side has lower predicted uncertainty (more areas coloured light green, brown 

Fixed effects  Posterior 
mean 

SD 2.5% 
quantile 

97.5% 
quantile 

Intercept  -1.5253 0.2830 -2.0820 -0.9710 

Elevation  -0.0022 0.0009 -0.0038 -0.0005 

Rain in July  -0.0251 0.0077 -0.0404 -0.0100 

% cover of deciduous woodland  0.0044 0.0116 -0.0186 0.0270 

% cover of coniferous woodland 0.3607 0.2755 -0.1807 0.9006 

Red deer presence 0.0105 0.0058 -0.0008 0.0218 

Latitude 0.6702 0.3588 -0.0324 1.3758 

Longitude  -0.3749 0.3014 -0.9668 0.2162 

Model hyperparameters 
 

Mean SD 2.5% 
quantile 

97.5% 
quantile 

zero-probability parameter for ZIP1   0.1367 0.0004 
 

0.1359 0.1375 

Range random field  22.8367 0.1140 22.6135 23.0618 

SD for random field  1.3811 0.0079 1.3655 1.3967 

Precision for site  0.8292 0.0042 0.8210 0.8374 

Precision for drag  2.0962 0.0101 2.0764 2.1162 
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and dark brown), not depicting the uncertainty present in some areas, and is 

therefore less informative. This is particularly obvious in some of the areas 

where no questing tick surveys were carried out. 

 

 

Figure 3.6: Comparison between the predicted uncertainty from Model 3 with 
and without the variations due to the random effects and the ZIP process. 
Results are log scaled (log10). The black points are the sites where questing 
tick surveys were carried out.  

 

3.4. Discussion 

Tick distribution data used for predictive mapping are frequently characterised 

by a heterogeneous distribution of survey sites over the domain, variability in 

the number of drags per site, and lack of data coverage for the covariate range 

in the domain. These characteristics negatively affect the reliability of the 

predictions outside the core survey areas and the ability to adequately capture 

uncertainty in predictions. This issue is common when predicting tick 

distribution, and the most applied statistical techniques are not equipped to 

capture all the variability in the data, resulting in incorrect or incomplete results. 

The objective of the present study was to improve mapping of the predicted 

distribution of I. ricinus nymphs in mainland Scotland and the predicted 



94 
 

uncertainty, using tick data with the above characteristics. For this purpose, 

the most extensive and up-to-date scientifically collected (using standard 

technique) tick distribution dataset for mainland Scotland was used.  

 

To achieve the objective, a sophisticated approach using inlabru package was 

developed, which allowed the implementation of the SPDE approach to 

estimate the underlying spatial stochastic process and account for spatial 

dependency, and INLA for hierarchical Bayesian inference. It was 

hypothesised that the introduction of the random field component would 

improve the predictions of the posterior tick density and the uncertainty, and 

that adding the random effects of drag and site, and the ZIP process in the 

predictions, would improve the predicted uncertainty, resulting in a more 

informative uncertainty. In general, results indicated that models with the 

random field have a better predictive performance than models without this 

component; the predicted density of nymphs per drag and predicted 

uncertainty were more informative when the random field was added. Finally, 

using the same model, without adding the extra variation due to the effects of 

drag, site and the ZIP process in the predictions, the resultant uncertainty was 

less informative than estimates of uncertainty which accounted for these extra 

sources of variation.  

 

3.4.1. The accuracy and robustness of model validation and selection 

In this study, to measure the statistical consistency between the predictions 

and the observations, model predictions were validated based on scoring 

rules. These are summary metrics (penalties) which measure the accuracy of 

probabilistic predictions, by assigning a numerical score based on the 

predicted distribution and on the observation that materialises (Gneiting and 

Raftery, 2007; Ehm and Gneiting, 2012).  

 

As demonstrated by other authors (such as Held and Meyer, 2019), different 

scoring rules applied to the same data can be inconsistent, therefore reaching 

different conclusions on the predictions of different models. This implies that 
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researchers should be careful when considering the scoring rule that is tailored 

to their specific situation (Armstrong, 2001; Merkle and Steyvers, 2013). For 

this study it was decided to apply two strictly proper scoring rules, S_DS and 

S_LOG. Dawid-Sebastiani score is considered a strictly proper scoring rule in 

the presence of a Gaussian distribution. However, although S_DS is a good 

metric for general predictive model choice, if the distribution is not fully 

determined by the first two moments, as in this study, then this score may not 

be able to detect miscalibration (Held, Rufibach and Balabdaoui, 2010). The 

logarithmic score was the most relevant metric used since it is the unique 

strictly proper scoring rule (Gelman, Hwang and Vehtari, 2013), depending on 

the full distribution and being adequate to use in case of a skewed distribution 

with outliers. Using these scoring rules to assess the similarities and 

differences between models, allowed the demonstration that Model 2 (with the 

random field) resulted in better predictions over the domain than Model 1. For 

selecting the most suitable predictive model, the analysis of S_LOG mean, SD 

and SE, as well as the differences between models, were decisive in choosing 

Model 3 (with the random field) as the most suitable predictive model of nymph 

counts per drag over mainland Scotland.   

 

For this study, the squared error and the absolute error scores (Hyndman and 

Koehler, 2006; Held and Meyer, 2019) were also calculated. However, after 

preliminary analysis they were found not appropriate to use with the data as 

their results were inconsistent, and so they were excluded. Although both 

scores are frequently used to evaluate model predictive capability (Olden, 

Lawler and Poff, 2008; Gneiting, 2011; Ducheyne et al., 2013; Kiewra, Kryza 

and Szymanowski, 2014; Garcia-Martí, Zurita-Milla, van Vliet, et al., 2017; 

Held and Meyer, 2019), the absolute error score is not a proper scoring rule, 

as it is not very sensitive to outliers and fails to punish larger errors in the 

predictions. The squared error score can be excessively affected by the 

presence of outliers and penalises larger errors than smaller errors (e.g. if a 

method fails just one time but the error is large, the assessment will be affected 

negatively). Particularly for the testing dataset, there were some 
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inconsistencies in results when compared with the metrics used that are more 

appropriate to the data, therefore questioning the reliability and 

appropriateness of the squared error and absolute error scores to use in this 

study. As seen in Figure 3.3, the distribution of the standardised residuals was 

skewed with outliers, and neither the squared error score nor the absolute error 

score (which only depends on the mean and median of the distribution, 

respectively) were able to capture the variability present.  

 

3.4.2. The value in adding the spatial random field to improve model 

predictions and the predicted uncertainty 

As shown in Figure 3.4 and Figure 3.5, the spatial pattern captured by the 

SPDE played an important role in estimating the posterior density of nymphs 

per drag and the predicted uncertainty. This study demonstrated that adding 

the random field improved the model prediction quality for mainland Scotland. 

For both Models 2 and 3, but particularly obvious in Model 3, the predictive 

map of the posterior density of nymphs per drag differentiates areas with high 

and low predictive density over the domain, without a marked increasing trend 

from the west to the east coast (where more data were collected), and 

predictions for areas without questing tick survey sites were improved through 

the creation of the neighbourhood structure.  

 

To confirm the value of the random field in improving the predicted nymph 

density and uncertainty, besides adding the random field to Model 1 (to give 

Model 2), it was important to construct a new model that has the random field 

and a new set of covariates. This step was very important since the random 

field accounts not only for variation that is not explained by the covariates, but 

it also substitutes the effect of some covariates if they explain the same spatial 

structure and variation. Therefore the combination of rain in July, elevation, 

probability of presence of red deer, proportion of forest that is deciduous and 

coniferous, and latitude and longitude, resulted in a more suitable model than 

when using the covariates in Models 1 and 2 that were not selected in 

combination with the random field (LST in July, frost in September, probability 



97 
 

of presence of roe deer and proportion of forest that is deciduous and 

coniferous, latitude and longitude). The random field allowed modelling 

spatially of autocorrelated random effects, and model patterns in residuals that 

cannot be explained by the covariates. Additionally, by modelling spatial 

autocorrelation, models with the SPDE do not have the risk of drawing biased 

inference on the effects of the covariates due to unmodelled correlations (Yuan 

et al., 2016).  

 

When using the random field, knowledge and rigour when creating the mesh 

and defining the SPDE model are required, and it is advised to follow authors’ 

information and guidelines (Lindgren, Rue and Lindström, 2011; Lindgren and 

Rue, 2015; Krainski et al., 2017). This is important because the properties of 

the triangulation will affect model accuracy. Coarse meshes, where mesh 

vertices are too far apart, will not capture the dependency between values of 

the random field at adjacent mesh points. Typically, the triangulation is defined 

to maximise the minimum internal triangle (the Delaunay triangulation), which 

helps to ensure a smooth transition between small and larger triangles, and 

the total required number of triangles is minimised to fulfil the size and shape 

constraints (Lindgren, Rue and Lindström, 2011; Lindgren and Rue, 2015; 

Krainski et al., 2017). There are also problems if the maximum edge of the 

triangles is longer than the estimated practical range, breaking the assumption 

of the SPDE approach and resulting in a wrong approximation of the Matérn 

covariance function (Fuglstad and Beguin, 2018). In this study, the mesh was 

created using the interactive app ‘meshbuilder’, a tool which provided 

assistance to develop the mesh, assess its quality, and constantly reshaped 

the mesh until a mesh with the triangles as regular as possible in size and 

shape is obtained. To decrease the variance near the boundary (control for 

‘boundary effects’) but at the same time decrease the computational time due 

to the extension where no data were available, the model domain was 

extended far from the boundaries, with triangles with a coarser resolution. 

Conversely, the inner triangles had a fine resolution to enable a higher level of 



98 
 

detail of the analysis. However, this fine resolution inside the domain was 

subject to available computational resources. 

 

3.4.3. The value of adding the random effects of drag and site, and the 

ZIP process, in improving model uncertainty 

It was hypothesised that adding the extra variation effects due to the drag and 

site, and the ZIP process in the predictive process, would improve the 

predicted uncertainty. In the dataset used, drag and site represented a high 

source of variability, and not accounting for these two sources of variability in 

the predictions would result in underestimates of the predicted uncertainty. As 

demonstrated in Figure 3.6, the map of uncertainty is more informative when it 

accounts for the extra variation effects of drag and site, and the ZIP process. 

Frequently, when predicting species distribution, researchers adopt models for 

linear and additive responses, in which the response variable increases by a 

constant value and the point estimate does not change. Additionally, because 

problems related to uncertainty are difficult to deal with, they are often ignored 

and there is no interest in studying the uncertainty of the predictions (Elith and 

Leathwick, 2009). However, in cases of non-linearity in the response variable, 

and particularly when interested in predicting the uncertainty, it becomes 

essential to add these extra variation effects as sources of variation that need 

to be accounted for.  

 

3.4.4. Inlabru vs INLA/SPDE 

This complex model procedure was developed in the new R package inlabru. 

Inlabru builds on the INLA package, being tailored for spatial and spatial-

temporal analyses (Bakka et al., 2018; Bachl et al., 2019). As demonstrated 

with this work, inlabru allows sophisticated spatial (and spatial-temporal) 

models with an easier syntax and shorter code (e.g. the code for the inla stack 

in INLA required to define the SPDE model is hidden in inlabru (Bakka et al., 

2018)). Additionally, different from INLA, inlabru includes the possible option 

to predict any function of any subset of the components of the model 

specification (Bakka et al., 2018; Bachl et al., 2019) which also besides 
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returning the data, adds several columns with relevant information on the 

predictions such as the mean, the SD, the variance, the quantiles and the 

density.  

 

3.5. Conclusions 

The objective of this study was achieved statistically by applying a robust 

methodology, namely the introduction of a Gaussian Markov random field. This 

enabled the model to capture the existence of spatial dependency among 

neighbouring partitions and account for spatial variation that was not explained 

by the covariates. In addition, the use of a neighbourhood spatial structure 

improved the predictions for areas with no survey sites. The introduction of the 

extra variation effects of drag, site and the ZIP process in predictions captured 

all the sources of variation and improved the uncertainty map, making it more 

informative. The most suitable model with the random field component resulted 

in the most complete and informative predictive maps of tick posterior density 

and uncertainty. Accounting for the spatial autocorrelation was a necessary 

procedure because the underlying mechanisms that dictate the spatial 

distribution of questing nymphs are complex. Using proper and strictly proper 

scoring rules was valuable in the process of decision-making because these 

scoring rules allow measurement of the quality of predictions and ranking of 

competing models. In particular the logarithmic score allowed for careful and 

honest assessments, based on a fair comparison of different probabilistic 

predictive models and encouraging truthful report (Garthwaite, Kadane and 

O’Hagan, 2005; Ehm and Gneiting, 2012; Merkle and Steyvers, 2013; Held 

and Meyer, 2019). Additionally, this study provided an opportunity to test 

inlabru R package with real and complex ecological data, constituting one of 

the first studies to use the inlabru approach.  

 

This is the first time that this approach has been used for tick distribution 

modelling. This study presents novel approaches applied to tick data, which 

add value in improving the spatial predictive distribution of vectors. Predictive 

maps with vector distribution are often used by public health agencies and 
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other stakeholders involved in the control and prevention of VBDs, to make 

decisions about public health policy. Therefore, it is essential to get accurate 

distribution maps and to understand the uncertainty in the predictions. 

Sophisticated model techniques, such as the one presented here, proved to 

be valuable in dealing with all sources of data variability, and in improving 

predicted uncertainty. 
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Chapter 4: Linking human tick bite risk with tick 

abundance in the environment: a survey of orienteers 

in Scotland 

 

4.1. Introduction 

The benefits for human health and wellbeing of outdoor recreation are well 

recognised (Herrington and Brussoni, 2015; Murray et al., 2017; Levinger et 

al., 2018). However, outdoor recreation increases our exposure to common 

vectors of diseases. Current worldwide public health concerns are dengue, 

chikungunya, Zika and malaria, which are carried by mosquitoes (Medlock et 

al., 2012; Musso, Cao-Lormeau and Gubler, 2015; WHO, 2016; Zanotto and 

Leite, 2018); Leishmaniasis, which is spread by sandflies (Horrillo et al., 2019); 

and LB and TBE, which are transmitted by ticks (ECDC, 2019b; PHE, 2019; 

Tulloch et al., 2019).  

 

For public health decision-making, it is important to know the risk of a specific 

hazard. At the simplest level ‘risk’ is defined as the probability for a certain 

hazard to occur combined with the exposure to that hazard, the ‘hazard times 

exposure’ (Braks et al., 2016). Considering TBDs, it is critical to assess the 

risk of a tick bite, since a tick bite is required for the transmission of pathogenic 

agents to occur (Porter et al., 2019). The risk of a tick bite is the product of the 

hazard, generally considered to be the density of infected ticks (the 

environmental component of the risk (Bouchard et al., 2018)) and the human 

exposure or the likelihood of human contact with ticks (Ginsberg, 1993; Eisen 

and Eisen, 2016), such as the number of people entering into a tick habitat 

(Sprong et al., 2012; Hall et al., 2017). In a specific environment, the density 

of infected ticks can be high, but if it is an area infrequently visited by humans, 

the risk of tick bites occurring in this area is low (Ginsberg, 1993; Eisen and 

Eisen, 2016). 
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Data measuring risk directly are rare because it is difficult to accurately 

determine the rate that people acquire tick bites in a particular environment. 

There are few published studies on tick bite and tick encounter (including tick 

bites and ticks crawling on body and/or clothes) rates on humans. Those that 

have been reported are based on CS projects or volunteer submission of data 

(Faulde et al., 2014; Keukeleire et al., 2015; Hall et al., 2017), and report the 

number of tick bites per person per time of exposure (approximate time of 

exposure). However, these studies are based on passive submission of tick 

bites, and do not include the submission of reports where people have not 

observed ticks (which are essential to accurately infer tick bite rate in the 

population, and its seasonal and spatial variation), or account for the time 

and/or distance of human exposure.  

 

In addition, human exposure is difficult to assess, because exposure also 

encompasses other factors that influence the likelihood of an encounter with a 

tick, such as degree of contact a person has with vegetation, but these factors 

are poorly understood and have not been quantified. In the absence of data 

on risk, or exposure, many studies instead use hazard, such as the density of 

infected questing nymphs (such as Pepin et al., 2012; Li et al., 2016; Vourc’h 

et al., 2016; Takken et al., 2017), or proxies for hazard such as the abundance 

or presence-absence of questing ticks (such as Schwarz et al., 2009; Swart et 

al., 2014; Boehnke et al., 2015; Brugger et al., 2016; Bouchard et al., 2018; 

Kjær et al., 2019a, 2019b), parameters that are usually measured during 

questing tick surveys.  

 

It is not clear how well these measures of the hazard, particularly questing ticks 

in the environment, which is the parameter often measured, reflect the actual 

risk of tick bite to an individual present in that area. Some studies have 

compared the abundance of questing ticks (from blanket dragging or flagging) 

with the frequency that people picked up ticks in the same area. The 

methodologies included quantifying the number of ticks found on leggings or 

long cotton trousers and protective clothing used by researchers after walking 
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through vegetation (per time or per distance walked) (Walker et al., 2001; 

Faulde and Robbins, 2008; Dobson, Taylor and Randolph, 2011). However, 

measuring ticks on clothing is not an accurate indicator of tick bite risk, since 

it does not quantify the number of actual tick bites on people. Therefore, there 

is a need to measure actual tick bites after exposure, as only this parameter is 

a true measure of tick bite risk that incorporates both the hazard (ticks in the 

environment) and human exposure.  

 

Accordingly, it is necessary to identify the relationship between human tick bite 

risk and results from questing tick surveys and quantify tick bite rate of people 

exposed to ticks, including reports where people did not receive tick bites. 

These objectives are essential to confirm the value of questing tick surveys in 

identifying high risk areas, and to identify risk factors for tick bites, which could 

help inform risk reduction strategies. The results of this study will be 

fundamental to link tick ecology to human risk of tick bites and can inform 

public health messaging to communicate risk and prevention strategies aiming 

to decrease the risk of tick bites and TBDs.  

 

This study aims to address these objectives by collecting data from orienteers. 

Orienteering is, alongside other outdoor activities such as gardening and 

hiking (Mulder et al., 2013), yard work, mowing, walking with or without pets 

(Porter et al., 2019), scouting (Keukeleire et al., 2015), forestry work (Rath et 

al., 1996; Santino et al., 2004; Cisak et al., 2005; Kaya et al., 2008), hunting 

(Hjetland et al., 2013) and military activities (Faulde et al., 2014), considered 

to be a high risk activity for TBDs due to the high exposure to tick bites (Fahrer 

et al., 1991; Zhioua et al., 1998). Orienteers are frequently exposed to ticks 

because they run through rough vegetation to find their way as quickly as 

possible via a series of checkpoints (‘control points’, each of which is marked 

with an orange and white kite), using a map and a compass (SOA, 2020). 

Orienteers often track their route through the landscape, providing information 

on time and route of exposure. However, although considered to be at high 

risk of tick bites, the tick bite rate has not been reported for orienteers.  
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The overarching aim of this study was to assess whether questing tick surveys 

reflect the probability of human tick bites. The study objectives were:  

 

1. To assess the relationship between relative abundance of questing 

ticks, measured through questing tick surveys, and tick bite rate of 

exposed orienteers. This led to two sub-objectives: 

1.1. To identify the most suitable denominator for human exposure 

(as number of people, number of people per time of exposure, 

and/or per distance of exposure). 

1.2. To assess the relationship between tick encounter rate (defined 

as the rate people encounter ticks crawling on their body or 

clothes or/and have a tick bite) with tick bite rate and relative 

abundance of questing ticks. 

2. To identify environmental risk factors for tick bite risk in humans. This 

objective tested several hypotheses: that temperature on the day, rain 

conditions on the day, season, land cover type, not running on paths, 

and start time of the running, would affect the human risk of tick bites. 

3. To estimate the mean incidence of tick bites and tick encounters of 

orienteers.  

 

4.2. Materials and Methods 

For this study, it was essential to have accurate data on tick bite and tick 

encounter rates in humans, for which there is currently minimal information in 

the existing literature. This dataset needed to include: a) information on when 

tick bites and tick encounters have occurred, and importantly, not occurred; b) 

time of actual exposure; and c) distance travelled (both as possible 

denominators for tick bites and tick encounters). Therefore, the study 

objectives were addressed by sharing with orienteers via a website, a 

questionnaire to collect data on their encounters with ticks (including zeros), 

the number of people exposed, the time spent orienteering and the route they 

covered. Questing tick surveys were conducted in the same geographical area 

and approximate time period.   
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4.2.1. Development and testing of the questionnaire and website for data 

collection 

With the objective of estimating tick bite and tick encounter rates, a 

questionnaire to report tick records was created in a server and shared with 

orienteers, who reported information on their tick bites and tick encounters 

through a website. A website was selected rather than an app since 

preparatory discussions with orienteers indicated that they generally do not 

carry their smartphones when running, and they often use global positioning 

system (GPS) watches to track their route. The questionnaire was designed to 

collect the following information in each report (please see Appendix C: 

Supplementary materials for Chapter 4 (S1), which shows the screenshots of 

the website with the questionnaire): 

a) Event identification, so it was possible to group data per event 

and account for event variability. This information was collected 

automatically after login. 

b) The number of ticks crawling and/or attached to the body after 

exposure. This question was accompanied by a picture identifying the 

three active stages of I. ricinus ticks. Due to small size and the high 

clustering nature of larvae, orienteers were asked to report adult ticks 

and nymphs but not larvae (Randolph and Steele, 1985; Berglund et al., 

1995; Sormunen et al., 2016). 

c) The number of people exposed (because orienteers can run as 

an individual or as a group) and the duration of the activity (in hours), 

as denominators of the two rates (Faulde et al., 2014; Keukeleire et al., 

2015; Hall et al., 2017).  

d) The location and the trajectory of the route, to identify the area 

of exposure, calculate the distance travelled (e.g. possible denominator 

for both rates, in km) and calculate the proportion of land cover per 

report (e.g. to identify land cover types associated with human exposure 

to ticks). Orienteers had two options in the website: to add points 

manually indicating their trajectory on a map (where it was possible to 
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zoom-in, zoom-out and pan) or to upload a GPS exchange format 

(.GPX) file with their route.  

e) The date of activity, to account for seasonal effect. In here, 

participants chose a date from a calendar.   

f) The start time of activity, to account for any potential effect of the 

time of day in the reporting rates of tick bites and tick encounters. This 

information was inputted manually.  

g) The type of paths orienteers mostly used during the activity, 

since the degree of contact with vegetation can influence the likelihood 

of a tick bite or tick encounter. This information was provided through 

answering a multiple-choice question with the following categories of 

surfaces mainly run on: no paths; small paths; or large paths/roads.  

 

Due to the nature of the required data and to decrease the potential for errors, 

the questionnaire was composed of closed questions. The questionnaire was 

introduced by a brief title and explanation of the purpose and value of the study 

(Thrusfield, 2005) and by the consent form (Appendix C: Supplementary 

materials for Chapter 4 (S2)). The questionnaire was designed to collect 

information per single run/walk, per individual or group, and per event. Before 

the development of the website, to visualise the sequence and structure of the 

future system, wireframes with the system design were created. The website 

was designed by the author and coded by a member of the Scotland’s Rural 

College (SRUC) staff. The website was developed using R software (R Core 

Team, 2019a) and the packages shiny (Chang et al., 2020), leaflet (Cheng et 

al., 2019) and shinyjs (Attali, 2020).  

 

The questionnaire and the website were tested, validated and piloted by the 

developers and work colleagues. The data provided through the website were 

sent to and kept in an internal database, created for the purpose, on a server 

at SRUC. Access to the server was limited to the PhD student and database 

developer and manager (SRUC staff). SRUC adheres to the requirements 

described in ISO/IEC 27001:2013 (Information technology - Security 
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techniques - Information security management systems - Requirements), and 

regularly undergoes internal security audits. Data on the server database were 

extracted and saved as comma delimitated values, to then be analysed via 

other software. The study protocol was approved by the Human (Research) 

Ethical Review Committee (HERC) at the Royal (Dick) School of Veterinary 

Studies (RDSVS), University of Edinburgh, including research, recruitment, 

mitigation risk, participant consent, legal and codes of conduct, rights of human 

subjects and data management (HERC_ 224_18). 

 

4.2.2.  Engagement with the orienteering community and selection of 

events  

A first email was sent to the Scottish Orienteering Association (SOA), and a 

face-to-face meeting with the events manager was arranged. Once SOA 

agreed to participate, individual orienteering events were identified with their 

assistance, and local event organisers approached. A total of 11 orienteering 

events at world, national, regional and local levels were attended in Scotland 

between August 2018 to September 2019, only covering the months of tick 

activity (March to October). Dissemination of the project to the SOA community 

was done through the SOA website and newsletter. All participants of the 

events attended were informed of the researcher’s presence on the day 

through the local organisation and host team Facebook, SOA website and/or 

SOA newsletter. 

 

4.2.3. Data collection at orienteering events 

In an orienteering event, the competition courses generally open at 10am or 

10:30am and close at 2pm, and orienteers can participate as individuals (for 

competition) or as groups (generally families or beginners). Orienteering 

events have different courses available, which vary in terms of navigational 

and fitness difficulty (by order of difficulty from easy to difficult: white < yellow 

< orange < light green < short green < green < blue < brown). In an event, 

orienteers select their course according to their capabilities. White courses are 

easy to navigate and have an average of 1 to 2 km (linear distance), green 
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courses are technically challenging and corresponding to an average of 4 to 5 

km (linear distance), and brown courses are technically and fitness 

challenging, corresponding to an average of 10 to 11 km (linear distance) 

(SOA, 2020).  

 

At each event, a ‘tick tent’ was provided with information about the project and 

an area to check for ticks (private cubicle, mirror and lights) (Figure 4.1). 

Orienteering participants who had finished competing were asked to 

participate and if they agreed, they were asked to check for ticks and to report 

into the website the number of ticks found (including zeros), either via a tablet 

at the time, or by visiting the website afterwards. They were given a log-in and 

a password specific to the event, and no personal information was collected. 

Participants confirmed consent when logging in to the website. In addition to 

the number of ticks found, participants provided the information referred in 

Section 4.2.1. The temperature, the rain conditions and the number of 

competitors in each event were recorded on the event day. The conditions of 

rain were classified as an ordinal variable (0, no rain and dry day; 1, showers 

or light rain; 2, continuous rain and wet vegetation).  

 

Figure 4.1: The ‘tick tent’ at two orienteering events. 
The ‘tick tent’ included a ‘cabin’ to check for ticks which had a full body mirror. 
To help checking for ticks, a light was provided if required. 
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4.2.4. Questing tick surveys: data collection  

All the orienteering events attended in this study occurred in areas that were 

predominantly forested/wooded (i.e. deciduous, coniferous and mixed forests) 

but also included open habitats with grassland, moorland and/or pastures. 

Before each event, the event organisers provided a map of the event area, 

including the control points which the runners would visit. The maps showed 

the different types of vegetation cover.  

 

Questing tick surveys were conducted using the blanket drag technique in 

three sites across each one of the event areas (for 11 events, i.e. a total of 33 

sites), with each site chosen to represent a distinct habitat. The definition of 

habitat was based on the standard habitat (land cover) category definition 

(according to EEA, 1995), and the three most contrasting habitats covered by 

the majority of the orienteering control points were selected. The main habitats 

in the areas of the orienteering events attended were:  

a) deciduous or broad-leaved forest or woodland (“vegetation formation 

composed principally of trees, including shrub and bush understoreys, 

where broad-leaved species predominate”); 

b) coniferous forest or woodland (“vegetation formation composed 

principally of trees, including shrub and bush understoreys, where 

coniferous species predominate”); 

c) mixed forest or woodland (“vegetation formation composed 

principally of trees, including shrub and bush understoreys, where 

neither broad-leaved nor coniferous species predominate”); 

d) moorland (“vegetation with low and closed cover, dominated by 

bushes, shrubs and herbaceous plants (heather, briars, broom, gorse, 

laburnum, etc.)”); 

e) natural grassland (“low productivity grassland; often situated in areas 

of rough, uneven ground; frequently includes rocky areas, briars and 

heathland”); 
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f) pastures (“dense grass cover, of floral composition, dominated by 

graminaceae, not under a rotation system; mainly for grazing, but the 

fodder may be harvested mechanically; includes areas with hedges”).  

 

Questing tick surveys were conducted one or two days before the event 

(except for one event when this occurred four days before due to logistical 

constraints), with the day of sampling chosen to ensure that the weather 

conditions were as close as possible to the event day. However, questing tick 

surveys were not done during heavy rain as this adversely affects the 

effectiveness of the blanket drag technique (Walker et al., 2001; James et al., 

2012). Surveys occurred between 10am and 4pm, and questing ticks were 

sampled using the standard technique of dragging a white wool blanket of 1 

m2 along the ground for 10 m. Vegetation height and density were measured 

three times per drag (at 0 m, 5 m and 10 m) (Gilbert, 2010; James et al., 2012). 

Questing ticks that were touched by the blanket attached to it and when the 

blanket was turned over, the ticks were counted and collected live in a plastic 

vial containing a small piece of humid paper. This procedure was done to aid 

tick survival until freezing at -80 degrees Celsius (in case they are needed for 

pathogen diagnostics in a future study). In each of the three sites of each 

orienteering event, 25 drags were performed (i.e. 75 drags per event area). On 

wet days, multiple blankets were carried to allow regular switching if vegetation 

was wet. 

 

Ticks were not identified to species level, because all previous tick studies 

using blanket drags in Scotland that have identified ticks to species level have 

found 100% of ticks collected from vegetation in Scotland to be I. ricinus 

(James et al., 2012; Millins et al., 2015; Hall et al., 2017; Gandy, 2020). Tick 

life stage (adult male, adult female or nymph) was recorded. Nymphs are 

responsible for much higher number of bites on people than the other stages 

(Robertson, Gray and Stewart, 2000; Hugli et al., 2009; Briciu et al., 2011; 

James et al., 2012; Faulde et al., 2014; Li et al., 2016; Cull et al., 2019), 

because their small size makes them less noticed and they are approximately 
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ten times more abundant than adults (Gilbert et al., 2017). Larvae were not 

collected because of the much greater degree of aggregation in larvae 

distribution on the vegetation when compared with nymphs and adults 

(Randolph and Steele, 1985; Berglund et al., 1995; Sormunen et al., 2016); 

therefore the count data distribution is zero-inflated and over-dispersed to such 

a large degree that the assumptions of statistical tests may be invalid (Ruiz-

Fons and Gilbert, 2010). The latitude and longitude of the start point of each 

sampling site was recorded using GPS. Temperature and conditions of rain 

(using the same categories described above) were recorded on the day.  

 

4.2.5.  Questing tick surveys: data management 

4.2.5.1. Calculating the proportion of land cover at sampling sites and 

event  

In order to determine the relationship between questing tick abundance and 

tick bite and tick encounter rates, it was necessary to first assess whether the 

field surveys performed were a good representation of the habitat where 

orienteers actually ran. To quantify the proportion of land cover types at the 

sampling sites (and to mirror the analyses of land cover in orienteers’ 

trajectories described below in Section 4.2.6), the ‘buffer’ tool in ArcGIS 

version 10.7.1 (ESRI, 2019) was used to create circular areas of 250 m of 

radius around the geographic coordinates of the start location point of each 

site. A radius of 250 m (500 m diameter) was chosen to make sure that the 

area of survey was well represented. Finally, the proportion of each land cover 

type (deciduous, coniferous and mixed forest, moorland, grassland and 

pastures; from Corine land cover 2018 (EEA, 2018)), was extracted to each 

buffer.  

 

4.2.5.2. Calculating the mean of questing ticks at sampling sites and 

event  

The mean of questing ticks (nymphs and adult ticks) and questing nymphs per 

drag (10 m2) was calculated for each site of collection and for each event area 

(11 areas). As volunteers were asked to report both nymphs and adult ticks, 
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the mean of questing ticks (nymphs and adult ticks) was used in the statistical 

analyses (section 4.2.7).  

 

4.2.6.  Orienteering data: management and analysis  

4.2.6.1. Calculating the distance run  

R software (version 3.6.2 (R Core Team, 2019b)) was used to estimate the 

distance run by each individual or group per report. This was done using the 

R packages dplyr, purr and particularly sf (Pebesma et al., 2020), to create a 

geo-tibble (a modern re-imagining of a data frame with geographic data) 

(Wickham and Grolemund, 2017) and then the distance in km for each row 

(report) in the tibble was calculated. After this process, it was identified that 

25.3% (86/340) of the reports marked just one point identifying the area of the 

competition (so the distance was zero). When documenting their trajectories 

on the website, orienteers were asked to mark one trajectory point per km. 

Therefore, it was assumed that orienteers that just marked one point only 

competed within that area of 1 km2, and these reports were assigned a 

distance of 1 km. In some reports, the distance was estimated as higher than 

20 km (5.3%, 18 of the 340 records), which was unlikely to be correct in the 

orienteering competitions attended. These reports were further investigated 

using the raw tracking data, and their running distance was recalculated.  

 

4.2.6.2. Calculating the proportion of land cover from tracking data 

In order to estimate the proportion of land cover type covered by orienteers 

during the competition, two approaches were used based on the distance per 

report. For reports with 1 km distance (25.3% of total reports), a 1 km diameter 

circle area from the starting point was created. This was performed using the 

‘buffer’ tool in ArcGIS (version 10.7.1 (ESRI, 2019)). For the rest of the reports, 

the points of the tracking data per report were converted into line features by 

unifying points with the same identifier (the timestamp when each individual 

report was submitted), using the tool ‘points to line’. Subsequently, a buffer of 

5 m around each one of the lines was created, to mimic the possible contact 

between people and the vegetation and allow for some uncertainty in the exact 
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trajectory. The proportion of each one of the land cover types (deciduous, 

coniferous and mixed forest, moorland, grassland and pastures (EEA, 2018)) 

in the selected buffers was then estimated using the ArcGIS tool ‘tabulate 

areas’ (version 10.7.1 (ESRI, 2019)).  

 

4.2.7.  Statistical analysis  

As a descriptive analysis preceding each statistical model, the correlation 

between response and explanatory variables was assessed either using 

Pearson or Spearman correlation tests. The selection between Pearson or 

Spearman tests was performed after Shapiro test to check the normality of the 

distribution of each variable. Linearity between the two variables and the 

existence of outliers also influenced the choice of method. Correlation between 

variables was assessed at event level (i.e. as average of each variable per 

event) to account for the variability and clustering at the event level. However, 

since report level analyses account for individual variation and so give more 

information on data variability, all the statistical models were performed at 

report level. All analyses and plots were performed in R software (version 3.6.2 

(R Core Team, 2019b)). 

 

4.2.7.1. Assessment of the relationship between questing tick surveys 

and human tick bite risk  

Comparing habitat and weather conditions between questing tick 

surveys and orienteering event days  

In the first instance, as a method to check that the assessment of the 

relationship between questing tick surveys and tick bite risk was robust, the 

average proportion of land cover covered by orienteers in each event was 

compared with the average proportion of land cover covered during questing 

tick surveys in each event area. Conditions of temperature and rain between 

days of ecological surveys and event were also compared.  
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Selection of the appropriate denominator for tick bite and tick encounter 

rates  

Before assessing the relationship between results from questing tick surveys 

and tick bite risk, the number of tick bites submitted per report (and tick bites 

per person per report) was modelled as a function of the time of exposure 

(hours) and distance travelled (km), to identify the most appropriate relevant 

parameter. The same approach was conducted for the number of tick 

encounters submitted per report and tick encounters per person per report. 

Due to the zero inflation and over-dispersion of the response variables, the 

selected model was fitted with a negative binomial distribution. The negative 

binomial distribution fitted the data better, than a Poisson, ZIP or zero-inflated 

negative binomial distribution (the selection was based in the values of DIC, 

WAIC and CPO in a model just with the intercept term). When modelling the 

number of tick bites/tick encounters per person per report, to standardise the 

response variables as rates, the logarithm of the number of people per report 

was considered as offset. To account for the variability introduced by the event 

level, event was considered as a random effect. Models were developed under 

a Bayesian framework using INLA R package (Rue et al., 2013). Models were 

selected based on Bayesian criterion of model goodness of fit, the DIC and the 

WAIC and model predicted capability, specifically the CPO score, with models 

with the lowest values preferred.  

 

Model specification for the negative binomial regression is given as follows:  

𝐿𝑜𝑔(𝑇𝐵𝑖) ~ 𝛼 +  𝛽1𝑇𝑖𝑚𝑒 + 𝜀 + 𝑓(𝑒𝑣𝑒𝑛𝑡𝑖) 
 

Where 𝑇𝐵𝑖 is the mean number of tick bites (or tick encounters) in each event 

i; 𝛼 is the intercept; 𝛽1 is the measure of Time (or distance) effect and f() denote 

the random effects due to event. When modelling the number of tick bites (or 

tick encounters) per person per report, the logarithm of the number of people 

per report was added as an offset (𝜀).   
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In order to test the relationship between questing tick surveys and tick bite rate, 

and to identify the most relevant denominator for the rate (the one that better 

agreed with results from questing tick surveys), a univariable model was 

developed with questing ticks (sum of nymphs and adult ticks) included as a 

fixed effect, and different response variables relating to human exposure: a) 

tick bites per person; b) tick bites per person per time orienteering; and c) tick 

bites per person per distance run. The same models were conducted using 

tick encounter response variables (per person, per person per hour, and per 

person per distance run). The selected model was fitted with a negative 

binomial distribution using the same approach described previously; 

considering as response variables the number of tick bites or tick encounters 

per report, and with an offset to standardise the response variables as rates 

(i.e. the logarithm of the number of people per report, the number of people 

multiplied by the time spent orienteering per report, the number of people 

multiplied by the distance run per report). In these models, the environmental 

variables were not included because they were considered likely to drive 

questing ticks, and so tick exposure and risk, and because the study design 

ensured that weather, season and habitat were the same for both questing 

ticks and reported ticks. It is important to determine how relevant tick bite and 

tick encounter rates are to questing ticks (or vice versa), irrespective of 

weather, climate, habitat, or other variables.  

 

The effect of the variable ‘group of orienteers’  

In the exploratory analyses, it was noted that tick encounter rate was 

influenced by the variable ‘group of orienteers’. This ‘group of orienteers’ 

variable had four categories (1 to 4), representing the events grouped by club 

or organisation (in one situation two neighbouring clubs regularly participating 

in the events of each other, hence were analysed as one group; due to the 

dimension, type and other characteristics, the two world events were grouped 

together). To further test the value of measuring tick encounters compared to 

tick bites as equally good measures of risk, it was therefore necessary to test 

whether tick bite and tick encounter rates (with the previously selected suitable 
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denominator) were influenced by ‘group of orienteers’, while statistically 

controlling for the abundance of questing ticks in the environment since this 

might reflect differences in reporting behaviour or engagement level.  

 

To test this question, tick bite and tick encounter rates were analysed in a 

model with two fixed effects, questing tick abundance and ‘group of orienteers’. 

The model approach used was the one previously described: a) the response 

variable was the number of tick bites/tick encounters per report; b) the offset 

was the denominator for the rate (per person, per person per hour, or per 

person per distance); c) event was considered as random effect; d) the model 

was fitted with a negative binomial distribution. To demonstrate the influence 

of ‘group of orienteers’, it was also necessary to characterise the relative 

abundance of questing ticks per drag per event in the four different groups.  

 

Model specification (as explained in page 114):  

𝐿𝑜𝑔(𝑇𝐵𝑖) ~ 𝛼 +  𝛽1𝑄𝑢𝑒𝑠𝑡𝑖𝑛𝑔𝑇𝑖𝑐𝑘𝑠 + 𝛽2𝐺𝑟𝑜𝑢𝑝 𝑜𝑓 𝑜𝑟𝑖𝑒𝑛𝑡𝑒𝑒𝑟𝑠 + 𝜀 + 𝑓(𝑒𝑣𝑒𝑛𝑡𝑖) 
 

4.2.7.2. Determination of the environmental risk factors for tick bite risk 

to humans 

From the previous analyses, the most suitable response variable (i.e. tick 

bite/tick encounters per person, or per person per hour, or per person per 

distance) was selected. The correlation between environmental variables and 

the selected response variable was assessed at event level through correlation 

plots, and their relationship evaluated at report level, using the same model as 

previously described (fitted with a negative binomial distribution, with the 

corresponding offset and event as random effect).  

 

Regarding the fixed effects included in the models, if the previous models 

showed that ‘group of orienteers’ was important, then this variable was 

included. The other variables included in the models were variables collected 

during the events which are known to affect questing tick activity: the 

temperature and rain on the event day; variables related with the seasonality 
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such as season categories: spring (March to May), summer (June to August) 

and autumn (September to October) or month; and habitat type (proportion of 

land cover covered around the track per report that was deciduous, coniferous 

and mixed forest, moorland, grassland and pastures). Other variables 

collected at report level which can affect reporting rates such as start time in 

each report and type of paths used were also included. Tick abundance was 

not included in the models because the aim was to see if other risk factors 

could predict tick bite/tick encounter rates, and because the environmental 

variables used likely affect tick activity.  

 

Before constructing the models, a correlation matrix allowed the identification 

of highly correlated variables (correlation higher than 0.6), and variables 

correlated with each other were excluded, where the one with the strongest 

biological effect was preferred. First, each explanatory variable was tested on 

its own in a sequence of univariable models, and only significant variables or 

with low DIC, WAIC and CPO score were included at the multivariable stage. 

Backward stepwise procedure was performed to exclude variables from the 

multivariable models, and select the model with the lowest DIC, WAIC and 

CPO score.  

 

4.2.7.3. Estimation of the mean incidence of tick bites and tick 

encounters of orienteers 

The mean incidence of tick bites and tick encounters per 1,000 person-hours 

(participant-hours) and the number of person-hours required for one tick bite 

were estimated for the 11 events, with the respective 95% confidence 

intervals.  

 

4.3. Results 

4.3.1.  Descriptive analysis of data collected at orienteering events 

The 11 orienteering events attended had a median of 137 competitors (range 

37 – 2,170 competitors) and in each event, a median of 20 competitors 

participated in the study (eight to 98 participants) (Figure 4.2).  In the 11 events 
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attended, a total of 441 orienteers shared information on their contact with 

ticks, submitting 340 reports. Whilst most reports were from individual 

participants (81.8%), some participated as groups (18.2% of reports). The 

average start time of participants in the 11 events was at 11:50am, ranging 

from 8am to 6pm. Participants reported an average duration of running of 1 

hour and 30 minutes (median of 1 hour, range of 0.5 to 4 hours), and the mean 

distance run was 4.2 km (median of 3.3 km, range of 1 to 20 km). Most 

participants reported predominantly not running on paths (85.9%), whilst a 

smaller number reported predominantly running on small paths (11.2%) or 

large paths (2.9%).  

 

 

Figure 4.2: Distribution of the number of event competitors who did and 
did not participate in the study.  
Event 1 (August18), event 2 (September18), event 3 (October18), event 4 
(March19), event 5 (May19), event 6 (June19), event 7 (June19), event 8 
(June19), event 9 (July19), event 10 (July19), event 11 (September19). 
This plot has a break in the y-axis because of the high number of 
competitors in July (events 9 and 10 were at world level) when compared 
with the other events. 

 

From the total of 340 reports, 113 (33.2%) reported at least one tick bite and 

162 (47.6%) reported at least one tick encounter. In total, 285 tick bites and 

595 tick encounters were reported. More tick bites and tick encounters (per 

person) were reported in events carried out in the summer, particularly June 
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and July, visible when comparing the mean of observations (red triangles) 

(Figure 4.3).  

 

 

Figure 4.3: Distribution of the number of tick bites and tick encounters, per 
person per report, in each event.  
The distribution of the number of (a) tick bites and (b) tick encounters per 
person is shown as boxplots and the reports (with respective value of tick 
bites/tick encounters per person) are the dots, with different colour per event. 
The mean of tick bites and tick encounters per person per report is marked as 
a red triangle. The number of tick bites per person has a maximum of 10 per 
report, and the number of tick encounters has a maximum of 40 per report. 
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4.3.2. Descriptive analysis of the tick data collected during questing tick 

surveys  

 

Figure 4.4: Distribution of the number of questing ticks per blanket drag 
(10m2) per event area.  
The distribution of the number of ticks per blanket drag per event area 
(average of the three sites) is shown as boxplots. The counts of questing ticks 
per blanket drag per event (dots) have different colour per event.  

 

From the questing tick surveys conducted before each event, a total of 2,379 

ticks were counted from 825 blanket drag transects, and an average of 2.9 

ticks were counted per blanket drag (median of 1, and range of 0 to 62 ticks 

per blanket drag). From the 825 drags, 92% of the total ticks counted were 

nymphs and only 8% were adult ticks. There was a wide range in the average 

ticks per drag counted per event area, with no ticks counted in the event in 

early March, and the highest average of 7.4 ticks per drag was collected in an 

event in July (Figure 4.4). Considering the three sites of collection per event 

area, the highest number of ticks and nymphs was always collected in a 

woodland site (45.4% of the 11 events in deciduous woodland, 27.3% in mixed 

and 27.3% in coniferous woodlands). 
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4.3.3. Relationship between questing tick surveys and tick bite risk  

Comparing habitat and weather conditions between questing tick 

surveys and orienteering event days  

 

 

Figure 4.5: Correlation coefficient (as R) and respective P-value, between the 
average proportion of land cover types around the tracks of orienteers and the 
average proportion of land cover types at the sites of questing tick surveys, in 
each of the 11 event areas.  
The figure shows the proportion of the areas covered that is (a) deciduous 
forest; (b) coniferous forest; (c) mixed forest; (d) moorland; (e) grassland; (f) 
pastures. The black dots indicate each orienteering event, the dark line is the 
regression line and the grey shading represents the 95% confidence intervals 
of the regression line. In panels (b) and (d) the limit of the confidence interval 
above one (y-axis) is due to an artefact of the method used. None of the values 
of proportion of land cover used go above one.   
 

The sites of questing tick surveys were a good representation of the habitats 

where orienteers actually ran. Figure 4.5 shows the coefficients and respective 

95% confidence intervals of the strong and positive correlations between the 

average proportion of vegetation (land cover types) around the track of 
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orienteers, and the average proportion of vegetation (land cover types) on the 

sites of questing tick surveys, at the 11 event areas.  

 

The temperature and humidity at the time of questing tick surveys were also 

compared to the event day. The differences in temperature between the period 

of questing tick surveys and the event day varied from zero to six degrees 

Celsius, with a median of one degree of variation. Only one event had 

substantial differences in weather when compared with the day of surveying 

questing ticks in the environment (from dry and sunny to rainy and cold 

conditions, with a drop of six degrees Celsius in the temperature). 

 

Selection of the appropriate denominator for tick bite and tick encounter 

rates  

At report level, results demonstrate a positive and significant relationship 

between the number of tick bites (and tick bites per person per report) and the 

number of hours of exposure. The relationship between the distance travelled 

and the number of tick bites (and tick bites per person per report) was not 

significant and models presented a worse fit (Table 4.1). When performing the 

same analysis for the number of tick encounters (and tick encounters per 

person per report), similar results were found, with hours of exposure 

presenting a better relationship (Table 4.1).  
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Table 4.1: Results from four negative binomial models for the number of tick 
bites and tick encounters.  
The estimates of the fixed effects are presented in the logarithm form. The 
number of tick bites/tick encounters per report, and tick bites/tick encounters 
per person per report are the response variables, and the time of exposure 
(number of hours) and the distance travelled (km), are the fixed effects. The 
offset is the number of people reporting.  

Response 
variable 

Fixed 
effects  

Posterior 
mean 

2.5% 
quantile 

97.5% 
quantile 

DIC 
 

WAIC 
 

CPO 

Number of 
tick bites 
per report  
 

Intercept -0.93  -1.63 -0.29 790.8 
 

792.4 
 

396.5 
 Time  0.34  0.01 0.70 

Intercept -0.61  -1.20 -0.08 793.6 
 

795.1 
 

397.8 

Distance 0.03  -0.03 0.10 

Number of 
tick bites 
per person 
report  
 

Intercept -1.21  -1.94 -0.53 790.7 
 

792.5 
 

396.5 

Time 0.41 0.07 0.78 

Intercept -0.90 -1.52 -0.34 792.9 
 

794.4 
 

397.5 

Distance 0.06  -0.007 0.12 

Number of 
tick 
encounters 
per report  

Intercept -0.37  -1.22 0.41 1087.4 
 

1089.8 
 

545.2 
 

Time 0.34  0.04 0.66 

Intercept -0.11  -0.87 0.56 1089.2 
 

1090.9 
 

545.8 

Distance 0.05  -0.001 0.10 

Number of 
tick 
encounters 
per person 
per report 

Intercept -0.66  -1.56 0.16 1,080.6 
 

1,082.0 
 

541.3 

Time 0.42  0.11 0.74 

Intercept -0.39  -1.19 0.34 1,082.0 
 

1,082.5 
 

541.5 
 Distance 0.06  0.01 0.11 

Abbreviations: CPO, conditional predictive ordinate; DIC, deviance information criteria; 

WAIC, Watanabe-Akaike information criteria 

 

The correlation between the average number of ticks per blanket drag in each 

event area and tick bite rate is higher when the rate considers as the 

denominator the number of people reporting multiplied by the time (hours) 

spent orienteering (Figure 4.6). Regarding tick encounter rate, the correlation 

is strongest when considering the number of people multiplied by the distance 

run (Figure 4.7). Therefore, the descriptive analysis at event level suggests 

that the most relevant human exposure parameter for tick bites is the number 

of tick bites per person per hour of exposure, and for tick encounters is the 

number of tick encounters per person per distance (km) travelled.   
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Figure 4.6: Correlation coefficient (as R) and respective P-value, between the 
average number of ticks collected per drag (10m2) per event area (three sites), 
and tick bite rate. 
The response reporting rates are: (a) tick bites per person; (b) tick bites per 
person per hour; and (c) tick bites per person per distance (km). The black dots 
are each orienteering event, the dark line is the regression line and the grey 
shading represents the 95% confidence intervals of the regression line. 

 

 

Figure 4.7: Correlation coefficient (as R) and respective P-value between the 
average number of ticks collected per drag (10m2) per event area (three sites), 
and tick encounter rate. 
The response reporting rates are: (a) tick encounters per person; (b) tick 
encounters per person per hour; and (c) tick encounters per person per distance 
(km). The black dots are each orienteering event, the dark line is the regression 
line and the grey shading represents the 95% confidence intervals of the 
regression line. 
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Univariable negative binomial models indicate a positive and significant 

relationship between questing ticks and all the reporting rates of tick bites and 

tick encounters. However, models present a better fit and predictive power 

when the denominator is (for both cases) the number of people multiplied by 

the hours spent orienteering (Table 4.2).   

 
Table 4.2: Results from six univariable negative binomial models for tick bite 
and tick encounter rates. 
The estimates of the fixed effects are presented in the logarithm form. The 
response variables are the number of tick bites/encounters per person; per 
person per time (hour); and per person per distance (km). The explanatory 
variable is the average of questing ticks per blanket drag/per event. 

Response 
variable  

Fixed 
effects   

Posterior 
mean  

2.5% 
quantile 

97.5% 
quantile 

DIC 
 

WAIC 
 

CPO 

Number of 
tick bites 
per person 
per report  

Intercept  -1.27 -1.79 -0.79 790.6 
 

791.6 
 

395.9 

Questing 
ticks 

0.22  0.10 0.33 

Number of 
tick bites 
per person 
per hour 
per report  

Intercept -1.60 -2.15 -1.08 785.3 
 

786.4 
 

393.4 

Questing 
ticks 

0.24  0.11 0.36 

Number of 
tick bites 
per person 
per km per 
report  

Intercept  -2.49 -3.32 -1.74 831.1 
 

832.4 
 

416.3 

Questing 
ticks 

0.25  0.05 0.43 

Number of 
tick 
encounters 
per person 
per report 

Intercept -0.93 -1.99 -0.08 1,085.7 
 

1,087.4 
 

543.9 

Questing 
ticks 

0.29 0.08 0.54 

Number of 
tick 
encounters 
per person 
per hour 
per report 

Intercept -1.16 -2.14 -0.39 1,081.0 
 

1,082.5 
 

541.3 

Questing 
ticks 

0.30 0.10 0.53 

Number of 
tick 
encounters 
per person 
per km per 
report 

Intercept -1.98 -3.11 -1.09 1,136.6 
 

1,138.2 
 

569.3 

Questing 
ticks 

0.29 0.06 0.55 

Abbreviations: CPO, conditional predictive ordinate; DIC, deviance information criteria; 

WAIC, Watanabe-Akaike information criteria 
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The effect of ‘group of orienteers’  

Figure 4.8 characterises the variation of questing ticks between categories of 

the variable ‘group of orienteers’. More questing ticks were counted in events 

in group 3 (average of 3.8 ± 8.3 ticks per drag, range of 0 to 62, first quartile of 

0 and third quartile of 6), than from events in group 1 (average of 3.6 ± 3.8 

ticks per drag, range of 0 to 22, first quartile of 1 and third quartile of 5), group 

4 (average of 3.3 ± 5.4 ticks per drag, range of 0 to 42, first quartile of 0 and 

third quartile of 4) and less from events from group 2 (average of 1.2 ± 1.9 ticks 

per drag, range of 0 to 10, first quartile of 0 and third quartile of 2). 

 

 

Figure 4.8: Distribution of the number of questing ticks per blanket drag (10m2) 
per ‘group of orienteers’.  
Each group includes two or more orienteering events. The counts of questing 
ticks per blanket drag per group (dots) have different colour per group. The 
distribution of the number of questing ticks per blanket drag is shown as 
boxplots. 

 

The effect of the variable ‘group of orienteers’ in the relationship between 

questing ticks and tick bite and tick encounter rates was assessed considering 

the rates per person per hour. According to the multivariable models with 

questing ticks per blanket drag and ‘group of orienteers’ as fixed effects, results 

indicated that the variable ‘group of orienteers’ did not influence tick bite rate, 
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not just because it was not significant but also because it decreased model 

goodness of fit and predictive power (Tables 4.2 and 4.3). In contrast, results 

demonstrate that the ‘group of orienteers’ influenced tick encounter rate (Table 

4.3). Results indicate that group 1 reported more tick encounters than the other 

groups, with significant differences between groups 1 and 4.  

 

Table 4.3: Results from the multivariable negative binomial models for tick bite 
and tick encounter rates (per person per hour).  
The estimates of the fixed effects are presented in the logarithm form. The 
explanatory variables are the average of questing ticks per blanket drag per 
event area and ‘group of orienteers’.   

Response 
variable  

Fixed 
effects  

Posterior 
mean  

2.5% 
quantile 

97.5% 
quantile 

DIC 
 

WAIC 
 

CPO 

Number of 
tick bites 
per person 
per hour 
per report 

Intercept -1.73 -2.80 -0.68 787.4 789.6 
 

395.0 

Questing 
ticks 

0.25  0.09 0.41 

Group of 
orienteers 

G2 versus 
G1: 0.22  

-1.05 1.43 

G3 versus 
G1: 0.33 

-0.85 1.46 

G4 versus 
G1: -0.20 

-1.36 0.89 

Number of 
tick 
encounters 
per person 
per hour 
per report 

Intercept -0.31   -1.86 -1.05 1,080.7 
 

1,082.5 
 

541.5 
 Questing 

ticks 
0.29 0.09 0.55 

Group of 
orienteers 

G2 versus 
G1: -0.88  
 

-2.57 0.77 

G3 versus 
G1: -0.68  
 

-2.35 0.95 

G4 versus 
G1: -1.42  

-3.01 -0.03 

Abbreviations: CPO, conditional predictive ordinate; DIC, deviance information criteria; G, 

group of orienteers; WAIC, Watanabe-Akaike information criteria 

 

4.3.4. Environmental risk factors for human tick bite risk   

For subsequent analyses, the selected response variables are tick bite and 

tick encounter rates per person per hour. Tick bite rate correlated positively 

with the temperature on the event day (correlation coefficient = 0.65, p = 0.03), 

and negatively with the rain conditions on the event day (although the 

correlation was not significant, correlation coefficient = -0.57, p = 0.065). 

Although with a positive and negative trend respectively, it was not possible to 
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demonstrate a significant correlation between temperature (p = 0.067) and rain 

conditions on the event day (p = 0.068) with tick encounter rate (Figure 4.9). 

None of the land cover variables showed a significant correlation at event level 

with the two rates. For tick bite rate, the better correlation was with the 

proportion of mixed forest around the track ran by orienteers (correlation 

coefficient = 0.37, p = 0.26), and the strongest correlation with tick encounter 

rate was with the proportion of coniferous forest around the track ran by 

orienteers (correlation coefficient = 0.48, p = 0.14). In both cases, the 

correlation was not significant, but the nature of the correlation was positive 

(Figure 4.9). At report level, there was multicollinearity between temperature 

and rain conditions on the event day, and between these two covariates and 

season (categorical variable). 
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Figure 4.9: Correlation coefficient (as R) and respective P-value between tick 
bite and tick encounter rates (per person per hour) and temperature, rain and 
proportion of forest covered.  
The environmental variables for tick bite rate (per person per hour) are: (a) the 
temperature on the event day, (c) the conditions of rain on the event day, and 
(e) the proportion of mixed forest covered by orienteers. For tick encounter 
rate (per person per hour) are: (b) the temperature on the event day, (d) the 
conditions of rain on the event day, and (f) the proportion of coniferous forest 
covered by orienteers. The black dots are each orienteering event, the dark 
line is the regression line and the grey shading represents the 95% confidence 
intervals of the regression line. 

 

Table 4.4 shows the results from the multivariable negative binomial models 

to identify risk factors for tick bite and tick encounter rates. The variable ‘group 

of orienteers’ was included in the multivariable model for environmental risk 

factors of tick encounters, since this variable affects tick encounter rate. Tick 
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bite and tick encounter rates vary negatively with the start time and the 

proportion of pastures around the track ran by orienteers, and positively with 

the temperature on the event day. Models for both rates have the same 

environmental covariates, except that the model for tick encounter rate 

included the variable ‘group of orienteers’. Group 1 shows a trend of reporting 

more tick encounters when compared with the other three groups, and the 

differences are significant when compared with group 3.   

 

Table 4.4: Results from the final multivariable negative binomial models for 
tick bite and tick encounter rates (per person per hour) and the studied 
environmental covariates.  
The estimates of the fixed effects are presented in the logarithm form. 

Response 
variable  

Fixed 
effects  

Posterior 
mean  

2.5% 
quantile 

97.5% 
quantile 

DIC 
 

WAIC 
 

CPO 

Tick bite 
rate 

Intercept -0.265  -2.906 2.336 780.7 
 

782.8 
 
 

391.6 
 Start time -0.226  -0.422 -0.031 

Proportion 
of pastures 

-0.848  
 

-1.579 -0.134 

Temperature 0.159  0.073 0.253 

Tick 
encounter 
rate  

Intercept -1.639  -5.076 1.467 1,071.2 
 

1,072.7 
 

536.6 

Start time -0.184  -0.354 -0.013 

Proportion 
of pastures  

-0.804  
 

-1.456 -0.166 

Temperature  0.305  0.161 0.478 

Group of 
orienteers 

G2 versus 
G1: -0.554  

-1.894 0.856 

G3 versus 
G1: -1.744  

-3.270 -0.340 

G4 versus 
G1: -0.087  

-1.378 1.424 

Abbreviations: CPO, conditional predictive ordinate; DIC, deviance information criteria; G, 

group of orienteers; WAIC, Watanabe-Akaike information criteria 

 

The variable rain conditions on the event day showed a negative and 

significant effect on both rates. Nonetheless as it was correlated with 

temperature, it was later excluded, as temperature on the event day had the 

strongest effect and resulted in a better model fit. The same happened with 

season which showed, for both rates, a positive effect of the summer category 

when comparing with spring and autumn categories. However it was excluded 

from the final models because it was correlated with temperature on the event 
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day. Besides the negative effect of the proportion of pastures around the track 

run by orienteers, a significant effect for any of the other land cover types, 

including the proportion of mixed or coniferous forest around the track of 

orienteers, was not demonstrated.  

 

4.3.5. Mean incidence of tick bites and tick encounters among orienteers 

The mean number of tick bites reported varied from 0 to 1.45 (average of 0.41) 

per person per hour per orienteering event, and 1 bite was reported for every 

4 person-hours across all events (95% confidence interval of 1-7). The mean 

bite rate was 409 tick bites per 1,000 person-hours of activity (95% confidence 

interval of 140-678). The mean number of tick encounters reported varied from 

0 to 5.5 (average of 1.80) per person per hour per orienteering event, and 1 

tick encounter was reported for every 3 person-hours across all events (95% 

confidence interval of 0.1-7). The mean tick encounter rate was 981 human-

tick encounters per 1,000 person-hours (95% confidence interval of 347-

1,616).  

 

4.4.  Discussion 

The aim of this study was to establish the relationship between results from 

questing tick surveys and human tick bite risk, as this analysis is currently 

lacking in the research literature. To achieve this aim, the relationship between 

questing ticks and tick bite rate in orienteers was assessed, including defining 

the most appropriate denominator for tick bite rate; testing if tick encounter rate 

was also a good measure of tick risk to humans or whether actual tick bite is 

needed to accurately reflect the risk to people, and finally identifying the 

environmental factors for tick bite risk to humans. To estimate tick bite and tick 

encounter rates, this study tested a new methodology which included the 

report of zeros (where people were exposed but do not have a tick bite or tick 

encounter), time of exposure (hours) and tracking of participants. Finally, the 

mean incidence of tick bites and tick encounters among orienteers was 

estimated.  
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4.4.1. Relationship between questing tick surveys and the actual tick bite 

risk to humans  

Results from questing tick surveys are frequently used to infer tick risk to 

humans. However, the relationship between results from questing tick surveys 

such as tick relative abundance in the environment, and tick bite risk to humans 

has not been previously directly assessed. This study indicates that, even with 

the uncertainty related with the blanket drag efficiency (Ruiz-Fons and Gilbert, 

2010; Kjellander et al., 2021) and related to volunteer submission, questing 

tick abundance is strongly correlated with tick bite rate, confirming the value of 

questing tick surveys in identifying areas for human risk to tick bites.  

 

In this study, several measures were taken to control for other factors that 

might influence the relationship between results from questing tick surveys and 

tick bite rate: conducting questing tick surveys in the same areas as the 

competitors ran; sampling one to two days beforehand and attempting to keep 

weather conditions as similar as possible; conducting surveys during the same 

time of day as the events (i.e. between 10am to 4pm); and more than one 

blanket available for dragging (total of three blankets) to switch in case of wet 

vegetation. Analyses confirmed that this approach was successful in reducing 

potential differences in conditions between days of questing tick surveys and 

event. Results showed a positive and strong correlation between the land 

cover type in the sites where questing tick surveys were carried out, and in 

areas ran by orienteers, with correlations between 0.67 and 0.93 (Figure 4.5).  

 

Differences in weather conditions and time of day of sampling influence tick 

microhabitat temperature and relative humidity, and therefore tick questing 

(Randolph et al., 2002; Schulz, Mahling and Pfister, 2014; Tomkins et al., 

2014). However in this study, just one event day (in October 2018) showed 

marked differences in conditions of rain and temperature, when compared with 

the day of sampling (Figure 4.3 and Figure 4.4). In this case, questing tick 

surveys were carried out four days before the event due to logistical 

constraints, and the temperature unexpectedly decreased by six degrees 
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Celsius and the conditions changed from dry to very wet. This may have 

decreased the tick bite rate on the event day, and few competitors participated 

(Figure 4.2). In case of wet vegetation, as humidity affects blanket drag 

efficiency (Walker et al., 2001; James et al., 2012), using more than one 

blanket helped to reduce the effects of a wet blanket in some situations. 

 

In this study, orienteers were asked to just report nymphs and/or adult ticks 

attached and/or crawling. Larvae were excluded because their report could 

lead to errors in larvae numbers, and larvae are thought to present negligible 

risk of LB transmission (Gray et al., 1998; Hubálek and Halouzka, 1998). 

Larvae tend to be clustered in the environment and one tends to either find 

many or none (Randolph and Steele, 1985; Berglund et al., 1995; Sormunen 

et al., 2016), and their small size makes them difficult to detect (which would 

increase the number of false negatives). Another reason to exclude larvae was 

that larvae quest close to the ground and their numbers could be subject to 

bias when dragging (Gilbert, 2010; Dobson, Taylor and Randolph, 2011). 

 

At the same time, this study confirms that the number of tick bites reported (per 

person) was better explained by time (hours) than by distance (km) of 

exposure (Table 4.1). This is corroborated by previous published research, 

where the number of hours spent in the yard showed a positive effect on the 

likelihood of a tick encounter (Mead et al., 2018). In addition, when compared 

with other denominators for tick bite rate, the number of tick bites per person 

per hour showed a better correlation and relationship with the relative questing 

tick abundance (Figure 4.6 and Table 4.2).  

 

This study also assessed whether tick encounter rate (which considers ticks 

crawling and attached) provided an equally useful measure of human tick bite 

risk as tick bite rate. Although crawling ticks may be detected and removed 

prior to attachment and so do not directly contribute to the risk of pathogen 

transmission (Eisen and Eisen, 2016), some studies account for them when 

reporting tick encounters. Correlation between questing tick abundance and 
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the number of tick encounters per person per hour was positive but not as 

strong (correlation coefficient of 0.65, Figure 4.7) when compared with the 

correlation between questing tick abundance and tick bite rate (correlation 

coefficient of 0.80, Figure 4.6). These results were perhaps surprising because 

it might be expected that tick encounter rate (which considers both crawling 

and attached ticks) would better reflect questing tick abundance in an area 

compared to tick bite rate, which is likely to be influenced by people’s 

behaviour.   

 

Results from the multivariable model with questing tick abundance and ‘group 

of orienteers’ indicated that, in contrast to tick bite rate, tick encounter rate was 

influenced by the variable ‘group of orienteers’ (Table 4.3). Previous studies 

indicated that data from volunteer participation often contain biases and 

considerable variation. Differences in volunteers’ engagement (which 

influence volunteer effort) and in behaviour are some of the causes for the high 

variability in volunteer data (Bird et al., 2014; Johnston et al., 2017; Palmer et 

al., 2017). Therefore, because in this study each report is related to an event 

and not to an individual volunteer (orienteer), and event was already 

considered as a random effect in the models, grouping events per club (and 

other similar characteristics) could indicate a trend for reporting more or less 

ticks due to engagement or other conditions at the time. Group behaviour could 

also determine whether orienteers were more likely to report at the time (more 

crawling ticks) or later (fewer crawling ticks and perhaps more tick bites). 

Results indicate that tick bite rate is a more robust and consistent measure of 

tick exposure and risk to humans than tick encounter rate, which is subject to 

bias, error and has higher variability. In general, orienteers are ‘tick aware’. 

Crawling ticks, particularly when in high number, tend to be brushed away and 

not accounted. Therefore, there is a certain amount of variability in the data 

that can mean that not all participants reported all the ticks crawling on their 

body or clothing.  
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4.4.2. Environmental risk factors for tick bite risk to humans  

Previous studies on risk factors for tick bites and tick encounters on humans 

analysed differences in risk between age groups, activities, habitats, time of 

exposure, educational level and pet ownership (Bartosik et al., 2011; Hjetland 

et al., 2013; Mulder et al., 2013; Mead et al., 2018; Jore et al., 2020). Although 

it is recognised that the risk of a tick bite is shaped by environmental factors 

(Keukeleire et al., 2015), there is still little understanding of the environmental 

factors for tick bite risk to humans. This study demonstrated that both tick bite 

and tick encounter rates (per person per hour) among orienteers decreased 

when the activity started later in the day, and with an increase in the proportion 

of pastures around the track ran by orienteers, and increased with higher 

temperature on the event day. Conditions of rain on the event day showed a 

significant negative influence on both rates, and significantly more tick bites 

and tick encounters were reported in summer than in autumn.  

 

Temperature and relative humidity are critical for tick activity (Randolph et al., 

2002; Tomkins et al., 2014). In Scotland, ticks start questing when the weekly 

average maximum temperature is between six to seven degrees Celsius 

(Gilbert, Aungier and Tomkins, 2014), and warmer temperatures are 

associated with an increase in tick questing. In general, high temperatures 

associated with low relative humidity have a negative impact on the questing 

of ticks due to the risks of desiccation (Schwarz et al., 2009). However in 

Scotland, summer temperatures are not high, with an average high 

temperature of 18 degrees Celsius and an average low temperature of 11 

degrees Celsius, and during the year the average monthly quantity of rainfall 

varies from 55 millimetres in spring and 70 millimetres in autumn (Scottish 

Government, 2020). Temperature can increase the likelihood of a tick bite (and 

tick encounters) by increasing the human exposure to ticks, through its 

influence on tick activity or by favouring outdoor activities by humans and the 

use of light clothing (Keukeleire et al., 2015). Although relative humidity is 

critical for tick activity, excess rain can negatively affect the relative abundance 

of questing ticks (James et al., 2012; Ribeiro et al., 2019). Previous studies 
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have also identified a positive and negative association between tick bite rate 

and, respectively, the temperature and an excess of rain (Robertson, Gray and 

Stewart, 2000; Garcia-Martí, Zurita-Milla, Swart, et al., 2017).  

 

Tick activity is seasonal, and it was previously demonstrated that the number 

of tick bites on orienteers varied with season of tick activity (Zhioua et al., 

1998). In this study, more tick bites and tick encounters were reported per 

person in events occurring in the summer (Figure 4.3), and the results from 

the multivariable model confirmed that summer had higher tick bite and tick 

encounter rates (per person per hour). This agrees with results of previous 

studies identifying the summer as the season with the highest number of tick 

bites reported, with peaks in June or July every year (Berglund et al., 1995; 

Stjernberg and Berglund, 2002; Bartosik et al., 2011; Faulde et al., 2014; Cull 

et al., 2019). The higher number of tick bites in summer in orienteers can be 

explained by the fact that most events in this study occurred after the peak of 

questing activity of I. ricinus in the environment (spring to earlier summer) 

(Gray, 1991), and that in summer, orienteers are likely to wear light clothing. 

Although seasonal patterns were found, not enough events were attended 

over a long time period to get a detailed picture of the variation in risk over the 

year.  

 

Habitat type influences tick survival and abundance, and determines the 

chance of human-tick contact (Tack et al., 2012; Garcia-Martí, Zurita-Milla, 

Swart, et al., 2017). Results identified that open habitats covered with pastures 

were associated with lower tick bite and tick encounter rates (Table 4.4). These 

results agree with knowledge that questing tick abundance is lower in open 

habitats than in forest areas (Lindström and Jaenson, 2003; Dobson, Taylor 

and Randolph, 2011; Pfäffle et al., 2013) and that areas with a high proportion 

of arable land and pastures are associated with lower number of tick bites or 

crawling ticks on cotton trousers (Walker et al., 2001; Keukeleire et al., 2015). 
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It is known that deciduous, mixed and also coniferous forests support higher 

tick abundance (Ruiz-Fons and Gilbert, 2010; Tack et al., 2012; Schulz, 

Mahling and Pfister, 2014) and previous research identified forest habitats as 

a high risk for tick bites (Robertson, Gray and Stewart, 2000; Bartosik et al., 

2011; Mulder et al., 2013; Keukeleire et al., 2015; Garcia-Martí, Zurita-Milla, 

Swart, et al., 2017). However in this study, the results of the correlation 

analyses and the relationship between the proportion of forest covered around 

the track ran by orienteers and tick bite and tick encounter rates was not 

significant. When comparing questing tick abundance between sites in each 

event, more ticks were always collected in the deciduous, mixed or coniferous 

forest sites (45.4% of the 11 events in deciduous woodland, 27.3% in mixed 

and 27.3% in coniferous woodlands), and not in the sites with moorland, 

grassland or pastures. The strong and positive correlation between results 

from questing tick surveys and tick bite rate potentially indicate that orienteers 

were exposed to ticks mainly when running through deciduous, mixed or 

coniferous forest. However because events occurred in areas that were 

predominantly covered by forest, most being tick-suitable areas, differences 

between the proportion of forest area covered by orienteers were not enough 

to explain the risk to tick bites. Since orienteers reported their tick bites and 

tick encounters after their run, it was not possible to know in which habitat they 

had picked up any ticks.  

 

Orienteers that started their activity earlier in the day reported higher tick bite 

and tick encounter rates, when compared with later starts. This could be 

related with the time of day, as it is known that this influences tick activity as 

the temperature fluctuates during the day. However, in the events attended, 

orienteers ran mainly between 10am and 2pm (with an average start time of 

11:50am). This relatively limited time period may not have allowed meaningful 

inference about the effect of the time of the day on tick bite and tick encounter 

rates. It is plausible that the first competitors to run through an area could have 

been exposed to questing ticks, removing them from the area by the time later 

competitors ran through. This is an interesting finding that could have 
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implications for human tick bite risk in other activities, but further research 

would be needed to confirm this. 

 

The only behavioural determinant considered in the analyses, apart from 

’group of orienteers’ (which was previously discussed) was the type of path 

used by orienteers. It was expected that using clear footpaths would decrease 

tick bite and tick encounter rates (Walker et al., 2001). However in this study, 

no effect was detected. A possible reason for this could be that most orienteers 

ran mainly off paths, or because even those competitors that predominantly 

ran on paths still did some off-road running. It could be that because orienteers 

often run off-road, other outdoor activities would be more appropriate to 

quantify the effect of the type of paths on tick bite and tick encounter rates.  

 

4.4.3. Tick bite and tick encounter rates among orienteers 

Although orienteers are frequently exposed to tick bites (Fahrer et al., 1991; 

Zhioua et al., 1998), tick bite rate has never been estimated for orienteers. This 

study found that orienteers are exposed to a high tick bite rate, with 1 bite for 

every 4 person-hours across all events, and a mean incidence of 409 tick bites 

per 1,000 person-hours. Previous studies have estimated the tick bite rate for 

other groups: a) 568 soldiers frequenting an outdoor training in Germany, with 

a reported mean incidence rate of 2.3 bites/1,000 person-days (Faulde et al., 

2014); b) 931 scouts attending summer camps in Belgium, with a reported 

mean incidence rate of 22.8 tick bites/1,000 person-days (Keukeleire et al., 

2015); c) 624 mountain marathon runners in the Highlands of Scotland in a 

two day competition, with a reported mean incidence rate of 677 bites/1,000 

competitor-days and 1 bite every 35 competitor-hours (Hall et al., 2017); and 

d) 235 persons living in a tick-endemic area in Sweden, with a reported mean 

incidence of 0.14 tick bites/10 hours outdoors (Stjernberg and Berglund, 2002). 

The tick bite rate of orienteers identified in this study is markedly higher than 

what has been previously reported amongst other comparable groups. A direct 

comparison with all the studies previously referenced above is difficult because 

the rates have been calculated in different ways.  
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In this study, a novel methodology to estimate tick bite rate was applied which 

contributed towards decreasing the possibility of errors and bias in measuring 

tick bite rate, by accounting for positive and negative tick encounters, 

considering the real time of exposure to ticks when performing a specific 

activity and tracking participants. To decrease the bias and errors of estimating 

tick bite rate based on reports of the same people for the same area and time 

period, in this study an effort was made to attend orienteering events held in 

different areas and months, therefore being subject to differences in weather 

and local characteristics.  

 

The present study accounted not just for positive tick encounters, but also for 

negative ones. Orienteers were engaged before and during the study and were 

encouraged to report after checking for ticks (a tent was provided to check for 

ticks which also helped publicise the study). The importance of reporting even 

when participants did not find ticks was highlighted at every opportunity. 

Information was provided via the project website, during attendance at 

orienteer events in the ‘tick tent’, through SOA website and newsletter, and 

clubs’ Facebook pages. However, there is still a risk that the data submitted is 

biased towards reporting when people saw ticks, hence underestimating the 

negative reports and overestimating the tick bite rate.  

 

Most studies with volunteer data on tick bites or tick encounters account for 

only positive reports (Mulder et al., 2013; Garcia-Martí, Zurita-Milla, Swart, et 

al., 2017; Cull et al., 2018, 2019; Garcia-Martí et al., 2018). However this limits 

the information available to a subset of the population that had tick bites, and 

therefore it cannot be used to fully assess tick bite rate and how this rate 

changes over time or space (Pearce and Boyce, 2006; Abdullah et al., 2016; 

Cull et al., 2019). Studies based on passive submission of tick bites also suffer 

from underreporting, because tick bites can be missed (Berglund et al., 1995) 

due to difficulties in detecting feeding nymphs due to their small size, detection 

efficiency and individual sensitivity to tick bites (Eisen and Eisen, 2016). It is 

also common in studies involving reporting of tick bites to assume that all 
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people exposed are participating in the study (such as Faulde et al., 2014; Hall 

et al., 2017). Therefore people who do not report tick bites (such as people 

that do not want to participate) or if some tick reports are missing, are assumed 

to be negative, hence leading to underestimates of the tick bite rate. However, 

when a study depends on volunteer engagement, it is difficult to get a high rate 

of participation. This was demonstrated by Keukeleire et al., (2015) and in the 

present study (Figure 4.2) where, although there was a large amount of effort 

put in to achieve a high response rate from the competitors, the mean 

response rate from the 11 events was only 19% (range between four and 

36%). 

 

Besides accounting for positive and negative tick bites and tick encounters, 

this study considered the real time of exposure to ticks and tracked 

participants’ route. Most of the previous studies collected data on a daily basis 

rather than considering the hours of exposure during a specific activity, and so 

included as the denominator for tick bite rate, periods of the day where 

participants did not have contact with ticks, therefore underestimating the tick 

bite rate. Tracking participants’ movement allowed us to establish a firm spatial 

link between a tick bite and the environment in which it took place.  

 

There are other reasons that could help explain the differences in the tick bite 

rate reported between studies, namely differences in questing tick abundance 

between areas of different studies, and the higher tick bite rate for orienteers 

when compared with other outdoor activities. From the studies referenced 

above, only Hall et al., (2017) conducted questing tick surveys in the 

environment, reporting a total of 291 adult ticks and nymphs in the three sites 

of collection, which was not substantially different from the average of ticks 

collected in the eleven event areas in this study, 216 adult ticks and nymphs. 

These results therefore do not explain the lower tick bite rate reported by Hall 

et al., (2017).   
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Human behaviour, and the adoption or not of preventive measures (Robertson, 

Gray and Stewart, 2000; Bartosik et al., 2011; Hjetland et al., 2013; Marcu et 

al., 2013; Mead et al., 2018; Cull et al., 2019) could help explain differences 

found in the tick bite rate between studies. Orienteers are exposed to high tick 

bite and tick encounter rates because they normally run through rough 

vegetation and generally wear short pants and sport shirts (Fahrer et al., 1991) 

which means that their skin is exposed to tick bites. However, mountain 

marathon runners (Hall et al., 2017) also used shorts and short-sleeved tops, 

exposing their skin to ticks when brushing on vegetation. In contrast, military 

personal (Faulde et al., 2014) used tick bite preventive measures such as 

battle-dress uniforms and arthropod-repellent skin cream.  

 

4.4.4. Contributions and study limitations  

This study has confirmed the value of data from questing tick surveys in 

defining risk areas for human tick bite risk, and the definition of a rate of tick 

bites which accounts for human exposure and risk. To achieve this, it was 

necessary to engage orienteers to report positive and negative tick bites and 

tick encounters, to account for the real time of exposure when orienteering, 

and to track participants. Success was achieved by creating a website 

specifically for this purpose with an easy and informative interface, and by 

encouraging orienteers both before and during the study to report their activity 

even if they did not observe tick bites or tick encounters. Encouraging 

orienteers to check for ticks brought not just scientific but also public health 

value to this study. 

 

However, this study had some limitations. One limitation was that tick reports 

were not confirmed by specialists, which can be common in studies with data 

from volunteer reporting (such as Mulder et al., 2013; Keukeleire et al., 2015; 

Mead et al., 2018; Eisen and Eisen, 2021). Data from tick bites based on 

volunteer submissions are more reliable if an entomologist is responsible for 

tick identification (Eisen and Eisen, 2016), since not everyone knows how to 

identify a tick (Mowbray, Amlôt and Rubin, 2014). However, as LB is a problem 
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in Scotland (Mavin, Watson and Evans, 2015) and orienteers are well informed 

about ticks (through SOA advice, through our publications in the SOA website 

and newsletter, and through the project website which contained a photo with 

I. ricinus ticks in the three active stages), it is reasonable to assume a good 

level of confidence in the results. Associated with this limitation, the tick 

species responsible for the tick encounters with orienteers is not known. 

Although questing ticks collected in the environment were not speciated, I. 

ricinus is the tick species commonly found in the vegetation in Scotland (James 

et al., 2012; Millins et al., 2015; Hall et al., 2017; Gandy, 2020), and the species 

commonly found biting humans in Europe (Stjernberg and Berglund, 2002; 

Hugli et al., 2009; Wilhelmsson et al., 2013; Faulde et al., 2014), UK 

(Robertson, Gray and Stewart, 2000; Jameson and Medlock, 2011; Cull et al., 

2019) and specifically in Scotland (Hall et al., 2017).  

 

Although neither the questing ticks collected in the vegetation nor the ticks 

collected from participants during orienteering events were tested for human 

pathogens such as B. burgdorferi (s.l.), the presence of infection in the ticks 

by Borrelia and other pathogens is expected (James et al., 2012; Millins et al., 

2015; Hall et al., 2017). A refinement of this study would be to quantify the 

frequency of participant exposure to pathogens such as B. burgdorferi (s.l.), B. 

miyamotoi, Babesia venatorum and TBEV. For future research, the better we 

understand where and how people encounter questing infected ticks 

(particularly nymphs), the better we can design prevention and control 

strategies. 

 

4.5.  Conclusions 

This study demonstrated that results from questing tick surveys are related 

with the actual tick bite risk to humans, confirming the value of questing tick 

surveys in identifying risk areas for ticks. The number of tick bites per person 

per hour (tick bite rate) was identified as the most valuable measure to infer 

tick risk to humans. Tick encounter rate was also calculated and showed 

interesting results. However, because tick encounter rate has more potential 
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for errors and bias and has a weaker relationship with results from questing 

tick surveys, tick bite rate is a more accurate measure. Results of this study 

using orienteers in Scotland confirmed that data from volunteer observations 

can be used to estimate tick bite rate, including reporting of zero values, 

accounting for the time (hours) covered and tracking participants. Orienteers 

are exposed to high tick bite and tick encounter rates. Both rates vary with 

environmental conditions such as weather and habitat type, and therefore 

identification of events likely to have higher rates of tick bite could allow for 

targeted measures to reduce tick bite risk. 
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Chapter 5: Use of a novel citizen science approach to 

assess human risk of tick bites. 

 

5.1 Introduction  

Ticks are the primary vectors of a wide range of pathogenic agents responsible 

for human diseases which have serious public health impacts. In Europe, I. 

ricinus is the most abundant and widespread tick species, and the main vector 

of zoonotic tick-borne pathogens (Gray, 1998; Estrada-Peña et al., 2013; 

Oechslin et al., 2017), the most prevalent and important of which are the 

complex of bacteria which cause LB (van den Wijngaard et al., 2015; Stone, 

Tourand and Brissette, 2017; Azagi et al., 2020).  

 

To directly measure the risk of tick encounters and tick bites to humans, it is 

necessary to have information of where and when people are being exposed 

to ticks, an interaction that depends on human activity and tick ecology (Finch 

et al., 2014; Eisen and Eisen, 2016, 2021; Garcia-Martí et al., 2018; Porter et 

al., 2019). Citizen science projects present a potentially valuable approach to 

tick data collection at scales and resolutions impossible to cover using the 

traditional survey methods (Garcia-Martí et al., 2018; Nieto et al., 2018; Porter 

et al., 2019), and to gather data on human exposure to ticks and tick bites 

(Eisen and Eisen, 2021). It also provides opportunities for engaging with the 

public about TBD risk and prevention strategies (Lewis et al., 2018; Sakamoto, 

2018).  

 

Data from CS projects where participants submit tick sightings (of human or 

animal encounters with ticks) have been used to create predictive maps of tick 

distribution (Koffi et al., 2012; Atkinson et al., 2014; Soucy et al., 2018; Ribeiro 

et al., 2019). Presence-only data from CS projects have also been combined 

with presence data from questing tick surveys in large composite datasets to 

predict tick distribution at larger scales (Estrada-Peña, Venzal and Acedo, 

2006; Feria-Arroyo et al., 2014; Alfredsson et al., 2017; Alkishe, Peterson and 
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Samy, 2017; ECDC, 2019a; Ribeiro et al., 2019). However, the major potential 

of CS is that this approach can provide valuable information on human-tick 

encounters, over large and fine-grained geographic areas and times (Garcia-

Martí et al., 2018; Nieto et al., 2018; Porter et al., 2019).  

 

However, CS can present analytical challenges due to the non-structured, 

opportunistic nature of the data collected. The number of reports from citizen 

scientists can vary with the popularity of an area, local population density, 

degree of media attention and volunteer motivation, which leads to bias in CS 

datasets (Bird et al., 2014; Langley, Messina and Moore, 2017; Zhang and 

Zhu, 2018). The most important limitations of CS are that studies usually lack 

absence data and information on the degree of human effort and of exposure. 

The lack of absences limit the type of scientific questions that can be asked 

and the predictive power of inference (i.e. predictive spatial and/or temporal 

models) (Pearce and Boyce, 2006; Bird et al., 2014). Information on volunteer 

effort (i.e. how much a volunteer contributes to the project) can be included in 

analysis to decrease associated bias (e.g. Palmer et al., 2017), but is rarely 

done. Variations in effort lead to spatial bias, with data from certain areas being 

constantly over or underestimated (Laaksonen et al., 2017; Nieto et al., 2018) 

and because effort may change over time, it can be difficult to distinguish 

seasonal patterns in human-tick encounters from those due to changes in 

effort (Bird et al., 2014; Langley, Messina and Moore, 2017). These challenges 

were also identified by Ribeiro et al., (2019) (Chapter 2), who demonstrated 

dissimilarities in the predicted distribution pattern of I. ricinus between such 

passive surveillance data and data from questing tick surveys in the 

environment, suggesting the potential for future CS data to consider the report 

of negative encounters (absence data) and to account for volunteer effort.  

 

Whilst there are some studies on tick bites that also account for the number of 

people and time of exposure as denominators for the number of tick bites, they 

are based on passive submission of tick encounters (such as Faulde et al., 

2014; Hall et al., 2017). Without accurate denominator information (number of 
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people exposed and/or time of exposure and/or distance travelled), it is difficult 

to accurately assess tick bite rate, which is necessary for understanding risk, 

as highlighted in Chapter 4. Therefore, although CS shows much promise for 

collection of data to measure tick bite rate and risk, there remains a key 

question to understand if the potential biases of CS can be overcome to 

generate high quality data, in particular by accounting for the report of zeros 

and by collecting data on exposure such as number of people, duration of 

activity and activity route.  

 

In Chapter 4 it was confirmed that data from questing tick surveys closely 

reflect the tick bite and tick encounter rates in orienteers, when conducted in 

the same place and time. This demonstrated that, under ideal data gathering 

conditions, questing tick surveys are close indicators of true tick bite risk. 

However, this study used orienteers as volunteers (who often run off paths, 

accurately record their time and routes, and were motivated to report both 

positive and negative tick encounters), and researchers invested considerable 

resources conducting questing tick surveys at the same place and time as the 

orienteering events. As a further step, it is therefore important to test the 

relationship between questing tick surveys and tick bite and tick encounter 

rates within the general context of a CS project, with a wider range of outdoor 

recreation activities, human behaviour and environmental conditions. This 

analysis is important not only to validate CS data, but also to identify the 

components of tick bite rate when it is not possible to control for the 

environmental factors that affect questing tick activity and behavioural factors 

that affect human activity.  

 

Therefore, the main aims of this study were to assess the potential of CS data 

collection to generate robust measures of tick bite rate, by using a novel 

approach where volunteers reported positive and negative tick encounters, as 

well as the time spent doing outdoor activities, and the routes taken. It would 

thus be possible to examine the relationship between questing tick abundance 

with CS data on human-tick encounters.  
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The specific objectives were:  

1. To measure tick bite and tick encounter rates from CS and compare 

them with questing tick abundance in the same area, using a predictive 

map developed with data from questing tick surveys.  

2. To identify risk factors for human tick bite and tick encounter rates. 

3. To compare the relative contribution of human behavioural risk factors 

and questing tick abundance in explaining the variation of tick bite and 

tick encounter rates.   

 

This study directly compared questing tick surveys with data on human-tick 

encounters in a realistic scenario when there is no control on the influence 

from the surrounding environment. The results of this study will improve our 

understanding of the drivers of tick bite risk and identify additional data which 

should be collected in CS projects to improve the usefulness of CS datasets.  

 

5.2. Materials and Methods 

To accomplish the objectives, data on tick bite and tick encounter rates (per 

person per hour) from volunteers participating in a CS project, were compared 

with predictions of questing tick abundance derived from a statistical model. 

To be able to undertake this comparison, two environmentally contrasting 

areas in Scotland were identified, where both CS and questing tick surveys 

were carried out. The two areas, Cairngorms and Lochaber, are in the 

Highlands, the region in Scotland with highest prevalence of LB (Mavin, 

Watson and Evans, 2015). Risk factors for tick bite and tick encounter rates 

were assessed using information gathered from the CS project (type of activity, 

type of paths used, month or season of activity, distance, start time, year, and 

area).  

 

5.2.1. Engagement with volunteers  

A priority and, at same time, a challenge of this project was to collect data each 

time volunteers carried out outdoor activities in order to generate data on when 

they did not encounter ticks as well as when they did. Therefore, volunteers 
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were recruited in two ways, via outdoor recreational and forestry organisations, 

and from the general public.  

 

Outdoor recreational and forestry organisations in the two study areas were 

approached to participate. For those organisations which engaged with the 

project, face-to-face meetings with the groups were arranged for preliminary 

discussions, and to identify the best tools to record data, followed by 

workshops to demonstrate the data collection tools. Posters were distributed 

to create awareness about the project and engage other volunteers. A major 

effort was undertaken to recruit from outdoor recreational organisations that 

were willing to report regularly, to try to reduce the risk of reporting bias 

towards positive reports.  

 

Members of the general public were also able to register to report data on their 

outdoor activities. Most of the volunteers came across the project via 

engagement with outdoor recreational organisations that were participating, or 

by the engagement with the orienteering community (Chapter 4). However, 

some users approached the project independently (for example after 

conferences, University presentations, or by word of mouth). Although 

engagement was only promoted in the two study areas, reports could be 

submitted from anywhere in Scotland. 

 

5.2.2. The citizen science project ‘TickApp’  

A CS project called ‘TickApp’ was developed and fully implemented in 

Scotland between May and November 2018 and March and November 2019. 

The project was closed during the winter months (December to February), 

when ticks are less active, since there was concern that volunteers may be 

less motivated to report routinely if few or no tick encounters occurred.  

 

The questionnaire that was previously developed and used to collect tick 

encounter data from orienteers (Chapter 4) was adopted in this study. The 

questionnaire used was described fully in Chapter 4, Section 4.2.1. Briefly, the 
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information requested included: user identification (ID); date of activity; start 

time of activity; the number of ticks crawling and/or tick bites; the number of 

people involved in the same activity at the same time (individual or group); the 

type of path used; the type of activity and the route taken. As for Chapter 4, 

both the number of tick bites and the number of tick encounters (bites plus 

crawling ticks on the body or clothes) were collected. For this project, an ID 

was set up for each individual, family or group of volunteers who wished to 

participate (i.e. in a group, the group leader reported one activity performed in 

the same time and space by N people). The meetings with the outdoor 

recreational and forestry organisations who volunteered to participate helped 

to identify the categories of activities to be included in the drop-box menu of 

the questionnaire: orienteering, forestry work, running, walking, biking, 

camping, climbing and canoeing/kayaking, and other. If the user selected 

‘other’ activity, another free-text box appeared so the user could type the 

specific activity.  

 

The same questionnaire was shared with volunteers via an app and a website. 

Although there has been a recent rise in the popularity of apps for 

smartphones, some volunteers expressed a preference for a website-based 

questionnaire, because when people are working outdoors they do not always 

take their smartphones, they often want to maintain smartphone battery for 

safety reasons, and people often find tick bites one or two days after the 

activity. The website was described in Chapter 4 (Section 4.2.1). When using 

the website, interested participants had to contact the project team (at 

tick.project@sruc.ac.uk) to request a username and password to be able to 

participate in the project.  

 

The app was designed by the author and coded by a freelancer, and later 

refined by a member of SRUC staff. The app was designed for Android (as 

many outdoor institutions used Android phones). The user identification for 

using the app was the Google email of each user; this was the only personal 

information collected. When using the app information regarding the date, start 

mailto:tick.project@sruc.ac.uk
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time, period of activity and the route taken was automatically recorded by the 

app. After the initial log in, users were asked to start the activity and, if 

affirmative, the app started recording the time and GPS location every minute 

(Appendix D: Supplementary materials for Chapter 5 (S1), with information on 

the software used to develop the app, and app screenshots).   

 

When logging in to the website, users could access the consent form with the 

terms and conditions of use (Appendix C: Supplementary materials for Chapter 

4 (S2)). If using the app, users were required to confirm consent via a 

statement provided at the first log in (Appendix D: Supplementary materials for 

Chapter 5 (S2)). In both the app and website, volunteers were given the option 

to send photos of the ticks seen to the project team (tick.project@sruc.ac.uk) 

as a way to help data validation.  

 

The app and website were initially tested by the developers and work 

colleagues and, at the final stage, also piloted by project volunteers (staff of 

outdoor recreational organisations). To improve the quality of the data 

recorded: a) workshops were performed before the beginning of the study with 

some volunteers to increase engagement, ensure that users were comfortable 

using the website or app, and ensure the level of information provided via the 

website and app were appropriate; b) all the data were checked on submission 

for errors and inconsistencies. For the analysis, participants were anonymised 

and represented by a code only. The study protocol also received ethics 

approval, RDSVS HERC_224_18 (see Chapter 4, Section 4.2.1).  

 

5.2.2.1. Citizen science data management 

Citizen science data submitted by volunteers, using the app and the website, 

were stored in the internal SRUC database (as comma delimitated values 

files). All files were opened in R by running a script to process all submissions, 

using the R packages tidyverse (Wickham, 2020) and sf (Pebesma et al., 

2020). One report sent in by volunteers contained information related to one 

activity performed in a single day per volunteer (individual or group). The first 

mailto:tick.project@sruc.ac.uk
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step was to define the latitude and longitude for each report, and to extract the 

files with missing location references. After this, the distance covered in each 

report was calculated using geosphere package for R, specifically the function 

‘distGeo()/1,000’, which calculates the distance between points (and considers 

that the points are on a sphere and not on a flat surface (Hijmans, 2019; 

Hijmans, Williams and Vennes, 2019)).  

 

The data were cleaned to remove a small number of reports from the testing 

and pilot phase before the project started fully in May 2018, and from the winter 

months when the project was not active. Afterwards all the points were 

transformed into a shapefile of spatial points, and a shapefile of Scotland’s 

boundaries was used to clip the points, just keeping the points which 

corresponded to activities carried out in Scotland. This step was done using 

the R packages sp (Pebesma and Bivand, 2005), rgeos (Bivand, Rundel, et 

al., 2020) and rgdal (Bivand, Keitt, et al., 2020). The same process was 

repeated to extract the CS data reported in the two study areas, using the 

corresponding shapefiles of each area (see next Section 5.2.3 for the definition 

of the two study areas and Figure 5.1).  

 

For each report, the tick bite and tick encounter rates were calculated as the 

number of tick bites or tick encounters divided by the number of people 

included in each report multiplied by the time spent doing the activity. Tick bite 

rate is directly related to the potential risk of TBDs. In addition, in Chapter 4, a 

stronger correlation was found between data from questing tick surveys and 

tick bite rate, than with tick encounter rate. However, as tick encounters 

(crawling and attached ticks) happen more frequently, accounting for tick 

encounters might help keeping people more engaged to the project. In 

addition, accounting for tick encounters might give more power to the statistical 

analyses.  
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5.2.3. Definition of the two study areas  

To compare human-tick encounter data with data from questing tick surveys, 

two independent study areas were selected. These two areas were selected 

to have contrasting environments within the Scottish context, and to increase 

the applicability and relevance of these research findings to a wider range of 

areas. Additionally, these areas are often used for outdoor recreational 

activities and are accessible from Inverness (where the PhD student was 

based). The areas chosen were northern Cairngorms (about 63 km south-east 

of Inverness) and Lochaber (about 98 km south-west of Inverness on the west 

coast). The west coast has a milder climate with more rain, whilst the 

Cairngorms has higher altitude, being colder and drier (Met Office, 2016). 

Polygons were defined in ArcGIS 10.2.2 (ESRI, 2012); the north Cairngorms 

polygon included part of Inverness, Nairn and Speyside and covered an area 

of 2,911 km2, and the Lochaber polygon covered part of Glen Gloy, Fort 

William and Kinlochleven with an area of 1,667 km2 (Figure 5.1).  
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Figure 5.1: The two study areas where questing tick surveys were carried 
out and volunteers reported to the CS project; ‘A’ the Cairngorms, and ‘B’ 
Lochaber.  
The black triangles represent the sites where questing tick surveys where 
carried out. In each area, a layer with the dominant target land cover types 
used to stratify the sites is overlaid. A layer with the topography of Scotland 
was used as a base map. 
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5.2.3.1. Identification of habitats for questing tick surveys in the two 

study areas  

Questing tick surveys were carried out in selected habitats in the two study 

areas, to provide data for modelling and predicting questing tick abundance in 

each area. The sampling sites were stratified by the main land cover types to 

be representative of each area and where people go, and to cover the range 

of variables that affect tick abundance. Since elevation can be an influential 

source of variation of questing tick abundance (Gilbert, 2010), within each 

area, sites for questing tick surveys were selected under 500 m of elevation.  

 

For the stratification, the land cover data from land cover map 2015 was used 

(Rowland et al., 2017b, 2017a). Using ArcGIS version 10.2.2 (ESRI, 2012), a 

layer with the dominant target land cover types was overlaid and extracted in 

the polygons of the two study areas. Then, the number of pixels of each land 

cover class in the two polygons was counted. In each area, the five most highly 

represented land cover types (with higher proportion of pixels) were selected. 

In the Cairngorms area, the dominant land cover types were classified as 

heather, coniferous forest, deciduous forest, heather grassland and improved 

grassland. In Lochaber area, the dominant land cover types were the same as 

for Cairngorms except that the grassland is classified as acid instead of 

improved (CEH, 2017). Questing tick surveys were carried out in 36 sites (18 

in each area), distributed through the five dominant land cover types (Figure 

5.1). In each one of the five land cover types, three to five sites were identified 

for questing tick surveys based on: a) being an area frequently visited by 

people; b) being accessible to make surveys practicable; c) permission for 

access being granted by the landowner or manager. Questing tick surveys 

were carried out during 2019.  

 

Since tick activity varies seasonally, three sites in each area were visited every 

month between March to November. The remaining 15 sites were visited three 

times during that period: March/May, June/August and September/November.  
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5.2.3.2. Data collection during questing tick surveys    

Questing tick surveys were conducted between 9am and 4pm using the 

standard technique of dragging a white blanket of 1 m2 across the ground 

vegetation area for 10 m (Figure 5.2) (Gilbert, 2010; James et al., 2012). In 

each site and visit, 25 drags were performed. Tick life stage (adult male, adult 

female or nymph) was recorded and nymphs and adult ticks were collected in 

a numbered plastic vial (Figure 5.2). Ticks were kept in the laboratory freezer 

at -80 degrees Celsius. Ticks were not identified to species level, however 

previous studies in Scotland have confirmed 100% of the ticks collected during 

questing tick surveys to be I. ricinus (James et al., 2012; Millins et al., 2015; 

Hall et al., 2017). Larval numbers were not recorded because of the much 

greater degree of aggregation in larvae distribution, and because volunteers 

were not asked to report encounters with larvae. Ground vegetation height and 

density was recorded using a sward stick at the beginning, middle and end of 

each blanket drag (Figure 5.2), because vegetation height and density can 

affect the efficiency of the blanket drag technique (Ruiz-Fons and Gilbert, 

2010). The latitude and longitude of the start point of each site was recorded 

using GPS. Temperature and conditions of rain (using the same categories 

described in Chapter 4, Section 4.2.3) were recorded on the day (Figure 5.2).  
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Figure 5.2: Practices during questing tick surveys. 
Panels (a) to (f) identify some of the steps during questing tick surveys; (a) first 
notes before dragging (i.e. habitat type, geographic coordinates of the initial 
location, time, temperature and rain conditions; (b) and (c) dragging and 
measuring vegetation height and density in two distinct tick habitats; (d) 
inspection of the blanket; (e) identification of ticks; (f) placement of the ticks to 
a plastic tub with damp paper. 
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5.2.4. Statistical analysis  

Although the CS project received records of human encounters with ticks from 

all over Scotland, to address the specific aims of this study, only the data 

reported in the two study areas was used. Analyses were performed using R 

software (version 3.6.2 (R Core Team, 2019b)).  

 

5.2.4.1. Descriptive analysis  

Descriptive analyses of the CS data were conducted, including the risk factors 

for tick bite and tick encounter rates (specifically activity type, type of path, 

seasonality and month), and of the questing tick data that was then used to 

develop predictive models and maps of questing tick abundance. The Kruskal-

Wallis test was used to test for differences between mean tick bite and tick 

encounter rates (regarding the type of activity and path, and season). In order 

to identify months with high rates, tick bite and tick encounter rates were 

plotted per month. The descriptive analysis of questing ticks also includes the 

variation of questing tick abundance per month. Here, only data from sites 

where questing tick surveys were carried out every month were used. 

Descriptive analysis was performed using R packages, tidyverse (Wickham, 

2019), dplyr (Wickham, François, et al., 2020), ggplot2 (Wickham, Chang, et 

al., 2020) and inlabru (Bachl et al., 2019).   

 

5.2.4.2.  Relationship between predicted questing tick abundance and 

human tick bite and tick encounter rates in the Cairngorms and 

Lochaber  

Mapping tick bite and tick encounter rates in the Cairngorms and 

Lochaber  

ArcGIS version 10.7.1 (ESRI, 2019) was used to create a grid of pixels with 

the same extent and projection of the shapefile with the boundaries of the two 

study areas. A grid was created for each area with 1 km2 resolution per pixel, 

due to the availability of covariates for modelling questing tick abundance at 

the same scale, and because the questionnaire in the website also indicated 

that volunteers should draw their route using points separated by 1 km.  
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The CS data reported in the two study areas were uploaded into ArcGIS and 

transformed into a shapefile of points (representing the trajectories of 

volunteers) with the same projection of the two grids. A ‘spatial join’ added to 

each pixel of each grid the points that intersected (the pixels were defined as 

the target attributes and the spatial points as the join attributes). Due to the 

presence of duplicate numbers of reports in each pixel, the output table was 

exported and analysed in R to clean all the duplicate information in each target 

pixel. Finally, using that information, the number of people carrying out 

activities, tick bite and tick encounter rates per pixel, were calculated for each 

area. Results were plotted with the corresponding grid in ArcGIS. For mapping 

purposes, classes of data were defined by quantile due to the skewed 

distribution of both rates.  

 

Predictive model and map of questing tick abundance in the Cairngorms 

and Lochaber  

Georeferenced environmental data and variable selection 

 

Table 5.1: Georeferenced environmental variables used in the study. 

Variables Resolution  

ERA5 
variables  

Monthly precipitation data (2014-2018) rescaled to 1 km2 

MODIS 
variables 

Frost days by month calculated from the MOD11A1 
(2014-2018) 

rescaled to 1 km2 

Synoptic monthly day LST calculated from the 
MOD11A2 (2014-2018) 

rescaled to 1 km2 

Synoptic monthly NDVI calculated from the MOD13C1  
(2014-2018) 

rescaled to 1 km2 

Evapotranspiration (provides information for water 
resource management in the land surface such as soil 
water status (NASA, 2016) by month calculated from 
the MOD16A2 (2014-2018) 

rescaled to 1 km2 

Elevation  rescaled to 1 km2  

Host 
related 
variables  

Index of presence of roe (Alexander et al., 2014) 0.008333 * 
0.008333 degrees 
(~1 km2) 

Index of presence of red deer (Wint et al., 2014) 0.008333 * 
0.008333 degrees 
(~1 km2) 

Land cover 
variables 

Proportion of land cover that was coniferous, 
deciduous, heather, heather grassland, improved 
grassland, and acid grassland (Rowland et al., 2017b) 

1 km2 
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In order to develop a predictive map of tick abundance in the two study areas, 

ecologically relevant climatic, topographic, land cover and host-related 

variables for tick distribution were selected. These variables were available as 

GIS-based raster maps (Table 5.1). All variables had a final spatial resolution 

of 1 km2 per pixel. For data extraction compatibility and modelling purposes, 

all variables were converted to the same extent and projection as the 

shapefiles of the two study areas.  

 

Environmental data were extracted for each of the sites of questing tick 

surveys using the tool ‘extract multiple values at points’ from ArcGIS version 

10.7.1 (ESRI, 2019). Before model implementation, a correlation analysis was 

performed to exclude variables highly correlated to each other (correlation 

coefficient higher than 0.6), where the one with less biological relevance was 

dropped.  

 

Statistical models and predictive maps for questing tick abundance in the 

Cairngorms and Lochaber   

Preliminary analysis of the CS data in the Cairngorms and Lochaber indicated 

that there were not enough human-tick encounter records submitted each 

month to map tick bite and tick encounter rates in space and time. Therefore, 

to assess the relationship between questing tick abundance and tick bite and 

tick encounter rates, spatial models of the average of questing tick abundance 

were developed.  

 

To model and predict questing tick abundance, the average number of ticks 

(adult ticks and nymphs) collected per drag per visit at each site, was used as 

the response variable. Each model (one for Cairngorms, one for Lochaber) 

included site as a random effect to account for between site variation, and was 

fitted as a Gaussian process using the INLA package in R (Rue et al., 2013). 

Before multivariable models, univariable analysis was conducted to select the 

most relevant covariates as model candidates. Models were evaluated using 

the DIC and WAIC, as measures for goodness of fit and a parameter from the 
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cross-validation leave-one-out, namely the logarithmic CPO as a measure for 

the predictive quality of the model (Gelman, Hwang and Vehtari, 2013). A 

backward stepwise procedure was used to select the models with the best fit 

and predictive power, based on the lowest values of DIC, WAIC and CPO, 

amongst competing models with various covariate combinations. If two 

covariates interacted in the model, they were removed in stepwise. However, 

if the model goodness of fit and/or predictive power decreased, and if the 

interaction was biologically plausible, they were added in the model as an 

interaction. 

 

Model specification:  

𝜇𝑖~ 𝛼 +  𝛽1𝐷𝑒𝑐𝑖𝑑𝑢𝑜𝑢𝑠 + 𝛽2𝑁𝐷𝑉𝐼 + 𝛽3𝐿𝑆𝑇: 𝑅𝑎𝑖𝑛 + ⋯ 𝛽𝑘𝐿𝑎𝑡: 𝐿𝑜𝑛𝑔 + 𝑓(𝑠𝑖𝑡𝑒𝑖) 

 

Where 𝜇𝑖 is the average of tick abundance per site i per visit (the average of 

the 25 drags in each visit); 𝛼 is the intercept; 𝛽𝑘 are the measure of covariate 

effects; and f() denote the random effects due to site.  

 

The model posterior means were used to produce the predictive maps of 

questing tick abundance in the two study areas, and the difference between 

the 97.5% and 2.5% quantiles of the predicted values were used to create 

uncertainty maps. The resolution of all maps was 1 km2 per pixel. Maps were 

plotted using gglpot2 (Wickham, Chang, et al., 2020) and inlabru (Bachl et al., 

2019). In order to validate the quality of the predictive maps, Spearman 

correlation test was used to assess the correlation between observed and 

predicted values.  

 

Correlation between predicted tick abundance from questing tick 

surveys and tick bite and tick encounter rates in Cairngorms and 

Lochaber  

Spearman test was used to assess the correlation between tick bite and tick 

encounter rates and the predicted questing tick abundance in each 1 km2 pixel 

where volunteers carried out activities. Values of both variables were 
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transformed to log10(y+1). The correlation findings were corroborated with 

results from univariable models fitted as Gaussian distribution, where each one 

of the rates was modelled as function of the tick abundance in each area.  

 

5.2.4.3. Identification of risk factors for tick bite and tick encounter 

rates   

Two statistical models were developed in order to identify risk factors for 

human tick bite and tick encounter rates. Additionally, the relative contribution 

of those factors for explaining the variation of both rates was quantified. To 

account for the excess of zeros, the selected models were fitted with a negative 

binomial distribution, using as the response variable the number of tick bites 

or tick encounters submitted per report. The logarithmic of the number of 

people (included in each report) multiplied by the time spent in the activity was 

included as an offset (to standardise the number of tick bites and tick 

encounters as a rate), and the volunteer ID was set as a random effect (to 

account for variation due to volunteer effort, as the number of times each 

volunteer participated). The models were developed using INLA package in R.  

 

Model specification (the model is very similar to the models developed in 

Chapter 4):  

𝐿𝑜𝑔(𝑇𝐵𝑖) ~ 𝛼 +  𝛽1𝑄𝑢𝑒𝑠𝑡𝑖𝑛𝑔𝑇𝑖𝑐𝑘𝑠 + 𝛽2𝐴𝑐𝑡𝑖𝑣𝑖𝑡𝑦 + ⋯ 𝛽𝑘𝑃𝑎𝑡ℎ𝑠 +  𝜀
+ 𝑓(𝑣𝑜𝑙𝑢𝑛𝑡𝑒𝑒𝑟𝐼𝐷𝑖) 

 

Where 𝑇𝐵𝑖 is the mean number of tick bites (or tick encounters) submitted per 

report per volunteer i; 𝛼 is the intercept; 𝛽𝑘 is the measure of covariate effects; 

𝜀 is the offset and f() denote the random effects due to volunteer ID.   

 

The covariates (fixed effects) included in the analysis were: the type of activity 

performed (biking, camping, canoeing/kayaking, climbing, orienteering, 

running, walking, other), the type of path mostly used (no paths, small paths 

or large paths), the month of activity (March to November) or instead, the 

season (spring from March to May, summer from June to August, and autumn 

from September to November), the start time of the activity, the distance 
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covered, the year (2018 or 2019), the area (Lochaber or Cairngorms, to 

account for intrinsic differences between them), and the predicted questing tick 

abundance in the area. It is known that these covariates are related (i.e. certain 

activities such as orienteering are often carried out off paths, and certain 

months/seasons of the year have more risk of tick encounters than others). 

However, to quantify the relative contribution of each covariate in tick bite and 

tick encounter rates, all these covariates entered in the analysis, and if 

suitable, in the multivariable model.  

 

Univariable analysis was used to identify the most relevant set of covariates 

for the multivariable models, based on DIC, WAIC and CPO. The two best 

models were selected following the approach previously described in Section 

5.2.4.2. After selecting the best model for tick bite and tick encounter rates, the 

contribution of each covariate to explain the likelihood of tick bites and tick 

encounters in the selected models was assessed using the pseudo-R2 

calculated with McFadden’s approximation (the higher the value, more 

variance is explained).  
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5.3. Results  

5.3.1. Descriptive analysis of the CS data 

 

 

Figure 5.3: Citizen science data submitted to the 
project ‘TickApp’ in Scotland, between May and 
November 2018 and March and November 2019.  
The blue dots (total of 143,820 points) are the 
trajectories of volunteers. The two boxes denote 
the study areas in Cairngorms (purple) and 
Lochaber (pink). Data was submitted using the 
website and the app. 

 

The ‘TickApp’ CS project ran between May and November 2018 and March 

and November 2019. However, in Lochaber, data was received between June 

and October 2018, and March and October 2019. Volunteers submitted reports 

mostly using the website (99.6% of reports) rather than the app. Sixty-five 

volunteers submitted 1,914 reports from all over Scotland (Figure 5.3). A total 

of 231 reports were submitted in the Cairngorms and 118 in Lochaber. There 

was a better spatial overlay between volunteers’ reports and the sites where 
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questing tick surveys were carried out in the Cairngorms than in Lochaber 

(Figure 5.4). From this point forward, all the analysis will focus on the reports 

submitted in the two study areas, since only these were used to answer the 

scientific questions. Descriptive analysis for the reports submitted in Scotland 

can be seen in Appendix D: Supplementary materials for Chapter 5 (S3).  

 

 

Figure 5.4: Citizen science data submitted to the project ‘TickApp’ from the 
two study areas, between May and November 2018 and March and 
November 2019.  
The blue dots are the trajectories of volunteers. Lochaber plot has 2,782 
points and Cairngorms has 42,685 points. The red dots in each area are the 
locations of the sites where questing tick surveys where carried out. 

 

Summary report characteristics are shown in Table 5.2. Lochaber had less 

engagement than Cairngorms, with less volunteers participating in the project, 

less reports submitted and low tick bite and tick encounter rates. The two 

outdoor recreational organisations reported more often than all the other 

volunteers. There were no reports from forestry organisations in the two study 

areas.  
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Table 5.2: Summary statistics of the number of reports submitted to the CS 
project in the Cairngorms and Lochaber. 
The table includes information regarding the number of tick bites, tick 
encounters, and tick bite and tick encounter rates.   

 Cairngorms  Lochaber  

Number of reports  231 118 

Number (and percentage) of reports with at 
least one tick bite 

20 (8.7%) 8 (6.8%) 

Number (and percentage) of reports with at 
least one tick encounter 

26 (11.3%) 9 (7.6%) 

Number of volunteers 21 9 

Total number of people included* 2,088 722 

Number (and percentage) of volunteers who 
were outdoor recreational organisations 

2 (9.5%) 2 (22.2%) 

Number (and percentage) of reports from 
outdoor recreational organisations 

170 (73.6%) 78 (66.1%) 

Number and percentage of volunteers who 
reported one time only 

7 (33.3%) 4 (44.4%) 

Total number of tick bites 51 13 

Total number of tick encounters  117 25 

Tick bite rate (per person per hour): mean, 
median and range 

0.083; 0; 0 - 7 0.018; 0; 0 - 1 

Tick encounter rate (per person per hour): 
mean, median and range 

0.268; 0; 0 - 33 0.028; 0; 0 - 2 

*Since volunteers could report as individual or as a group of N people; this value has 

duplicate information regarding each specific volunteer who reported more than one time.  

 

In Cairngorms, most reports were from walking and orienteering. Volunteers in 

Cairngorms also often reported ‘other’ category, which included predominantly 

activities organised by one of the outdoor recreation groups for children and 

teenagers. Additional activities included in ‘other’ category and reported less 

frequently (less than one percent of the total activities reported) included berry 

picking, bird watching and/or monitoring of birds/raptors, work in maintenance 

and control, gardening and golf. In Lochaber, most reports were from biking 

and walking, and no reports were submitted for orienteering or running (Figure 

5.5). In both areas, most activities were performed on small paths (Figure 5.6).   
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Figure 5.5: Frequency and seasonal distribution of the reports submitted 
by activities. 
Reports submitted between May and November 2018, and March and 
November 2019, in the Cairngorms (top panel) and Lochaber (bottom 
panel). 

 

 

Figure 5.6: Percentage of reports submitted by type of path used. 
Reports submitted between May and November 2018 and March and 
November 2019, in the Cairngorms and Lochaber. 
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Descriptive analysis of the risk factors for tick bite and tick encounter 

rates  

Kruskal-Wallis test showed that, in the Cairngorms, both tick bite (p<0.001) 

and tick encounter rates (p=0.0014) varied with activity type. Running, 

orienteering and biking had the highest rates of tick bite and tick encounter 

(Figure 5.7). In Lochaber, the activities with highest rates were biking, climbing 

and walking. The range of values for tick bite and tick encounter rates were 

low in Lochaber when compared with the rates in the Cairngorms (Figure 5.7), 

and Kruskal-Wallis test did not identify significant statistical differences 

between activities in Lochaber (p>0.05).  

 

 

Figure 5.7: Mean (with SE bars) of (a) tick bite rate, and (b) tick encounter rate 
(per person per hour), per type of activity, in the Cairngorms and Lochaber. 
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In Cairngorms, tick bite (p<0.001) and tick encounter rates (p<0.001) varied 

with the type of path used. Not using paths was the category with highest rates, 

compared with using small and large paths (Figure 5.8). For Lochaber, using 

small paths had the highest rates (Figure 5.8), and statistical differences in tick 

bite (p=0.016) and tick encounter rates (p=0.018) were found between not 

using paths and using large paths.  

 

 

Figure 5.8: Mean (with SE bars) of (a) tick bite rate, and (b) tick 
encounter rate (per person per hour), per type of path, in the 
Cairngorms and Lochaber.  
For both rates, the scale of the y-axis is higher for the Cairngorms 
than Lochaber.  

 

Cairngorms had the highest tick bite and tick encounter rates in the summer, 

whereas in Lochaber highest rates were reported in the spring (Figure 5.9). 

Kruskal-Wallis test only identified significant statistical differences in the tick 

encounter rate (p=0.03) reported between spring and autumn in Lochaber. In 
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Cairngorms, tick bite and tick encounter rates peaked in June. Tick bite rate 

peaked again in late summer and in autumn, and tick encounter rate just in 

early autumn. In Lochaber, both tick bite and tick encounter rates peaked in 

May, and then presented a small peak in late summer. No peak in autumn was 

observed (Figure 5.10).  

 

 

Figure 5.9: Mean (with SE bars) of (a) tick bite rate, and (b) tick encounter 
rate (per person per hour), per season, in the Cairngorms and Lochaber.  
For both rates, the scale of the y-axis is higher for the Cairngorms than 
Lochaber. 
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Figure 5.10: Mean (with SE bars) of tick bite and tick encounter rates (per 
person per hour) between March to October/or November using combined 
data from 2018 and 2019. 
Tick bite rate in (a) Cairngorms and (b) Lochaber, and tick encounter rate in 
(c) Cairngorms and (d) Lochaber.  

 

Descriptive analysis of questing tick data  

In the Cairngorms, 4,461 questing ticks (nymphs and adult ticks) were 

counted. The average number of questing ticks per drag per visit per site was 

2.48 (minimum of 0 and maximum of 24.2). In Lochaber, 2,650 questing ticks 

were counted, with an average number of questing ticks per drag per visit per 

site of 1.47 (minimum of 0 and maximum of 14.4). In the Cairngorms, more 

questing ticks were collected at the sites characterised by deciduous forest, 

and less ticks at the sites of improved grassland. In Lochaber, the differences 

between land cover types were not so distinctive as in the Cairngorms, but 

more questing ticks where collected in sites characterised by moorland 

(heather) and by deciduous forest (Figure 5.11, and Appendix D: 

Supplementary materials for Chapter 5 (S4)). In Lochaber, more ticks were 

collected earlier in the year (in spring), decreasing in summer and in autumn. 

In Cairngorms, more ticks were collected in the summer (Figure 5.11). In 2019, 

questing ticks peaked first in May in Cairngorms and in April in Lochaber, and 

then, again in October (Figure 5.12).   
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Figure 5.11: Average number (with SE bars) of questing ticks (nymphs and 
adult ticks) collected per 10m2, per land cover type and season, from 
questing tick surveys carried out in 2019, in the Cairngorms and Lochaber. 

 

 

Figure 5.12: Average number per drag (with SE bars) of questing ticks 
(nymphs and adult ticks) collected per 10m2 in each month, in (a) the 
Cairngorms and (b) Lochaber.  
Only data collected in the sites where questing tick surveys were carried out 
every month were used. 
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5.3.2. Relationship between predicted questing tick abundance and 

human tick bite and tick encounter rates in the Cairngorms and 

Lochaber  

 

Mapping tick bite and tick encounter rates in the Cairngorms and 

Lochaber  

Pixels coloured blue are those where volunteers reported data. Both 

Cairngorms and Lochaber were not uniformly covered, and a patchy spatial 

distribution of records of activities is visible. Lower tick bite and tick encounter 

rates were found in Lochaber when compared to the Cairngorms (Figures 5.13 

and 5.14).  
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Figure 5.13: (a) Number of people (volunteers and other members 
of the groups) participating in the project in the Cairngorms, between 
May to November 2018 and March to November 2019 per 1 km2 
pixel; (b) tick bite and (c) tick encounter rates (per person per hour) 
in each 1 km2 pixel. 
Due to the presence of a skewed distribution of the three variables, 
six classes of values were created based on the sextiles. 
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Figure 5.14: (a) Number of people (volunteers and other members of 
the groups) participating in the project in Lochaber, between May to 
November 2018 and March to November 2019 per 1 km2 pixel; (b) tick 
bite and (c) tick encounter rates (per person per hour) in each 1 km2 
pixel.  
Due to the presence of a skewed distribution of the three variables, six 
classes of values were created based on the sextiles. 
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Predictive model and map of questing tick abundance in the Cairngorms 

and Lochaber  

 

Table 5.3: Final model outputs for questing tick abundance in the Cairngorms 
and Lochaber, for parameterising respective predictive maps.  
Estimates for the posterior mean, SD, 2.5% and 97.5% quantiles are 
presented.  

Area Fixed effects Posterior 

mean 

SD 2.5% 

quantile 

97.5% 

quantile 

Cairngorms Intercept -6.246 21.899 -49.889 37.223 

% cover of deciduous 
woodland 

0.173 0.084 0.006 0.342 

NDVI (average 2014-2018) 0.330 0.230 -0.127 0.788 

Interaction term between LST 
and rain (both average 2014-
2018) 

0.089 0.077 -0.063 0.242 

Interaction term between 
latitude and longitude 

-0.046 0.079 -0.204 0.112 

Lochaber Intercept  -5.773 8.695     -22.826    11.445 

% cover of deciduous 
woodland 

0.071 0.034       0.002     0.138   

% cover of heather grassland 0.029 0.020      -0.012     0.069   

Rain (average 2014-2018) -0.131 0.340      -0.802    0.538 

Interaction term between frost 
(average 2014-2018) and 
elevation (mean/1km2) 

-0.001 0.001      -0.004    0.002 

Interaction term between LST 
and evapotranspiration (both 
average 2014-2018) 

0.002 0.003      -0.003     0.008   

Abbreviations: SD, standard deviation; LST, land surface temperature; NDVI, normalised 
difference vegetation index. The final model for Cairngorms presents a DIC of 328.96, a WAIC 
of 339.45 and a CPO of 173.70. The final model for Lochaber presents a DIC of 355.26, a 
WAIC of 364.01 and a CPO of 183.36. 
 

In the Cairngorms, questing tick abundance increased in deciduous forest 

areas, with an increase of vegetation biomass (NDVI), and with an increase in 

LST and rainfall (a proxy for humidity). In Lochaber, areas of deciduous forests, 

heather grassland, and an increase in LST and evapotranspiration showed a 

positive effect on questing tick abundance. An increase in rainfall and in frost 
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(which is greater at high altitudes) decreased questing tick abundance (Table 

5.3).  

 

A map of predicted questing tick abundance was parameterised using these 

model outputs. In the Cairngorms, the uncertainty map identifies a crescent of 

higher uncertainty in predicted questing tick abundance from the west to the 

east, which correlates partially with increased predicted tick abundance 

(Figure 5.15). The distribution pattern of the tick bite and tick encounter rates, 

particularly the tick encounter rate (Figure 5.13), have some similarities with 

the distribution pattern of the predicted questing tick abundance in Cairngorms 

(Figure 5.15). 

 

 

Figure 5.15: Predictive map of tick abundance and uncertainty map for the 
Cairngorms.  
The uncertainty maps were calculated from the range of 95% confidence 
intervals of predicted values and rescaled to a 0-1 scale. Darker areas of 
blue have lower uncertainty, which means more confidence in the 
predictions for that area. 

 

The predicted questing tick abundance for Lochaber is shown in Figure 5.16. 

The uncertainty map in general identifies the centre and east as areas with 

high uncertainty (where no questing tick surveys were carried out) (Figure 

5.16). When comparing the mapped tick bite and tick encounter rates for 

Lochaber (Figure 5.14) with the predicted questing tick abundance (Figure 
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5.16), it is visible that some pixels with high rates correspond to areas with 

high predicted questing tick abundance.  

 

 

Figure 5.16: Predictive map of tick abundance and uncertainty map for 
Lochaber.  
The uncertainty maps were calculated from the range of 95% confidence 
intervals of predicted values and rescaled to a 0-1 scale. Darker areas of 
blue have lower uncertainty, which means more confidence in the 
predictions for that area. 

 

 
 
Figure 5.17: Correlation coefficient (R) and significance of the correlation 
between the observed number of questing ticks collected per 10m2, visit and 
site, and the predicted questing tick abundance at (a) Cairngorms and (b) 
Lochaber.  
The dots are the sites of questing tick surveys and the grey shades represent 
the 95% confidence intervals. 
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Both for the Cairngorms and Lochaber areas, there was a moderate positive 

correlation between the observed and the predicted questing tick abundance. 

For Cairngorms, the correlation was significant (P < 0.05). For Lochaber, the 

correlation was significant at P = 0.05 (Figure 5.17).  

 

Correlation between predicted tick abundance from questing tick 

surveys and tick bite and tick encounter rates in the Cairngorms and 

Lochaber  

 

 

Figure 5.18: Correlation coefficient (R) and significance of the correlation 
between the predicted questing tick abundance and: (a) tick bite and (c) tick 
encounter rates, in the Cairngorms; and (b) tick bite and (d) tick encounter 
rates, in Lochaber.  
The dots represent the correlation at each 1km2 pixel, and the grey shadows 
represent the 95% confidence intervals. Values of both variables were 
transformed into log10(y+1). 
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In both the Cairngorms and Lochaber, there was a significant positive but weak 

correlation between predicted questing tick abundance and tick bite and tick 

encounter rates (Figure 5.18). When using the same information to undertake 

univariable models fitted with a Gaussian distribution to explain tick bite and 

tick encounter rates as a function of questing tick abundance, the models 

confirmed a positive and significant relationship with both rates and questing 

tick abundance in the Cairngorms. However, for Lochaber, the same positive 

relationship was not significant (Appendix D: Supplementary materials for 

Chapter 5 (S5)). 

 

5.3.3. Identification of risk factors for tick bite and tick encounter rates  

Tick bite rate was influenced by the type of activity, type of path, month, area 

and questing tick abundance in the environment. Walking and 

canoeing/kayaking were activities associated with a low tick bite rate. Although 

not significant in the multivariable model, orienteering and running were 

associated with a higher tick bite rate than other activities. Not using paths 

when carrying out activities was identified as a risky behaviour for high tick bite 

rate. An increase in tick bite rate was also influenced by the month of the year, 

with high risk from May to October. Finally, the Cairngorms also presented 

higher tick bite rates than Lochaber, which may be associated with questing 

tick abundance in the area (Table 5.4). In the multivariable model, the type of 

activity (pseudo-R2 = 0.035) explained more variation in tick bite rate than the 

type of path (pseudo-R2 = 0.029), questing tick abundance (pseudo-R2 = 

0.017), area (pseudo-R2 = 0.01) and month (pseudo-R2 = -0.019).  

 

Tick encounter rate increased with an increase in questing tick abundance and 

was higher in the Cairngorms than in Lochaber. Carrying out activities off paths 

was also identified as a risky behaviour for an increase in tick encounter rate. 

Finally, high tick encounter rate was observed in spring and in summer (Table 

5.5). Tick encounter rate was better explained by questing tick abundance 

(pseudo-R2 = 0.006) and type of paths (pseudo-R2 = 0.002), than area 

(pseudo-R2 = -0.013) and season (pseudo-R2 = -0.029).  
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Table 5.4: Results of the final model to identify risk factors for tick bite rate. 
Volunteer ID was included as random effect to account for volunteer effort. 
Estimates (logarithm) of the posterior mean, SD, 2.5% and 97.5% quantiles 
are presented. 

Fixed effects Posterior mean SD 2.5% 
quantile 

97.5% 
quantile 

Intercept -13.993 5.968 -27.884 -5.018 

Camping -9.297 10.543 -34.080 5.992 

Canoeing/kayaking -6.142 1.607 -9.553 -3.234 

Climbing -0.924 0.906 -2.737 0.824 

Orienteering 0.526 0.988 -1.392 2.495 

Other -7.985 10.829 -33.498 7.572 

Running 0.677 2.062 -3.453 4.685 

Walking -2.739 0.978 -4.716 -0.871 

Small paths -2.760 0.791 -4.414 -1.298 

Large paths -1.599 0.736 -3.094 -0.199 

March -2.554 18.042 -45.111 23.226 

May 13.449 5.968 4.432 27.323 

June 13.263 5.952 4.284 27.108 

July 10.678 5.962 1.689 24.549 

August 14.683 6.007 5.593 28.643 

September 10.362 5.944 1.401 24.192 

October 11.060 5.934 2.121 24.871 

November -2.924 18.498 -46.564 23.485 

Interaction term between 
area Cairngorms and tick 
abundance 

0.190 0.096 0.016 0.395 

Interaction term between 
area Lochaber and tick 
abundance 

0.312 0.348 -0.323 1.043 

Abbreviation: SD, standard deviation. The final model presents a DIC of 367.88, a WAIC of 
422.13 and a CPO of 645.74. Biking, not using paths, and April, are the baseline categories 
regarding the type of activity, type of path and month.  
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Table 5.5: Results of the final model to identify risk factors for tick encounter 
rate.  
Volunteer ID was included as random effect to account for volunteer effort. 
Estimates (logarithm) of the posterior mean, SD, 2.5% and 97.5% quantiles 
are presented.  

Fixed effects Posterior mean SD 2.5% 
quantile 

97.5% 
quantile 

Intercept -2.441 0.688 -3.746 -1.035 

Tick abundance 0.179 0.087 0.008 0.352 

Lochaber area -0.465 0.790 -2.108 1.001 

Small paths -1.720 0.617 -2.948 -0.517 

Large paths -2.847 0.698 -4.237 -1.493 

Spring 2.122 0.808 0.611 3.797 

Summer 0.944 0.649 -0.304 2.249 

Abbreviation: SD, standard deviation. The final model presents a DIC of 380.72, a WAIC of 
392.11 and a CPO of 270.94. Not using paths and Autumn, are the baseline categories 
regarding the type of paths and season.  

 

5.4. Discussion  

The key objectives of this study were to assess the quality of a novel CS data 

collection approach to generate robust measures of tick bite and tick encounter 

rates; to compare tick bite and tick encounter rates generated from CS with 

questing tick abundance in the same area; to identify risk factors for tick bite 

and tick encounter rates and finally, to compare the relative contribution of 

human behavioural risk factors and questing tick abundance in explaining the 

variation of tick bite and tick encounter rates.  

 

To achieve these objectives, a CS project was implemented in Scotland, where 

volunteers reported the number of ticks encountered (including zeros) after 

carrying out outdoor activities, the time spent (hours) and their route. To be 

able to compare tick bite and tick encounter rates from CS with predictions of 

questing tick abundance, two study areas were defined, where volunteers 

reported their activities and questing tick surveys were carried out. This study 

indicates that, when it is not possible to control for the influence of the 

environment, questing tick abundance has a positive weak correlation with tick 

bite and tick encounter rates, and that tick bite and tick encounter rates result 
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from the interaction between questing tick abundance, environmental factors 

that affect tick activity, and factors related to human behaviour and activity.  

 

5.4.1. Relationship between predicted questing tick abundance and 

human tick bite and tick encounter rates  

When environmental and human behaviour variables are controlled for, data 

from questing tick surveys are a good representation of tick bite and encounter 

rates, and therefore tick risk (Chapter 4). However, in this study, results in the 

Cairngorms and Lochaber areas showed a positive weak correlation between 

questing tick abundance and tick bite and encounter rates (Figure 5.18). A 

similar result was obtained in previous research conducted in Canada, where 

predictions from nymph density estimates (using data from active tick 

surveillance, which included from blanket dragging) were found to be weakly 

correlated (R=0.33, P<0.001) with ticks collected from humans (from passive 

surveillance) (Ripoche et al., 2018). 

 

In this study, this weak correlation was likely due to two main reasons: a) the 

presence of spatial and temporal differences between locations used by 

volunteers and site locations for questing tick surveys; and b) the effect on tick 

bite and tick encounter rates of factors related to tick activity and to human 

activity and behaviour. Tick bite and tick encounter rates from CS were 

validated using predictions of questing tick abundance, because both the CS 

project and the questing tick surveys were overlapping in the same year, hence 

it was difficult to get observed tick data for the locations people used. In 

addition, to correctly validate CS data, it was necessary to collect accurate and 

representative data from questing tick surveys of the two study areas, and 

therefore a stratified sample of sites was previously defined. However, this 

spatial and temporal dissimilarity between locations used by volunteers and 

sites of questing tick surveys (Figure 5.4) contributed to a decrease in the 

strength of the correlation previously observed (Chapter 4). Predicted questing 

tick abundance and tick bite and tick encounter rates correlated more strongly 

in the Cairngorms than in Lochaber, which may have been due to the better 
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spatial overlay between sites of questing tick surveys and volunteer reports in 

the Cairngorms (Figure 5.4).  

 

This study permitted the quantification of the relative contribution to tick bite 

and tick encounter rates, of tick abundance and factors directly related to tick 

and human activity. This information has not previously been reported in the 

literature. This study indicated that tick bite rate varies with the type of activity, 

type of path, tick abundance in the environment, area and month (Table 5.4). 

Therefore, this confirms that the likelihood of tick bites depends on both tick 

abundance and activity, and human behaviour, which has previously been 

indicated but not quantified (Garcia-Martí, Zurita-Milla, Swart, et al., 2017). In 

addition factors related to human behaviour, specifically type of activity and of 

path, were more important in explaining the variation of tick bite rate than tick 

abundance and other intrinsic characteristics of the area (such as 

environment, since both study areas represented two contrasting 

environments), and month of the year (which can relate to both tick and human 

activity). Previous research suggested that human-related factors (namely the 

number of warm and dry days per season, proximity to forests and recreational 

areas) were more relevant to model tick bites, than climatic and land cover 

variables (Garcia-Martí, Zurita-Milla, Swart, et al., 2017). Therefore, questing 

tick abundance in an area does not necessary translate into tick bites, because 

human behaviour affects human exposure to ticks and the chances of getting 

a tick bite (Garcia-Martí, Zurita-Milla, Swart, et al., 2017). 

 

This study identified that questing tick abundance in the environment and the 

type of paths used contributed the most to explaining tick encounter rate than 

season and area (environment). A previous study using scouts as volunteers 

also indicated that both hazard and exposure-related variables significantly 

contributed to the frequency of scout-tick contact (Keukeleire et al., 2015). 

Previously in Chapter 4, it was demonstrated that, when controlling for 

environmental and human behavioural factors, tick bite rate correlated better 

with questing tick abundance than tick encounter rate, which was subject to 
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high variability. However, this study indicated that tick bite rate is more affected 

by human behaviour and activity than tick encounter rate. This therefore 

explains the better correlation between questing tick abundance and tick 

encounter rate. These results suggest that some activities, with their inherent 

characteristics, make people more vulnerable to tick bites (such as type of 

clothes worn (such as pointed out in Faulde et al., 2014; Hall et al., 2017), or 

the fact of interacting more with the environment when practicing the activity). 

Because crawling ticks do not directly contribute to the risk of pathogen 

transmission (Eisen and Eisen, 2016), future studies could just analyse tick 

bite rate. However, the report of crawling ticks has its benefits. In large scale 

CS projects, tick encounter rate can be used to validate CS data with questing 

tick surveys, as it presents a better correlation with questing tick abundance; 

may contribute to better volunteer engagement (i.e. the importance of spotting 

a tick) and perhaps to a higher engagement of reporting ‘zeros’; and it can also 

contribute to an earlier check for ticks, hence decreasing the attachment rate 

and potential of infection.   

 

However, this study had some limitations and uncertainty, which also 

contributed to the weak strength of correlation between questing tick 

abundance and tick bite and tick encounter rates. These are related to the 

variability or bias in the CS dataset and the latent uncertainty in the predictions 

of questing tick abundance.  

 

Citizen science data   

In order to generate accurate tick bite and tick encounter rates, and hence to 

better understand risk, this study presents a novel CS approach: volunteers 

were engaged to report both positive and negative tick encounters, the number 

of people involved in the same activity and the actual time spent in the activity. 

In addition, volunteer effort was considered in order to decrease associated 

bias. This information allowed the calculation of the number of tick bites and 

tick encounters per person per hour, as only these rates reflect actual human 

exposure and risk. Although there are other studies which presented measures 



185 
 

of tick bite rate (such as Faulde et al., 2014; Keukeleire et al., 2015; Hall et al., 

2017), they did not include the report of negative tick encounters, did not 

account for the specific time of exposure, and were related to the practice of a 

specific activity. Currently this is the only study reported to be using this 

approach to measure tick bite and tick encounter rates.  

 

In order to increase the quality of the CS data reported, in this study additional 

measures were taken to: a) engage with volunteers to regularly report outdoor 

activities with and without tick encounters, to try to reduce bias towards positive 

reports; b) train the volunteers responsible for the highest number of reports 

(the outdoor recreational organisations), as volunteer training was identified as 

an important measure to decrease errors and bias (Palmer et al., 2017; Tyson 

et al., 2018); c) publicise the project before and during its implementation and 

communicate results with volunteers (i.e. first results were communicated to 

the volunteers via a website  (Predicting Lyme Disease Risk | Animal Health 

Projects and Resources (sruc.ac.uk)), as these steps are important for project 

dissemination and volunteer engagement (Guilbaud and Guilbaud, 2017; 

Palmer et al., 2017; van den Wijngaard et al., 2017; Sakamoto, 2018; Tyson 

et al., 2018); d) develop an app and a website for easy reporting, which also 

contributes to increase the quality of the information provided and volunteer 

engagement (August et al., 2015; Hines and Sibbald, 2015; Guilbaud and 

Guilbaud, 2017; Palmer et al., 2017; Eritja et al., 2019); and e) track volunteers’ 

routes, to decrease errors associated with lack of spatial precision for the 

location of the tick encounter (Laaksonen et al., 2017; Salkeld et al., 2019; 

Eisen and Eisen, 2021).   

 

One weakness and at the same time, a strength of this data, is the patchy 

spatial distribution of CS reports in the Cairngorms and in Lochaber (Figure 

5.4), which was perhaps influenced by the places where volunteers often went. 

Therefore, in one aspect, it is assumed that a certain degree of spatial bias is 

present in both CS datasets, associated with places more or less attractive, 

places often used to carry out outdoor recreational activities, or due to spatial 

https://epidemiology.sruc.ac.uk/projects/lyme_disease_risk
https://epidemiology.sruc.ac.uk/projects/lyme_disease_risk
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differences in volunteer motivation and effort (Palmer et al., 2017; Zhang and 

Zhu, 2018). However, if the project was rolled out more widely and for longer, 

the spatial distribution of the CS reports would give information on the human 

usage of each area, as well as tick bite and tick encounter rates, enabling the 

mapping of human risk for tick bites. This is certainly helpful for identifying high 

risk areas, for targeting prevention, management, and information campaigns.  

 

One of the limitations of this CS project is related to the lack of data 

representativeness, which increases the presence of spatial and temporal bias 

(van den Wijngaard et al., 2017; Tyson et al., 2018). Data representativeness 

is generally ensured by keeping volunteers engaged and motivated. In this 

study, although the same level of effort was made to engage with volunteers 

in the two areas, Lochaber had less engagement than the Cairngorms, and 

therefore less volunteers contributed reports (Table 5.2). This gives less 

certainty in the rates estimated for Lochaber (Figure 5.14). However in the 

Cairngorms, because more volunteers participated in the project, more people 

covered the area, which increased the confidence in the tick bite and tick 

encounter rates reported (Figure 5.13). This variation likely also contributed to 

the weaker correlation between tick bite and tick encounter rates with questing 

tick abundance in Lochaber than in the Cairngorms.  

 

Another limitation of this study was that tick reports from CS were not 

confirmed by specialists, which increases the uncertainty with the CS data 

(Laaksonen et al., 2017; Palmer et al., 2017; Garcia-Martí et al., 2018; Hamer, 

Curtis-Robles and Hamer, 2018; Nieto et al., 2018; Tyson et al., 2018; Switters 

and Osimo, 2019). Although volunteers were informed that they could send 

photos of their tick encounters to the project team, no photos were received to 

help with data validation. Confidence in the reports submitted increases 

because people in Scotland are normally well informed about ticks and TBDs, 

as LB is a problem in Scotland (Mavin, Watson and Evans, 2015); training was 

offered to the volunteers contributing the most reports (the outdoor recreational 

organisations); when using the website, individual volunteers needed to 



187 
 

contact the project to participate, and so in the first place they knew about the 

subject; and both the website and app had a photo with I. ricinus ticks in the 

three active stages. In addition, associated with this limitation, the tick species 

responsible for the tick encounters with volunteers is not known. Therefore, 

results cannot be generalised for I. ricinus. However in the UK, particularly in 

Scotland, I. ricinus was confirmed as the tick species that most often bites 

humans (Robertson, Gray and Stewart, 2000; Jameson and Medlock, 2011; 

Hall et al., 2017; Cull et al., 2019), and it is also the species most often 

collected from the vegetation during questing tick surveys (e.g. Hall et al., 

2017; Gandy, 2020). Finally, in this study, the presence of false negative 

reports cannot be ruled out, such as people that report a negative tick 

encounter but found a tick bite the next day. However, volunteers have 

occasionally emailed the project team to correct for additional tick 

submissions. 

 

Predictive maps of questing tick abundance   

In this study, effort was made to guarantee the quality of the questing tick data 

collected. To ensure that the two distinct study areas were well represented in 

terms of habitats and where people could go for outdoor recreational activities, 

sites for questing tick surveys were stratified by land cover type. Additionally, 

because tick activity is seasonal (Randolph et al., 2002), in some sites questing 

tick surveys were carried out every month, and in the remaining sites, three 

times per year (one timepoint each season).   

 

Cairngorms and Lochaber have contrasting environments. Therefore, 

differences in the covariates that influence questing tick abundance, and in the 

predictive patterns of tick abundance, were expected. However for both areas, 

the results of the predictive models (Table 5.3) are explained by the knowledge 

of questing tick ecology in Scotland. In general, this study found high questing 

tick abundance in deciduous forests, in areas with a high NDVI (an index of 

green vegetation and soil moisture), when evapotranspiration increased, and 

in warmer temperatures. In contrast, frost and elevation were found to be 



188 
 

associated with low tick abundance. The positive effect of deciduous forest 

and warm temperature, and the negative effect of frost conditions and 

elevation in questing tick abundance, are in line with previous studies carried 

out in Scotland (Gilbert, 2010; Braga, 2012; James et al., 2012; Ribeiro et al., 

2019). NDVI and evapotranspiration have been extensively used to predict 

questing tick presence and abundance (Estrada-Peña, Estrada-Sánchez and 

Estrada-Sánchez, 2015; Garcia-Martí, Zurita-Milla, van Vliet, et al., 2017; 

ECDC, 2019a; Ribeiro et al., 2019). Evapotranspiration, a measure of the 

water extracted from land surfaces due to evaporation and transpiration, and 

used sometimes as a proxy of water saturation deficit (such as Ruiz-Fons et 

al., 2012) has been identified as one of the most important features to explain 

tick dynamics (Garcia-Martí, Zurita-Milla, van Vliet, et al., 2017). 

 

In this study, rain showed an opposite effect in questing tick abundance in the 

two study areas. Whereas in the Cairngorms, high questing tick abundance 

correlated with warm temperature and high humidity, in Lochaber, which is a 

very humid area located in the west coast of Scotland (Met Office, 2016), rain 

showed a negative effect in questing tick abundance. More questing ticks are 

predicted in areas with warmer climate and higher humidity or higher rainfall 

(Ruiz-Fons et al., 2012). However, the negative effect of rainfall was also found 

in previous research conducted in Scotland (Braga, 2012; James et al., 2012; 

Ribeiro et al., 2019). The findings of this study can be explained by the 

increased gradient of rainfall from the east to the west coast of Scotland. 

Therefore, the wettest conditions of Lochaber may be too wet for I. ricinus to 

quest. This is the first study to identify different relationships between rain and 

questing tick abundance between the east and west coast of Scotland.  

 

In addition in Lochaber, sites characterised by heather had the highest 

questing tick abundance in spring (Figure 5.11, Appendix D: Supplementary 

materials for Chapter 5 (S4)). Hence, it was expected that the final model 

captured a positive effect of heather for questing tick abundance. Perhaps due 

to the high variation in questing tick abundance over the year in heather, the 
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final predictive model for Lochaber did not include heather, but identified 

instead the effect of heather grassland, which had small but stable values of 

questing tick abundance over the year.  

 

Latent uncertainty in the predictive maps (Figure 5.15 and Figure 5.16) arises 

from the variability present in the questing tick data and in the covariates used 

(Ribeiro et al., 2019). Uncertainty was calculated as the difference between 

97.5% and 2.5% quantiles of the posterior mean, meaning that uncertainty 

correlated with questing tick abundance. The limitations of this measure were 

highlighted in Chapter 2. Cairngorms area accounted for almost 63% of the 

total questing ticks collected and showed high variability in tick counts between 

sites. High variability in questing tick counts between seasons was observed 

in Lochaber (Figure 5.11, Appendix D: Supplementary materials for Chapter 5 

(S4)). Another cause of high uncertainty in the predictions is related to lack of 

data coverage of the covariates used in the predictions. Although adding extra 

sites for questing tick surveys would have given better model fit, helping to 

identify other important covariates for questing tick abundance, and to 

decrease uncertainty related to the seasonal variation in questing ticks, the 

study design was limited by logistic constraints.  

 

Besides the importance of the predicted uncertainty in the two study areas, the 

analysis of Lochaber area presented a smaller correlation between observed 

and predicted questing tick abundance, when compared to the Cairngorms 

(Figure 5.17). Therefore, this result added extra uncertainty, which influenced 

the differences found in the correlation between predicted questing tick 

abundance and tick bite and tick encounter rates in Lochaber and the 

Cairngorms.  

 

5.4.2.  Risk factors for tick bite and tick encounter rates 

Published studies concerning risk factors for tick bites and/or tick encounters 

are generally based on passive tick submission and do not include information 

of where people have not observed ticks, or are questionnaire-based studies 
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implemented in a specific sample of the population (Bartosik et al., 2011; 

Hjetland et al., 2013; Mulder et al., 2013; Garcia-Martí, Zurita-Milla, Swart, et 

al., 2017; Mead et al., 2018; Jore et al., 2020). These studies have identified 

some habitats (such as forests), environmental conditions (warm and dry 

days), some age groups, owning a pet, and certain activities (running and 

walking in forests, paddling, rowing, hiking and hunting) with high risk for tick 

bites. Risk factors for tick bite and tick encounter rates are poorly known, since 

only a few studies which were focused on specific activities (i.e. military 

training, scouting and marathon runner (fell running)) have calculated these 

rates (Faulde et al., 2014; Keukeleire et al., 2015; Hall et al., 2017). Just one 

of these studies related tick bite rate with landscape, and identified that being 

in complex and fragmented landscapes close to a forest patch resulted in high 

tick bite rate (Keukeleire et al., 2015).  

 

The novel CS approach used in this study considered both positive and 

negative tick encounters, the specific time of exposure, the number of people 

exposed in the same outdoor activity, and which tracked volunteers, has 

facilitated new analyses on risk factors for tick bite and tick encounter rates. 

As previously discussed, this approach also permitted quantification of the 

relative contribution for the risk, of factors directly related to human behaviour 

(such as type of activity and type of path, distance), factors related to tick 

activity (questing tick abundance in the area), and factors related to both (such 

as month or season).  

 

In this study, canoeing/kayaking and walking were associated with low tick bite 

rates compared to orienteering, running and biking, which had high tick bite 

rate. Orienteering and running (i.e. fell running, running in forests) have been 

previously identified as activities with high exposure to tick bites (including in 

Chapter 4 and (Fahrer et al., 1991; Zhioua et al., 1998; Hall et al., 2017; Jore 

et al., 2020)). Whereas in other studies walking has been associated with high 

exposure to tick bites (Porter et al., 2019; Jore et al., 2020), the descriptive 

analysis indicated that walking was one of the activities more often reported, 
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which therefore increases the confidence in the results obtained. One value of 

this study is that activity type and tick abundance were both included in the 

final model. Therefore, the high rate is not just because people were 

conducting these activities in habitats with high questing tick abundance. 

Previous studies did not separate out the relative contribution of the type of 

activity from simply being in areas where tick exposure was more likely. 

Results also indicated that being off paths when performing activities 

increased the risk of tick bites. This is corroborated by previous research which 

indicated that using clear footpaths reduces human exposure to ticks (Walker 

et al., 2001).  

 

High tick bite rate is expected from May to October, particularly in May, June 

and August (the months with the highest model coefficients). These results can 

be explained by questing tick activity in the two areas. In 2019, tick bite rate 

peaked in May in Lochaber, and in June in the Cairngorms, respectively one 

month after the peak of questing ticks in the two areas. Additionally in both 

areas, a late peak in questing ticks was also observed in October (Figure 5.12). 

These findings are consistent with previous studies from the UK, that indicate 

that tick bites are more frequently reported from May to August (Hansford et 

al., 2017; Cull et al., 2018). There are no previous studies on tick bite 

seasonality in Scotland.  

 

Regarding tick encounters, the results of this study indicated that the rate that 

people encounter ticks in the environment increases with high questing tick 

abundance, by not using paths, in spring and summer than in autumn, and was 

higher in the Cairngorms than in Lochaber. Not using clear footpaths was 

identified as an important risk factor for both tick bite and encounter rate. 

Season affects not only questing tick activity (Hancock, Brackley and Palmer, 

2011; Cayol et al., 2017) but also human behaviour and exposure to ticks (Cull 

et al., 2019). In spring and summer, with the increase in temperature and 

number of hours of daylight, people are more likely to spend time outdoors, 

hence being more exposed to ticks.  
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CS data from the Cairngorms indicated higher tick bite and tick encounter rates 

than Lochaber. This is consistent with tick abundance data. However, in 

Lochaber, activities associated with low tick bite rate such as 

canoeing/kayaking, climbing and even walking were more frequently reported, 

and activities were more commonly conducted on paths which also contributed 

to the low rates of tick bite and tick encounter in Lochaber. 

 

5.4.3.  Implications of this work and future research priorities 

The major scientific improvements arising from this study resulted from the 

application of a new CS approach. Accounting for negative encounters, for 

volunteer effort and using denominator data provided more confidence in the 

accuracy of tick bite and tick encounter rates and allowed a direct comparison 

with questing tick abundance. In addition, this approach enabled the 

identification of the relative contribution of questing tick abundance and of 

human activity and behaviour to tick bite and tick encounter rates, which was 

still missing from the literature. Therefore, when parameterising models and 

developing predictive maps of tick bite and/or tick encounter risk for public 

health decision-making, researchers should include information on human 

activity and behaviour, in addition to information on factors that affect tick 

activity and abundance (such as weather, climate, land cover and hosts). 

Results of this study identified risky activities and behaviours which could help 

targeted communication and prevention strategies. Future work related to this 

research will use all CS data gathered in Scotland to identify risk factors for 

tick bite and tick encounter rates, including risky habitats, and to develop 

predictive models and maps of risk to humans. 

 

Results of this study bring not only scientific value, but they also have public 

health relevance. The full CS project received reports from the whole of 

Scotland (and even data from England and US). Engagement with the project 

is likely to have raised awareness about ticks and TBDs to people who may 

be exposed when carrying out outdoor activities. To report activities with and 

without tick encounters, volunteers needed to check for crawling and attached 
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ticks, which may have contributed to earlier removal of tick bites, hence 

decreasing the risk of infection. The educational and public health relevance 

of CS, and the contribution of volunteer engagement in decreasing the human-

vector contact rate, hence the risk of infection, has been widely recognised for 

tick and other vectors of diseases (vonHedemann et al., 2016; Palmer et al., 

2017; Sakamoto, 2018; Tyson et al., 2018; Cull et al., 2019; Switters and 

Osimo, 2019; Asingizwe et al., 2020).  

 

The approach described in this study generated accurate data on tick bite and 

tick encounter rates, which are essential to measure tick risk in humans. A 

wider application of this approach is recommended to improve data collection 

through CS, but some challenges need to be overcome. The major challenge 

of this CS approach was the very intensive work to try to keep volunteers 

engaged enough to report routinely, and even then, there was still low 

engagement noticed particularly in Lochaber.  

 

In CS projects it is common to observe an initial phase of volunteer enthusiasm 

followed by a decrease in effort (Palmer et al., 2017; Lewis et al., 2018). 

However, difficulties with engagement increase when volunteers need 

additional effort to contribute to the project, such as when volunteers are asked 

to use a standard and repetitive methodology for data collection (Seifert et al., 

2016; Lewis et al., 2018), or as seen in this study to report frequently and 

include negative tick encounters. This study adopted certain measures, which 

were previously identified as valuable strategies to increase volunteer 

engagement, such as recruiting volunteers to help in the initial stage of design 

process, training volunteers, sharing results with volunteers, giving free 

learning material (such as leaflets) and using a website and an app for data 

collection (August et al., 2015; Sakamoto, 2018; Tyson et al., 2018; Asingizwe 

et al., 2020). However, there are other strategies that could be applied to 

increase long term engagement with this CS approach. In US, volunteers of 

‘The Tick App’ project, besides reporting positive tick encounters, need to 

complete daily logs with information of the activities performed and if they 
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found any ticks or not. In order to achieve a wider representation of the daily 

logs, researchers only ask for 15 daily logs and reward volunteers with badges 

(Fernandez et al., 2019). Other strategies could be considered to increase 

engagement, namely: a) to provide a predictive map of tick activity (also 

adopted by (Garcia-Martí, Zurita-Milla, van Vliet, et al., 2017; Garcia-Martí et 

al., 2018)); b) to increase gamification features (such as publishing volunteer 

league tables, offering rewards and avatars) (Bowser et al., 2013; Vianna et 

al., 2014; August et al., 2015; Fernandez et al., 2019); and c) to offer monetary 

incentives.  

 

Therefore in future, for a wider implementation of this CS approach, strategies 

such as gamification and the rewarding of volunteers who put more effort into 

data collection, and presenting volunteers with a robust predictive map of tick 

abundance or activity to help in their decision-making, should be considered. 

Although monetary incentives might result in fraud for monetary gain, it was 

found that offering incentives to complete regular surveys did not encourage 

false responses when the same reward was offered regardless of the answer 

(Bell et al., 2016). Bell et al., (2016) also found that frequent task repetition 

with shorter recall periods (such as every week in contrast to monthly) resulted 

in more comprehensive reporting and improved data quality. Therefore, to 

decrease the effort in reporting negatives, volunteers could be randomly 

allocated to report activities just one time every week. Future research is 

needed to compare the accuracy of risk measures calculated with and without 

the negative encounters, to then measure the effect of bias towards positive 

reports and the importance of this approach. 

 

To increase the application of this CS approach, it is recommended to develop 

a collaboration between researchers, government and public health agencies. 

This may facilitate the communication of the public health message and the 

scientific value of collecting data when no tick encounters occurred. Although 

this study showed the difficulties in collecting data on negative tick encounters, 

this is not impossible. For example, the new COVID Symptom Study app asks 
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health citizens to report their symptoms daily. This information helps 

researchers (i.e. predicting infection, gain understanding of the different 

symptoms, to study risk factors) and the app triggers an invitation to book a 

test if volunteers report symptoms that might be caused by COVID-19 (Kings 

College London, 2020; Wise, 2020; ZOE Global Limited & King’s College 

London, 2020). One valuable study in the field of social sciences would be to 

identify successful and ineffective strategies of volunteer enrolment in this type 

of approach.  

 

5.5. Conclusions 

In summary, this study demonstrated that the components of tick bite and tick 

encounter rates are questing tick abundance in the environment, and factors 

related to tick and human activity. Human activity explains more variation in 

tick bite rate than environmental factors, which explains the positive but weak 

correlation between tick bite rate and questing tick abundance. Therefore, to 

accurately predict tick bite risk to humans, it is necessary to include factors 

related to human activity and behaviour. This study constitutes a gateway for 

improving modelling methodologies to predict tick bite risk to humans, to help 

the prevention and control of TBDs. Additionally, this is the first study which 

identified accurate measures of tick bite and tick encounter rates for different 

outdoor activities carried out in Scotland, which can help targeted information, 

prevention and management measures.  

 

Results of this study confirmed that volunteers can provide valuable data to 

estimate tick bite and tick encounter rates, including reporting of zero values, 

accounting for the time covered and tracking participants. This new 

methodology can be adopted by other CS projects to improve the quality of CS 

data. However, although CS is a worthwhile venture, many volunteers are 

needed to secure representative data. 
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Chapter 6: Final discussion  

 

Policy makers often require accurate maps depicting I. ricinus distribution and 

risk of tick bites to target control and prevention measures regarding TBDs. 

However, the development of accurate maps of tick distribution and risk of tick 

bites is not a trivial task. Researchers often lack robust long-term and 

geographically extensive tick distribution data, and information on human 

exposure to tick bites, which is necessary for measuring risk. Most of the maps 

published use data on questing ticks collected during surveys in the 

environment. However, it is not clear how data from questing tick surveys 

relate to the actual human exposure and risk. Citizen science projects have 

the potential to provide valuable data on human exposure to tick bites and on 

tick distribution but are often based on the passive submission of reports which 

by their nature do not include tick absence, thus limiting their usefulness.  

 

The overarching aim of this study was therefore to assess methodologies to 

improve public health decision-making through distribution mapping of ticks 

and tick bite risk for Scotland. Accordingly, Chapter 1 reviewed the current 

methodologies and types of data for mapping tick distribution and assessing 

human risk of tick bites and identified the current knowledge gaps. Chapter 2 

compared the quality and robustness for predictive mapping of the three types 

of tick data most often used for predictive mapping. Chapter 3 explored the 

application of a sophisticated statistical approach to improve the quality of 

predictions of the distribution of I. ricinus in Scotland, including the associated 

uncertainty. Chapter 4 assessed whether questing tick surveys reflect human-

tick encounter risk, in a study conducted using orienteers as volunteer citizen 

scientists. Finally, Chapter 5 tested the feasibility of a new CS approach to 

assess human risk of tick encounters and investigated the environmental and 

human components which explain tick bite and tick encounter rates.  
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6.1. Connecting the dots and interpreting results  

Chapter 2: In order to accomplish the overall aim of this PhD, it was essential 

to first assess the quality for predictive mapping of the three available datasets 

on I. ricinus distribution in Scotland. The issue of using imperfect data is almost 

ubiquitous in research that involves estimating population size or distribution 

of any organism, as is the challenge of trying to compare, and make decisions 

based on, predictive maps in the absence of gold standards. The tick datasets 

available for Scotland constitute exemplars of the main types of data used for 

distribution mapping of a wide range of organisms, hence the findings of this 

study have wider application. The results indicated that: 1) whereas tick data 

from questing tick surveys generated detailed predictive maps at local scale, 

at national level predictions were affected by poor data coverage; 2) data from 

public submissions (e.g. from passive surveillance, CS projects, museums and 

data curators) resulted in the predictive map with low spatial detail and higher 

uncertainty, and 3) the combined dataset produced the most appropriate map 

for national scale decision-making in Scotland. 

 

Although data from questing tick surveys are considered to be the gold 

standard, the quality for predictive mapping of these datasets depends, among 

other characteristics, on the stratification of survey sites and on the data 

coverage, both geographically and over the covariate range. For predictions at 

country level, in the case of a heterogenous coverage of sites for questing tick 

surveys, researchers can adopt the strategy described in ECDC (2019a) as 

used in Dataset 3, to create combined datasets. This strategy improves the 

coverage both geographically and of the range of the covariates used, hence 

improving the accuracy of predictions. Finally, it was not surprising that the 

dataset from public submissions generated the predictive map with low spatial 

detail and high uncertainty. Although the results of this study were affected by 

the small number of datapoints, it illustrates the challenge that data from public 

submissions provide, as they are usually based on passive and opportunistic 

submission of tick records. This brings more variability and uncertainty to 

predictive models. The comparison between the predictions and associated 
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uncertainty resultant from the three datasets illustrated the potential to improve 

the quality of data from public submissions, such as incorporating information 

on when people did not find ticks and on volunteer effort.  

 

These results helped to identify the value and limitations associated with each 

tick dataset, to then pinpoint subsequent steps required for improving 

predictive mapping of tick distribution in Scotland and internationally. These 

initial results suggested two new steps for further development in this PhD: 1) 

to investigate statistical methods to improve the predictive distribution of I. 

ricinus in Scotland, including the predicted uncertainty (Chapter 3); and 2) to 

investigate ways to improve tick data from public submissions (Chapters 4 and 

5).  

 

Chapter 3: This chapter used the tick dataset collected during questing tick 

surveys (used in Chapter 2) to explore whether statistical approaches could 

improve predictive maps. This dataset represents the most robust scientifically 

collected dataset available for Scotland (as it was collected using a standard 

technique), but the data coverage is patchy, and so there was a strong interest 

in improving the predictions for areas where no surveys were carried out. In 

this work I have applied the SPDE approach to incorporate spatial correlation 

in the model. Although this approach has shown advantages for mapping other 

disease vectors (Kifle, Hens and Faes, 2017; Myer, Campbell and Johnston, 

2017; Stanton et al., 2018), this method has never been used to map tick 

distribution. The SPDE approach was selected after a careful review of the 

literature of the available statistical methods capable of dealing with complex 

hierarchical data and several sources of variability. The matrix of triangulations 

created over the domain of the predictions has the potential to capture the 

existence of spatial dependency among neighbouring partitions, to account for 

spatial variability that was not explained by the covariates, and therefore to 

improve the predictions for areas with no data points.  
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The analyses indicated that models with the random field have a better 

predictive performance than models without this component. The predicted 

density of nymphs per drag and the predicted uncertainty were more 

informative when the random field was added, particularly for areas where no 

surveys were undertaken. Finally, adding the variation effects of the drag, site 

and ZIP process in the predictions contributed to capturing these extra sources 

of uncertainty, making the uncertainty more informative. This study highlighted 

that when researchers use data from questing tick surveys where survey site 

and drag represent high sources of variation, these effects need to be 

accounted for in making predictions, otherwise the uncertainty measure is 

underestimated.  

 

Chapter 4: As discussed previously, it is also important to assess whether 

data from questing tick surveys accurately reflect human-tick encounter risk. 

To achieve this, questing tick surveys were carried out whilst collecting 

contemporaneous data on tick encounters from orienteers running in the same 

areas at (almost) the same time. Results showed a strong and positive 

correlation between tick abundance from questing tick surveys and tick bite 

and tick encounter rates on orienteers. This indicated that outputs from 

questing tick surveys can be accurate proxies of the actual tick bite and tick 

encounter risk to humans (with orienteers as a ‘gold standard’ test case), 

confirming the value of questing tick surveys in identifying risk areas. In 

addition, results demonstrated that the number of tick bites reported per 

person was better explained by length of time (hours) than by distance (km) of 

exposure. 

 

Although a positive relationship between questing tick abundance and the two 

rates was expected, this is the first study that directly defines a relationship 

between data from questing tick surveys with tick bite and tick encounter rates 

(as far as I am aware). Usually, using risk assessment terminology, tick 

abundance in the environment is considered to be the hazard, which is then 

multiplied by human exposure to give the tick bite risk. However, as illustrated 
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in Figure 6.1, there are factors that affect tick activity and human exposure that 

also impact risk, which are not fully considered by the terms of hazard and 

exposure. In this study, these factors (such as weather and type of activity) 

were kept constant between questing tick surveys and orienteering event days, 

which contributed to the strong positive relationship between questing tick 

abundance and the two rates. Using a similar approach, Gilbert et al., (2017) 

found strong correlations between questing tick density on pastures and 

counts of ticks biting lambs on the same pasture, demonstrating that cloth lure 

transects are a good proxy of risk to livestock of tick exposure and TBDs. 

Importantly for studies in humans, Chapter 4 included a measure of effort for 

estimating tick bite and tick encounter rates: the number of orienteers running 

in a group or as an individual per length of time of exposure (hour). These 

outputs were therefore more comparable with the outputs from questing tick 

surveys, which also include effort (e.g. tick counts per 10 m2), in contrast to the 

passive CS data used in Chapter 2 where no effort was measured.  

 

Chapter 5: The final results chapter describes a novel CS approach for 

gathering data on human-tick encounters which included collection of 

denominator data (number of people exposed and time spent during the 

recorded outdoor activity), combined with information on when people did and, 

importantly, when they did not encounter ticks. These human-tick encounter 

data were compared with questing tick survey data. This data collection 

approach was validated in the previous chapter using orienteers and a 

targeted questing tick survey approach as a ‘gold standard’ case study to test 

the correlation between questing tick surveys and orienteer tick encounters. 

Chapter 5 applies this general approach to a broader setting of wider outdoor 

user groups and comparing their tick encounter rates with surveys on questing 

ticks conducted in the general area but not necessarily at the same time nor 

exactly the same place. Thus, Chapter 5 represents the sort of data that is 

easier to collect through websites and apps for wider scale CS projects. The 

approach described in Chapter 5 is therefore considered to have wider 

applicability than the intense and targeted approach used to create a gold 
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standard in Chapter 4. In order to address the objectives of this study, tick bite 

and tick encounter rates calculated from volunteer reports were compared with 

predictions of questing tick abundance in two study areas, using models based 

on data collected from questing tick surveys. This study showed a positive 

weak correlation between predicted questing tick abundance and tick bite and 

encounter rates. This weak correlation was likely due to two main reasons: 1) 

questing tick surveys were conducted in the same area but not exactly in the 

same locations used by volunteers, hence predictions of tick abundance were 

used to evaluate the correlation with tick bite and tick encounter rates from CS; 

and 2) results indicated that tick bite and tick encounter rates depend both on 

questing tick abundance, and on factors related to human activity and 

behaviour. Although conducted with a different objective, the study developed 

by Ripoche et al., (2018) also showed that predictions from nymph density 

estimates (using data from active tick surveillance including from blanket 

dragging) were weakly correlated with ticks collected from humans (from 

passive submissions).  

 

This study permitted the quantification of the relative contribution of tick 

abundance and factors related to tick and human activity to tick bite and tick 

encounter rates, which had not previously been assessed. Results indicated 

that factors relating to human behaviour, such as activity type, explained more 

variation in tick bite rate than tick abundance in the environment. Hence, the 

inherent characteristics of some activities make people more vulnerable to tick 

bites, such as the type of clothes worn, or interacting more with the 

environment (small scale interactions with tick habitats). These results are 

supported by the research conducted by Garcia-Martí et al., (2017), which 

indicated that human-related factors (namely the number of warm and dry days 

and the proximity to forests) were more relevant to model tick bites, than 

climatic and land cover variables. In Chapters 4 and 5, although both tick bite 

and tick encounter rates were measured, future research should use tick bite 

rate in order to assess human risk where possible. This is because, whilst tick 

encounters happen more frequently and data can be collected in order to 
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engage citizens and/or to give more power to the statistical analyses, tick bite 

rate is a more robust measure (as it is not as variable as tick encounter rate), 

gives more information about the real risk (such as the identification of risky 

activities) and is more directly related to the potential risk of TBDs.  

 

6.2. Main contributions and implications: what gaps have the 

results filled?  

6.2.1. Scientific contributions  

One scientific contribution of this PhD was the generation of robust predictive 

models and maps of tick distribution (I. ricinus) in mainland Scotland, and in 

specific areas including Aberdeenshire, the Cairngorms and Lochaber 

(Chapters 2, 3 and 5). The only published map of I. ricinus distribution in 

Scotland is based on a mechanistic model (Li et al., 2016); two other maps 

have been developed but are unpublished beyond postgraduate theses 

(Braga, 2012; Worton, 2016). Therefore, this thesis represents the most 

complete effort to accurately map I. ricinus distribution in Scotland. New 

covariates that affect I. ricinus distribution have been identified, a detailed 

spatial pattern for I. ricinus distribution in Scotland has been described (at 

country and local levels), and the uncertainty associated with the predictions 

has been measured. The sophisticated methodology used in Chapter 3 proved 

valuable in dealing with all sources of data variability, in improving the 

predicted uncertainty, and the predictions of I. ricinus for areas where no 

questing tick surveys have been carried out. It is likely that the map generated 

in Chapter 3 represents the best predictive map of I. ricinus distribution in 

Scotland, based on the data currently available. This was the first time the 

SPDE approach has been applied to tick distribution data, and the results 

demonstrated its value for a wide application in tick distribution modelling and 

mapping. Finally, this study contributed as an opportunity to test inlabru R 

package with real and complex ecological data. The dataset used in this study 

was used specifically to improve some features of the internal code of inlabru.  
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In this study, a novel CS approach to estimate tick bite and tick encounter rates 

was applied, which contributed towards decreasing the possibility of errors and 

bias in measuring these rates (Chapters 4 and 5). This approach includes 

accounting for negative and positive tick encounters, number of people and 

hours of exposure, and tracking volunteers. The submission of positive and 

negative tick encounters adds value to the rates estimated, as only this gives 

information on the likelihood of human contact with ticks, hence creating real 

estimates of human exposure and risk. In addition, this is the first study that 

directly assesses how outputs from questing tick surveys compare with tick 

bite and tick encounter rates (Chapters 4 and 5). This was fundamental to 

evaluate the link between tick ecology and the human risk of tick bites and tick 

encounters, and to quantify the components making up the risk of tick bites 

(Figure 6.1). This enabled conclusions to be reached that: 1) outputs from 

questing tick surveys are accurate proxies of human tick bite rate as long as 

factors that affect tick activity and human activity and behaviour are controlled 

(Chapter 4); 2) however, when it is impossible to measure questing tick 

abundance at the same time and place of human exposure, and when other 

factors also vary, tick bite and tick encounter rates depend not only on questing 

tick abundance in the environment, but on factors that affect tick activity and 

human behaviour (Chapter 5), and so these additional factors need to be 

recorded.  

 

Tick occurrence or abundance therefore cannot be used alone to infer the 

human risk of tick encounters and tick bites. In order to predict and map tick 

bite risk, this study supports the future application of this type of CS approach. 

Predictions should include information on human behaviour factors (e.g. 

activity type and type of paths used), in addition to information on factors that 

affect tick activity and abundance (such as weather, climate, land cover and 

hosts) that can either be easily collected by the participant or using available 

spatial data sources (Figure 6.1 and Table 6.1). A measure of volunteer effort 

is essential to account for associated bias.  
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Figure 6.1: The components of tick bite rate, according to the studies carried 
out in Chapters 4 and 5.  
The main factors that affect tick activity and human behaviour are listed. I have 
highlighted (i.e. italic) those included in the studies carried out in Chapters 4 
and 5.   

  

6.2.2. Contributions for policy decision-making  

The studies presented in this thesis are of direct relevance for policy decision-

making in Scotland and also have strong application for other areas. For 

decision-making in Scotland, policy makers can adopt the spatial predictive 

map and associated predicted uncertainty generated in Chapter 3, since this 

study has demonstrated its quality. The study conducted in Chapter 4 is the 

first study to present an accurate measure of mean tick bite rate per 1,000 

person-hours for orienteers, a group with high exposure to tick bites. In 

addition, this study identified that tick bite rate among orienteers varied with 

habitat composition and weather conditions. Therefore, these results can 

inform public health messaging to communicate risk and prevention strategies 

aiming to decrease the risk of tick bites in orienteers. This study can also help 

the identification of events likely to have higher rates of tick bite, which could 

allow for targeted measures to reduce tick bite risk (such as encouraging 

orienteers to wear clothing that covers the arms and legs, to apply arthropod-

repellent skin cream, to check for ticks as soon as possible, and to have at the 
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event area a tent for tick checks). The CS project implemented in the whole of 

Scotland (Chapter 5) generated measures of tick bite rate for different outdoor 

activities and behaviours (such as the type of paths used in outdoor activity). 

This information can help target prevention and management measures for 

certain higher risk activities (e.g. orienteering, running and biking), and some 

human behaviours (i.e. not using clear footpaths). Citizens can identify which 

activities and/or behaviours may increase the risk of tick bites to better protect 

themselves. 

 

The work presented in this thesis forms a good exemplar of the challenges of 

identifying an appropriate tick risk map for Scotland and has value in identifying 

lessons relevant to other studies. This thesis highlights how, as good scientific 

practice, tick data need be collected in specific ways to address a specific 

objective. The scenarios where different approaches are most appropriate are 

outlined in Table 6.1. Finally, the studies in Chapters 2 and 3 highlight that 

uncertainty needs to be communicated alongside predictive maps, to provide 

information on the reliability of predictions and help the process of decision-

making. Knowledge of the predicted uncertainty can help policy makers select 

the most accurate predictive map, as well as indicate the necessity for further 

data, or identify areas that need further research, or areas where control and 

preventive measures need to be prioritised.  
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Table 6.1: Appropriate tick data to use to predict and map tick distribution 
and/or human risk of tick bites at local, regional or country levels. 

Objective Tick data Observations  

Predict and map tick 
distribution at local or regional 
levels  

Data from 
questing tick 
surveys  

Sites for questing tick surveys should be 
stratified for key covariates (for example 
vegetation cover) within the local area 
and/or region, and questing tick surveys 
should be conducted regularly within the 
year(s) (such as Boehnke et al., 2015; 
Vourc’h et al., 2016). 

Predict and map tick 
distribution at country level  

Data from 
questing tick 
surveys  

Sites for questing tick surveys should be 
stratified for key covariates within the 
country, and questing tick surveys should 
be conducted regularly within the year(s) 
(such as Kjær et al., 2019b). However, if 
resources are insufficient to generate 
good coverage, and other tick data are 
available, a combined dataset can be 
used instead (such as ECDC, 2019a).  

Measure tick bite risk for one 
specific activity, including 
assessing differences in tick 
bite risk for different seasons 
and habitats 

Calculate tick 
bite rate from 
data gathered 
through a CS 
project using 
volunteers of 
that activity  

Citizen science projects can be targeted 
to specific activities to generate data on 
tick bite rates. In addition, data from 
questing tick surveys could also be used. 
For this it is necessary to sample areas 
frequently used for the activity, and 
questing tick surveys should be carried 
out every season during an approximate 
time of when the activity is generally 
carried out.  

Predict and map tick bite risk 
at local, regional or country 
levels, including assessment 
of differences in tick bite risk 
for different activities, 
seasons, and exposure 
factors.  

Calculate tick 
bite rate from 
data gathered 
through CS 
project on 
human tick 
bites  

For spatial or spatial-temporal predictions 
of tick bite risk it will be appropriate to use 
information on factors that affect human 
activity and behaviour, and on factors that 
affect tick activity and abundance.  

 

6.2.3. Public health contributions  

The major public health contribution of the work developed in this PhD stem 

from the work carried out with volunteers (Chapters 4 and 5). These volunteers 

were orienteers and other citizens who often carried out outdoor activities in 

groups (e.g. work-related, friends or families) or as individuals. The reporting 

of activities both with and without tick encounters likely encouraged 
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participants to conduct checks for ticks and removal of crawling and attached 

ticks, decreasing the risk of infection after a tick bite. Engaging with the 

orienteering community through participation in orienteering events, writing 

articles for the orienteering newsletter, and promotion of tick research on 

orienteering websites has contributed to raising awareness for ticks and TBDs. 

During the attendance at orienteering events, orienteers often approached the 

‘tick tent’ with queries and to express their perceptions on the risks involved. 

The full CS project received reports from the whole of Scotland. Engagement 

with the project is likely to have raised awareness about ticks and TBDs to 

people who may be exposed when carrying out outdoor activities. The results 

of this research will be disseminated to project volunteers.  

 

6.3. Study limitations and future research  

One general limitation common to most of these studies is that spatial maps 

are usually static, whereas both tick activity and risk are dynamic, varying with 

factors such as time of day and influence of weather conditions. One possible 

method to make more dynamic maps is to develop spatial-temporal models 

and maps using weather and satellite daily data, to map daily forecasts of 

questing tick activity (such as Garcia-Martí, Zurita-Milla, van Vliet, et al., 2017). 

Another possibility is to mask the base spatial map with weekly or daily layers 

of cumulative land surface temperature, based on the knowledge that ticks 

start to quest after a specific temperature threshold. This is particularly 

important before and after the winter break period of tick activity, which is 

perhaps more uncertain due to climate changes. However, there are two 

challenges associated with the environmental data with daily temporal 

resolution: 1) most of the daily layers have pixels with missing values, and 2) 

the lowest spatial resolution of currently available daily temperature data is 1 

km2.  

 

In addition, since risk is often related with decisions made at a very detailed 

scale (e.g. walking on a path or not), maps of tick distribution and tick bite risk 

could be rescaled at the finest resolution possible (e.g. using the fine resolution 
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of the vegetation type layers available). The resolution of maps needs to be 

adapted according to the objective of the predictions, and the intended 

audience. For country level decision-making, a resolution of 1 km2 may often 

be enough to identify areas where interventions are most needed. However, 

for local level predictions aiming to help individual decision-making and to 

implement measures in small areas such as small patches of heavily used 

woodland, 1 km2 may be too coarse, and 100 m2 resolution (or less) may be 

necessary. Hence, predictive maps for vector distribution and risk will likely 

benefit from the availability of covariates with fine spatial resolution. The 

resolution and appearance of a map is very important because it can help to 

engage the users of the maps (e.g. policy makers, citizens), whilst also raising 

awareness about risk.  

 

Although this work has presented novel statistical methods to model and map 

tick distribution, future research in this field can explore ways to decrease the 

uncertainty of the predictions associated with the data quality. This can be 

done by adding a priori information of habitat preferences into the model 

structure (Conn, Johnson and Boveng, 2015), or as a mask of unsuitable 

habitats and climatic conditions for the vector of interest. For example in the 

report from ECDC (2019a), a mask of unsuitable habitats for I. ricinus was 

overlaid on the final predictive distribution map, to highlight locations where 

ticks were predicted as present, but the scientific knowledge of experts stated 

the opposite. Another statistical methodology that has never been used on tick 

studies is to develop a complex hierarchical joint model which combines tick 

data from questing tick surveys with tick data from CS projects (such as 

developed by. This joint model examines two response variables, tick 

abundance and tick bite rate (for example), and the pattern of the spatial 

distribution of tick abundance will consider the information on tick bites (and 

vice-versa). Outputs of this model could be useful to improve maps of tick 

distribution and of human risk of tick bites. A similar approach was developed 

by Jones-Todd et al., (2018) to predict the spatial distribution of three species 
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of birds in UK, and by Nelli, Ferguson and Matthiopoulos (2020) in modelling 

malaria in West Africa.  

 

In this thesis, the importance of presenting predictive maps of tick distribution 

alongside the associated uncertainty was highlighted. However, the 

uncertainty generated was found to be correlated with the posterior mean of 

the predictions and did not include uncertainty associated with extrapolation 

outside the covariate range. This approach to measure uncertainty has been 

implemented in other studies with vectors (such as Garcia-Martí, Zurita-Milla, 

van Vliet, et al., 2017; Lord et al., 2018). Chapter 3 generated a more 

informative uncertainty, but the uncertainty estimated was still related with the 

posterior mean of the model predictions. I recommend that future studies 

should consider the development of statistical techniques to accurately 

quantify the uncertainty of the predictions. These techniques could be used to 

assess where predictions for certain areas are not reliable due to the lack of 

data, or to include the uncertainty associated with extrapolation outside the 

covariate range. There are some approaches already in use that could be 

investigated. The Mobility-Oriented Parity metric (Owens et al., 2013) 

highlights areas in the maps where extrapolation (i.e. values outside of the 

range of environments in the reference region/time) occurs. This method was 

applied by Alkishe et al., (2017) to assess the uncertainty associated with 

extrapolation of the influences of climate change on the geographic distribution 

of I. ricinus in Europe.  

 

It is highly likely that some of the ticks collected during this PhD would be 

infected with Borrelia burgdorferi (s.l.), the LB pathogens, and other 

microorganisms. From the study presented in Chapter 4, ticks are available 

both from questing tick surveys and from the orienteers themselves. A 

refinement of this study would be to quantify the prevalence of pathogenic 

agents causing human disease in ticks gathered from orienteers and from the 

vegetation. This would enable estimation of an infected tick bite rate (from the 

events where ticks were collected from orienteers), and to calculate the risk of 
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tick-borne pathogens in areas where orienteering activity is often carried out 

by clubs. From the study developed in Chapter 4, and from three orienteering 

events where ticks were specifically collected from orienteers (tick bites and 

crawling ticks), a total of 145 ticks have already been analysed by the Scottish 

Lyme Disease and Tick-borne infections Reference Laboratory (Inverness). 

Preliminary results showed that 2.8% of the ticks (4/145) were positive for B. 

burgdorferi (s.l.) and 13.8% (20/145) were positive for Anaplasma 

phagocytophilum. However there was insufficient funding and time to allow 

further testing to be undertaken, and so these results have not been included 

in this thesis. From Chapter 5, the knowledge of the prevalence of B. 

burgdorferi (s.l.) (for example) in my survey sites in the Cairngorms and 

Lochaber, would provide information about the environmental hazard of 

infection in these areas, which could help target management and preventive 

measures. The prevalence of B. burgdorferi (s.l.) in ticks is very variable due 

to the complex nature of tick ecology and the relationship with multiple host 

species. Therefore, more data are needed to understand the mechanisms 

driving risk between the different areas I studied. 

 

One limitation associated with the CS project presented in Chapter 5 is the 

challenge of volunteer engagement, and its potential impact on data 

representativeness. Due to this, data from CS were not used to make spatial 

predictions of tick bite and tick encounter rates in the Cairngorms and in 

Lochaber. Hence, the quality of this novel CS approach for predictive mapping 

of tick bite and tick encounter rates was not assessed. Another refinement of 

this study would be to model and map tick bite and tick encounter rates using 

the CS data submitted from all over Scotland. The predictive model will add 

information on other covariates, such as climate and habitat type. This is 

fundamental to identify risk factors for the Scottish context. Although CS data 

collection is inherently biased towards areas which are more frequently visited, 

this can also provide a benefit in identifying high use areas that are also at high 

risk of tick bites, if enough data are collected. Therefore, these results would 
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constitute a valuable tool to be used by policy makers, in planning and 

improving tick and disease control strategies in Scotland.  

 

The CS project implemented in this PhD highlighted that volunteers can 

provide valuable data to estimate tick bite rate, including reporting of zero 

values, accounting for the time spent, volunteer effort and tracking of 

participants. This new methodology can be adopted by other CS projects to 

improve the quality of CS data. However, future research is needed to compare 

the accuracy of risk measures calculated with and without these recorded 

negative encounters. This would enable quantification of the effect of bias 

towards positive reports, and the importance of this approach. In addition, 

more research is needed to study ways to increase people’s engagement with 

this novel CS approach. This could be done by identifying efficient ‘gaming’ 

strategies (such as rewarding volunteers with badges, identification of 

volunteers who contribute most reports), or other strategies to increase the 

likelihood that volunteers consistently report all data, even when no ticks are 

observed (for example volunteers could be randomly allocated to report 

activities just one time every week or every month). Last but not least, this 

study opens the doors to research in the field of social science to address how 

to better communicate tick and TBD risk to policy makers, managers and 

citizens in the form of risk maps (including the respective uncertainty) as well 

as improving understanding of the relationship between people’s perceptions 

about tick bite risks and their use of the outdoors. 

 

In summary, the work developed in this thesis contains unique data on tick bite 

rate from CS and constitutes a gateway to improve our understanding of 

drivers of people’s risk of tick bites. In addition, this work presents new 

methodologies to improve predictive mapping of ticks and tick bite risk to help 

decrease the number of tick bites and the risk of TBDs. Understanding the 

distribution of ticks and tick bite risk is only likely to become more important 

with issues such as climate change increasing both tick distribution and the 



212 
 

subsequent increased likelihood of interactions between vectors and humans 

for disease transmission.  
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Appendix A: Supplementary material for Chapter 1  

Table A-S1.1: Non-exhaustive list of CS projects implemented in the US and Canada, with the objective of generating data 
and information on ticks and TBDs.  
The projects are based mainly on I. scapularis, their dominant vector species. This table includes information about the project, 
the data collected, and a link for the study and/or published references. 

Country or 
region or state  

Project name and 
developers  

Description of the project and data collected  Link for the study and/or 
references  

Northeaster US Bay Area Lyme 
Foundation and 
Northern Arizona 
University  
 

From January 2016 until August 2017, Northern Arizona 
University offered a free tick identification and testing service 
made available to the general public. Citizens emailed information 
about the tick encounter (bite or crawling): location, date, habitat 
type, host (human, pet or other animals), activity of the person 
who encountered the tick. Ticks were sent to Northern Arizona 
University to test to pathogenic agents. 

www.bayarealyme.org/ 
(Nieto et al., 2018; Porter et 
al., 2019; Salkeld et al., 
2019) 
 

Massachusetts 
and then 
extended to 
other areas of 
the US 

Project Acari,  
University of 
Massachusetts Medical 
School 
 

Designed in 2017 to collect microbiome and pathogen data from 
large numbers of individual ticks collected from both broad 
geographic areas and over extended time periods, from humans, 
pets and other animals. Citizen scientists mail unattached ticks 
they find during their normal activities, each labelled by 
geographic location, using ‘Tick Kit’.   

https://projectacari.org/ 
(Chauhan et al., 2020) 

Vermont 
 

Vermont Tick tracker, 
Vermont Department of 
Health  

Website which started in 2013 and allows citizens to contribute 
with tick data (report a tick location and tick species). Results are 
uploaded in a map with a layer of the tick reports and a layer of 
disease incidence.  

https://apps.health.vermont.
gov/vttracking/ticktracker/2
019/d/index.html 
 

All US  The Tick App project,  
Columbia University and 
the University of 
Wisconsin – Madison, 
and members of the 
Centers for Disease 
Control and Prevention  

This project has an app and a website, with information to educate 
citizens about ticks, and which also allows citizens to report tick 
encounters (in humans and pets). The final objective is to 
understand how people’s activities and practices influence their 
exposure to ticks. People engaged in the study need to complete 
daily logs (activity reports). Tick reports are followed by the 
questions about the host, location, type of activity, tick species, 
and picture of the tick. During the submission, the app records 

https://thetickapp.org/ 
(Fernandez et al., 2019) 

http://www.bayarealyme.org/
https://projectacari.org/
https://apps.health.vermont.gov/vttracking/ticktracker/2019/d/index.html
https://apps.health.vermont.gov/vttracking/ticktracker/2019/d/index.html
https://apps.health.vermont.gov/vttracking/ticktracker/2019/d/index.html
https://thetickapp.org/
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date, time and weather. The app will also track user’s location by 
GPS as frequently as every 15 minutes and as precise as 10 ft 
within people’s actual location. This information will be used to 
determine how much time people spend in high and low risk 
environments. 

All US  ‘Ticktracker’, 
LivLyme Foundation 

‘Ticktracker’ is a mobile app developed to help educate people to 
prevent tick borne diseases and a CS initiative where people 
report tick sightings and bites. Results are displayed in a map 
shared with participants, which displays a tick severity index for 
different areas across US. 

https://ticktracker.com/ 

Rode Island  ‘TickEncounter’ 
Resource Center, 
University of Rhode 
Island 
 

The ‘TickEncounter’ Resource Center promotes tick-bite 
protection and TBD prevention. They developed ‘TickSpotters’ 
which tracks tick activity across North America. Citizen scientists 
submit tick reports from ticks removed from themselves or pets 
and submit tick photos through the website.  

http://www.tickencounter.or
g 
http://www.tickencounter.or
g/tickspotters  

Connecticut  ‘TickNET’, Centers for 
Disease Control and 
Prevention through the 
Emerging Infections 
Program Cooperative 
Agreement  

Created in 2007, aims to identify risk factors and preventive 
measures against TBDs. In one of the studies, Connecticut’s 
citizens completed a log diary each night for one week during 
June 2013, recording where they were and what they did, and if 
they had a tick (bite or crawling), which enabled researchers to 
identify risk factors for tick exposure.  

(Mead et al., 2015, 2018) 

Canada  Passive surveillance  Passive surveillance for the occurrence of I. scapularis ticks and 
their infection with B. burgdorferi (s.l.) has taken place in Canada 
since 1990. Citizens submit ticks found on themselves and pets. 
Some of these passive surveillance programmes are incentivising 
citizens to report photographs of the ticks they found (date, 
location, host) through etick.ca platform (website and app).  

https://www.etick.ca/en  
(Ogden et al., 2006, 2010; 
Koffi et al., 2012; Gasmi et 
al., 2016; Ripoche et al., 
2018) 

Massachusetts, 
California, 
Oregon, 
Washington  

Passive surveillance,  
University of 
Massachusetts Amherst 

Passive surveillance of ticks and tick-borne pathogens was 
implemented in 2006. Tick specimens are sent by mail with 
correspondent information on the location, data and host (human 
or animals), age, gender and attachment site. Currently to help 
the process of surveillance, this is implemented via the 
‘TickReport’ program with website and app.  

https://ag.umass.edu/news-
events/highlights/2019-tick-
box-mail-tick  
https://www.tickreport.com/ 
(Xu et al., 2016, 2019)  

Indiana  ‘Tick Insiders’,  ‘Tick Insiders’ is a CS project aiming to help prevention, diagnosis 
and treatment of TBDs in Indiana, by determining the range and 
incidence of tick vector and the pathogens in the ticks. Experts 

https://tickinsiders.org/  

https://ticktracker.com/
http://www.tickencounter.org/
http://www.tickencounter.org/
http://www.tickencounter.org/tickspotters
http://www.tickencounter.org/tickspotters
https://www.etick.ca/en
https://ag.umass.edu/news-events/highlights/2019-tick-box-mail-tick
https://ag.umass.edu/news-events/highlights/2019-tick-box-mail-tick
https://ag.umass.edu/news-events/highlights/2019-tick-box-mail-tick
https://www.tickreport.com/
https://tickinsiders.org/
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Purdue University, 
Entomology College of 
Agriculture  

conduct tick surveillance with standardised methods of tick 
collection. Since 2019 that the project is open to citizens who can 
send ticks crawling on themselves or pets, with the additional 
information of date and location of the tick (s) found. People are 
also incentivised to collect ticks in their property using standard 
methods.  

Arkansas  The Arkansas Tick 
borne Disease Project, 
Arkansas Biosciences 
Institute  

This project started in 2017 with the objective of identifying risk 
areas and what disease-causing agents are present in Arkansas, 
to then inform decision making and educate citizens. Experts are 
actively collecting ticks around the state, identifying the ticks, and 
then screening the ticks for disease causing agents. Citizens can 
send alive and intact ticks (crawling on themselves and/or on 
animals, or collected from the vegetation), with date and location 
of collection. Project distribute kit to citizens and are looking for 
people who wants to volunteer to collect ticks actively. 

https://adowling.hosted.uar
k.edu/ARTicks/index.html  
https://www.uaex.edu/farm-
ranch/special-
programs/arkansas-tick-
project.aspx 
 

Maine  Tick Submission 
Program, Maine 
Department of Health 
and Human Services  

This passive surveillance project started in 1989, with citizens 
submitting ticks found on themselves and animals, with additional 
information: date and location of collection, host, age of the 
person the tick was removed.  

(Rand et al., 2007) 

The Maine Forest 
Survey, School of 
Biology and Ecology 
and University of Maine 

Recent CS project (2020) aiming to understand the growing risks 
of TBDs in Maine. The objective is to determine how forest land 
management practices impact tick populations and disease risk. 
Information will be gathered with the help of CS landowners, 
where volunteers are engaged to collect tick on their wooded 
properties.  

https://umaine.edu/foresttic
ksurvey/  

Abbreviations: App, application; CS, citizen science; GPS, global positioning system; s.l., sensu lato; TBD, tick-borne disease; US, United States 

 

https://adowling.hosted.uark.edu/ARTicks/index.html
https://adowling.hosted.uark.edu/ARTicks/index.html
https://www.uaex.edu/farm-ranch/special-programs/arkansas-tick-project.aspx
https://www.uaex.edu/farm-ranch/special-programs/arkansas-tick-project.aspx
https://www.uaex.edu/farm-ranch/special-programs/arkansas-tick-project.aspx
https://www.uaex.edu/farm-ranch/special-programs/arkansas-tick-project.aspx
https://umaine.edu/forestticksurvey/
https://umaine.edu/forestticksurvey/
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Appendix B: Supplementary materials for Chapter 2 

S1: Using imperfect data in predictive mapping of vectors: a regional 

example of Ixodes ricinus distribution.  

 

 

 

 



259 
 

 

 

 

 

 

  

 

 



260 
 

 

 

 

 



261 
 

 

 

 

 

 



262 
 

 

 

 



263 
 

 

 

 

 

 

 



264 
 

 

 

 



265 
 

 

 

 

 

  



266 
 

 

 

 

 

 

 

 



267 
 

 

 

 

 

 

 

 

 

 



268 
 

 

 

 

 

 

 

 



269 
 

 

 

 

 

 



270 
 

 

 

 

 

 

  



271 
 

S2: Goodness of model fit – Models 1 (Dataset 1), 2 (Dataset 2) and 3 

(Dataset 3) 

 

Figure B-S2.1: Plot of fitted (blue line) versus observed 
values (dots) for the seasonal model of nymph and adult 
abundance, Model 1, Dataset 1.  
The observed number of nymphs plus adults per drag has 
a minimum of 0, a mean of 2.34 and a maximum of 109. 
The predicted number of nymphs plus adults per drag has 
a minimum of 0, a mean of 2.5 and a maximum of 106.  

 
Figure B-S2.2: Plot of the observed versus the 
predicted counts of ticks, Model 1.   
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Figure B-S2.3: The two plots are presented as a histogram and curve 
for binomial regression. (a) Goodness of model fit, Model 2, Dataset 2. 
The distribution of observed values ranged from a minimum, first 
quartile and median of 0, mean of 0.498, third quartile and maximum of 
1, and the predicted values ranged from a minimum and first quartile of 
0, mean of 0.503, median, third quartile and maximum of 1; (b) 
Goodness of model fit, Model 3, Dataset 3. Observed values have a 
minimum and 1st quartile of 0, mean of 0.51, median, third quartile and 
maximum of 1, and predicted values have a minimum, first quartile and 
median of 0, a mean of 0.48 and a third quartile and maximum of 1. 
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Figure B-S2.4: Boxplot of the predicted values for observed 

absences (0) and presences (1), Model 2 and Model 3.  

 

 

 

 

S3: Results of two first models of I. ricinus presence-absence with 

respective predictive maps, with the data from public submissions 

(Dataset 2) 
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Table B-S3.1: Posterior mean, SD, 2.5% and 97.5% quantiles for the binomial models of tick presence-absence with the 
data from public submissions (Dataset 2).  
The first model was selected based on the Bayesian criteria (DIC and CPO); the second model was fitted using the significant 
covariates of Model 3. Neither of these models were selected as the final model for the predictions with Dataset 2.  

Model  Fixed effects  Posterior mean  SD 2.5% quantile 97.5% quantile 

Model 2: Presence-
absence model selected 
based on the two 
Bayesian criteria.  

Intercept  -4.9576 1.8414     -8.6884   -1.4563 

NDVI Augusta 0.1504 0.0296      0.0956    0.2120   

Roe deer presence  0.1234 0.0128      0.1001    0.1506   

Number of days of air frost November  -0.4190 0.1195     -0.6631   -0.1939 

Rain April  -0.0280 0.0089     -0.0462   -0.0111 

% cover of moorland  2.9543 1.0542      0.9449    5.0844   

Interaction between latitude and longitude 0.0166 0.0065      0.0042    0.0297   

Model 2: Presence-
absence model fitted 
with the significant 
covariates used in 
Model 3 (combined 
dataset). 

Intercept  -3.8516   1.1225       -6.1032   -1.6939 

NDVI August 0.0012   0.0002        0.0008    0.0016   

Red deer density 8.3610 11.4365          -8.1275    35.2416   

Number of days of air frost November -0.2962   0.0749     -0.4506   -0.1563 

Rain April -0.0199   0.0074     -0.0350   -0.0057 

% cover of moorland 0.4616   0.8325        -1.2237    2.0459   

% cover of deciduous woodland 26.5532 15.9831      0.7997   62.9048 

% cover of coniferous woodland  5.5018   1.2241        3.3527    8.1592   

Interaction between latitude and longitude 0.0076   0.0041     -0.0003    0.0157   

aIn this model the posterior mean of NDVI was divided by 100. Abbreviations: SD, standard deviation; NDVI, normalised difference vegetation index 
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Figure B-S3.1: Predictive maps of binomial models of I. ricinus presence-
absence with the data from public submissions (Dataset 2). 
(a) predictive map from first model selected based on the Bayesian 
criteria and (b) uncertainty map; (c) predictive map using covariates from 
Model 3 to predict Dataset 2 distribution and (d) respective uncertainty 
map. 
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S4: Kernel density analysis  

 

Figure B-S4.1: (a) Map of the council areas in mainland Scotland with the sites for questing tick surveys; (b) map 
output of the kernel density analysis for the sites of questing tick surveys.  
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S5: Goodness of model fit – Model for subset of Dataset 1  

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Figure B-S5.1: Plot of fitted (blue line) versus observed values 

(dots) for the seasonal model of nymph and adult abundance, for 

Aberdeenshire (Dataset 1).  

The observed number of nymphs plus adults per drag has minimum 

and 1st quartile of 0, median of 1, mean of 1.98, 3rd quartile of 2 and 

maximum of 58. In the predicted number of nymphs plus adults per 

drag, the mean changed for 2.1 and the maximum changed for 55. 
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Appendix C: Supplementary materials for Chapter 4 

S1: Software for the website wireframes and website screenshots  

The software used to develop the wireframes was mockflow 

(https://mockflow.com/). 

 

 

https://mockflow.com/
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S2: Website consent form 

 
Terms and conditions - Ticks and Lyme Disease Project 
 
In Europe the tick Ixodes ricinus is an abundant and widespread tick species 
and is also the primary vector of Lyme disease. Scotland’s Rural College 
(SRUC) and the University of Edinburgh are carrying out a citizen science 
project which aims to improve predictive mapping of the risk of tick bites and 
Lyme disease. ‘Citizen science’ is the term that is used to describe a wide 
range of activities in which citizens participate actively in a scientific project. 
Citizen science can provide a valuable way of improving data collection on rate 
of human-tick encounters.  
 
The project involves recruiting volunteers to report the number of ticks or tick 
bites they have found on themselves whilst performing outdoor activities, such 
as camping, walking, running, cycling, climbing, orienteering, or forestry work. 
We have developed this website – TickApp – so that volunteers can easily 
report this information. The volunteer reporting the information should be 18 
years of age or older and may answer either as an individual or on behalf of a 
group (if answering on behalf of a group, children can be included in the group). 
At regular intervals (at least annually) all volunteers will be informed about the 
results of the project and what the results mean.  
 
This project meets the requirements of the Data Protection Act of 1998 and, 
from 25th May 2018, the General Data Protection Regulation (GDPR). GDPR 
provides increased rights to individuals on (1) what data pertaining to living 
people organisations hold; (2) how these organisations process it; (3) how 
transparent these organisations must be regarding such data and its use. Our 
obligation according to GDPR is to ensure that any personal data is going to 
be used is looked after appropriately. This website does not collect any 
personal data. This website does not collect any personal data. Information on 
your location and activities are stored anonymously on secure servers at 
SRUC. 
 
You are free to choose whether to be part of this study or not and may withdraw 
at any time. If you would like to participate in this study, and consent to the 
sharing of data as outlined above, please use the TickApp website to submit 
data. Your use of the website in this way is assumed to demonstrate your 
consent.  
 
If you have any questions, please contact project staff at 
tick.project@sruc.ac.uk. This study has received ethical clearance from the 
University of Edinburgh.  
 

  

 

mailto:tick.project@sruc.ac.uk
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Appendix D: Supplementary materials for Chapter 5 

S1: App software and screenshots 

The software used for the app development included: Android Studio 3.1.2 

(https://developer.android.com/studio/); Kotlin programming language 

(https://kotlinlang.org/); PHP programming language (http://www.php.net/); 

SQL language (https://www.w3schools.com/sql/); PostgreSQL 

(https://www.postgresql.org/); PgAdmin (https://www.pgadmin.org/). The 

software used to develop the wireframes was mockflow 

(https://mockflow.com/). 

 

   

 

 

  

 

 

 

 

  

https://developer.android.com/studio/
https://kotlinlang.org/
http://www.php.net/
https://www.w3schools.com/sql/
https://www.postgresql.org/
https://www.pgadmin.org/
https://mockflow.com/
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S2: App consent form  

 

Terms and conditions - Ticks and Lyme Disease Project 
 
In Europe the tick Ixodes ricinus is an abundant and widespread tick species 
and is also the primary vector of Lyme disease. Scotland’s Rural College 
(SRUC) and the University of Edinburgh are carrying out a citizen science 
project which aims to improve predictive mapping of the risk of tick bites and 
Lyme disease. ‘Citizen science’ is the term that is used to describe a wide 
range of activities in which citizens participate actively in a scientific project. 
Citizen science can provide a valuable way of improving data collection on rate 
of human-tick encounters.  
 
The project involves recruiting volunteers to report the number of ticks or tick 
bites they have found on themselves whilst performing outdoor activities, such 
as camping, walking, running, cycling, climbing, orienteering, or forestry work. 
We have developed this app – TickApp – so that volunteers can easily report 
this information. The volunteer reporting the information should be 18 years of 
age or older and may answer either as an individual or on behalf of a group (if 
answering on behalf of a group, children can be included in the group). At 
regular intervals (at least annually) all volunteers will be informed about the 
results of the project and what the results mean.  
 
This project meets the requirements of the Data Protection Act of 1998 and, 
from 25th May 2018, the General Data Protection Regulation (GDPR). GDPR 
provides increased rights to individuals on (1) what data pertaining to living 
people organisations hold; (2) how these organisations process it; (3) how 
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transparent these organisations must be regarding such data and its use. Our 
obligation according to GDPR is to ensure that any personal data is going to 
be used is looked after appropriately. The only personal data required for this 
project is the email address used to download the app. This information will be 
securely held by SRUC and anonymised for data analysis. At the end of the 
project all personal data will be deleted. The app will also collect data from 
your phone on your location. These data will be anonymised and will not be 
linked to any of your personal information.  
 
You are free to choose whether to be part of this study or not and may withdraw 
at any time. If you would like to participate in this study, and consent to the 
sharing of data as outlined above, please press the button below to continue 
to the TickApp app.  
 
If you have any questions, please contact project staff at 
tick.project@sruc.ac.uk. This study has received ethical clearance from the 
University of Edinburgh.  
 

S3: Descriptive analysis of the citizen science data in Scotland  

Table D-S3.1: Summary statistics of the number of reports submitted to the 
CS project in Scotland (includes the Cairngorms and Lochaber). 
This includes information regarding the number of tick bites, tick encounters, 
and tick bite and tick encounter rates.   

 Scotland  

Number (and percentage) of reports with at least one tick bite 200 (10.5%) 

Number (and percentage) of reports with at least one tick 
encounter 

245 (12.8%) 

Number of volunteers 65 

Total number of people included* 15,646 

Number (and percentage) of volunteers who were outdoor 
recreational organisations 

2 (3.1%) 

Number (and percentage) of reports from outdoor recreational 
organisations 

1,266 (66.1%) 

Number and percentage of volunteers who reported one time 
only 

24 (36.9%) 

Total number of tick bites 564 

Number of tick encounters (i.e. tick bites + ticks crawling) 1,183 

Tick bite rate (per person per hour): average, median and range 0.098; 0; 0 – 20.5 

Tick encounter rate (per person per hour): average, median and 
range 

0.203; 0; 0 - 33 

*Since volunteers could report as individual or as a group of N people; this value has 

duplicate information regarding each specific volunteer who reported more than one time.  

mailto:tick.project@sruc.ac.uk
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Figure D-S3.1: Frequency and seasonal distribution of the reports submitted 
by activities in Scotland. Reports submitted between May and November 2018 
and March and November 2019. 

Figure D-S3.2: Percentage of reports submitted by type of path used in 

Scotland. Reports submitted between May and November 2018 and 

March and November 2019. 
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Table D-S3.2: Mean and SD of tick bite and tick encounter rates, per 
activity, season and type of path in Scotland.  
Rates were estimated with the data submitted to the ‘TickApp’ project 
(May and November 2018 and March and November 2019).  

Variable Category  Mean (SD) tick 
bite rate  

Mean (SD) tick 
encounter rate 

Activity Biking 0.05 (0.17) 0.167 (1.23)           

Camping 0.003 (0.015) 0.065 (0.39) 

Canoeing/Kayaking 0.0009 (0.01)   0.009 (0.16)            

Climbing 0.018 (0.08)   0.04 (0.19)     

Forestry Work      0 0.015 (0.08)  

Orienteering 0.376 (1.35)   0.67 (2.21)          

Other 0.034 (0.25)   0.05 (0.39)   

Running 0.213 (0.88)   0.82 (3.90)      

Walking 0.07 (0.41)  0.154 (0.86)           

Season  Spring  0.04 (0.23)  0.09 (0.50)  

Summer  0.136 (0.91) 0.273 (1.82) 

Autumn  0.09 (0.36)  0.191 (0.96) 

Paths  No paths 0.338 (1.21) 0.647 (2.45) 

Small paths       0.028 (0.25)  0.08 (0.66)  

Large paths 0.013 (0.11)  0.04 (0.45)  

Abbreviation: SD, standard deviation  

 

S4: Descriptive analysis of the questing tick data  

Table D-S4.1: Mean and respective SD of the total number of questing ticks 
(adults and nymphs) collected in each land cover type, in the two study areas.    

Area  Land cover type Number 
of sites 

Mean questing ticks (SD) 

Cairngorms Coniferous forest 4 2.24 (5.4) 

Deciduous forest 3 7.8 (8.4) 

Heather/Moorland 5 0.83 (2.0) 

Heather grassland 3 0.4 (1.25) 

Improved grassland 3 0.013 (0.115) 

Total 18 2.48 (5.59) 

Lochaber Coniferous forest 4 0.72 (1.44) 

Deciduous forest 3 2.30 (5.57) 

Heather/Moorland 3 3.01 (5.84) 

Heather grassland 3 0.32 (0.92) 

Acid grassland 5 1.36 (2.95) 

Total 18 1.47 (3.82) 

Abbreviation: SD, standard deviation  
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S5: Correlation between predicted questing tick abundance and tick bite 

and tick encounter rates in the Cairngorms and in Lochaber 

Table D-S5.1: Results of the two univariable models for tick bite and tick 
encounter rates and the predicted questing tick abundance, in the Cairngorms 
and Lochaber.  
Estimates for the posterior mean, SD, 2.5% and 97.5% quantiles are 
presented. 

Area Response 

variable 

Fixed 

effects 

Mean SD 2.5% 

quartile 

97.5% 

quartile 

Cairngorms Tick bite rate  Intercept -0.194 0.082 -0.354 -0.034 

Tick 
abundance  

0.103 0.017 0.069 0.136 

Tick 
encounter 
rate  

Intercept -0.862 0.387 -1.623 -0.102 

Tick 
abundance  

0.458 0.081 0.298 0.617 

Lochaber Tick bite rate  Intercept  0.025 0.006 0.015 0.036 

Tick 
abundance 

0.005 0.003 -0.001 0.010 

Tick 
encounter 
rate  

Intercept  0.040 0.010 0.020 0.060 

Tick 
abundance 

0.006 0.005 -0.004 0.016 

Abbreviation: SD, standard deviation  

 


	cover sheet
	Thesis_RRibeiro.pdf

