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ABSTRACT 
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Jan Sargeant 
Victoria Ng 

This dissertation combines importation models with compartment models to investigate the 

impact of climate change on yellow fever (YF) and Zika virus disease (ZVD) in Brazil and their 

potential importation into Canada. A scoping review of the global literature on the modelling of 

vector-borne diseases, pathogens, reservoirs and vectors was conducted to describe 

methodologies, outcomes and diseases of interest to Canada. Compartment models were used to 

describe the 2017/18 YF and 2016 ZVD outbreaks and estimate the impact of climate change on 

these diseases under representative concentration pathways 4.5 and 8.5, for the years 2011 – 

2040, 2041 – 2070, and 2071 – 2100. An importation model was used to investigate the potential 

importation of YF and ZVD under the same future climate conditions. Important findings from 

this dissertation include, first, that climate-related parameters are important in mosquito-borne 

disease modelling, and that standardized reporting guidelines for manuscripts of mathematical 

models would better the reproducibility of an author’s work. Second, temperature impacts on 

disease transmission and spread will vary between diseases. The impacts were different for YF 

and ZVD, where the impact of temperature reduced the estimated incidence of YF cases in 

Brazil, while increasing incidence estimates for ZVD. Third, the importation of mosquito-borne 

diseases into Canada are likely to increase; however, the scale of the increase depends on the 

magnitude and duration of the outbreak in the country of origin (which is dependent on 

population immunity through natural infection or the presence of a vaccine). As the risk of 



 

 

 

 

imported cases coincides with some of the months when local transmission could occur in 

Canada (June and July), there are implications for the risk of imported cases initiating local 

transmission and possible impacts on local healthcare. The impact of climate change on the 

imported cases of two exotic mosquito-borne diseases was investigated from only one country to 

Canada. Therefore, the impact of climate change on imported cases of exotic mosquito-borne 

diseases into Canada could be substantial for importation from all countries where these diseases 

are endemic.   
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CHAPTER ONE 

Introduction and Thesis Objectives 

 

1.1 Overview 

Mosquito-borne disease (MBD) transmission and spread is impacted by climate change, which is 

caused by anthropogenic greenhouse gas (GHG) emissions (IPCC, 2014; Nema et al., 2012; van 

Vuuren et al., 2011). The effects of changes to climate, including to temperature, precipitation, 

and an increase in extreme weather events, on MBDs strengthen as climate continues to change 

(Grobbelaar et al., 2016; Paixao et al., 2017; Stanaway et al., 2016). Mosquito-borne diseases are 

likely to increase in prevalence in locations where they are already present, expand and spread to 

places where the diseases were previously not found and re-emerge in locations where the 

diseases were previously eradicated, and the viruses could potentially be spread by new mosquito 

vectors (Grobbelaar et al., 2016; Paixao et al., 2017; Stanaway et al., 2016). This spread can have 

long-term implications on the prevention and control of MBDs, especially if individuals in the 

new locations are not equipped to control the MBDs. 

 

For MBDs to become established in new locations there must be: 

1. The presence of the virus brought in by mosquitoes, animal hosts, and/or humans 

2. The presence of suitable mosquito vectors to transmit the virus from person-to-person 

3. The presence of suitable animal hosts to serve as a reservoir for the virus and/or allow for 

viral replication 
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Mosquito development and death are highly dependent on weather factors, including temperature 

and precipitation (Brady et al., 2014; Kraemer et al., 2015; Mordecai et al., 2017). Thus, as the 

global temperature increases, temperate locations, such as parts of Canada, may become suitable 

for mosquitoes generally found in subtropical or tropical locations (Khan et al., 2020; Ng et al., 

2017). As humans increase our interconnectivity by, for example, airline travel, the risk of the 

importation of MBDs increases too, allowing potential spread to occur where suitable 

mosquitoes are present.  

 

Aedes spp. of mosquitoes are capable of transmitting pathogens exotic to Canada, such as Zika 

virus disease (ZVD) and yellow fever (YF), and have become established in Southern Ontario, 

Canada. As Canada's ambient temperature increases due to climate change, these mosquitoes’ 

distribution will likely expand northward allowing for the potential introduction and circulation 

of exotic MBDs from endemic countries. Currently, it is unknown how significant this change in 

distribution may be or the impact of imported cases of exotic MBDs into Canada. Without this 

information, it is difficult to determine how to best prepare for the possible rise in cases that may 

occur as the climate changes. Therefore, the research undertaken in this dissertation explored the 

potential changes in the outbreak size and duration of MBDs, specifically ZVD and YF, in 

Brazil, and their subsequent potential importation into Canada under future climate scenarios. 

These two diseases were chosen as the viruses of interest for this dissertation because they are 

similar, in that their pathogens are Flaviviruses transmitted by mosquitoes and endemic in 

similar countries. These diseases were also implicated in two recent outbreaks with public health 
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impacts and pose a burden to Canada due to their potential to be imported into Canada. Yet they 

are interesting to compare, because YF is vaccine preventable and ZVD disease is not, and thus 

there are fewer cases of YF in Brazil and subsequently fewer cases imported into Canada than 

cases of ZVD. Brazil was chosen as the origin country because of data availability, and to reduce 

the scope to a single country, rather than all of South America. Brazil was also chosen because it 

is a country that has experienced both ZVD and YF outbreaks within the last five years with 

implications for returning Canadian travellers. However, the results potentially could be 

extrapolated to other countries with similar climate to Brazil. Temperature was chosen as the 

proxy for impacts of climate change because it is known to impact mosquito development and 

death rate (Bates, 1947; Marinho et al., 2016), and, unlike precipitation, projected temperature 

data are more reliable due to less variability. Also, temperature was the most commonly used 

proxy for weather and climate impacts on mosquitoes and MBDs (Chapter 2). This introduction 

will provide an overview of climate change, outbreaks of MBDs in the context of Brazil and 

Canada, YF, ZVD, and mathematical modelling.  

 

1.2 Climate change 

1.2.1 Implications and impact 

Human-induced global climate change is defined as a change in global climate patterns, 

primarily due to the emissions of GHGs, especially carbon dioxide (Nema et al., 2012; Bush and 

Lemmen, 2019). Greenhouse gases are primarily generated by the combustion of fossil fuels 

(Nema et al., 2012). Greenhouse gas emissions have caused the mean global temperature to 

increase by 1 °C above preindustrial levels (Bush and Lemmen, 2019; IPCC, 2014). The impacts 
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of a 1 °C rise have been significant, including the decreased number of cold days and nights, 

increased number of warm days and nights, increased number of extreme heat events, reduced 

snow cover, and a rise in sea-level (IPCC, 2014). Climate change impacts differ depending on 

location, with more significant warming occurring over land compared to oceans and the greatest 

warming occurring in the Arctic (IPCC, 2014). The global temperature increase also has 

increased evaporation, which has had location-specific consequences on the precipitation cycle. 

Despite an overall increase in global precipitation, some locations have had increased rainfall, 

while others have had a decrease (IPCC, 2014). Both wet and dry regions, however, have 

experienced an increase in extreme precipitation events. If current GHG emission trends 

continue, the mean global temperature could increase by 4 to 5 °C above preindustrial levels by 

the end of the century, which would result in a significant strengthening of the changes already 

observed (IPCC, 2014). 

 

1.2.2 Climate models 

Climate models are used to characterize the Earth's system processes and the interactions 

between energy in different parts of the ocean, atmosphere, ice, and land (Flato et al., 2013). 

Climate models are used to study the dynamics of climate on earth and make projections on the 

future climate. Global climate models characterize the climate over the entire globe (Bush and 

Lemmen, 2019; Flato et al., 2013). The earth, or region of interest, is separated into 3-

dimensional grid cells, and mathematical equations are solved at various points on the grid over a 

number of time-steps (Fig. 1.1) (Bush and Lemmen, 2019; Flato et al., 2013). Temporal 

resolution is the size of the time-steps in the model. Spatial resolution is the grid cells' length (in 
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degrees of latitude and longitude or km) (Fig. 1.1) (Bush and Lemmen, 2019; Flato et al., 2013). 

Generally, the spatial resolution is around 100 km to 300 km due to the constraints of computing 

systems. Regional climate models can be used to increase spatial resolution to a range of 10 km 

to 60 km (Fig. 1.1) (Bush and Lemmen, 2019; Flato et al., 2013). 

 

1.2.3 Representative Concentration Pathways 

The four Representative Concentration Pathways (RCPs) provide time-dependent projections of 

atmospheric GHG concentrations based on radiative forcing outcomes (van Vuuren et al., 2011). 

Radiative forcing is the difference between the solar energy absorbed by the Earth and the 

energy radiated back into space (IPCC, 2014; van Vuuren et al., 2011).  

 

The four RCP scenarios are RCP2.6, RCP4.5, RCP6.0, and RCP8.5. The numbers in the 

scenarios refer to the atmospheric concentration of GHGs in 2100, where the concentration was 

about 2.0 watts per metre squared (W/m2) in 2010 (van Vuuren et al., 2011): 

1. RCP2.6 is the best-case scenario, in which there are very low GHG emissions. In this 

scenario, radiative forcing levels increase to 3.1 W/m2 by mid-century before reducing to 

2.6 W/m2 and global temperature increases by 1.5 °C by 2100. In this scenario, GHG 

emissions are significantly reduced over time.  

2. RCP4.5 is a medium-low scenario, in which total radiative forcing increases steadily to 

4.5 W/m2 and global temperature increases by 2.4 °C by 2100. The radiative forcing 

stabilizes to this value through technologies and strategies for reducing GHG emissions. 
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3. RCP6.0 is a medium-high scenario, in which total radiative forcing increases steadily to 

6.0 W/m2 and global temperature increases by 3.0 °C by 2100. The radiative forcing 

stabilizes to this value through technologies and strategies for reducing GHG emissions. 

4. RCP8.5 is the worst-case scenario, where the global temperature increases by 4.9 °C, and 

is characterized by increasing GHG emissions over time, with little done to reduce 

emissions. 

 

The RCPs were created at the request of the Intergovernmental Panel on Climate Change (IPCC) 

through collaboration between integrated assessment modellers, climate modellers, terrestrial 

ecosystem modellers, and emission inventory experts (Moss et al., 2010; van Vuuren et al., 

2011). The IPCC used the RCPs for their fifth Assessment Report (IPCC, 2014). The RCPs are 

used as input in climate model runs to standardize the scenarios used when projecting future 

climate, thus allowing comparison between climate models' outputs (van Vuuren et al., 2011). 

These scenarios are available to interested individuals through the RCP Database (RCP 

Database, 2009).  

 

Previously, the IPCC Scenarios, 1992 (IS92) (Leggett et al., 1992) and the scenarios from the 

Special Report on Emission Scenarios (SRES) (Nakicenovic et al., 2000) were used as the 

standard scenarios for climate modelling. However, these scenarios grew outdated as more 

detailed information was required for the climate models, and in light of the growing requests for 

the inclusion of climate-policy versus no-climate-policy and adaptation scenarios (Moss et al., 

2010; van Vuuren et al., 2011). 
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1.3 Outbreaks of mosquito-borne diseases 

1.3.1 Historical significance and burden 

Mosquito-borne diseases are diseases in humans caused by bacteria, viruses, or parasites that are 

transmitted by mosquitoes (WHO, 2017). Globally, nearly 700 million people acquire an MBD 

each year, resulting in over one million deaths (WHO, 2017). These diseases can occur anywhere 

in the world where there are mosquitoes that carry the associated viruses and suitable hosts, such 

as humans. Some examples of MBDs include dengue, Chikungunya, malaria, and the focuses of 

this work: YF and ZVD (WHO, 2017). 

 

The burden of MBDs is highest in tropical and subtropical areas. Over the past three decades, 

MBDs previously controlled through vaccination and mosquito control, have emerged or re-

emerged in new geographic locations (Grobbelaar et al., 2016; Paixao et al., 2017; Stanaway et 

al., 2016). There are several reasons for this increase, including climate change, the expansion of 

travel and trade, population growth, migrations of humans (especially in tropical locations), and 

deforestation. For all these reasons contact between humans and mosquitoes have increased 

(Franklinos et al., 2019). 

 

1.3.2 Impacts on Brazil  

Several MBDs are endemic to Brazil, and Brazil has experienced MBD outbreaks, including 

dengue, chikungunya, YF, and ZVD (Figueiredo, 2015; Magalhaes et al., 2020). The risk of 

infection from these diseases is high in many parts of Brazil due to the large number of mosquito 
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populations of various species, including Aedes spp. which transmit dengue, chikungunya, and 

ZVD, and Haemagogus spp. which transmits YF. In 2018, the Brazilian Ministry of Health 

reported 265,934 confirmed or probable cases of Dengue fever, 87,687 confirmed or probable 

cases of chikungunya, 8,680 confirmed cases of ZVD, and 1,257 confirmed cases of YF 

(Ministry of Health, 2018). The climate in Brazil is also able to sustain mosquito populations all 

year (Fig. 1.2) (Figueiredo, 2015; Magalhaes et al., 2020). Although MBDs are nationally 

notifiable, only a small proportion of cases are notified by health care units and undergo further 

tests to confirm the disease (Magalhaes et al., 2020). 

 

Recently, there has been an introduction of new MBDs, including chikungunya, which was first 

detected in 2014 in this region, and ZVD in 2015, and a re-emergence of previously controlled 

MBDs, such as YF (Magalhaes et al., 2020; Ministry of Health, 2020). The introduction and re-

emergence of MBDs are thought to be due to increasing deforestation, which increases the 

contact between mosquitoes and humans, travel and migration between endemic/epidemic 

regions and non-endemic regions, particularly locations near forests, and climate change (Chen 

et al., 2019; Chippaux and Chippaux, 2018; Dyer, 2017; Ortiz-Martinez et al., 2017).  

 

1.3.3 Impacts on Canada 

There are several MBDs endemic in Canada, including West Nile fever and Eastern equine 

encephalitis, spread by Culex and Culiseta mosquito species, respectively (Kulkarni et al., 2015; 

Zheng et al., 2014). Climate change has already impacted the endemic transmission of West Nile 

virus in Canada, by contributing to the rapid westward spread and subsequent establishment 
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(Drebot et al., 2003; Kramer et al., 2019). Researchers have noted that climatic factors, including 

temperature, are strongly associated with the presence of West Nile virus (Epp et al., 2009; 

Giordano et al., 2017; Mallya et al., 2018). It has also been noted that the effects of climate 

change will continue to expand the range of Cx. mosquito species, and thus the presence of West 

Nile virus, indicating that Canada’s climate is becoming increasingly suitable for MBDs (Chen et 

al., 2013; Hongoh et al., 2012). 

 

The mosquitoes in Canada are suited to the temperate weather (Hongoh et al., 2012; Ripoche et 

al., 2019); however, mosquitoes generally found in more tropical locations, Ae. albopictus and 

Ae. aegypti, have been captured in Windsor, Ontario over the summer months since 2015 

(Windsor-Essex County Health Unit, 2020). The southern tip of Ontario, where these mosquitoes 

have been captured, has the highest average temperature in summer (Fig. 1.3). Of the two Aedes 

species, Ae. albopictus is more likely to spread northward in Canada, as it can tolerate cooler 

temperate climates, while Ae. aegypti thrives in tropical locations (Khan et al., 2020; Ogden et 

al., 2014). These new emerging mosquito species may allow the local transmission of exotic 

MBDs, such as chikungunya, ZVD and YF in the summer months, if infectious individuals were 

to arrive to Canada and be bitten by the mosquito (Ng et al., 2017; Ogden et al., 2017). 

 

1.3.4 Weather impact on mosquitoes and mosquito-borne diseases 

Weather can affect the transmission dynamics, geographic spread, and re-emergence of MBDs in 

various ways, including changes to the environment, and impacts to the pathogen, mosquito, and 

non-human and human hosts (Franklinos et al., 2019; Grobbelaar et al., 2016; Ogden et al., 2014, 
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Paixao et al., 2017; Stanaway et al., 2016). In particular, weather heavily impacts the mosquito 

and pathogen within the mosquito in a complex relationship between the mosquito, pathogen, 

and weather factors.  

 

In Brazil, mosquitoes have a reduced presence at higher elevations and in the more temperate 

regions of the south; however, mosquito populations may increase in these locations with 

increasing temperature (Lowe et al., 2018). On the other hand, the Amazon regions may become 

inhospitable as temperature increases beyond the threshold that can sustain mosquito populations 

(Lowe et al., 2018). In Canada, increasing temperature would result in the presence of mosquito 

species that would typically not be present in Canada’s temperate climate, 

including Aedes. species that have established populations in the southern tip of Ontario (PHO, 

2019; Windsor-Essex County Health Unit, 2020).  

 

The relationship between climate and mosquitoes is also dependent on the amount of 

precipitation (de Kruijf, 1975, Li et al., 2019). Increased precipitation could provide more 

mosquito breeding sites; however, heavy rainfall could damage the sites (de Kruijf, 1975, Li et 

al., 2019). Conversely, drought could also provide more breeding sites close to humans due to 

increased use of containers for rainwater collection and storage (de Kruijf, 1975, Li et al., 2019). 

Evaporation could also damage or prevent the creation of mosquito breeding sites (Morin and 

Comrie, 2013).  
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Climate change can impact pathogen replication within the mosquito. Researchers conducting 

laboratory and field studies have noted that the extrinsic incubation period (EIP; the time it takes 

for the pathogen to multiply within mosquitoes for the mosquito to be infectious) is inversely 

associated with temperature (Bates and Roca-Garcia, 1946; Tesla et al., 2018). The EIP 

of Haemagogus spp. for YF virus decreases linearly from about 40 days at 20 °C to about 10 

days at 30 °C (Bates and Roca-Garcia, 1946). The EIP of Ae. aegypti for Zika virus decreases 

nonlinearly from about 35 days at 20 °C to 5 days at 30 °C (Fig. 1.4) (Tesla et al., 2018). For the 

mosquito to successfully transmit the virus, the EIP must be reached. If the EIP is greater than 

the mosquito's lifespan, the mosquito will not be able to transmit the virus. Conversly, if the EIP 

is much shorter than the mosquito’s lifespan, this would allow for increased opportunities for the 

mosquito to feed on, and transmit, the virus to humans. 

 

The change in climate also impacts mosquito development and death. Researchers conducting 

laboratory and field studies have noted that the development rate (rate in days from egg to 

adulthood) increases as temperature increases (Fig. 1.5) (Bates, 1947; Marinho et al., 2016). The 

relationship between temperature and mosquito death rate is more complex, as the death rate 

follows a parabolic shape by decreasing until a threshold temperature before increasing (Fig. 1.6) 

(Bates, 1947; Marinho et al., 2016). However, the change in EIP, mosquito development and 

death rates are dependent on the particular species. The development rate of Haemagogus spp. 

increases linearly from about 0.3 mosquitoes/day to 0.6 mosquitoes/day as the temperature 

increases from 20 °C to 30 °C (Fig. 1.5) (Bates, 1947). The death rate decreases from about 0.35 

mosquitoes/day at 20 °C to 0.25 mosquitoes/day at 24°C, before increasing to about 0.55 
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mosquitoes/day at 30 °C (Fig. 1.6) (Bates, 1947). The development rate of Ae. aegypti increases 

linearly from about 0.3 mosquitoes/day at 20 °C to 1.0 mosquitoes/day at 30 °C (Fig. 1.5) 

(Marinho et al., 2016). The death rate decreases from about 0.5 mosquitoes/day at 20 °C to 0.4 

mosquitoes/day at 25 °C, before increasing to 0.5 mosquitoes/day at 30°C (Fig. 1.6) (Marinho et 

al., 2016). 

 

1.4 Yellow fever 

1.4.1 Etiology and history 

Yellow fever virus is a Flavivirus similar to dengue virus and Zika virus. It is named because of 

the yellowing of the skin and eyes, caused by jaundice in individuals who acquire the severe 

form of the disease (Chippaux and Chippaux, 2018). In general, it is believed that YF originated 

in Africa and is thought to have been introduced to South America from Africa on slave ships 

several centuries ago, via the large barrels of water aboard the ships, which allowed mosquito 

populations to grow and transmit the virus (Bryant, et al., 2007; Chippaux and Chippaux, 2018). 

Through the 18th to the 20th century, YF was widespread with repeated epidemics following 

importations to coastal towns and cities from endemic areas in North America, the Caribbean 

and Europe (Chippaux and Chippaux, 2018). Yellow fever cases were reduced throughout the 

world through extensive mosquito control practices and the development of the vaccine in 1940 

(Chippaux and Chippaux, 2018). 
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1.4.2 Clinical signs 

Symptoms of YF include fever, headache, muscle pain, nausea, vomiting, and fatigue (Monath 

and Vasconcelos, 2015). The virus attacks the liver, causing jaundice. Approximately 55% of 

individuals with YF are asymptomatic, 20% - 32% have mild symptoms, while 13% - 25% 

experience severe symptoms that can lead to death (Johansson et al., 2014; Monath, 2001). 

While there is an effective vaccine, there are currently no specific antiviral medications for 

treating YF (Chen et al., 2019). 

 

1.4.3 Distribution of yellow fever 

Yellow fever is endemic to Africa and South America. In South America, YF is generally 

endemic in the Amazon, and parts of Peru, Colombia, Venezuela, Guyana, Surinam, French 

Guiana, and Brazil (Chippaux and Chippaux, 2018; Ministry of Health, 2018; Nishino et al., 

2016). While the last urban YF epidemic occurred in the 1930s in Brazil, the recent re-

emergence of sylvatic infections increase the risk of subsequent urban outbreaks which result in 

widespread infection, as the disease transmits in densely populated urban locations (Chippaux 

and Chippaux, 2018; Ministry of Health, 2018; Nishino et al., 2016). The reason for the re-

emergence of yellow fever in Brazil is not fully understood; however, it may be due to increasing 

deforestation, which increases the contact between the canopy-dwelling Haemagogus spp. and 

humans, travel, and migration between endemic and epidemic regions, and low immunization 

coverage in some areas that were previously not considered at-risk for YF (Chen et al., 2019; 

Chippaux and Chippaux, 2018; Dyer, 2017; Ortiz-Martinez et al., 2017).  
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1.4.4 Transmission of yellow fever 

In South America, YF virus is transmitted by Haemagogus janthinomys and H. 

leucocelaenus species of mosquitoes in jungle environments, and occasionally by Ae. 

aegypti and Ae. albopictus in urban environments (de Abreu et al., 2019). In general, YF virus 

transmission occurs in sylvatic cycles in peri-urban and rural environments and the border 

between jungle and farmland where mosquitoes feed on and transmit YF virus between non-

human primates. However, humans can be infected with sylvatic YF virus if they move within or 

work in peri-urban and rural environments and the border between jungle and farmland, where 

they can be bitten by infectious mosquito vectors of YF (Fig. 1.7). Yellow fever can also be 

transmitted in an urban environment; however, this has not occurred in Brazil since the 1930s 

(Bryant et al., 2007; Chippaux and Chippaux, 2018). 

 

The likelihood of the establishment of a sylvatic transmission cycle in Canada (reservoirs of non-

human primates and mosquito vectors, Haemagogus spp.) is low, as the distribution of both are 

in tropical locations (de Abreu et al., 2019). However, the establishment of an urban transmission 

cycle in Canada is possible, due to the presence of Aedes spp. of mosquitoes and if an infectious 

individual is introduced into the population (Windsor-Essex County Health Unit, 2020). 

 

1.4.5 Vaccination against yellow fever 

An effective vaccine is safe and affordable, and a single dose is sufficient to provide immunity 

for life, providing immunity within ten days for 80 – 100% of the individuals vaccinated, and 

within 30 days for 99% of the individuals (Monath and Vasconcelos, 2015). There are current 
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shortages of the vaccine due to issues with distribution and a change in the supplier, as well as 

ongoing epidemics of YF in Angola and the Democratic Republic of Congo (Casey et al., 2019; 

Chen et al., 2019). Partial doses (through dose splitting) of the vaccine have been administered 

with 98% of study participants seroconverting after vaccination (Casey et al., 2019; Juan-Giner 

et al., 2021). Individuals with partial dosing acquire immunity for at least one year (Casey et al., 

2019; Chen et al., 2019).  

 

1.5 Zika virus 

1.5.1 Etiology and history 

Zika virus is a Flavivirus that belongs to the same genus as the viruses that cause dengue virus 

and YF virus (Lowe et al., 2018; Weaver et al., 2016). Zika virus was first isolated in a rhesus 

monkey in the Zika forest of Uganda in 1947 (Wikan and Smith, 2016). Until this century, 

regions endemic to ZVD included Africa and Asia. Zika virus transmission has mainly occurred 

through sylvatic transmission cycles between non-human primate hosts and arboreal mosquitoes, 

similar to YF virus in South America (Lowe et al., 2018; Weaver et al., 2016). In 2007, the first 

reported outbreak of ZVD outside of Africa and Asia occurred in Yap State, part of the 

Federated States of Micronesia (Wikan and Smith, 2016). 

 

1.5.2 Clinical signs 

Generally, ZVD has mild symptoms, including rash, fever, and headache. The disease is self-

limiting and resolves in approximately one week; however, severe complications can occur, 

including Guillain-Barré syndrome and other possible neurological symptoms (Lowe et al., 
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2018; Weaver et al., 2016). Zika virus disease is especially serious for pregnant women, as it can 

impact the fetus, causing microcephaly and other congenital damage to the fetal central nervous 

system (Lowe et al., 2018; Weaver et al., 2016). About 80% of infected individuals are 

asymptomatic (Duffy et al., 2009; Lowe et al., 2018). Presently, there are no antiviral treatments, 

and there is no vaccine. Current ZVD control methods include vector control by destroying 

vector habitats and insecticides use, and by personal protection from mosquito bites (Lowe et al., 

2018; Weaver et al., 2016). 

 

1.5.3 Distribution of Zika virus 

Infections of Zika virus have been reported in southeast Asia, French Polynesia, and the 

Americas (Wikan and Smith, 2016). The first reported case of ZVD in Brazil occurred in Bahia 

on March 2015. The outbreak started in the east and spread westward (Lowe et al., 2018; Weaver 

et al., 2016). By 2016, ZVD had spread to most states, except some remote states in the Amazon 

region, and the country’s southernmost tip, where the climate is not favourable for the mosquito 

vectors (Lowe et al., 2018; Weaver et al., 2016). Zika virus disease became notifiable in Brazil 

on February 17, 2016 (Lowe et al., 2018; Weaver et al., 2016). 

 

1.5.4 Transmission of Zika virus 

Zika virus is transmitted primarily by Ae. aegypti mosquito species but can also be transmitted 

by Ae. albopictus (Lowe et al., 2018; Weaver et al., 2016). Similar to YF virus, Zika virus also 

has both a sylvatic cycle, where the virus is transmitted by the bite of an infectious mosquito to 

monkeys, and an urban transmission cycle, where an infected mosquito bites a human. Zika virus 
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can also be transmitted sexually, vertically from mother-to-child, and via blood transfusion; 

although, these modes of transmission are less common than mosquito-borne transmission (Fig. 

1.8) (Lowe et al., 2018; Weaver et al., 2016). 

 

Like YF, the likelihood of the establishment of a sylvatic transmission cycle in Canada 

(reservoirs of non-human primates) is low, as the habitats of non-human primates are in tropical 

locations (Althouse et al., 2016; Lowe et al., 2018; Weaver et al., 2016). However, the 

establishment of an urban transmission cycle into Canada is possible due to the presence of 

Aedes spp. of mosquitoes and if an infectious individual is introduced to the population, 

(Windsor-Essex County Health Unit, 2020). 

 

 

1.6 Mathematical modelling  

1.6.1 Infectious disease modelling and MBDs 

Mathematical models are used to describe a system's structure and behaviour (Vynnycky and 

White, 2010). In situations where experimental or observational studies are not possible, models 

can provide insight into population and individual-level dynamics by simulating the relationship 

between parameters in the system (Vynnycky and White, 2010). Infectious disease models can 

be used to describe disease transmission and spread in a population while incorporating context-

specific host-, vector-, and pathogen-related factors (Vynnycky and White, 2010). Models can 

also be used to estimate key parameters of disease spread, highlight knowledge and data gaps, 

and investigate the effectiveness of interventions (Vynnycky and White, 2010). 
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Compartment models are a specific type of population-level infectious disease model that 

separate the population by disease status (Vynnycky and White, 2010). In the context of MBDs, 

there are compartments for both humans (susceptible, exposed, infectious, and recovered), and 

mosquitoes (Fig. 1.9) (susceptible, exposed, and infectious). The equations describe the 

movement of individuals between the human and mosquito compartments through transmission 

via mosquito bites (Vynnycky and White, 2010). The human population can be assumed to be 

closed, where there are no births or deaths of humans included in the model, or open, where 

births, migration and deaths are included. The mosquito population is commonly assumed to be 

open because of the high development and death rate of mosquitoes (Vynnycky and White, 

2010). Generally, the parameters used in these models include the transmission rates between 

humans and mosquitoes, the intrinsic incubation period (the amount of time for the pathogen to 

multiply within humans for the human to be symptomatic), the EIP (the time it takes for the 

pathogen to multiply within mosquitoes for the mosquito to be infectious), the duration of 

infectiousness for humans, and the death and development rate of mosquitoes (Vynnycky and 

White, 2010). 

 

When investigating the impact of climate change on the disease dynamics of MBDs, the 

parameters of interest include the three mosquito parameters: development and death rate, and 

the EIP (Bates and Roca-Garcia, 1947; Tesla et al., 2018). These parameters are weather 

sensitive, as described previously. In this dissertation, only temperature change was considered 

due to data availability and the uncertainty associated with precipitation from climate models 
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(Kent et al., 2015). The uncertainty surrounding future precipitation is caused by differing 

opinions of climate scientists on the mechanisms of change associated with precipitation, 

especially in tropical locations at the regional scale (Chou et al., 2009; Kent et al., 2015; Neelin 

et al., 2003; Xie et al., 2010). These mechanisms of change include 1) an increase in 

precipitation in convergence zones (a location in the atmosphere where prevailing winds meet), 

resulting in wet locations getting wetter and dry locations getting drier (‘wet-get-wetter’) (Chou 

et al., 2009); 2) an increase in precipitation in tropical locations where the ratio of long-term sea 

surface temperature trends to yearly sea surface temperature variation (signal-to-noise ratio) is 

above 0.5 (‘warmer-get-wetter’) (Xie et al., 2010); and 3) a decrease in precipitation at the edges 

of convection zones, where warmer air moves up and cooler air is pulled in its place (‘upped-

ante’) (Neelin et al., 2003). A combination of wet-get-wetter and warmer-get-wetter mechanisms 

also may explain seasonal mean rainfall (Huang et al., 2013). Due to the uncertainty surrounding 

precipitation, it is difficult to incorporate precipitation into mathematical models for MBDs, 

despite the impact precipitation could have on model outcomes (de Kruijf, 1975, Li et al., 2019). 

The relationship between temperature and the three mosquito parameters are used to determine 

the value of the parameters at future temperature estimates (Tesla et al., 2018). The compartment 

model is run with these values to acquire the model outputs under future climate scenarios (Tesla 

et al., 2018). 

 

Infectious disease models previously have been used to study disease dynamics and evaluate 

disease interventions of YF (Raimundo et al., 2016, 2015; Yusuf and Daniel, 2019; Zhao et al., 

2018) and ZVD (Buitrago Boret et al., 2017; Dantas et al., 2018; Fitzgibbon et al., 2017; Gao et 
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al., 2016; Ogden et al., 2017; Suparit et al., 2018; Wang et al., 2017). There have also been 

studies to investigate climate impact on these diseases (Caminade et al., 2017; Gaythorpe et al., 

2020; Mordecai et al., 2017; Tesla et al., 2018); however, there have yet to be compartment 

models developed to investigate the long-term temperature changes on these diseases in Brazil.  

 

1.6.2 Importation modelling 

The importation of disease is defined as the disease's movement from a location where it is 

endemic to an area where it is non-endemic (Lopez et al., 2016). Disease importation can be 

accomplished in several ways, including the movement of humans through travel and trade; 

through migrating animals carrying the disease through migration, habitat change, and animal 

trade; and through the movement of mosquitoes which carry the disease via habitat change or 

accidental transport by humans (Chen et al., 2018; Dorigatti et al., 2019; Lopez et al., 2016, 

Massad et al., 2016, Massad and Wilder-Smith, 2009, Ng et al., 2018, Ogden et al., 2014, 

Polwiang, 2015, Rappole et al., 2000). Importation modelling uses mathematical equations to 

determine the risk or number of possible cases caused by the movement of humans, animals, or 

mosquitoes (Dorigatti et al., 2019; Lopez et al., 2016; Massad et al., 2009). The models can 

further be used to investigate the potential for disease importation in a region or country by 

including factors, such as air travel, which capture the movement from one location to another 

(Dorigatti et al., 2019; Lopez et al., 2016; Massad et al., 2009).  

 

A common assumption of mathematical models for disease transmission and importation is 

homogeneous mixing, where all individuals, including those visiting the country of interest, 
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residents of the country of interest, and mosquitoes are equally likely to transmit the pathogen 

between each other (Dorigatti et al., 2019; Lopez et al., 2016; Massad and Wilder-Smith, 2009). 

Parameters used in importation models can include the length of stay of visitors in the country, 

intrinsic incubation period, air passenger volume, and the number of infectious cases in the 

country of interest (Dorigatti et al., 2019; Lopez et al., 2016; Massad and Wilder-Smith, 2009). 

Vaccine-related parameters (vaccine efficacy and proportion vaccinated) are used also if the 

disease of interest is vaccine-preventable (Dorigatti et al., 2019). 

 

Importation models have been used to estimate the risk of YF importation into the United States 

from Brazil (Dorigatti et al., 2019), dengue in travellers to dengue-endemic areas (Massad and 

Wilder-Smith, 2009), dengue virus from Thailand (Polwiang, 2015), ZVD importations to 

Europe by travellers from Brazil (Massad et al., 2016), and the importations and exportations of 

infectious diseases via travellers (Lopez et al., 2016). There has yet to be a model that combines 

importation models with compartment models to investigate disease importation under future 

climate scenarios. 

 

1.7 Dissertation overview and objectives 

Cases of ZVD and YF have already been imported to Canada through air travel (PHAC, 2020; 

Tataryn et al., 2018). In Canada, as of 2017, there have been 513 laboratory-confirmed cases of 

ZVD, four cases of which were acquired by Canadians travelling back from Brazil specifically 

(Tataryn et al., 2018), and there has been a total of fifteen imported cases of YF (PHAC, 2020). 

Currently, it is unknown how climate change may impact the importation of cases into Canada. 
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Additionally, mosquitoes capable of transmitting the pathogens of exotic MBDs have been found 

in Windsor, Ontario (Windsor-Essex County Health Unit, 2020). Given that these mosquitoes, 

particularly Ae. albopictus, are already present in Canada, their distribution will likely continue 

to expand northward as the average Canadian temperature increases (Khan et al., 2020, Ogden et 

al., 2014). With the presence of these mosquitoes capable of transmitting exotic MBDs, imported 

cases become an increasing threat, as the mosquitoes may be able to bite and transmit exotic 

MBD pathogens, allowing local transmission in Canada to occur during the summer months. In 

addition, climate change is anticipated to lengthen the transmission season over the warmer 

months in Canada, making the threat more pressing (Ng et al., 2017). An increase in imported 

cases could burden the healthcare system, particularly as the majority of Canadians are 

susceptible to exotic MBDs; the risk for explosive outbreaks during the warmer months is a 

public health threat. Currently, it is unknown how climate change may impact the imported cases 

of YF and ZVD into Canada, but it is important to estimate the number of imported cases for 

better preparation. This dissertation provides the first step in determining the risk of local 

transmission of exotic MBDs by quantifying the change in the number of imported YF and ZVD 

cases under future climate scenarios. The findings of this dissertation can help support an 

evidence-based approach to public health planning and preparedness activities, thus improving 

disease prevention and control strategies for the Canadian populace. 

 

The overall goal of this dissertation was to investigate the potential for the importation of YF and 

ZVD into Canada from Brazil under current and future climate. This goal was addressed using 

infectious disease and importation modelling to quantify the change in infectious cases of the 
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two diseases in Brazil under current and future climate, and the number of imported cases at 

present and future time periods for the moderate and high climate projection scenarios. This 

dissertation is divided into six chapters. Chapter one comprised of a detailed description of 

climate change and its impact globally, on MBDs and details on YF and ZVD, and the methods 

used to quantify the changes in the epidemics of these diseases as the temperature increases. 

Chapters two to five address the following specific research objectives: 

1) Compile and summarize the global literature on the statistical and mathematical 

modelling of vector-borne diseases through a scoping review (Chapter 2); 

2) Determine how the epidemiology of a YF outbreak in Brazil, based on the 2017/18 

outbreak, may change under future climate scenarios (Chapter 3); 

3) Determine how the epidemiology of a ZVD outbreak in Brazil, based on the 2016 

outbreak, may change under future climate scenarios (Chapter 4); and 

4) Investigate the potential importation of YF and ZVD into Canada from Brazil under 

current and future climate (Chapter 5). 

Lastly, chapter six summarizes the main results of the previous four chapters, limitations of this 

dissertation, and provides recommendations for future research directions. 
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1.9 Figures 

 

Figure 1.1: An image indicating the difference in scale between a global climate model and a 

regional climate model. The spatial resolution is the length of the grid cells, where the spatial 

resolution of global climate models is around 100 km to 300 km, and for regional climate models 

is generally between 10 km to 60 km. The cube (vertical grid) indicates that the grid cells fill 

three-dimensional space from the ocean floor to the atmosphere. This figure is not drawn to 

scale. 
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Figure 1.2: Maps of Brazil indicating the average surface temperature (°C) for each month from 

January to December for years 1970 – 2000. The temperature data were obtained from the 
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CORDEX (Giorgi et al., 2009) datasets for the South America Domain with a horizontal 

resolution of 0.44° (SAM-44; CORDEX-SAM44, n.d.) 

 

 

https://weather.gc.ca/saisons/image_e.html?format=clim_stn&season=djf&type=temp 
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https://weather.gc.ca/saisons/image_e.html?format=clim_stn&season=jja&type=temp 

 

Figure 1.3: Maps of Canada indicating the average surface air temperature (°C) for winter 

(December – February) and summer (June – August) for years 1981 – 2010. The maps were 

obtained from Environment and Climate Change Canada. 
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Figure 1.4: The extrinsic incubation period (EIP) of YF virus within Haemagogus mosquito 

species (square points) and of Zika virus within Ae. aegpyti (triangle points) over varied 

temperature conditions (°C), where the EIP decreases as temperature increases. 
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Figure 1.5: The development rate of Haemagogus mosquito species (square points) and of Ae. 

agypti (triangle points) over varied temperature conditions (°C), where the rate increases as 

temperature increases. 
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Figure 1.6: The death rate of Haemagogus mosquito species (square points) and of Ae. aegypti 

(triangle points) over varied temperature conditions (°C), where the rate decreases until 24 °C 

and 25 °C respectively then increases as temperature increases.  
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Figure 1.7: The transmission cycle of yellow fever virus, indicating the sylvatic transmission, 

which occurs near and within forests between monkeys and Haemagogus mosquito species, and 

the urban transmission cycle between humans and Aedes mosquito species 
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Figure 1.8: The transmission cycle of Zika virus, indicating the sylvatic transmission, which 

occurs near and within forests between monkeys and Aedes mosquito species, and the urban 

transmission cycle between humans and Aedes mosquito species. Zika virus can also be 

transmitted sexually, through blood transmission, and vertically from pregnant mother to child 
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Figure 1.9: The compartmental structure of a typical mosquito-borne disease model, where S 

represents the number of susceptible humans, E are exposed humans, I are symptomatic 

infectious humans, A are asymptomatic infectious humans, R are recovered humans, X are 

susceptible mosquitoes, Y are exposed mosquitoes, and Z are infectious mosquitoes. The virus is 

transmitted from mosquitoes to humans with a probability of β1 when infectious mosquitoes take 

a blood meal from susceptible humans, and the virus is transmitted from humans to mosquitoes 

with a probability of β2 when susceptible mosquitoes take a blood meal from infectious humans 

(asymptomatic and symptomatic, as denoted by the dotted line). The following parameters are 

generally used: 

• Proportion of symptomatic humans (!) 

• Intrinsic incubation period (human) ("!) 

• Extrinsic incubation period (mosquito) ("") 
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• Duration of infectiousness (human) (#) 

• Death rate (mosquito) ($) 

• Development rate (mosquito) (%) 
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2 CHAPTER TWO 

A scoping review of importation and predictive models related to vector-
borne diseases, pathogens, reservoirs, or vectors 

(1999 – 2016) 
 

Published: 

 Sadeghieh, T., Waddell, L.A., Ng, V., Hall, A., Sargeant, J.M., 2020. PLoS ONE, 15(1). 

 

2.1 Abstract 

Background: As globalization and climate change progress, the expansion and introduction of 

vector-borne diseases (VBD) from endemic regions to non-endemic regions is expected to occur. 

Mathematical and statistical models can be useful in predicting when and where these changes in 

distribution may happen. Our objective was to conduct a scoping review to identify and 

characterize predictive and importation models related to vector-borne diseases that exist in the 

global literature. 

 

Methods: A literature search was conducted to identify publications published between 1999 

and 2016 from five scientific databases using relevant keywords. All publications had to be in 

English or French, and include a predictive or importation model on VBDs, pathogens, reservoirs 

and/or vectors. Relevance screening and data characterization were performed by two reviewers 

using pretested forms. The data were analyzed using descriptive statistics.  

 

Results: The search initially identified 19,710 unique articles, reports, and conference abstracts. 

This was reduced to 428 relevant documents after relevance screening and data charting. About 
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half of the models used mathematical techniques, and the remainder were statistical. Most of the 

models were predictive (87%), rather than importation (5%). The most commonly investigated 

diseases were malaria and dengue fever. Around 12% of the publications did not report all the 

parameters used in their model. Only 29% of the models incorporated the impacts of climate 

change. 

 

Conclusions: A wide variety of mathematical and statistical models on vector-borne diseases 

exist. Researchers creating their own mathematical and/or statistical models may be able to use 

this scoping review to be informed about the diseases and/or regions, parameters, model types, 

and methodologies used in published models.  

 

2.2 Introduction 

Vector-borne diseases (VBDs) are diseases spread by arthropods, which transmit pathogens 

between humans, reservoirs, and fomites, such as dengue (spread by mosquitoes) [1], Lyme 

disease (spread by ticks) [2], and leishmaniosis (spread by sand flies) [3]. As a result of 

globalization and climate change, certain VBDs will likely be identified in regions where the 

disease is not endemic (a disease that is not in constant presence within a geographic area or 

population group) [1, 2, 4], due to modes of disease importation such as human travel and 

transport, animal migration, environmental changes to habitats, and vector range expansion [4-

6]. While vector-borne pathogens are occasionally introduced into non-endemic regions, other 

factors are required for a pathogen to become established, such as the existence of local animal 

reservoirs, susceptible human population, and competent vectors which can sustain the 
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transmission of the pathogen where introduction occurred [4]. As average temperatures become 

warmer and precipitation changes as a result of climate change, vectors and reservoirs are 

expected to move into, and become established in areas that were previously unsuitable [1, 7]. 

Range expansion of vectors has already been observed, as in the case of the tick that transmits 

Lyme disease, Ixodes scapularis, which has moved northward through the United States (US) 

and into Canada [8].  

 

Mathematical and statistical models can be used to predict the spread of VBDs, pathogens, 

reservoirs, and vectors. Mathematical models include a single equation or set of equations, which 

simulate or explain a system, and/or forecast future behaviour of that system; whereas statistical 

models use methods of modeling which involve the compilation, analysis and/or interpretation of 

datasets (e.g. regressions). Both types models can provide information for public health and 

medical decision-making, for advocacy and program development targeting these diseases, and 

for prevention and control activities [9]. Two specific types of models are predictive models and 

importation models. Predictive models forecast the distribution or spread of a disease, pathogen, 

reservoir and/or vector over time, and have been used to model the effects of climate change on 

chikungunya transmission in Europe [10], as well as on the increasing range of vectors, such as 

Aedes albopictus on many continents globally [11, 12]. Importation models investigate the 

introduction and/or movement of a disease/pathogen via a reservoir and/or vector from an 

endemic region to a non-endemic region, and have been used to investigate Zika virus [13], and 

dengue [14] introduction and transmission in different regions via global air travel. 

 



 

 

51 

 

In the rapidly evolving field of mathematical and statistical models, there is a lot of variability in 

the methodology and parameters used, thus a scoping review was used to compile and 

characterize the relevant modelling literature in order to understand the research conducted in the 

area. Scoping reviews are a method of knowledge synthesis that maps the existing literature on a 

broad topic, using a methodological framework to make it reproducible and updateable [15].  

 

Our objective was to conduct a scoping review to identify and characterize predictive and 

importation models related to VBDs that exist in the global literature. Models that specifically 

investigated the impact of climate change on VBDs, pathogens, reservoirs, and vectors were 

highlighted, as climate change is one of the many factors influencing VBD importation, 

transmission, and spread [1, 7].  

 

2.3 Materials and Methods 

This scoping review followed the methodological framework for scoping reviews [15]. The 

protocol (A1.1) for this scoping review was developed by the research team, and contains 

definitions, search parameters, and tools used to conduct the scoping review. Most sections of 

the protocol were completed a priori, except for the data charting form, which underwent 

additional modifications after relevance screening was initiated. The protocol was not time-

stamped or registered. The reporting of this review followed the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses Extension for Scoping Reviews (PRISMA-ScR) (A1.2). 
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2.3.1 Eligibility criteria 

English and French documents published from January 1, 1999, to December 20, 2016 were 

eligible for inclusion. West Nile virus was first introduced to the US in 1999, and after this time 

predictive disease modelling was increasingly conducted due to a combination of improved 

computing power and available expertise [16]. Models created and published prior to 1999 have 

been excluded from this scoping review as it was decided there would be little to learn from this 

literature that is not still reflected in more current models. The document types eligible for 

inclusion were journal articles, grey literature describing primary research (original models), and 

theses/dissertations. Reviews, editorials, and commentaries were not eligible for inclusion 

because these document types do not typically include primary research/original models. 

 

2.3.2 Information sources 

Databases with particular relevance to public health and environmental studies were selected. 

These databases included 1) MEDLINE (via PubMed); 2) Scopus; 3) Web of Science Core 

Collection; 4) Global Health (via Ovid); and 5) GreenFILE (via EBSCOhost).  Searches for grey 

literature were conducted by searching via Google until there were five pages of results in 

succession without a relevant citation identified. Searches were conducted on December 20, 

2016. 
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2.3.3 Search 

Searches were conducted using the following algorithm: 

((import OR imported OR importation OR importations OR introduction OR transmission OR 

spatial OR spread OR expansion OR expand OR spatiotemporal) AND (model or modeling or 

modelling OR forecast OR predict OR prediction OR projection OR "risk analysis" OR "risk 

assessment" OR "pathway analysis" OR traveller OR travellers OR traveler OR travelers) AND 

("vector borne" OR vectorborne OR vector OR vectors OR reservoir OR mosquito OR flea OR 

fly OR tick OR zoonotic OR zoonoses OR zoonosis OR viremic OR viraemic OR viremia OR 

viraemia OR bacteremic OR bacteraemic OR bacteremia OR bacteraemia)) NOT (protein OR 

transfusion). 

 

Identical terms were used for each database; however, formatting was modified to follow the 

requirements of the specific database. Other than the date of publication (January 1, 1999 – 

current), there were no other restrictions on the search. 

 

Search verification was conducted by manually searching the reference lists of ten randomly 

selected relevant papers for titles, which may be relevant to this scoping study [10, 14, 17-24]. 

All papers identified by the verification went through the same process as the papers initially 

found. Search verification was considered completed after the tenth paper, as new potentially 

relevant publications were no longer being identified in the final three reference lists searched.  
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The search results were compiled, and duplicates were removed in EndNote (Clarivate Analytics, 

Philadelphia, United States). The results were then exported to DistillerSR (Evidence Partner, 

Ottawa, Canada), a web-based systematic review management program, for further de-

duplication and management of the scoping review process. 

 

2.3.4 Selection of sources of evidence 

Relevance screening included the evaluation of titles and abstracts to identify citations that may 

be relevant to the scoping study.  Relevant publications included those that were written in 

English or French; that focused on a VBD, reservoir, vector, or pathogen; that included a 

predictive or importation model in their methods; and that originated from academic journals, 

theses, and grey literature sources if their methods included a novel and original model. Two 

reviewers independently evaluated each citation using a relevance screening form created for this 

review. Conflicts were resolved by consensus between the reviewing pair or, if necessary, by 

consulting with a third reviewer. Two pre-tests were conducted with five individuals using 50 of 

the identified citations in order to evaluate the relevance screening questionnaire for clarity, and 

to assess consistency between reviewers.  

 

2.3.5 Data charting process 

The goal of the data charting process was first to confirm that each full text paper was relevant to 

the study question using identical questions from the prior relevance screening stage, and then to 

characterize pertinent information required to appropriately describe each predictive or 

importation model. A data charting form (in protocol, A1.1) was created for this phase and 
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uniformly implemented on each relevant publication by two reviewers working independently.  

Conflicts were resolved by consensus between the reviewing pair, or, if necessary, by consulting 

with a third reviewer. A pre-test was conducted with three individuals using ten citations in order 

to evaluate the data charting form for clarity and assess consistency between reviewers.  

 

2.3.6 Data items 

Topic areas of interest to this review included article characteristics, such as language and year 

of publication; model methods, such as model type (predictive model, importation model, or 

both), model class (mathematical model, statistical model, or both), subject of the model 

outcome (e.g. vector, human, or reservoir), outcome measured (e.g. probability of presence of a 

vector, number of infectious humans, reproductive number), region modelled, the importation 

pathway if importation was modelled (e.g. via vectors, reservoirs), parameters used in the model, 

whether or not a projected climate model was used, and if so, which climate scenario was used, 

as well as diagnostic methods used for the model (e.g. verification, validation, sensitivity). A 

select number of the important terms and definitions are listed in Table 1. The data charting form 

includes all associated definitions (A1.1).  

 

2.3.7 Synthesis of results 

Following the charting of all eligible full-text articles, the extracted data were exported into a 

Microsoft Excel (Microsoft Corporation, Washington, United States) spreadsheet. Data cleaning, 

descriptive statistics, and summarization were conducted using Microsoft Excel (Microsoft 
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Corporation, Washington, United States) and StataIC 14 statistical software (StataCorp, Texas, 

United States). 

 

2.4 Results 

The initial search was conducted on December 20th, 2016, and yielded 29, 605 citations (Fig 

2.1). Following relevance screening, the full texts of 511 publications were assessed for 

eligibility, of which 83 were excluded; 428 publications remained in the review for data charting 

and analysis. All included publications were in English, except one that was in French; however, 

11 of the 428 potentially relevant publications were excluded due to language. A full list of the 

428 included publications can be found in A1.3. 

 

Most of the 428 relevant publications were journal articles (95.8%, n = 410), while 2.6% (n = 11) 

were conference papers and 1.6% (n = 7) included other grey literature, such as government 

reports. The “other” category for grey literature included reports and chapters in published 

books. About half of the publications were published after 2013 (Fig 2.2).  

 

The relevant models included in this scoping review were evenly split between mathematical 

models and statistical models (Table 2.2). Most of the models were predictive (87%, n = 374), 

and about half of the predictive models used mathematical methods (45%), while the other half 

used statistical methods (50%). The remaining 5% used both methods. Five models (1%) only 

focused on importation and used solely mathematical methods, and 49 (11%) used both 

predictive and importation model methods (Table 2.2). 
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Approximately 33% (n = 146) of the models investigated a vector or reservoir (e.g. distribution) 

rather than a specific disease or pathogen in a vector, reservoir and/or human (considered ‘not 

applicable’ under the disease or pathogen investigated in Table 2.2). Of these 146 models, 47% 

(n = 70) investigated mosquitoes, 18% (n = 26) investigated ticks, 11% (n = 16) investigated 

sandflies, and 24% (n = 35) investigated another species of vector, or a reservoir.  The most 

commonly investigated diseases included malaria (16%, n = 70), dengue (14%, n = 60), and 

West Nile fever (7%, n = 31). North America was the most common region modelled (18%, n = 

95), followed by Africa (18%, n = 94) and Asia (16%, n = 84), although there was representation 

from all areas of the world (Table 2.2).  About a third (49%, n = 210) of the models were 

conducted at a local or regional level (e.g., province or state), 44% (n = 187) were modelling at a 

country to global level, and the remaining were unspecified (Table 2.2). 

 

Model outcomes were related to vectors in approximately one half (n = 278) of the models 

(Table 2.2), including such outcomes as probability of vector presence or number of infectious 

vectors in a region. Human-related outcomes (37%, n = 206: number of infectious humans, 

incidence of disease, prevalence of disease, reproduction number) were the next most common, 

followed by reservoirs (12%, n = 65: number of infectious reservoirs, prevalence of disease). In 

models that investigated an importation pathway, about half involved importation via infectious 

humans (n = 31), followed by importation of a disease via infectious vectors (25%, n = 16), then 

via a reservoir (22%, n = 14), and finally via the transport of fomites (3%, n = 2). 
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Most of the publications reported the parameters used in their model in the publication or in 

supplementary material (88%, n = 377), whereas 12% (n = 51) did not report their parameters 

(Table 2.2). A publication had to have provided the parameter names and values to have been 

considered a publication which reported their parameters, with reasonable certainty that none of 

the parameters were missed (e.g., if the publication described the impact of climate on model 

outcomes, it was expected that the model would include parameters related to climate). Climate 

parameters were included in 75% (n = 322 of 428) of the models, with parameters on 

temperature and precipitation being the most common climate-related parameters. Parameters 

related to vectors also were used (58%, n = 248 of 428), these included biting rate, extrinsic 

incubation period, mortality/longevity, and parameters related to vector development, such as 

development rate. Parameters related to topography were also used often (54%, n = 230 of 428) 

including elevation, vegetation, and land use. Just under half of the publications included 

parameters related to humans (45%, n = 192 of 428) including incubation period, birth/death 

rate, and duration of infectiousness. Similarly, reservoir parameters (21%, n = 89 of 429) also 

included incubation period, birth/death rate, and duration of infectiousness. Few models included 

pathogen parameters (8%, n = 36 of 283) or temperature thresholds for pathogen 

growth/survival.  

 

Temporal and spatial components were both present in approximately half the models (Table 

2.2). The remaining models included either a temporal or spatial component. The authors 

projected their model results into the future in 28% (n = 119) of the publications, frequently to 

the years 2030, 2050, and 2100. 
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Climate change was investigated in 29% (n = 124) of the mathematical and statistical models, 

most of which (87%; n = 108) employed climate models (for definition see Table 2.1) during 

their investigation to predict the impact of climate change on their outcome of interest (e.g., 

probability of presence of a vector in a region). The most common climate models used in the 

mathematical and/or statistical models included were the Hadley Centre for Climate Change 

(HADCM3), the Commonwealth Scientific and Industrial Research Organization (CSIRO), and 

the Canadian Centre for Climate Modelling and Analysis (CCCma). Of the publications which 

used climate models, about half of the publications used the special report on emission scenarios 

(SRES), and the other half used the representative concentration pathways (RCPs), which 

replaced SRES in 2014 [28] (for definitions see Table 2.1). 

 

Model outcomes were evaluated for consistency with the intended outcomes of the model and/or 

with empirical data in 74% of the publications (n = 367) (Table 2.2). For publications that 

included a model validation test, about 95% (n = 252) reported the results of the validation. 

Similarly, about 88% (n = 77) of the publications that indicated the authors conducted a 

sensitivity test on their model reported the results of that test. 

 

2.5 Discussion 

This scoping review identified and characterized existing predictive and importation models of 

VBDs in the international literature. A relatively large number of articles presenting VBD 
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models were captured, with a wide range of diseases, modelling approaches, and model 

outcomes observed among publications. 

 

2.5.1 Overview of captured publications 

Most of the models were published in journal articles. Publications included in this review 

needed to contain the mathematical and/or statistical model in the publication itself. Therefore, 

journal articles were more likely to be included because journals typically require a detailed 

description of any modelling methods included in the publication, whereas in grey literature the 

model itself may be less likely to be presented. It is also easier to locate indexed publications 

than non-indexed publications. There has been an increase in publications since 2013 which is 

likely due to a growing interest in the use of modelling in infectious disease investigations [29, 

30], particularly for high profile outbreaks such as the Zika virus introduction into the Americas 

in 2015 [5, 31-33], and the outbreaks of chikungunya that have occurred globally since 2005 

[34]. As well, there have been many advancements in technology, software and computing 

power that are necessary to run complex mathematical and statistical models [29].  

    

2.5.2 Models and modelling methods 

The most commonly investigated diseases were malaria and dengue. This corroborates previous 

review publications that have also indicated that malaria and dengue are among the most widely 

investigated VBDs using mathematical and/or statistical models [9, 17, 35, 36]. This may reflect 

the high disease burden of malaria and dengue globally [9, 37] and their international importance 

which has funded research for decades. Thus, there is a large amount of data on these diseases, 
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which is required for accurate model parameterization. Fitting an accurate model for less studied 

diseases is difficult and often requires substituting parameters from studies done on different 

diseases or vectors, thus lowering confidence in the accuracy of the model’s predictions. Other 

globally important diseases may be less studied because there is an effective disease control 

method available, such as vaccination in the case of yellow fever [38] and Japanese encephalitis 

[39], versus malaria and dengue, where vaccines are currently being developed and improved 

[37, 40].  

 

Researchers included a variety of parameters in their models, including parameters related to 

climate, vectors, humans, reservoirs, and topography. Most of the models included parameters 

related to climate and topography, both of which are known to impact vector range, and thus the 

presence of disease, as well as vector and disease range expansion [13, 16]. Not all publications 

included parameters on the vector, despite all publications investigating VBDs. These 

publications were focused on transmission in humans and reservoirs [41, 42].  

 

Despite most of the publications reporting the parameters used in their model, 12% of 

publications did not report their parameters either in the paper itself or in supplemental material. 

This is concerning, as it affects the reader’s ability to learn from or assess the legitimacy of the 

model(s) in the publication. With the differences in terminology used, variations in reporting 

methods between publications, and some of the publications failing to disclose important 

information relating to their mathematical or statistical models, reporting guidelines would be 

useful to improve the clarity, consistency, and interpretation for publications that report on 
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mathematical and/or statistical models. There are no widely endorsed guidelines for publishing 

articles on mathematical and/or statistical models, similar to ones that have been developed for 

systematic reviews [43] and observational studies [44].  

 

Almost all of the models captured in the scoping review were solely predictive models, and 

therefore did not investigate the importation of a disease or vector from an endemic region to a 

non-endemic region. Most of the models that involved importation used mathematical modelling 

techniques, likely because exploring importation involves simulating scenarios that have yet to 

occur and statistical modelling is limited to extrapolation of results into the near future.  Future 

work in this area could involve combining importation models with climate models and 

RCPs/SRES to determine locations where a disease may become an issue under future 

anticipated climate changes. 

  

2.5.3 Gaps in knowledge 

Climate change is a cause of vector range expansion and thus disease range expansion [9, 45, 

46], making climate change an important topic to investigate when conducting mathematical and 

statistical modeling of VBDs. Modeling allows the researcher to investigate the possible future 

range expansion of vectors and diseases under different climate change scenarios through the 

integration of climate models, and climate scenarios, such as RCPs or SRES. This can be used to 

identify regions where the climate might be suitable for pathogens, vectors, and reservoirs to be 

jointly present enabling the transmission and spread of diseases to humans [2, 7, 47], allowing 

for advanced preparation and advocacy. Although many of the models included climate 
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parameters (e.g., current climate data from weather stations), most of the models captured in this 

scoping review did not explicitly investigate climate change, as they did not use a projected 

climate model to explore outcomes under projected climate, despite the potential relevance to the 

spatial and geographic transmission of disease, as well as vector range and distribution. This 

could be because the focus of most of the mathematical and statistical models captured in this 

scoping review were on diseases within endemic areas (solely predictive models), rather than 

disease importations/introductions to new areas (importation models, or models which were both 

predictive and importation models). With the impacts of climate change becoming increasingly 

irreversible [48], more investigation of disease distribution, prevalence, and incidence under 

current and future climate scenarios are valuable for the assessment of future risks. 

 

2.5.4 Strengths and limitations of the scoping review 

This scoping review followed a framework [15], and a protocol was created in part before the 

start of the review, allowing for a rigorous and reproducible process that minimized review bias. 

The relevance screening and data charting forms were conducted by two independent reviewers 

in order to reduce human error and possible biases.  

 

The scoping review inclusion criteria may have introduced some language bias towards English- 

and French- speaking countries as the search was only conducted in English and only English 

and French publications were considered for inclusion in the scoping review. For that same 

reason, there may have been a biased focus on diseases that are more likely to impact English- 

and French-speaking countries.  
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By conducting the search using a variety of relevant publication databases, Google for non-

indexed and grey literature, and conducting search verification, an attempt was made to 

minimize the number of relevant publications that were not captured. Despite the steps taken to 

capture as many relevant publications as possible, some relevant publications may have been 

missed. Articles were deduplicated through a combination of methods (by author, title, abstract, 

and journal), making it very likely that the duplicates of articles between databases were found 

and removed; however, some may have been missed. In addition, due to the wide variety of 

terminology used in relation to mathematical and statistical models, the key words used may not 

have captured all of the relevant literature. To augment any sensitivity issues, references lists of 

included publications were hand screened for relevant publications omitted by the search.  

 

2.6 Conclusion 

Researchers creating their own mathematical and/or statistical models on VBDs can use this 

scoping review to quickly identify published models of the diseases and/or regions of interest to 

them and evaluate which parameters have been most useful in those models. These models can 

be useful in predicting when and where changes in disease distribution may happen, allowing for 

advanced programming and planning in regions that are more likely to experience an emerging 

disease or outbreaks of endemic diseases. As globalization and climate change progresses, 

keeping apprised of the current techniques and approaches that work or do not work is important 

for infectious disease modellers working in a rapidly changing environment. 
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2.9 Tables 

Table 2.1: Key terms and definitions used throughout the scoping review.   

Term Definition 

Importation model Mathematical and/or statistical models used to predict the 

introduction and/or establishment and/or movement of a 

disease, pathogen, vector and/or reservoir via a reservoir, 

vector, human, fomite and/or non-reservoir animal from an 

endemic region into a non-endemic region 

 

An importation model can also be a predictive model if the 

movement of the pathogen is shifting from an endemic to a 

neighbouring non-endemic region; however, if the geographic 

spread occurred over two non-neighbouring regions, the model 

would be considered solely an importation model.  

Predictive model Mathematical and/or statistical models used to forecast the 

temporal and/or geographic spread, and distribution of a 

disease, pathogen, reservoir or vector. 

Mathematical model A single or set of equations which simulate or explain a system, 

and/or forecast future behaviour of that system [25] 
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Statistical model Methods of modeling which involve the use of equations to 

compile, analyze and/or interpret existing datasets (e.g. 

regressions) [26]  

Verification Determining the degree to which the model output accurately 

represents the logical framework conceived by the modeller 

[27]  

Validation Determining the degree to which a model is an accurate 

representation of the real-world system the model is simulating 

[27]  

Sensitivity Determining the degree to which the model output changes 

when changing the input parameters (within values dictated by 

literature and common sense) [25, 27] 

Climate model A set of mathematical equations which simulate a climate 

system [28] 

Representative 

concentration pathways 

(RCP) 

Possible climate futures described via greenhouse gas 

concentration trajectories. Currently four are used, with RCP2.6 

being the least projected rise in greenhouse gas concentrations, 

and RCP8.5 being the most (RCP2.6, RCP4.5, RCP6, RCP8.5) 

[28] 

Special Report on 

Emission Scenarios 

(SRES) 

Previously used future climate scenarios based on global, 

regional, economic, and environmental factors. It includes the 

following scenarios: A1 (A1FI, A1B, A1T), A2, B1, B2. RCPs 
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replaced SRES in 2014 in the 5th Intergovernmental Panel on 

Climate Change (IPCC) assessment [28] 

 

Table 2.2: Frequency of the characteristics of the models including in the scoping review from 

428 relevant publications.  

Characteristic Number Percentage (%) 

Model type  

  
Predictive 374 87.38 

Importation 5 1.17 

Both 49 11.45 

Model class   

Mathematical 208 48.60 

Statistical 200 46.73 

Both 20 4.67 

Disease or pathogen investigated* 

  
Malaria 70 15.98 

Dengue fever 60 13.70 

West Nile fever 31 7.08 

Rift Valley fever 18 4.11 

Schistosomiasis 16 3.65 

Lyme disease 13 2.97 
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Chikungunya 12 2.74 

Plague 11 2.51 

Zika 10 2.28 

Leishmaniosis 9 2.05 

Chagas disease/American trypanosomiasis 6 1.37 

Crimean-Congo haemorrhagic fever 2 0.46 

Japanese encephalitis 2 0.46 

Sleeping sickness/African trypanosomiasis 2 0.46 

Yellow fever 1 0.23 

Not applicable (investigated a vector or reservoir) 146 33.33 

Other 27 6.16 

Not specified 2 0.46 

Region modelled*  

  
North America  95 18.48 

Africa 94 18.29 

Asia 84 16.34 

Europe 72 14.01 

Central America/South America/Caribbean 65 12.65 

Australasia and New Zealand 24 4.67 

Russia 11 2.14 

Oceania 5 0.97 

Global 25 4.86 
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Not reported/specified 39 7.59 

Model scale  

  
Local 70 16.36 

Regional 140 32.71 

Country 76 17.76 

Multi-country 86 20.09 

Global 25 5.84 

Unspecified 31 7.24 

Subject of model outcome*   

Vector 278 50.27 

Human 206 37.25 

Reservoir 65 11.75 

Other 4 0.72 

Importation Pathway used, if relevant*   

Human 31 49.21 

Vector 16 25.40 

Reservoir 14 22.22 

Fomite 2 3.17 

All parameters reported 

  
Yes 348 81.31 

No 51 11.92 

In Supplement 29 6.78 
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Time/space in model (n = 428) 

  
Temporal only 115 26.87 

Spatial only 108 25.23 

Temporally-spatially distributed model 205 47.90 

Did the model include future projections? (n = 428) 

  
Yes 119 27.80 

No 309 72.20 

Diagnostic method used*   

Validation 264 53.55 

Sensitivity 88 17.85 

Verification 15 3.04 

None of the above 126 25.56 

Validation results shown   

Yes 252 95.45 

No 7 2.65 

In Supplement 5 1.89 

Sensitivity results shown   

Yes 77 87.5 

No 3 3.41 

In Supplement 8 9.09 

* = more than one category could be selected within a single publication 
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2.10 Figures 

 

Figure 2.1: PRISMA diagram depicting the flow of captured publications through the eligibility 

and inclusion process 
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Figure 2.2: Frequency of the 428 relevant publications by year, where frequencies are separated 

by model class: mathematical and statistical (captured two pre-published journal articles for 

2017) 
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3 CHAPTER THREE 

Yellow fever virus outbreak in Brazil under current and future climate 

Published: 

 Sadeghieh, T., Sargeant, J.M., Greer, A.L., Berke, O., Dueymes, G., Gachon, P., Ogden, N.H., 

Ng, V., 2021. Infect. Dis. Model. 6, 664 – 677  

 

 

3.1 Abstract  

Introduction: Yellow fever (YF) is primarily transmitted by Haemagogus species of 

mosquitoes. Under climate change, mosquitoes and the pathogens that they carry are expected to 

develop faster, potentially impacting the case count and duration of YF outbreaks. The aim of 

this study was to determine how YF outbreaks in Brazil may change under future climate, using 

ensemble simulations from regional climate models under RCP4.5 and RCP8.5 scenarios for 

three time periods: 2011 – 2040 (short-term), 2041 – 2070 (mid-term), and 2071 – 2100 (long-

term). 

 

Methods: A compartmental model was developed to fit the 2017/18 YF outbreak data in Brazil 

using least squares optimization. To explore the impact of climate change, temperature-sensitive 

mosquito parameters were set to change over projected time periods using polynomial equations 

fitted to their relationship with temperature according to the average temperature for years 2011 

– 2040, 2041 – 2070, and 2071 – 2100 for climate change scenarios using RCP4.5 and RCP8.5, 

where RCP4.5/RCP8.5 corresponds to intermediate/high radiative forcing values and to 

moderate/higher warming trends. A sensitivity analysis was conducted to determine how the 
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temperature-sensitive parameters impacted model results, and to determine how vaccination 

could play a role in reducing YF in Brazil. 

 

Results: Yellow fever case projections for Brazil from the models varied when climate change 

scenarios were applied, including the peak clinical case incidence, cumulative clinical case 

incidence, time to peak incidence, and the outbreak duration. Overall, a decrease in YF cases and 

outbreak duration was observed. Comparing the observed incidence in 2017/18 to the projected 

incidence in 2070 – 2100, for RCP4.5, the cumulative case incidence decreased from 184 to 161, 

and the outbreak duration decreased from 21 to 20 weeks. For RCP8.5, the peak case incidence 

decreased from 184 to 147, and the outbreak duration decreased from 21 to 17 weeks. The 

observed decrease was primarily due to temperature increasing beyond that suitable 

for Haemagogus mosquito survival. 

 

Conclusions: Climate change is anticipated to have an impact on mosquito-borne diseases. We 

found outbreaks of YF may reduce in intensity as temperatures increase in Brazil; however, 

temperature is not the only factor involved with disease transmission. Other factors must be 

explored to determine the attributable impact of climate change on mosquito-borne diseases. 

 

3.2 Introduction  

Yellow fever (YF) virus is a Flavivirus similar to dengue and Zika virus and is endemic to South 

America and Africa. In South America, it is transmitted by Haemagogus 

janthinomys and Haemagogus leucocelaenus species of mosquitoes in jungle environments, and 
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occasionally by Aedes aegypti and Ae. albopictus in urban environments (de Abreu et al., 2019). 

In general, YF virus transmission occurs in sylvatic cycles where mosquitoes feed on, and 

transmit, YF virus between non-human primates; however, humans living in or travelling along 

the border between forested and peri-urban or in rural areas can easily be infected when bitten by 

infectious mosquitoes. Yellow fever virus can also be transmitted in an urban environment; 

however, this has not been documented in Brazil since the 1940s (Bryant et al., 2007; Chippaux 

and Chippaux, 2018). Symptoms of YF include fever, headache, muscle pain, nausea, vomiting, 

and fatigue (Monath and Vasconcelos, 2015). The virus attacks the liver, causing jaundice, hence 

the name of the disease. Approximately 55% of individuals with YF virus are asymptomatic, 

26% have mild symptoms, while 19% experience severe symptoms that can lead to death 

(Johansson et al., 2014; Monath, 2001). An effective, safe and affordable vaccine is available, 

and a single dose is sufficient to provide immunity for life. Immunity is reached within ten days 

for 80 – 100% of vaccinated individuals and within 30 days for 99% of vaccinated individuals 

(Monath and Vasconcelos, 2015). There are currently no specific antiviral medications for YF. 

  

In South America, YF virus is generally endemic in the Amazon, and parts of Peru, Colombia, 

Venezuela, Guyana, Surinam, French Guiana, and Brazil (Chippaux and Chippaux, 2018; 

Ministry of Health, 2018; Nishino et al., 2016). While the last urban YF epidemic occurred in the 

1930s in Brazil, there has been a recent re-emergence of sylvatic YF that has the potential to 

transmit to urban locations (Chippaux and Chippaux, 2018; Ministry of Health, 2018; Nishino et 

al., 2016). The reason for the re-emergence of YF virus in Brazil is not fully understood. The re-

emergence may be due to increasing deforestation, which increases the contact between the 
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canopy-dwelling Haemagogus spp. and humans, travel and migration between endemic and 

epidemic regions, and low immunization coverage in some areas that were previously not 

considered at-risk for YF (Chen et al., 2019; Chippaux and Chippaux, 2018; Dyer, 2017; Ortiz-

Martinez et al., 2017).  

 

In Brazil, YF outbreaks generally occur between November and April, during the rainy season 

(Ministry of Health, 2018). The average monthly temperature in 2018 ranges from 22°C to 26°C. 

These temperatures are typical in Brazil, as the historical monthly average temperatures from 

1971 – 2000 also range from 22°C to 26°C (Giorgi et al., 2009). During the 2017/18 season, 

there were 1,257 confirmed cases and 394 deaths (Ministry of Health, 2018). The majority of 

cases were in rural areas. The outbreak was declared by the Ministry of Health in Brazil, and we 

defined an outbreak as an increase in the number of cases over the normal yearly case numbers 

(Porta, 2018). 

 

Climate change is a change in global or regional climate patterns, primarily attributed to the 

increased atmospheric carbon dioxide produced by the use of fossil fuels (Nema et al., 2012). 

The future climate is projected using representative concentration pathways (RCPs), which are 

defined by their total cumulative measure of human-produced greenhouse gas emissions by 2100 

(van Vuuren et al., 2011a). There are four RCP pathways: RCP2.6, which includes a strict 

mitigation scenario and the least emissions; RCP4.5 and RCP6.0, which are moderate scenarios, 

and represent a 2 °C temperature increase globally; and RCP8.5, which is the worst-case 
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scenario, includes high emissions, and represents a 4 °C increase in global annual mean 

temperature (van Vuuren et al., 2011a; IPCC, 2014).   

 

In Brazil, climate change may cause an overall increase in temperature (Nema et al., 2012). New 

regions in Brazil may be hospitable to mosquitoes with the changing climate, such as in more 

temperate regions (Lowe et al., 2018). In contrast, other regions, such as parts of the Amazon, 

may become inhospitable to the vectors (Lowe et al., 2018). Temperature has an impact on 

mosquito birth and death rate, as well as the extrinsic incubation period (EIP); the time between 

a mosquito acquiring a virus and being able to transmit it (Ciota and Keyel, 2019; Kamal et al., 

2018; Wu et al., 2016). For Haemagogus spp., under increasing temperatures, the development 

rate is expected to increase as the mosquito moves through its life stages faster; the death rate is 

expected to decrease until 25 °C, the temperature threshold at which the death rate of mosquitoes 

begins to increase; and the EIP is expected to decrease as the replication rate of the virus in the 

mosquito increases (Lee et al., 2016; Marinho et al., 2016; Suparit et al., 2018; Tesla et al., 

2018). These relationships between temperature and mosquito ecology may change mosquito 

distributions throughout Brazil and impact the pathogens' transmission rate between humans and 

mosquitoes (Kamal et al., 2018). In Brazil, high rainfall and a temperature increase of 2 °C 

within the last decade were followed by an increased number of YF cases in non-human 

primates, and then human cases (Almeida et al., 2014; de Thoisy et al., 2020). With the 

anticipated increase in cases with increasing temperature, it is expected that an increase in 

imported cases will also be observed. Cases of YF have already been imported to other countries 

from South America, such as the Netherlands and Canada (Hamer et al., 2018; PHAC, 2016). 
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Since 2016, there have been 14 imported cases reported in Canada (PHAC, 2020). The number 

of imported cases was likely much higher due to asymptomatic cases and reporting bias. There 

were no known imported cases reported in Canada during the South American 2017/18 outbreak 

(PHAC, 2020). 

 

Many models have investigated YF virus transmission in humans (Raimundo et al., 2016, 2015; 

J. T. Wu et al., 2016; Yusuf and Daniel, 2019; Zhao et al., 2018) and the importation of YF from 

South America to other countries (Brent et al., 2018; Dorigatti et al., 2017; Johansson et al., 

2012; Sakamoto et al., 2018). A research gap exists in modelling YF virus transmission under 

climate change scenarios. It is expected that the number of cases will continue to rise in Brazil 

due to climate change, as seen in other modelling studies in other subtropical locations (Ryan et 

al., 2018; Tesla et al., 2018; Wu et al., 2016). The extent of the anticipated change has not been 

quantified in Brazil to date. 

 

The objective of this study was to develop a mathematical compartmental model for YF virus 

transmission in humans and to investigate how YF virus outbreaks in Brazil may change under 

future climate from regional climate model simulations, using RCP4.5 and RCP8.5 scenarios for 

three time periods 2011 – 2040 (short-term), 2041 – 2070 (mid-term), and 2071 – 2100 (long-

term). 
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3.3 Materials and Methods 

3.3.1 Model format 

We simulated the 2017/2018 YF outbreak in Brazil by modifying a compartment model 

describing chikungunya dynamics created by Yakob and Clements (2013), as YF virus and 

chikungunya virus are both spread by mosquitoes, have latent periods and asymptomatic carriers 

of the virus (Fig. 3.1). The 2017/18 YF virus outbreak was used to determine a baseline scenario 

and estimate the model outputs of an outbreak similar to the one in 2017/18 in future climate 

scenarios. Further information on the model format and equations can be found in A2.1.  

 

We made four simplifying assumptions: first, the human population was closed (i.e., no births or 

natural deaths were included in the model). The mosquito population was open, as we assumed 

that the mosquitoes would die while they are infectious due to their short lifespan (maximum 20 

days; Bates, 1947). Second, we assumed that there was a homogeneously mixed population, 

where all humans and mosquitoes in Brazil were equally likely to acquire and transmit YF virus. 

Third, we assumed that transmission was occurring between humans and mosquitoes and did not 

include non-human primates as intermediate hosts. We modelled Haemagogus spp. as the 

mosquito vector of interest, as they were the vectors implicated in the Brazil outbreak (deAbreau 

et al., 2019). Fourth, we assumed that the intrinsic incubation period and recovery rate were the 

same for both symptomatic and asymptomatic individuals. The model was developed in R (R 

Core Team, 2019, Vienna, Austria). 

 



 

 

86 

 

3.3.2 Optimization 

We used least squares optimization to estimate the transmission parameters from mosquitoes to 

humans and from humans to mosquitoes, the initial number of susceptible mosquitoes, and the 

initial number of exposed mosquitoes. We conducted the optimization by fitting the human 

symptomatic infectious compartment to the 2017/2018 YF case count data in Brazil (Ministry of 

Health, 2018). The case count data were extracted from the Brazilian Ministry of Health 

epidemic curve using ImageJ (Rasband, W.S., ImageJ, U. S. National Institutes of Health, 

Bethesda, Maryland, USA, https://imagej.nih.gov/ij/, 1997-2018). To capture the heterogeneity 

in the parameters used to model YF virus outbreaks, parameters were drawn from a set of 

probability distributions according to the literature (Table 3.1). The parameter distributions were 

identified using maximum likelihood estimation, as implemented by the fitdistplus package in R 

(Delignette-Muller and Dutang, 2015). To determine the optimal parameters, we found the 

global minimum by running ten thousand iterations using the box-constraint Broyden-Fletcher-

Goldfarb-Shanno (L-BFGS-B) algorithm. The algorithm finds the global minimum by using a 

gradient projection method of optimization with a set of constraints for each iteration (Byrd et 

al., 1995). The optimization was conducted using R's optim function (R Core Team, 2019, 

Vienna, Austria).  

 

3.3.3 Current and future climate scenarios 

Climate data for the period when the 2017/2018 outbreak occurred was not necessary as the 

climatic conditions under which it occurred are inherent in the data and thus assumed to 

represent the current climate period. For future climate scenarios, we obtained South American 
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monthly minimum and maximum temperature (°Celsius) data from an ensemble of regional 

climate models (RCMs). These data were obtained from the COordinated Regional Downscaling 

EXperiment (CORDEX; Giorgi et al., 2009) datasets for the South America Domain with a 

horizontal resolution of 0.44° (SAM-44; CORDEX-SAM44, n.d.). An ensemble climate model 

was created for the monthly minimum and maximum temperatures (°Celsius) for each RCP4.5 

and RCP8.5 scenario (van Vuuren et al., 2011) for years 2011 – 2100 using ten individual 

models’ combinations (A2.2). We chose to use RCP4.5 and RCP8.5 as they represent a middle- 

and worst-case climate change scenario by 2100 (van Vuuren et al., 2011). We used these RCPs 

for consistency and greater sample size, due to the limited number of simulations available for 

other RCPs. We used two R packages, R raster (Hijmans, 2019) and maptools  (Bivand and 

Lewin-Koh, 2019), to extract the temperature data for Brazil. We obtained the monthly mean 

temperature by averaging the minimum and maximum temperatures for both RCP scenarios 

using a moving five-year average, and then averaged these values across years for each month 

from 2011 – 2040, 2041 – 2070, and 2071 – 2100; these time periods represent short-, medium-, 

and long-term projected climate change scenarios.  

 

We developed polynomial equations for each of the three temperature-dependent mosquito 

parameters (EIP, death rate, and development rate) using laboratory data (Table 3.3 and Fig 3.2). 

The best-fit polynomial equations were chosen based on the R-squared values from the residuals 

between the fitted and observed case counts. The equations were then used with the best 

parameter estimates for the model from the 2017/2018 YF outbreak to predict the number of 

symptomatic infectious individuals over time for both RCP4.5 and RCP8.5 for each time period. 
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It was assumed that the outbreak was being introduced into a population where 80% of the 

population was immune in each time period, due to a combination of both natural immunity and 

vaccination (Machado et al., 2013; Shearer et al., 2017).  

 

3.3.4 Sensitivity analysis 

A sensitivity analysis was conducted to examine how sensitive the model outcomes (the peak 

incidence, number of weeks to the peak, and the duration of the outbreak) were to temperature 

changes related to the temperature-dependent parameters (mosquito death and development rates 

and the EIP), and to determine whether a parameter was more or less sensitive to climate. The 

analysis was conducted by determining the value of the parameters using polynomial equations 

(Table 3.3) associated with the parameters with a 1 °C difference. The temperatures used were 

25 °C and 26 °C, as 25 °C is the temperature at which the death rate of mosquitoes begins to 

increase. Model simulations were run with the new parameter values one-by-one for each new 

parameter value (a total of six times), while keeping the other parameters the same as the base 

model. 

 

An additional analysis was conducted to explore the impact of vaccination and herd immunity on 

YF virus transmission by increasing the proportion of the susceptible human population from 

10% to 90% in 10%-increments. The model simulation was run with the parameters used for the 

base model for each proportion. 
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3.4 Results 

3.4.1 Fitted model using 2017/18 outbreak data 

Model results showed a good fit between the symptomatic infectious individuals and observed 

incidence (Fig. 3.3). The model underestimated the peak incidence by 30 cases, the cumulative 

incidence by 4 cases, and number of weeks to peak by 1 week, but overestimated the duration of 

the outbreak by 6 weeks (Table 3.4). All best fit parameters and variables are shown in Table 3.1 

and Table 3.2 respectively.  

 

3.4.2 Climate change projection models 

The number of cases at peak for both RCP scenarios decreased compared to the 2017/18 

outbreak numbers. For RCP4.5 (Fig. 3.4) there was a 1.1-fold decrease between the modelled 

results and the short-term time period (18 cases at peak), a 1.02-fold decrease between short- and 

medium-term (4 cases at peak), and a 1.01-fold decrease between medium- and long-term (2 

cases at peak), indicating a decreasing trend as the temperature increases (Table 3.4). A similar 

pattern was also observed for the cumulative case counts and estimated number of deaths. The 

number of weeks to the peak number of symptomatic cases remained the same, while the 

duration of the outbreak decreased as the temperature increased (from 22 to 20 weeks) (Table 

3.4). 

 

For RCP8.5 (Fig. 3.5), there was a 1.10-fold decrease in the peak number of cases between the 

2017-2018 outbreak and the short-term time period (18 cases at peak), a 1.05-fold decrease 

between short- and medium-term (8 cases at peak), and a 1.08-fold decrease between medium- 
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and long-term time periods (12 cases at peak), showing downward trend of YF cases in Brazil 

with increasing temperature. A similar pattern was observed for the cumulative incidence and 

estimated number of deaths. The number of weeks to the peak remained the same while the 

duration of the outbreak decreased as temperature increases (21 to 17 weeks) (Table 3.4).  

 

3.4.3 Sensitivity analysis 

The death rate was the most influential parameter amongst the three climate-sensitive parameters 

reducing peak incidence by 12 cases (Table 3.5). There was no change to the development rate 

due to temperature. For EIP, the peak incidence increased slightly by 4 cases. 

 

The proportion of the population with immunity had a substantial impact on the overall epidemic 

curve, resulting in a reduction in outbreak peak from 868 cases (10% immunity) to 99 cases 

(90% immunity) and the duration of the outbreak from 28 weeks (10% immunity) to 20 weeks 

(90% immunity) (Fig. 3.6 and Table 3.6).  

 

3.5 Discussion 

The objective of this study was to develop a mathematical model for YF virus transmission 

between humans and mosquitoes in Brazil and to determine how the epidemiology of YF virus 

outbreaks may change as a result of changing climatic conditions, which are expected to alter 

mosquito dynamics. Our key findings were that with increasing temperature, YF virus outbreaks 

in Brazil would decrease in duration and total incidence, with both values lower when compared 

to the 2017/18 outbreak. The reduction in the outbreak is contradictory to some previous 
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modelling studies, which show the outbreak intensity of mosquito-borne diseases is likely to 

increase in locations similar to Brazil (Tesla et al., 2018; Gaythorpe et al., 2020; Hamlet et al., 

2018). We also found that of all the temperature-sensitive parameters in the model, the mosquito 

death rate was more influential on model outcomes than the development rate and EIP. Finally, 

our YF vaccination analysis identified that outbreak intensity is closely linked to herd immunity; 

acquired either via infection or vaccination.  

 

Our study showed for both RCP scenarios, the number of cases and outbreak duration reduced 

with increasing temperature. The reduction in cases and outbreak duration with increasing 

temperature is contrary to previous modelling studies that noted an increase in cases (Tesla et al., 

2018; Gaythorpe et al., 2020; Hamlet et al., 2018). In another modelling study, it was noted that 

an increase in temperature would result in an increase of Zika virus cases in the Americas (Tesla 

et al., 2018), although this study was on Zika virus and Aedes spp. of mosquitoes, not YF virus 

and Haemagogus spp. The other studies were conducted on African YF virus and the same 

increase in cases with increasing temperature was noted (Gaythorpe et al., 2020; Hamlet et al., 

2018). While the general patterns are the same, the development and death rate of Haemagogus 

spp. over temperature are different from Aedes spp. (Marinho et al., 2016; Tesla et al., 2018). 

Research has indicated that, as temperature increases, Haemagogus mosquito development rate 

increases linearly, while the mosquito death rate was parabolic and declined until 25°C before 

increasing (Bates, 1947)(Fig. 3.2). Although our findings were contrary to previous studies, 

some similaties to other studies remain. A modelling study in Australia noted a reduction in the 

incidence and duration of a dengue outbreak due to increasing temperature. The authors 
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indicated that the decrease may be due to higher mosquito death; although, the mosquito vector 

used in the model was Ae aegypti rather than Haemagogus spp. (Williams et al., 2016). Another 

study was conducted in Africa, and noted that with increasing temperature, African climate may 

become more suitable for Aedes spp. of mosquitoes and the transmission of arboviruses, such as 

dengue, rather than Anopheles spp. of mosquitoes and malaria (Mordecai et al., 2020). Thus, it is 

possible that a humid tropical/sub-tropical region, like Brazil, may also experience a change in 

the incidence of disease, due to changes in the suitability of the climate to the different mosquito 

species.  

 

We found that the mosquito death rate was more influential on the model output than mosquito 

development rate and EIP. This could further explain the decrease in the number of cases as 

temperature increases, because the number of mosquitoes that survive the EIP diminishes. This 

would reduce the population of infectious mosquitoes and, in turn, transmission. Another study 

found the mosquito lifecycle to be important in explaining dengue outbreaks, as infected 

mosquitoes must survive the length of the EIP before they are able to spread dengue (Li et al., 

2018), and while the dengue study investigated Aedes spp., Haemagogus spp. must also survive 

the length of the EIP before being able to transmit YF virus.  

 

Finally, our findings on the impact of vaccination on the model outcomes showed that the 

proportion of individuals with immunity (either naturally acquired or via vaccination) 

significantly influenced the model outcomes. Similar findings have been shown for the African 
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strain of YF virus where a national vaccination campaign increased vaccination uptake by 70%, 

which subsequently reduced the number of cases by 5.6-fold (Zhao et al., 2018).  

 

Our study is not without limitations.  First, we assumed that the intrinsic incubation period and 

recovery rate were the same for both symptomatic and asymptomatic individuals; thus, we could 

have overestimated the values of these parameters, as it is likely these values are reduced for an 

asymptomatic individual. Next, we used some simplifying assumptions and did not capture 

Brazil’s population or geographic heterogeneity, or stochasticity, which can influence parameters 

in the model (Perkins et al., 2016; Carlson et al., 2016). Our model also did not consider changes 

that may occur over time in Brazil, such as socio-economic status, urbanization, deforestation 

and other land changes, which have an impact on both exposure and mosquito-borne diseases by 

introducing more cases as contact between human and mosquito populations increases (Lambin 

et al., 2010; Macdonald and Mordecai, 2019). Previous studies have noted that precipitation 

impacts mosquito-borne diseases by creating or destroying potential egg-laying locations (Alto 

and Juliano, 2001; Lega et al., 2017). Precipitation in Brazil is expected to decrease under future 

climate conditions (IPCC, 2014). The interaction between precipitation and temperature, and the 

subsequent impact on Haemagogus spp. of mosquitoes is currently unknown and may have 

impacted our model results. Although this is the case, the amount of uncertainty is high in 

climate models regarding precipitation over tropical areas, especially for extreme rainfall over 

continental areas (IPCC, 2013; Kent et al., 2015). Further research is required using precipitation 

from CORDEX runs. Despite our model’s simplicity, it can be used as a framework for more 

complex models.  
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Further research should be conducted on Haemagogus spp. of mosquitoes, as little is known 

about how the increasing temperature will impact their development, death rate and EIP, and the 

papers describing these values may be outdated (Bates, 1947; Bates and Roca-Garcia, 1946). 

Additionally, region-specific or heterogeneous models could be created, including parameters, 

that are different across Brazil, both at the present climate and future climate. Further research 

could be conducted to determine which regions may be more likely to experience an increase in 

cases and which would experience a decrease in cases, based on such variables as climate and 

geography. 

 

3.6 Conclusion 

We projected YF outbreaks in Brazil based on the 2017/18 outbreak under two climate change 

scenarios: RCP4.5 and RCP8.5 for years 2011 – 2040, 2041 – 2070, and 2071 – 2100. We found 

that the increase in temperature in subtropical/tropical countries, such as Brazil, results in a 

potential reduction in YF peak incidence, cumulative incidence, outbreak duration, and the 

number of weeks to the peak to levels below the intensity of the 2017/18 outbreak. Based on 

these findings, we anticipate that future outbreaks of YF in Brazil will be less intense, due to 

parts of Brazil becoming unsuitable for Haemagogus spp. of mosquitoes to survive, and 

suboptimal for YF virus replication under climate change. While the reduction in outbreak 

intensity is positive, it is important to remember that the impact of climate on mosquito-borne 

diseases involves multiple factors beyond temperature, such as precipitation and future land use, 

and that Aedes spp. can also transmit the YF virus. Additionally, different countries with 
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different climate or geography may experience an increase in outbreak sizes, rather than a 

decrease, highlighting the importance of context when planning for public health inventions and 

future strategies. Our study provides a baseline for modelling YF in Brazil using Haemagogus 

spp. as the mosquito vector and highlights the need for further study on these mosquito species. 
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3.8 Tables 

Table 3.1: Parameter values in the YF model including best fit parameters for the 2017/18 YF 

outbreak in Brazil (Ministry of Health, 2018). The value of the parameter was chosen from the 

associated distribution. The distributions were used to introduce heterogeneity into the model 

parameters when conducting the least squares optimization.  

 

Symbol Name Description 

Value per 

week 

(distribution) 

Source 

'! Transmission rate 

(mosquito to 

human) 

 

Rate at which 

mosquitos infect 

humans  

5.22e-7 

infections per 

week 

Fit to the 

2017/18 YF 

virus 

outbreak in 

Brazil 

(Ministry of 

Health, 2018) 

'" Transmission rate 

(human to 

mosquito) 

 

Rate at which 

humans infect 

mosquitos 

1e-12 infections 

per week 

Fit to the 

2017/18 YF 

virus 

outbreak in 

Brazil 
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(Ministry of 

Health, 2018) 

! Proportion of 

symptomatic 

humans 

Proportion of 

infected 

individuals who 

develop symptoms  

 

0.45  (Johansson et 

al., 2014) 

( Death rate 

(humans) 

Average of the rate 

of death per week 

of symptomatic 

humans during the 

2016/17 and 

2017/18 YF 

outbreaks 

2.38 human 

deaths per week 

(World 

Health 

Organization, 

2019) 

1/"! Incubation period 

(human) 

Rate of symptom 

onset after initial 

infection per week 

(human) 

 

1.31 per human 

week 

Gamma 

(1.17,2.33) 

(Johansson et 

al., 2010; 

Monath, 

2001) 

1/"" Extrinsic 

incubation period 

(mosquito) 

Rate of viraemic 

onset after initial 

infection per week 

0.54 per 

mosquito week  

Gamma 

(Bates and 

Roca-Garcia, 

1946; 
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(mosquito) (0.5,0.7) Johansson et 

al., 2010; 

Monath, 

2001) 

1/# Duration of 

infectiousness 

(human)  

Rate of viraemia 

completion after 

infection 

(symptomatic and 

asymptomatic 

humans) 

 

 

0.82 per 

mosquito week 

Pert 

(0.63,0.85) 

(Johansson et 

al., 2012; 

Massad et al., 

2001) 

$ Death rate 

(mosquito) 

Rate at which 

mosquitoes die per 

week 

0.36 per 

mosquito week 

Pert 

(0.35,1.4) 

 

(Bates, 1947) 

% Development rate 

(mosquito) 

Rate at which 

mosquitoes 

develop from 

hatching to adult 

per week 

0.58 per 

mosquito week 

Pert 

(0.5,0.7) 

 

(Alencar et 

al., 2008; 

Bates, 1947; 

Degallier et 

al., 2006; 

Tátila-
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Ferreira et al., 

2017) 

 

Table 3.2: Best fit initial conditions used in the YF model, fitted to the 2017/18 YF outbreak in 

Brazil (Ministry of Health, 2018). 

Symbol Name Value Source 

N Total human population 

 

209,469,000 (United Nations 

Population Division, 

2019) 

 

S Susceptible humans 

 

41,893,754 Total human 

population minus 

remaining human 

compartments  

(N – E – I – A – R) 

Approximately 20% 

of the population is 

estimated to be 

susceptible. 

 

E Exposed humans 0 Estimated 
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I Infectious humans 

(symptomatic) 

 

21 First day of case 

count  

A Infectious humans 

(asymptomatic) 

25 Estimated from 

proportion of 

symptomatic humans 

 

R Recovered 0.8*N Estimated, where 

about 50-60% of the 

overall population 

show immunization 

records (Shearer et 

al., 2017) and 97% of 

a rural Brazilian 

population show 

titres to YF virus 

(Machado et al., 

2013) 

 

D Total human deaths due to 

YF 

0 Estimated 
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M Total mosquito population 418,938,000 Estimated double 

human population 

(Fitzgibbon et al., 

2017; Wang et al., 

2017) 

 

X Susceptible mosquitoes 418,937,761 Total mosquito 

population minus 

remaining mosquito 

components  

(M – Y – Z) 

 

Y Exposed mosquitoes 150 Fitted to the 2017/18 

YF virus outbreak in 

Brazil (Ministry of 

Health, 2018) 

Z Infectious mosquitoes  995 Fitted to the 2017/18 

YF virus outbreak in 

Brazil (Ministry of 

Health, 2018) 
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Table 3.3: Polynomial equations to describe the parameters’ relationship to temperature (°C)  

Parameter Polynomial Equation Source 

Extrinsic incubation period 1/(96.69 – 2.8T)*7 (Bates and Roca-Garcia, 1946) 

Death rate (mosquito) 4.76 - 0.38T + 0.008T2 (Bates, 1947) 

Development rate (mosquito) -0.32 + 0.03T (Bates, 1947) 
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Table 3.4: Model results fitted to the current outbreak and under future climates (RCP4.5 and RCP8.5) for short-, medium-, and long-

term time periods. Each column is presented from blue (lowest value) to white (medium) to red (highest value). The percentages 

below the values represent the difference between the observed and predicted values 

Representative 

Concentration 

Pathway 

Time periods 
Average 

Temperature 

Peak 

incidence 

Cumulative 

incidence 

Number of 

human 

disease-

induced 

deaths 

Number of 

weeks to 

peak 

incidence 

Duration of 

outbreak 

(Week) 

N/A 2017/18 YF 

outbreak  
23°C 214 1259 428 5 15 

 Model results 

for outbreak 

 
185 1254 426 4 21 

RCP4.5 2011 – 2040 

(Short-term) 

25.9°C 167 

(-9.2%) 

1213 

(-3.3%) 

412 

(-3.3%) 

4 

(0.0%) 

22 

(4.8%) 

 2041 – 2070 26.5°C 163 1126 382 4 20 
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(Medium-

term) 

(-11.4%) (-10.2%) (-10.3%) (0.0%) (-4.8%) 

 2071 – 2100 

(Long-term) 

26.9°C 161 

(-12.5%) 

1072 

(-14.5%) 

364 

(-14.6%) 

4 

(0.0%) 

20 

(-4.8%) 

RCP8.5 2011 – 2040 

(Short-term) 

26.0°C 167 

(-9.2%) 

1201 

(-4.2%) 

408 

(-4.2%) 

4 

(0.0%) 

21 

(0.0%) 

 2041 – 2070 

(Medium-

term) 

27.0°C 
159 

(-13.6%) 

1049 

(-16.3%) 

356 

(-16.4%) 

4 

(0.0%) 

19 

(-9.5%) 

 2071 – 2100 

(Long-term) 

28.3°C 147 

(-20.1%) 

867 

(-30.9%) 

294 

(-40.0%) 

4 

(0.0%) 

17 

(-19.0%) 

For reference, the estimated projected population of Brazil averaged across the short-, medium-, and long-term time periods are 

221,537,000, 230,769,000, and 220,976,000 respectively (United Nations Population Division, 2019)
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Table 3.5: Results of the sensitivity analysis for the mosquito death rate (µ), mosquito 

development rate (δ), and EIP (λ2), The parameter values were calculated using their respective 

relationships to temperature (Table 3.3, Fig. 3.2) at 25°C and 26°C. Each column is presented 

from blue (lowest value) to white (medium) to red (highest value). 

Parameter Temperature 
Value per 

week 

Peak 

incidence 

Number of 

weeks to 

Peak 

Duration of 

Outbreak 

(Week) 

µ 25°C 0.33 202 5 23 

 26°C 0.36 190 4 22 

δ 25°C 0.41 184 4 21 

 26°C 0.45 184 4 21 

λ2 25°C 0.26 158 4 21 

 26°C 0.29 162 4 21 

 

Table 3.6: Model outcomes (peak incidence, cumulative incidence, number of disease-induced 

deaths, number of weeks to peak, and duration of outbreak) for various proportion of immunized 

individuals (either natural or acquired). Each column is presented from blue (lowest value) to 

white (medium) to red (highest value). The percentages below the values are the percent change 

when the outcome value is compared to 80%, as that is the immunization level used in the 

model. 
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Proportion 

Immune 

Peak 

incidence 

(cases) 

Cumulative 

incidence 

(cases) 

Deaths 

(cases) 

Number of 

weeks to 

peak 

incidence 

Duration of 

outbreak 

(Week) 

10% 
868 

(371.7%) 

5997 

(378.2%) 

2038 

(378.4%) 

4 

(0.0%) 

28 

(33.3%) 

20% 
772 

(319.6%) 

5310 

(323.4%) 

1805 

(323.7%) 

4 

(0.0%) 

28 

(33.3%) 

30% 
675 

(266.8%) 

4629 

(269.2%) 

1573 

(269.2%) 

4 

(0.0%) 

27 

(28.6%) 

40% 
579 

(214.7%) 

3955 

(215.4%) 

1344 

(215.5%) 

4 

(0.0%) 

26 

(23.8%) 

50% 
483 

(162.5%) 

3288 

(162.2%) 

1117 

(162.2%) 

4 

(0.0%) 

25 

(19.0%) 

60% 
387 

(110.3%) 

2626 

(109.4%) 

892 

(109.4%) 

4 

(0.0%) 

24 

(14.3%) 

70% 
291 

(58.2%) 

1971 

(57.1%) 

670 

(57.3%) 

4 

(0.0%) 

23 

(9.5%) 

80% - baseline 

immunization 
184 1254 426 4 21 

90% 
99 

(-46.2%) 

678 

(-45.9%) 

230 

(-46.0%) 

4 

(0.0%) 

20 

(-4.8%) 
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3.9 Figures 

 

Figure 3.1: Model structure representing the compartments, where S are susceptible humans, E 

are exposed humans, I are symptomatic infectious humans, A are asymptomatic infectious 

humans, R are recovered humans, D are the human deaths due to YF, X are susceptible 

mosquitoes, Y are exposed mosquitoes, and Z are infectious mosquitoes. The virus is transmitted 

from mosquitoes to humans with a probability of β1 when infectious mosquitoes take a blood 

feed from susceptible humans, and the virus is transmitted from humans to mosquitoes with a 

probability of β2 when susceptible mosquitoes take a blood meal from infectious humans 

(asymptomatic and symptomatic, as denoted by the dotted line). Parameters are described in 

Table 3.1. 
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Figure 3.2: Plots showing the relationship of the three climate-dependent parameters (EIP, death 

rate, and development rate) with temperature (°C). The red circles indicate the original 

laboratory data points for EIP (Bates and Roca-Garcia, 1946), and the mosquito death and 

development rates (Bates, 1947). 
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Figure 3.3: Number of modelled clinical human cases (black line) by week compared to the 

observed incidence of the 2017/18 YF outbreak in Brazil, from December to April (red dots and 

dashed line). 
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Figure 3.4: Symptomatic infectious humans (Compartment I) model output for scenario RCP4.5, 

from 2011 – 2040 (blue), 2041 – 2070 (orange), and 2071 – 2100 (red), compared to the model 

output fitted to the 2017/18 YF outbreak (black circles and line) 
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Figure 3.5: Symptomatic infectious humans (compartment I) model output projected under 

RCP8.5, from 2011 – 2040 (blue), 2041 – 2070 (orange), and 2071 – 2100 (red), compared to the 

model output fitted to the 2017/18 YF outbreak (black circles and line) 
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Figure 3.6: Number of symptomatic infectious YF cases by week from the 2017/18 outbreak 

data (black dots and line) compared to modelled cases at 10% population (purple), 20% 

immunization (blue), 30% immunization (green), 40% immunization (dark orange), 50% 

immunization (orange), 60% immunization (red), 70% immunization (yellow), 80% 

immunization (cyan), and 90% immunization (magenta). The model was fitted using 80% 

immunization (cyan) which represents the closest fit to the observed data (Machado et al., 2013; 

Shearer et al., 2017).  
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4 CHAPTER FOUR 

Zika virus outbreak in Brazil under current and future climate 

Submitted: Sadeghieh, T., Sargeant, J.M., Greer, A.L., Berke, O., Dueymes, G., Gachon, P., 

Ogden, N.H., Ng, V., Epidemics. 

4.1 Abstract 

Introduction: Zika virus (ZIKV) is primarily transmitted by Aedes aegypti and Ae. albopictus 

mosquitoes between humans and non-human primates. Climate change may enhance virus 

reproduction in Aedes spp. mosquito populations, resulting in intensified ZIKV disease 

outbreaks. The study objective was to explore how an outbreak similar to the 2016 ZIKV disease 

outbreak in Brazil might unfold with projected climate change. 

 

Methods: A compartmental infectious disease model that included compartments for humans 

and mosquitoes was developed to fit the 2016 ZIKV disease outbreak data from Brazil using 

least squares optimization. To explore the impact of climate change, published polynomial 

relationships between temperature and temperature-sensitive mosquito population and virus 

transmission parameters (mosquito mortality, development rate, and ZIKV extrinsic incubation 

period) were used. Projections for future outbreaks were obtained by simulating transmission 

with effects of projected average monthly temperatures on temperature-sensitive model 

parameters at each of three future time periods: 2011 – 2040, 2041 – 2070, and 2071 – 2100. The 

projected future climate was obtained from an ensemble of regional climate models (RCMs) 

obtained from the Co-Ordinated Regional Downscaling Experiment (CORDEX) that used 

Representative Concentration Pathways (RCP) with two radiative forcing values, RCP4.5 and 
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RCP8.5. A sensitivity analysis was performed to explore the impact of temperature-dependent 

parameters on the model outcomes. 

 

Results: Climate change scenarios impacted the model outcomes, including the peak clinical 

case incidence, cumulative clinical case incidence, time to peak incidence, and the duration of 

the ZIKV outbreak. Comparing 2070 – 2100 to 2016, using RCP4.5, the peak incidence was 

22,030 compared to 10,473; the time to epidemic peak was 12 compared to 9 weeks; and, the 

outbreak duration was 52 compared to 41 weeks. Comparing 2070 – 2100 to 2016, using 

RCP8.5, the peak incidence was 21,786 compared to 10,473; the time to epidemic peak was 11 

compared to 9 weeks; and the outbreak duration was 50 compared to 41 weeks. The increases are 

due to optimal climate conditions for mosquitoes, with the mean temperature reaching 28°C in 

the warmest months. Under a high emission scenario (RCP8.5), mean temperatures extend above 

optimal for mosquito survival in the warmest months. 

 

Conclusion: Outbreaks of ZIKV disease in locations similar to Brazil are expected to be more 

intense with a warming climate. As climate change impacts are becoming increasingly apparent 

on human health, it is important to quantify the effect and use this knowledge to inform decisions 

on prevention and control strategies. 

 

4.2 Introduction  

Zika virus (ZIKV) is a flavivirus that belongs to the same genus as the viruses that cause dengue 

and yellow fever (Lowe et al., 2018; Weaver et al., 2016). These viruses are transmitted by 
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mosquitoes, and in the case of ZIKV, mainly Aedes aegypti, but also Ae. albopictus (Lowe et al., 

2018; Weaver et al., 2016). Both mosquito species are found in urban and suburban 

environments and share similar larval habitats (any water containers). Aedes aegypti are mostly 

found in tropical and subtropical locations (Lowe et al., 2018; Weaver et al., 2016). Ae. 

albopictus tolerates lower temperatures due to the diapause of overwintering eggs and are also 

found in temperate locations (Lowe et al., 2018; Weaver et al., 2016). Zika virus also can be 

transmitted sexually, vertically from mother-to-child, and via blood transfusion; although, these 

modes of transmission are less common than mosquito-borne transmission (Lowe et al., 2018; 

Weaver et al., 2016). Generally, ZIKV disease has mild symptoms, including rash, fever, and 

headache. The disease is self-limiting and resolves in approximately one week; however, severe 

complications can occur, including Guillain-Barré syndrome and other possible neurological 

symptoms (Lowe et al., 2018; Weaver et al., 2016). Zika virus disease is especially serious for 

pregnant women, as it can impact the fetus, causing microcephaly and other congenital damage 

to the central nervous system (Lowe et al., 2018; Weaver et al., 2016). About 80% of infected 

individuals are asymptomatic (Duffy et al., 2009; Lowe et al., 2018). Currently, there are no 

antiviral treatments, and there is no vaccine. Current ZIKV disease control methods include 

vector control by destroying vector habitats and insecticides use, and by personal protection from 

mosquito bites (Lowe et al., 2018; Weaver et al., 2016).  

 

Zika virus was first isolated in a rhesus monkey in the Zika forest of Uganda in 1947 (Wikan and 

Smith, 2016). Prior to 1969, regions endemic to ZIKV included Africa and Asia. Zika virus 

transmission has mainly occurred through sylvatic transmission cycles between non-human 

primate hosts and arboreal mosquitoes, similar to yellow fever virus in South America (Lowe et 
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al., 2018; Weaver et al., 2016). In 2007, the first reported outbreak of ZIKV disease outside of 

Africa and Asia occurred in Yap State, part of the Federated States of Micronesia (Wikan and 

Smith, 2016). Since then, ZIKV infections have been reported in southeast Asia, French 

Polynesia, and the Americas (Wikan and Smith, 2016). The first reported case of ZIKV disease 

in Brazil occurred in Bahia on March 2015. The outbreak started in the east and spread westward 

(Lowe et al., 2018; Weaver et al., 2016). By 2016, ZIKV had spread to most states, except some 

remote states in the Amazon region, and the country’s southernmost tip, where the climate is not 

favourable for the mosquito vectors (Lowe et al., 2018; Weaver et al., 2016). Zika virus disease 

became notifiable in Brazil on February 17, 2016 (Lowe et al., 2018; Weaver et al., 2016). 

 

Human-induced global climate change is caused by increased emissions of greenhouse gases 

(GHG). Greenhouse gases are primarily from the combustion of fossil fuels and are regionally 

variable (Nema et al., 2012). Climate models predict future climates using projections for future 

concentrations and emissions of GHG and land-use change from four Representative 

Concentration Pathways (RCPs), which are defined by their total cumulative measure of 

anthropogenic GHG emissions by 2100 (van Vuuren et al., 2011a). The four RCP scenarios are: 

RCP2.6, which includes a scenario of strict mitigation of GHG emissions resulting in a very low 

forcing level; RCP4.5 and RCP6.0 are intermediate scenarios with medium stabilization 

scenarios; and RCP8.5 is a worst-case scenario, with a high baseline emission (van Vuuren et al., 

2011; IPCC, 2014). Currently, RCP2.6 is considered very unlikely, and RCP4.5 is becoming 

increasingly unlikely (van Vuuren et al., 2011; IPCC, 2014).  
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In Brazil, anthropogenic climate change may cause an overall increase in temperature (Nema et 

al., 2012), although the rate of warming may vary across regions (IPCC, 2013). With the 

changing climate, new regions in Brazil may become suitable for Aedes. spp. mosquitoes, such 

as at higher elevations, while others may become unsuitable, such as locations in the Amazon, 

which may become too hot for the survival of these mosquitoes (Lowe et al., 2018). Temperature 

has an impact on mosquito development and death rate, as well as the extrinsic incubation period 

(EIP), the time between mosquitoes getting infected to the time they can transmit the virus (Ciota 

and Keyel, 2019; Kamal et al., 2018; Wu et al., 2016). With increasing temperatures, the 

development rate is expected to accelerate as the mosquito completes its life stages faster; the 

death rate is expected to decrease, and then increase, as mosquito survival is reduced at higher 

temperatures; and the EIP is expected to decrease, as the higher temperature increases the 

replication rate of the virus in the mosquito (Lee et al., 2016; Marinho et al., 2016; Suparit et al., 

2018; Tesla et al., 2018). The relationships between temperature and mosquito ecology are 

expected to change mosquito distribution throughout Brazil, and impact ZIKV transmission 

between humans and mosquitoes (Kamal et al., 2018). Locations in which ZIKV disease cases 

increase may also become sources of ZIKV geographic spread. Travellers returning from ZIKV-

endemic areas that have acquired infection and are viraemic on return (and therefore a source of 

infection for local vectors) have been detected in several countries, including France and Canada 

(Boggild et al., 2017; Maria et al., 2016; Wilder-Smith et al., 2018). Canada has reported 513 

laboratory-confirmed cases as of June 2017, four of which originated from Brazil (Tataryn et al., 

2018).  
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While analytic studies have been conducted to model the transmission and control of ZIKV 

(Buitrago Boret et al., 2017; Dantas et al., 2018; Fitzgibbon et al., 2017; Gao et al., 2016; Ogden 

et al., 2017; Suparit et al., 2018; Wang et al., 2017), there is currently no information on how 

ZIKV disease incidence in Brazil may change under future climate. It is expected that the 

number of cases will rise overall in Brazil due to the increase in temperature (Wu et al., 2016); 

however, the magnitude is unknown. 

 

The objective of this study was to determine how the projected peak incidence, cumulative 

incidence, length of the outbreak, and time to peak incidence for a ZIKV disease outbreak 

similar to the 2016 outbreak may change, via the effects of future-projected climate on 

temperature-dependent parameters in the mosquito lifecycle and ZIKV transmission. This effect 

was investigated under projections for future climate in time periods 2011 – 2040, 2041 – 2070, 

and 2071 – 2100, using the emissions scenarios in RCP4.5 and RCP8.5 to drive regional climate 

models. 

 

4.3 Materials and Methods  

4.3.1 Data 

We obtained ZIKV disease incidence data from the Health Information Platform for the 

Americas (Health Information Platform for the Americas (PLISA), n.d.). The climate data were 

obtained from the Coordinated Regional Downscaling Experiment (CORDEX; Giorgi et al., 

2009) datasets. Parameter distributions for the compartment model were estimated based on 

literature (Table 1). 
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4.3.2 Model format  

The 2016 ZIKV disease outbreak was used to determine a baseline scenario and estimate the 

model outputs of an outbreak similar to the one in 2016 in future climate scenarios. A schematic 

representation of a compartmental infectious disease model is presented in Figure 1. The model 

is adapted from a previously described compartment model for chikungunya virus (Yakob and 

Clements, 2013). The model describes individuals’ movement from susceptible (compartment S) 

to recovered humans (compartment R). When infectious mosquitoes (compartment Z) take a 

blood meal from humans (and may infect them), a proportion of the humans move from the 

susceptible (S) to exposed (E) compartments, representing humans that have been successfully 

infected during a blood meal. If susceptible mosquitoes (compartment X) bite infectious humans 

(compartments I and A), a proportion of the mosquitoes move to the exposed (Y) compartment, 

representing mosquitoes that have been successfully infected during a blood meal. The infectious 

human components included both symptomatic and asymptomatic compartments to account for 

the number of asymptomatic humans transmitting the virus but not captured in surveillance data. 

It is assumed that all recovered humans have developed lifelong immunity because, although 

there is waning immunity, it may take several years to occur (Henderson et al., 2020). To keep 

the model simple, it is further assumed that the human population is closed throughout the 

outbreak (i.e., no births or deaths are included in the model). The mosquito compartment is open, 

and includes both the development rate of mosquitoes, as well as the death rate over one season. 

The vector being modelled is Ae. aegypti, the most likely vector of the 2016 ZIKV disease 

outbreak (Lowe et al., 2018). To further simplify the model, homogenous population mixing is 

assumed, where all humans and mosquitoes in Brazil are equally likely to acquire and transmit 

ZIKV. Transmission of ZIKV through sexual contact, blood transfusion, and mother-to-child 
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was considered negligible in their contribution to the disease dynamics, and therefore, these 

routes of transmission were excluded from the model (Gao et al., 2016; Lowe et al., 2018). All 

parameters and initial conditions are described in Tables 4.1 and 4.2. The model was coded and 

developed in R (R Core Team, 2019, Vienna, Austria). 

 

The dynamics of the ZIKV disease outbreak are described with the following ordinary 

differential equations, where the parameters and initial conditions are outlined in tables 4.1 and 

4.2 respectively: 
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4.3.3 Optimization  

We found the best fit transmission and initial mosquito parameters using least squares 

optimization. The projected ZIKV disease incidence was fit to the 2016 ZIKV disease incidence 

data in Brazil, as obtained from the Health Information Platform for the Americas (Health 

Information Platform for the Americas (PLISA), n.d.). Other parameters were allowed to vary 

within a set range and distribution (Table 4.1), to introduce variability into the model. The 

parameter distributions were identified using maximum likelihood estimation as implemented by 

the fitdistplus package in R (Delignette-Muller and Dutang, 2015). Ten thousand iterations were 

run using a box-constraint Broyden-Fletcher-Goldfarb-Shanno (L-BFGS-B) algorithm to find the 

global minimum with constraints on the parameters. The least squares optimization was 

conducted using R's optim function (R Core Team, 2019, Vienna, Austria).  

 

4.3.4  Projecting model to future climate conditions  

Climate data for the period when the 2016 outbreak occurred was not necessary as the climatic 

conditions under which it occurred are inherent in the data and thus assumed to represent the 

current climate period. Climate change and its potential impact on the ZIKV disease outbreaks 

were investigated using climate simulations from an ensemble of regional climate models 

(RCMs). These data were obtained from the CORDEX (Giorgi et al., 2009) datasets for the 

South America Domain with a horizontal resolution of 0.44° (SAM-44; CORDEX-SAM44, 

n.d.). An ensemble climate model was created for the monthly minimum and maximum 

temperatures (degree Celsius) for each RCP4.5 and RCP8.5 scenario for years 2011 – 2100 using 

nine individual models (S1). These two RCP scenarios were chosen as they represent middle- 

and worst-case scenario projections for climate change by 2100, and because CORDEX-SAM44 
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is only available for these two scenarios (CORDEX-SAM44, n.d.). In RCP4.5, the global climate 

models project a mean 2°C increase in annual temperature globally, and a 1 °C warming for 

Brazil; while in RCP8.5, the models project a mean 4 °C increase in annual temperature globally, 

and a 2°C warming for Brazil (IPCC, 2014). Projected mean monthly minimum and maximum 

daily temperatures were averaged, using a moving five-year average, to obtain projected monthly 

mean values, and then averaged across years at the monthly scale from the three 30-year time 

periods: 2011 – 2040, 2041 – 2070, and 2071 – 2100. To capture the temperature values for 

Brazil only, the grid values over Brazil were extracted using R raster (Hijmans, 2019) 

and maptools (Bivand and Lewin-Koh, 2019) packages. For RCP4.5, the average temperatures 

for the short-, medium-, and long-term time periods are 25.9 °C, 26.5 °C, and 26.9 °C 

respectively, and for RCP8.5, the average temperatures are 26.0 °C, 27.0 °C, and 28.3 °C 

(CORDEX-SAM44, n.d.). Polynomial equations were developed for three temperature-

dependent mosquito parameters (EIP, lifespan, and days of development from egg to adult) using 

field and laboratory data published in the literature (Table 3). The best-fit polynomial equations 

were chosen based on the R-sqaured values from the residuals between the fitted and observed 

case counts. The equations were then used with the parameters from the optimized model for the 

2016 outbreak to estimate the number of symptomatic infectious individuals over time for both 

RCP4.5 and RCP8.5. It was assumed that the outbreak was being introduced into a population 

where approximately 0.005% of the individuals have immunity for each time period.  

 

The human population size was changed for each time period according to the projected average 

over each 30-year time period (221,537,000 for 2011 - 2040, 230,769,000 for 2041 - 2070, and 

220,976,000 for 2071 – 2100) (UN, 2019).  
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4.3.5 Sensitivity analysis  

A sensitivity analysis was conducted to determine which temperature-sensitive parameters (the 

mosquito parameters: death rate, development rate, and EIP) may most influence model 

outcomes. The analysis was conducted by determining how sensitive the model outcomes (peak 

incidence, number of weeks to peak, and outbreak duration, where duration was defined as the 

number of days between the first and last case) were to a 1 °C temperature change to three 

temperature-dependent mosquito variables. The parameter values were generated with the 

temperature set at 26 °C (which is the current average monthly temperature) and then generated 

at 27 °C, according to their relationship with temperature (Table 4.3). The model simulations 

were then run with the new parameter values one-by-one for each parameter, while keeping the 

other parameters the same as the base model. 

 

4.4 Results  

4.4.1 Fitting the model to 2016 outbreak data 

Model results for the number of symptomatic infectious humans are shown in figure 4.3 and 

indicate the least-square difference between the predicted and observed incidence in the 2016 

Brazil ZIKV disease outbreak. The outbreak occurred from January to mid-October 2016, with 

the peak incidence of the outbreak occurring at week 9, and the duration of the outbreak was 41 

weeks (Table 4.4). All best fit parameters and variables are shown in tables 4.1 and 4.2, 

respectively. The model fits the maximum number of symptomatic infectious individuals well 

with a slight dip at the beginning. The fitted model outcome results are similar to the outbreak 

data (Table 4.4).  
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4.4.2 Climate change impact on the simulated epidemic 

The results of the model-based projections under the RCP4.5 climate change scenario are 

presented in figure 4.4. There was a 1.53-fold increase between the recent outbreak and the 

short-term time period (9,116 cases), a 1.08-fold increase between short- and medium-term 

(1,753 cases), and a 1.02-fold increase between medium- and long-term (688 cases), indicating a 

non-linear pattern in the increase of cases. This pattern also occurred for the cumulative case 

counts (1.70-fold increase between the present outbreak and the short-term time period (130,417 

cases), a 1.06-fold increase between short and medium-term (18,938 cases), and a 1.01-fold 

increase between medium and long term (6,107 cases)). The number of weeks until the peak in 

incidence increased from week 10 to 12 for each future time period. The outbreak duration 

increased (41 to 53 weeks) compared with the current time period, and then, for the long-term 

time period, reduced by one week (Table 4.4). 

 

The results of the model-based projections under the RCP8.5 climate change scenario are 

presented in figure 4.5. There was a 1.55-fold increase in the peak number of cases between the 

present outbreak and the short-term time period (9,405 cases), a 1.11-fold increase between 

short- and medium-term (2,354 cases), and a 1.01-fold decrease between medium- and long-term 

time periods (446 cases), showing that the epidemic peak increased until the long-term time 

period, before decreasing. The same pattern occurred for the cumulative case counts (1.72-fold 

increase between the present outbreak and the short-term time period (133,715 cases), a 1.08-

fold increase between short- and medium-term (23,109 cases), and a 1.06-fold decrease between 

medium- and long-term time periods (16,101 cases)). The number of weeks to peak incidence 
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increased from the present time and mid-term time period (45 weeks to 53 weeks), before 

reducing between the mid-term time period and long-term time period to 52 weeks. The outbreak 

duration increased from the present time to the short-term time period (10 to 12 weeks) before 

decreasing to 11 weeks between the short-term time period and the long-term time period (Table 

4.4).  

 

4.4.3 Sensitivity analysis 

The increase in the death rate of mosquitoes per week, caused by the increase in temperature, 

resulted in a reduction of the peak case count and outbreak duration (Table 4.5).  The increase in 

temperature also increased the development rate, which, in turn, increased the peak count and 

duration of the outbreak but decreased the number of weeks to the peak case count. The 

decreased EIP (increased rate) increased both the peak case count and the outbreak duration. 

 

4.5 Discussion  

The objective of this study was to determine how ZIKV disease outbreaks in subtropical regions 

may change under different future climate scenarios. In particular, we explored the effects of 

climate change on peak incidence, peak timing, final outbreak size, and outbreak duration. There 

have been several studies investigating ZIKV with and without the impacts of climate (Buitrago 

Boret et al., 2017; Dantas et al., 2018; Fitzgibbon et al., 2017; Gao et al., 2016; Ogden et al., 

2017; Suparit et al., 2018; Tesla et al., 2018; Wang et al., 2017). This study contributes to 

research on ZIKV by investigating how ZIKV epidemiology may change under future climate 

scenarios in Brazil specifically. We found that, first, there was a non-linear relationship between 

projected climate change and ZIKV transmission; second, human cases of ZIKV disease 
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increased as temperature increased in the short- and medium-term time periods, but this increase 

was slightly lower in the longer-term time period; and finally, the outbreak length decreased as 

temperature increased indicating transmission occurs faster within the population with increasing 

temperature.  

 

Our findings showed a general increase in human cases of ZIKV disease with increasing 

temperature under future climate conditions. This pattern has previously been predicted for 

dengue, where there was a sharp increase in projected dengue transmission before 2050, 

followed by a smaller increase after 2050 (Åström et al., 2012). The pattern we observed was 

due to a combination of the rapid increase in temperature over the short- and medium-term time 

period (anticipated to be 0.4°C under RCP4.5) compared to a slower increase in temperature over 

the long-term time period (0.6°C under RCP4.5) (CORDEX-SAM44, n.d.) in combination with 

the non-linear relationships between temperature and temperature-dependent parameters, EIP, 

development and death rates (Marinho et al., 2016; Tesla et al., 2018). We found that, for 

RCP8.5, the maximum number of symptomatic infectious individuals was higher in the medium-

term time period versus the long-time period, which is different from RCP4.5. This trend 

occured because the projected average temperature between 2071 – 2100 under RCP8.5 is often 

greater than 28 °C. A temperature of 28 °C is the threshold at which the development rate of 

Aedes spp. of mosquitoes are counterbalanced by the effects of the temperature on the death rate, 

causing the mosquito population size to contract (Marinho et al., 2016; Rogers, 2015; Tesla et 

al., 2018).  
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Our findings suggest that the duration of an outbreak will decrease as temperature increases. The 

shorter duration is due to a shorter EIP and quicker development rate, thereby allowing the 

mosquitoes to spread the virus faster between susceptible individuals. This trend was observed in 

the long-term time period for RCP4.5 and the medium-term time period for RCP8.5, which also 

have higher outbreak size than the previous time periods. Previous studies have also suggested 

that climate change may result in an increased incidence of mosquito-borne diseases, including 

West Nile virus (Paz, 2015) and dengue (Ebi and Nealon, 2016; Lee et al., 2018; Patz et al., 

1998) due to increasing temperatures, which corresponds with our findings. The shorter outbreak 

may also indicate a less intense outbreak overall, as observed in the long-term time period for 

RCP8.5, which projected a smaller outbreak size than the previous time period due to the 

decrease in mosquito abundance. This reduction in outbreak duration has also been projected for 

subtropical and tropical regions where long-term climate change is anticipated to be above the 

optimal climatic suitability for mosquito development and viral replication, such as dengue in 

Australia (Williams et al., 2016). 

 

The sensitivity analysis showed that, with increased temperature, the increased death rate in 

mosquitoes decreased the peak incidence in humans, while the increased development rate and 

EIP increased the peak incidence. The outbreak duration followed the same pattern. These 

findings are consistent with a previous study that found that mosquitoes’ mortality rate increased 

with increasing temperature, while EIP decreased with increasing temperature (Lee et al., 2016). 

Of the three temperature-dependent variables, death and development rates were most sensitive 

to temperature increases; therefore, much of the increase in cases may be explained by the 

impact of temperature on the lifecycle of mosquitoes rather than the impact of temperature on 
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virus replication within mosquitoes. A modelling study conducted on dengue in China also found 

the mosquito lifecycle to be important in explaining dengue outbreaks, as infected mosquitoes 

must survive the length of the EIP before they can spread dengue (Li et al., 2018). 

 

Our study is not without limitations.  This model employed some simplifying assumptions and 

did not capture Brazil’s population or geographic heterogeneity, which can influence parameters 

in the model (Carlson et al., 2016; Perkins et al., 2016). Our fitted transmission rates were small, 

possibly because the total number of reported cases of ZIKV disease (132,084) was small 

compared to the overall number of cases that occurred and to the population of Brazil 

(209,568,000), resulting in a small overall attack rate (0.0006%). The ZIKV disease incidence 

data were not available at the county-level, and the model was therefore fitted at the national 

level. Model calibration was conducted using one outbreak year (2016), and thus it is possible 

that model results are biased and could be underreporting ZIKV disease incidence in Brazil 

(Morrison and Cunha, 2020). Despite the simplifying assumptions, the model fit the outbreak 

data well. The model also did not take into account changes that may occur over time in Brazil, 

such as deforestation and other land changes, which have an impact on mosquito-borne diseases 

by introducing more cases as contact between human and mosquito populations increases 

(Lambin et al., 2010; Macdonald and Mordecai, 2019). Previous studies have noted that 

precipitation impacts mosquito-borne diseases by creating or destroying potential egg-laying 

locations (Alto and Juliano, 2001; Lega et al., 2017). Precipitation in Brazil is expected to 

decrease under future climate conditions (IPCC, 2014). The increased temperatures and 

decreased precipitation are expected to reduce Aedes spp. populations (Alto and Juliano, 2001; 

Ryan et al., 2018), especially Ae. albopictus across all of Brazil, and Ae. aegypti mainly in the 
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Amazon basin (Ryan et al., 2018). Thus, this study may overestimate ZIKV incidence as 

precipitation decreases over time in combination with temperature increase. There are 

uncertainties in the precipitation signal under climate change over tropical areas, especially for 

extreme rainfall over continental areas (IPCC, 2013; Kent et al., 2015). Further research is 

required using precipitation signals from CORDEX runs. Despite our model’s simplicity, it can 

be used as a framework for more complex models.  

  

Our model did not explore other forms of ZIKV transmission, such as sexual transmission, blood 

transfusions, or vertical transmission. These modes of transmission contribute only a small 

proportion of ZIKV transmissions and have a negligible impact on the outcome (Gao et al., 

2016; Lowe et al., 2018). A modelling study estimated 3.04% of ZIKV disease cases are 

transmitted via sexual transmission, and that this is not a viable transmission route to sustain an 

outbreak (Gao et al., 2016). Last, there are inherent uncertainties in climate models (Soden et al., 

2018; Wootten et al., 2017); however, we used an ensemble of models to reduce the impact of 

biases and uncertainty in individual climate models.   

 

4.6 Conclusion  

Climate change is anticipated to have an impact on human health in general and on mosquito-

borne diseases. Climate change is expected to increase Brazil's overall temperature, thereby 

increasing the mosquito population with potential consequences to humans. This study explored 

and quantified the impact of increasing temperature due to climate change on a ZIKV disease 

outbreak similar to Brazil in 2016. Findings from this study show that the impact of temperature 

will vary across different time periods depending on the climate change trajectory in Brazil. This 
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trend is anticipated to have a subsequent impact on other countries that may observe an increase 

in imported cases of mosquito-borne diseases due to climate change.  Further research should 

focus on more regionalized models, such as specific regions in Brazil that vary from one another, 

both at the present and future climate, and include other predictors, such as land-use changes and 

regional changes in precipitation and climate variability. Our study highlights the need for 

advanced preparation, mitigation, and prevention of future outbreaks of mosquito-borne diseases 

compounded by climate change. 
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4.8 Tables 

Table 4.1: Best fit parameters by week used in the ZIKV compartment model (T = temperature), 

where the transmission parameters were fitted to the 2016 ZIKV Brazil incidence data (Health 

Information Platform for the Americas (PLISA), n.d.). 

Symbol Name Description 

Best-fit value 

per week 

(distribution) 

Source 

&! Transmission rate 

(mosquito to 

human) 

 

Rate at which 

infected mosquitos 

infects susceptible 

humans per week 

2.65e-9 Fitted to 2016 

Brazil ZIKV 

incidence 

&" Transmission rate 

(human to 

mosquito) 

 

Rate at which 

infected humans 

infect susceptible 

mosquitos per 

week 

2.32e-8 Fitted to 2016 

Brazil ZIKV 

incidence 

+ Proportion of 

symptomatic 

humans 

Proportion of 

infected humans 

who develop 

symptoms  

 

0.2  (Duffy et al., 

2009; Zhang 

et al., 2017) 
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)! Reciprocal of the 

intrinsic 

incubation period 

(human) 

Rate of symptom 

onset after initial 

infection per week 

(human) 

 

0.84  

(scale = 0.78, 

shape = 3.5) 

(gamma) 

(Lee et al., 

2016; Suparit 

et al., 2018; 

Zhang et al., 

2017) 

)" Reciprocal of the 

extrinsic 

incubation period 

(mosquito) 

Rate at which 

mosquitoes are 

able to infect at the 

next blood meal 

after initial 

infection per week 

0.74  

(scale = 0.7, 

shape = 1.4) 

(gamma) 

 

(Caminade et 

al., 2017; Lee 

et al., 2016; 

Suparit et al., 

2018; Zhang 

et al., 2017) 

 

, Duration of 

infectiousness 

(human)  

Rate at which 

symptomatic and 

asymptomatic 

humans cease to 

be infectious per 

week 

 

1.20 

(scale = 1.0, 

shape = 2.3) 

(gamma) 

(Caminade et 

al., 2017; Lee 

et al., 2016; 

Suparit et al., 

2018; Zhang 

et al., 2017) 

6 Death rate 

(mosquito) 

The rate at which 

mosquitos die per 

week 

0.31 (Lee et al., 

2016; Suparit 

et al., 2018) 
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(min = 0.3, 

mean = 0.35, 

max = 0.9)  

(PERT) 

 

 

4 Development rate 

(mosquito) 

The rate at which 

mosquitoes 

develop from 

hatching to adult 

0.60 

(min = 0.5, 

mean = 0.58, 

max = 0.7) 

(PERT) 

 

(Lee et al., 

2016; Suparit 

et al., 2018) 

 

 

Table 4.2: Best fit initial conditions used in the non-climate dependent ZIKV compartment 

model, where the initial mosquito conditions were fitted to the 2016 ZIKV disease Brazil 

incidence data (Health Information Platform for the Americas (PLISA), n.d.). 

Symbol Name Value Notes/Source 

N Total human population 

 

209,568,000 (United Nations 

Population Division, 

2019) 

 

S Susceptible humans 

 

209,538,028 Total human 

population minus 
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remaining human 

compartments  

(N – E – I – A – R) 

E Exposed humans 

 

6,868 fitted 

I Infectious humans 

(symptomatic) 

 

2,525 First day of case 

count (Health 

Information Platform 

for the Americas 

(PLISA), n.d.) 

 

A Infectious humans 

(asymptomatic) 

10,100 Estimated to be 80% 

of the number of 

symptomatic humans 

(Duffy et al., 2009) 

 

R Recovered humans 10,478 Estimated (0.005% of 

the population) 

 

M Total mosquito population 419,136,000 Estimated to be 

double the human 
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population for each 

time period 

(Fitzgibbon et al., 

2017; Wang et al., 

2017) 

 

X Susceptible mosquitoes 419,128,869 Total mosquito 

population minus 

remaining mosquito 

components  

(M – Y – Z) 

 

Y Exposed mosquitoes 5,398 Fitted to 2016 Brazil 

ZIKV incidence 

 

Z Infectious mosquitoes  1,706 Fitted to 2016 Brazil 

ZIKV incidence 
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Table 4.3: Polynomial equations to describe the parameters’ relationship to temperature (°C) 

Parameter Polynomial Equation Source 

Extrinsic incubation period 1/(1.213e3 - 1.463e2*T + 

6.66*T^2 - 1.35e-1*T^3 + 

1.026e-3*T^4)*7 

 

(Tesla et al., 2018) 

Death rate (mosquito) 1/(-67.7638 + 7.4757*T - 

0.1503*T^2))*7 

 

(Marinho et al., 2016) 

Development rate (mosquito) 1/(120.73617 - 6.49746*T + 

0.09554*T^2)*7 

(Marinho et al., 2016) 

 

Table 4.4: Model results fit to the current outbreak (baseline scenario) and under future climates 

(RCP 4.5 and 8.5) for short-, medium-, and long-term time periods. In each column, blue 

indicates lower values, white indicates mid-range values, while red indicates higher values.  The 

percentages below the values at the percent change when the outcome value is compared to the 

best fit model for the baseline outbreak. For references for the cumulative case count values, the 

estimated projected population of Brazil averaged for the short-, medium-, and long-term time 

periods are 221,537,000, 230,769,000, and 220,976,000 respectively (United Nations Population 

Division, 2019) 
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RCP 

Scenario 
Time Periods 

Peak 

symptomatic 

incidence 

Cumulative 

incidence 

Number of 

weeks to peak 

cases 

Duration of 

outbreak  

(# of weeks) 

Baseline 2016 ZIKV 

Outbreak 
10,473 132,084 9 41 

 Fitted results 

for outbreak 
9,397 117,425 10 45 

RCP4.5 2011 – 2040 

(Short-term) 

19,589 

(108% increase) 

262,501 

(124% increase) 

12 

(20% increase) 

53 

(18% increase) 

 2041 – 2070 

(Medium-term) 

21,342 

(127% increase) 

281,439 

(140% increase) 

12 

(20% increase) 

53 

(18% increase) 

 2071 – 2100  

(Long-term) 

22,030 

(134% increase) 

287,546 

(145% increase) 

12 

(20% increase) 

52 

(16% increase) 

RCP8.5 2011 – 2040 

(Short-term) 

19,878 

(112% increase) 

265,799 

(126% increase) 

12 

(20% increase) 

53 

(18% increase) 

 2041 – 2070 

(Medium-term) 

22,232 

(137% increase) 

288,908 

(146% increase) 

12 

(20% increase) 

52 

(16% increase) 

 2071 – 2100  

(Long-term) 

21,786 

(132% increase) 

272,807 

(132% increase) 

11 

(10% increase) 

50 

(11% increase) 
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Table 4.5: Results of the sensitivity analysis for the death rate (µ), mosquito development rate 

(δ), and EIP (λ2), where the parameters were calculated using their respective relationships to 

temperature (Table 4.3) at 26 °C and 27 °C. In each column, blue indicates lower values, white 

indicates mid-range values, while red indicates higher values. 

Parameter Temperature 
Value per 

week 

Peak 

incidence 

Number of 

weeks to 

peak 

Duration of 

outbreak  

(# of weeks)  
 

µ 26°C 0.28 15,347 12 52  

  27°C 0.29 13,315 12 50  

δ 26°C 0.43 9,397 11 45  

  27°C 0.47 11,182 10 46  

1/λ2 26°C 0.94 11,973 11 45  

  27°C 1.15 12,249 11 46  
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4.9 Figures 

 

Figure 4.1: The compartmental structure of the model, where S represents the number of 

susceptible humans, E are exposed humans, I are symptomatic infectious humans, A are 

asymptomatic infectious humans, R are recovered humans, X are susceptible mosquitoes, Y are 

exposed mosquitoes, and Z are infectious mosquitoes. The virus is transmitted from mosquitoes 

to humans with a probability of β1 when infectious mosquitoes take a blood meal from 

susceptible humans, and the virus is transmitted from humans to mosquitoes with a probability of 

β2 when susceptible mosquitoes take a blood meal from infectious humans (asymptomatic and 

symptomatic, as denoted by the dotted line). Model parameters and initial conditions are 

described in tables 4.1 and 4.2, respectively. 
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Figure 4.2: Scatterplots showing the relationship of the three mosquito temperature-dependent 

parameters (EIP, lifespan, and development time) with temperature (°C).  The red circles indicate 

the original field and laboratory data points. The EIP equation is based on data from Tesla et al., 

2018, and the lifespan and development days of mosquitoes were based on Marinho et al., 2016. 
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Figure 4.3: Incidence of symptomatic ZIKV disease cases (black) over time in weeks according 

to the model output when the symptomatic infectious human compartment is fitted to the 

observed incidence of the 2016 ZIKV disease outbreak in Brazil (red dots and lines), from 

January to mid-October (Week 1 begins at January, week 10 at March, week 20 in mid-May, 

week 30 at the end of July, and week 41 at mid-October) 
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Figure 4.4: Zika virus disease incidence (Compartment I) projected under RCP4.5, from 2011 – 

2040 (blue), 2041 – 2070 (orange), and 2071 – 2100 (red), compared to weekly ZIKV disease 

incidence case count data in Brazil from the 2016 ZIKV disease outbreak (black dots and lines) 

and the model output fitted to the 2016 outbreak (purple) 
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Figure 4.5: Zika virus disease incidence (Compartment I) projected under RCP8.5, from 2011 – 

2040 (blue), 2041 – 2070 (orange), and 2071 – 2100 (red), compared to weekly ZIKV disease 

case count data in Brazil from the 2016 ZIKV disease outbreak (black dots and lines), and the 

model output fitted to the 2016 outbreak (purple) 
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5 CHAPTER FIVE 

Investigating the risk of the importation of yellow fever and Zika virus disease 
from Brazil to Canada under current and future climate  

 
Currently in preparation for submission to the Journal of Travel Medicine 

 

5.1 Abstract 

Background: The distribution of Zika virus disease (ZVD) and yellow fever (YF) may vary with 

climate change. As temperature increases, the distribution and development of mosquitoes also 

change, potentially allowing viruses to develop faster. With these changes, the likelihood of 

importing pathogens carried by mosquitoes to locations where they are not endemic may also 

vary. This study investigated the importation of ZVD and YF, via human travel, into Canada 

from Brazil under current and future climate. 

 

Methods: The risk of Zika virus- and yellow fever virus-infected travellers entering Canada 

from Brazil under current climate was quantified using a combination of compartment and 

importation models. The risk for the current time period was estimated using the current number 

of imported cases into Canada to fit the models. Compartmental models were used to estimate 

the projected disease incidence in Brazil for future time periods, which were then used to 

estimate the number of future imported cases into Canada for the corresponding time periods 

under two climate change scenarios (representative concentration pathways 4.5 and 8.5).  

 

Results: For ZVD, the number of imported cases increased as temperature increased, except for 

RCP8.5, where there was an overall decrease in the number of imported cases for the time period 
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2070 – 2100. There were no projected YF imported cases under the current time period and 

future time periods with climate change. 

 

Conclusions: Climate change is anticipated to impact the distribution of mosquito-borne 

diseases, with potential implications for their importation by travellers from disease-endemic 

countries to non-endemic countries.  Our study focused on the importation of two pathogens 

from one country and suggests climate change will have varying impacts on the introduction of 

exotic mosquito-borne diseases into Canada. 

 

5.2 Introduction 

As the world becomes more integrated through globalization, mosquito-borne diseases (MBDs) 

will likely be identified in regions where the disease may not be endemic, due to human travel 

and trade (Chen et al., 2013; Dorigatti et al., 2019; Ng et al., 2017; Ng et al., 2019; Ogden and 

Gachon, 2019). Also, as average temperatures become warmer as a result of climate change, 

mosquitoes are expected to move into locations that were previously unsuitable (Khan et al., 

2020; Ogden et al., 2014). Therefore, there is a risk of local transmission of non-endemic MBDs 

if an individual returns with a MBD, and a competent mosquito happens to bite them. This local 

transmission could have consequences on the healthcare system, as the disease, which is new in 

the region, may not be recognized. Currently, it is unknown how the importation of diseases will 

be impacted by climate change. If there are more cases being imported, it is possible the 

likelihood of local transmission will also be greater if competent mosquitoes are also present. 
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Haemagogus species of mosquitoes transmit yellow fever virus (YFV) in jungle environments in 

South America and Aedes aegypti and Ae. albopictus in urban locations (de Abreu et al., 2019). 

Haemagogus spp. feed on non-human primates; however, humans can be infected sporadically in 

sylvatic transmission cycles at the border between forested areas and peri-urban or rural 

locations. Rarely, humans can then travel to urban environments and become part of the urban 

transmission cycle. (Bryant et al., 2007; Chippaux and Chippaux, 2018). About 55% of 

individuals infected with YFV are asymptomatic, 26% experience mild symptoms, and about 

19% experience severe symptoms that can lead to death (Johansson et al., 2014; Monath, 2001). 

There is an effective YFV vaccine that is safe and affordable (Monath and Vasconcelos, 2015). 

 

Unlike YFV, Zika virus (ZIKV) is primarily transmitted by Ae. aegypti and Ae. albopictus 

(Lowe et al., 2018; Weaver et al., 2016). These mosquitoes are both found in urban and suburban 

areas; however, while Ae. aegypti is more dominant in tropical locations, the cool-tolerant Ae. 

albopictus can be found in temperate locations (Lowe et al., 2018; Weaver et al., 2016). Zika 

virus can also be transmitted sexually, vertically from mother-to-child, and via blood transfusion; 

although these transmission methods are not as common as transmission by mosquitoes (Lowe et 

al., 2018; Weaver et al., 2016). About 80% of individuals infected with ZIKV are asymptomatic 

(Duffy et al., 2009; Lowe et al., 2018). Comparing the Zika virus disease (ZVD) and yellow 

fever (YF) outbreaks, there were more cases of ZVD in Brazil than YF, where the size of the 

ZVD outbreak was 132,084 and of YF was 1,259. The length of the ZVD outbreak also was 

longer (January to mid-October) versus YF (Mid-December to March) (Health Information 

Platform for the Americas (PLISA), n.d.; Ministry of Health, 2018). 
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Global climate change is primarily caused by human-induced activities; these include increased 

greenhouse gas emissions (GHG) and air pollutants from fossil fuel consumption (Nema et al., 

2012). There are four Representative Concentration Pathways (RCPs) to predict future climate, 

which are defined by the total cumulative measure of human emissions of GHG by 2100 (van 

Vuuren et al., 2011). The RCP scenarios are RCP2.6, the best-case scenario where the global 

temperature increases by 1.5 °C; RCP4.5 (2.4 °C increase) and RCP6.0 (3.0 °C increase), 

intermediate scenarios; and RCP8.5, the worst-case scenario, where the global temperature 

increases by 4.9 °C (van Vuuren et al., 2011; IPCC, 2014). 

 

With climate change, new regions in Brazil may become suitable for mosquitoes, such as higher 

elevations or in temperate regions, while others may become unsuitable, such as parts of the 

Amazon (Lowe et al., 2018). For mosquito-borne disease (MBDs) to become established in new 

locations, there must be the presence of the virus brought in by mosquitoes, animals, or humans; 

the presence of suitable mosquitoes to transmit the virus from person-to-person; and the presence 

of suitable hosts to carry the virus and allow the virus to replicate for MBDs requiring a reservoir 

host.  

 

The anticipated change in MBDs due to climate change is also expected to impact the number of 

imported cases (Chen et al., 2013; Ng et al., 2017; Ng et al., 2019; Ogden and Gachon, 2019). As 

airline travel increases in volume, the risk of importing MBDs in returning travellers also 

increases (Dorigatti et al., 2019). The importation of MBDs allows for potential local spread in 

the destination country if suitable mosquitoes are present. Temperate locations, such as Canada, 

may become suitable for mosquitoes generally found in subtropical or tropical locations due to 
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increasing temperature (Khan et al., 2020; Ng et al., 2017; Ogden et al., 2014). Over 1,000 cases 

of MBDs per year, including malaria, dengue, and chikungunya, have been reported in returning 

travellers to Canada (Boggild et al., 2016a; Boggild et al., 2016b; Drebot et al., 2015; PHAC, 

2020; Tataryn et al., 2018; Therrien et al., 2015). Between 2015 and 2017, 513 cases of ZIKV 

were reported in returning travellers to Canada; four of these cases were imported from Brazil 

(Tataryn et al., 2018). Between 1991 and 2018, there were 15 imported cases of YFV and zero 

during the 2017/18 YFV outbreak in Brazil (PHAC, 2020).  

 

Importation models quantify the risk and number of imported cases that enter a country from a 

location where the disease is endemic (Lopez et al., 2016). Previous models have estimated the 

risk of MBD importations into non-endemic countries via returning travellers (Dorigatti et al., 

2019; Massad and Wilder-Smith, 2009; Massad et al., 2016). There are currently no published 

models quantifying the number of imported cases of MBDs into Canada under current and future 

climate.  

 

The objective of this research was to investigate the importation of YF and ZVD into Canada 

from Brazil under current and future climate for three time periods: 2011 – 2040, 2041 – 2070, 

and 2071 - 2100. This objective was achieved by combining previously published compartment 

models of these diseases with importation models to estimate the number of imported cases 

under the future climate scenarios. By knowing the quantity of imported cases, advanced 

preparation could be made to protect individuals from exotic MBDs. 
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5.3 Materials and Methods  

5.3.1 Data sources 

Weekly case counts of the 2016 ZVD outbreak in Brazil were obtained from the Pan American 

Health Organization (PAHO) and aggregated by month (Health Information Platform for the 

Americas (PLISA), n.d.). Weekly case counts of the 2017/18 YF outbreak were extracted from 

the Brazilian Ministry of Health epidemic curve using ImageJ, and aggregated by month 

(Ministry of Health, 2018) (Rasband, W.S., ImageJ, U. S. National Institutes of Health, 

Bethesda, Maryland, USA, https://imagej.nih.gov/ij/, 1997-2018). The number of imported cases 

of ZVD in Canada was obtained through the Public Health Agency of Canada (PHAC), with 

permission from the provinces, as ZVD is not a reportable disease. Non-reportable diseases are 

not required to be reported to the federal government. Yellow fever is a reportable disease and, 

thus, the number of imported cases of YF in 2017/18 was obtained from Notifiable Diseases 

Online (Government of Canada, 2020).  The monthly volume of individuals travelling by plane 

from Canada to Brazil from 2015 – 2017, including indirect flights, was obtained from the 

International Air Transport Association (IATA, n.d.). The length of stay of Canadian residents in 

Brazil and proportion of residents returning versus tourists travelling to Canada from Brazil were 

estimated from the International Travel Survey (ITS, 2018). 

 

5.3.2 Compartment models 

The number of infectious individuals expected under future climate scenarios in Brazil was 

projected from previous compartment models and used as an input for the importation model 

(Chapters 3 and 4). The previous models explored the 2016 ZVD and 2017/18 YF outbreaks in 

Brazil, and the outbreaks under future climate scenarios for RCP4.5 and 8.5 for the three time 
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periods, 2011 – 2040, 2041 – 2070, 2071 – 2100. Outputs of the previous models, the number of 

infectious individuals and duration of the outbreak (number of days between the first and last 

case), for each scenario were used as an input for the importation model.  

 

5.3.3 Importation model 

Imported cases of YF and ZVD into Canada from Brazil via air travel were quantified using a 

previously published method (Dorigatti et al., 2019), and modified to determine the monthly 

number of imported cases, rather than the total cases across the entirety of the outbreak. The 

imported cases during the outbreaks were estimated using: (i) the length of stay of Canadian 

residents visiting Brazil, (ii) the incubation period of the viruses within humans, (iii) the risk 

period (number of days between symptom onset of the first case and symptom onset of the last 

case in Brazil during the time period of interest), (iv) the total air passenger volume of travellers 

from Brazil to Canada, (v) the observed (for the outbreak years) and projected (for the three 

future time periods) case incidence in Brazil during the outbreaks, (vi) the proportion of 

asymptomatic individuals and, for YF, (vii) the proportion of vaccinated travellers and vaccine 

effectiveness (Table 5.1).  

 

In this model, for both ZVD and YF, the monthly cumulative number of reported and projected 

cases in Brazil (C) was adjusted by multiplying the proportion of asymptomatic individuals (a) to 

symptomatic individuals by the number of symptomatic cases (c) and then adding that product to 

the number of symptomatic cases:  

! = # + !
(#$!) ∗ #            (Equation 1) 
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The per capita risk of infection for individuals in Brazil (r) was calculated using: 

& = &∗(
()$*)∗+             (Equation 2) 

where C is the cumulative number of cases for one month, L is the length of stay of visitors from 

Canada in Brazil, N is the population of Brazil, P is the population of Brazil with acquired 

immunity (either through natural infection or via vaccination for YFV), and 8 is the risk period. 

 

The probability that an infected traveller is incubating an infection (p) is calculated by 

determining the minimum value of either the division of the incubation period ()) and the risk 

period (8) or the value 1: 

p = min	(,+ , 1)           (Equation 3) 

 

Next, the number of imported cases from residents returning to Canada (Ra) and tourists 

travelling to Canada (Rb) were calculated separately in order to take into account population 

susceptibility through differences in vaccination, and the length of stay in Brazil of Canadian 

residents who have travelled to Brazil.  

 

The equation to calculate the number of imported cases from residents returning to Canada (Ra) 

was different for ZVD and YF as the equation in the context of YF accounted for the use of 

vaccination. For ZVD, the number of imported cases from residents returning to Canada (Ra) was 

the product of the proportion of travellers from Brazil to Canada who are residents of Canada 
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(Ta), the number of travellers from Brazil to Canada (t), the per capita risk of infection (r), and 

the probability that an infected traveller is incubating (p): 

0! = (1! ∗ 2) ∗ & ∗ 3          (Equation 4a) 

 

The number of imported cases from returning residents of Canada for YF (Ra) was calculated 

using: 

0! = (1! ∗ 2) ∗ [1 − (36 ∗ 78)] ∗ & ∗ 3      (Equation 4b) 

where Ta was the estimated proportion of travellers from Brazil to Canada who are residents of 

Canada, t was the number of travellers from Brazil to Canada, pv was the vaccination coverage 

of residents of Canada, VE was the vaccine effectiveness, r was the per capita risk of infection, 

and p was the probability that an infected traveller is incubating. 

 

The probability of travel during the risk period for tourists travelling to Canada (pb) was 

calculated by dividing the product of the estimated proportion of travellers from Brazil to Canada 

who are tourists in Canada (Tb) and the number of travellers from Brazil to Canada (t) by the 

population of Brazil (N): 

3- = .!∗/
)             (Equation 5) 

 

The number of exported cases from tourists travelling to Canada (Rb) was the product of the 

cumulative number of cases that occurred in one month (C), the probability that an infected 

traveller is incubating (p), and the probability of travel during the risk period for Brazilian 

residents (pb): 
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0- = ! ∗ 3 ∗ 3-           (Equation 6) 

 

Therefore, the total number of cases imported into Canada (I) was calculated by the addition of 

the number of exported cases from residents returning to Canada from Brazil (Ra) and the 

number of exported cases from tourists travelling from Brazil to Canada (Rb): 

: = 0! + 0-          (Equation 7) 

 

We assumed: 1) travellers visiting Brazil had the same probability of being bitten by a mosquito 

and subsequently acquiring the virus as residents of Brazil and 2) the probability of acquiring the 

disease was the same throughout the outbreaks. 

 

5.3.4 Optimization 

We used least squares optimization to estimate the length of stay of Canadian residents in Brazil, 

incubation period, and proportion of travellers from Brazil to Canada who are tourists in Canada 

for the period of the two outbreaks. We chose these parameters because we estimated the length 

of stay and proportion, and there was a range of values for the incubation periods, especially for 

ZIKV. We conducted the optimization by fitting the estimated monthly imported cases to the 

observed imported cases in Canada for ZVD in 2016 and YF in 2017/18 (Government of 

Canada, 2020).  We found the global minimum by running ten thousand iterations using the 

Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm to estimate the parameters against 

constraints found in the literature (Table 5.1). Optimization was conducted using 



 

 

 172 

R’s optim function (R Core Team, 2019, Vienna, Austria). To assess model fit the root mean 

squared error (RMSE) was calculated. 

 

5.3.5  Importation of cases under future climate scenarios 

We estimated the number of monthly imported cases from Brazil to Canada using equations 1 – 

7 with two changes to reflect the future climate. First, the magnitude and duration of the outbreak 

in the future climate scenarios was estimated using the projected case incidence of ZIKV and 

YFV from previous models (Chapters 3 and 4). The duration of the outbreak was used to 

estimate the future risk periods (w). Second, the number of future air travel passengers was 

estimated with the assumption that air travel will increase. We used IATA data from 2015 – 

2017 (IATA, n.d.) and assumed that the number of passengers between Canada and Brazil would 

double by 2039 based on a projection of air travel for 2039 conducted by the Federal Aviation 

Association (FAA, 2019). A linear interpolation and extrapolation function was applied to derive 

the monthly passenger volume for the period from 2011 – 2100. The monthly averages were then 

calculated for three-time periods (2011 – 2040, 2041 – 2070, and 2071 – 2100). The monthly 

averages for passenger volume were incorporated into the importation equations for estimating 

imported cases in future time periods. We assumed that all other parameters would remain the 

same. 

 

5.3.6 Sensitivity analysis 

A univariate sensitivity analysis was conducted on the length of stay and proportion of travellers 

from Brazil to Canada who are tourists of Canada in the ZVD importation model to explore how 

variations in these parameters might impact the estimated number of imported cases, as there is 
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high variation in these parameter values. The sensitivity analysis was conducted by varying one 

parameter at a time within a set distribution to determine the impact on model results. For the YF 

model, a sensitivity analysis was also explored for vaccine effectiveness, and the proportion of 

travellers vaccinated, as these parameters were estimated. We also explored the impact of the 

number of cases and volume of airline travel for January to determine the relative impact on the 

number of imported cases. Further methods and results of the sensitivity analysis can be found in 

A4.1. 

 

5.4 Results  

5.4.1 Fitted importation model for ZVD  

Surveillance data of imported cases of ZVD indicated that, in 2016, there were four cases 

imported from Brazil (Tataryn et al., 2018). Our model results estimated one imported case of 

ZIKV from Brazil to Canada for each month between January to May; five in total (projections 

above 0.5 was counted as one case) (Fig. 5.1). The RMSE calculated from the monthly observed 

and projected imported cases was 0.45, indicating good model fit. The risk for imported ZIKV 

cases from Brazil to Canada peaked in March, which corresponded to the peak number of cases 

during the 2016 outbreak.  

 

5.4.2 Predicted imported ZVD cases under climate change 

For RCP4.5 (Fig. 5.2), there was an increase from the outbreak year with each time period, 

where the total number of yearly imported cases was predicted as 40 for the short-term time 

period (8.0-fold increase from 2016), 85 for the medium-term time period (2.13-fold increase 

from the short-term time period) and 113 for the long-term time period (1.33-fold increase from 
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the medium-term time period). In future time periods, the peak of imported cases was delayed 

from March to April. For RCP8.5 (Fig. 5.2), the number of yearly projected imported cases still 

increased over time compared to the current period; however, it was of lower magnitude 

compared to RCP4.5. The total number of yearly projected imported cases was 41 for the short-

term time period, 75 for the medium-term time period and 81 for the long-term time period, 

resulting in a respective 5.13-, 1.83-, and 1.08-fold increase in the total number of imported 

cases, respectively.  The highest increase in both RCP scenarios occurred between the current 

and the medium-term time period. 

 

5.4.3 Fitted importation model for YF 

There were zero cases of YF reported in Canada in 2017-2018 (Government of Canada, 2020) 

and our model concurs with zero cases of imported YF cases projected by the importation model 

for the outbreak year (Fig. 5.3). The RMSE value was 0.0043, indicating that our model fit the 

surveillance data of imported YFV cases in Canada well.  

 

5.4.4 Predicted imported YF cases under climate change 

The potential number of imported cases never increases past one, indicating that the risk of an 

imported case of YF from Brazil to Canada is low (Fig. 5.4).  

 

5.5 Discussion  

Our objective was to investigate the potential for the importation of ZVD and YF from Brazil via 

infected travellers into Canada under current and future climate. Using a previously described 

model, we estimated the number of cases of ZVD and YF under future climate scenarios and 
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used these estimates as input into the importation model described in this study (Chapter 3; 

Chapter 4). The highest importation risk occurred in the months when transmission in Brazil was 

highest despite travel volume in these months from Brazil to Canada being low compared to 

other months of the year. Also, the risk of imported cases increased as temperatures in Brazil 

increased under both RCP4.5 and RCP8.5, and the number of imported cases of ZVD was much 

higher than for YF, likely due to the differences in outbreak size, and the presence of an effective 

vaccine for YF. 

 

Our findings indicated that the highest risk of ZVD importation occurred in March for 2016 and 

in April for the future time periods. This observation coincided with the months with the highest 

case counts of ZVD in Brazil despite travel volume being lower, suggesting imported cases are 

influenced strongly by the local situation in the country of origin. Our finding is supported by a 

study that has shown importation risk of other MBDs into non-endemic countries coincides with 

the months of highest incidence in the country of origin (Ogden et al., 2017; Polwiang, 2015; 

Tataryn et al., 2018). Additionally, Massad et al (2016) showed that imported ZVD cases from 

Brazil to Europe peaked during the same months (March and April) as our model projections, 

suggesting the situation in the country of origin will impact the number of imported cases into 

non-endemic countries. For YF, our findings indicate that, while there were no imported cases 

predicted, the highest risk of YF importation occurs in January. This observation coincides with 

both high travel volume (IATA, n.d.) and case incidence in Brazil (Ministry of Health, 2018).  

 

Our findings showed a general increase in the risk of imported cases of ZVD under future 

climate conditions, with a greater increase from 2016 to the long-term time period for RCP4.5, 
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than for RCP8.5. The increase is likely due to a combination of an increase in projected air travel 

over time, as importation of diseases has been linked to an increase in air travel (Arino et al., 

2020; Findlater et al., 2019; Gardner and Sarkar, 2013; Lopez et al., 2016) and the projected 

increase in outbreak size in Brazil with climate change (Chapter 4). While the projected number 

of imported cases over time may not be substantial, it is worth noting that this study focused on 

ZVD cases imported from only one country and that Brazil accounted for approximately 1% of 

imported ZVD cases in 2016 (Tataryn et al., 2018). Assuming a similar outbreak to the global 

outbreak in 2016 occurs, calculating from the 1%, Canada can expect an increase in imported 

cases of ZVD in the tens of thousands under RCP4.5 and in the thousands under RCP8.5 from 

countries experiencing a ZVD outbreak; a slight decrease in future time periods due to increasing 

temperature making climate in Brazil progressively less suitable for mosquitoes. This increase 

could put pressure on the Canadian healthcare system, with implications for vulnerable 

populations, such as pregnant women due to the possibility of microcephaly (Lowe et al., 2018; 

Weaver et al., 2016). Although this potential burden exists, the majority of projected imported 

cases would occur in the cooler months in Canada, meaning the risk of local transmission is 

unlikely. However, some imported cases are projected to occur between June and August. These 

are months in which local populations of Aedes spp. of mosquitoes have been identified in small 

parts of Canada (PHO, 2019; Windsor-Essex County Health Unit, 2020). These months also 

coincide with the time in which local populations of Aedes spp. of mosquitoes may become 

established due to climate change (Ogden et al., 2014, Ng et al., 2017 and Khan et al., 2020). Our 

findings therefore show an increasing risk for imported cases of exotic mosquito-borne diseases, 

such as ZIKV; possibly propagating local transmission in Canada with climate change. 
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The estimated number of cases of YF imported to Canada was less than that estimated to the US 

from Brazil (Dorigatti et al., 2019). The lower risk of YF is likely because there is 17 times more 

air travel between Brazil and the USA than between Brazil and Canada in 2016 (IATA, n.d.). We 

also found that the risk of importation of YF is much lower than ZVD. The difference in risk 

could be explained by the differences in outbreak magnitude and duration between the two 

viruses and the presence of a vaccine for YF. The duration and magnitude of the ZVD outbreak 

were greater than the YF outbreak (Health Information Platform for the Americas (PLISA), n.d.; 

Ministry of Health, 2018), meaning there was a greater risk period for ZVD than YF. Also, YFV 

is mostly transmitted in non-urban settings by mosquitoes that prefer feeding on non-human 

primates, Haemagogus mosquito species (Monath and Vasconcelos, 2015). In contrast, ZIKV is 

transmitted by mosquito species that prefer feeding on humans and are found in peri-urban and 

urban environments, i.e. Aedes mosquito species (Lowe et al., 2018; Weaver et al., 2016). 

Therefore, it is likely that there are more opportunities for humans to become infected with 

ZIKV than YFV. Another reason for the difference in imported cases is the presence of the YF 

vaccine, which could be used by both residents of, and travellers to, Brazil (Monath and 

Vasconcelos, 2015). Therefore, the Brazilian population is less susceptible to YFV than ZIKV, 

which has implications for both residents and tourists travelling to Canada, and the Brazilian 

population is likely to remain susceptible to ZIKV as long as a vaccine remains unavailable, due 

to waning immunity (Henderson et al., 2020). Thus, when considering the risk posed by exotic 

MBDs to Canada under future climate scenarios, it is important to consider the local situation, 

for example, the outbreak magnitude and duration of the outbreak in the originating country, as 

well as factors, such as population immunity and the availability of an effective vaccine.  

 



 

 

 178 

Our study is not without limitations. First, to simplify the model, we assumed that the 

populations were homogenously mixed, referring both to the residents of, and travellers to, 

Brazil. However, local transmission of ZIKV and YFV is most influenced by local factors, such 

as human population density and the gross domestic product of the region (Gardner et al., 2018), 

therefore we could be overestimating the number of imported cases as there are regions in Brazil 

with low population density, such as at higher elevations and in the Amazon rainforest. Second, 

we assumed that travellers have the same risk of exposure to disease as residents of Brazil; 

however, travellers may be less likely to travel to locations with high amounts of mosquitoes, 

particularly in the case of YF as Haemagogus spp. of mosquitoes, which circulate in non-urban 

environments, usually feed on non-human primates. Lastly, the estimated future case incidences 

of the diseases are from previously published models (Chapters 3 and 4). Thus, these findings 

inherently take on the limitations of the previous papers. While our study contains simplifying 

assumptions, it provides a foundation for estimating the change in imported cases as the climate 

continues to warm. 

 

5.6 Conclusion  

This study investigated the potential importation of ZVD and YF into Canada from Brazil under 

current and future climate. We found that the months at which the highest risk occurs coincided 

with the outbreak in the country of origin. Second, the risk of imported cases was anticipated to 

increase with climate change if the magnitude of the outbreak in the country of origin was high, 

if there were high travel volumes, or if population susceptibility was high. While the risk of 

imported cases generally does not overlap with months when local transmission is possible in 

Canada, some imported cases do occur in June and July, when there are active mosquito 
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populations, and this has implications for the risk of imported cases initiating local chains of 

transmission. Third, there was a greater risk for importation of ZVD than YF. The differences 

between the two diseases indicated that importation risk is driven by the outbreak situation in the 

country of origin, which is impacted by population immunity. Therefore, climate change will 

have varying impacts on the importation of different diseases, where the importation of ZVD 

increased as temperature increased, while the importation of YF never increased past one, 

indicating the risk of importation is low.  

 

5.7 Ethics Approval 

The ZVD data acquired from PHAC were used with permission from the provinces, provided no 

raw data were released. Ethics approval was acquired from both PHAC (REB 2018-0006) and 

the University of Guelph (REB 18-04-015) to use the ZVD data for these analyses. 
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5.9 Tables 

Table 5.1: Parameter values used in equations 1 – 7 for ZVD and YF, including estimated parameters fit to the 2016 ZVD and 

2017/18 YF outbreaks in Brazil, and an explanation of the parameters used.  

Symbol Name Description Zika virus 

(Distribution) 

(ref) 

Yellow fever 

(Distribution) 

(ref) 

Explanation of 

importance 

a Asymptomatic 

proportion 

Proportion of 

asymptomatic 

individuals  

0.8 

(Duffy et al., 

2009; Lowe et 

al., 2018) 

 

0.55 

(Johansson et al., 

2014; Monath, 

2001) 

Used to estimate 

the total number 

of cases from the 

number of 

symptomatic 

cases, and 

important as 

asymptomatic 

individuals also 
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transmit the virus 

to a mosquito if 

bitten. 

 

L Length of stay in 

Brazil 

Number of days 

from arrival in 

Brazil to departure 

from Brazil 

23.58 

Pert (3,12,30) 

(fit to cases of 

imported ZIKV 

in Canada) 

 

10.81 

Pert (3,12,30) 

(fit to cases of 

imported YFV in 

Canada) 

The period in 

which residents 

of Canada could 

be bitten by 

mosquitoes in 

Brazil and 

acquire ZIKV or 

YFV. An 

important 

numerator when 

calculating the 

potential for 
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returning to 

Canada 

infectious.  

 

l Incubation 

period  

Number of days 

from infection to 

disease 

transmission 

6.32  

Pert (3,10,14) 

(fit to cases of 

imported ZIKV 

in Canada) 

 

3.12 

Pert (3,4,7) 

(fit to cases of 

imported YFV in 

Canada) 

The length of 

time it takes for 

an individual to 

be transmissible, 

and potentially 

transmit the 

disease if bitten. 

 

w Risk period Number of days 

between symptom 

onset of the first 

case and symptom 

Jan – 31 

Feb – 28 

March – 31 

April – 30 

Dec – 14 

Jan – 31 

Feb – 28 

March - 31 

The period of 

time in which 

there are local 

cases of the 
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onset of the last 

confirmed case in 

Brazil during the 

time period of 

interest 

May – 31 

June – 30 

July – 31 

Aug – 31 

Sept – 30 

Oct – 14 

disease in Brazil 

during the 

outbreak. An 

important 

denominator 

when calculating 

the potential for 

travelling to 

Canada while 

infectious.  

 

N Population of 

Brazil 

Number of 

residents of Brazil 

in 2016  

209,568,000 

(United Nations 

Population 

Division, 2019) 

 

209,568,000 

(United Nations 

Population 

Division, 2019) 

Important when 

determining the 

risk of individuals 

residing in Brazil 

travelling to 
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Canada with the 

virus.  

 

P Population of 

Brazilians with 

acquired 

immunity 

Number of 

residents of Brazil 

who have acquired 

immunity through 

natural means 

(ZIKV or YFV) or 

vaccination (YFV) 

0.005% of the 

population 

(Estimated) 

80% of the 

population 

(Estimated, where 

about 50-60% of 

the overall 

population are 

immunized 

(Shearer et al., 

2017) and 97% of 

a rural Brazilian 

population have 

titres to YFV 

Important when 

determining the 

risk of a resident 

of Brazil 

travelling with 

the virus. 
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virus (Machado et 

al., 2013)) 

 

Ta Resident of 

Canada 

proportion 

Estimated 

proportion of 

airline passengers 

from Brazil to 

Canada who are 

residents of 

Canada 

 

36.8% of 

travellers 

Pert (0.3,0.4,0.7) 

36.8% of 

travellers 

Pert (0.3,0.4,0.7) 

Multiplied by the 

number of 

travellers from 

Brazil to Canada 

to estimate the 

number travellers 

who are residents 

of Canada 

 

Tb Tourist 

travelling to 

Canada 

proportion 

Estimated 

proportion of 

airline passengers 

from Brazil to 

63.2% of 

travellers 

(1 - Ta) 

63.2% of 

travellers 

(1 - Ta) 

Multiplied by the 

number of 

travellers from 

Brazil to Canada 
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Canada who are 

tourists travelling 

to Canada 

 

to estimate the 

number of 

tourists travelling 

to Canada 

 

pv Vaccination 

coverage of 

travellers to 

Brazil 

Proportion of 

Canadian 

travellers to Brazil 

who have been 

vaccinated 

 

- 0.7 

(Iliaki et al., 

2014) 

Important to 

estimate the 

number of 

potentially 

immune travellers 

who are residents 

of Canada. 

 

VE Vaccine 

effectiveness 

Proportion of 

vaccinated 

Canadian 

- 0.95 

Unform 

(0.9,0.99) 

Important to 

estimate the 

number of 
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travellers who 

truly have 

immunity to YFV 

(Gotuzzo et al., 

2013) 

potentially 

immune travellers 

who are residents 

of Canada. 

 

t Air passenger 

volume  

Number of airline 

passengers 

travelling from 

Brazil to Canada 

per month in 2016 

Jan – 14,228 

Feb – 7840 

March – 8332 

Apr – 8690 

May – 10,371 

June – 13,061 

July – 15,316 

Aug – 14,469 

Sept – 9695 

Mid-Oct – 4541 

(IATA, n.d.) 

Mid-Dec – 6489 

Jan – 14,228 

Feb – 7840 

March – 8332 

(IATA, n.d.) 

Used as the 

population when 

estimating the 

number of 

individuals who 

travel to Canada 

from Brazil with 

the disease. 
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c Symptomatic 

cases  

Total confirmed 

cases of the 

disease per month` 

Jan – 14,237 

Feb – 24,004 

March – 38,439 

Apr – 30,590 

May – 13,877 

June – 5681 

July – 2960 

Aug – 1188 

Sept – 736 

Oct (mid) – 372 

(Health 

Information 

Platform for the 

Americas 

(PLISA), n.d.) 

Dec (mid) – 66  

Jan – 725 

Feb – 371 

March – 97 

(Ministry of 

Health, 2018) 

The size of the 

outbreak, as there 

is more likely to 

be imported cases 

with higher 

symptomatic 

cases due to the 

increased 

likelihood of 

being bitten by a 

mosquito that has 

bitten an 

infectious 

individual. 
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5.10 Figures 

 

Figure 5.1: Number of cases of ZVD by month in 2016 in Brazil (black circle), the predicted 

imported cases of ZVD from Brazil to Canada in 2016 (blue triangle), and the number of 

travellers from Brazil to Canada in the same time period (black dashed). Note that the ZVD 

outbreak occurred from January to mid-October. 



 

 

 198 

 

 



 

 

 199 

Figure 5.2: Series of plots indicating the number of cases of ZVD in Brazil per month for (A) 

the 2016 outbreak (black) compared to the predicted number of imported cases in Canada (blue), 

RCP4.5 scenario for (B) 2011 – 2040 (light blue), (C) 2041 – 2070 (purple), and (D) 2071 – 

2100 (orange), as well as RCP8.5 scenario for (E) 2011 – 2040 (light blue), (F) 2041 – 2070 

(purple), and (G) 2071 – 2100 (orange). The black dashed line indicates the number of air travel 

passengers from Brazil to Canada for the time period. 

 

 

Figure 5.3: Number of cases of YF in Brazil in 2017/18 by month (black circle) and predicted 

imported cases of YF in 2017/18 by month (blue triangle) from Brazil to Canada. For reference, 

the number of air travellers from Brazil to Canada from December to March was 12,978, 14,228, 

7,840 and 8,332. 
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Figure 5.4: Series of plots indicating the number of cases of YF in Brazil per month for (A) the 

2017/18 outbreak (black) compared to the predicted number of imported cases in Canada (blue), 

RCP4.5 scenario for (B) 2011 – 2040 (light blue), (C) 2041 – 2070 (purple), and (D) 2071 – 

2100 (orange), as well as RCP8.5 scenario for (E) 2011 – 2040 (light blue), (F) 2041 – 2070 

(purple), and (G) 2071 – 2100 (orange). For reference, the number of passengers for the short-

term time period were 20,441, 21,271, 12,396, and 14,193; for mid-term time period were 

39,421, 40,862, 23,840, and 27,398; and for the long-term time period were 58,402, 60,454, 

35,283, and 40,603 for the months of December to March.  
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6 CHAPTER SIX 

Conclusions, Limitations and Opportunities for Future Research 

 

The objective of this dissertation was to investigate the potential importation of Zika virus disease 

(ZVD) and yellow fever (YF) into Canada from Brazil under current and future climate. This 

thesis is the first study to combine compartment models with importation models to estimate the 

number of imported cases of MBDs under future climate conditions. While there have been 

investigations into the potential local transmission of exotic mosquito-borne diseases (MBDs), 

there has been limited research regarding the possible importation of MBDs into Canada. This 

dissertation involved developing a series of mathematical models which estimated the potential 

change in the incidence of ZVD and YF in Brazil, as well as the subsequent potential importation 

of these diseases to Canada using Representative Concentration Pathways (RCP) 4.5 and 8.5 (van 

Vuuren et al., 2011) under three time periods: 2011 – 2040, 2041 – 2070, and 2071 – 2100. These 

two diseases were chosen as the diseases of interest for this dissertation because they are similar in 

that their pathogens are both Flaviviruses transmitted by mosquitoes and are endemic in Brazil, 

yet still interesting to compare because a vaccine exists for YF and not for ZVD. These diseases 

were also selected due to their recent outbreaks and public health risk to Canadians returning from 

Brazil, and because there were no studies investigating the importation of these diseases to 

Canada (Chapter 2).  Brazil was chosen as the origin country because of data availability and to 

reduce the research scope to a single country. However, the results could potentially be 

extrapolated to other countries similar to Brazil.  
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The objectives of this dissertation were accomplished by, first, screening and characterizing the 

global literature on vector-borne disease statistical and mathematical models to understand what 

research gaps may exist on this topic and the parameters and outcomes often used in the models 

(Chapter 2). This chapter demonstrated the complexity and variety of statistical and mathematical 

models and highlighted the need for consistency in model reporting. The information gathered 

was used when choosing the MBDs of interest for the subsequent chapters by identifying MBDs 

with a small number of models associated with them. The information was also used when 

developing the mathematical models by identifying the most commonly used parameters and 

outcomes in these models. The results of the scoping review can be used by mathematical and 

statistical modellers intending to develop their own models. Second, the potential change in the 

incidence of YF in Brazil, when compared to the 2017/18 outbreak, was investigated using 

infectious disease models under moderate and severe climate change scenarios for three time 

periods (2011 – 2040, 2041 – 2070, 2071 – 2100) (Chapter 3). Based on the results of the model 

used in the chapter, it was estimated that there would be a general decrease in the incidence of YF 

over time with increasing temperature. Third, the change in the incidence of ZVD in Brazil 

compared to the 2016 outbreak was investigated using infectious disease models under moderate 

and severe climate change scenarios for the three time periods (Chapter 4). Based on the results of 

the model used in chapter 4, it was estimated that there would be a general increase in the 

incidence of ZVD over time with increasing temperature. The findings from Chapters 3 and 4 

differ, likely due to the mosquito vector of YF, Haemagogus species, which has a lower suitable 

temperature threshold than Aedes mosquito species. Finally, the incidence of the two diseases over 

the two climate change scenarios and three time periods was used to estimate the change in the 

number of imported diseases from Brazil to Canada due to climate change (Chapter 5). This is the 
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first time importation risk has been estimated in future climate scenarios for MBDs. Based on the 

results of the importation model, importation risk is impacted mostly by the outbreak situation in 

the country of origin, rather than the volume of travellers, and that other factors, such as 

population susceptibility will also impact importation risk.  

 

This closing chapter summarizes the key findings and limitations of the dissertation, as well as 

opportunities for future research. 

  

6.1 Summary of findings 

6.1.1 Importance of climate in mosquito-borne disease modelling 

Climate-related parameters are important to use when modelling MBDs to simulate better the 

transmission between mosquitoes and humans due to the impact of climate on mosquito 

parameters. Climate-related parameters were one of the most commonly used parameters in 

vector-borne disease modelling (Chapter 2) and have been noted to impact model results, 

primarily through mosquito death rate (Chapters 3 and 4). Because mosquitoes are ectotherms, 

temperature impacts on mosquito development, death rate, and EIP should be considered when 

parameterizing models to represent the change in the parameter values due to temperature change 

(Bates, 1947; Tesla et al., 2018). 

 

There are several differences between the mosquitoes, Haemagogus spp. (Chapter 2) 

versus Aedes spp. (Chapter 3). First, Aedes spp. are found more often in urban settings 

than Haemagogus spp., which are primarily located in forests, as they are canopy-dwelling 

mosquitoes (Hendy et al., 2020). Second, Aedes spp. generally occur in lower levels of trees, 



 

 

 205 

versus Haemagogus spp. which occur at higher levels (Hendy et al., 2020), making Aedes spp. 

possible more likely to interact with humans than Haemagogus spp. Last, the impact of 

temperature is different on the two mosquito species, as Aedes spp. can tolerate higher 

temperatures than Haemagogus spp. (Hamrick et al., 2017; Tjaden et al., 2017). 

 

6.1.2 Impact of temperature on disease transmission and spread 

The increase in temperature due to climate change impacted outbreak incidence and duration for 

both YF (Chapter 3) and ZVD (Chapter 4), as well as the number of imported cases into Canada 

from Brazil of these two diseases (Chapter 5). The incidence of ZVD increased (Chapter 4), while 

for YF, it decreased (Chapter 3). In turn, the increase in imported cases over climate change 

scenarios with higher temperature increases was greater for ZVD than YF (Chapter 5). Although 

there have been several modelling studies that noted an increase in MBDs with increasing 

temperature (Gaythorpe et al., 2020; Hamlet et al., 2018; Tesla et al., 2018), there have also been 

studies that noted a reduction in the incidence and duration of disease (Williams et al., 2016), 

where all cited studies used the same mosquito species, Aedes aegypti. The authors indicated that 

the decrease might be due to higher mosquito mortality (Williams et al., 2016). The authors of 

another study noted that, in Africa, with increasing temperature, the African climate may become 

more suitable for Aedes spp. and the transmission of arboviruses, such as dengue, rather 

than Anopheles spp. of mosquitoes, which transmits malaria (Mordecai et al., 2020). Thus, a 

region like Brazil may also experience different changes in disease incidence due to changes in 

the climate’s suitability to different mosquito species.  
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When comparing Haemagogus spp. and Aedes spp., it was noted in a previous study that areas in 

Brazil have declining suitability for Aedes spp. in an RCP8.5 climate scenario, which averages 27 

°C (Tjaden et al., 2017). Interestingly, for the 2071 – 2100 time period for RCP8.5, ZIKV 

incidence reduced slightly, as the temperatures were too high to sustain mosquito populations 

(Chapter 4). Regarding YF, counties in Brazil with cases of YF were more likely than other 

counties to have a mean temperature of 24.1 °C (Hamrick et al., 2017). These temperature 

differences may mean that Haemagogus mosquitoes are more sensitive to higher temperatures 

than Aedes spp. of mosquitoes, resulting in the difference in incidence and importation under 

future climate scenarios. While the general patterns are the same, the development and death rate 

of Haemagogus spp. over temperature are different than Aedes spp. (Marinho et al., 2016; Tesla et 

al., 2018). Research has indicated that, as temperature increased, Haemagogus mosquito 

development rate increased linearly, while the death rate was parabolic and reduced until 25 °C 

before increasing (Bates, 1947).  

 

6.1.3 The complexity of investigating mosquito-borne disease importation 

This dissertation investigated two MBDs whose pathogens are both Flaviviruses, and 

interestingly, the model results were different between the two diseases. While ZVD incidence 

increased with increasing temperature (Chapter 4), YF incidence decreased (Chapter 3). This 

difference is likely, in part, due to differences in the mosquito species that transmit these diseases, 

where Zika virus (ZIKV) is primarily transmitted by Aedes spp. and yellow fever virus (YFV) is 

transmitted mainly by Haemagogus spp. Another reason for the difference in outcomes for the 

two diseases is the availability of a successful, safe, and affordable vaccine for YF, which reduces 

transmission between humans and mosquitoes (Chapter 3). The vaccine also greatly impacts the 
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number of imported cases of YF into Canada compared to ZVD, which does not have an available 

vaccine (Chapter 5). Therefore, it is likely that for novel diseases, with little population immunity, 

climate change will cause an increase in the risk of imported cases, but for established diseases, 

climate change may have little impact. 

 

As noted in this dissertation, an increase in the risk of imported cases of ZVD and YF (Chapter 5) 

are possible under future climate conditions. While the number of imported cases of ZVD 

projected in this thesis over time in this thesis may not be substantial (Chapter 5), this dissertation 

focused on importation from Brazil, which accounted for approximately 1% of imported ZVD 

cases in 2016 (Tataryn et al., 2018). Assuming a similar outbreak occurs to the outbreak in 2016, 

Canada can expect an increase in imported cases of ZVD in the tens of thousands under RCP4.5 

and in the thousands under RCP8.5 over all time periods when account for all potential imported 

cases. This increase could put pressure on the Canadian healthcare system. Although this potential 

burden exists, the majority of projected imported cases would occur in the cooler months in 

Canada, meaning the risk of local transmission is unlikely. However, some imported cases are 

projected to occur between June and August (Chapter 5). These are months in which local 

populations of Aedes mosquitoes have been identified in small parts of Canada (PHO, 2019; 

Windsor-Essex County Health Unit, 2020). The importation of these diseases can be dangerous, 

especially in the future, as there may be mosquitoes that can transmit these diseases present in 

Canada (Ogden et al 2014, Ng et al 2017 and Khan et al 2020). Our findings therefore show an 

increasing risk for imported cases of exotic and novel mosquito-borne diseases where vaccines are 

not currently available, such as ZIKV, to potentially propagate local transmission in Canada with 

climate change. Conversly, for established diseases for which an effective vaccine is available for, 
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such as YF, the risk for importation into Canada is lower. The risk is further reduced due to 

increasing temperatures in endemic countries that may not be climatically suitable for YFV 

vectors with climate change and the absence of these YFV vectors in Canada. 

 

However, the methods used in this dissertation assume that there will be no intervention to reduce 

or eliminate the imported cases and reduce the burden of disease on humans. As we have seen 

during the current coronavirus disease 2019 (COVID-19) pandemic, such interventions can 

include mandatory quarantine after arrival and the closing of borders, which in turn reduces air 

travel (Matrajt and Leung, 2020). Nonetheless, even with these interventions in place, some 

locations may fare better than others due to factors related to arrival (e.g., compliance) and the 

location of interest (e.g., population density and presence of suitable mosquito vectors). Thus, 

there are many factors associated with the country of origin, the travel and borders between 

countries, and the destination country to consider when investigating disease importation and 

transmission prevention. This dissertation provided a foundation to explore the complexity of 

MBD importation. 

 

6.2 Limitations 

6.2.1 Limitations of the data available 

The findings in this dissertation were not without limitations. First, there is limited information 

on Haemagogus spp., the mosquitoes implicated in the 2017/18 YF outbreak in Brazil. The 

methods in this dissertation relied heavily on the relationship between the mosquitos’ temperature-

sensitive parameters and temperature. However, there is a lack of data on how the increasing 

temperature will impact their development, death rate, and EIP, resulting in a limited number of 
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data points to fit the relationships between the parameters and temperature and uncertainty in the 

produced relationships. Despite contacting Brazilian entomologists, the only data found on the 

relationship between Haemagogus spp. and temperature were from the 1940s (Bates and Rosa-

Garcia, 1946; Bates, 1947). The EIP was determined by allowing mosquitoes to bite infectious 

mice and then isolating the virus within the mosquitoes at regular intervals (Bates and Rosa-

Garcia, 1946). The methods used to determine the EIP are similar to a more recent study which 

estimated the impact of temperature on the EIP of ZVD in Ae. aegypti, also using mice (Winokur 

et al., 2020). However, in the earlier study, mosquito development and lifespan were estimated by 

determining the number of days from egg to adult, and the average number of days mosquitoes 

survived, respectively, at four different temperatures from 20 °C to 30 °C in a laboratory (Bates, 

1947). Bates noted that Haemagogus spp. are difficult to keep alive in a laboratory, that their 

experiments were not well controlled, and that their study illustrated the difficulty of 

experimentation on longevity in a laboratory setting (Bates, 1947). Recent studies have been more 

successful with experimentation on longevity in a laboratory setting; however, these studies were 

on Aedes spp., not Haemagogus spp. (Costa et al., 2010; Marinho et al., 2016). Thus, the methods 

used to determine the mosquito development and death rate for this dissertation (Chapters 4 and 5) 

may be outdated and provide an inaccurate representation of the change in Haemagogus spp. 

under future climate conditions. The Brazilian entomologists we contacted to gather more 

information on Haemagogus spp. did not recommend using Aedes spp. data in place 

of Haemagogus spp., because the two species are different; Haemagogus spp. occupy higher 

locations on trees, and generally live in forests and rural locations, compared with Aedes spp., 

which occupy lower locations on trees and live in peri-urban and urban areas. 
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Second, previous studies have noted that precipitation impacts mosquito-borne diseases by 

creating or destroying potential egg-laying locations (Alto and Juliano, 2001; Lega et al., 2017). 

Precipitation in Brazil is expected to decrease under future climate conditions (IPCC, 2014). The 

interaction between precipitation and temperature and the subsequent impact on mosquitoes is 

currently unknown and could have resulted in different model outcomes if the effect was strong 

(Chapters 3 – 5). Although model results could have been different with the inclusion of 

precipitation, the amount of uncertainty is high in climate models regarding precipitation over 

tropical areas, especially for extreme rainfall over continental areas (Kent et al., 2015). Therefore, 

there would have been more uncertainly with model results with the use of precipitation. 

 

6.2.2 Limitations of the methodological approach 

The models developed in this dissertation (Chapters 3 – 5) used simplifying assumptions, and thus 

the model structures were a simplified representation of the actual transmission and importation 

mechanisms. All three models in this dissertation were homogeneous and did not capture Brazil’s 

population or geographic heterogeneity, which can influence parameters in the model. The 

importation model (Chapter 5) also assumed homogeneous mixing between mosquitoes and 

Brazilian residents versus non-Brazilian tourists, which is likely not the case. Disease spread and 

local transmission are most influenced by local factors, such as human population density and the 

region’s gross domestic product (Gardner et al., 2018). Some areas in Canada and Brazil may be 

more at risk of disease, and thus importation, such as the area around Toronto Pearson 

International Airport in Canada, which has the only direct flight into Canada from Brazil and 

locations in Brazil that are closer to forests. The models also did not consider changes that may 

occur over time in Brazil, such as deforestation and other land changes, which could impact 
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mosquito-borne diseases by introducing more cases as contact between human and mosquito 

populations increases. Despite these simplifying assumptions, the models in this dissertation 

provide a framework for more complex models. 

 

6.3 Opportunities for future research  

This dissertation contributed to literature on the impact of climate change on MBD transmission 

and potential spread to Canada. Based on the results of this dissertation, opportunities for future 

research are proposed in the following areas: 

• Additional information on Haemagogus spp. of mosquitoes: There is very little data on 

how Haemagogus spp. development rate, death rate, and EIP change under varying 

temperatures. Also, while the data on EIP uses the same methods as recent studies, the 

methods used to determine the death rate and development rate may be outdated. This lack 

of data presents difficulties when estimating how the temperature-sensitive mosquito 

parameters may change at increasing temperatures. Although Aedes spp. transmit YFV in 

urban environments, it is essential to understand how the sylvatic transmission cycle 

changes under future climate conditions, as that is the cycle that introduces the YFV virus 

to urban locations. 

• Further investigation on the exportation of disease from locations other than Brazil: While 

this dissertation provides a foundation in investigating the importation of ZVD and YF, it 

only investigates the importation of these diseases into Canada from one location: Brazil. 

These diseases are present in other locations, not only in South America but also in Africa. 

Thus, the results presented in this dissertation underestimates the number of imported 

cases that may occur from these diseases. The methods used for Chapter 5 would be the 
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same for extending the geographic range of source counties in the model, and similar data 

would be required, such as human incidence, the number of individuals travelling from the 

location-of-interest to Canada, and climate model output for the location of interest. In 

South America, the primary mosquito vector for YFV is Haemagogus spp., while in 

Africa, the mosquito vector is Ae. aegypti.  

• The application of these methods to other exotic MBDs: This dissertation estimates the 

importation of two different diseases into Canada, YF, which has a suitable vaccine, and 

ZVD, which does not, highlighting the importance of disease context. Other MBDs may 

also have different risks of importation into Canada. The methods used in this dissertation 

could be used to investigate the importation of other diseases of interest, such as 

chikungunya, dengue, and malaria. The model structure could be used for these diseases, 

as they are all mosquito-transmitted (the ZIKV model structure for the exclusion of human 

deaths, Chapter 4; and the YFV model structure for the inclusion of human deaths, Chapter 

3), and similar data would need to be acquired, such as the number of human cases. 

• Expanding the methods of this dissertation to heterogeneous models: The models used in 

this dissertation assumed the populations were homogeneous and did not account for 

differences in transmission between mosquitoes and humans within Brazil (Chapters 3 and 

4), nor differences in transmission between residents of Brazil and Canadian travellers 

(Chapter 5). Further research could be conducted to determine the impact of heterogenous 

mathematical models on model results. Applying the methods used in this dissertation to 

heterogeneous models could be accomplished by changing the model structure to account 

for the differences in the risk of being bitten. This could be achieved by separating the 

population into a high-risk group (travels to or lives near/in a forest) and a low-risk group 
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(travels to or lives in an urban location). While most of the parameters used in this 

dissertation could be used, the proportion of high- versus low-risk individuals would need 

to be attained. 

• Addition of other changes that may occur over time: While temperature change has a great 

impact on MBDs, it is not the only factor that may change over time. It would be 

beneficial to use the general methods of this dissertation to investigate other factors, such 

as precipitation and land use changes, which may change over time and future climate 

conditions. These factors could also impact the incidence and importation of the 

investigated diseases in Brazil and Canada. Regarding precipitation, as with Chapters 3 

and 4, polynomial equations could be created to represent the relationship between 

mosquito parameters and precipitation. Due to the uncertainty associated with precipitation 

climate data, there are fewer data available; however, one study estimated mosquito 

development and death rates under three precipitation conditions: dry, evaporation to 25% 

of the maximum capacity before being refilled, and 90% of maximum capacity before 

being refilled (Alto and Juliano, 2001).  

• Investigation of the possibility of local transmission in Canada: This dissertation has 

provided predictions for the importation of ZVD and YF into Canada from Brazil. The 

subsequent step for similar research would be to use these values in conjunction with maps 

that outline the possible presence of Aedes mosquitoes under current and future climate 

conditions to determine if local transmission of ZIKV and YFV are possible in Canada.  
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6.4 Concluding remarks 

This dissertation investigated the possible importation of ZVD and YF into Canada from Brazil 

under current and future climate scenarios. The outcomes and methods of this dissertation can be 

used to determine which diseases may pose a higher risk for importation into Canada, thus 

allowing advanced preparation for the impacts of climate change and improving disease 

prevention and control strategies for the Canadian populace. The impact of climate change on 

MBDs is complex, and this dissertation provides one piece towards the understanding of the risk 

of disease importation under current and future climate. 
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APPENDICES 

1 Appendix I: Supplementary materials for Chapter 2 

1.1 Scoping review protocol 

1.1.1 Title 

A scoping review of importation and predictive models for vector-borne diseases, pathogens 

and/or vectors that exist globally  

 

1.1.2 Authors 

Tara Sadeghieh1, 2, Victoria Ng2, Lisa A. Waddell2, Jan Sargeant1, 3 

1. Department of Population Medicine, Ontario Veterinary College, University of Guelph, Guelph, Ontario, 

N1G 2W1, Canada 

2. Division of Public Health Risk Sciences, Laboratory for Foodborne Zoonoses, Public Health Agency of 

Canada, 160 Research Lane, Suite 206, Guelph, Ontario, N1G 5B2, Canada. 

3. Centre for Public Health and Zoonoses, Ontario Veterinary College, University of Guelph, Guelph, Ontario, 

N1G 2W1, Canada 

 

1.1.3 Important Dates 

Protocol initiation – Dec 7, 2016 

Initial search – Dec 20, 2016 

 

1.1.4 Background Information 

Vector-borne diseases are diseases which are spread by vectors – arthropods which transmit 

pathogens between humans, reservoirs and fomites. With globalization and climate change, 

vector-borne diseases are expected to move outside their usual range. There are several ways that 
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this expansion can occur, including through human travel and transport, animal migration, habitat 

change, as well as vector range enlargement. Although vector-borne pathogens can enter a non-

endemic region, other factors are required for the pathogen to become established in that region, 

including the existence of local reservoirs, suitable hosts, and endemic vectors which can then 

transmit the pathogen locally. Climate change is a driving factor in vector and reservoir range 

expansion. As average temperatures become increasingly warmer and precipitation increases, 

vectors and reservoirs are expected to move into areas they previously could not, due to 

unfavourable climate and become established. 

 

Mathematical and statistical models can be used to predict the spread of vector-borne diseases, 

pathogens, and vectors. These models can be useful in informing decisions in public health and 

medicine, for advocacy and programs surrounding these diseases, and they allow for advance 

preparation of possible outbreaks. We are interested in predictive models which focus on the 

distribution or spread of a disease or a component of its transmission cycle and are used to 

forecast the temporal and/or geographic spread, and distribution of a disease, pathogen, reservoir 

or vector, as well as importation models, which are used to predict the introduction and/or 

establishment and/or movement of a disease/pathogen via a reservoir and/or vector from an 

endemic region into a non-endemic region. Predictive and importation models exist globally, but 

it can be difficult to acquire literature involving these models because the terminology used when 

describing these models is inconsistent. 

 

We are conducting a scoping review to identify and compile predictive and importation models 

that exist globally, as well as to characterize these models. This review can then be used to inform 
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researchers looking to create models by providing a compilation of model characteristics, such as 

the variables used in the models. This scoping review will also compile a list of documents which 

look at models that use Canada and/or the Northern United States as location(s). Models which 

specifically investigate the impact of climate change on vector-borne diseases, pathogens, and 

vectors will also be compiled, as climate change is one of the driving factors of vector-borne 

disease importation and spread. This scoping review will also reveal any gaps that may exist in the 

literature involving vector-borne predictive and importation models. 

 

Sources: 

Ogden, N.H., Milka, R., Caminade, C., and Gachon, P. 2014. Recent and projected future climatic 

suitability of North America for the Asian tiger mosquito Aedes albopictus. Parasites and Vectors 

7(532). 

Vector-borne diseases. Accessed Dec 16, 2016: 

http://www.who.int/mediacentre/factsheets/fs387/en/ 

Wudel, B., and Shadabi, E. 2016. A short review of literature on the effects of climate change on 

mosquito-borne illnesses in Canada. National Collaborating Centre for Infectious Diseases.  

 

1.1.5 Definitions 

§ Carrying capacity: the maximum population size that a region can sustain without 

environmental degradation 

§ Climate change: Long term changes (lasting more than three decades) in normal climate 

patterns (including, but not limited to, temperature, precipitation, extreme weather 

patterns, and sea level changes) 
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o Projected climate: the estimation of future climate based on the current climate 

trends 

o Climate anomalies: the difference of a future climate compared to the present 

climate 

o Global warming: a gradual increase in the overall temperature of the earth's 

atmosphere, usually due to the greenhouse effect caused by increased levels of 

carbon dioxide, and other pollutants. 

§ Climate model: A set of mathematical equations which simulate a climate system 

§ Distribution: describes the areas where the species may exist (normally a map is produced 

using the model) 

§ Fomite: a non-living object/substance that can harbour and spread pathogens 

§ Incidence rate: number of new cases in humans, reservoirs or vectors over population 

time at risk during a defined time period 

§ Incubation period: time between exposure to pathogen and symptom onset 

§ Importation model: Mathematical and/or statistical models used to predict the 

introduction and/or establishment and/or movement of a disease, pathogen, vector and/or 

reservoir via a reservoir, vector, human, fomite and/or non-reservoir animal from an 

endemic region into a non-endemic region 

§ Mathematical model: a single or set of equations which simulate or explain a system, 

and/or forecast future behaviour of that system 

o Agent based model (also referred to as microsimulation): simulate the actions and 

interactions of autonomous agents with their neighbours and their environment 

based on sets of rules. There may be more than one type of agent. (note: similar to 



 

 

 222 

Stock and flow, agent based can use the state transmission approach). This kind of 

model may or may not be spatially distributed. Cellular automata show similarities 

with agent based model but exist within a discrete space (a grid for example) 

o Discrete event model: This is a simulation system where the state variable 

changes according to specific events instead of over regular time steps or 

continuous time flow (i.e., there is no fixed time-step at which point the state of 

variables are updated). (Note: they are usually used when the element of interest is 

related to specific event and as such are more often used by engineer to simulate 

industrial assembly for example).  

o Ecological niche model: predicting the distribution of a species in a specified 

region  

o Mixed model: a mix of the previous, combined together to simulate a system. The 

model may sometimes be referred to as a hybrid model. If choosing this option, 

there is no need to check off the models that are part of the hybrid 

o Network model: A network database consists of a collection of records connected 

to one another through links. Note: I am pretty confident that if a network model is 

used, the word “network” will be explicit in the abstract, or even in the title. 

o Stock and flow:  the dynamic behaviour of the model is driven by flows that 

accumulate in stocks. (e.g., SI, SIR, SEIR, which are example of state transition 

models). System dynamics model are usually simulated using a constant time step 

(dt) and seldom are spatially distributed. 

§ Northern USA: North of the line roughly drawn by the northern borders of Arizona, New 

Mexico, Oklahoma, Arkansas, Tennessee, and North Carolina 
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§ Period Prevalence: proportion of individuals with the disease over a defined time period 

§ Predictive model: Mathematical and/or statistical models used to forecast the temporal 

and/or geographic spread, and distribution of a disease, pathogen, reservoir or vector. 

§ Prevalence: proportion of individuals with a disease at a certain time period  

§ Representative Concentration Pathways Scenario (RCP): Possible climate futures 

described via greenhouse gas concentration trajectories. Currently four are used, with 

RCP2.6 being the least projected rise in greenhouse gas concentrations, and RCP8.5 being 

the most (RCP2.6, RCP4.5, RCP6, RCP8.5). 

§ Reproductive number (including basic, effective and type reproduction numbers): 

number of cases one case generates on average over the course of its infectious period. 

§ Reservoir: An organism which harbours a pathogen that can multiply without 

injury/damage to the organism 

§ Sensitivity or robustness analysis: different ways by which “the study of how uncertainty 

in the output of a model can be attributed to different sources of uncertainty in the model 

input”.  (Saltelli et al 2008); the degree to which the model output changes when changing 

the input variables (within values dictated by literature and common sense) 

§ Socioeconomic information: information relating to an individual’s level of income, 

education, and social status 

§ Spatial model: the model is not a “dynamic” model over time and incorporates 

geographical information (e.g., distribution) 

§ Statistical methods: methods of modeling which involve the compilation, analysis and/or 

interpretation of datasets (e.g., regressions) 
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§ Temporal-spatially distributed model: A system for which the simulated dependent 

variable is a function of time and space.  

§ Temporal model: the dependent variable is only a function of time and initial value of 

state variables. 

§ Validation: determining the degree to which a model is an accurate representation of the 

real world system the model is simulating 

o Empirical validation: the output of the model is assessed against empirical data. 

o Logical validation: the authors verify that the model behaviour is coherent with 

the assumptions made or the knowledge of the system (sometimes included in the 

“verification” step) 

§ Vector-borne disease: Infectious disease, affecting humans, transmitted by an arthropod 

species, including mosquitoes, ticks, flies, and fleas. 

§ Vector-borne pathogen: A microorganism which can cause disease in humans and is 

transmitted by vectors  

§ Vector: An arthropod species which aids in the spreading of disease by transmitting 

pathogens between humans and reservoirs 

§ Vector density: number of mosquitoes per human 

§ Verification: determining whether or not the model output accurately represents the 

logical framework conceived by the modeller.  
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1.1.6 Objectives of the Scoping Review 

1.1.6.1 Study Questions 

1. What mathematical and/or statistical models exist globally that predict the importation 

of vector-borne diseases, pathogens, reservoirs and/or vectors from a non-endemic 

region to an endemic region (including within and between country/territory 

importations)? 

2. What mathematical and/or statistical models exist globally that forecast on the spread, 

transmission, and distribution of vector-borne diseases, pathogens, reservoirs and/or 

vectors? 

 

1.1.6.2 Study Sub-Questions 

1. What are the characteristics of the modelling methods used, including, class of model, 

explanatory variables used, outcome measures, timeframe, and country/region of interest? 

2. What predictive and/or importation models exist that investigate Canada and/or the 

northern United States as a location?  

3. What predictive models exist that investigate the impact of current and projected climate 

change on vector-borne diseases, pathogens, vectors and reservoirs in Canada and/or the 

northern United States as a location? 

 

1.1.6.3 Planned Study Outputs 

1. Description and characteristics of the literature related to predictive and importation 

models of vector-borne diseases, pathogens, vectors and reservoirs that exist globally. 
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1.1.7 Methods 

1.1.7.1 Review Team Expertise and Responsibilities 

The review team has expertise in zoonotic diseases, vector-borne diseases, disease modeling, 

synthesis research, and library science. 

 

1.1.7.2 Search Strategy 

1.1.7.2.1 Algorithms 

((import or imported or importation or importations or introduction or transmission OR spatial OR 

spread OR expansion OR expand OR spatiotemporal) AND (model or modeling or modelling or 

forecast or predict or prediction OR projection or "risk analysis" or "risk assessment" OR 

"pathway analysis" OR traveller or travellers or traveler or travelers) AND ("vector borne" or 

vectorborne or vector or vectors or reservoir OR mosquito OR flea OR fly OR tick OR zoonotic 

OR zoonoses OR zoonosis OR viremic or viraemic or viremia or viraemia or bacteremic or 

bacteraemic or bacteremia or bacteraemia)) NOT (protein OR transfusion) 

 

The search will be executed with date limits of January 1, 1999 to December 20, 2016 (initial 

search date). 

 

1.1.7.2.2 Databases 

1. MEDLINE (via PubMed) 

2. Scopus 

3. Web of Science 

4. Global Health (via Ovid) 
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5. GreenFILE (via EBSCOhost) 

 

1.1.7.2.3 Search Verification 

Search verification will include searching the reference lists of an initial ten randomly selected 

relevant papers.  If we are no longer identifying potentially relevant papers that were not captured 

by our search, then reference list screening will be complete.  Otherwise, the process will continue 

with additional relevant papers until we no longer identify relevant papers omitted by the search 

strategy.   

 

Relevant conference abstracts or short papers will be identified and linked to publications or 

reports by searching through the Distiller database of eligible publications for those from the same 

authors with a similar title. We will verify whether or not the content of the abstract is presented 

in the paper before quarantining the abstract as a duplicate citation of the paper.  If no publication 

is identified, we will contact the corresponding author via an email that indicates we are 

conducting a scoping study, that their research is relevant and of interest to us, and to see if a 

publication is available. A second email will be sent if no response is received after two weeks. 

After an additional two weeks the abstract will be considered the only available documentation of 

the research. If no correspondence information is given, an attempt will be made to find publicly 

available contact information and an email will be sent to one of the authors as described above. If 

no email is found, no response is given, or no publication is available, we will exclude the abstract 

or short paper if there is insufficient information for characterization of the research. 

 



 

 

 228 

1.1.8 Review Management 

The search results will be compiled and deduplicated in EndNote. The results will then be 

exported to DistillerSR for further deduplication and for management of the scoping review, 

including relevance screening and data characterization stages. 

 

1.1.9 Data Analysis 

Descriptive statistics and summarization will be conducted in Microsoft Excel and Stata statistical 

software. 

 

1.1.10 Relevance Screening  

Relevance screening will include the evaluation of title and abstracts to identify citations that may 

be relevant to the review question.  Each citation will be evaluated by two reviewers working 

independently using the form in Appendix A. Conflicts will be resolved by consensus of the 

reviewing pair or if necessary by consulting with a third reviewer. 

 

1.1.10.1 Inclusion/Exclusion Criteria 

§ Time Frame: ≥1999  (West Nile cases first recorded in NY in 1999, in Canada in 2001 - 

http://www.phac-aspc.gc.ca/publicat/ccdr-rmtc/14vol40/dr-rm40-10/dr-rm40-10-comm-

eng.php) 

§ Language: English, French 

§ Country: All 

§ Document Type:  journal articles, theses, grey-literature; excluding reviews, editorials and 

commentaries  
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1.1.11 Data characterization 

The goal of data characterization is to confirm that each full paper is relevant and then 

characterize pertinent information required to appropriately describe each predictive or 

importation model using the data characterization and utility form in Appendix B.  Each full paper 

will be evaluated by two reviewers working independently.  Conflicts will be resolved by 

consensus of the reviewing pair or if necessary by consulting with a third reviewer.  
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1.1.12 Relevance Screening Form 

Question Options Definitions/additional notes 

1. Does the abstract 

describe an 

importation and/or 

predictive model on 

the distribution or 

spread of a disease or 

component of its 

transmission cycle? 

□ Yes 

□ No (exclude) 

□ Not clear 

Predictive model on the distribution or 

spread of a disease or component of its 

transmission cycle: Mathematical and/or 

statistical models used to forecast the 

temporal and/or geographic spread, and 

distribution of a disease, pathogen, 

reservoir or vector. 

 

Importation model: Mathematical 

and/or statistical models used to predict 

the introduction and/or establishment 

and/or movement of a disease/pathogen 

via a reservoir and/or vector from an 

endemic region into a non-endemic 

region 

2. Is the model 

forecasting or 

predicting the 

importation, spread, 

distribution, or 

transmission of a 

vector-borne disease, 

pathogen, vector, or 

□ Yes 

□ No (exclude) 

Vector-borne disease: Infectious disease, 

affecting humans, transmitted by an 

arthropod species, including mosquitoes, 

ticks, flies, and fleas. 

 

Vector-borne pathogen: A 

microorganism which can cause disease 

in humans and is transmitted by vectors 
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reservoir associated 

with a vector-borne 

disease that affects 

humans? 

 

Vector: An arthropod species which aids 

in the spreading of disease by transmitting 

pathogens between humans and reservoirs 

 

Reservoir: An organism which harbours 

a pathogen that can multiply without 

injury/damage to the organism 

 

3. The model is 

described in what type 

of document? 

□ Journal article 

□ Thesis/dissertation 

□ Conference proceeding paper or 

abstract  

□ Report from government or 

another source  

□ Other grey literature 

□ Not clear  

□ None of the above (exclude) 

Journal article: 

research/investigation/study carried out 

by the researcher (incl. surveys, 

interviews, outbreak reports, 

observations, etc.) and published in a 

journal. Only include reviews if the 

abstract describes model development 

and/or use, and the author(s) of the review 

were the one(s) who developed the model 

or used the model in a way unique to its 

original developer(s). Otherwise, it is 

considered “none of the above”.  

 

Thesis/dissertation: A long paper/essay 

involving personal research (usually 

written for a university degree) 

 

Grey Literature: Research that is 

unpublished or published in a non-

commercial form, including, but not 
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limited to conference proceeding 

abstracts (short synopsis of a research 

project presented at a conference) and  

reports from governments or other 

sources. The grey literature must describe 

model development and/or use, and the 

author(s) of the grey literature must be the 

one(s) who developed the model or used 

the model in a way unique to its original 

developer(s). Otherwise, it is considered 

“none of the above”. 
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1.1.13 Data Characterization and Utility (DCU) Tool 

Question Options Definitions/additional notes 

1. Is the article 

published in English 

or French? 

□ English 

□ French 

□ Other, please specify: ____ 

(exclude) 

 

2. Does this article 

focus on vector-

borne diseases, 

pathogens, 

reservoirs, and/or 

vectors associated 

with a vector-borne 

disease that affects 

humans? 

□ Yes 

□ No (exclude) 

Vector-borne disease: Infectious disease, 

affecting humans, transmitted by an arthropod 

species, including mosquitoes, ticks, flies, and 

fleas. 

 

Vector-borne pathogen: A microorganism 

which can cause disease in humans and is 

transmitted by vectors 

 

Vector: An arthropod species which aids in the 

spreading of disease by transmitting pathogens 

between humans and reservoirs 

 

Reservoir: An organism which harbours a 

pathogen that can multiply without 

injury/damage to the organism 

 

3. What type of model 

is described in the 

publication? 

□ Importation 

□ Predictive 

Predictive model on the distribution or spread 

of a disease or component of its transmission 

cycle: Mathematical and/or statistical models 
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□ Both importation and 

predictive 

□ Other (exclude) 

used to forecast the temporal and/or geographic 

spread, and distribution of a disease, pathogen, 

reservoir or vector. 

 

Importation model: Mathematical and/or 

statistical models used to predict the introduction 

and/or establishment and/or movement of a 

disease, pathogen, vector and/or reservoir via a 

reservoir, vector, human, fomite and/or non-

reservoir animal from an endemic region into a 

non-endemic region 

4. The model is 

described in what 

type of document? 

□ Journal article 

□ Thesis/dissertation 

□ Conference proceeding 

paper or abstract  

□ Report from government or 

another source  

□ Other grey literature 

□ Not clear  

□ None of the above (exclude) 

Journal article: research/investigation/study 

carried out by the researcher (incl. surveys, 

interviews, outbreak reports, observations, etc.) 

and published in a journal. Only include reviews 

if the abstract describes model development 

and/or use, and the author(s) of the review were 

the one(s) who developed the model or used the 

model in a way unique to its original 

developer(s). Otherwise, it is considered “none 

of the above”. Does not include editorials or 

commentaries.  

 

Thesis/dissertation: A long paper/essay 

involving personal research (usually written for a 

university degree) 
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Grey Literature: Research that is unpublished 

or published in a non-commercial form, 

including, but not limited to conference 

proceeding abstracts (short synopsis of a 

research project presented at a conference) and  

reports from governments or other sources. The 

grey literature must describe model development 

and/or use, and the author(s) of the grey 

literature must be the one(s) who developed the 

model or used the model in a way unique to its 

original developer(s). Otherwise, it is considered 

“none of the above”. 

If an exclusion criteria was chosen above, please submit 

5. What vector borne 

disease/pathogen 

has the model been 

developed for? 

 

(Check all that 

apply) 

□ Chikungunya 

□ Dengue fever 

□ Rift Valley fever 

□ Yellow fever 

□ Zika 

□ Malaria 

□ Japanese encephalitis  

□ West Nile fever 

□ Leishmaniasis 

□ Crimean-Congo 

haemorrhagic fever 

□ Lyme disease 
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□ Chagas disease/American 

trypanosomiasis 

□ Sleeping sickness/African 

trypanosomiasis 

□ Plague 

□ Schistosomiasis 

□ Other, please specify: ____ 

□ Not specified 

□ Not applicable (e.g., the 

model was on the vector) 

6. Did the model 

investigate the 

impacts of climate 

change? 

□ Yes  

□ No 

Climate change: Long term changes (lasting 

more than three decades) in normal climate 

patterns (including, but not limited to, 

temperature, precipitation, extreme weather 

patterns, and sea level changes) 

 

Projected climate: the estimation of future 

climate based on the current climate trends 

 

Climate anomalies: the difference of a future 

climate compared to the present climate 

 

Global warming: a gradual increase in the 

overall temperature of the earth's atmosphere, 

usually due to the greenhouse effect caused by 
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increased levels of carbon dioxide, and other 

pollutants. 

 

7. Which regions 

were modelled? 

 

(check all that 

apply) 

□ North America 

□ Canada 

□ Northern USA 

□ Southern USA 

□ Mexico  

□ Central America/South 

America/Caribbean 

□ Africa (includes India Ocean 

Islands)  

□ Europe (except Russia) 

□ Russia 

□ Asia (includes Middle East, 

Turkey, Japan)   

□ Australasia and New 

Zealand 

□ Oceania (includes Fiji, 

Micronesia, Polynesia and 

other Pacific island 

countries) 

□ Global  

In the case of international importation and/or 

spread please check off the region of origin and 

importation 

 

Check off global if the predictions were made 

for all regions/world wide 

 

Northern USA: North of the line roughly drawn 

by the northern borders of Arizona, New 

Mexico, Oklahoma, Arkansas, Tennessee, and 

North Carolina 

 

Russia is indicated individually because of the 

difficulty to relate conditions to only one 

continent (part of Russia might be more closely 

related to Europe while other more to Asia) 
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□ Not reported/specified  

8. What was the scale 

of the model? 

□ Global 

□ Multi-country 

□ Country 

□ Regional 

□ Local 

□ Unspecified  

Regional: includes areas below country-level 

scale, but above local-level, and includes, but is 

not limited to provinces, states, and counties. 

 

Local: at or below the scale of a town, city, 

village, etc. 

9. Please record the 

current and 

projected years that 

the model is based 

on. 

 

 

□ Discrete, please specify: 

_____ 

□ Interval, please specify: 

____ 

□ Not applicable (i.e.: there are 

no future predictions, the 

model is based on current 

data.) 

Please use discrete when there are single (e.g., 

2050) or multiple years (eg. 2040 and 2080) and 

use interval when the projection is for a span of 

years (e.g., 2040 to 2080). 

 

Include present years if provided 

 

Indicate NR in the discrete option if the model 

projected future outcomes, but no year was 

provided. 

10. If the model 

involved 

importation, what 

was the 

importation 

pathway? 

 

□ Vector 

□ Human 

□ Reservoir 

□ Animal (not reservoir) 

□ Fomite 

□ Other, please specify: 

________ 

Vector: An arthropod species which aids in the 

spreading of disease by transmitting pathogens 

from host to host 

 

Reservoir: An organism which harbours a 

pathogen that can multiply without 

injury/damage to the organism 
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(check all that 

apply) 

□ N/A not an importation 

model 

Fomite: a non-living object/substance that can 

harbour and spread pathogens 

11. Which of the 

following were 

included in the 

model output? 

Please specify the 

outcome that was 

modelled. 

 

(Check all that 

apply) 

□ Vector, please specify: 

_______ 

□ Number of vectors 

□ Incidence rate, incidence 

density  

□ Incidence risk, incidence 

proportion, cumulative 

incidence  

□ Prevalence or period 

prevalence  

□ Probability of presence 

in a region 

□ Reproduction number 

(R0,Reff,RT) 

□ Distribution  

□ Other, please specify: 

________ 

□ Human, please specify if the 

model is about a particular 

subset of the population (e.g. 

military, healthcare workers, 

In the accompanying text boxes please include 

the variable name as specified by the author, or 

other important information such as the specific 

species. 

 

Vector: An arthropod species which aids in the 

spreading of disease by transmitting pathogens 

from host to host 

 

Vector-borne pathogen: A microorganism 

which can cause disease in humans and is 

transmitted by vectors  

 

Reservoir: An organism which harbours a 

pathogen that can multiply without 

injury/damage to the organism 

 

Fomite: a non-living object/substance that can 

harbour and spread pathogens 

 

Incidence rate: number of new cases in humans, 

reservoirs or vectors over population time at risk 

during a defined time period 
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pregnant women, and 

immunocompromised 

individuals) _______ 

□ Number of humans 

□ Incidence rate, incidence 

density  

□ Incidence risk, incidence 

proportion, cumulative 

incidence  

□ Prevalence or period 

prevalence  

□ Probability of presence 

in a region 

□ Reproduction number 

(R0,Reff,RT) 

□ Distribution  

□ Other, please specify: 

________ 

□ Reservoir, please specify: 

______ 

□ Number of reservoirs 

□ Incidence rate, incidence 

density  

Prevalence: proportion of individuals with a 

disease at a certain time period  

 

Period Prevalence: proportion of individuals 

with the disease over a defined time period 

 

Reproductive number (including basic, 

effective and type reproduction numbers): 

number of cases one case generates on average 

over the course of its infectious period. 

 

Distribution: describes the areas where the 

species may exist (normally a map is produced 

using the model) 
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□ Incidence risk, incidence 

proportion, cumulative 

incidence  

□ Prevalence or period 

prevalence  

□ Probability of presence 

in a region 

□ Reproduction number 

(R0,Reff,RT) 

□ Distribution  

□ Other, please specify: 

________ 

□ Fomite, please specify: 

_______ 

□ Number of fomites 

□ Probability of presence 

in a region 

□ Reproduction number 

(R0,Reff,RT) 

□ Distribution  

□ Other, please specify: 

________ 
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□ Other, please specify: 

_________ 

□ Incidence rate, incidence 

density  

□ Incidence risk, incidence 

proportion, cumulative 

incidence  

□ Prevalence or period 

prevalence  

□ Probability of presence 

in a region 

□ Reproduction number 

(R0,Reff,RT) 

□ Distribution  

□ Other, please specify: 

________ 

12. What parameters 

required external 

data to be used in 

the model? 

 

(Check all that 

apply) 

□ Climate 

□ Temperature 

□ Precipitation 

□ Humidity 

□ Seasonality 

□ Cloud cover 

□ Wind speed 

In the accompanying text boxes please include 

the variable name as specified by the author, or 

other important information such as annual vs. 

seasonal temperature and/or the specific species. 

Include information on whether or not all the 

variables were reported, if possible (e.g., the 

author stated they used eight variables, but only 

reported three). 
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□ Solar radiation 

□ Growing degree days 

□ Snow cover 

□ Isothermality 

□ Photoperiod 

□ Pressure 

□ Not specified 

□ (dynamic list) 

□ Vector (invading or 

endemic), specify species: 

_______ 

□ Distribution 

□ Related to 

movement/spread 

□ Population size 

□ Density of vector per 

human 

□ Bite rate 

□ Mortality/longevity 

□ Related to life stages 

(e.g., number of larvae) 

□ Carrying capacity 

 

Do not include baseline parameters (e.g., using 

vector distribution during the present as the 

baseline, which then becomes the outcome for 

the prediction). 

 

Vector density: number of mosquitoes per 

human 

 

Socioeconomic information: information 

relating to an individual’s level of income, 

education, and social status 

 

Incubation period: time between exposure to 

pathogen and symptom onset 

 

Carrying capacity: the maximum population 

size that a region can sustain without 

environmental degradation 
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□ Transmission 

probability of pathogen 

per bite (vector to 

human or reservoir) 

□ Extrinsic incubation 

period 

□ Not specified 

□ (dynamic list) 

□ Human, please specify if the 

model is about a particular 

subset of the population (e.g. 

military, healthcare workers, 

pregnant women, and 

immunocompromised 

individuals) _______ 

□ Socioeconomic 

information 

□ Mobility/travel between 

regions 

□ Mobility/travel within 

regions 

□ Birth/death rate 

□ Population size 



 

 

 245 

□ Contact rate 

□ Recovery rate 

□ Distribution 

□ Incubation period 

□ Transmission 

probability of pathogen 

per bite (human to 

vector) 

□ Not specified 

□ Other (dynamic list) 

□ Topography 

□ Land use 

□ Vegetation 

□ Elevation 

□ Slope 

□ Building density 

□ Not specified 

□ Other (dynamic list) 

□ Reservoir, specify species: 

______  

□ Mobility/travel between 

regions 
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□ Mobility/travel within 

regions 

□ Birth/death rate 

□ Population size 

□ Contact rate 

□ Incubation period 

□ Transmission 

probability of pathogen 

per bite (Reservoir to 

vector) 

□ Density 

□ Distribution 

□ Not specified 

□ Other (dynamic list) 

□ Fomite (dynamic list), please 

specify: __________ 

□ Pathogen  (dynamic list), 

specify species: __________ 

□ Not specified 

□ Other, please specify: 

_________ 

□ Not reported 
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13. Were all the 

variables in the 

model reported on 

in the paper? 

□ Yes 

□ No 

 

14. Was a climate 

model 

used/integrated 

with the model? 

□ Yes, please specify which 

climate model and 

Representative 

Concentration Pathway 

Scenario were used: 

________ 

□ No 

Climate model: A set of mathematical equations 

which simulate a climate system 

 

Representative Concentration Pathways 

Scenario (RCP): Possible climate futures 

described via greenhouse gas concentration 

trajectories. Currently four are used, with 

RCP2.6 being the least projected rise in 

greenhouse gas concentrations, and RCP8.5 

being the most (RCP2.6, RCP4.5, RCP6, 

RCP8.5). 

 

Previously, Special Report on Emissions 

Scenarios (SRES) were used: A1(A1FI, A1B, 

A1T), A2, B1, B2 

15. Please indicate 

whether a 

mathematical 

and/or statistical 

model was used 

and specify the 

□ Mathematical models, please 

specify: _________ 

□ Statistical methods, please 

specify: _____ 

□ Other, specify: ________ 

 

In the accompanying text boxes please include 

the name of model as specified by the author 

 

Mathematical model: a single or set of 

equations which simulate or explain a system, 

and/or forecast future behaviour of that system 

 



 

 

 248 

model name 

according to the 

authors. 

 

(Check all that 

apply) 

 

 

 

Statistical methods: methods of modeling 

which involve the compilation, analysis and/or 

interpretation of datasets (e.g., regressions) 

 

Possible mathematical models: 

 

Stock and flow:  the dynamic behaviour of the 

model is driven by flows that accumulate in 

stocks. (e.g., SI, SIR, SEIR, which are example 

of state transition models). System dynamics 

model are usually simulated using a constant 

time step (dt) and seldom are spatially 

distributed. 

 

Agent based model (also referred to as 

microsimulation): simulate the actions and 

interactions of autonomous agents with their 

neighbours and their environment based on sets 

of rules. There may be more than one type of 

agent. (note: similar to Stock and flow, agent 

based can use the state transmission approach). 

This kind of model may or may not be spatially 

distributed. Cellular automata show similarities 

with agent based model but exist within a 

discrete space (a grid for example) 

 

Discrete event model: This is a simulation 

system where the state variable changes 
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according to specific events instead of over 

regular time steps or continuous time flow (i.e. 

there is no fixed time-step at which point the 

state of variables are updated). (Note: they are 

usually used when the element of interest is 

related to specific event and as such are more 

often used by engineer to simulate industrial 

assembly for example).  

 

Network model: A network database consists of 

a collection of records connected to one another 

through links. Note: I am pretty confident that if 

a network model is used, the word “network” 

will be explicit in the abstract, or even in the 

title. 

 

Mixed model: a mix of the previous, combined 

together to simulate a system. The model may 

sometimes be referred to as a hybrid model. If 

choosing this option, there is no need to check 

off the models that are part of the hybrid 

 

Ecological niche model: predicting the 

distribution of a species in a specified region  

16. Please indicate 

whether or not the 

□ Temporal-spatially 

distributed model 

□ Temporal only 

Temporal-spatially distributed model: A 

system for which the simulated dependent 

variable is a function of time and space.  
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model incorporates 

time and space 

 

□ Spatial only 

□ Neither temporal nor spatial  

Temporal model: the dependent variable is only 

a function of time and initial value of state 

variables. 

 

Spatial model: the model is not a “dynamic” 

model over time and incorporates geographical 

information (e.g. distribution) 

 

17. Indicate whether 

the verification, 

calibration, 

validation and 

sensitivity analysis 

results were 

performed?  

 

(check all that 

apply) 

 

□ Verification performed 

□ Validation performed 

□ Empirical validation 

□ Explicit logical 

validation 

□ Sensitivity analysis 

performed 

□ None of the above 

 

Verification: determining whether or not the 

model output accurately represents the logical 

framework conceived by the modeller.  

 

Validation: determining the degree to which a 

model is an accurate representation of the real 

world system the model is simulating 

• Empirical validation: the output of the 

model is assessed against empirical 

data. 

• Logical validation: the authors verify 

that the model behaviour is coherent 

with the assumptions made or the 

knowledge of the system (sometimes 

included in the “verification” step) 

 

Sensitivity or robustness analysis: different 

ways by which “the study of how uncertainty in 

the output of a model can be attributed to 

different sources of uncertainty in the model 
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input”.  (Saltelli et al 2008); the degree to which 

the model output changes when changing the 

input variables (within values dictated by 

literature and common sense) 

 

 

18. Are the results of 

the validation test 

presented? 

 

(if validation was 

checked for Q14) 

□ Yes 

□ Yes, in the supplementary 

material 

□ No 

 

 

19. Are the results of 

the sensitivity 

analysis presented? 

 

(if sensitivity 

analysis was 

checked for Q14) 

□ Yes 

□ Yes, in the supplementary 

material 

□ No 

 

20. What program was 

used to execute the 

model? 

Text If not reported put NR 

21. Other comments Text Add notes on details you think are important to 

the project and not captured in the questions 
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above, including statements on the limitations or 

recommendations on the methods and/or models 

used. 

 

1.1.14 Search Strategy 

((import or imported or importation or importations or introduction or transmission OR spatial OR 

spread OR expansion OR expand OR spatiotemporal) AND (model or modeling or modelling or 

forecast or predict or prediction OR projection or "risk analysis" or "risk assessment" OR 

"pathway analysis" OR traveller or travellers or traveler or travelers) AND ("vector borne" or 

vectorborne or vector or vectors or reservoir OR mosquito OR flea OR fly OR tick OR zoonotic 

OR zoonosis OR zoonoses OR viremic or viraemic or viremia or viraemia or bacteremic or 

bacteraemic or bacteremia or bacteraemia)) NOT (protein OR transfusion) 

Limited 1999 - present 

 

Dec 20, 2016 

PubMed – 7688 (all fields) 

Scopus – 40527 (title, abs, key) – too many hits; limited some search terms to title only 

Web of Science – 23416 (topic) – too many hits; limited some search terms to title only 

Ovid (Global Health) – 5750 (all fields)  

EBSCOHost (GreenFILE) – 873 (all fields) 

 

(TITLE-ABS-KEY(import OR imported OR importation OR importations OR spread OR 

spatiotemporal) OR TITLE(introduction OR transmission OR spatial OR expand OR expansion)) 

AND TITLE-ABS-KEY(model OR modeling OR modelling OR forecast OR predict OR 
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prediction OR projection OR "risk analysis" OR "risk assessment" OR "pathway analysis" OR 

traveller OR traveler OR travellers OR travelers) AND (TITLE-ABS-KEY("vector borne" OR 

vectorborne OR vector OR vectors OR mosquito OR flea OR fly OR tick OR zoonotic OR 

zoonoses OR zoonosis OR viremic OR viraemic OR viremia OR viraemia OR bacteremic OR 

bacteraemic OR bacteremia OR bacteraemia) OR TITLE(reservoir)) AND NOT (protein) AND 

NOT (transfusion) AND PUBYEAR > 1998 

 

Dec 20, 2016 

Web of Science – 6073 (topic, except: title for introduction, transmission, spatial, expand, 

expansion and reservoir) 

 

Dec 22, 2016 

Scopus – 9201 (title, abs, key except: title for introduction, transmission, spatial, expand, 

expansion and reservoir) 

 

Total before deduplication: 29585 

Total after EndNote deduplication: 19864 

Total after Distiller deduplication: 19710 

 

Total after relevance screening: 511 
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1.2 PRISMA-ScR Checklist 
 
Preferred Reporting Items for Systematic reviews and Meta-Analyses extension for 
Scoping Reviews (PRISMA-ScR) Checklist 

 

SECTION 

  

ITEM 

  

PRISMA-ScR CHECKLIST ITEM 

 

 

REPORTED 
 

 

      
 

       
ON PAGE #  

 

           
 

 TITLE          
 

 Title 1   Identify the report as a scoping review. 48  
 

 ABSTRACT          
 

       Provide a structured summary that includes (as 
48-49 

 
 

 

Structured 
    applicable): background, objectives, eligibility criteria,  

 

        
 

 2  sources of evidence, charting methods, results, and    
 

 
summary 

    
 

    conclusions that relate to the review questions and    
 

         
 

       objectives.    
 

 INTRODUCTION          
 

       Describe the rationale for the review in the context of 
49-51 

 
 

 

Rationale 3 

  what is already known. Explain why the review  
 

      
 

   questions/objectives lend themselves to a scoping    
 

          
 

       review approach.    
 

       Provide an explicit statement of the questions and 
51 

 
 

       objectives being addressed with reference to their key  
 

 

Objectives 4 
     

 

   elements (e.g., population or participants, concepts, and    
 

       context) or other relevant key elements used to    
 

       conceptualize the review questions and/or objectives.    
 

 METHODS          
 

       Indicate whether a review protocol exists; state if and 
51 

 
 

 Protocol and 
5 

  where it can be accessed (e.g., a Web address); and if  
 

      
 

 registration   available, provide registration information, including the    
 

        
 

       registration number.    
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       Specify characteristics of the sources of evidence used 

52 

 
 

 Eligibility criteria 6   as eligibility criteria (e.g., years considered, language,  
 

       and publication status), and provide a rationale.    
 

       Describe all information sources in the search (e.g., 
52 

 
 

 Information 
7 

  databases with dates of coverage and contact with  
 

      
 

 sources*   authors to identify additional sources), as well as the    
 

        
 

       date the most recent search was executed.    
 

       Present the full electronic search strategy for at least 1    
 

 Search 8   database, including any limits used, such that it could be 53  
 

       repeated.    
 

 Selection of     

State the process for selecting sources of evidence (i.e., 54 

 
 

 sources of 9    
 

 evidence†     screening and eligibility) included in the scoping review.    
 

          
 

       Describe the methods of charting data from the included 
54-55 

 
 

       sources of evidence (e.g., calibrated forms or forms that  
 

 

Data charting 
       

 

 
10 

  have been tested by the team before their use, and    
 

 process‡   whether data charting was done independently or in    
 

        
 

       duplicate) and any processes for obtaining and    
 

       confirming data from investigators.    
 

 
Data items 11 

  List and define all variables for which data were sought 
55 

 
 

   and any assumptions and simplifications made.  
 

          
 

 
Critical appraisal of 

    If done, provide a rationale for conducting a critical 
N/A 

 

     appraisal of included sources of evidence; describe the 
 

 individual sources 12      
 

   methods used and how this information was used in any    
 

 
of evidence§ 

       
 

     data synthesis (if appropriate).    
 

          
 

 
Synthesis of results 13 

  Describe the methods of handling and summarizing the 
55 

 
 

   data that were charted.  
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SECTION 

  ITE

M 

  

PRISMA-ScR CHECKLIST ITEM 

  REPORTED   
 

        
ON PAGE #   

 

             
 

  RESULTS           
 

  
Selection of 

    Give numbers of sources of evidence screened, 
56 

  
 

      assessed for eligibility, and included in the review, with   
 

  sources of 14       
 

    reasons for exclusions at each stage, ideally using a flow     
 

  
evidence 

        
 

      diagram.     
 

            
 

  Characteristics of     
For each source of evidence, present characteristics for 

    
 

  sources of 15   56-59, A1.3  
 

    
which data were charted and provide the citations. 

 
 

  evidence         
 

            
 

  Critical appraisal     
If done, present data on critical appraisal of included 

N/A 

 
 

  within sources of 16    
 

    
sources of evidence (see item 12). 

 
 

  evidence         
 

            
 

  Results of     For each included source of evidence, present the 

56-59, A1.3 

 
 

  individual sources 17   relevant data that were charted that relate to the review  
 

  of evidence     questions and objectives.     
 

  
Synthesis of results 18 

  Summarize and/or present the charting results as they 
56-59 

  
 

    relate to the review questions and objectives.   
 

            
 

  DISCUSSION           
 

        Summarize the main results (including an overview of 
59-62 

  
 

  Summary of 
19 

  concepts, themes, and types of evidence available), link   
 

        
 

  evidence   to the review questions and objectives, and consider the     
 

          
 

        relevance to key groups.     
 

  Limitations 20   Discuss the limitations of the scoping review process. 63-64   
 

        Provide a general interpretation of the results with 

64 

  
 

  Conclusions 21   respect to the review questions and objectives, as well   
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        as potential implications and/or next steps.     
 

  FUNDING           
 

        Describe sources of funding for the included sources of 
65 

  
 

  

Funding 22 

  evidence, as well as sources of funding for the scoping   
 

        
 

    review. Describe the role of the funders of the scoping     
 

            
 

        review.     
 

 

JBI = Joanna Briggs Institute; PRISMA-ScR = Preferred Reporting Items for Systematic reviews and Meta-Analyses 

extension for Scoping Reviews. 

 

* Where sources of evidence (see second footnote) are compiled from, such as bibliographic databases, social media 

platforms, and Web sites. 

† A more inclusive/heterogeneous term used to account for the different types of evidence or data sources (e.g., 

quantitative and/or qualitative research, expert opinion, and policy documents) that may be eligible in a scoping review 

as opposed to only studies. This is not to be confused with information sources (see first footnote). 

‡ The frameworks by Arksey and O’Malley (6) and Levac and colleagues (7) and the JBI guidance (4, 5) refer to the 

process of data extraction in a scoping review as data charting. 

§ The process of systematically examining research evidence to assess its validity, results, and relevance before using it to 

inform a decision. This term is used for items 12 and 19 instead of "risk of bias" (which is more applicable to systematic 

reviews of interventions) to include and acknowledge the various sources of evidence that may be used in a scoping review 

(e.g., quantitative and/or qualitative research, expert opinion, and policy document). 

From: Tricco AC, Lillie E, Zarin W, O'Brien KK, Colquhoun H, Levac D, et al. PRISMA Extension for Scoping Reviews (PRISMA- 

ScR): Checklist and Explanation. Ann Intern Med. ;169:467–473. doi: 10.7326/M18-0850 
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2 Appendix II: Supplementary material for Chapter 3 

2.1 Additional information on compartment models 

In the simulation, humans move through the compartments from the susceptible compartment 

(compartment S) to exposed compartment (compartment E), to the infectious compartments 

(either symptomatic, compartment I, or asymptomatic, compartment A), and finally to either the 

recovered compartment (compartment R) or the disease-induced death compartment 

(compartment D). The mosquitoes move from the susceptible compartment (compartment X) to 

the exposed compartment (compartment Y), and then to the infectious compartment 

(compartment Z). When infectious mosquitoes bite susceptible humans, successfully infected 

humans move from compartment S to compartment E. When susceptible mosquitoes feed on 

infectious humans (compartments I and A), a proportion of the mosquitoes move from 

compartment X to compartment Y. Individuals remain in the recovered compartment after 

infection as humans have life-long immunity to the disease (Monath, 2001). These dynamics are 

described with the following ordinary differential equations, where the parameters and initial 

conditions are outlined in Tables 1 and 2 respectively: 
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2.2 Climate Models 

Regional 

Climate Model 

Driven conditions from Coupled 

Global Climate Model (CGCM) 
Institution for CGCMs 

RCA4-v3  

from  

the Rossby 

Centre regional 

atmospheric 

model (RCA4; 

Strandberg et al., 

2014) 

CSIRO-QCCCE-CSIRO-Mk3-6-0 

The Commonwealth Scientific and 

Industrial Research Organisation (CSIRO, 

Australia) and Queensland Climate 

Change Centre of Excellence (QCCCE), 

Australia 

 

CCCma-CanESM2 

Canadian Centre for Climate Modelling 

and Analysis (CCCma), Canada 
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IPSL-IPSL-CM5A-MR 
Institut de recherche en sciences de 

l’environnement (IPSL), France 

NCC-NorESM1-M 
Norwegian Climate Centre (NCC), 

Norway 

ICHEC-EC-EARTH 
Irish Centre for High-End Computing 

(ICHEC), Ireland 

MPI-M-MPI-ESM-LR 
Max Planck Institut für Meteorologie 

(MPI), Germany 

NOAA-GFDL-GFDL-ESM2M 

National Oceanic and Atmospheric 

Administration (NOAA), United States of 

America 

MIROC-MIROC5 
Model for Interdisciplinary Research on 

Climate (MIROC), Japan 

MOHC-HadGEM2-ES 
Met Office Hadley Centre (MOHC), 

United Kingdom 

REMO2009  

from the Climate 

Service Center 

Germany 

(GERICS;  

Jacob et al., 2012) 

MPI-M-MPI-ESM-LR 

MPI, Germany 
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Table S2.1: The ten simulations used in this study from Regional Climate Models (RCMs) 

driven by different Coupled Global Climate Models (GCMs). The simulations use the two 

Representative Concentration Pathways (RCP4.5 and RCP8.5). This South American climate 

data was obtained from the CORDEX-SAM44 database (CORDEX-SAM44, n.d.). All RCMs 

use a grid at around 0.44° of horizontal resolution.  
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3 Appendix III: Supplementary material for Chapter 4 

Regional 

Climate Model 
Coupled Global Climate Model Institution 

RCA4-v3 

CSIRO-QCCCE-CSIRO-Mk3-6-0 

The Commonwealth Scientific and 

Industrial Research Organisation (CSIRO, 

Australia) and Queensland Climate 

Change Centre of Excellence (QCCCE), 

Australia 

 

CCCma-CanESM2 

Canadian Centre for Climate Modelling 

and Analysis (CCCma), Canada 

 

IPSL-IPSL-CM5A-MR 
Institut de recherche en sciences de 

l’environnement (IPSL), France 

NCC-NorESM1-M 
Norwegian Climate Centre (NCC), 

Norway 

ICHEC-EC-EARTH 
Irish Centre for High-End Computing 

(ICHEC), Ireland 

MPI-M-MPI-ESM-LR 

Max Planck Institut für Meteorologie 

(MPI), Germany 

NOAA-GFDL-GFDL-ESM2M 

National Oceanic and Atmospheric 

Administration (NOAA), United States of 
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America 

MIROC-MIROC5 
Model for Interdisciplinary Research on 

Climate (MIROC), Japan 

MOHC-HadGEM2-ES 
Met Office Hadley Centre (MOHC), 

United Kingdom 

REMO2009 MPI-M-MPI-ESM-LR MPI, Germany 

Table S3.1: Regional Climate Models (RCMs) in reference to the Coupled Global Climate 

Models (GCMs). The simulations occur under two Representative Concentration Pathways 

(RCP4.5 and RCP8.5).  
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4 Appendix IV: Supplementary material for Chapter 5 

4.1 Sensitivity Analysis 

4.1.1 Methods 

We conducted a sensitivity analysis to determine how sensitive the model outcomes were to 

changes in the length of stay, the proportion of travellers from Brazil to Canada who are tourists 

of Canada, and, for yellow fever, vaccine effectiveness. Equations 1 – 7 were used individually 

for these parameters, for each of the proportions (Table S1). The rest of the parameters remained 

the same. 

 

To explore whether the number of cases in the outbreak or the number of airline travellers impact 

the number of imported cases more, we ran equations 1 – 7 while changing the value 

individually for both diseases. 

 

4.1.2 Results 

Table A4.1: Results of the sensitivity analysis for Zika virus disease (length of stay and 

proportion of travellers who are tourists of Canada) and YF (length of stay, proportion of 

travellers who are tourists of Canada, vaccine effectiveness, and proportion of vaccinated 

visitors) 

Parameter Zika virus (2016) Yellow fever virus (2017/18) 

Length of Stay (days)   

5  2.94 0.0046 

10 3.25 0.0062 
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15 3.55 0.0078 

20 3.86 0.0094 

25 4.16 0.0110 

30 4.47 0.0126 

35 4.77 0.0142 

40 5.08 0.0158 

Proportion of travellers who 

are tourists of Canada 

  

0.3 4.78 0.0089 

0.4 4.88 0.0090 

0.5 4.97 0.0092 

0.6 5.07 0.0094 

0.7 5.17 0.0095 

Vaccine Effectiveness   

0.90 - 0.0101 

0.92 - 0.0098 

0.94 - 0.0096 

0.96 - 0.0093 

0.98 - 0.0090 

Proportion of vaccinated 

visitors 

  

0.5 - 0.0131 
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0.6 - 0.0113 

0.7 - 0.0094 

0.8 - 0.0076 

0.9 - 0.0058 

 

Table A4.2: Results of the sensitivity analysis when comparing the impact of the number of 

cases and number of travellers on the importation of disease for January  

Parameter Zika virus (2016) Yellow fever virus (2017/18) 

Number of cases    

10 0.00055 4.88e-5 

400 0.022 0.0020 

800 0.044 0.0039 

10,000 0.55 0.049 

14,000 0.76 0.068 

18,000 0.98 0.088 

20,000 

Percent change (minimum 

to maximum) 

1.09 

198000% 

0.098 

200700% 

Number of travellers   

10 0.00055 4.25e-6 

400 0.022 0.00017 

800 0.044 0.00034 
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10,000 0.55 0.0042 

14,000 0.77 0.0059 

18,000 0.99 0.0076 

20,000 

Percent change (minimum 

to maximum) 

1.10 

199900% 

0.0085 

199900% 

 

Figure A4.1: Predicted imported cases of Zika virus disease into Canada from Brazil by month 

in 2016 with varying values of length of stay from dark blue (highest number of imported cases) 

to grey (lowest value) 
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Figure A4.2: Predicted imported cases of Zika virus disease into Canada from Brazil by month 

in 2016 with varying values of the proportion of travellers who are tourists of Canada, from dark 

blue (highest number of imported cases) to grey (lowest value) 

 

Figure A4.3: Predicted imported cases of YF into Canada from Brazil by month in 2017/18 with 

varying values of length of stay, from dark blue (highest number of imported cases) to grey 

(lowest value) 
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Figure A4.4: Predicted imported cases of YF into Canada from Brazil by month in 2017/18 with 

varying values of the proportion of travellers who are tourists of Canada, from dark blue (highest 

number of imported cases) to grey (lowest value) 

 

 

Figure A4.5: Predicted imported cases of YF into Canada from Brazil by month in 2017/18 with 

varying values of vaccine effectiveness, from dark blue (highest number of imported cases) to 

grey (lowest value) 
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Figure A4.6: Predicted imported cases of YF into Canada from Brazil by month in 2017/18 with 

varying values of the proportion of vaccinated visitors, from dark blue (highest number of 

imported cases) to grey (lowest value) 

 

 


